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Modern cloud systems must support an increasingly diverse set of workloads, from

latency-sensitive web services and large-scale machine learning training to emerg-

ing prompt-driven applications powered by large language models (LLMs). These

workloads vary widely in structure, goals, and resource demands, yet existing infras-

tructures force users to translate high-level intents (e.g., predictable latency, cost

efficiency, fairness) into low-level mechanisms such as scheduling policies, GPU al-

locations, or caching strategies. This gap results in brittle fixed policies, opaque

trade-offs, and interfaces that remain mechanism-oriented rather than goal-oriented.

This thesis proposes a design philosophy of intent-aware, adaptive cloud sys-

tems: infrastructure that (i) exposes intuitive, high-level interfaces for expressing

goals, (ii) employs intelligence (e.g., learning) to adapt their behavior under diverse

workloads and user preferences, and (iii) supports trade-off navigation through bi-

directional interfaces. By combining expressiveness and adaptivity, such systems

can align resource management decisions more directly with user expectations while

remaining robust to workload variability.

The dissertation demonstrates this philosophy across three systems. 2D is

a learning-based network scheduler that offers robust tail performance in face of

changing cloud workloads (i.e., flow size distributions) by composing simple schedul-

ing primitives (serialization and multiplexing) in a principled way. PCS is a GPU

job scheduler that elevates predictability as a first-class objective, providing reliable

job completion time estimates and a bi-directional interface that lets cloud operators

explore trade-offs between predictability, and traditional scheduling objectives (e.g.,
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fairness). LLMProxy is a proxy for prompt-driven applications that aims to reduce

LLM-inference cost by accepting user-preferences via a service_type abstraction

and mapping them to low-level decisions such as model selection, context shaping,

and caching.

Together, these systems illustrate how intent-aware, adaptive infrastructures

can deliver robust, flexible, and user-aligned performance across domains ranging

from data center networking to GPU cluster scheduling and LLM inference.
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Chapter 1

Introduction

1.1 Motivation

Modern cloud systems must support an increasingly diverse set of workloads, ranging

from latency-sensitive web services and large-scale machine learning training jobs to

emerging prompt-driven applications powered by large language models (LLMs).

These workloads differ widely in their structure, performance goals, and resource

demands: some require predictable latency, others need cost efficiency etc. As a

result, resource management — the process of allocating scarce and typically shared

resources (e.g., GPUs, network bandwidth) — has become a central and increasingly

complex systems challenge.

Users — including application developers, cloud operators, tenants, and end-

users — care about high-level outcomes, which are often competing. An end-user

wants their search results or chat responses to appear instantly. A cloud tenant

running an ML training pipeline wants their job to complete within a predictable

time window. A cloud operator managing shared infrastructure aims to ensure fair-

ness across competing workloads while meeting service-level objectives. While these

goals vary, they all require making efficient use of underlying resources — compute,

memory, network bandwidth, and more — in ways that reflect users’ intent.

Achieving these outcomes, however, requires configuring low-level system

mechanisms such as scheduling algorithms, resource selection policies, and caching
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strategies. For example, to reduce LLM inference cost, a developer might truncate

prompts or choose a cheaper model. A cloud operator might apply fair sharing to

allocate resources, which works well for some workloads but poorly for others [203].

An ML practitioner (i.e., cloud tenant) might over-provision GPUs for their model

training job without knowing if it improves runtime [170, 211]. In each case, users

must translate high-level goals into low-level configurations; a process that is opaque,

requires deep expertise, and often application-specific.

This gap between what users want and how systems operate manifests in

several ways:

• Brittleness of Fixed Policies. Many systems use fixed policies designed to opti-

mize for a specific application workload or performance metric. For instance, when

it comes to resource allocation, a FIFO scheduler [193] reduces tail latency under

light-tailed workloads, where most jobs are of comparable size and extreme out-

liers are rare, but performs poorly under heavy-tailed workloads, where a small

fraction of very large jobs dominate overall demand. Similarly, pre-emptive re-

source scheduling policies promote goals such as fairness and lower average job

completion times, but often come at the cost of reduced predictability in indi-

vidual jobs’ execution times [90]. Recent research formalizes this limitation: no

single non-learning resource allocation strategy is robust across all workloads and

objectives [203]. In practice, this means operators must frequently retune configu-

rations or fall back on ad hoc fixes. As workload diversity and system complexity

grow, this brittle, manual tuning process becomes a bottleneck for scalability and

reliability.

• Competing Objectives and Trade-offs. Resource management often involves

navigating inherent trade-offs between competing goals: ensuring high resource

utilization might hurt average latency [86]; improving predictability in a user’s

job completion time may require conservative scheduling that sacrifices through-

put [117]; using a higher-quality LLM can improve accuracy but at a greater

cost [47]. These trade-offs shift with workload characteristics, user preferences,
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and deployment context. Yet most systems optimize for a single fixed goal (e.g.,

minimizing mean latency), leaving users to grapple with trade-offs they neither

control nor understand.

• Mechanism-Oriented Interfaces. Even when systems expose configuration

options, they often take the form of mechanism-oriented interfaces — knobs like

setting queue priorities [33], or number of GPUs to use for a job [89] — rather than

intent-oriented abstractions. These interfaces assume that users can translate their

high-level goals (e.g., “maximizing quality of an LLM response while minimizing

costs”) into appropriate parameter settings. But in practice, this translation can

be highly workload-specific and typically requires deep systems expertise. As a

result, systems remain difficult to control and adapt poorly to new applications or

changing conditions.

Together, these issues point to a deeper problem: today’s systems expect

users to manage complexity manually, rather than providing tools that adapt intel-

ligently on the user’s behalf. This dissertation explores how to address this problem

by designing systems that are smarter : they understand and learn workload char-

acteristics, and goal-aligned : they allow users to express what they care about, and

make low-level decisions accordingly.

The key insight is that modern systems must be both adaptive and expressive:

they must adapt to workload dynamics, system state, and user preferences, while

also exposing interfaces that allow users to specify high-level goals rather than low-

level mechanisms. This requires rethinking how we design such systems; not as static

policy engines, but as learning and decision-making frameworks that operate across

layers, from infrastructure to application.

1.2 Intent-Aware, Adaptive Systems

These insights highlight a recurring challenge in modern cloud systems: users care

about high-level goals, but systems expose low-level mechanisms. Addressing this
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gap requires a shift in how we design systems. This dissertation is grounded in a set

of cross-cutting principles that guide the design of such systems:

Expose Intent, Not Mechanisms. Rather than relying on users to configure

system internals, systems should expose interfaces that let users express what they

want, such as minimizing cost, or navigating fairness-predictable latency trade-offs.

These high-level goals serve as the basis for aligning system behavior with user

expectations.

Use Learning to Bridge the Gap. Mapping intent to system behavior requires

learning. Fixed policies fail to generalize across diverse workloads and goals. Systems

must observe workload patterns, user preferences, and performance feedback to learn

how to utilize low-level systems techniques that reflect the specified objectives.

Identifying the Right Control Primitives. To support adaptability, systems

must be built around control primitives that are expressive enough to capture differ-

ent optimization goals, yet structured enough to be tuned or learned. These include

scheduling strategies that expose various trade-offs, and runtime controls that adjust

caching or model selection behavior for LLM-inference workloads.

Support Trade-Off Navigation through Bi-Directional Interfaces. Real-

world goals are rarely single-dimensional. Systems must surface and manage trade-

offs; for example, those between cost and accuracy, or predictability and fairness.

This requires bi-directional interfaces that not only accept user goals but also convey

the consequences of different choices, helping users make informed trade-offs.

We now show how these principles are applied across three systems developed in this

dissertation:

• 2D is a learning-based network scheduler that adapts tail latency performance

to changing flow size distributions by composing simple scheduling primitives —
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Principle 2D (Bandwidth Scheduling) PCS (GPU Job Scheduling) LLMProxy (Prompt Serving)

Capturing Intent Optimize for tail
latency implicitly

Cloud operators specify preferences
(e.g., fairness vs. predictability)

Users choose from high-level
service types

Using Learning/Intelligence Learning flow-size
distributions

Simulation-based search strategy
to learn different trade-offs

Low-cost LLMs to make decisions
(e.g., which model to use)

Control Primitives Serialization and
Multiplexing Weighted Fair Queues (WFQ) Cache, Context Mngr, Model Selector

Bi-directional Trade-Off
Resolution N/A; Fully automatic Pareto frontier of trade-offs

to choose from
Returned Metadata (e.g., amount of
context used) to explain behavior

Table 1.1: Application of design principles across systems developed in this disser-
tation.

serialization and multiplexing — based on learned workload characteristics. This

work appeared at ACM CoNext’18

• PCS is the first GPU job scheduler that provides job completion time predictions

to users. It exposes a bi-directional (Pareto frontier) interface to cloud opera-

tors, helping them navigate trade-offs between reliable predictions and traditional

scheduling objectives (e.g., fairness). It achieves its goals by bridging preemptive

and non-preemptive scheduling techniques by learning how to configure Weighted

Fair Queues (WFQs) based on workload dynamics and cloud operators’ prefer-

ences. This work appeared at USENIX OSDI’24

• LLMProxy is a prompt-serving infrastructure that reduces LLM inference cost

through intelligent model selection, context shaping, and caching. It captures

users’ cost-saving intent via a lightweight service_type abstraction that steers

low-level decisions such as model choice and context length. This enables users to

realize different cost-quality trade-offs.

Table 1.1 summarizes how these principles are applied to these three systems.

We now provide additional details.

1.2.1 2D: A Learning-Based Network Scheduler for Robust Tail

Performance

Modern cloud applications are highly sensitive to network performance, especially

tail latency. Prior proposals (e.g., pFabric [29], PDQ [104], Orchestra [53]) have

argued to go beyond TCP and shown improved response times by reordering network
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flows based on static scheduling policies like Shortest-Job-First (SJF) or FIFO. While

effective in narrow regimes, these policies lack robustness: each performs well only

for specific workload characteristics and optimization metrics. For example, FIFO

is optimal for light-tailed workloads but suffers from head-of-line blocking under

heavy-tailed conditions.

2D addresses this challenge by introducing a learning-based, workload-adaptive

scheduler that delivers robust performance across diverse workloads and objectives.

The key idea is to separate scheduling decisions across timescales: long-term adapta-

tion to workload distribution and short-term enforcement of efficient flow ordering.

To do so, 2D combines two classic scheduling primitives — serialization (e.g., FIFO

within flow classes) and multiplexing (Fair-Sharing across classes) — in a compos-

able, data-driven way.

At a high level, 2D learns the workload’s flow size distribution and partitions

flows into size-based classes. It then allocates bandwidth across classes (multiplex-

ing) in a way that avoids HOL blocking, while serializing flows within each class

to optimize completion time. These decisions are made at different granularities:

class thresholds and bandwidth allocations are updated at long timescales (seconds

or minutes), while flow ordering within a class is enforced per-arrival.

2D’s mechanism is designed for practical deployment: it requires no switch

changes and supports distributed enforcement. Bandwidth allocation and flow clas-

sification are done at end-hosts, while a lightweight centralized sequencer enforces

per-class FIFO ordering.

We have implemented 2D in C as an application-layer transport protocol, with

a centralized module that continuously learns workload characteristics and updates

scheduling thresholds. In testbed experiments on a 10Gbps Emulab cluster using

realistic cloud application workloads (e.g., data mining, web search), 2D outperforms

both static scheduling baselines (e.g., FIFO, PS) and prior smarter heuristics (e.g.,

Aalo [52], Baraat [66], PIAS [33]). It delivers robust performance across diverse

workloads, achieving up to 10× lower tail (p90) completion times.
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1.2.2 PCS: A Predictability-Centric GPU Scheduler

As AI workloads continue to scale, GPU clusters have become central to machine

learning development. Yet, in shared, multi-tenant clusters, job completion times are

notoriously hard to execute in a predictable manner due to complex scheduling be-

havior; particularly the use of aggressive preemption based policies (e.g., fair-sharing,

shortest-job-first). While preemption helps optimize for performance and fairness,

it undermines predictability by introducing variability that depends on unknown fu-

ture job arrivals. Conversely, non-preemptive policies like FIFO are predictable but

often inefficient and unfair.

PCS addresses this trade-off by designing a scheduling framework that places

predictability as a first-class objective, alongside fairness and performance. The core

insight behind PCS is that bounded preemption, as provided by Weighted Fair Queu-

ing (WFQ), can bridge the gap between rigid non-preemptive policies and highly dy-

namic preemptive schedulers. By tuning WFQs (e.g., number of queues, GPU shares

across queues etc.), PCS can span the space of different scheduling configurations.

Rather than returning a single opaque scheduling configuration, PCS intro-

duces a bi-directional interface that allows cloud operators to specify their high-level

preferences (e.g., average job completion time vs. average prediction error) and

explore different configurations, and hence trade-offs. This enables informed, goal-

aligned decision-making based on the operator’s relative preferences.

Internally, PCS relies on two simulation-aided components: (1) At longer

timescales, it employs a simulation-based search strategy to efficiently explore the

trade-off space induced by different WFQ configurations. This process identifies

Pareto-optimal configurations by efficiently varying the number of queues, job-to-

queue mappings, and queue weights. (2) At runtime, PCS uses a lightweight,

simulation-based predictor to project individual job completion times under the

chosen WFQ configuration and current cluster state (e.g., existing jobs and their

demands). This provides the per-job predictability needed for cluster users.

PCS is implemented in Python as a modular scheduling framework built on
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Ray [144], and evaluated through both small-scale testbed experiments and large-

scale simulations. The evaluation uses realistic ML training workloads derived from

Microsoft’s shared GPU cluster traces [114]. PCS reduces job completion time pre-

diction error by 50–800% compared to performance-optimized schedulers, while re-

maining within 1.1–3.5× of their performance and fairness metrics.

1.2.3 LLMProxy: A Proxy-Based Framework for Cost-Aware

Prompt Serving

As applications increasingly rely on prompt-based interactions with LLMs, the cost

and complexity of serving these prompts have become key challenges. Unlike tradi-

tional web requests, LLM queries involve decisions around model choice, context con-

struction, and caching, each of which directly affects both cost and quality. However,

current infrastructure leaves these decisions to the application, requiring developers

to manage low-level optimizations.

LLMProxy introduces a general-purpose, application-facing proxy for intent-

aware and cost-efficient prompt serving. The core idea is to identify common LLM-

serving decisions: model selection, context shaping, and caching, and compose them

behind a unified, delegation-based interface. Instead of manually configuring opti-

mization knobs, applications simply specify a high-level service_type (e.g., cheap,

balanced, max_quality) to express their preferences. LLMProxy then dynamically

selects the most cost-effective execution plan based on these preferences.

LLMProxy also incorporates a bi-directional interface that supports trans-

parency and iterative control. It returns metadata detailing how each request was

handled, including the selected model, cache hit/miss status, and context length, en-

abling users to understand the trade-offs made. If needed, applications can respond

by adjusting their service_type and regenerating the prompt.

Internally, LLMProxy uses low-cost LLMs to drive decision-making across

three pluggable components. The model adapter invokes an internal model to choose

which LLM to use, including combining multiple LLMs. The context manager uses

a local model to determine which parts of the input are most relevant, enabling
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dynamic context reduction. The semantic cache employs a lightweight model to

decide both when to serve a cached response and how to construct it from stored

content.

LLMProxy has been deployed in two real-world settings. First, it powers

a WhatsApp-based Q&A service targeting users in developing regions, where cost

sensitivity is critical. Over 12+ months, the system has served 14.7K+ queries

from more than 100 users. Second, LLMProxy was integrated into three university

courses, supporting students as they built LLM-powered applications under strict

budget constraints. Post-course surveys indicated that the proxy was intuitive to

use and easy to integrate into student workflows. In addition to these deployments,

microbenchmarks show that LLMProxy’s optimizations (i.e., smart model selection,

context shaping, and caching) can reduce LLM-serving costs by up to 30%.

1.3 Thesis Statement

This dissertation demonstrates that systems which admit high-level user goals and

learn to adapt their behavior offer a more flexible and robust alternative to tradi-

tional, fixed-policy infrastructure.

In particular, this thesis states that:

We can build efficient and adaptive systems by: (1) exposing intuitive, high-

level interfaces for users to express their objectives/intents/trade-offs, and (2) using

intelligence (e.g., learning-based techniques) to adapt system behavior based on work-

load characteristics, user goals, or operational constraints.

By aligning system behavior with user intent through intelligence, we can

design systems that are both responsive to evolving needs and robust under di-

verse workloads. This approach complements domain heuristics with learning and

adaptation, enabling systems to flexibly align with user goals and workload dy-

namics. Rather than relying solely on fixed strategies or rigid abstractions, it uses

learning-based techniques to make more informed decisions, offering flexibility and

responsiveness without sacrificing control. The systems presented in this disser-
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tation demonstrate how this philosophy can be applied across diverse domains —

including network scheduling (2D), GPU job orchestration (PCS), and LLM-based

prompt serving (LLMProxy) — illustrating both the generality and effectiveness of

this approach.

Scope. Our focus is on cloud and AI infrastructure systems that must adapt to

diverse workloads and evolving user goals. The proposed design philosophy, centered

on intent-aware interfaces and learning-based adaptation, is applied to systems con-

cerned with resource management, performance predictability, and cost efficiency.

The work spans domains including network scheduling, GPU job orchestration, and

LLM inference, where users can express preferences that systems can interpret and

learn from.

This work does not aim to build general-purpose AI agents (e.g., AlphaE-

volve [156]) or natural language-based interfaces, though the abstractions presented

could support such extensions in future work. While the techniques focus on in-

telligent adaptation, they are grounded in domain-specific control primitives that

balance flexibility with ease of deployment.

Assumptions. This dissertation makes several assumptions to bound the problem

space:

Workload observability. Resource demands and performance signals (e.g.,

network flow sizes, job runtimes, or query characteristics) are assumed to be observ-

able or reasonably predictable using existing techniques. For example, prior work

provides methods for classifying short versus long flows [66, 29], and for forecasting

training job completion times [136, 170].

Non-adversarial setting. Users are assumed to behave cooperatively, express-

ing preferences or intents honestly; the systems are not designed to withstand ad-

versarial manipulation of inputs.

Non-Goals. These assumptions narrow the space of problems we address. Com-

plementing them, this dissertation explicitly does not attempt to:
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Develop new learning algorithms. The work leverages existing learning or

forecasting techniques (e.g., regression) for demand and workload estimation but

does not propose novel learning models.

Redesign underlying mechanisms. The TCP/IP stack, GPU kernel execution,

and LLM serving frameworks are treated as given; the contributions lie in how they

are orchestrated and adapted.

Optimize for all objectives simultaneously. Each system narrows in on par-

ticular trade-offs (e.g., predictability in scheduling, cost in inference) rather than

attempting to optimize for every possible metric. Although the frameworks and

ideas introduced can be generalized to objectives and metrics not considered by the

proposed systems (e.g., energy efficiency).

Provide general-purpose agency. While abstractions here may support broader

agentic workflows, the focus is not on designing autonomous AI agents or natural

language interfaces.

1.4 Contributions

Overall, this thesis consists of the following contributions:

Proposed Ideas/Systems

• We advocate for a design philosophy centered around intent-aware, adaptive sys-

tems and articulate core design principles, including exposing high-level intent,

identifying adaptable control primitives, applying learning-based techniques in a

principled way, and supporting bi-directional exploration of trade-offs.

• In Chapter 2 we propose a learning-based bandwidth scheduler for cloud systems,

aimed at offering robust tail-latency across different application workloads. We

show how a simple learning-based scheme combined with principled use of basic

scheduling primitives can outperform existing strategies

• In Chapter 3 we propose a novel resource management objective: offering reliable
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job completion time predictions and design a system that balances prediction

accuracy with traditional scheduling objectives (e.g., fairness)

• In Chapter 4, we introduce a prompt-serving proxy that supports cost-saving

optimizations, including smart model selection, context pruning, and caching, and

present the design of a lightweight, serverless architecture that exposes a high-level,

bidirectional API for delegating control over prompt handling while preserving

transparency.

Software Artifacts The systems developed in this dissertation are implemented

as functional prototypes. All artifacts are either publicly available or deployed in

production-like environments:

• 2D is implemented as a modular, flow-based network scheduler requiring no changes

to switches. It is open-sourced and available at:

github.com/abdullahfsm/multiclass-scheduler

• PCS is implemented within the Ray distributed framework [144] and supports

exploration of WFQ-based scheduling policies. The artifact has been awarded all

three badges (Functional, Reusable, Available) by the OSDI’24 artifact evaluation

committee and is available at: github.com/abdullahfsm/PCS/tree/osdi2024-artifact.

The prototype enables reproduction of key results and interactive exploration of

Pareto-optimal trade-offs for custom workloads

• LLMProxy is deployed in production using a serverless AWS infrastructure, inte-

grating Lambda functions with persistent storage layers. It powers a WhatsApp-

based Q&A service with rich features (e.g., leaderboards, follow-up prompts). The

software has also been made available for use in university classroom settings via

a RESTful API

Evaluation/Deployment Insights Each system in this dissertation is evaluated

using either real deployments, controlled testbeds, or simulation-driven studies. To-
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gether, these evaluations highlight how intent-aware, adaptive systems can generalize

across workloads, reduce cost and unpredictability, and better align with user goals:

• We evaluate the 2D prototype on three cloud application workloads on a 10G

testbed on Cloudlab [3]. Our results show that 2D demonstrates robust tail latency

performance across these workloads, outperforming other strategies by up to 4×.

We also evaluate 2D in scenarios where the workloads i) are co-located, and ii)

change over time, shedding light on 2D’s agility to adapt to such scenarios.

• We evaluate the PCS prototype for a 16 GPU testbed on Cloudlab, on an Au-

toML style workload consisting of ML hyperparameter tuning tasks. We also run

larger scale experiments on a simulator, replaying realistic ML training traces

(Philly [114]). Collectively, our results show that PCS can increase prediction re-

liability by 50–800% while operating within 1.1–3.5× of performance- or fairness-

optimal baselines.

• We share our deployment experience supporting a Q&A WhatsApp service and

three courses across two semesters. As part of our study, we conducted surveys

which indicated that over 75% of users found the proxy easy to use, and its features

useful. We also evaluate our system on traces derived from the WhatsApp service

logs, and we show that the proxy achieves 30% cost savings compared to default

strategies used by most production LLM serving systems today.

1.5 Related Work

A growing body of research has explored how to make systems more adaptive and

responsive to user or workload requirements. Broadly, these efforts fall along three

complementary axes: (i) high-level interfaces that expose control over low-level sys-

tem objectives, (ii) intelligent low-level control that uses learning-based techniques

or optimization to fine-tune policies, and (iii) workload adaptivity that learns from

workload dynamics to remain robust across diverse scenarios. This thesis draws inspi-

ration from all three directions but focuses on combining their strengths: exposing
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intent through expressive interfaces while adapting low-level mechanisms beneath

them.

Interfaces for Expressing Objectives. A first line of work develops higher-

level abstractions or domain-specific languages (DSLs) for resource management.

Cluster and GPU schedulers such as Carbyne [86], Gandiva [210], and Gavel [149]

provide ways for cloud operators to express fairness, efficiency, or priority goals.

NUMFabric [147] abstracts away bandwidth allocation decisions using a network

utility maximization framework. Programmable networks have similarly embraced

domain-specific interfaces, most notably with P4 [39] and follow-up work, which

enables operators to specify packet-processing pipelines declaratively. More recent

work like Cilantro [38] allows cloud operators to specify different resource allocation

objectives as utility functions. These systems highlight the value of surfacing ob-

jectives explicitly, but the burden is still on the human to specify a fixed goal or to

manually compose multiple objectives into a single utility function; the system itself

rarely adapts its interpretation of objectives as conditions evolve, and in many cases,

the interfaces themselves require substantial expertise (e.g., encoding preferences as

utility functions [147, 38] or optimization equations [149]).

Intelligent Low-Level Control. A second research thrust has focused on em-

bedding intelligence into low-level control policies. In congestion control, examples

include Remy [207], and PCC [70], which use offline or online training to discover

transport algorithms. In cluster scheduling, Decima [139] applied deep reinforcement

learning to DAG scheduling, while SelfTune [121] continuously adapts cluster policies

via feedback-driven learning. Beyond scheduling, researchers have applied learning

to optimize caching policies [116], storage systems [94], and system configuration

for CDNs [150]. Collectively, these systems showcase the benefits of using learning

to go beyond human-designed heuristics, demonstrating that adaptive, data-driven

control can achieve efficiencies difficult to capture with static policies.
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Workload Adaptivity. A third body of work emphasizes adaptivity across vari-

able and uncertain workloads. In networking, AuTo [46] applied reinforcement learn-

ing to optimize flow completion times for workloads, while coflow schedulers like

Baraat [66] use limited form of workload learning to distinguish between short and

long flows. In GPU cluster scheduling, systems like Themis [136], Pollux [170], and

Optimus [165] learn job characteristics (e.g., an AutoML job’s structure) to reduce

average job completion time or improve fairness. These systems highlight the impor-

tance of learning from workload structure rather than relying on static assumptions.

Yet, most of these systems target a fixed system-chosen metric (e.g., minimizing tail

latency) rather than being able to handle diverse goals and user intents.

Distinguishing Themes. Together, these three strands — interfaces, intelligent

low-level control, and workload adaptivity — represent the state of the art in resource

management for networks, clusters, and emerging AI platforms. The distinguishing

thread in this thesis is not only to build on these advances but also to bridge them:

providing interfaces that capture user or operator intent in a simple way, while

simultaneously employing adaptive mechanisms that learn and respond under the

hood. This combination allows the system to deliver outcomes that are both aligned

with what stakeholders want and robust to workload and variability.

1.6 Dissertation Organization

The remainder of this dissertation is organized as follows.

• Chapter 2 presents 2D, a learning-based scheduler for data center networks that

adapts to workload dynamics and achieves tail-robust performance by composing

simple scheduling primitives and separating policy from enforcement.

• Chapter 3 describes PCS, a GPU job scheduler for shared ML clusters. PCS

introduces a high-level interface for exploring trade-offs among predictability, fair-

ness, and latency, and uses a simulation-driven learning strategy to map user-

specified objectives to low-level scheduling behavior.
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• Chapter 4 introduces LLMProxy, a proxy for prompt-driven applications that

uses an LLM-powered agent to interpret user intent and configure downstream

behaviors such as model selection and caching. This system demonstrates how

intent-awareness can enable flexible, evolvable LLM infrastructure.

• Chapter 5 concludes with a summary of the dissertation’s contributions and the

broader implications of the proposed design philosophy for future systems.
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Chapter 2

2D: Learning-based Network Flow

Scheduling

2.1 Overview

Existing bandwidth scheduling systems for data center networks optimize for a spe-

cific workload and performance metric. In this chapter, we present 2D, a new sched-

uler that offers robustness across performance metrics and changing workloads – a

ground existing scheduling policies are unable to cover. 2D combines basic schedul-

ing building blocks of multiplexing and serialization in a principled way, ensuring tail

optimal performance across workloads while also improving the average (and lower

percentiles) completion times.

To implement 2D for flow-level scheduling in a distributed setting, we break-

up the scheduling decision into two parts: coarse time-scale decisions based on work-

load and load changes are made by a centralized controller while per-flow serializa-

tion decisions are made in a distributed fashion, involving the end-points and se-

quencer(s). Our testbed experiments show that, for realistic cloud workloads, 2D

provides consistent gains at the tail and average flow completion times compared to

basic scheduling techniques (e.g., FIFO and processor sharing) as well as heuristic-

based schedulers (e.g., Aalo and Baraat).
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2.2 Motivation

Our work is motivated by the observation that typical cloud workloads have high vari-

ability (§2.2.1), which causes existing scheduling techniques to significantly under-

perform (§2.2.2), motivating the need for a learning-based adaptive scheduling policy

(§2.2.3).

2.2.1 Workload Variability

We loosely define a workload to correspond to the network footprint of a cloud

application (e.g., Web-Search, Cache) or a job from a tenant in a compute cluster

(e.g., Sorting, Word Count, Model Training, etc). Prior work shows that common

cloud workloads can have high variability – both within a workload as well as across

workloads [66, 120, 59].

Within-Workload Variability. Most popular network workloads (e.g., web search [28],

distributed data mining [87], etc) follow a heavy-tailed flow size distribution: they

have a mix of short and long flows. While taking a static view of these workloads is

useful, it hides the temporal variations that can occur within such a workload. For

example, at short time scales, not even a single large flow may be present in the

system, and the workload may appear light-tailed during that duration.

To illustrate this phenomenon, we look at the fraction of small flows that

have to contend with a large flow (we call this “contention”), for a heavy-tailed flow

size distribution. We analyze the data-mining workload [87] – well-known for its

heavy tailed flow size distribution – and apply a simple TCP-like scheme to allocate

bandwidth to these flows. We define short flows as those smaller than 100KB, while

flows larger than 1MB are classified as long flows. We calculate the contention as

we vary the network.

Table 2.1 shows that, under medium network load (50%), almost 45% of

the small flows never encounter a large flow during their life-span. Even for very

high loads (e.g., 90%), a non-negligible fraction of flows never encounter a large

flow. This points out that, at short time scales, even heavy-tailed distributions
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Load 20% 50% 80% 90%
Contention 21.2% 54.7% 82.7% 93.0%

Table 2.1: Contention: fraction of short flows that contend with a large flow(s) as a
function of the system load for data mining workload [87]. Despite the heavy-tailed
nature of the workload, a significant number of short flows do not encounter a single
large flow, especially at lower loads, indicating within-workload variability (§2.2.1).

may exhibit behavior similar to a light-tailed distribution, highlighting what we call

within-workload variability.

Across-Workload Variation. Typical clusters run multiple applications or jobs;

this applies to both compute clusters, where jobs from tenants may arrive in an online

fashion [120, 59], as well as user-facing clusters, such as Facebook’s “heterogeneous”

clusters that run multiple applications [176]. These jobs may run concurrently or

sequentially, depending on their arrival and departures times, as well as the cluster

scheduling policy.

From the perspective of network flow scheduling, it is the online nature of job

arrivals and departures, combined with their multiplexing, which makes the aggre-

gate network workload highly variable. For example, a light-tailed workload running

alone initially may later be multiplexed with a heavy-tailed workload, causing the

aggregate workload to shift from being light-tailed to heavy-tailed. Similarly, two

light-tailed workloads – with very different mean sizes – may become a heavy-tailed

workload at the aggregate level, if they are multiplexed together.

Both within-workload variation and across-workload variation cause problems

for existing scheduling techniques, as we discuss next.

2.2.2 Limitations of Existing Scheduling Policies

For our analysis, we consider three well-known scheduling policies: PS, SRPT, and

FIFO. Our choice is informed by three factors. First, these policies have been exten-

sively studied in the scheduling theory, with strong analytical results that we use for

our discussion [30, 178, 138, 40, 188, 201]. Second, these policies are used by several

recent scheduling proposals (e.g., PDQ [104], pFabric [29], Orchestra [53]). Third,
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Performance
Objective

Light-tailed
Workloads

Heavy-tailed
Workloads

AFCT SRPT SRPT
Tail FCT FIFO PS∼=SRPT

Table 2.2: Optimal or near optimal scheduling policies for different workloads (heavy
vs. light-tailed) and objective functions (AFCT vs. Tail FCT). No single policy is
optimal across workloads and performance metrics (§2.2.2), highlighting the need for
an adaptive scheduling policy (§2.2.3).

several recent heuristic-based scheduling techniques (e.g., Baraat [66], Aalo [52]),

which we later cover in our evaluation, also use these policies as a building block.

The above scheduling policies suffer from two key limitations. First, they

typically optimize for a fixed workload distribution, and their performance could suffer

significantly if used for a different workload [52]. In practical settings, workloads

could have variability, as we described in the previous section. Second, they optimize

for a fixed performance metric, such as the average or tail completion times. For

demanding cloud applications, it is important to reduce both the average as well as

tail completion times.

These limitations often result in fundamental trade-offs that the system has

to make. As highlighted in Table 2.2, no single scheduling policy is optimal across

different workloads and performance metrics. In fact, an optimal strategy for a

certain workload or metric performs poorly (or is the least desirable) for a different

workload or metric. For example, SRPT optimizes AFCT for both heavy and light-

tailed workloads but performs poorly at the tail for light tailed workloads. Similarly,

FIFO is tail optimal for light-tailed workloads but performs poorly for heavy-tailed

workloads.

While the above limitations are known, we quantify these trade-offs for re-

alistic workloads. We simulate a single bottleneck link scenario and consider two

popular workloads used in prior studies: workload from Facebook’s Cache applica-

tion which is light-tailed [176], and the data mining workload (VL2 [87]) which is

heavy-tailed. Our key observations are as follows:

• No Single Optimal Policy Within a Workload. For the Cache workload,
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Figure 2.1: Performance of scheduling policies for the heavy-tailed data mining and
light-tailed Cache ([176]) workloads. SRPT achieves the lowest average FCTs in all
cases but performs poorly at the tail for the Cache workload. FCTs are normalized
with respect to the best scheme for each workload and metric.

FIFO performs the best at the tail but is up to 3.5× worse than the best performing

scheme at the mean (Fig. 2.1a).

• No Single Tail Optimal Policy Across Workloads. FIFO – the tail optimal

policy for Cache – performs the worst at the tail for the heavy-tailed workload

(data mining), with up to 3× increase in completion time compared to the best

performing policy (Fig. 2.1b).

2.2.3 Need for Adaptive Scheduling Policies

The above analysis shows the limitations of existing scheduling policies, leading to

the question: is it possible to have a scheduling policy that is robust across workloads

and metrics? Weirman and Zwart [203] show that there is no non-learning scheduling

policy that provides tail optimal performance across workloads. To put simply, if

workload information is unknown then no optimal policy exists. This highlights the

importance of learning information about the workload.

Weirman et al. [148] show that if we have “limited” form of learning, as

in limited processor sharing (LPS), a scheduling policy that adapts the level of

multiplexing based on load can provide “tail robust” performance. The authors term

this as a “limited” form of learning because the only information available to the
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scheduler is the system load. While LPS seems like a promising approach, it has

not yet been implemented and evaluated in the context of network flow scheduling.

More importantly, if the scheduler can learn even more about the traffic workload

(not just the load), there is potential room to do even better than LPS.

We argue that in today’s networks it is feasible to learn more than just the

load: using flow statistics collected by network elements, we can easily learn the

workload distribution. Several recent SDN-based systems record flow statistics at

end-points (or switches), collect it at a centralized controller, and use this infor-

mation for various purposes, such as traffic engineering [27, 173]. In fact, collecting

similar workload information is feasible for most cloud systems that make scheduling

decisions, such as a cluster manager (e.g., Mesos [102]) or a storage controller [191].

Further, systems that do not explicitly track workload can use service times – which

is typically recorded by systems for performance debugging – as a proxy for workload

information.

To summarize, learning workload distribution is often feasible in today’s cloud

environments, and can potentially be used to design adaptive scheduling policies.

2.3 2D Scheduling Policy

In this section, we describe the 2D1 scheduling policy, under a generic setting where

jobs arrive at a bottleneck server. The realization of 2D for network flow scheduling

under practical conditions, where the notion of a job is a network flow, is presented

in §2.4.

2.3.1 2D Objective

The primary objective of 2D is to offer robust tail performance across workloads.

Specifically, for a given workload, it should perform at least as well as the known

optimal scheme (FIFO or PS) at the tail percentiles (e.g., p90, p95, p99). For

example, 2D should perform at least as well as FIFO for a light-tailed workload and
12D refers to the two scheduling primitives (dimensions) used: serialization and multiplexing
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for a heavy-tailed workload, it should perform at least as well as PS.

A secondary objective for 2D is to minimize the lower percentiles and average

completion times as well. Specifically, we want to be as close to SRPT as possible,

given that it is optimal for minimizing average job completion times.

Putting these objectives together, 2D aims to be optimal at the tail while not

significantly compromising on performance at the lower percentiles.

2.3.2 2D Design Principles

Our earlier analysis of scheduling policies (§2.2) highlights a tension between two

scheduling primitives: serialization (offered by FIFO and SRPT) and multiplexing

(offered by PS). Multiplexing is effective at avoiding the head-of-line (HOL) blocking

problem (small jobs waiting behind a large job) in FIFO and the starvation prob-

lem (large job starved by a continuous arrival of small jobs) in SRPT. However,

multiplexing causes completion times of all similar sized jobs arriving in a burst

to increase. This leads us to two design principles that inform us on how to use

serialization and multiplexing:

1 Multiplexing should only occur between jobs of varied sizes (unlike PS which

does multiplexing across all jobs).

2 Serialization should only be done within a group of similar sized jobs.

Principle 1 is crucial for tail optimality for heavy-tailed workloads (benefit of PS)

while 2 is similarly important for light-tailed workloads as well as for meeting our

secondary objective of minimizing the lower percentiles.

2.3.3 2D Overview

Inspired by the benefits of serialization and multiplexing, we present 2D which em-

bodies the two design principles to achieve our desired objectives. At a high level,

2D maps jobs into classes using thresholds calculated in an online fashion. These

thresholds are computed such that job size variation within each class is low.
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Flow ID Size Class

F1 1 1

F2 4 2

F3 1 1

F4 1 1

F5 5 2
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Figure 2.2: A simple toy example showing benefits of serialization and multiplexing.
Flows F1-F5 all arrive at the same time (t = 0). In the example, F1,F3, and F4
are “small” flows and belong to class 1 while F2 and F5 are “large” flows and belong
to class 2. FIFO suffers from HOL blocking. PS stretches completion time of short
jobs to 5 units. 2D improves average completion time of short jobs and is no worse
than PS for all flows.

Intra-class scheduling. Once similar sized jobs have been grouped into classes,

2D serves jobs within each class in FIFO order (serialization). The choice of FIFO

– compared to SRPT or other scheduling techniques – is motivated by two reasons.

First, for similar sized jobs, which is what we expect to find within a single class,

FIFO’s performance optimality, in the mean and tail regimes, has been proved in

scheduling theory [97]. Second, it is efficient to implement, as we demonstrate in

2D’s mechanism (§2.4): it does not require any preemption, which can have high flow

switching overhead [104], and can support various optimizations, such as batching.

Inter-class bandwidth sharing. Resource capacity across classes is shared in

a weighted fashion (multiplexing). These weights are chosen such that each class

receives rate equal to the aggregate rate it would get under a PS discipline. This is

to ensure tail robust performance across workloads as we explain in §2.3.5.
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Algorithm 1 Segment Job Sizes Based on Variability
1: procedure ComputeThresholds(JobList F )
2: F ← sort(F )
3: T ← {} ▷ List of thresholds
4: segmentStart← 0
5: N ← length(F )
6: while segmentStart < N do
7: for i← segmentStart+ 1 to N do
8: segment← F [segmentStart : i]
9: C2 ← Var(segment)/Mean(segment)2

10: if C2 ≥ 1.0 then
11: T.append(F [i− 1]) ▷ Mark segment boundary
12: segmentStart← i ▷ Start new segment
13: break
14: else if i == N then
15: T.append(∞) ▷ Final threshold
16: return T
17: return T

Figure 2.2 shows the working of 2D compared to FIFO and PS. We have jobs

of two different sizes (small and large) arriving in an online fashion. With FIFO,

we observe the head-of-line blocking problem while with PS, we observe unnecessary

multiplexing between jobs of similar sizes. 2D divides them into two classes: mul-

tiplexing across classes avoids the head-of-line blocking problem while serialization

within each class avoids unnecessary multiplexing.

The above example shows that even for a fixed workload, 2D can provide

additional benefits at the lower percentiles while being at least good as the optimal

policy at the tail. If the workload changes, 2D adapts accordingly – for example, if

the workload changes to all small jobs (or all large jobs) in the above example, they

will be mapped to a single class and will be scheduled in a FIFO order, which is the

optimal policy for a light-tailed workload.

While the utility of simultaneously leveraging serialization and multiplexing is

evident from the above example, there are two critical decisions that the 2D scheduler

needs to take: i) how to pick class thresholds? (§2.3.4) and ii) how to assign rates

across classes? (§2.3.5).
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2.3.4 Class Thresholds

The benefits of 2D depend on accurately splitting jobs into classes, such that intra-

class size variation is low. Getting this right is important: if we use too many classes

then each job would be mapped to its own class, and 2D would degenerate to PS; if we

choose too few classes, 2D’s performance would be similar to FIFO. In addition to the

number of classes, it is equally important to pick the right thresholds which determine

the mapping of jobs to classes. Inaccurate thresholds can cause similar sized jobs to

be mapped to different classes, resulting in unnecessary multiplexing; or even worse,

it could make jobs varied in sizes to share the same class, leading to potential head-

of-line blocking. Thus, the class threshold problem has two variables that need to

be picked smartly: i) number of classes to make and ii) splitting thresholds.

The class threshold algorithm (Algorithm 1) divides a workload, potentially

with high variability, into smaller chunks (classes) whose individual variation is

low. We choose the Squared Coefficient of Variation (C2) as our metric to quantify

whether a class has high or low variability [204].

Algorithm. Overall, our thresholding algorithm is designed to slice a given dis-

tribution into k sections such that C2
k < 1 (Step 7 in Algorithm 1). Note that the

algorithm automatically identifies the number of classes it must create in order to

sufficiently reduce C2
k to at most 1.0. With this low variability in job sizes, jobs

within each class can be safely scheduled in a FIFO fashion.

Choosing C2 to group jobs. Choosing this metric is appropriate because, for

distributions with a C2 value of ≤ 1.0, FIFO has been shown to be optimal in

minimizing tail FCTs and has good performance in the average case ( [97, 96]).

This approach guarantees that intra-class job size distribution will have a C2 to be

at most 1.0 and thus jobs within each class can be scheduled in a FIFO fashion,

irrespective of difference in their absolute sizes, without worrying about the HOL

blocking problem.

While we have not evaluated other clustering algorithms (e.g., k-means [205]),

26



we speculate that, for some workloads, they may also perform similar to our princi-

pled C2 approach, but for workloads with no explicit modes (e.g., very long tails),

they may perform less well. Additionally, some of the alternate approaches require

specifying the number of clusters (classes) upfront, which vary from one workload

distribution to another, whereas our C2 approach automatically figures out the right

number of classes.

Convergence. We have validated this thresholding algorithm on network traffic

workloads sampled from realistic data center applications (§2.6). Our evaluation

shows that typically a sample size of∼3000 jobs is sufficient to capture the underlying

characteristics of a given distribution, leading to the right number of classes and

thresholds.

2.3.5 Class Rates

Like class thresholds, computing the right rates is critical for 2D – it is essential for

meeting the tail optimality objective of 2D. We note that 2D is work-conserving,

so the rates should be viewed as weights: if one class cannot use up its rate, it is

divided among the remaining classes using the normalized residual weights.

2D follows the PS principle in assigning rate to a given class – each class is

assigned a rate proportional to the number of jobs in that class relative to the total

number of jobs in the system:

Ratek = Nk(t)/N(t) (2.1)

If there is just one class, Ratek is equal to the full system rate. When there

are two or more classes – a typical scenario in heavy-tailed workloads – each class gets

a rate proportional to the number of jobs in that class (similar to PS), thus ensuring

that the tail completion time is determined by the PS regime. The example in

Figure 2.2 also highlights this aspect: the last job in each class of 2D finishes at

exactly the same time as it would finish in PS.
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Figure 2.3: 2D’s overview showing three network elements involved: i) End points
schedule flows locally using assigned thresholds ii) the sequencer ensures global FIFO
ordering by assigning unique flow IDs iii) the controller periodically fetches flow size
information and recomputes class rates and thresholds.

To provide this strict guarantee, the 2D scheduler maintains a virtual PS

scheduler which emulates a PS schedule, enabling us to use the corresponding num-

bers (Nk and N) from the PS schedule while calculating the rate in Equation 2.1.

2D’s principled way of allocating rates, based on PS, is also different from heuristic

solutions that target a different goal, such as Aalo [52], which prioritizes short jobs,

thereby assigning a strictly higher rate to classes with smaller jobs. Following Aalo’s

rate allocation would increase the tail completion times of those jobs that fall in the

lower classes (i.e., longer jobs) as they get a lower rate, which violates our primary

objective of being tail optimal.

2.4 2D Mechanism

We now describe how the 2D scheduling policy, described in the previous section,

can be realized for network flow scheduling, taking into account practical challenges

of a data center setting.
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2.4.1 Feasibility of Using Existing Mechanisms

Given a number of recent proposals for data center scheduling, a natural question

to ask is whether we can use an existing mechanism to support 2D. To answer this

question, we divide existing solutions into three broad categories, depending on who

does the arbitration (or scheduling):

• Switch-based Arbitration. Each switch makes the scheduling decision for its

links; it provides feedback to the sources, who adjust accordingly. Examples in

this category include software switch based implementations, like PDQ [104] and

Baraat [66], as well as recent proposals that use P4 to implement simple arbitration

logic [179]. A key challenge for these solutions is to support rich scheduling policies

while operating at line rate.

• Centralized Arbitration. The arbitration decision is made by a (logically)

centralized server, as in FastPass [168] and PASE [145]. While these solutions can

support rich scheduling policies, they face scalability challenges as well as cause

additional latency for short flows by involving the server on the critical path of

flows.

• End-host based Arbitration. Solutions like pHost [78] make the end-hosts

responsible for making the scheduling decisions. While this avoids the problems

associated with the above two approaches, the scheduling decision is typically

sub-optimal because of the limited view of the end-points.

Each of the above categories has its own strengths, which we exploit in 2D’s hybrid

mechanism design.

2.4.2 2D Mechanism Overview

Our design is based on the insight that 2D makes multiple decisions at different

timescales – by decoupling these decisions, we can design a simple, highly customized

solution for our needs. Specifically, threshold and rate computation is only required

at coarser timescales – on the order of seconds or even longer – and can be offloaded to
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a centralized controller, while flow serialization needs to be done on the critical path

of flow arrivals and departures (on the order of µs), and is the most demanding from

a mechanism’s perspective. By decoupling flow serialization from other components,

we can focus on making it scalable and efficient, leveraging several FIFO specific

optimizations, instead of aiming to support general purpose arbitration as is the

case with existing mechanisms.

Figure 2.3 shows the high level working of 2D’s mechanism, illustrating the

decoupling of 2D’s scheduling decisions. A controller gathers flow statistics and load

information from end-points; it calculates class thresholds and rates, as described

earlier in §2.3, and communicates these decisions to the end-points (§2.4.3). Unlike

centralized arbitration solutions like FastPass [168] and PASE [145], all the controller

functionality is off the critical path. On the critical path of flows is 2D’s transport :

it maps flows to the appropriate classes and enforces FIFO ordering within a class;

this includes a local FIFO ordering for its own flows as well as a global FIFO ordering

with the help of sequencer(s) (§2.4.4). The transport also uses multiple optimizations

to make the serialization process scalable and efficient for workloads involving short

flows (§2.4.5).

2.4.3 2D Controller

The 2D controller needs to compute and enforce class thresholds and rates. We

have designed a modular controller architecture, with clear separation between a

generic compute module and a network specific measurement and enforcement (ME)

module. These modules are used by a light-weight 2D scheduling application, which

decides when and how to use the underlying modules.

Figure 2.4a shows the controller architecture, highlighting the two key mod-

ules and their interaction with the scheduling applications. Using a high-level API

(Fig 2.4b), a 2D scheduling application uses the underlying modules in the follow-

ing way: It queries the ME module using getWorkloadInfo() and getClassLoad()

calls. Workload and load information is returned in a unit-free format, supporting a

generic, high-level API. The application computes class thresholds and rates, using
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• getWorkloadInfo(filter)

• getClassLoad(class-id)

• computeThresholds(Workload)

• computeRates(Workload, Load)

• enforceThresholds(Classes,
Thresholds)
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(b) Controller API

Figure 2.4: 2D Controller comprises of two key components: i) Measurement and En-
forcement module (ME), and ii) Compute Engine (CE). ME is responsible for gath-
ering flow size statistics and 2D policy enforcement. CE runs the threshold (§2.3.4)
and rate computation algorithms (§2.3.5).

the computeThresholds() and computeRates() calls, respectively. Finally, the ap-

plication enforces thresholds, using the enforceThresholds(), and rates, using the

enforceRates() call.

There are three important points to note in the above interactions. First, the

application controls how these modules are used, in terms of timing and workload

granularity. For example, in 2D, class thresholds are calculated on the order of

seconds or minutes while the rates can be calculated more frequently. Second, the

compute modules are generic: they can be reused across different workload types

(e.g., flows, coflows, disk IO workload, etc). Third, the implementation of the ME

engine is highly specific to the environment – in our case network flows – but the

interface is high-level and can support other implementations, which are customized

for a particular environment. While OpenFlow [142] is a natural choice for an ME

module for network flows, for ease of prototyping, we have implemented a light-

weight, customized protocol between end-points and the controller (§2.5.2).
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2.4.4 2D Transport

2D transport sits in between applications and traditional transports (e.g., TCP). Its

role is to enforce a FIFO ordering of flows within each class, ensuring that only the

flow whose turn has come is handed over to the underlying transport while other flows

wait in the queue. It assumes that flow size information is available at flow arrival

– either explicitly provided by the application, using an extended socket API [206],

or guessed using heuristics, such as using the occupancy of sender buffer as a proxy

for flow size [195, 57]. Based on the flow size and class thresholds provided by the

controller, each flow is mapped to its appropriate class.

Within each class, a FIFO order is enforced. A local FIFO order is straightfor-

ward to implement as the transport knows the arrival time of each of its local flows.

The global FIFO ordering, however, involves coordination. We use sequencer(s) to

implement coordination amongst end-points, enabling a loose, global FIFO ordering

for flows.

On a flow’s arrival, the transport gets a globally unique flow-id from a se-

quencer, which generates these ids using a monotonically increasing counter [66]. For

improved scalability and performance, we can also use multiple sequencers, each one

generating a different set of ids. While this provides a “loose” FIFO ordering of flows,

the performance penalty is minimal, and can be further reduced through coordination

between the sequencers [216]. The sequencer logic is simple – we have prototyped it

on a commodity server, but recent work has shown how similar functionality can be

supported at line rates using P4 switches or RDMA-based networks [127, 118].

The 2D transport uses the flow-id to determine when to schedule that flow;

the only other information that is required is the latest flow-id to finish, so end-

points know whose turn is next. There are multiple ways to get this information,

including a centralized approach where the sequencer keeps track of finished flows,

and end-hosts probe the sequencer periodically (similar to PDQ’s probing[104]); a

decentralized solution where each end-host estimates a suitable wait time based on

the gap between its successive flow-ids; and a hybrid approach where a flow that is
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about to finish broadcasts its id to the other end-points, allowing the next-in-line flow

(based on the global ordering) to start. Our prototype supports the decentralized

and hybrid modes – while their performance is comparable in our experimental setup,

the latter is more friendly to the batching optimization, which is useful for scenarios

involving short flows (§2.4.5).

Finally, once a flow’s turn arrives, it is handed over to the underlying trans-

port for transmission on the network. While the rate achieved by the flow depends on

the class rate, we expect the underlying transport to be work-conserving: it should

have the capability to use any spare capacity that may be available. For ease of

implementation, our prototype uses TCP as the underlying transport but there is

potential to use more aggressive transports that can start directly at the assigned

class rate (similar to PDQ [104] and PASE[145]).

2.4.5 Optimizations for Short Flows

Our target workloads include applications with small flows – on the order of few

KBs or even less. For such workloads, the 2D transport’s basic design could be

inefficient: short flows, especially those lasting less than an RTT, will incur the

overhead of getting a flow-id as well as flow switching. This could hurt performance.

We address this using three well-known optimizations: batching, local-sequencing,

and multiplexing.

In batching, multiple successive flows arriving at an end-point can use the

same flow-id, essentially transforming themselves into a larger flow. For example,

suppose an end-point has retrieved a flow-id for a flow; while that flow is waiting for

its turn, if more flows arrive in the same class, they can use the same flow-id, forming

a batch. As a result, end-hosts need not go to the sequencer on every flow arrival.

Batching is effective in our settings because each class has similar sized flows, so strict

ordering of flows is less important, and loose ordering of flows provides acceptable

performance. Further, batching is more effective when the load is high as there are

more opportunities to batch flows that are waiting to be scheduled.

In local-sequencing, flows that are extremely short (e.g., lasting less than 1
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RTT) do not use the global FIFO sequencing; instead, they only follow a local FIFO

order, so the flow at the head of the queue is scheduled without waiting for its turn

according to the global FIFO order.

Finally, we have multiplexing of really short flows: we send them simulta-

neously, rather than one at a time, in order to saturate the rate assigned to the

class these flows belong to. In some cases they may have unique flow-ids while in

others they may belong to a batch and share a single flow-id. This improves work

conservation in scenarios where burst of short flows arrive. This decision is purely

local and applied only to classes with small flows: those that last less than one RTT.

For the workloads we evaluate, this optimization is only applied to the top class.

2.5 2D Prototype

We have implemented a prototype to evaluate 2D and other schemes.

2.5.1 2D Transport

We have implemented a 2D transport in C, and integrated it with an in-memory data-

parallel network traffic generator. The traffic generator supports request-response

style interaction between clients and servers, and has been used in several prior

studies (e.g., ClickNP [125], MQ-ECN [34], FUSO [45], etc). It is is multi-threaded,

supports generating different types of workloads, and uses TCP as its underlying

transport. We add 2D transport support on the client, just above TCP. Finally,

we have also implemented a light-weight module inside the transport that interacts

with the sequencers and keeps track of UDP broadcast messages (for flows that are

finished).

2.5.2 Controller

Our controller is implemented in Python; it supports the key modules described

earlier. The ME module has specific support for gathering flow sizes and load in-

formation from end-points, as well as for enforcing class thresholds and rates at the
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end-points. At the end-points, an ME agent is responsible for interacting with the

2D transport: this includes getting flow size information as well as load from the

transport, and returning the class thresholds to the transport. To enforce per-class

rates, the agent leverages Linux’s support for hierarchical token buckets (HTB),

which enables rate control based on the DSCP value assigned to each flow [175].

The transport sets the DSCP value according to the flow’s class.

2.5.3 Other Scheduling Techniques

In addition to the baseline TCP (PS) and 2D, we have also implemented other

scheduling techniques in our prototype. Our prototype supports basic scheduling

techniques (PS, FIFO, Non-preemptive Shortest Job First (NP-SJF)) as well as state-

of-the-art heuristic schedulers: PIAS [33], Baraat [66] and Aalo [52]. While both

baraat and Aalo have been evaluated for co-flows/tasks, their underlying scheduling

heuristics (i.e., FIFO-LM, D-CLAS) are applicable to flows as well. Implementing

all these techniques was relatively straightforward as they leveraged 2D’s support for

FIFO and PS.

• FIFO. To support FIFO, we use 2D with just one class.

• Baraat (FIFO-LM). Based on the workload distribution, we pre-establish the

number of classes Baraat will require, using a threshold of p90 of the workload

distribution to differentiate between small and heavy flows, as instructed by the

authors. Subsequently, when a flow arrives, it is either dispatched to the class

with small flows (if it is a small flow) or one of the empty classes.

• Aalo (D-CLAS). Similar to Baraat, we pre-establish a fixed number of (expo-

nentially spaced) classes to use. For a given workload, the thresholds and rates

for each class are chosen based on Aalo’s D-CLAS algorithm.

• PIAS. To support PIAS, we implemented strict priority scheduling across classes

and disabled both local and global FIFO flow ordering. Following the workload

distribution, we created eight priority classes and configured their thresholds based
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on the authors’ implementation2.

2.6 Evaluation

We evaluate the performance of 2D under realistic data center workloads [87, 28,

176], through various experiments on the Emulab testbed [4]. The key goals of our

evaluation are to: i) validate that 2D is tail optimal across different application

workloads, ii) provides opportunistic gains at lower percentiles whenever possible,

and iii) can track and react to changes in workloads.

Our results show that:

• 2D is tail-robust while lowering FCTs at lower percentiles for both heavy and

light-tailed workloads, in comparison to tail-optimal scheduling policies (§2.6.2).

• Systematic threshold selection and rate division is important. One-size-fit-all ap-

proaches (e.g., Aalo [52]) and other heuristics (e.g., Baraat [66]) can result in

performance loss by up to 4× (§2.6.2).

• 2D’s learning mechanism ensures that suitable thresholds and class rates are

picked, ensuring robust performance in the presence of multiple different work-

loads (§2.6.3).

2.6.1 Methodology

Experimental setup. We use the Emulab testbed [4] for all our experiments. We

setup a 21 node cluster, with 18 clients, 1 server, 1 sequencer and 1 controller. All

nodes are Emulab d430 machines with network interfaces supporting 10 Gbps.

Benchmark workloads. We use three different realistic workloads, derived from

patterns observed in production data centers, and a synthetic uniform distribution

(∼U[1MB, 15MB]). The first workload is from a web search application containing a

mix of short and long flows (DCTCP [28]). It is a relatively high variance distribution
2Our PIAS evaluation is limited to the data mining and web search workloads due to the lack

of threshold information for other workloads.
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with a C2 ∼= 5. The second flow size distribution is from a data mining cluster,

which is extremely skewed: 80% of the flows are less than 10KB while the largest

2% of the flows can be as large as 1GB (VL2 [87]). It has a C2 ∼= 45. The

third workload is taken from Facebook’s Cache cluster3, which follows a light-tailed

distribution with a C2 ∼= 3 [176]. Flows arrive according to a Poisson process.

Unless otherwise specified, our setup runs at 80% load w.r.t. the bottleneck link

(server link).

Metrics. Our primary metric is Flow Completion Time (FCT) at higher per-

centiles (p90, p99, p99.5), and the median (p50). We choose this array of metrics to

show that 2D tries to perform as well as the tail-optimal scheduling policy for a given

workload, if not better, while also showing FCT improvements at lower percentiles

wherever possible. Our reported gains are the average of five runs and the results

for each run are within 10% of the reported average.

Schemes. We compare 2D with three scheduling disciplines: FIFO, PS and NP-

SJF; and three scheduling heuristics: Baraat, Aalo and PIAS. The first comparison

point shows whether 2D is able to attain equal or better tail completion times com-

pared to disciplines for which scheduling literature makes optimality claims. The

second comparison point is to show the versatility of 2D across workloads compared

to Aalo’s D-CLAS scheduler, which is aggressive in creating classes, Baraat’s FIFO-

LM, which multiplexes similar sized long flows, and the loss in performance due to

strict prioritization under PIAS. The precise implementation details to realize these

schedulers have been mentioned in §2.5.3.

2.6.2 2D’s Overall Performance

We evaluate 2D across diverse application workloads and performance metrics, com-

paring it against foundational scheduling techniques (FIFO, PS, and NP-SJF; Fig. 2.5)

as well as heuristics (Aalo, Baraat, and PIAS; Fig. 2.6).
3We scale the distribution by a factor of 100 to ensure client applications do not become bottle-

necked due to extremely small inter-arrival times.
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Figure 2.5: FCTs across different workloads and percentiles showing 2D in com-
parison with scheduling disciplines. Note that these results are normalized by 2D’s
FCTs.
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Figure 2.6: FCTs across different workloads and percentiles showing 2D in com-
parison with scheduling heuristics. Note that these results are normalized by 2D’s
FCTs.

2D vs. well known scheduling policies. For tail FCTs (p99.5), 2D, even in the

worst-case, remains within 9% of PS and FIFO, while improving other completion

times by up to 2.6× (p90), 1.7× (mean) and 12× (median) at its best. We observe

that when the workload has low variance (e.g., Uniform and Cache), 2D keeps mul-

tiplexing low during intervals when similar sized flows exist in the system, while PS

multiplexes aggressively, leading to an increase in mean and tail FCTs. 2D is able

to intelligently bifurcate workloads into regions of low variance, and applies serial-

ization within each class. During epochs when multiplexing is required, the chosen

thresholds in 2D ensure that disparate flows are mapped to different classes.

To elucidate this further, we zoom into the heavy-tailed data mining work-

load (Fig. 2.7a) for which PS is tail-optimal. We see that 2D meets its promise

of being tail-robust while showing improvement over PS. By separating the largest

flows from the smaller ones and serializing flows within each class, per-flow latency

is significantly reduced. NP-SJF shows better performance than PS for lower per-

centiles; however since it doesn’t support preemption, short flows can still get stuck
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Figure 2.7: CDF of FCTs under the (heavy-tailed) data mining workload.

behind large ones, so beyond p20, its performance degrades. FIFO suffers from HOL

and performs poorly at the tail and lower percentiles.

2D vs. Contemporary Schedulers. We now compare 2D’s performance with

heuristic based flow schedulers that also attempt to use multiplexing and serializa-

tion. We compare their performance against 2D on two accounts: i) robustness for

tail FCTs across different workloads and ii) relative performance improvement at

lower percentiles. We assume knowledge of flow size information for Aalo’s D-CLAS

scheduler, PIAS’s MLFQ scheduling policy, and Baraat’s FIFO-LM.

2D improves FCTs by 3.6×, 10.3×, and 2.7× over Aalo when the workload

has light-tailed characteristics (Cache) at the mean, p90, and p99, respectively. D-

CLAS works well when the workload is heavy-tailed; however, its priority based rate

division across classes forces it to perform poorly at higher percentiles for workloads

containing several medium to long flows, which are given a lower rate, elongating

their FCTs. This observation also holds for the web search (labelled as "DCTCP")

workload, which contains a significant fraction of medium to long flows whose com-

pletion times are stretched under a priority based rate allocation strategy.

2D improves over Baraat by up to 1.5× at the tail (p90, p99.9) under the data

mining workload, by avoiding multiplexing between long flows (Fig. 2.7c). FIFO-LM

shows improvement for lower percentiles as 90% of the flows are very short and thus,

are serialized; however, for workloads with low variance, the threshold set to p90

of the flow-size distribution proves to be an incorrect heuristic, causing several long
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flows to be multiplexed resulting in tail (p90) FCTs to be 2.3× those achieved by

2D.

Even though PIAS is optimized for workloads with high variation, at higher

percentile, for both data mining and web search workload, 2D improves FCTs by 1.6×

and 1.8× at p90 over PIAS. This is because of the strict prioritization mechanism of

PIAS, which is detrimental for medium to long flows, as is evident for the web search

workload, which has several medium to long flows. We hypothesize that the gains of

2D over PIAS may even be more for Cache and Uniform workloads, as they are less

heavy than data mining and web search. Overall, we observe that these scheduling

heuristics have varied performance, unlike the robust performance offered by 2D.
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Figure 2.8: CDF of FCTs for the
(light-tailed) Cache workload.

To further understand this behavior, we

analyze the performance of Baraat and Aalo un-

der the Cache workload (Figure 2.8). At lower

percentiles, Aalo achieves comparable comple-

tion times – due to its priority based rate di-

vision across the created classes – at the expense

of long flows, which drive up the tail FCTs by

10× (2.7×) at p90 (p99), so much so that Aalo’s

D-CLAS scheduler performs worse than PS by

a factor of 2.17× at p95 (an outcome we cannot afford with 2D!). Similarly, the

multiplexing threshold chosen proves to be too conservative for Baraat’s FIFO-LM

scheduler, resulting in serialization between different sized flows, thus hurting per-

formance.

2.6.3 2D under changing and mixed workloads

We now evaluate the ability of our controller to detect workload changes, and adapt

class thresholds and rates, in an online fashion. We consider two scenarios, based

on our discussion in §2.2.1, where such a system can be useful. First we look at

a cluster-reuse setting; applications with different workloads use the same cluster

one after the other. Second, we consider the case of heterogeneous clusters where
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Figure 2.9: 2D Controller detects workload changes and adjusts class thresholds (a)
and rates accordingly allowing it to perform better than other strategies (b). FCTs
for different strategies for the mixed workload scenario (c); the learning approach
beats the strategies that use thresholds and rates corresponding to one of the possible
workloads.

applications with different workloads are co-located in the same cluster. Finally, we

evaluate 2D’s robustness in face of changes in system load.

Cluster-Reuse. In our experiment, we introduce three very different types of

workloads sequentially. At the start, the controller bootstraps itself with a sin-

gle default class. We start the data mining (VL2) workload at 30 seconds; at 170

seconds, we switch to the DCTCP workload; and finally, we introduce the Cache

workload at 350 seconds.

We compare the performance of 2D with controller (Dynamic) versus a real-

ization of 2D that: i) simply uses the thresholds and rates, computed offline, for the

data mining workload (Static), and ii) uses thresholds and rates computed, offline,

according to the aggregate workload generated from these three workloads (Aggre-

gate).

Figure 2.9a shows the ability of the controller to learn workload changes and

adjust thresholds accordingly. We report the number of classes determined by the

threshold algorithm, and corroborate this with the number of classes calculated in
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an offline setting - referred to as “True value” in the figure.

Figure 2.9b shows that using thresholds and rates computed for one workload

do not work well for others. It also shows that considering the aggregate workload

when computing thresholds and rates does not ensure robustness across performance

metrics; they only work well for some percentiles. In comparison, the controller

enables 2D to achieve the best median and tail completion times.

Overall, we make the following observations regarding the results:

• The controller is able to learn the workload characteristics, whether it is a new

workload that is introduced at the start, or a change in workload. This validates

2D’s ability to provide robust performance across changing workloads (Fig.2.9a).

• Dynamic 2D improves tail FCTs by 3.33× and 2.72× at p90 compared to the static

and aggregation strategy (Fig.2.9b).

• The controller converges to the optimal settings fairly quickly, within a few itera-

tions for all workloads.

• The convergence times depend on the workload characteristics. Workloads that

have large number of classes, with some of the classes having low occupancy, re-

quire more time because the controller needs a larger sample to cover the full

range of flow sizes. This explains the difference in the (relatively) larger conver-

gence time for the VL2 workload (which has the most number of classes) and the

Cache workload (which has the least number of classes).

Mixed Workloads. We also evaluate the benefits of learning workloads in the

context of heterogeneous clusters - running co-located applications with different

workloads. Note that unlike the previous experiment, in this experiment, workloads

perfectly overlap. To realize this setting, we allocate nine nodes to generate traffic

according to the Cache workload while the other nine generate it according to the

data mining workload. We compare the performance of two strategies: i) 2D with

controller computing class rates and thresholds in an online fashion, and ii) 2D
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without controller, using thresholds and rates computed for cache and data mining

workloads in isolation.

Figure 2.9c shows the normalized FCTs achieved in this mixed workload set-

ting. With the controller enabled, 2D is able to learn the aggregate workload and set

the best thresholds and rates. Simply picking these according to one of the workloads

can be a naive strategy and results in poor performance. 2D is robust in comparison

to a strategy that either uses thresholds and rates computed for cache or the data

mining workloads.
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Figure 2.10: 2D vs PS and FIFO across varying system load for the data mining
workload at low and high percentiles.

Changing Load. Finally, figure 2.10 shows 2D’s performance across varying net-

work loads under the data mining workload. Observe that 2D performs better than

PS across all loads in terms of median and tail FCT (p99). However, at low loads,

2D achieves higher median FCT than PS due to the sequencing overhead as batch-

ing opportunity is low. At high loads, this overhead gets amortized through 2D’s

sequencing optimizations.

2.7 Related Work

Network Flow Scheduling. Our work is inspired by a large body of recent work

on network flow scheduling. Throughout the paper, we have highlighted the differ-

ences between 2D and other network scheduling proposals. Here we summarize the
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key differences in terms of their scheduling policy and mechanisms.

2D’s scheduling policy objective is unique: it considers robustness across

workloads and performance metrics. To achieve these objectives, it uses serialization

and multiplexing in a principled way, effectively combining the benefits of FIFO and

PS. Its principled approach to rate and threshold calculation also sets it apart from

contemporary data center scheduling schemes [33, 52, 66].

2D’s mechanism also leverages key ideas from existing techniques, but is cus-

tomized to support the combination of PS and FIFO. Similar to centralized ap-

proaches (e.g., FastPass [168] and PASE [145]), 2D uses a controller, but its con-

troller is not on the critical path of flows, and operates at coarser timescales. Similar

to end-host based approaches (e.g., pHost [78]), 2D uses local FIFO scheduling, but

it is supplemented by a loose global FIFO ordering. For global FIFO coordination,

2D uses FIFO specific optimizations. Our hybrid framework is most similar to Aalo

– the key difference is in the global FIFO ordering (in addition to the fundamental

differences in policy which we described earlier).

Cluster Scheduling. There has been significant recent interest in scheduling poli-

cies for compute clusters [102, 160]. We believe 2D can provide benefits in those sce-

narios as well, although its mechanism would need to be adopted for the cluster set-

ting. A common approach to implementing different scheduling policies in compute

cluster is to use a centralized manager that can support a range of policies, including

FIFO and PS. Our 2D controller can be integrated with the cluster manager, and

used in scenarios where workload distribution is known. A more challenging use-case

for 2D adoption in compute clusters is decentralized scheduling (e.g., Sparrow [160])

which is often optimized for a particular scheduling policy. However, the decoupling

approach we take in 2D may potentially be applicable in those scenarios as well.

Other Tail Latency Proposals. Improving tail latency is an important problem

that has attracted a wide range of solutions. Most popular non-scheduling based solu-

tions include the use of replicas, either through intelligent replica selection techniques
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or through use of redundant requests to different replicas [189, 108, 58]. Scheduling-

based proposals, including 2D, are orthogonal to these techniques: proposals like 2D

focus on deciding the best schedule for a request that has already arrived whereas

the other category of proposals focus on where to send the request.

2.7.1 Subsequent Work

The related work described above reflects the state of the field at the time of 2D’s

publication in 2018. Since then, the design space of network scheduling and conges-

tion control has expanded significantly, with a growing emphasis on adaptive and

learning-based mechanisms. Below we highlight two strands of follow-on research

most relevant to 2D’s focus on workload sensitivity and tail performance.

Learning-based Network Resource Management. Building on the idea that

static techniques are insufficient for diverse workloads, several proposals have ex-

plored the use of learning to drive network resource management (e.g., scheduling

decisions). AuTO [46] applied reinforcement learning to data center traffic engineer-

ing, demonstrating how data-driven methods can dynamically respond to chang-

ing traffic patterns. NetLLM [209] proposes adapters for Large Language Models

(LLMs) for various networking optimization problems, including cluster job schedul-

ing. Pappone et al. show how learning can be used to intelligently select from and

combine existing congestion control algorithms [161]. Other systems have employed

simulation-guided or adaptive strategies to select among scheduling primitives or

to tune parameters at runtime [139, 121]. These works reflect a broader shift to-

ward workload-adaptive design, a theme 2D anticipated in showing how tail-optimal

scheduling could be achieved robustly across light- and heavy-tailed workloads.

Congestion Control for Modern AI Workloads. In parallel, the rise of large-

scale distributed machine learning has motivated congestion control mechanisms

specialized for training workloads [196]. These proposals often incorporate learn-

ing or workload feedback for enhanced performance. For example, CASSINI [171]
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adapts congestion windows based on iteration-level traffic patterns. Such systems

highlight how the principle of workload-aware adaptation, as emphasized in this

chapter, has become increasingly central in the design of networking support for AI

infrastructure.

2.8 Discussion

We now reflect on broader implications, extensions, and limitations of 2D’s design.

While 2D targets the core challenge of providing robust flow scheduling under varying

workloads and performance objectives, its architecture opens the door to further

applications and adaptations. In particular, we explore how the ideas behind 2D

could generalize beyond the current scope — to settings like coflow scheduling, non-

clairvoyant environments, and spatially heterogeneous data centers.

2D with Coflows. While the focus of our mechanism has been on flows (rather

than coflows), 2D’s policy – and its gains – can potentially extend to a coflow setting

as well. This, however, may require non-trivial changes in the mechanism, depending

on whether coflow scheduling is done in a centralized or distributed fashion. For

centralized co-flow schedulers (e.g., Varys [54]), 2D’s scheduling policy can easily

be implemented at the centralized controller, which computes the rates according

to the 2D policy, and the end-points can enforce this rate. For distributed co-

flow scheduling (e.g., Baraat [66]), 2D’s current mechanism will require substantial

changes, including a new flow-to-class mapping mechanism based on the coflow id

rather than the flow size. Similarly, the serialization mechanism will also need to

obey a FIFO order based on coflows (rather than flows). On the controller side,

the compute engine will remain the same as it is agnostic of the notion of flows (or

coflows) but the ME engine will need to collect coflow statistic rather than flow-level

statistics.

2D without Flow-size information. 2D’s current scheduling policy requires a-

priori flow size information, Which may not be available in all scenarios [33, 52].
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We foresee the potential to estimate or learn flow size information using machine

learning techniques. Traditionally, non-clairvoyant schedulers use the age of a flow

(bytes sent so far) to estimate its actual size. In addition, attributes that may prove

useful include: spatial attributes (e.g., source-destination, intra-rack vs. inter-rack

flow) and temporal attributes (e.g., over 40% big-data jobs in compute clusters are

recurrent and have similar characteristics [112]). These features can potentially be

used to make predictions about a flow’s size.

Capturing Workload Variation Across Space. Another dimension to the vari-

ability in workloads is the spatial dimension – when workloads differ at different

locations of a cluster or a data center. Arjun et al. show that for Cache and Hadoop

clusters, the intra-rack and inter-rack flow size distributions are very different [176].

2D’s control mechanism can be potentially extended to learn workloads at different

granularities (e.g., rack level, cluster level, etc) across the data center fabric, with

suitable updates to class-rates and thresholds. For example, for flows traversing

several hops, 2D can use class rates and thresholds of the bottleneck link for such

flows.

Multiple Bottlenecks. While we focus on single bottleneck scenarios in our eval-

uation, 2D’s policy can be extended to multi-hop settings. Virtual network parti-

tioning for inter-rack and intra-rack communication can allow 2D’s policy to apply

to flows that traverse multiple hops.

2.9 Conclusion

Existing flow scheduling schemes for data centers optimize for a specific workload and

performance metric. We proposed 2D, a new learning-based scheduling framework

that is robust across metrics and changing workloads – a ground existing scheduling

policies are unable to cover. To achieve this, 2D combines multiplexing and serializa-

tion in a principled way, ensuring tail optimal performance across workloads while

also improving the lower percentiles. With 2D, coarse time-scale decisions based on
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workload and load changes are made by a centralized controller whereas per-flow se-

rialization decisions are made in a distributed fashion involving only the end-points

and sequencer(s). Our testbed experiments show that, for realistic cloud workloads,

2D provides consistent gains at the tail and average flow completion times compared

to basic scheduling techniques (e.g., FIFO, PS) as well as recent heuristic-based

schedulers (e.g., Aalo, Baraat). We believe that 2D sets out a new direction in data

center scheduling, where robustness is elevated as a key metric, and principled form

of “learning” as a key strategy; eventually helping with the adoption of such schemes

in practice.
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Chapter 3

PCS: Predictability-Centric

Scheduling

3.1 Overview

In this chapter we make a case for providing job completion time estimates to GPU

cluster users, similar to providing the delivery date of a package or arrival time

of a booked ride. Our analysis reveals that providing predictability can come at

the expense of performance and fairness. Existing GPU schedulers optimize for

extreme points in the trade-off space, making them either extremely unpredictable or

impractical.

To address this challenge, we present PCS, a new scheduling framework that

aims to provide predictability while balancing other traditional objectives. The key

idea behind PCS is to use Weighted-Fair-Queueing (WFQ) and find a suitable config-

uration of different WFQ parameters (e.g., queue weights) that meets specific goals

for predictability. It uses a simulation-aided search strategy to efficiently learn and

discover WFQ configurations that lie around the Pareto front of the trade-off space

between these objectives. We implement and evaluate PCS in the context of schedul-

ing ML training workloads on GPUs. Our evaluation, on a small-scale GPU testbed

and larger-scale simulations, shows that PCS can provide accurate completion time
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estimates while marginally compromising on performance and fairness.

3.2 Motivation

Humans desire predictability in their daily lives [143]: from knowing how long their

home-to-office commute will be to the arrival time of an Amazon package [177] or

an Uber ride [8]. Fortunately, most real world systems (e.g., transportation, e-

commerce, etc) meet this need by providing their users with a (reliable) prediction

(e.g., estimated delivery date). As more and more of our lives move to the cloud

(e.g., Metaverse [155, 92]), it begs the question of whether the cloud can offer a

similar notion of predictability? More concretely, when a user submits a “job” (e.g.,

train a Machine Learning (ML) model) to the cloud, can the cloud provide a reliable

job completion time prediction?

According to studies in human psychology [61, 105], such feedback can im-

prove the quality of experience and ease user frustration; perhaps more emphatically

than simply making the cloud faster or fairer.

Several aspects of the user-cloud ecosystem can impact the (lack of) pre-

dictability of a job’s completion time (e.g., failures [114], shared vs. dedicated re-

sources [117], knowledge of individual job sizes [71, 129], workload characteristics

etc.). The focus of this chapter is on understanding the unpredictability stemming

from the scheduling mechanism used by the cloud (sub)systems (e.g., FIFO vs. Fair

Sharing vs. other policies). While this discussion has broader applicability in var-

ious scenarios (e.g., CPU scheduling, network bandwidth scheduling), we situate it

in the context of multi-tenant GPU clusters (e.g., PAI [200], Philly [114], etc) and

discuss the opportunities and challenges in supporting predictable scheduling in that

context.

3.2.1 Why provide JCT predictions (JCTpred)?

Providing JCTpred can have two broad benefits: (1) Alleviating User frustration.

Several studies on real-world systems (e.g., online retail [167], airlines [36]) show that
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providing a timeline to users can help ease frustration in the face of long and variable

waiting times [218, 105, 107]. JCTpred can offer a similar role in the context of multi-

tenant GPU clusters where users can suffer from large and unpredictable delays,

inevitably leading to a poor and frustrating experience [61, 101]. Measurements on

Microsoft’s GPU cluster (Philly) show that ML training jobs can face up to 100

hours of queuing and preemption related delays [114], hinting that organizational

GPU clusters are heavily oversubscribed. Research shows that users are often trying

to guess when their training jobs will complete and that user-driven predictions can

be off by more than 100% (i.e., the system takes twice as long to complete the job

compared to the user’s prediction), with some users finding it impossible to make

any meaningful predictions [79]. With the paradigm of AutoML, jobs that spawn

hundreds of DNN trials [136, 128], and LLMs (e.g., GPT4 [5]) becoming mainstream,

these issues will only exacerbate [31]. Additionally, predictability expectations are

higher for users submitting repetitive jobs [117] and according to one study, 60%

of training jobs exhibit DNN architecture similarity [122], emphasizing the need to

provide JCTpred in such scenarios.

(2) Enabling decision making. In real-world systems, if the predicted timeline

is long, customers may elect to perform other tasks or seek alternatives [137]. For

example, estimated delivery dates can help shoppers decide between e-commerce

platforms (e.g., Amazon [2] vs Temu [7]) and even between sellers within a plat-

form. Today’s cloud users have similar choices to make and JCTpred can enable

them to make these choices in a more informed way. For example, it can help

users decide between different cloud systems to run their ML workloads on, each

option potentially offering a different cost-JCTpred trade-off. As a forward looking

avenue, JCTpred can facilitate the growing eco-system around inter-cloud brokers

which orchestrate seamless access to multiple clouds with low user effort (e.g., SkyP-

ilot [214, 187, 109, 55]). Within a cloud, JCTpred can facilitate users in selecting

between different model variants/pipelines to train, based on the expected accuracy-

JCTpred trade-off [37, 56, 220, 212].
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Why are Deadlines not the answer? One may wonder how the predictability

metric is different from deadlines (and the large body of work on deadline-based

scheduling for GPUs and beyond [79, 49, 50, 126]) where a user provides a deadline

along with their job and the system tries to satisfy it. The fundamental difference is

that in the deadline-based context, the burden lies on the user to provide a timeline

to the system, with the system deciding the user’s fate. We posit that it should

instead be the system that provides the user with a timeline (i.e., a JCTpred), em-

powering them to decide whether it is acceptable or not. Our approach is analogous

to real-world systems like ride-sharing where most users request a ride, wanting it

ASAP (i.e., no deadline) while the system comes up with the expected arrival time

of the ride.

Even if we try to shoehorn predictability into deadlines, it will be challenging

for two reasons. First, coming up with a reasonable deadline is hard because the

slowdown of a job is highly dependent on: i) cluster load (which can be highly variable

and bursty at short timescales) and ii) underlying job-to-resource mapping which is

(dynamically) determined at run time [117] and can result in significant variation due

to heterogeneity in the underlying resources (e.g., low vs. high end GPUs [200, 43,

149], RDMA vs. TCP [80, 166], etc.,). Second, unless there is an inherent difference

in user requirements (and hence deadlines), users have the incentive to specify a

small deadline (i.e., to act greedy), which limits any prioritization the system can

enable. In both the above cases, the lack of reasonable deadlines will render the

system ineffective.

Feasibility of providing JCTpred. Computing JCTpred requires the knowledge

of a job’s size and its demand function (i.e., how its execution time will change based

on the allocated GPUs). Fortunately, several attributes of ML workloads allow us

to (approximately) estimate these. (1) Intra-job predictability. DNN training and

inference jobs [136, 114, 89] exhibit intra-job predictability; the time it takes to

run an inference job [90] or train a DNN for a specified number of epochs is fairly

deterministic [136]. By profiling [106, 170, 149, 159] or modelling [165, 136, 226, 80,
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Figure 3.1: Toy example with a single GPU illustrating the limitations of existing
schedulers. (a) shows how job ordering evolves as new jobs arrive over time under
Tiresias [89], Themis [136], and FIFO [193]. Time advances left to right, with jobs
arriving at t = 0, 0, 1, and 10 units, with sizes 10, 8, 1, and 8 units, respectively.
The expected completion time for each active job (its size plus scheduling delay) is
displayed above the schedule; completed jobs are grayed out. Numbers shown in
red (e.g., +8) denote the additional delay introduced whenever a new job arrives.
(b) summarizes the comparative outcomes of these policies in terms of performance,
fairness, and predictability.

213] the job’s throughput and combining it with the provided job information (e.g.,

total number of epochs, convergence criteria, budget), its size and demand function

can be estimated. (2) Recurring jobs. ML workloads are known to contain recurring

jobs [122, 200, 63]. This can make history [163] and sampling [111] based strategies

highly effective in estimating job sizes.

3.2.2 Limitations of Existing Schedulers

Reliably predicting the completion time of a user’s job requires the underlying

scheduling system to be predictable [79]. In this section, we highlight and ana-

lyze why existing schedulers used by GPU clusters today are either not amenable to

reliable completion time predictions or are not practical.

Unbounded Preemption: the Price of Fairness and Performance. Per-

formance and fairness-oriented schedulers frequently utilize unbounded preemption

to prioritize and distribute resources among jobs. Preemption collectively refers to

when some or all of the resources assigned to a job are reallocated or when its posi-

tion in the queue is altered because of another (future) job. Although preemption is
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essential for achieving the goals of these schedulers, it can lead to unpredictability

in a job’s completion time [117]. Under preemptive scheduling policies, the arrival

of future jobs can affect the completion times of current jobs by preempting the

resources (e.g., GPUs) they are using.

Preemption manifests in today’s cloud systems in the following ways: (1) Prioritization.

When a higher priority job arrives and needs to be scheduled, running jobs are

paused or waiting jobs are pushed further back in the queue. Several schedulers use

prioritization to minimize JCTs and meet deadlines [89, 165, 79, 130, 29, 50, 126].

(2) Elastic Sharing. Jobs may need to be multiplexed together to achieve fairness

and efficiency [136, 210, 43, 81, 106]. As new jobs arrive, the GPU share of existing

jobs is reduced, stretching their completion times [117] or the scheduler takes away

GPUs from existing less-efficient jobs and assigns them to new jobs that can utilize

them more efficiently [106, 38].

Takeaway: Unbounded preemption results in unpredictability, making it

challenging to provide a reliable JCTpred. A scheduler which utilizes bounded pre-

emption will be more predictable.

Fixed Trade-offs. The other option is to use non-preemptive schedulers such as

First-In-First-Out (FIFO) [193] and reservation based schemes [114] which are highly

predictable as they guarantee resource allocation throughout the lifetime of a job —

future job arrivals do not impact current jobs in the system. However, such schemes

suffer from well known performance issues such as Head-Of-Line (HOL) blocking in

the case of FIFO [74, 66, 148, 106, 89] and poor utilization for reservation based

schemes [211, 114, 200]. There is no clear way to tune these schedulers that lie on

extreme ends, to offer different trade-offs between predictability and other objectives.

This is an issue because different cluster operators may want to settle for different

(intermediate) trade-offs rather than switch between these two extremes.

Takeaway: Existing schedulers offer a fixed trade-off: predictable but high-

/unfair JCTs (non-preemptive) or low/fair but unreliable JCTs (unbounded pre-

emptive). A scheduler which offers different trade-offs between these competing
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objectives is more practical.

Motivating Example. We use a simple toy example (Fig. 3.1a) with four jobs (J1-

J4) to demonstrate these limitations. We analyze the performance of three schedulers

— FIFO, Tiresias, and Themis — on reducing JCTs, unfairness, and unpredictabil-

ity. FIFO is the default scheduler used in YARN [193]. Tiresias [89] prioritizes DNN

training jobs with smaller remaining service times, while Themis [136] strives to

minimize peak unfairness.1 Tiresias and Themis are representative of a large space

of policies which either use size based or fair scheduling, respectively. Unpredictabil-

ity is captured as Prederr =
JCTtrue−JCTpred

JCTpred
%, while unfairness is captured as the

additional time it takes for a job to complete compared to its Fair Finish-Time

(FFT) [136, 44] in percentage terms. JCTpred is computed at the time of a job’s

submission and is defined as the time it takes for a submitted job to complete given

a scheduling policy and the current cluster state (i.e., GPU allocations to existing

jobs). We provide a practical way to compute it for all scheduling policies in §3.4.

As new jobs arrive (moving left to right in Fig. 3.1a), both Tiresias and

Themis result in a change in completion times of previous jobs. For instance, in

Tiresias (top row), when J2 and J4 arrive in the system (second and fourth column),

there is an eight time unit increase in J1’s predicted JCT each time. While Tire-

sias achieves the minimum average JCT, it results in the highest average prediction

error — 46% Prederr in our example. Similarly, in Themis (middle row), the sched-

uler’s multiplexing of J1 and J2 causes J1’s predicted completion time to increase

by eight time units (second column). While Themis ensures all jobs finish before

their FFT (unfairness of 0) and also avoids HOL blocking, it has an avg Prederr

of 24%. The FIFO scheduler (bottom row) achieves a prediction error of 0 as it is

non-preemptive, but is the most unfair strategy and has the highest average JCT.

Figure 3.1b summarizes these outcomes.
1We use a lease duration of 1 time unit for Themis and assume job size information is known

for all schedulers
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3.3 Predictability-Centric Scheduling (PCS)

Requirements. Our analysis in the previous section reveals that a scheduling policy

with no preemption (i.e., FIFO) results in maximum predictability. However, this

comes at a high cost in terms of performance (i.e., JCTs) and fairness, which makes it

an impractical option. On the other extreme, there are scheduling policies that have

unbounded preemption (e.g., Fair-Share, Shortest Job First, etc.). In these policies,

an influx of future arrivals can arbitrarily stretch the completion time of an existing

job, making them unsuitable for providing predictability.

This insight distills into the following two requirements that a scheduling

policy must satisfy:

R1 Predictability Requirement: a scheduling policy must have bounded preemp-

tion. This is essential in order to provide reliable JCT predictions.

R2 Flexibility Requirement: it should be able to approximate maximum pre-

dictability, optimal performance, and maximum fairness. Most importantly,

it should be able to achieve Pareto-optimal trade-offs between these. This is

essential for practicality.

PCS Overview. Our solution to this end is PCS, a generic scheduling frame-

work (Fig.3.2), which captures these requirements using a high level preference in-

terface (§3.3.2), and meets them by using the well-known Weighted-Fair-Queuing

(WFQ) [62] policy in a novel way. The inherent properties of WFQ, careful selec-

tion of various WFQ parameters (number of queues, weights, etc) along with how

each job is mapped to a queue and processed within it, allow us to meet our objec-

tives (§3.3.1). Specifically, WFQ creates a fixed number of queues, assigns each of

them a guaranteed share of the resource capacity (weights) and schedules jobs within

a queue in FIFO order – this allows WFQ to satisfy our predictability requirement

(R1). Similarly, the number of queues, weights, and how jobs are mapped to each

queue are tunable, allowing it to offer the desired flexibility (R2).
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Figure 3.2: Key components of PCS: The preference framework can be used by oper-
ators to specify high level objectives. The preference solver uses a simulation-based
search strategy to find Pareto-optimal WFQ configurations that are then shared
with the operator. On the critical path, users submit their jobs along with the job’s
demand function and are given a JCTpred.

A key component of PCS that enables the above functionality is the prefer-

ence solver (§3.3.3), which translates the specified high level objectives into a set of

Pareto-optimal WFQ configurations using a simulation-based search strategy. The

simulation based search strategy is not on the critical path of a submitted job; it op-

erates at coarser timescales, aligned with changes in workloads. Since ML workloads

are fairly stable, expending the time to search for Pareto-optimal WFQ configu-

rations is feasible. While the space of possible configurations is large, we use an

intelligent parameterization of WFQ (e.g., coefficient of variation of job sizes within

a queue) to navigate it in a feasible manner. Once a particular WFQ configuration

is selected, it can be used to schedule submitted jobs as they arrive.

An important benefit of PCS is that it is a generic scheduling policy – it

operates on the notion of a job which could be a network flow or a DNN training

job etc. To deal with the varying needs of these different scenarios, in PCS, a job

is defined using a demand function. The demand function is a mapping between

the job’s execution time and the resources allocated to it i.e., demand(n) 7→ Texec
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and has a minimum (demandmin) and maximum (demandmax) resource allocation

bound, denoting the execution time under the lowest and highest possible allocation.

For ML workloads, in particular DNN training, the demand function is sophisticated,

as different models can have different speedups based on the GPU type and affinity

and is estimated on the users behalf, as discussed in §3.4. For scenarios like network

(co)flow scheduling [66, 74, 52], the demand function is simpler, as we discuss in §3.7.

Finally, the user submits their job, optionally including its demand function.

PCS then computes and returns the predicted completion time (JCTpred).

We now explain in detail, our choice of using WFQ as a building block (§3.3.1),

followed by preference solver and interface.

3.3.1 WFQ under PCS

We begin by motivating why WFQ is a useful starting point and then share PCS’s

careful usage of WFQ in meeting our objectives. Our observation is that a lack of

preemption, as in FIFO, and a non-zero guaranteed resource share for jobs is crucial

for predictability. WFQ uses FIFO scheduling within each queue and across queues

the resources are shared according to, strictly positive, queue weights, helping us

satisfy the predictability requirement. To highlight the flexibility of WFQ, we show

how it can be configured to optimize for extreme points in the trade-off space of

maximum predictability, performance and fairness.

• Maximum Predictability: WFQ with a single queue is exactly FIFO scheduling

which achieves a prediction error of 0

• Near-optimal Performance: Shortest Job First (SJF) is near-optimal in mini-

mizing avg JCT for a single bottleneck [186]. WFQ can map each job to its own

queue and give a higher weight to queues with smaller jobs, approximating SJF

as shown by prior work [198, 52].

• Max-Min Fairness: If each job is mapped to its own queue and each queue

gets an equal weight, WFQ can emulate Max-Min fair allocation which minimizes

unfairness for a single bottleneck [82].
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As our analysis in §3.2 reveals, a combination of these objectives is more practical.

WFQ offers the necessary baseline flexibility in the queue creation, job mapping and

weight assignment strategy. This motivates that we can achieve a combination of

these objectives as well, which leads to PCS’s preference interface §3.3.2.

Beyond vanilla WFQ. Our core idea is the novel use of WFQ to meet our ob-

jectives. First, PCS intelligently chooses the number of queues, weights and the

job-to-queue mapping strategy to find various Pareto-optimal configurations, in-

cluding extreme points, such as FIFO, SJF and Max-Min Fair Share. In PCS, jobs

are mapped to different queues based on their size and a set of thresholds (t′is), while

strictly positive weights (wi’s) dictate the guaranteed resource share for each queue.

For example, jobs with size > tk and ≤ tk+1 will be mapped to the kth queue.

Second, within a queue, PCS deviates slightly from a strict FIFO schedule

in favor of improving performance and fairness. In PCS, a job’s demand function

is used to cap the resources allocated to it. For example, a job at the head of its

queue may not be assigned all of the guaranteed resource share of its queue (as in

strict FIFO); instead, some of the resources may be allocated to the jobs behind it.

This allows PCS to handle jobs that exhibits diminishing speedup w.r.t. increase in

allocated resources, such as ML training jobs (§3.4).

Finally, to ensure work-conservation, any residual allocation is then redis-

tributed first within a queue in FIFO order by incrementally relaxing the cap on

each job’s demand function and then across queues proportional to their weights.

We expose the weights, thresholds and the demand capping criteria to the preference

solver which searches over the space of possible choices of these parameters in order

to discover Pareto-optimal configurations (§3.3.3).

Prederr in PCS. Since PCS is work-conserving, a job may get a higher resource

share compared to its guaranteed share. For example, if a job arrives when no other

job is present, it will be allocated all the available resources (up to demandmax).

This can lead to prediction errors (Prederr) if in the future, other jobs arrive and
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Figure 3.3: Pareto front of the trade-off between Prederr and normalized average
JCT for workload-2 (§3.5). Better indicates WFQ configurations that achieve a
tight bound on average/tail Prederr while incurring the smallest possible increase in
average JCT.

occupy different queues.

In PCS, we bound these errors in a few ways. Firstly, a job’s worst-case

completion time is strictly bounded, irrespective of the number of future arrivals

in other queues or its own queue. This is possible because each queue is assigned

a strictly positive weight and uses FIFO scheduling (both properties of WFQ). By

bounding the worst-case completion time of a job, the number of preemption events

a job will experience during its lifetime is bounded, resulting in bounded Prederr.

Second, we exploit the fact that cloud systems are typically highly loaded [89], and

by limiting the queues created we can reduce the likelihood of sudden and drastic

changes in queue occupancy due to future arrivals. Furthermore, the exact load

of a queue is controlled by the thresholds and weight assignment strategy. These

observations guide us in discovering Pareto-optimal WFQ configurations.

3.3.2 Preference Interface

PCS exposes a simple yet expressive bi-directional interface that allows operators to

specify high level objectives and present Pareto-optimal trade-offs (WFQ configura-

tions) to choose from. This is unlike other tunable systems [149, 139, 121] which

assume operators are aware of the trade-offs involved i.e., PCS actively tries to help

the operator in making an informed choice. Our decision to use Pareto-optimal
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choices, as a way to support informed decision making, is grounded in fundamental

literature on multi-objective decision making [83, 154], which maps neatly to the

problem PCS is trying to address: predictability while being practical.

The preference interface itself, is general enough to be used in scenarios be-

yond predictability as well. For example it can be used to strike a balance between

fairness and performance (e.g., Carbyne [86]) and between minimizing average and

tail JCTs [86, 74, 66, 148]. The preference interface exposes the following API:

void SetPreference(

Obj1 <Metric , Measure >,

...,

ObjN <Metric , Measure >

);

List <WFQConfig > UpdateParetoFront ();

void SetWFQConfig(WFQConfig config );

The current PCS API supports three Metrics: Performance (JCT ), Fairness (un-

fairness), and Predictability (Prederr). The SetPreference() method is used to

specify the list of objectives; repeated entries are allowed to support exploring trade-

offs across different measures of the same metric. For each objective, avg(.) or a

particular percentile(p) needs to be specified as a Measure.

We envision the following API usage life cycle from an operators perspective:

(1) Upon cluster deployment or drastic workload changes, the operator uses the

UpdateParetoFront() method to kick-start the preference solver (§3.3.3). (2) The

preference solver uses the updated workload information and preferences to discover

the set of Pareto-optimal WFQ configurations. (3) Once complete, the operator

can choose a specific WFQ configuration (WFQConfig) to be used by invoking the

SetWFQConfig() method.

UpdateParetoFront() requires PCS to passively collect job size information
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and maintain a workload history. When bootstrapping, PCS starts with a default

WFQ configuration, which can be any one of the extreme points in the trade-off space

(e.g., FIFO) described in §3.3.1. When sufficient workload information is gathered,

the preference solver is initiated.

We now show how the API is used to target scenarios covered in our evalua-

tion.

Average JCTs vs. Average Prederr: Minimizing average JCTs is a popular

performance objective and has been a focus of several scheduling policies [89, 165].

To explore the trade-off between performance and predictability, one can specify it

as SetPreference(<JCT, avg>, <Prederr, avg>). We use this for evaluating PCS

for workload-1 and workload-2 in §3.5.

Average JCTs vs. Tail Prederr: Prediction error can be tightly bound by spec-

ifying the tail Prederr (e.g., p99) as a measure of predictability. In such a case, the

objectives would stay the same as in the above example, however, the measure for

Prederr would change from avg(.) to percentile(99). PCS uses this specification

for workload-3 where low p99 Prederr is challenging to achieve with other policies.

Pareto Fronts. Figure 3.3 shows the set of Pareto-optimal WFQ configurations

generated by PCS for two realistic DNN training workloads.

3.3.3 Preference Solver

The preference solver is responsible for finding Pareto-optimal WFQ configurations

for the objectives specified. It uses a multi-objective search algorithm to navigate

the space of possible WFQ configurations. The optimization parameters consist of

the (1) number of queues, (2) queue weights, (3) queue thresholds, and (3) resource

allocation cap. These parameters are deemed relevant as they directly control the

different trade-offs involved between the objectives considered by PCS. For example,

the number of queues influence the degree of preemption and hence predictability,
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while the resource allocation cap influences the overall efficiency and hence perfor-

mance. Other common scheduling dimensions, such as explicit priorities or deadlines,

are not considered as they relate to objectives beyond performance, fairness and pre-

dictability. For example, some systems may want to prioritize a longer running job.

This conflicts with the goal of minimizing JCT; which is rather achieved by assigning

a low priority to such jobs. Catering to such scenarios is beyond the scope of PCS.

Finding Pareto-optimal configurations is challenging due to the combinatorial

nature of the configuration space. The solver intelligently parameterizes each con-

figuration to make the search process feasible. It uses a simulation-based approach

to evaluate the performance, predictability and fairness of a particular WFQ config-

uration. These are fed to the search algorithm, which decides the configurations to

keep, try out next, and discard.

Intelligent Parameterization. To reduce the number of optimization parameters

we use the following heuristics:

• Creating Queues and Thresholds: Large variation in job-sizes within a queue

can lead to HOL blocking but creating too many queues increases preemption

events and deteriorates predictability. In PCS, queues are created based on the

squared coefficient of variation (C2) in the job-sizes, inspired by the approach we

take in 2D (Chapter 2). We use a tunable parameter 0 < T < C2
max to ensure

that queues are created such that C2 of job-sizes within each queue is ≤ T , where

C2
max is the C2 of the entire job size distribution. A larger (smaller) T results in

fewer (more) queues created.

• Systematic Weight selection: Higher weights given to queues with smaller jobs

improves performance for most workloads. On the other hand, a balanced weight

assignment strategy may improve fairness instead. Based on this, we constrain

the weight for the ith queue to be wi = e−i×W . W is a tunable parameter which

controls the relative weights for each queue. A higher (lower) value of W leads

to a greater (lesser) disparity in weights among the queues. For heterogeneous
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deployments, containing several resource types (e.g., k different GPU types) we

can use W1 . . .Wk.

• Finding Demand caps: The resource efficiency of a job is used to decide its

allocation cap and it is computed as ζ(n) = demandmin
n×demand(n) , where demandmin is a

job’s execution time under its minimum possible allocation (e.g., 1GPU) and it is

a non-increasing function of the allocated resources. For linear scaling jobs, ζ = 1,

while for jobs that scale sublinearly, 0 < ζ ≤ 1. Instead of a fine-grained efficiency

comparison between all jobs, we introduce a tunable threshold ζmin to be used for

all jobs, to reduce the search parameters. Using this, a job’s resource allocation

is capped at k such that ζ(k) ≥ ζmin. Intuitively, a low (high) ζmin means the

scheduler is more (less) tolerant towards inefficient jobs. Our evaluation in §3.5

shows that this heuristic is competitive compared to the approach taken by other

efficiency based schedulers (e.g., AFS [106], Themis [136]).

Using these heuristics, WFQ(T ,W, ζmin) becomes the succinct parameterization of

each configuration. Different values for these parameters result in different trade-

offs between the objectives specified by the operator. For example, setting (T =

C2
max, ζmin = 0) achieves maximum predictability (i.e., strict FIFO) as only one

queue is created and no allocation cap is enforced.

Simulation-based Search. We use a simulation based approach to discover Pareto-

optimal WFQ configurations. Our methodology utilizes a simulator, which accepts a

WFQ configuration (denoted by (T ,W, ζmin)) as input. The simulator evaluates the

provided configuration under a random sample (≈ 1000 job arrivals) of the collected

workload (i.e., size distribution and average arrival rate) and outputs the resulting

JCT, FFT and JCTpred metrics. The results are then fed to the search algorithm.

The search algorithm samples the search space of possible WFQ configura-

tions and interacts with the simulator to converge to Pareto-optimal solutions. We

use SPEA2 as our choice of the search algorithm. It is based on evolutionary search

and supports optimizing over multiple objectives [228]. Other multi-objective opti-
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mization algorithms can also be used as an alternate, in a plug-and-play fashion. To

improve the robustness of each discovered WFQ configuration, it undergoes multiple

evaluations under different random samples of the workload to increase its likelihood

of being Pareto-optimal.

While we don’t have any theoretical basis for the convergence and optimality

properties of our approach, it works well in practice and can timely (≈ 1hr) dis-

cover the Pareto front for a reasonably sized GPU cluster. Our evaluation confirms

that Pareto-optimal configurations found using simulations follow the same trade-

offs on the testbed experiment (§3.5.2). We micro-benchmark the feasibility of the

simulation-based search strategy in §3.5.4.

3.4 PCS for GPU Scheduling

We now describe the realization of PCS for DNN scheduling on GPU clusters, high-

lighting important differences and how our abstraction of a job and demand function

handles these differences.

DNN Jobs. A job is either a single DNN training job or a collection of DNN trials

being run as part of a hyper-parameter tuning task (i.e., AutoML). The demand

function for such workloads can be complicated. Modern DNNs require distributed

training (e.g., data parallelism) on multiple GPUs. They are known to have sublinear

speedup w.r.t to the (1) number, (2) type and (3) locality of GPUs allocated to

them [106, 170, 136, 149]. For example, the VGG16 model [183] can be up to

2× slower when trained on GPUs placed on different servers [89]. PCS relies on

existing techniques, such as throughput modelling and profiling, to estimate a job’s

demand function. As described in §3.3, the demand function describes how the

job’s execution time changes with different resource allocations. Since allocations

have three dimensions: locality, GPU type and number of allocated GPUs, the

demand function takes as input different combinations and returns the corresponding

execution time. This is akin to the notion of bids in Themis [136] and throughput
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in Gavel [149].

Role of Demand Functions. PCS uses demandmin as a job’s size to map it to

its respective queue. The demand function is also used to cap the maximum GPU

allocation for DNNs that exhibit sub-linear speedup. Allocating GPUs up to the

maximum demand (demandmax) for such jobs can result in poor performance. We

evaluate this approach and show that it works for DNN workloads consisting of jobs

that scale sub-linearly (§3.5.3). As described in §3.3.3, the allocation cap is a tunable

parameter for the preference solver and can be adjusted for different trade-offs and

workloads.

Implementation. We implement PCS as a central coordinator in Python and use

the Ray cluster manager [144] for GPU allocation enforcement as well as for general

cluster management tasks such as fault tolerance. Each job is either a single trial or

consists of multiple trials as part of a hyperparameter tuning algorithm provided by

RayTune [131]. We use a custom ray_trial_executor to control starting, stopping

and preempting individual trials based on the allocations computed by PCS. To de-

termine the remaining service requirements of running jobs, we use various callbacks

(e.g., on_step_start) exposed by RayTune to get the exact number of iterations

completed by each job and multiply it with the profiled time per iteration.

In addition to the central coordinator, PCS consists of an agent, which uses

information about running jobs to provide a prediction interface. This interface

returns a JCTpred in real time to the user whenever they submit their jobs. The agent

computes JCTpred by “virtually” playing out (i.e., in a simulated setting) the current

snapshot of the cluster state (e.g., running jobs, available GPUs etc.), accounting for

preemption overhead and demand functions of other jobs, to determine the time at

which the job will end. This approach is inspired by prior work [75, 185], which use a

simulator to compute a job’s duration under different resource allocation strategies.
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3.5 Evaluation

We evaluate PCS on a 16 GPU cluster with a realistic AutoML style workload to

validate our observations. We also cover additional workloads at a larger scale using

an event-based simulator. Our evaluation covers different application workloads (e.g.,

heavy-tailed vs. light-tailed, AutoML apps vs single DNNs), different scheduling

schemes (e.g., Tiresias [89], Themis [136]) and different metrics (e.g, avg, p99).

Our evaluation attempts to answer the following key questions:

• How does PCS perform in terms of Prederr compared to other schemes?

Our testbed results reveal that PCS configurations achieve significantly lower

Prederr (20%) while being within 10% of high performing schemes on the per-

formance side.

• Does PCS work well across different workload types? The flexibility and

predictability provided by PCS holds across different workloads and across prefer-

ence specifications. PCS can discover configurations that bound the tail Prederr

to be within 100% compared to AFS [106] and Tiresias [89] which suffer from

≥ 300% error at the tail.

• Are PCS configurations fair? PCS configurations that are optimized for the

performance vs Prederr trade-off do not necessarily suffer from unfairness because

each queue is guaranteed a GPU share which helps in avoiding starvation.

• Is the search process feasible? Our micro-benchmark reveals that the search

process can complete within O(hr), making it practical to use, and PCS config-

urations discovered using the simulation based search-strategy observe the same

trade-off trends on the testbed.

3.5.1 Experimental Setup

Testbed. Our testbed cluster consists of 16 1-GPU c240g5 machines in the Wis-

consin Cloudlab cluster [3]. Each machine has one NVIDIA P100 GPU with 12GB

GPU memory.
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Testbed (16 GPUs) Simulations (64 GPUs)

Workload Workload-1 Workload-2 Workload-3
Job Type AutoML DNN DNN
DNN/job 1-20 1 1

GPUs/DNN 1 1-52 1-8

Table 3.1: Summary of the settings used to evaluate PCS

Simulation. We use an event-based simulator to cover workloads that contain

jobs requiring O(100) GPUs on a homogeneous 64 GPU cluster. We have verified

the fidelity of our simulator with trace results from Microsoft [114] and our testbed

results with the difference being within 5%.

Pareto Search. The Pareto-optimal configurations for our workloads are discov-

ered by the preference solver §3.3.3 running on a cluster of 10 c220g5 machines in

the Wisconsin Cloudlab cluster [3]. It is important to note that these configurations

are discovered and evaluated on different sampled subsets of the workload i.e., there

exists a notion of training set vs testing set.

Workloads. Table 3.1 summarizes the characteristics of our candidate workloads.

We now discuss these workloads in detail.

• Workload-1: We borrow this workload from Themis [136] (referred in their work

as Workload-1 ). For our testbed evaluation we scale down the maximum number

of trials per app to 20 and the maximum service time to 2 GPU-hours. The

maximum number of GPUs per trial is set to 1. Each trial tunes a different hyper-

parameter (learning rate and momentum) of popular vision models from the VGG

family [183].

• Workload-2: We use traces from 6 virtual clusters from Philly [6] containing the

largest number of jobs. In contrast to other workloads, jobs in these traces exhibit

sub-linear scaling. We use the scaling data shared by Hwang et al. on Github [1].
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• Workload-3: This is borrowed from Gavel [149] (referred in their work as continuous-

multiple). It is a heavy-tailed workload, with a large number of very small jobs

and few long running jobs. We run this workload at a job arrival rate of 4 jobs/hr.

A common characteristic of these workloads is that the minimum requirement of any

job is 1 GPU i.e., as long as there is at-least one GPU available, a job can start.

This also holds true for RayTune apps which we use in our testbed evaluation.

Scheduling Policies. We compare PCS against FIFO and recently proposed GPU

scheduling systems (Themis [136], Tiresias [89], AFS [106]). All scheduling policies

considered in our evaluation are “work-conserving” and elastic i.e., they redistribute

unused GPUs amongst other jobs according to the policy. For example for FIFO if a

job only needs k GPUs and n are available, where n > k, then n− k are attempted

to be allocated to the next-in-line jobs.

We now describe our implementation of Themis, AFS, and Tiresias that we

use in our evaluation.

• Themis [136]. On every resource change event and lease duration expiry, in-

progress jobs report their fair-finish-time and we allocate GPUs to jobs in de-

scending order of the reported number. We do not consider the scenario where

jobs could lie and thus do not require the partial allocation mechanism. The lease

duration is set to 10 minutes as per the recommendations of the authors.

• Tiresias [89]. Since we assume complete knowledge about job sizes, here Tiresias

emulates the Shortest-Remaining-Service-First (SRSF) policy — referred to as

Tiresias-G in their paper. As such, GPUs are first allocated to jobs with the

lowest remaining service times on every resource change event.

• AFS [106]. This scheduler tries to minimize avg and tail JCTs while maximiz-

ing resource efficiency. On every resource change event we compute each job’s

allocation using the AFS-L algorithm.
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Figure 3.4: [Testbed] Distribution of Prederr showcasing three configurations of
PCS discovered by PCS — performance oriented, predictability oriented and balanced
compared to other schemes.

PCS Configurations. We use three configurations for PCS: (1) PCS-pred, (2)

PCS-JCT, and (3) PCS-balanced. Each configuration makes a different trade-off.

PCS-pred has the highest JCT but the lowest Prederr amongst the three. For each

workload and objective the set of WFQ configurations are different and are discovered

using the preference specifications described in §3.3.2.

Comparison Criteria. We evaluate the merit of PCS on three fronts:

1. Job Completion Times (JCTs): A commonly used metric to evaluate the perfor-

mance of scheduling policies.

2. Unpredictability (Prederr): A proxy to capture the error in JCTpred.

3. Unfairness: It captures the extra time taken by a job to complete, compared to

its fair-finish-time (FFT) and is 0 for jobs that complete before their FFT.

We consider all important statistics such as the average and tail (e.g., p99 Prederr,

avg JCTs) for all objectives. For each objective, a lower value is better. The testbed

result is an average across 3 seeds while simulation results are an average across 5

seeds.
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Figure 3.5: [Testbed] Zooming into the trade-off between performance and pre-
dictability. PCS is within 1.1× AFS at p90 JCT, with significant improvement to
predictability.
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Figure 3.6: [Testbed] (a) shows the CDF of unfairness showcasing that PCS does
not significantly compromise on fairness compared to a policy that optimizes for it.
(b) highlights the Pareto-optimal configurations discovered in a simulated environ-
ment observe the same trend on the testbed evaluation.

3.5.2 Testbed Experiment

For our main experiment we compare three PCS configurations, discovered by the

preference solver for workload-1, against other schemes.

A tight bound on Prederr. Figure 3.4 shows the CDFs of Prederr achieved by

different scheduling schemes and the three PCS configurations. We observe that

all PCS configurations are able to achieve significantly lower Prederr. At p90, the

difference is an 80% lower error achieved by all configurations compared to other
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schemes. At higher percentiles, PCS-pred provides the lowest worst-case Prederr of

150% while other schemes have a long tail. PCS-JCT still has a lower Prederr up

until p95.

Negligible performance sacrifice for high predictability. Figure 3.5 zooms

into the performance versus predictability trade-off achieved by PCS-JCT compared

to AFS and Tiresias which aim to minimize JCTs. We see that PCS-JCT achieves

equivalent performance to AFS and Tiresias for the average JCTs. It is within 1.1×

of AFS at p90, however this trade-off results in significant improvement on the pre-

dictability front, where Tiresias and AFS suffer. Prederr under PCS-JCT is within

20% for average and p90 Prederr while AFS and Tiresias have ≥ 40%(≥ 100%) pre-

diction error at the average (p90). This signifies that PCS-JCT trades off negligible

performance to significantly improve predictability. Another source of improvement

we observe is that since PCS makes limited use of preemption, overheads associated

with preempting running jobs are reduced compared to other schedulers. This is the

reason behind PCS outperforming performance oriented schedulers (i.e., AFS and

Tiresias).

Unfairness. Figure 3.6a compares the unfairness for PCS-JCT compared to AFS,

which optimizes for average JCT, and Themis, which minimizes unfairness. PCS

achieves lowest unfairness till p95 and has the worst-case unfairness ≤ 100% com-

pared to AFS which has a worst-case unfairness > 200%. Not surprisingly, Themis

offers the tightest bound on the worst-case unfairness of less than 50%.

Pareto-optimality. Finally, figure 3.6b shows different PCS configurations that

achieve different trade-off points in the space of avg JCT vs avg Prederr. As ex-

pected, PCS-JCT has the lowest avg JCT, while PCS-pred achieves the lowest aver-

age Prederr.
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Figure 3.7: [Sim]: PCS for workload-2. a) Most PCS configurations are within 1.5-
4× of the performance optimal policies while b) shows that they drastically reduce
the average and tail Prederr. In b), the bar height (line) represents average (p99)
Prederr and the y-axis follows a logscale.
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Figure 3.8: [Sim]: Showing that schemes that optimize for average JCTs for
workload-3 also have a small average error. For such workloads, the tail Prederr

becomes an important metric.
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3.5.3 Simulation Experiments

We now consider different workloads at a larger scale in simulations and show the

trade-offs achieved by suitable PCS configurations compared to performance and

fairness optimal schedulers.

Workload-2. Figure 3.7 compares the performance and predictability of PCS with

other schedulers for workload-2. For such workloads, AFS achieves the lowest pos-

sible avg JCT by giving more GPUs to jobs with higher efficiency. Despite its

conservative approach in dealing with sub-linear scaling jobs, PCS remains within

1.5 to 4× of the optimal scheme for minimizing avg JCT, while drastically reducing

the avg and tail Prederr. For example, PCS-JCT reduces the average Prederr from

80% to 1% for Trace #2 and PCS-pred reduces the p99 Prederr from 900% to 10%

for Trace #3.

Workload-3. Figure 3.8 compares the different schedulers for workload-3. For this

workload, we observe that schedulers optimized for performance, including PCS-JCT

achieve reasonably low average Prederr. This is because for workload-3, majority of

the jobs are small and similar in size. For such workloads, tail Prederr, becomes

important owing to some jobs being starved under priority schedulers. With the ap-

propriate preference specification, PCS discovers configurations that can drastically

reduce the p99 Prederr. For example, PCS-JCT reduces the Prederr from ≥ 300%

to ≈ 100% while being within 1.1× of performance optimal schemes (Fig. 3.8b).

3.5.4 Micro-benchmarks

Feasibility of the Search Strategy. Figure 3.9a shows that PCS takes O(minutes)

to run a single simulation for a given load (number of jobs) and cluster size (num-

ber of GPUs). PCS extensively leverages the underlying parallelism to discover the

Pareto-front — requires running ≈ 1000 simulations — in approximately 60 min-

utes (Fig. 3.9b). Figure 3.9c shows that PCS benefits from the heuristics (discussed

in §3.3.3) to speed up the search and improve the quality of the Pareto-front by
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Figure 3.9: Feasibility of the simulation-based search strategy. (a) captures the
time to run a single simulation, (b) shows the time it takes to discover the entire
Pareto-front. (c) highlights that intelligent parameterization helps in discovering
more Pareto optimal points for a given evaluation budget.
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Figure 3.10: Shows the effects of error in job size and load estimation. a) compares
the average Prederr using PCS and FIFO [193] with varying job size estimation error.
b) compares the avg JCT of PCS and AFS [106] under the same error. c) shows
sensitivity of WFQ configs to load changes.

discovering new points faster than searching on the un-parameterized search space.

Error in Job Size Estimation. Figure 3.10 shows the impact of estimation error

in job-sizes on the predictability and performance of PCS. As job-size estimation gets

poorer, the impact on avg Prederr follows the same trend as the Prederr under FIFO

(Fig. 3.10a). Figure 3.10b, compares the avg JCTs of AFS with no error in job-

size estimation to PCS with varying estimation error. PCS is still within 1.05 × of

AFS. This is because as long as the job is mapped to the correct queue, the error in

estimating its size has limited impact on performance.
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Sensitivity of Pareto-optimal configurations. To evaluate the sensitivity of

Pareto-optimal configurations, we evaluate configurations discovered for workload-1

assuming 60% load on a system actually running at 80% load. Figure 3.10c shows

that while the exact trends do not hold when the estimated workload is a mismatch,

75% of the configurations are within 10% of the closest Pareto-optimal point.

3.6 Related work

Scheduling Systems. A large body of work emphasizes on intelligent GPU schedul-

ing for DNN workloads, considering metrics such as minimizing average job comple-

tion times [217, 197, 123, 89, 106], maximizing fairness [210, 43, 136], cluster effi-

ciency [106, 123, 211] and average DNN accuracy [219, 165]. They use preemption

based techniques to achieve their objectives; we show in this paper that preemption

is detrimental to predictability.

PCS can benefit from system-level techniques, such as elastic scaling [106,

159], efficient GPU preemption [210, 208, 192, 211], DNN throughput profiling [170,

135], job/AutoML app size estimation [136, 165], and sharing-safety [223] used in

these systems. However, in contrast to them, PCS focuses on predictability by limited

use of preemption and offering flexibility to cluster operators in choosing various

trade-off points between predictability and other traditional objectives. Gavel [149]

also translates different scheduling policies to optimization objectives but does not

cover predictability and only finds a point solution for each objective while PCS

allows operators to choose from a range of Pareto-optimal choices.

Multi-queue Scheduling. A broad category of schedulers use the idea of queue-

based scheduling [74, 66, 33, 52, 148, 89, 145, 65] in different contexts to achieve

performance related goals. We borrow ideas from these techniques. For example,

like 2D [74], we also create queues based job size variation within a queue. Similarly,

our limited use of multiplexing is inspired by the FIFO-LM scheduler [66]. However,

these techniques opt for a fixed strategy in creating queues, mapping jobs to queues
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and assigning weights (e.g., Baraat [66] and Tiresias [89] only use 2 queues) and will

be limited to offering a fixed trade-off between objectives.

Adaptive Schedulers. There are multiple recent examples of empirical, adaptive

cluster management. For example, SelfTune [121] applies reinforcement learning

techniques to automatically update the cluster management policy based on periodic

cluster status updates. Decima [140] uses simulations to learn optimal scheduling

algorithms for data processing. SWP [224] uses a simulation guided approach to

find optimal bandwidth scheduling decisions. These works show the efficacy of using

simulated environments to learn system decisions. Our strategy is inspired by them.

Predictable Scheduling. Predictable scheduling and delay guarantees has been

studied in broader contexts. Weirman et al [202] classify different scheduling policies

based on the variation in the slowdown experienced by jobs. Other studies [105, 61]

look at the benefits of providing delay information to users and understand how

much delay is tolerable. CFQ [44] defines predictability as a job’s FFT, similar to

Themis. However, FFT is prone to variation itself as new jobs arrive [117].

3.7 Discussion

Generalizability of PCS. In this paper, we realized PCS for ML workloads, how-

ever, it is designed as a generic job scheduling framework and the core insights (e.g.,

utilizing WFQ to realize multiple trade-off points, bounded preemption to provide

predictability, etc) still hold across different scheduling scenarios. We tease apart

different aspects of PCS’s current realization and discuss their broader applicabil-

ity. (1) Providing JCTpred. JCTpred can be computed if a job’s demand function

or simply put, its size is either known or can be estimated. There are several

scheduling scenarios, beyond ML, where this requirement holds. Prior work has

looked at estimating job sizes for requests in microservice deployments [119, 222],

network flows [71, 129], compute tasks in data processing clusters [117, 38, 60] and

I/O requests in storage clusters [93, 94]. In some scenarios, like network (co)flow
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scheduling, the demand function is simple: estimated (co)flow size
allocated bandwidth , while in other scenar-

ios it may be more complicated and costly to determine. For example estimating the

demand of a request as a function of geo-spatial deployment of microservices [222].

(2) Search process. The current simulation-aided search process is meant to be trig-

gered on coarser timescales, assuming workloads are stable and predictable on shorter

timescales. This is true for ML workloads as highlighted in §3.2 but also for some

workloads beyond ML [113, 117]. If workload changes are highly dynamic, the search

process may not be able to keep-up. This opens up an interesting avenue for future

research to tailor the search process for such workloads.

Resource Heterogeneity. To handle resource heterogeneity (e.g., different GPU

types), PCS can reuse an existing solution: Gavel [149], which makes a GPU schedul-

ing policy heterogeneity-aware. It supports hierarchical policies with weighted-

fairness across entities and FIFO scheduling within an entity. The different pa-

rameters of WFQ (e.g., number of queues, weights etc.) map elegantly to these

primitives. Once an operator chooses a WFQ configuration, PCS can convert it into

an optimization problem that Gavel can solve for.

Sophisticated prediction techniques. Using more complicated prediction tech-

niques is orthogonal work. We posit that future arrivals, the main source of unpre-

dictability, may be difficult to take into account in the prediction decision given that

various attributes about them are unknown. For instance, a future job’s demand

function and its arrival time cannot be determined before it actually arrives. Our

emphasis is on making scheduling predictable and rely on a simple prediction strategy

instead.

Other use-cases of JCTpred. In addition to the use-cases discussed in §3.2, JCT-

pred can be used to co-design AutoML app schedulers (e.g., Hyperband [128]) with

the underlying system; based on the predicted completion time, the app scheduler

can decide to prioritize certain DNNs/trials over another. This can be framed as a

bi-level optimization problem where the end goal is to find the most promising DNN
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hyper-parameters in the quickest time. This will require widening the prediction

interface to allow users the option of cancelling and making shadow reservations.

Beyond ML workloads, JCTpred can facilitate user applications in i) replica selection

strategies (e.g., MittOS [93]), and ii) optimizing the right parallelism and placement

for network-bound data processing tasks [146, 75].

Deciding between Pareto-optimal choices. Exposing trade-offs as Pareto-

optimal choices can help operators to make informed choices by narrowing down

the possibilities. We still, however, rely on the operator’s ability to decide between

them. One potential strategy is to elicit user preferences via surveys and averaging

them to come up with a cluster wide trade-off point. Allowing individual users to

pick different preferences on a per job basis, however, can result in cross-user con-

flicts which may be difficult to resolve. We leave picking preferences on a per-job

basis as future work.

3.8 Conclusion

In this paper, we called for providing predictability as a first order consideration

in GPU scheduling systems. Our inspiration comes from real-world systems that

provide their users with predictions (e.g., estimated delivery dates). Our solution,

PCS, provides predictability while balancing other considerations like performance

and fairness. It comprises of a bi-directional preference interface to empower cloud

operators in making informed trade-offs between multiple objectives. To realize these

trade-offs, PCS uses WFQ in unique way coupled with a simulation-based strategy

to discover Pareto-optimal WFQ configurations. Our results show the flexibility of

PCS in achieving a wide range of operator objectives, offering a first step towards

predictable scheduling in a practical way.
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Chapter 4

LLMProxy: Intent-Aware

Cost-Saving Proxy

4.1 Overview

Today’s Internet infrastructure is centered around content retrieval over HTTP, with

middleboxes (e.g., HTTP proxies) playing a crucial role in performance, security,

and cost-effectiveness. We envision a future where Internet communication will be

dominated by “prompts” sent to generative AI models hosted in the cloud. For this,

we will need proxies that provide similar functions to HTTP proxies (e.g., caching,

routing, compression) while dealing with unique challenges and opportunities of

prompt-based communication.

As a first step toward supporting prompt-based communication, we present

LLMProxy, an LLM proxy designed for cost-conscious users, such as those in devel-

oping regions and education (e.g., students, instructors). LLMProxy supports three

intelligent optimizations: model selection (routing prompts to the most suitable

model), context management (intelligently reducing the amount of context), and se-

mantic caching (serving prompts using local models and vector databases). These

optimizations introduce trade-offs between cost and quality, which applications nav-

igate through a high-level, bidirectional interface.
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As case studies, we deploy LLMProxy in two cost-sensitive settings: a WhatsApp-

based Q&A service and a university classroom environment. The WhatsApp service

has been live for over twelve months, serving 100+ users and handling more than

14.7K requests. In parallel, we exposed LLMProxy to students across three computer

science courses over a semester, where it supported diverse LLM-powered applica-

tions — such as reasoning agents and chatbots — and handled an average of 500

requests per day.

We report on deployment experiences across both settings and use the col-

lected workloads to benchmark the effectiveness of various intelligent optimizations,

analyzing their trade-offs in cost, latency, and response quality.

4.2 Motivation

We are transitioning into a prompt-centric world: instead of accessing HTTP content,

such as web pages (e.g., www.CNN.com), users are interacting with generative AI

tools, especially Large Language Models (LLMs), by crafting prompts (e.g., “Tell

me about the latest..”) to retrieve and access information [11]. This paradigm shift

is reshaping how we consume and produce digital content including web search,

ecommerce, translation, and more [9, 100], and will have impact on various aspects

of the Internet-Cloud ecosystem, including the role of middleboxes.

4.2.1 A Case for LLM Proxies

An HTTP proxy is a type of middlebox that provides numerous features in to-

day’s Internet; from security and access control [72] to performance enhancements,

such as compression, load balancing and caching [172, 153, 76]. This operates on

the assumptions of the content retrieval nature of modern Internet traffic, such as

caching the data represented by a URL. Proxies are particularly important for de-

veloping regions where bandwidth and energy is costly and low-end devices are the

norm [26, 184, 199, 152]. As more and more web features adopt LLMs, we will find

ourselves needing similar features (if not more) from proxies that can operate on the
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Use Case HTTP Proxy LLM Proxy
Content Fil-
tering

Block or allow traffic using
domain-based deny/allow lists.

Filtering must consider semantic content of
prompts and generated outputs.

Compression Reduce payloads via precomput-
ing (e.g., Prophecy [152]), or in-
network compression (e.g., Fly-
wheel [26]).

Reduce input tokens through truncation/sum-
marization, or reducing examples in few-shot
prompting [47]. Fewer tokens reduce cost but im-
pact quality.

Routing Route requests to replicas or
data centers based on load, prox-
imity, or content availability.

Select from multiple LLMs based on latency, load,
or price. Smaller/faster models may hurt quality;
routing can also combine models.

Caching Match URLs (and aliases) for
reuse; optionally prefetch future
content (e.g., RC2 [153], Ma-
rauder [172]).

Use semantic caching to store prior answers [35];
augment cached results with lightweight LLMs to
respond [116]; support query prefetching [133].

Table 4.1: Comparison of traditional HTTP proxy functionalities and their ana-
logues in LLM proxies, illustrating how semantic complexity introduces new proxy
requirements.

new prompt-centric network traffic. While proxies have their own drawbacks (e.g.

new failure modes and lack of mobility), there have been efforts in the networking

community to address these [68].

In Table 4.1, we summarize a few common HTTP proxy use cases that have

analogies to LLMs and what new challenges (and opportunities) the LLM version

would face. For example, instead of denylisting URLs to filter content, LLM proxies

would need to handle ways users can craft prompts to bypass LLM restrictions.

Even if one provider implements content filtering, a proxy may still be necessary

to filter content from a collection of model providers and for specific uses (e.g.,

schools). Bandwidth and latency reduction through compression and prefetching is

also common in proxies [26, 152]. This too can be extended to LLMs, by reducing the

data needed for prompts. However, there is an additional challenge with applying

this to LLMs because modifying the context, including summarization or limiting

the number of examples, has an effect on output quality. Lastly, while typical HTTP

traffic benefits from proxies that provide routing functions, LLMs can benefit from

“model routing”. An LLM proxy can route prompts not only based on proximity and

load but also quality and cost of available models or even route queries to multiple

models.

There are many advantages to placing these features in a proxy at a nearby
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cloud (edge) location rather than a local application library. For instance, low-

powered IoT devices benefit from avoiding local context storage and from not running

optimizations involving additional models. A proxy that is aware of which cloud

regions have available LLMs can also account for the sparsity of data centers in

developing regions [141] and the limited model support in some locations [22, 20].

All while benefiting from stable network conditions between clouds when deciding

the best LLM for a task [95].

Many features that are desirable to have in LLM proxies exhibit trade-offs

such as increased quality at the expense of higher latency. We identify three prop-

erties that highlight the differences between an LLM proxy and traditional middle-

boxes:

1. Output quality can vary depending on the exact inputs and also which LLM

is used (e.g., more or less parameters in the model).

2. Unlike most HTTP requests, the input to LLMs are flexible and can be modified

to produce similar results.

3. Responses can be generated iteratively to refine and improve the result, par-

ticularly useful for emerging LLM agents.

These principles motivate the need to consider these proxies as a first-class

citizen in the end-to-end communication: they need to be visible to the applications

and must work together with the applications to navigate the various trade-offs. This

is similar in spirit to the various cases to make hidden middleboxes in today’s Internet

visible to applications [194, 68, 169]. Prompt-centric proxies may have application

specific needs for control and transparency as well, such as strict data governance and

auditing that are likely to apply to healthcare applications using LLMs. We believe

the need for proxies and applications to work together is even greater for prompt-

centric communication and the right time to consider these issue is now rather than

when these proxies are already widely deployed and used in ad-hoc ways.
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4.2.2 Cost Saving LLM Proxy

While the design space for LLM proxies is large, in this paper, we focus specifically on

proxy functionally that can reduce the cost of accessing LLMs. Cost optimizations

have broad applicability, but are particularly useful for cost-conscious users, such as

those in developing regions, researchers, students, etc – anyone who cannot afford

to always use the highest quality (and highest cost) model available in the market.

As prior work in developing regions has shown, users in these areas are particularly

cost sensitive and are willing to make various compromises if that results in lower

cost [67].

The cost of an LLM typically varies across models and depends on the number

of input and output tokens, with one word being roughly 1.3 tokens [15]. Generally,

output tokens cost more than input tokens (5× difference for Claude 3 models [16]).

As new models are released that are cheaper than their predecessors, state of the art

models remain costly. For example, GPT-4.5 is 250× as costly as GPT4o-mini [17].

We identify how well known optimization techniques can fit into the design

of a proxy, specifically the API, as well as evaluate these common techniques on real

world datasets from our WhatsApp deployment 4.5.1 which gives insights into their

applicability 4.5. Next, we review three areas of cost-optimization.

Model selection. The most important aspect in determining the cost of an LLM

task is typically the choice of model, which affects a number of factors like quality

of responses, cost and latency. Some APIs integrate with multiple providers [42],

but it is not always clear how to select a model. Other frameworks are restricted to

only some models - for example, OpenAI’s Assistants API [10] does not work with

smaller models (e.g., Phi [14]).

The key observation underlying this optimization is that most expensive mod-

els can be an overkill for certain, easier, queries. Therefore, an intelligent strategy

for picking an appropriate model, also referred to in recent work as model rout-

ing [47, 158, 64], may significantly reduce costs while maintaining the quality of the

most expensive model.

84



Context Management. The amount of context provided to a model affects the

number of input tokens, and therefore cost, as well as the latency to process the

input tokens. One strategy for chat applications, “last-k”, provides the k previous

messages as context for the next message. A larger k may increase response quality

by including more relevant information, at the expense of higher cost. Additional

strategies exist to improve quality without providing all possible context [116, 124,

134], and we explore how LLMProxy can support these in §4.3.4.

To motivate potential cost saving strategies of a proxy, we evaluate cost and

response quality using 5 values of k for “last-k” in a 50 query conversation from our

WhatsApp deployment (§4.5.1). If we assume all N queries have the same number

of input and output tokens, I and O, then the input tokens used with k = N is:

I ∗ N + (I + O)N(N − 1)/2. This is O(n2), and Fig 4.1a shows that including

all context (k=50) grows quadratically while k = 0 grows linearly. The maximum

context conversation uses 55× the input tokens of no context and k = 1 is only a

3× increase. The quality of these conversations judged against using full context

is shown in Fig 4.1b. Each response is given a score (S) from GPT-4o which is

averaged over four runs. Although using no context is the lowest quality, for this

workload of real WhatsApp queries the difference is most evident only in the tail 20%

of messages. This motivates a simple strategy – using context only when necessary

to substantially improve quality. We present this strategy in §4.3.4.

Caching. This is a well-known strategy for lowering costs and latency by reducing

reliance on an expensive or distant resource. With prompts there is similar potential:

a suitable cache can eliminate the need to use an LLM altogether, or cached informa-

tion can be used to supplement a cheaper LLM to obtain high-quality information

at a lower cost.

A traditional HTTP cache is based on exact matches. This, however, can be

limiting for prompts, since natural language queries are often semantically equivalent

despite surface-level differences. For instance, prompts like “Explain how HTTP

works” and “Can you describe the HTTP protocol?” may yield identical responses
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Figure 4.1: 4.1a Compares the cost, measured by input tokens, when various amounts
of previous messages (k) are in the the context. 4.1b Compares the quality of each
strategy with k = 50 as the reference.

and could ideally share the same cache entry. Traditional cache systems that rely on

exact matches fail to capture this semantic overlap, underscoring the need for more

flexible caching mechanisms.

One way to support this is with embeddings of the input text [116, 84].

Embeddings with a high similarity can be considered cache hits. Since computing

embedding requires less resources than generating the response, it may be appro-

priate to compute locally which enables applications to use the closest cache match

when LLMs are unavailable.

An LLM cache can also be populated with high quality data for a cache-local

model to construct its responses from. Another well known systems technique, pre-

fetching, is enabled by this caching approach. Requesting additional information

related to a relevant topic from a high quality model (e.g., follow-up questions,

reasoning-chains [133]) populates the cache, which can then be used by a local model

to generate responses for subsequent queries.

4.2.3 Need for a Richer Interface

To leverage these components in order to achieve cost-efficiency, current LLM APIs

often require developers to manually configure low-level parameters — such as model

selection, context truncation — without clear guidance on how these affect cost,
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latency, or quality. Yet in practice, users care about high-level outcomes like “low

cost” or “best quality”, not the specific configuration knobs. This gap motivates the

need for a proxy that offers a more expressive interface.

A suitable LLM proxy should allow applications to delegate the responsibility

of making such decisions by specifying high-level preferences (e.g., “minimize cost”).

In return, it should be transparent about how each prompt was handled; by indicating

whether a cached response was used, which model was selected, how much context

was included etc. Finally, the proxy should support iterative refinement, allowing

applications to refine or regenerate responses based on this feedback. Together, these

capabilities could allow the proxy to capture richer application semantics and enable

applications to navigate complex cost-quality trade-offs without micromanaging low-

level choices.

4.3 Design

The properties of prompt-centric communication map to the following design re-

quirements that a cost-saving proxy must satisfy:

• Simplifying navigating the trade-off space. The combined effect of different

optimizations on cost and quality are unknown to the applications a priori. The

proxy should offer a high-level interface to capture application preferences. High

level preferences can be mapped to a myriad of low-level optimizations (e.g., model

and context selection strategies). Barring simple scenarios, it can be challenging

to come up with suitable mappings. To address this, the proxy should support

delegation of responsibility.

• Providing transparency. The proxy should inform applications how their

prompts were resolved (e.g., whether a cached response was served), particularly

in scenarios involving delegation. This is similar to HTTP proxies which insert ad-

ditional information in the response (e.g., X-Cache) to indicate how they processed

the request.
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proxy.request:
  prompt: 
    “Tell me about ACM ”
  service_type:
    model_selector
  verifier: Opus,
  model1: 4o-mini,
  model2: 4o
    

text-embedding-3-small
                 :
 text-embedding-3-large

proxy.result:
  response:
    “ACM is..” 
  metadata:
    cache: no
    context: “...”
    model: 4o-mini

1

2 3 4

proxy.regenerate:
  service_type:
    fixed
  model:4o
    5 6

Figure 4.2: Overview of LLMProxy design.

• Allowing adjustments. Ultimately, applications are best positioned to assess

the quality of the generated responses. In addition to providing transparency, the

proxy should allow applications to refine the responses in an iterative fashion.

4.3.1 Overview

As shown in Fig 4.2, LLMProxy is a proxy that sits between users or applications

(e.g., chatbots) and the various LLMs that are available, including proprietary (e.g.,

OpenAI, Claude), open-source (e.g., Llama, Mistral, DeepSeek), and custom mod-

els. It offers a high-level bi-directional interface (§4.3.2) that captures application

preferences ( 1 ), while ensuring transparency ( 5 ) and enabling iterative refinement

( 6 ) of prompt resolution.

Under the hood, LLMProxy consists of three building blocks: the Model

Adapter (§4.3.3), Context Manager (§4.3.4), and Cache (§4.3.5), which enable vari-

ous cost-saving optimizations (§4.2.2) through a filter-based abstraction. The filters

provide low-level control (e.g., setting thresholds) but, more importantly, facilitate

delegation of responsibility by incorporating low-cost models.
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The Model Adapter can route prompts to different LLMs and combine multi-

ple models, based on their respective abilities (e.g., supported context window) and

usage cost. The Context Manager retrieves relevant context (e.g., previous message)

to supplement prompts, and supports a number of ways to select context including

using a low-cost model to reduce the amount of context sent to expensive LLMs.

Lastly, the cache stores data (e.g., previous prompts, high-quality information) that

could help in replying to new prompts - using a low-cost model to turn cached data

into suitable replies.

LLMProxy uses the service_type accompanied with each request to decide

the order in which to call these components. Different service_types can map to

different orderings. For all the service_types included in this paper, the order

2 - 4 as shown in Fig 4.2 is followed. We now describe the API and the individual

components in more detail.

4.3.2 API

request(prompt, service_type,
{key:value..})

Sends a request to LLMProxy. The result
contains the response as well as metadata.

regenerate(service_type,
{key:value..})

Regenerates the response using either a
different service_type or the same one.

Table 4.2: LLMProxy API

The API for LLMProxy is shown in Table 4.2. It allows applications to specify

a service_type as part of the request (proxy.request) which maps to a particular

configuration of each internal component. The API is designed to work iteratively,

using a bi-directional interface where the proxy responds (proxy.result) with de-

tails of the settings that were ultimately used and applications can regenerate re-

sponses (proxy.regenerate) using a different service_type.

How does the API enable delegation? The service_type supports both low-

level and high-level specifications, offering a spectrum of delegation of work — from

none to a high degree.
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An application can use basic service_types, specifying low-level parame-

ters (e.g., model to be used). More importantly, the API exposes more powerful

service_types which delegate these choices to the proxy, which in turn uses low-

cost models within each component to decide (e.g., route prompts to LLMs based

on complexity). Some service_types require additional parameters, which can be

specified as key-value pairs. We start with basic service_types and progressively

move to higher levels of delegation:

• fixed: Uses a fixed configuration for model, context, and cache. Configurations

can be specified as: (model=modelID, cache=skip,..)

• quality: Uses the most expensive model and as much context as the model win-

dow allows Only considers the cache if a highly similar cached prompt is present.

• cost: Uses the cheapest model with no context

• model_selector: Employs the model selection strategy detailed in §4.3.3, initially

using a cheaper LLM and falling back to an expensive one if the response quality

is below a threshold. It uses 5 previous messages (i.e., prompt-response pairs) as

context to avoid low quality responses, while keeping the cost down.

• smart_context: Uses a small model to determine whether the context should

include the last five messages or none. This is useful for applications aiming to

reduce input token costs while accepting a potential quality trade-off due to false

positives, as explained in §4.3.4.

• smart_cache: Uses small model to determine whether a prompt can be answered

using cached information. If there is a cache hit, the small model is used to reply

to the prompt given the extra information in the cache. This is described in §4.3.5.

Transparency. While delegating responsibility relieve applications from specify-

ing low-level options (e.g., which LLM to use), they make the prompt-resolution

process opaque; applications don’t know how their prompt was handled. Similar to

HTTP proxies which disclose request resolution details (e.g., AGE and X-Cache for
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cached content), LLMProxy’s responses include metadata to provide transparency.

The metadata captures the low-level choices made by each component on behalf

of the application, including the model(s) used, the amount of context added, and

whether the response was returned from the cache. This can assist applications

wanting to refine responses iteratively, as we discuss next.

Iterative nature. LLMProxy makes iterative refinement a first class concept, as a

way to provide finer control to applications. This is based on the fact that ultimately

applications are best suited to asses the quality of the responses. LLMProxy allows

applications to regenerate a response, either using the same service_type or a

different one, based on the information in the metadata provided. Using the same

service_type in the regenerate request will nudge the proxy to prioritize quality over

cost. For example, for the smart_context, regenerating a response entails using more

context. For different service_types, the implementation of proxy.regenerate()

can be different.

The iterative nature of prompt resolution is a natural fit for many LLM

applications (e.g., ChatGPT) which already include an option in the user interface

to regenerate responses or provide other forms of feedback [157, 110]. For example,

the WhatsApp Q&A service (§4.5.1) we have built on top of LLMProxy contains a

“Get Better Answer” button for every message; when pressed, the application signals

the proxy to regenerate the response using a higher cost model.

4.3.3 Model Adapter

The model adapter provides two functions: a unified interface that wraps calls to

third party LLMs (which may have different APIs, formats etc.) and a way for

applications to delegate the choice of the LLM used.

The model adapter maintains a model pool, containing different LLMs and

their attributes such as their IDs, cost-per-token, availability (e.g., different regions)

and capabilities (derived from publicly available benchmarks). It exposes a filter

based interface to select appropriate models and can combine them based on the
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provided attributes and the selected service_type:

Filter([Model], attributes) -> [Model]

Applications can specify low-level attributes such as model IDs and cost-per-

token (to pick a particular model). Alternatively, they can also choose to delegate

the choice of the LLM by using the model_selector service type, letting LLMProxy

find the LLM best suited for the application needs.

There are many concurrent efforts to build model selection strategies [158,

64, 47, 115, 25]. These can be supported as different service_types. Our imple-

mentation of delegating model selection uses a verification based strategy involving

a low cost LLM (M1), a high cost LLM (M2) and a verifier LLM. For all queries,

M1 first answers the prompt. Then, the verifier judges the response on a scale of

1-10 using a pre-configured judging prompt. M2 is consulted for a final answer only

if the score generated by the verifier is less than a configurable threshold.

The model adapter picks appropriate selections for these models from the

model pool using suitable filters. The heuristic it applies is that the cost-per-token

of the verifier should be less than M1’s which should in turn be less than M2’s cost-

per-token. Applications can also specify which LLMs they desire for this strategy as

key-value pairs as shown in Fig 4.2. In §4.5 we show real world benefits this simple

strategy has on our production WhatsApp Q&A dataset.

Finally, if the response is unsatisfactory, applications can invoke proxy.regenerate()

which will directly route the prompt to the more expensive LLM.

4.3.4 Context Manager

The context manager tracks the history of users’ conversations. This is additional

input that an LLM may process along with each prompt, therefore increasing cost.

Keeping context management in the proxy has two key benefits: first, it allows

LLMProxy to optimize exactly what context is used (analogous to data compression

in HTTP proxies), and secondly, it aids iterative prompt-resolution — applications

don’t have to resend context each time they choose to regenerate responses.
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Filter Description

SmartContext(LLM) LLM decides if context is needed; otherwise no context is
included.

[LastK(5),
SmartContext]

Either the last 5 messages or no context.

[[LastK(4),
SmartContext],
LastK(1)]

Either the last 4 messages or just the last message.

Similar(θ) Messages with similarity > θ to the current prompt.

Summarize(LLM) LLM summarizes the context messages into a single mes-
sage.

Table 4.3: Examples of context API. The second example is evaluated in §4.5.3. In
the third example, the second dimension ensures that one context message is always
included, even if SmartContext deems context unnecessary.

To support several context management strategies, LLMProxy uses a filter

API where each filter can narrow down which messages are included in the context:

Filter([Message], prompt) -> [Message]

A message is defined as a prompt-response pair. Table 4.3 demonstrates

different ways to this interface, including combining different sets of filters.

The default behavior is to add all available context that fits in the context

window of a model. As Fig. 4.1b shows, a simple well known strategy like last-k

can be much more efficient. Applications using this strategy can opt to delegate

the choice of k to the context manager via the smart_context service type. In

this mode, the context manager uses a low-cost model (context-LLM) to decide how

much context (i.e., value of k), and thus input tokens, are required. We implement

this as the SmartContext filter.

A false positive occurs when context-LLM wrongly excludes required context,

while a false negative occurs when it wrongly includes unnecessary context. The

latter increases cost while the former reduces the quality of responses. To reduce

false positives and ensure high quality responses we invoke the context-LLM at most

two times and only consider the prompt to not require context if both LLM calls

deem it standalone. This is feasible since context-LLM is relatively inexpensive and

fast.
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The filter based API (Table 4.3) also supports other well known context

management strategies. The “Summarize” filter uses the context-LLM to reduce a

long history of messages into a short summary. The “Similar” context filter returns

messages in order of their similarity to the current prompt, as opposed to order of

recency. This uses the vector database managed by the cache and is another reason

the two components benefit from being part of the same proxy.

The design can be extended to enable richer context management strategies

such as using context-LLM to derive users’ interests, language preferences, location,

upcoming events (e.g., meetings) etc.

A final consideration is how the context is updated. Typically, when the

context is retrieved it will be updated to include the next message, but this is not

always the case. Consider a chat application that has one prompt to reply to a user

query and another to determine the user’s mood from past messages [98]. The second

prompt includes the context, but does not update it. In these cases, the coordinator

must retrieve context but not insert any.

4.3.5 Cache

In LLMProxy, we build a caching system based on the primitives offered by a vector

database (i.e., semantic search). For a semantic cache to be effective, it is important

to support a rich set of operations on the PUT and GET paths. For example, on the

PUT path, an important consideration is the keys used to store objects (e.g., prompt

vs. response) — unlike traditional caches which typically use a single well-defined

key, such as the object’s hash.

When applications desire fine-grained control, the cache interface accepts low-

level specifications (e.g., similarity thresholds). The interface also allows LLMProxy

to delegate responsibility to the cache, both on the PUT (e.g., generate appropriate

keys) and GET (e.g., rewrite cached response) paths. This is similar, in principle, to

the delegation based strategies employed by the model adapter (§4.3.3) and context

manager (§4.3.4).

94



PUT operation. The cache needs to store objects which could be an LLM in-

teraction (i.e., prompt-context-response trio) or an externally supplied piece of in-

formation (e.g., document). Each object can consist of several cached types (e.g.,

Prompt, Context etc.) which can potentially act as keys in the database. This is

captured by the following PUT interface:

PUT(Object, optional=[(CachedType, Key)])

Embeddings — vector representations — are created from the keys supplied and

stored in a vector database. Generally more meaningful keys will result in more

useful embeddings [77]. Providing keys is optional; if they are not specified the

delegated PUT (described later) is used.

Example. If an application wants to cache an LLM generated response with

only the prompt as the key, it can specify this as:

PUT(’Use data structures like B-trees & Tries’,

[(Prompt, ’How do I speed up my cache?’)])

A future prompt: “Give me examples of popular data structures?” will likely

not match with “How do I speed up my cache?” — the cosine similarity is 0.181 —

but is likely to match with the response : “Use data structures like B-trees & Tries”

(similarity of 0.64) and can be rewritten by a small model to be more suitable for the

new prompt. Thus, the application can also use responses, and other cached types,

as keys. This can be done as follows:

PUT(’Use data structures like B-trees & Tries’,

[(Prompt, ’How do I speed up my cache?’), (Response,

’Use data structures like B-trees & Tries’)])

Delegated PUT. Supplying fine-grained keys hinges on the application’s knowl-

edge of future prompts and are optional parameters of the PUT interface. The del-

egated PUT mode allows applications to leave it up to the cache to decide the best

key generating strategy. This is useful when the application wants to populate the

cache with complex objects (e.g., a Wikipedia article). In such settings, creating an
1Based on OpenAI’s text-embedding-3-large
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embedding of the entire object may not be useful. To support this delegation, the

cache leverages a low-cost local model to intelligently generate keys based on the

nature of the object to be cached.

In the delegate mode, the cache uses a small model (cache-LLM) to break

down a complex object into smaller chunks and generate meaningful keys for each

chunk. In addition to using the chunk itself as the key, extra keys are generated based

on: hypothetical questions that the chunk can help answer and key-words extracted

from the chunk. The cache also generates modified versions of the chunk: a summary

and list of facts present in the chunk (useful when the workload consists of factual

queries as we show in §4.5). Similar ideas have been explored by other proposals in

the RAG scenario (e.g., LangChain [42]), motivating the benefits of making them

part of our cache.

GET operation. The GET interface provides low-level control to applications to

retrieve objects based on semantic similarity. This is captured via a filter based API:

GET([(Key, [Filter])])->[response]

Applications can provide a set of filters based on 1. cached types (e.g., Prompt,

Document), 2. a minimum similarity threshold (s), or 3. maximum number of items

to be returned (k).

For example, a simple look up to return all responses for which the prompt-

to-prompt similarity is above a threshold (e.g., 0.9) can be specified as:

GET([‘How do I speed up my cache?’,[(Prompt,s=0.9)]])

Delegated GET. Applications can also delegate this responsibility to the cache

by specifying an LLM based filter — we call this strategy “SmartCache”. SmartCache

internally retrieves top-k items across all cached types and determines whether the

retrieved objects are relevant/appropriate (similar to SmartContext §4.3.4). It then

uses the retrieved objects to generate a suitable response. The response could be 1.

the cached object as-is, 2. a rewritten response or 3. one generated using the user’s

prompt, context and the cached information.
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4.4 Implementation

LLMProxy has been in production for over a year. It is implemented as a Python

application running in WAS Lambda functions [12]. It offers access to 10+ LLMs,

including OpenAI [10], Anthropic [16], Llama [21], and Phi [24] models. The neces-

sary state such as the conversation history is stored in key-value stores (DynamoDB)

and a SQL table (RDS) with vector-search is used to support the cache.

Each incoming request is first converted into an embedding (we use OpenAI

embeddings [13]) and looked up in the cache (§4.3.5) for a response. If the cached

response is not available or used, the context manager (§4.3.4) retrieves past messages

from the conversation history. Finally, the model adapter (§4.3.3) is queried to use

provider-specific APIs to generate an LLM response.

LLMs can vary widely in time to fully generate a response, particularly when

we are combining models. To ensure requests are processed in the expected order we

use a per-user FIFO queue (AWS SQS). Every incoming request goes through this

queue, and is only removed from the queue when a response has been sent.

Using a serverless architecture has made it convenient to set up a devel-

opment and production environment — a useful enabler for incrementally adding

features. Production is a stable copy of the various functions and continues serving

user requests. Another key benefit is reduced cost; since the functions themselves

are light-weight (in compute and memory requirements), they are amenable to the

serverless architecture. To reduce the impact of cold starts, which can be >1s ac-

cording to our measurements, all features of the proxy are in one serverless function.

4.5 Evaluation

To understand LLMProxy’s generalizability and effectiveness across real-world work-

loads, we evaluate its use in a range of settings that vary in user expertise, latency

sensitivity, and cost constraints. We begin by highlighting the diverse range of ap-

plications built using LLMProxy.

We then present a detailed case study of our WhatsApp-based Q&A ser-
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Prototypes & Projects Features

TWIPS: LLM powered texting
app for Autistic users [98]

Determine user tone (simple)
Improve user messages (complex)

Morshid: LLM powered
educational app

Similar questions
asked by users

LLM-based HTTP proxies: LLMs
for improving webpage accessibility

Large HTML pages
included as context

Table 4.4: Use cases of LLMProxy that supports features required by various appli-
cations

vice (§4.5.1), showcasing the behavior and impact in a real-world, cost- and latency-

sensitive deployment. Next, we describe its use in academic course projects (§4.5.2),

which offers insight into LLMProxy’s accessibility, flexibility, and usability among

student developers. Finally, we present microbenchmarks of LLMProxy’s core com-

ponents (§4.5.3), quantifying the cost, latency, and quality trade-offs enabled by its

design.

Supporting different applications. LLMProxy has been used to build a vari-

ety of applications, including research prototypes, academic course projects, and

a WhatsApp-based Q&A service that we developed. Research prototypes include

AI-powered assistive technologies (e.g., detecting user tone or rephrasing messages)

and educational tools. Academic course projects have focused on AI powered web

accessibility enhancement, multi-agent systems, and chatbots addressing social good

applications. Across these use cases, LLMProxy’s unified interface and built-in sup-

port for context management, caching, and model selection enabled rapid proto-

typing and experimentation, even by novice users. Table 4.4 summarizes some of

these applications and highlights some of their specific features that benefit from

LLMProxy.

A unifying theme across these settings is cost-sensitivity: research prototypes

and course projects were developed by students operating under budget constraints.

Similarly, the user base of the Q&A service, described in the next section, primarily
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comprises individuals from developing regions (e.g., Pakistan, Sudan) and members

of the diaspora in the United States — all of whom are cost-conscious.

(a) User query and response. (b) Response to button 3.

Figure 4.3: The WhatsApp Q&A service. Buttons 1–3 have pre-fetched (and cached)
responses, which are returned when a user interacts with them to avoid delays and
keep the conversation responsive.

4.5.1 Case Study I: WhatsApp Q&A Service

We have built and deployed a WhatsApp based Q&A service using LLMProxy. Our

small-scale deployment has been rolled out for over 12 months, during which over

100 users, across different countries (e.g., Pakistan, Sudan, UAE), have subscribed

and sent over 14.7K requests (4K free-form messages). We share the service’s rich

set of features, challenges unique to a WhatsApp based deployment (e.g., message

oriented nature) and how the proxy helps to support these features.2

The Q&A service provides its users access to the latest LLMs via WhatsApp’s

familiar interface (Fig. 4.3). Cost considerations are crucial since a sizeable fraction
2A separate paper describes this service in detail [73]. Here we focus on the its usage of LLMProxy

features.
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of our user base is from developing regions where WhatsApp is popular [18]. At a

basic level, users type-in and send their queries (topics range from health to politics

and sports) to our service and get a response. To provide a good user experience,

our service supports a number of features: i) anticipating follow-up queries and pre-

fetching (and caching) suitable content to enhance responsiveness; follow-up queries

show up at the end of the response as buttons, ii) allowing users to regenerate a

response, typically more detailed using a higher quality model, iii) pushing recom-

mended content (e.g., trending questions, recent questions, etc.) to users, iv) giving

points to users on asking questions and maintaining a leaderboard with daily and

overall rankings.

These features also use the limited but powerful WhatsApp affordances (e.g.,

buttons), and have pushed-based content (e.g., question of the day, questions asked

by others) which nudge users to opt for options that are already cached — 13% of

the total interactions consist of users requesting the cached content. These features

have led to a notable user engagement level, with 20% of users active for several

(>10) days, and at least 300 requests sent to our service per week across users. We

next discuss how the deployment used various aspects of LLMProxy.

Model Adapter. Having a unified interface to access different LLMs has offered

ease of use. Our Q&A service richly leverages the capabilities of various AI models;

within (GPT4o vs GPT4o-mini) and across (OpenAI vs Anthropic) LLM-families.

Tasks range from responding to user queries, generating user interests, and identify-

ing queries with broad appeal to generate recommended content for our user-base.

These tasks have also required combining models; for example using a cheap LLM

(Haiku) to filter out candidates from a large set of queries and judiciously applying

an expensive model (GPT4o) to identify those likely to be popular. Additionally,

with newer and improved LLMs, we have shifted from using GPT-3.5 to GPT4o-mini

without a significant difference in the quality of responses sent to our users. While

user queries have largely remained the same in complexity, newer model families

have become smarter, narrowing the quality gap between cheaper models and more

expensive ones — effectively delivering more intelligence at a lower cost.

100



Different models exhibit varying latency characteristics. For example, our

deployment logs show for larger models (e.g., GPT4o, GPT3.5) the mean (p99.9)

latency is 3.8s (78s) while for smaller ones (e.g., Haiku, GPT4o-mini) it is 1.2s

(15s). These characteristics have motivated us to experiment with “latency-centric”

service_types as well. For example, the Q&A service uses the fastest (and also

cheap) model to generate a short initial response (achieved via a suitable prompt)

to a query while pre-fetching a higher quality response asynchronously from a more

expensive model. This can be elicited via a “Get Better Answer” button (Fig.4.3a).

Context Management. Having a context management module in the proxy fa-

cilitates seamlessly switching between different models, and more importantly across

different family of models, during a conversation. For our service, the context man-

ager maintains user messages in chronological order and manages a few nuances

including the scenario where a user requests a regeneration of their response, in

which case the initial response is removed from the context.

By decoupling context from specific models, we have observed a form of in-

context learning: responses generated by one model, when passed as context to a

different model, can influence that model’s behavior. This has both positive and

negative implications. On the positive side, lower-quality models often begin to

produce improved outputs when their context includes messages generated from

higher-quality models. Similarly, models may adopt stylistic elements — such as

tone — from the responses of other models. However, these inherited behaviors

can also introduce inconsistencies. For instance, when responses generated using a

grounded model (e.g., Gemini 2.0 Flash [85]) — which include citations like URLs

— are used as context for a model without grounding capabilities, the latter may

hallucinate sources in its responses. Future work could explore context management

strategies to bridge these differences and ensure a more consistent user experience.

Caching. LLM applications often employ streaming to hide the end-to-end

latency of generating a response. However, WhatsApp is message oriented, requiring

creative ways to mask latency. Our service aggressively pre-fetches data and uses

the cache as a masking strategy. Specifically, the Q&A service anticipates follow-up
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queries the user may have. These are generated using an LLM and stored in the

cache, and are explicitly suggested as buttons (Fig. 4.3b). The proxy uses an exact

match to retrieve them, in case the user presses the buttons. This is in addition to

using the cache for semantic matches, which we evaluate later.

4.5.2 Case Study II: LLMs for Classroom Settings

Following our deployment in a production-facing Q&A service, we evaluated LLM-

Proxy in a second cost-sensitive setting: undergraduate and graduate classrooms. A

subset of LLMProxy’s features was exposed via a RESTful API to approximately 60

students across three computer science courses, where it was used to build a variety

of LLM-powered applications — including web accessibility enhancement features,

multi-agent reasoning systems, and chatbots for social good. Over the course of

145 days, students issued approximately 75K requests, averaging ≈500 requests per

day. Several projects spanned the full semester, demonstrating LLMProxy’s abil-

ity to support sustained, iterative development and maintain responsiveness under

long-running, educational workloads.

Although students were not directly charged for LLM usage, this deployment

reflects the practical constraints of instructional settings, where instructors or in-

stitutions typically bear infrastructure costs. Compounding this, students came in

with widely varying levels of programming and LLM experience, which meant that

the system had to be both cost-efficient and approachable for novice users. This

combination of cost oversight and user diversity introduced a distinct but equally

challenging deployment axis compared to the WhatsApp service. In the face of these

design pressures, LLMProxy offered a low barrier to entry, enabling quick iteration,

and experimentation while abstracting away provider-specific complexity and cost-

related pitfalls.

Usage-based service types. To keep costs predictable, we implemented a usage-

based service_type for LLMProxy. This allowed us to limit access to a curated set

of relatively inexpensive models — GPT4o-mini, Azure Phi-3, Claude Haiku, and

Meta LLaMA-3 variants — similar in spirit to domain denylists used in HTTP

102



proxies. The system also supported usage quotas based on input/output tokens and

request counts. Despite these limits, students successfully built rich, domain-specific

applications.

Supporting RAG-style workflows. Students leveraged LLMProxy’s context

management and caching components to implement retrieval-augmented workflows.

They uploaded diverse reference materials — including policy documents, FAQs, and

course-specific content — which the cache-LLM automatically chunked and indexed

for semantic retrieval. A key challenge was the structural variability of these docu-

ments: policy files benefited from section-based chunking, while FAQs required seg-

mentation around question–answer pairs, and so on. LLMProxy’s delegated caching

interface handled these differences, allowing students to store rich context and later

retrieve semantically relevant chunks using a proximity-based threshold. This ability

to reuse cached content across prompts as context, allowed us to keep total LLM

inference costs under $10 across all three courses.

Models used. Usage logs showed that 73% of all requests were directed to

GPT4o-mini, followed by 13% each for Claude Haiku and Meta LLaMA-3 variants,

and 1% for Phi-3. Students who experimented with multiple models typically did so

to benchmark response quality for their specific workloads.

This usage pattern has motivated us to introduce a batch-mode interface in

the future, where users can submit a batch of prompts to be processed by multiple

models simultaneously. Such a feature would lower the development overhead of

benchmarking and compositional workflows, while aligning with pedagogical goals,

such as teaching students to reason about the importance of prompts, and trade-offs

in cost, latency, and output quality across models [32].

Another interesting observation — albeit from a single student’s project in

the multi-agent reasoning systems course — was a connection between the models

used and the nature of the prompts they handled3. This student employed three

models: Phi-3, GPT4o-mini, and Claude Haiku. A closer inspection of their logs
3A chi-squared test over the prompt distribution confirmed a statistically significant association

between prompt type and model used (p < 0.001).
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revealed that prompts sent to Phi-3 were generally more structured, rule-based, and

imperative in tone, and often used simple, command-style grammar. In contrast,

prompts directed to GPT4o-mini and Claude Haiku tended to be less rigid, incorpo-

rating softer constraints and exhibiting a more collaborative or conversational tone.

These stylistic and structural differences may reflect the student’s perception of each

model’s strengths, with Phi-3 being favored for precise, deterministic behavior and

the others for more nuanced or flexible responses. Future versions of the API could

surface such model-specific characteristics as part of higher-level service_types.

Qualitative feedback reinforced these findings. In post-course surveys4, 75%

of respondents indicated that LLMProxy was easy to get started with, and over half

said it integrated smoothly into their project workflows. Students particularly ap-

preciated the simplicity of switching between models and the ability to reuse cached

content across queries; features that were especially helpful for minimizing costs and

supporting those with limited prior experience building LLM-based applications.

Together, these deployments show that LLMProxy supports effective exper-

imentation and development in resource-constrained settings, from cost-sensitive

production services to educational environments with diverse user expertise. We

now leverage the real-world workloads gathered from the WhatsApp deployment

to benchmark different cost-optimization strategies supported by LLMProxy. We

highlight their trade-offs in terms of cost, latency, and output quality.

4.5.3 Microbenchmarks

We present the results of the optimization strategies in each component of LLMProxy.

While each strategy is similar to those proposed in related work (§4.6), our evaluation

uses a production dataset (D) of 10 conversations selected from one month of our

production WhatsApp Q&A service with > 10 messages in each conversation. In

total there are 244 queries.
4The survey was distributed to a subset of students; we report results based on completed

responses.
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Figure 4.4: Fig. 4.4a compares the quality of verification with t = 8 and random
strategies with p = 0.64, p = 0.1 using an earlier generation of models (GPT 3.5,
GPT4, Opus). Fig. 4.4b is the same but with new models (GPT4o-mini, GPT4o).

Model Selection. We evaluate the verification-based model selection strategy dis-

cussed in §4.3.3, which shows how to intelligently combine a cheaper and expensive

model to save costs with little impact on the quality of responses.

Setup. We evaluate using both models that were available at the time we

collected the data as well newer models that are the latest at the time of writing.

First, we set the less expensive model (M1) to GPT3.5, expensive model (M2) to

GPT4, and use Claude Opus as our verifier. The newer models are GPT4o-mini as

M1 and GPT4o as M2 and the verifier. Both are evaluated on D using the strategy

described in §4.3.3. This is compared to only using M1 to answer all the questions.

The response from M2 is assumed as the reference, and hence always gets a score

of 10. We compare our intelligent strategy with a strategy that randomly selects

a model — a common practice in optimization (e.g., hyperparameter tuning [99]).

This strategy randomly uses M2 with a probability of p, and otherwise uses M1.

With t = 8, M2 is used to answer > 60% of the prompts with the original models

and 25% of the prompts with new models. Based on this, each experiment shows

the random strategy p = 0.64 or p = 0.25 as well as p = 0.1 to demonstrate a lower

cost alternative.

Results. As shown in Fig. 4.4a, our verification strategy noticeably outper-

forms using M1 all the time and has noticeably more answers within 1 to 3 pts of

M2’s answers than M1. Interestingly, Fig. 4.4b indicates that newer generation of
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(b) Time Comparison

Figure 4.5: 4.5a compares the cost of answering all prompts using our verification
strategy with t = 8 and our random strategy with p = 0.64. 4.5b compares the total
time. Both are normalized to GPT3.5

models are capable of answering the kinds of questions users ask our service even

with the cheaper variants (4o-mini). This result is also demonstrated by the pro-

portions of prompts that are routed to each model. When the 4o family of models

is used a smaller percentage of prompts are routed to the large model. While the

p = 0.64 random strategy performs similarly to our model selection, picking the

optimal percentage a priori can be challenging (p = 0.1 is worse).

In Fig. 4.5 we show the cost and time comparisons of these strategies using

older generation models. Fig. 4.5a shows the (normalized) total cost of each corre-

sponding strategy and demonstrates that our model selection has a 40% reduction in

cost from using M2 only. Fig. 4.5b demonstrates that model selection is significantly

faster than using M2 exclusively, although it is about 5× slower than using only M1.

Overall, these results show that our simple model selection can reduce costs while

maintaining quality. Consistent with these results, we updated our Q&A service to

use GPT4o-mini instead of GPT3.5.

Context Manager. We evaluate the smart_context service type, which uses a

low cost LLM to decide if context needs to be supplied to a high cost LLM. We see

an up to 50% reduction in cost compared to last-k, while limiting the tail of low
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Figure 4.6: Results of context experiments. 4.6a shows cost, normalized with the
lowest to 1, for each strategy. No context is cheapest, as expected. Smart strategies
are ∼30% and ∼50% cheaper for k=1 and k=5, respectively. 4.6b is a CDF of
response quality for each strategy. k=0 has the worse quality, as expected. Both
smart context strategies are similar in quality, falling between k=0 and k=1. k=5 is
the baseline that quality is scored against. 4.6c is a CDF of the proportion of time
replying to each prompt that is spent determining if context should be used for the
k=1 and k=5 SmartContext strategy.

quality responses resulting from using no context (§4.2.2).

Setup. Queries in D were replayed with following strategies: last-k with k=0

(no context), 1 (most recent message), 5 (baseline), SmartContext with k=1, and

SmartContext with k=5. After replaying each conversation we judged the quality of

conversations with the LastK(5) conversation used as reference.

For each of the N messages in a conversation, Ci, and the reference conver-

sation, Ri, where 0 ≤ i ≤ N , the judge gave a score 0 ≤ Si ≤ 10 based on inputs Ci,

Ci−1, Ri, Ri−1. The results are averaged across three runs.

Results. The results of our experiments for cost, quality, and time are shown

in Fig. 4.6. Results show SmartContext combined with k = 1 or k = 5 can reduce

costs by 30-50% while being higher quality than the no-context response. Quality

is similar whether k = 1 or k = 5, suggesting most of the quality difference im-

provement is present with just one message in the context. SmartContext quality

is particularly higher than no-context in the tail 20% of queries, following from our

intuition that only some queries require the context. This shows how SmartContext

only slightly reduces quality for large benefits in cost-savings. Our results also in-

dicate the total time using the SmartContext strategies is increased by < 20% for

about 80% of messages when k=1, and the largest increase is < 50%.
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Cache. We evaluate the smart_cache service type, which uses a local small model

combined with high quality cached information to generate responses. An issue with

small models is their tendency to hallucinate (especially with factual information).

For such queries, smart_cache is able to improve the worst-case quality by 4×. While

similar to RAG systems [124], an interesting insight is the use of widely available

information sources to intelligently populate the cache.

Setup. The cache is populated with Wikipedia [19] articles on topics gathered

from our WhatsApp service usage, using the delegated PUT. We select 170 queries

across 17 user conversations. These queries represent the last 10 requests per user,

at the time of running the experiment, sent to the Q&A service.

We focus on queries that are factual (using GPT4o to determine this), which

consist of 30% of the overall queries (i.e., 51 queries), since this has the largest

opportunity in leveraging a cache populated with factual information.

The smart_cache uses Phi-3 [14] (3.8B parameter model). We compare our

approach against directly (i.e., with cache disabled) using GPT4o and Phi-3 to an-

swer queries.

Conversations are replayed and the response quality is judged with a refer-

ence answer generated using Sonar-Huge-Online [23]. Sonar-Huge-Online serves as a

strong baseline since it has access to information on the internet and the responses

it generates are factually grounded; an important facet of our experiment.

Results. The results of our experiment are shown in Fig. 4.7. We first focus on

the overall quality of responses generated by different strategies (Fig. 4.7a). GPT4o

is considerably superior compared to using Phi-3 (as expected) for the majority of

the factual queries, the worst-case being ∼8pts from the reference. smart_cache

is able to bridge the quality gap, in particular for 20% of the queries with the

lowest quality. While marginal, the improvement using smart_cache is the difference

between a factually sound (but a less detailed/creative) answer and a hallucinated

(those generated by using Phi-3 alone) one.

To emphasize the benefits of leveraging the cached content we narrow down

on the subset of queries where smart_cache decides to use the cached information
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Figure 4.7: 4.7a shows the quality CDF of the smart_cache vs. directly using
GPT4o/Phi-3. 4.7b highlights the benefit of using factual information for smaller
models which have a propensity to hallucinate.

in Fig. 4.7b. For such queries, smart_cache has a considerable advantage over using

Phi-3 in isolation — the lowest score achieved on this subset by smart_cache is 4pts

vs. 1pt when using Phi-3 alone.

4.6 Related Work

Abstractions: Systems such as Parrot [132] and Teola [190] propose a more ex-

pressive LLM API that reveals dependencies between requests allowing for applica-

tion level optimizations rather than request level. Our proxy interfaces with existing

LLM APIs and focuses specifically on cost optimizations that do not require modifi-

cation in the LLM serving infrastructure. Other abstractions such as LangChain [42]

provide many building blocks, several of which can benefit LLMProxy such as context

summarizing (§4.3.4), to build LLM applications. However, it does not provide a

high level API like ours, requiring applications to figure out the appropriate low-level

configurations.

Model routing: The problem of selecting the right LLM for a task is an active area

of research, with many concurrent works, such as HybridLLM [64], RouteLLM [158],

FrugalGPT [47] and using benchmarks [182] all involving a “router” to select the best

model for a task. LLMBlender [115], which combines the strengths of multiple LLMs,
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and others have studied cascading approaches similar to our strategy in §4.3.3 [221,

91]. These strategies can potentially be made part of LLMProxy’s design as well.

Our approach is simplistic and meant to highlight the design of LLMProxy while not

requiring any additional model training (which can be expensive) and still performing

well on our production dataset. Future work could provide a quantitative evaluation

of the pros-and-cons of these different approaches and more insights into what kind

of workloads a given strategy should be used for.

Context management: Other works lower cost by reducing the number of in-

put tokens through models trained for this purpose [180, 134]. This could work in

tandem with our SmartContext strategy as another context filter. While LLMProxy

targets QnA style LLM uses, other systems have more complex context manage-

ment requirements such as generative agents [162]. They treat context as a “memory

stream” that surfaces relevant memories for new queries. With some modification

we believe our filter based API can also work for this style of context.

Caching: Systems such as GPTCache [35] and MeanCache [84] use embedding

models to reply to LLM queries with saved responses. Others have improved on the

embedding models for more effective caching [227] and used LLMs to generate test

inputs for semantic caches [174]. Our interface for LLMProxy is flexible enough to

benefit from these efforts, and can also accommodate our strategy of intelligently

populating the cache with high quality factual knowledge and using an inexpensive

LLM to respond to user queries (§4.3.5).

Other optimizations: There have been other recent works that optimize aspects

of LLM scheduling [215, 181] and caching intermediate computation [116] which

can also benefit LLM APIs when they are used by LLMProxy. Benchmarking model

quality is also a recent area of research and we use LLM as a judge, inspired by [225].

Proxies: There are many examples of performance optimizing proxies, some of

which are primarily meant to reduce cost [69, 151, 26, 152]. Others work at the
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transport level to improve performance [41, 88], and others take into account appli-

cation specific knowledge to improve performance [153, 51]. These use optimizations

such as caching and pre-fetching, which, with modification, can be used to improve

LLM usage.

4.7 Conclusion

We introduced LLMProxy, a proxy for supporting prompt-centric communication.

As a starting point, LLMProxy focuses on cost-optimizations, offering a suitable

interface to capture application preferences and internally using model selection,

context management, and caching. Our design, implementation, and evaluation

highlight the quantitative and qualitative benefits of our approach, in supporting

rich services such as the WhatsApp Q&A service, and diverse use-cases as well as

providing cost benefits in various scenarios.
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Chapter 5

Conclusion

This dissertation advocates a new paradigm for systems design — one that centers

user intent and leverages intelligence (e.g., principled form of learning) to adapt low-

level decisions. Across domains as varied as network flow scheduling, GPU job orches-

tration, and LLM-based inference, the systems presented in this work demonstrate

that exposing high-level objectives and using intelligent, workload-aware mechanisms

can yield infrastructures that are both high performing and adaptable. Rather than

optimizing for a fixed target or assuming a known workload, these systems embrace

workload uncertainty and diversity, enabling robust behavior. Looking ahead, this

vision opens rich opportunities for future work, from rethinking API abstractions for

agents, to building end-to-end infrastructures that automatically align with complex

application goals.

5.1 Future Work

Outlook. This dissertation advocates a design paradigm for cloud systems where

user intent is a first-class concept, and system behavior is guided by learning/intel-

ligence rather than fixed assumptions. The systems presented — spanning network

scheduling, GPU orchestration, and prompt serving — demonstrate how exposing

high-level objectives and using data-driven adaptation can yield robust, user-aligned

infrastructure.
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As we move toward a more agentic computing paradigm — where AI agents

dynamically plan and act on behalf of users — these principles become even more

critical. Systems must not only respond to user goals but also surface predictable be-

haviors, support dynamic resource adaptation, and close the loop between application-

level decision-making and infrastructure-level execution.

Building on these foundations, this dissertation calls for a thrust in three

key directions: (1) rethinking system interfaces for agents and humans to expose

predictability and control; (2) deepening learning-based adaptation across broader

system components and timescales; and (3) developing end-to-end frameworks that

automatically align infrastructure behavior with complex, evolving application goals.

Together, these directions push systems research toward infrastructure that is not

just performant, but anticipatory, personalized, and intent-aware by default.

5.1.1 Interfaces and APIs for Agentic Systems

LLM-powered agents are increasingly being tasked with complex workflows that span

multiple layers of modern infrastructure — invoking external APIs, composing cloud

services, and reacting to runtime feedback. However, these agents currently operate

in a world of unpredictability. Two fundamental gaps prevent them from acting

intelligently: (1) external APIs do not expose execution characteristics like latency

or cost, and (2) systems lack standardized, goal-driven interfaces that allow agents

(or users) to declare their intent and receive actionable feedback.

Building on insights from Chapter 3 and 4, predictability should be a first-

class concern in the design of agentic systems, enabling agents to make informed

decisions under uncertainty, reason about trade-offs, and iteratively refine their plans

based on system feedback.

Predictability-Aware APIs. Today’s cloud APIs are built around a narrow

request-response abstraction, offering no visibility into how long a request might

take, how much it will cost, or whether it will succeed. This opacity is particularly

limiting for agents that need to plan multi-step workflows. Without visibility into
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performance characteristics, agents are forced into brittle or conservative behavior

— retrying failed steps, hardcoding timeouts, or overprovisioning resources.

To address this, APIs should expose predictive feedback such as: (1) Esti-

mated latency or cost distributions; (2) Confidence intervals around success like-

lihood; (3) Expected queuing delays or resource contention. Armed with such

feedback, agents could intelligently select among alternative services (e.g., choos-

ing between fast/expensive and slow/cheap models), reorder execution plans, or

speculatively cancel requests that exceed certain thresholds. This requires new API

semantics — such as modifiable or transactional calls — and systems support for

providing lightweight forecasts, simulating outcomes, or reserving resources without

full commitment.

Goal-Aligned Interfaces. Beyond individual API calls, agents need higher-level

interfaces that align with their overarching objectives. However, today’s systems

offer no consistent medium for expressing such goals, nor mechanisms for exploring

trade-offs. Each system (e.g., schedulers, caching layers) reinvents its own knobs and

abstractions, forcing callers to micromanage behavior in domain-specific ways.

This motivates a broader design: bidirectional, declarative interfaces where

agents (or users) express goals such as “maximize predictability under cost con-

straints”, and the system responds with previews of possible outcomes. These pre-

views might include expected latency, cost breakdowns, success likelihoods, or what-

if counterfactuals (“what happens if I relax this constraint?”). Such feedback helps

agents iterate on their intent, ultimately arriving at plans that are both feasible and

aligned with system behavior.

Building these interfaces raises several research questions: (1) What abstrac-

tions can express intent across domains like inference, scheduling, and storage?;

(2) How can systems efficiently generate previews without full execution?; (3) Can

learning-based models (e.g., simulators, predictors) be shared across systems?
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5.1.2 Intent Arbitration in Multi-Agent Systems

As we move toward more agentic computing models, where autonomous agents in-

teract with shared infrastructure and collaborate on high-level tasks, a new class of

coordination problems arises. Unlike traditional applications, agents often act on

behalf of users with personalized goals — and they do so in environments where re-

sources are limited and interactions are interdependent. This creates challenges not

only in managing contention for shared resources, but also in ensuring fairness and

efficiency during inter-agent delegation. Addressing these challenges requires new

arbitration mechanisms that operate at both the system level (e.g., for scheduling

or resource control) and the application level (e.g., for workflow planning or task

sharing).

Intent Arbitration for Resource Contention. As LLM agents become increas-

ingly common, they will compete for shared infrastructure resources such as compute,

memory, and bandwidth. Traditional schedulers lack awareness of high-level agent

intents — whether a request is exploratory, deadline-sensitive, and much more —

and agents lack visibility into system load or expected delay. To bridge this gap, sys-

tems must arbitrate between conflicting intents, aligning agent goals with resource

constraints. This opens a new design space for goal-aware resource scheduling that

blends techniques from auction theory (e.g., VCG bidding), intent classification, and

multi-objective fairness (e.g., dominant resource fairness or weighted max-min). One

particularly promising direction is leveraging slack — the flexibility in task urgency or

quality thresholds — to enable opportunistic resource redistribution and cooperative

scheduling among agents. Key questions include: How should systems quantify and

compare intents across agents? How can they ensure incentive-compatible behavior?

And how do these policies scale with dynamic workloads and partial observability?

Fair Delegation in Multi-Agent Collaboration. Beyond infrastructure con-

tention, agents will also delegate tasks to one another; a planning agent may rely

on a summarizer or translator agent to complete a workflow. Without coordina-
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tion, this can lead to asymmetric delegation where certain agents (or users) become

overloaded or exploited. Addressing this requires fair delegation mechanisms that

account for agent capabilities, workloads, and user ownership.

One promising direction is to model delegation as a task allocation game, in-

corporating ideas from multi-agent coordination, cooperative game theory, or contract-

based systems. Inspired by insights from Chapter 3, a proxy-based architecture is

especially well-suited for implementing such arbitration logic: it sits between agents,

can observe cross-agent interactions, and is amenable to auditing and accountabil-

ity. By tracking historical interaction patterns, delegation outcomes, and feedback

loops, the proxy can detect persistent imbalances and enforce fairness-aware dele-

gation policies. This opens up new challenges around negotiation protocols, and

scalable enforcement of delegation-aware fairness objectives.

5.1.3 Resource-Adaptive Model Scaling

As personalized and fine-tuned AI models become mainstream, scaling them (pre-

and post-training) efficiently under variable resource availability is increasingly im-

portant. Existing scheduling systems attempt to optimize resource allocation under

constraints, but treat the model architecture as static. This creates a fundamental

limitation: even the best scheduling policies are bottlenecked by the inflexibility of

the job being scheduled. By enabling the model itself to adapt, growing or shrinking

dynamically during scaling, we can unlock additional optimization opportunities.

In dynamic compute environments, such as shared GPU clusters, spot in-

stances, or edge deployments with fluctuating capacity, fixed-architecture training

can be brittle. A promising future direction is elastic model scaling, where architec-

tural changes are treated as first-class control primitives that can respond to real-time

signals from the system. For example, schedulers might trigger model shrinkage when

anticipating preemption, or suggest expansion during low-load periods to improve

model accuracy.

For growth, techniques like Net2Net [48] transformations or progressive layer

stacking can safely expand model capacity mid-training. For shrinkage, we envision
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a distillation-based strategy: the larger model acts as a temporary teacher, seeding

a smaller model that inherits knowledge while consuming fewer resources [103]. This

smaller model can then resume training, preserving momentum even under tighter

compute constraints. Similar ideas can be applied to inference-time scaling.

These transitions enable new scheduling strategies: jobs are no longer fixed

points in a resource-time-cost space, but adaptive entities with a range of possi-

ble trajectories. This unlocks exciting co-design opportunities between schedulers,

and training and inference frameworks, where architectural transitions are jointly

optimized with job placement, load balancing, or budget control.

Several systems and algorithmic challenges, however, will need to be ad-

dressed: (1) designing lightweight shrinkage heuristics, (2) coordinating distillation

timing and transition costs, (3) preserving training state and optimizer dynamics

across architecture shifts, and (4) interfacing with scheduling policies to make tran-

sition decisions informed and predictable.

5.1.4 End-to-End Goals and Application-Aware Infrastructure

While individual system components, such as schedulers, caches, or model selectors,

can be optimized in isolation, real-world applications often care about broader goals

that span multiple layers. For example, in the WhatsApp-based LLM service, the

end-user’s objective is to receive a helpful answer quickly; not merely to minimize

latency or token cost in isolation. Achieving this requires coordinated reasoning

across subsystems (e.g., routing, caching, generation) and aligning system behavior

with emergent goals like responsiveness or engagement.

One promising strategy is to use LLMs not just as application logic but

also as meta-controllers that infer latent goals and select appropriate tactics from

a well-defined set of optimization strategies. This elevates the role of infrastructure

from a passive executor to an active collaborator, capable of flexibly aligning system

behavior with application-level values.

More concretely, modern systems expose a large and growing set of knobs

and techniques: caching, batching, scheduling, multiplexing, prefetching, context
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shaping, model pruning, and more. These mechanisms live at different layers of

the stack and interact in complex, often opaque ways. Today, application developers

must manually compose and configure these optimizations, often relying on intuition

or trial-and-error. Yet, a new application will require rethinking the design of these

strategies from scratch.

A central future direction is to automate this translation: given a high-level

goal like “maximize responsiveness” or “minimize cost under quality constraints”,

the infrastructure should determine how to combine these knobs effectively. This

demands systems that are workload-, history-, and application-aware, and are able

to learn from usage patterns, resource conditions, and feedback loops.

Beyond automation, there is a deeper systems design opportunity: to identify

generalizable principles that approximate a wide spectrum of application goals using

reusable optimization strategies. Recent work like SysGPT [164] demonstrates that

many sequential systems optimizations, such as batching, caching, precomputing,

etc., can be unified under just three core transformations: task removal, task re-

placement, and task reordering. By systematically identifying and composing these

transformations, systems can cover diverse optimization objectives with minimal

design effort. Applying this kind of principled, composable strategy to application-

aware infrastructure opens new avenues: systems can offer not just point solutions,

but broad operating envelopes that approximate optimal behavior across different

objectives such as latency, quality, and cost.
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