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Abstract
Serverless generative-AI inference at the edge must serve a heterogeneous, multi-

tenant mix of diffusion components, including base checkpoints, LoRA adapters,

ControlNets, and full pipelines. The combined footprint of these components is

usually much larger than the VRAM available on a single edge node. As a result,

requests often target models that are not resident in GPU memory, forcing the

system to load weights from storage and incur a multi-second cold start. Reactive

replacement policies, such as LRU, can decide what to evict after a miss, but

cannot avoid the latency of the request that caused the miss. Avoiding this cost

requires loading the model before the request arrives. We present FedCache, a

predictive VRAM-caching system that formulates model prefetching and eviction

as a sequential decision problem. FedCache learns over a compact macro-action

space, using a demand-aware state to decide when to prefetch, evict, or idle while

resolving the target model deterministically. To support edge deployments where

request traces are private and non-IID, FedCache trains the policy across edge

nodes with asynchronous federated policy gradients. The nodes share updates

rather than raw traces, so request logs are never transmitted directly, and the

server uses delay-adaptive lookahead and staleness damping to reduce the effect

of slow workers. Under a trace-driven, queue-aware simulation of the Alibaba

GenTD26 production trace, FedCache improves cache-hit rate over LRU and three

learned predictive baselines (IceBreaker, XGBoost, and ACPM). Given memory

headroom, it also attains a higher hit rate than an eviction-only Belady reference;

that reference sees the whole future and loads instantaneously but cannot prefetch,

so the two occupy different information settings and neither bounds the other.
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The advantage persists on held-out periods, and asynchronous federation reduces

convergence time as more edge nodes participate. A four-node edge deployment

reproduces the hit-rate improvement (+7 percentage points over all baselines);

with a demand-priority IO scheduler, FedCache also achieves up to 40% lower

latency than the baselines on nodes with fast storage. This latency figure reflects

model-load byte movement measured in replay, with diffusion inference emulated

rather than executed, and it does not extend to nodes whose IO path is already

saturated.
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Chapter 1

Introduction

Generative AI (GenAI) inference has become a production workload in many

domains, including healthcare, where latency and reliability are operational re-

quirements rather than convenience metrics [1]. Modern diffusion services also

differ from conventional model-serving workloads. A request is rarely served by

one monolithic model; instead, it is assembled from a pipeline of components

that may include a base checkpoint, one or more Low-Rank Adaptation (LoRA)

adapters, and optional ControlNet modules, depending on the specific tenant and

request [2, 3]. Production traces show thousands of base checkpoints and tens of

thousands of LoRA adapters in circulation, making their combined footprint far

larger than the GPU memory (VRAM) available on a single serving node [4]. This

pressure is especially acute at the edge, where inference is increasingly placed near

users for latency and data-locality reasons [5, 6], but where each site has limited

VRAM and observes its own private request mix.

The main performance bottleneck in this setting is the cold start. Edge nodes

may support applications with strict service-level agreements for reliability and
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responsiveness [7]; reducing cold starts, therefore, affects both user experience and

service viability. When a request targets a model that is not already in VRAM,

the system must stream multi-gigabyte weights from storage before serving the

request. In production traces, this operation can take from several seconds to

tens of seconds [4]. Since the working set is much larger than VRAM and tenant

demand is bursty and skewed, these misses occur frequently and dominate tail

latency. Which models are kept resident in VRAM is therefore a first-order design

decision for GenAI serving.

Conventional cache management addresses only part of the problem. Replace-

ment policies such as LRU, and learned eviction heuristics [8, 9], are reactive: they

choose what to keep or evict after a miss has been observed. At that point, however,

the cold-start latency for the current request has already been incurred. To avoid

the miss rather than merely respond to it, the system must pre-warm the model

into VRAM before the request arrives. Recent work on serverless inference makes

a similar observation: when large artifacts dominate startup, keeping functions

warm is not sufficient, and opportunistic pre-loading is needed to hide loading

latency [10, 11]. This changes the problem from reactive eviction to predictive

prefetching: staging models into VRAM before the requests that need them are

served, under a hard VRAM-capacity constraint.

Learning such a prefetching policy is difficult for three reasons. First, the action

space is large and heterogeneous. At each step, the agent may need to choose

among hundreds of models with different memory footprints while respecting a

strict VRAM capacity constraint. Second, the reward is delayed and asymmetric.

A useful prefetch is rewarded only when the corresponding request arrives later,
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while an unnecessary prefetch consumes bandwidth and may evict a model that

will soon be needed. Third, training data is decentralized. Each edge site sees

only its own tenant traffic, and those traces cannot be centralized because they

are private and non-IID (that is, not independent and identically distributed). At

the same time, heterogeneous node speeds make synchronous training vulnerable

to stragglers.

This thesis presents FedCache1, a system that learns a predictive prefetch-

and-evict policy for GenAI VRAM caching and trains it across edge nodes using

asynchronous federated reinforcement learning. FedCache addresses the three

challenges above. To reduce the action space, it formulates caching as a Markov

decision process (MDP) over three macro-actions: do nothing, prefetch the most

useful upcoming model, or evict the least useful resident model. The concrete target

of each macro-action is computed from a demand-aware state derived from a short

window over the pending request queue. As a result, the agent learns when to act

instead of learning a large per-step model-selection policy. This same formulation

reduces the exploration burden: the agent no longer needs to discover the correct

model target among M choices before receiving delayed feedback. To train without

centralizing private traces, FedCache uses asynchronous federated policy gradients.

Nodes send gradient updates rather than request logs; the server applies updates

as they arrive; and delay-adaptive lookahead with staleness damping limits the

effect of slow workers.

We evaluate FedCache on the Alibaba GenTD26 production trace against
1Our implementation includes the simulator engine, all baselines, the experiment scripts that

generate every figure, and the code for the experimental evaluation on cloud GPUs. It is publicly
available at https://github.com/pacslab/fedCache.
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LRU, three learned predictive baselines (IceBreaker, XGBoost, and ACPM), a

synchronous federated variant, and an eviction-only Belady reference. Under the

trace-driven, queue-aware simulation described in Chapter 5, FedCache achieves

the highest cache-hit rate among the policies compared and reduces average request

latency by cutting cold starts. With sufficient memory headroom, it also attains

a higher hit rate than the eviction-only Belady reference, because it can prefetch

first-touch requests that a load-on-miss policy must miss. That reference is granted

the whole future and instantaneous loads but cannot prefetch, so the two occupy

different information settings and neither bounds the other; the comparison is not

evidence of surpassing a general offline optimum. The policy retains its advantage

on held-out periods. On the systems side, asynchronous federation reduces wall-

clock convergence time as nodes are added and avoids the straggler bottleneck of

synchronous training. A demand-aware admission gate keeps prefetch churn below

reactive LRU, allowing FedCache to improve hit rate, latency, and switching cost

with only a modest increase in VRAM occupancy.

1.1 Thesis Contributions

This thesis makes the following contributions:

1. We reframe GenAI VRAM management from reactive eviction to predictive

prefetching, and formalize it as a multi-objective MDP with an explicit

load-delay model in which prefetching is the only way to avoid cold starts

(Chapter 3).

2. We design a learnable prefetch policy based on a macro-action space and

4



a demand-aware state. This design makes reinforcement learning tractable

without expert demonstrations, despite the otherwise large action space and

delayed rewards (Chapter 4).

3. We develop an asynchronous federated training scheme for edge GPU clusters

that avoids directly transmitting raw request traces and tolerates stragglers

through delay-adaptive lookahead, staleness-scaled gradient updates, and

targeted broadcast (Chapter 4). We are deliberately narrow about what

this buys: on the evaluated workload it reduces wall-clock time-to-target

and keeps traces on-node, but it does not change the final policy quality

(Section 6.7); we present it as a systems and privacy property rather than as

a source of the serving gains.

4. We evaluate FedCache on the Alibaba GenTD26 trace against reactive,

learned, and federated baselines and an eviction-only Belady reference. Under

the simulated conditions, FedCache improves latency, hit rate, and prefetch

churn, and its admission gate prevents predictive loading from becoming

excessive churn (Chapter 6).

5. We validate the trace-driven simulation through real experimentation on a

four-node H100 MIG cluster with physical storage-to-GPU transfers. The

real experiments are consistent with the central prediction of the simulator,

with FedCache’s hit-rate advantage widening to +7 percentage points on real

GPUs. They also delineate the storage-bandwidth conditions under which

the latency benefit transfers (Chapter 7).
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1.2 Thesis Organization

This thesis is organized as follows. Chapter 2 provides the necessary background

and reviews related research, positioning our contributions within the existing

literature. Chapter 3 formalizes the system model and the predictive prefetching

problem. Chapter 4 presents the design of FedCache, including the macro-

action MDP and the asynchronous federated training scheme. Chapter 5 describes

the experimental setup and methodology, and Chapter 6 evaluates the proposed

system in simulation. Chapter 7 validates the trace-driven simulation through

real experimentation on a physical GPU cluster. Finally, Chapter 8 concludes the

thesis: it summarizes the contributions, discusses the sources of the gains and the

limitations of this study, and outlines directions for future research. Appendix A

documents the trace preprocessing, the model-size parameterization, the simulator

semantics, the baseline and training configurations, and the cluster setup in the

detail needed to reproduce every reported result.
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Chapter 2

Background and Related Work

This chapter first introduces the two learning frameworks that FedCache builds on—

reinforcement learning and federated optimization—and then situates FedCache

in the literature. We review cold-start mitigation in serverless computing, GPU

model serving and multi-adapter inference, learned caching and prefetching, and

federated and asynchronous reinforcement learning, and we identify the gap that

FedCache addresses.

2.1 Preliminaries

2.1.1 Serverless GenAI Serving

In serverless computing, the platform provisions and scales resources on behalf

of the application: tenants submit requests, and the provider decides where and

when the corresponding computation runs. Applied to generative AI, each image-

generation request is served by a pipeline assembled from components: a base

diffusion checkpoint containing the multi-gigabyte denoising network, optionally

7



augmented with Low-Rank Adaptation (LoRA) adapters that specialize the model

for a tenant or style at a fraction of the size, and ControlNet modules that condition

generation on structural inputs [2, 3]. To serve a request, every component of its

pipeline must reside in GPU memory (VRAM). When a component is missing, its

weights must be read from storage, staged through host memory, and copied over

PCIe into VRAM—an operation that takes seconds to tens of seconds at gigabyte

scale and is the cold start studied in this thesis [4]. Because production platforms

serve thousands of distinct pipelines whose combined footprint far exceeds any

single node’s VRAM, deciding which models to keep resident—and when to load

them—is the central resource-management problem this thesis addresses.

2.1.2 Reinforcement Learning and Proximal Policy Opti-

mization

Reinforcement learning (RL) studies sequential decision-making: an agent repeat-

edly observes the state of an environment, selects an action, and receives a scalar

reward, with the goal of maximizing the cumulative reward it collects over time [12].

The interaction is formalized as a Markov decision process (MDP) (S,A, P, R, γ),

where S is the set of states, A the set of actions, P the transition dynamics,

R the reward function, and γ ∈ (0, 1) a discount factor that trades immediate

against future reward. A policy πθ(a | s) maps states to a distribution over actions,

and learning seeks parameters θ that maximize the expected discounted return

E[∑t γtRt]. This framing fits cache management naturally: each prefetch or evic-

tion is an action whose benefit (a future cache hit) arrives only after a delay, so the

learner must perform credit assignment over long horizons rather than optimize

each decision in isolation.
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Policy-gradient methods optimize πθ directly by ascending the gradient of the

expected return. Actor–critic variants pair the policy (the actor) with a learned

value function (the critic) that estimates how good a state is, which reduces

the variance of the gradient estimate. Proximal Policy Optimization (PPO) [13],

the local learner used in this thesis, additionally clips the policy-update ratio so

that each update stays close to the previous policy; this simple constraint makes

training markedly more stable. Advantage estimates are computed with Generalized

Advantage Estimation (GAE) [14], which balances the bias and variance of the

return estimates through an exponential weighting parameter.

2.1.3 Federated Learning

Federated learning (FL) trains a single shared model across many clients without

centralizing their data: each client computes an update on its private data, and only

the update—not the data—is sent to a coordinating server [15]. In the canonical

FedAvg protocol, the server broadcasts the current model, waits for all selected

clients to return their updates, averages them, and repeats. Synchronous rounds,

however, move at the pace of the slowest client, so asynchronous variants apply each

update as it arrives [16, 17]. Asynchrony introduces staleness: an update may have

been computed against an older model version than the one it is applied to, and

unmitigated staleness can destabilize training. Federated reinforcement learning

extends these ideas from supervised objectives to sequential decision-making, where

clients share policy-gradient updates instead of raw trajectories [18, 19]. FedCache

adopts this setting because edge request traces are commercially sensitive: nodes

learn a shared caching policy while exchanging only gradients.
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2.2 Serverless Cold Starts

A cold start is the delay required to prepare a function’s execution environment

before it can handle a request. It remains one of the central challenges in serverless

computing. Recent measurement studies and position papers show that cold-start

behaviour remains workload- and platform-dependent rather than a solved artifact

of legacy FaaS stacks [11, 20]. Existing mitigations include predictive keep-alive and

pre-warming based on historical invocation patterns [21], opportunistic pre-loading

for serverless inference [10], deep-learning forecasts for proactive container provi-

sioning [22], snapshot-and-restore mechanisms for lightweight sandboxes [23, 24, 25],

scalable container provisioning at production scale [26], transparent data caching

for serverless applications [27], and heterogeneity-aware warming across resource

tiers [28]. These approaches primarily target lightweight function containers, where

the dominant cost is runtime or sandbox initialization. GenAI inference has a

different cost structure: the serving environment can remain active, while the

expensive operation is loading large model weights into GPU memory. Recent work

accelerates this weight-loading path itself with loading-optimized checkpoint for-

mats and locality-aware scheduling [29], which is complementary to deciding which

models to stage and when. FedCache focuses on this weight-loading regime, where

the pre-warmed object is a large, variably sized model rather than a lightweight

container.
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2.3 GPU Model Serving and Multi-Adapter In-

ference

Recent systems work has addressed large-model serving under tight GPU-memory

capacity. For multi-tenant LoRA serving, systems such as S-LoRA, Punica, and

dLoRA batch requests across many adapters and manage adapter residency to

improve throughput [30, 31, 32]. Beyond adapters, Clockwork exploits the de-

terministic performance of DNN inference to bound tail latency while swapping

models through GPU memory [33], and vLLM manages GPU memory for LLM

serving with paging-inspired allocation [34]. Recent work on LLM and dynamic

ML-workflow serving similarly emphasizes memory pressure and runtime orches-

tration in multi-tenant inference settings [35, 36]. Production studies of diffusion

serving further characterize model heterogeneity and bursty demand, motivating

memory-aware scheduling [4, 37]. These systems mainly make reactive residency

decisions optimized for serving and batching efficiency. They do not learn to stage

models ahead of demand, which is the gap addressed by FedCache.

2.4 Learned Caching and Prefetching

Learned caching replaces fixed hand-designed rules with policies adapted to the

access stream. Belady’s offline-optimal algorithm [38] provides an eviction-optimal

reference. Online learned policies adapt to access patterns [9] or imitate Belady

from logged traces [8, 39], and learned prefetchers predict future accesses to hide

latency [40]. Deep reinforcement learning has also been applied to content caching

at the network edge [41] and to cluster resource management more broadly [42].
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Much of this work assumes uniform-size or approximately uniform-cost cache

objects, such as memory lines or CDN objects. GenAI model caching violates these

assumptions: objects differ greatly in size, and a miss can trigger a size-dependent,

multi-second load. FedCache therefore uses a reward and macro-action design that

is specific to heterogeneous model objects and high miss costs.

2.5 Federated and Asynchronous Reinforcement

Learning

Federated learning trains a shared model across clients without centralizing pri-

vate data. Representative methods include FedAvg [15], proximal approaches

such as FedProx for statistical and systems heterogeneity [43], and asynchronous

aggregation for straggler mitigation [16, 17]. Federated reinforcement learning

extends this idea to sequential decision-making [18]. More recent asynchronous

federated policy-gradient methods show convergence with near-linear speedup

through delay-adaptive corrections [19]. FedCache uses this asynchronous policy-

gradient framework for a systems resource-management problem rather than a

standard control benchmark, and combines it with a macro-action MDP that makes

GenAI VRAM caching learnable from scratch. Related edge-caching work has also

explored multi-agent and elastic federated learning for cooperative caching [44] and

federated ensemble model-based RL for sequential edge-computing decisions [45].

FedCache builds on this line by focusing on the heterogeneous, high-miss-cost

regime of GenAI model serving.

12



2.6 Summary and Research Gap

Overall, prior work either mitigates cold starts for lightweight serverless functions,

serves multi-adapter models reactively, learns caching policies for more uniform

objects, or applies federated RL to general control problems. FedCache sits

in the gap between these lines: it formulates GenAI VRAM management as

predictive model prefetching and learns the policy through asynchronous federated

reinforcement learning across edge GPU clusters, sharing gradients rather than

transmitting raw request traces. We are not aware of prior work that combines

these elements, although we state this as positioning relative to the literature

surveyed above rather than as a claim of priority.
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Chapter 3

System Model and Problem

Formulation

This chapter formalizes the setting: the edge serving fleet, the VRAM contention

that makes model caching a packing problem, the cold-start penalty that reactive

policies cannot avoid, and the multi-objective optimization problem that FedCache

solves.

3.1 Serverless GenAI Serving on Edge GPU Clus-

ters

We consider a set of N edge serving nodes N = {1, . . . , N}. Each node is a

GPU server that handles GenAI inference requests, such as image, video, text, or

voice generation, for tenants local to its site. Because sites serve different tenant

populations and their traces are commercially sensitive, each node observes a

private and non-IID request stream. The distribution over requested models can
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differ across sites, so a node cannot assume that its local traffic is representative of

the global workload, and it cannot send raw traces to a central trainer. Let M

be the universe of servable models, with |M| = M . We abstract each composed

inference pipeline, consisting of a base checkpoint, its LoRA adapters, and optional

ControlNet modules, as a single cacheable model m ∈ M with an identifier and

a memory footprint. Node k receives a discrete request stream ρk = (rk
1 , rk

2 , . . . ),

where request rk
t targets model mk

t ∈M at step t. We omit the node superscript

when describing a single node.

3.2 VRAM Contention and Model Heterogeneity

Each node has a fixed VRAM capacity C (GB) for resident models. Models have

different sizes: a size function s : M → R>0 maps each model m to its VRAM

footprint s(m) in GB. These footprints range from small LoRA adapters to large

multi-stage pipelines and can differ by nearly two orders of magnitude [4]. The

aggregate footprint is much larger than the capacity of a single node,

∑
m∈M

s(m) ≫ C, (3.1)

so only a small subset of models can reside in VRAM at any time. Let At ⊆M

denote the set of available models, meaning models that are resident and ready to

serve requests at step t. Together with the in-flight warming loads Wt that also

occupy VRAM (defined below), it must satisfy

∑
m∈At∪Wt

s(m) ≤ C ∀t. (3.2)
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Because models have different sizes, admission is a packing problem rather than

a simple slotted-cache decision: loading one large pipeline may require evicting

several smaller adapters, while many adapters may fit in the space required by a

single large model.

3.3 The Generative AI Cold-Start Penalty

Serving a request requires its target model to be available. If mt ∈ At, the request

is a hit and incurs a small service latency ℓhit. If mt /∈ At, the request is a miss

and the system must load the model’s weights into VRAM before serving it. The

resulting cold-start latency increases with model size,

ℓmiss(m) = ℓload
(
s(m)

)
≫ ℓhit, (3.3)

and production traces report values from seconds to tens of seconds [4]. This delay

is therefore the dominant contributor to tail latency.

Loading is not instantaneous. A load of model m initiated at step t reserves

VRAM immediately, but the model becomes available only after a size-dependent

delay ∆(m) ≥ 1, corresponding to the time needed to stream its weights. Let

Wt denote the set of warming models, i.e., loads that have been issued but have

not yet completed; these models also count against capacity. This delay is what

limits reactive policies. If a miss for mt is observed at step t, then a load started

in response cannot finish until at least t + ∆(mt), after the current request has

already experienced the cold start. Thus, mt can be a hit only if its load began at

some step t′ ≤ t−∆(mt). A policy that acts only after a miss can improve later
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requests, but it cannot remove the miss that triggered the action. Avoiding cold

starts requires predictive prefetching: the model must be staged before the request

that needs it is served.

3.4 Problem Formulation

At each step, a control policy π observes the recent request history and the memory

state, and may initiate a prefetch, evict a resident model, or idle. Let ℓt be the

latency of request t under π:

ℓt =


ℓhit, mt ∈ At (hit),

ℓmiss(mt), mt /∈ At (cold start).
(3.4)

The primary objective is to minimize expected average request latency subject to

the memory-capacity constraint:

min
π

Eρ

[
1
T

T∑
t=1

ℓt

]
s.t.

∑
m∈At∪Wt

s(m) ≤ C ∀t. (3.5)

Here Wt is the set of warming models: loads that have started but have not yet

completed. Since they already reserve memory, they count against the capacity C

with the available set At. Prefetching also has a resource cost. Loads and evictions

consume storage and PCIe bandwidth and can increase transient occupancy. We

therefore use a multi-objective cost that augments latency with normalized VRAM

occupancy and a switching penalty:

min
π

Eρ

[
1
T

T∑
t=1

(
ℓt + λv ut + λs ct

)]
, (3.6)
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where ut =
( ∑

m∈At∪Wt
s(m)

)
/C is normalized VRAM occupancy, ct counts load

and evict actions at step t, and λv, λs ≥ 0 control the relative weight of resource

costs.

Two properties make this problem difficult. First, the policy is online: it must

decide what to prefetch without observing future requests. Second, the policy must

combine a discrete admission/eviction choice over a large heterogeneous model set

with long-horizon credit assignment, because a prefetch pays its cost immediately

but yields a benefit only if the predicted request arrives after the load completes.

These properties motivate an MDP formulation and a learned policy, which we

develop in the next chapter.
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Chapter 4

FedCache Architecture

This chapter presents the design of FedCache: the macro-action MDP and demand-

aware state that each edge agent observes, the local PPO learner, and the asyn-

chronous federated aggregation scheme that trains a single global policy across

edge nodes without centralizing request traces. Figure 4.1 gives an overview of

the architecture and of the training loop that connects the edge agents to the

aggregator.

4.1 Decentralized MDP: Macro-Action Space

and Demand-Aware State

Each node solves the online problem from Chapter 3 as an MDP [12] (S,A, P, R, γ).

Here S is the state space, A is the macro-action set, P denotes the transition

dynamics induced by the request stream and simulator, R is the per-step reward

in (4.5), and γ ∈ (0, 1) is the discount factor. The agent learns a policy πθ that

maximizes the expected discounted return, E[∑t γtRt].
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Pending request queue
(H-request window)

Demand-aware state st

(ut, cache status, dt, d̃t)

PPO agent πθ

idle / prefetch / evict

VRAM cache At ∪Wt

deterministic target
+ admission gate

Edge node k (one of N)

Asynchronous aggregator
global parame-

ters θ, version vg

θ ← θ − ηs√
1+σ

g

best-by-hit-rate snapshot

pseudo-gradient g

θ (targeted broadcast)

each node interacts with its private trace ρk

Figure 4.1: FedCache overview. On each edge node, the pending
request queue is summarized into a demand-aware state, a three-way
PPO policy decides when to act, and the environment resolves the
concrete model target deterministically, filtered by the demand-
aware admission gate at the VRAM cache. Nodes train locally
from the lookahead-extrapolated parameters θ̃ and report only
pseudo-gradients; the asynchronous aggregator applies each update
with staleness damping and returns fresh parameters only to the
reporting node.

4.1.1 Demand-Aware State

The agent observes a queue of pending requests: the next H already-admitted

requests mt, . . . , mt+H−1 waiting for service. This queue is observable because a

backlog forms when diffusion inference is slower than the arrival of the request;

it is not an oracle forecast of future traffic. The mechanism is accordingly better

described as queue-aware scheduling with exact knowledge of already-admitted

requests than as forecasting in the conventional sense, and it presumes a deployment

in which the pending queue is at least H requests deep. Under light load, where

the queue is shallow or empty, the queue window carries little information and

the policy has correspondingly little to act on (Chapter 7). From this queue, we
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compute a recency-weighted demand vector dt ∈ [0, 1]M :

dt[m] = 1
Zt

H−1∑
j=0

e−j/τ 1[mt+j = m] , (4.1)

where τ controls the recency decay and Zt = maxm′
∑

j e−j/τ1[mt+j = m′] normal-

izes the vector by its peak value. We also define an unmet-demand vector that

removes models already available or warming:

d̃t[m] = dt[m]
(
1− 1[m ∈ At ∪Wt]

)
. (4.2)

The state st concatenates the normalized VRAM occupancy ut, a cache-status

vector that encodes each model as available (1), warming (1
2), or absent (0), per-

model recency features, dt, d̃t, and raw queue-window features. The unmet-demand

vector is central: its support gives the prefetch candidates, and its largest entry

identifies the strongest upcoming demand not already covered by the cache.

4.1.2 Macro-Action Space

A direct policy that selects one of M models to load or evict would require a large

discrete action head. Combined with delayed feedback, this makes exploration

unreliable. FedCache instead exposes three macro-actions to the agent: idle,

prefetch, and evict. Each macro-action has a small action index, and its

concrete target is resolved deterministically from the state. prefetch selects the

earliest upcoming request whose target is not already available or warming, fits

21



within capacity, and can be loaded before it is needed:

m∗ = mt+j∗ , (4.3)

j∗ = min{ j ≥ ∆(mt+j) : mt+j /∈ At ∪Wt, s(mt+j) ≤ C }. (4.4)

The condition j ≥ ∆(mt+j) ensures that only catchable requests are prefetched. A

demand-aware admission gate then admits the candidate only when there is free

space or when the candidate’s demand is higher than the demand of the model

it would displace. This prevents speculative prefetches from causing unnecessary

churn under contention. evict removes the resident model with the smallest

demand, arg minm∈At dt[m], with ties broken by recency. The agent, therefore,

learns when to act, while the model target is chosen by a deterministic rule.

Infeasible macro-actions, such as eviction from an empty cache or prefetching

when no catchable model can fit, are masked, and the agent idles until the state

changes. In the load regime evaluated in this thesis the explicit evict action is

rarely selected, because eviction occurs implicitly when a prefetch makes room to

admit a target (Table 6.2); it is retained in the action set for generality and for

regimes in which proactively freeing memory ahead of a large incoming model is

beneficial.

4.1.3 Reward

The reward is the negative of the multi-objective cost in (3.6), with a small bonus

for serving heavier requests from cache:

Rt =
(
Rhit + wc ĉ(mt)

)
1[hit] − κ ℓ̂(mt)1[miss] − λv ut − λs ct, (4.5)
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where ĉ(mt) ∈ [0, 1] is the normalized completion weight of the request, ℓ̂(mt) is

normalized size-dependent cold-start latency, ut is normalized VRAM occupancy,

and ct is the number of load/evict actions at step t. Maximizing discounted return

under this reward gives a discounted surrogate for the multi-objective problem in

(3.6).

4.2 The Local Edge Agent: Predictive Policy

The policy uses an actor–critic network. A shared multilayer-perceptron backbone

feeds a three-way actor head πθ(a | s) and a scalar value head Vθ(s).

4.2.1 The Exploration Challenge

Prefetching is difficult to learn because the feedback is delayed and asymmetric.

A wrong prefetch wastes bandwidth and can evict a soon-needed model, while

a correct prefetch is rewarded only when the corresponding queued request is

served. If the policy also had to choose among M model targets, most exploratory

prefetches would be uninformative or harmful. The macro-action formulation in

Section 4.1 avoids this problem by removing target selection from the learned

action. The policy only decides whether to prefetch, evict, or idle, which allows

reinforcement learning to converge from scratch in our experiments (Chapter 6).

4.2.2 Local Reinforcement Learning

Each node trains locally with Proximal Policy Optimization (PPO) [13]. With

Generalized Advantage Estimation advantages Ât [14] and probability ratio ρt(θ) =
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πθ(at | st)/πθold(at | st), PPO minimizes

L(θ) = −Et

[
min

(
ρtÂt, clip(ρt, 1−ϵ, 1+ϵ)Ât

)]
+ cv LV (θ)− ceH[πθ], (4.6)

where LV is the value loss, H is the entropy bonus, and cv, ce are coefficients.

4.3 Delay-Adaptive Lookahead and Local Up-

dates

Local agents participate in asynchronous federated training rather than training in

isolation. When the server dispatches global parameters θ with a version stamp,

the client also keeps the previous parameters θ− it received. Before sampling,

the client applies delay-adaptive lookahead [19], extrapolating along the recent

global trajectory to compensate for the staleness that may accumulate during local

computation:

θ̃ = θ + 1− α

α
(θ − θ−). (4.7)

The client loads θ̃ into the network, performs the local PPO update in (4.6), and

obtains θloc. It then returns the pseudo-gradient

g = θ̃ − θloc, (4.8)

which is referenced to the extrapolated starting point θ̃ rather than to the originally

received θ. This reference point matters for stability: g represents only the local

PPO improvement, while differencing against θ would mix the extrapolation offset

into the reported update and cause the server to apply it again.
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4.4 The Asynchronous Federated Aggregator

The server stores the global parameters θ and a version counter vg. It dispatches

(θ, vg) to clients and applies their pseudo-gradients as soon as they arrive, without

waiting for a synchronization barrier. When a client update computed from version

v arrives, the server computes its staleness σ = vg − v and applies a staleness-

damped step:

θ ← θ − ηs√
1 + σ

gk, vg ← vg + 1. (4.9)

Because N clients can contribute local steps concurrently, the server learning rate

is kept on the order of 1/N to avoid an aggregate update that is too large. After

applying an update, the server sends the fresh parameters only to the client that

just reported, allowing that client to start the next round immediately. This

targeted broadcast differs from synchronous schemes that wait for all clients before

broadcasting a new global model [15]. The server also periodically evaluates

the global policy and keeps the highest-hit-rate snapshot to reduce the effect of

transient drift. Algorithm 1 summarizes the procedure.
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Algorithm 1 FedCache asynchronous federated training
1: Server init: θ ← random initialization; vg ← 0; dispatch (θ, vg) to all N

clients
Each client k runs ClientUpdate (below) asynchronously on its most recent
dispatch and reports the pseudo-gradient gk.

2: while vg < Tmax do
3: receive gk from client k (dispatched at version v) ▷ from k’s

ClientUpdate
4: σ ← vg − v

5: θ ← θ − ηs√
1 + σ

gk; vg ← vg + 1
6: if periodic then update best-hit-rate snapshot
7: dispatch (θ, vg) to client k ▷ targeted broadcast
8: end while

9: function ClientUpdate(θ) ▷ θ: latest params dispatched to this client
10: θ̃ ← θ + 1−α

α
(θ − θ−); θ− ← θ

11: θloc ← ppo(θ̃, local rollout)
12: return g = θ̃ − θloc

13: end function
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Chapter 5

Experimental Setup and

Methodology

This chapter describes the evaluation methodology: the production trace and the

trace-driven simulator built on it, the model-size parameterization, the baseline

policies, and the metrics used in Chapters 6 and 7. Appendix A records the

full configuration behind every reported number, including trace preprocessing,

the size-tier assignment, the simulator’s event ordering, the network and training

budget, and the baseline hyperparameters.

5.1 The Production Trace

We evaluate FedCache with both simulation and real experiments on the cloud using

the Alibaba GenTD26 trace [4], a production trace of diffusion image-generation

serving. We use the request-level log, in which each request provides an anonymized

target model identifier and request features such as prompt length and inference-

step count; the identifier sequence defines the request stream ρ from Chapter 3.
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We stream the trace in chronological chunks and use the M = 100 most active

models.

We build a trace-driven discrete-event simulator in which an edge node maintains

the available set At, the warming set Wt, and the VRAM capacity C. The simulator

advances one request per step. A request whose model is in At is a hit served

at ℓhit = 50 ms. A miss incurs a size-scaled cold-start latency in the seconds-to-

tens-of-seconds range reported by the trace. One simulation step corresponds to

roughly one second of request arrivals, so ∆(m) equals the model’s load time,

approximately 5–15 steps. Once a load is issued, the model is retained; if a request

arrives while the model is still warming, it waits only for the remaining load time.

FedCache’s queue window covers the next H already-admitted requests exactly,

not a forecast, so the gains reported here are contingent on a pending queue at

least H requests deep. This is a property of the load regime, not of the trace

alone: because diffusion inference takes seconds per request while requests can

arrive more frequently, a backlog forms whenever the arrival rate exceeds the

per-node service rate, and it is in exactly this saturated regime that a deep queue

exists and a prefetch has time to complete before its request is served. Under

light or fluctuating load the queue is shallow, the queue window carries little

information, and prefetching is correspondingly neutral or, when it displaces a

soon-needed model, mildly harmful. We therefore scope every claim in this thesis

to the sustained-overload regime; the realized queue-depth distribution over a full

production deployment, and the light-load behaviour, are measurements we do not

make here. The physical replay of Chapter 7 is run at the design request rate for

this reason.
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The simulator charges size-dependent cold starts in the seconds-to-tens-of-

seconds range (5000 + 770 s(m) ms; Table A.2), following the load-latency mag-

nitudes reported for the production trace [4]. This scale is a parameter of the

system model, not a measured property of any one deployment: the commodity

edge nodes of Chapter 7, with fast local storage and guest-cold reads, load the

same models in 0.1–1.9 s. Two points follow. Every result that depends on the

absolute scale—absolute latencies, and the hit:miss cost ratio that turns a hit-rate

gain into a latency gain—is conditional on this parameter, as this chapter and

Chapter 6 already caution. The relative ordering of the policies is not: the replay

in Chapter 7 re-runs the identical decisions at the true measured load times and

FedCache’s hit-rate advantage persists and widens, which is the purpose of that

validation. The production-scale assumption should thus be read as representative

of datacentre-grade storage under load rather than of this particular cluster.

By default, the federation contains N = 5 edge nodes. Each node runs the local

agent from Chapter 4 on its own request stream, and the asynchronous aggregator

runs for Tmax = 1000 global steps. We use heterogeneous per-client compute delays

to induce realistic staleness. In non-IID experiments, each node reads a disjoint

shard of the trace. For generalization, we train on an early temporal segment and

evaluate on a later held-out segment. Unless otherwise noted, results report the

global policy evaluated greedily. Because the request trace is fixed, the environment

has no stochastic dynamics, and the deployed policy acts greedily, re-evaluating

the deployed policy returns identical metrics; the reported numbers are therefore

exactly reproducible, and we report a single deterministic run rather than averaging

over evaluation replicas. Table 5.1 lists the main hyperparameters. The PPO
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Table 5.1: Key training hyperparameters.

Parameter Value
Models M / VRAM capacity C 100 / 15 GB
Queue-window length H 20
Simulation step 1 s (≈1 request)
Load delay ∆(m) 5–15 steps (= load time)
Hit / cold-start latency 50 ms / 5–15 s
Edge nodes N / global steps Tmax 5 / 1000
Server LR ηs 0.3 (order 1/N)
Lookahead coefficient α 0.8
Staleness damping 1/

√
1 + σ

PPO rollout / local epochs 512 / 4
Learning rate / γ / GAE λ 3×10−4 / 0.99 / 0.95
PPO clip ϵ / entropy ce 0.2 / 0.005

settings follow common PPO practice [13, 14]: learning rate 3 × 10−4, discount

factor γ=0.99, GAE λ=0.95, and clipping parameter ϵ=0.2. The federation settings

follow the AFedPG design; in particular, ηs is kept on the order of 1/N to prevent

N concurrent client steps from accumulating into an overly large server update.

The queue-window length H=20 is chosen to exceed the maximum load delay,

which is the regime needed for catchable prefetches and is supported by the ablation

in Figure 6.7(c). That ablation shows hit rate saturating near H≈10, below the

maximum load delay of 15 steps. The two are consistent: only the largest models

(full pipelines, 10% of the universe) reach the 15-step delay, while most requests

target small adapters and base checkpoints with shorter delays, so a window near

10 already makes the bulk of traffic catchable. We nonetheless set H=20 so that

the rare large-delay pipelines remain catchable as well; the ablation confirms this

costs no hit rate and only a small increase in thrash.
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5.2 Model-Size Parameterization and VRAM

Fragmentation

The trace includes request arrivals and component load latencies, but it does

not expose the parameter footprint of each anonymized model. Empirically mea-

sured representative component footprints were therefore used to parameterize the

trace-driven simulation. We measured the VRAM footprints of LoRA adapters,

ControlNets, base checkpoints, and full pipelines on the physical cluster of Chap-

ter 7, and used the four measured ranges as size tiers [2, 3]. The ordering of these

classes matches the per-class load-latency distributions in the trace [4].

Each of the M = 100 trace identifiers is then assigned to a tier, and to a footprint

within that tier’s measured range, under a fixed seed. The measurements are exact

for the components and hardware we ran, but the mapping from anonymized trace

identifiers to footprints is synthetic: a different assignment permutes which model

receives which size and therefore changes the packing problem. Appendix A.2

documents the tiers, their shares, and the assignment procedure in full.

The resulting sizes span 0.2 to 13.4 GB. Their aggregate footprint is approxi-

mately 253 GB against a per-node capacity of C = 15 GB, or about 17× oversub-

scription. Thus, a single full pipeline can nearly fill the cache, while dozens of

adapters may fit at once. This heterogeneity creates fragmentation and defines

the low-memory regime studied in Chapter 6. Results that depend on absolute

packing—the low-memory crossover, the oversubscription ratio, and absolute hit-

rate and latency values—should be read as conditional on this parameterization

rather than as properties of the trace itself.
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5.3 Baselines

We compare FedCache with reactive, learned, and federated baselines, as well as

an offline eviction reference. The comparison includes standard cache management

and recent approaches relevant to edge GenAI inference. The learned baselines are

adapted from other application settings, so they should be read as representative

adapted heuristics rather than as tuned state-of-the-art competitors; Appendix A.5

gives their full configurations and states which information each one observes.

• LRU: the standard reactive policy. On a miss, it loads the requested model

and evicts the least-recently-used models until there is enough space.

• IceBreaker [28]: proactive pre-warming based on the dominant period in

each model’s invocation history, computed through FFT. We adapt it to a

single GPU tier and omit its heterogeneous-server cost optimization.

• XGBoost [46]: a gradient-boosted next-request predictor that prefetches

the highest-scored non-resident model.

• ACPM [22]: an adaptive container-provisioning method whose LSTM [47]

forecasts near-future request volume from binned utilization history. We

adapt its container-provisioning decision to model residency under a fixed

VRAM capacity.

• Synchronous FedAvg [15]: the same local RL agent trained with syn-

chronous federated averaging, which isolates the effect of asynchronous ag-

gregation.
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• Belady-OPT [38]: the offline eviction reference. It sees the entire future

request sequence, evicts the resident model whose next reference is furthest

away, and is granted instantaneous loads. It is optimal among load-on-miss

eviction policies, but it cannot prefetch, so it occupies a different information

setting from FedCache and is not a general offline optimum for the problem

of Chapter 3 (Section 6.3).

We note one asymmetry explicitly. FedCache consumes the pending-request

queue, which is intrinsic to its formulation, whereas the learned baselines predict

from invocation history in their original designs and are evaluated in that designed

information setting. Granting them the same queue would turn them into variants

of FedCache’s deterministic resolver rather than into their intended methods, so

we keep each baseline in its native setting and read the resulting ordering as a

comparison of designs under their own assumptions, not as a claim that these

methods are inferior given identical inputs.

5.4 Evaluation Metrics

We report a multi-objective profile rather than a single aggregate score:

• Hit rate: the fraction of requests served from the available set.

• Average latency (ms): mean per-request latency. Because a miss costs

roughly 100–300× a hit, this metric is dominated by cold starts.

• Average VRAM: mean occupancy fraction ut, which measures memory

pressure.
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• Thrash: the total number of load and evict actions, measuring prefetch

churn and bandwidth cost. This is a coarse aggregate; because it combines

loads with evictions and counts only explicitly issued actions, we decompose

it into demand loads, prefetch loads, evictions, and wasted prefetches in

Section 6.1.1, which is the more informative view of switching cost.

For federated experiments, we also report wall-clock convergence in simulated time.

Asynchrony primarily improves the time needed to reach a target hit rate, rather

than changing the final hit rate.

The per-capacity sweeps in Figures 6.1–6.2 and the generalization result in

Figure 6.3 include all baselines. Consistent with Table 6.1, the learned methods

(XGBoost, ACPM, and IceBreaker) match the performance of LRU—a standard

reactive policy in production caching—once capacity is ample. However, under

tight memory constraints, these predictive models do not surpass LRU’s reactive

eviction in our setting, which illustrates the difficulty of balancing predictive

prefetching against VRAM fragmentation. Meanwhile, FedCache separates above

the low-memory crossover. Because the baselines were adapted rather than tuned,

and because they observe only request history while FedCache also observes the

pending queue (Appendix A.5), this ordering should be read as evidence about

these adapted configurations rather than as a general ranking of the underlying

methods.
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Chapter 6

Results and Evaluation

We evaluate the greedy global FedCache policy against the baselines from Chap-

ter 5. Unless stated otherwise, results have been obtained using a cluster of N = 5

nodes, with VRAM capacity of C = 15 GB each, and the default hyperparameters

in Table 5.1. All values in this chapter come from the trace-driven, queue-aware

simulator and are conditional on that configuration and on the model-size parame-

terization of Chapter 5. FedCache’s absolute figures should be read as achievable

by a learnable queue-aware policy, not as near-optimal; the distance to the best

queue-aware policy is not bounded here (Section 6.3).

6.1 End-to-End Comparison

Table 6.1 summarizes the multi-objective comparison. Among the policies compared,

FedCache obtains the highest hit rate (94.78% compared with 90.48% for LRU),

the lowest average latency (411 ms compared with 706 ms, a reduction of about

42%), and the numerically lowest thrash (454 versus 476 for LRU). This last figure

needs care and is decomposed in Section 6.1.1: the thrash metric counts actions of
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Figure 6.1: Hit rate (left) and average latency (right) versus per-
node VRAM capacity, for FedCache and all baselines. FedCache is
trained once at C=15 GB and evaluated across the range without
retraining, so this is a capacity-transfer (robustness) curve rather
than a per-capacity optimum. The learned baselines (IceBreaker,
XGBoost, ACPM) remain at or below LRU; under tight memory
(the thrash regime) FedCache slightly trails LRU while staying
above the learned baselines, and it outperforms all baselines above
the ∼7 GB crossover.

different kinds for different policies, so the raw 454-versus-476 comparison should

not be read as FedCache simply churning less. The demand-aware admission gate

is important here: it allows FedCache to prefetch when doing so is useful, while

avoiding the extra churn that would otherwise make prediction costly.

These end-to-end results have been obtained by a 5000-step evaluation that

extends into the more difficult later segment of the trace. The per-configuration

analyses in Figures 6.1–6.3 use a shorter 3000-step window from the earlier, more

stationary part of the trace; this explains their higher absolute hit rates, around 98%

at the same capacity. The training-time curves (Figures 6.4 and 6.5) evaluate on

similar early-trace windows, which is why their LRU reference sits above the value
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Table 6.1: End-to-end multi-objective comparison on GenTD26
(N=5, C=15 GB, 5000-step evaluation); a single deterministic run,
identical across evaluation replicas. Lower latency, VRAM, and
thrash are better; best per column in bold.

Hit % Latency (ms) VRAM % Thrash
LRU 90.48 705.6 81.1 476
XGBoost 90.34 713.8 81.2 483
ACPM (LSTM) 89.68 739.7 80.8 621
IceBreaker 89.10 793.6 82.0 637
FedCache 94.78 411.4 83.9 454

in Table 6.1. The relative ordering is unchanged. The learned baselines do attempt

to prefetch: IceBreaker uses periodicity, whereas XGBoost and ACPM use learned

demand prediction. While these adapted baselines establish a strong predictive

floor that remains competitive with standard LRU, the specific latency demands of

GenAI serving expose their limitations. In this workload, their predictions are not

sufficient to stage models within the multi-second load window. Their prefetches,

therefore, often arrive too late or add churn without converting misses. FedCache’s

main cost is a small increase in average VRAM occupancy (83.9% vs. 81.1% for

LRU). Since cold starts dominate latency, the observed latency reduction is mainly

a consequence of the higher hit rate. Reducing these multi-second events should

also improve the latency tail targeted by edge-serving SLAs.

6.1.1 Decomposing the Switching Cost

The single thrash figure in Table 6.1 combines loads and evictions and counts

only the action a policy issues explicitly. Table 6.2 decomposes it at the same

operating point, separating demand-triggered loads (whose target is the current

request) from speculative prefetch loads (whose target is a later request in the
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queue), reporting the evictions each policy actually performs, and counting wasted

prefetches — models staged but evicted before they serve any request.

Three points follow, and each qualifies the raw thrash comparison. First, the

headline figures count actions of different kinds. LRU’s 476 is entirely reactive

demand loads that a load-on-miss policy cannot avoid, whereas 417 of FedCache’s

454 are speculative prefetches; the totals are close but not comparable, so the

ordering does not by itself show that FedCache churns less. Second, the metric

omits the evictions each policy forces to make room. No policy in this comparison

issues an explicit eviction action; evictions occur implicitly when a load displaces a

resident model, and the Table 6.1 metric does not count them. Counted, FedCache

performs 434 evictions against LRU’s 467, so its total cache mutations (876 byte-

moving loads and evictions) sit slightly below LRU’s (943) while its hit rate is

4.3 points higher; this is the more defensible form of the switching-cost claim.

Third, wasted prefetches separate accurate prediction from indiscriminate loading:

FedCache wastes 49 of its 417 prefetches (11.8%), whereas the forecasting baselines

waste far more (78.6% for IceBreaker, 45.3% for ACPM), which is why their

prediction adds churn without a matching hit-rate gain.

6.2 VRAM Contention and the Low-Memory

Crossover

Figure 6.1 sweeps the VRAM capacity to measure hit rate and latency. The same

policy, trained once at the default C=15 GB, is evaluated across the full capacity

range; we do not retrain at each point. This is therefore an out-of-distribution
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Table 6.2: Thrash decomposed (N=5, C=15 GB, 5000-step evalu-
ation). Demand and prefetch are byte-moving loads whose target
is the current or a future request; evictions are those actually per-
formed (all implicit here, to make room for a load); wasted counts
prefetches evicted before serving a request. The final column is the
load-plus-explicit-eviction “thrash” of Table 6.1, which counts only
explicit actions and so reduces to the load count.

Demand Prefetch Evictions Wasted Thrash (Table 6.1)
LRU 476 0 467 0 476
XGBoost 475 2 468 0 483
ACPM (LSTM) 448 117 556 53 621
IceBreaker 515 103 611 81 637
FedCache 25 417 434 49 454

capacity-transfer experiment: it measures how a single fixed policy degrades as

the operating capacity moves away from the one it was trained at, not the best

policy achievable at each capacity. A policy retrained per capacity could do better,

particularly at the extremes of the range; the curve should accordingly be read

as a robustness result rather than a per-capacity optimum. At very low memory

(C=3 GB), FedCache slightly trails LRU (80.9% vs. 82.3%). With so little resident

memory, even gated prefetching can sometimes displace a model needed soon,

although the gate keeps churn limited (321 load/evict actions rather than the much

larger churn of an ungated prefetcher).

FedCache and LRU remain close until roughly C≈6 GB. Above a crossover near

7 GB, FedCache improves both hit rate and latency, reaching 99.6% hit rate and

80 ms at 40 GB compared with LRU’s 97.7% and 215 ms. The latency gap widens

as VRAM increases because FedCache can convert more first-touch requests into

hits. This identifies FedCache’s main operating regime: proactive prefetching is

most beneficial once there is enough headroom to stage models without repeatedly
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evicting the working set.

6.3 Comparison with an Eviction-Only Belady

Reference

Figure 6.2 places FedCache alongside Belady’s offline eviction optimum. Belady’s

algorithm is optimal within a specific setting: it minimizes misses for a load-on-miss

cache once the request sequence is fixed, by evicting the resident object whose next

reference is furthest in the future. It is the natural reference point for eviction,

and it is the strongest such reference available.

It is not, however, a general optimum for the problem studied here, and the

comparison below should not be read as FedCache surpassing an offline bound.

The two settings differ in both directions, so neither bounds the other:

• The Belady reference is granted advantages FedCache does not have. It

is given the entire future request sequence for its eviction decisions, not

a window of H; and its loads are instantaneous, so it never pays the size-

dependent delay ∆(m) that governs every other policy in this thesis. In the

load-delay model of Chapter 3, this is a substantial concession.

• FedCache is granted an advantage the Belady reference does not have. It

observes the H-step pending queue and may act on it by prefetching, so

a model can be resident before its first reference. A load-on-miss policy,

however well it evicts, must miss that first reference by construction.
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What Figure 6.2 therefore measures is a trade between these two concessions:

the capacity at which the ability to act early becomes worth more than the ability

to load instantly. It does not establish an ordering between the methods, and it

says nothing about how FedCache would compare against an optimal policy in its

own setting.

Read that way, FedCache attains a higher hit rate than the eviction-only

reference at every capacity above a crossover near 8.5 GB: 98.1% versus 96.5%

at C=15 GB, and 99.6% versus 98.5% at 40 GB. Below the crossover the two are

close; FedCache leads at the tightest capacity, and the Belady reference is ahead

by at most 0.5 percentage points in a narrow 6–8 GB range. The crossover is where

prefetching first-touch requests begins to recover more misses than instantaneous

loading does, which is consistent with the headroom argument of the previous

section: staging a model early only helps once there is room to hold it without

displacing the working set.

The comparison that would actually bound FedCache is a proactive oracle in

a matched information setting—one that sees the same H-step queue, pays the

same load delay ∆(m), respects the same capacity C, and chooses prefetches and

evictions optimally over the horizon. That reference is not constructed here, so the

distance between FedCache and the best achievable queue-aware policy remains

unquantified. It is the most informative missing comparison in this chapter, and

we identify it as future work in Chapter 8.
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Figure 6.2: Hit rate of FedCache, the learned baselines (Ice-
Breaker, XGBoost, ACPM), and LRU against Belady’s offline
eviction-optimal. The two settings are not comparable and nei-
ther bounds the other : the Belady reference sees the whole future
and loads instantaneously but is eviction-only, whereas FedCache
sees an H-step queue and pays the real load delay ∆(m) but may
prefetch. Above a ∼8.5 GB crossover FedCache attains the higher
hit rate, by staging first-touch requests that a load-on-miss policy
must miss; this is not evidence of surpassing an offline optimum.
The baselines remain at or below LRU.

6.4 Sensitivity to the Model-Size Mapping

Because the trace does not expose per-model footprints, sizes are assigned syn-

thetically (Chapter 5, Appendix A.2); this is the largest modelling assumption in

the evaluation, and results that depend on absolute packing inherit it. To test

whether the conclusions depend on the particular draw, we regenerate the mapping

under six configurations — the paper draw (seed 42), three reseeds of the same
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measured tier distribution, and two altered distributions (a heavier tail with more

large pipelines, and a lighter tail with more small adapters) — and for each we

retrain FedCache from scratch under the same budget and training seed, so the size

mapping is the only factor that changes. Table 6.3 reports hit rate at C=15 GB

together with the FedCache-versus-LRU low-memory crossover.

Three conclusions are robust to the mapping. First, across the four draws

of the measured tier distribution (seed 42 and the three reseeds), the FedCache

advantage over LRU is stable at +2.6 to +3.1 percentage points, even though

oversubscription ranges from 16.9× to 22.1× and absolute hit rates move by

about three points; the margin is a property of the method, not of the particular

draw. Second, FedCache exceeds all three learned baselines in every configuration

without exception, including the adversarial heavy-tailed one. Third, the low-

memory crossover is present in every configuration, but its location scales with

oversubscription, from 3 GB for the lightly loaded mapping (10.7×) to 20 GB for

the heavy-tailed one (28.4×). The specific ∼ 7 GB crossover reported earlier is

therefore parameterization-dependent, as Chapter 5 cautions, while the qualitative

structure — trailing LRU under tight memory and leading once there is headroom

— is invariant.

The single configuration in which FedCache trails LRU at C=15 is the heavy-

tailed distribution (−1.2 points). This is consistent rather than contradictory:

with a quarter of the models drawn from the 8–14 GB pipeline tier, the workload

is 28.4× oversubscribed and its crossover moves to 20 GB, so C=15 sits in the

tight-memory regime below the crossover — exactly where Figure 6.1 already shows

gated prefetching can trail reactive eviction. Even there, FedCache stays above
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Table 6.3: Sensitivity to the synthetic model-size mapping
(C=15 GB, 3000-step evaluation, FedCache retrained from scratch
under each mapping). Each row is a different assignment of the 100
models to footprints; “best learned” is the strongest of IceBreaker,
XGBoost, and ACPM. The crossover is the smallest capacity at or
above which FedCache stays ≥ LRU. FedCache leads every learned
baseline in all six mappings; it trails LRU only in the heavy-tailed
mapping, whose crossover (20 GB) places C=15 in the tight-memory
regime.

Mapping Oversub. FedCache LRU Best learned ∆LRU Crossover
Paper (seed 42) 16.9× 98.1 95.1 95.1 +3.0 5 GB
Reseed 0 21.6× 95.5 92.6 91.4 +2.9 9 GB
Reseed 1 17.6× 96.5 93.9 94.0 +2.6 7 GB
Reseed 2 22.1× 97.1 94.0 93.8 +3.1 7 GB
Heavy tail 28.4× 89.5 90.7 88.9 −1.2 20 GB
Light tail 10.7× 99.5 97.3 97.3 +2.2 3 GB

every learned baseline. The analysis thus supports the qualitative claims while

confirming that the crossover capacity and the absolute hit-rate and latency values

should be read as conditional on the size parameterization.

6.5 Generalization to Held-Out Workloads

To test whether FedCache learns transferable structure rather than memorizing

the training stream, we train on an early temporal segment and evaluate on a

later held-out segment (Figure 6.3). All policies drop on the held-out period,

indicating that the later segment is harder, likely because it contains new adapters

or checkpoints that were not present in the earlier phase. FedCache nevertheless

keeps its advantage under this distribution shift, and the margin increases: +3.0

percentage points on the training split (98.1% vs. 95.1%) and +5.3 percentage

points on the test split (83.7% vs. 78.4%).
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Figure 6.3: Hit rate on the training split versus a held-out later
temporal split, for FedCache and all baselines. FedCache maintains
a larger margin over LRU and the learned baselines on unseen
traffic.

6.6 Asynchronous Scalability and Straggler Tol-

erance

Figure 6.4 reports the wall-clock time needed to reach 95% hit rate as the number

of edge nodes increases. The number of global updates required to reach the final

hit rate remains roughly constant, while wall-clock time decreases because more

clients contribute updates in parallel. The time to reach 95% hit rate drops from

10.0 at N=1 to 5.2, 3.1, 2.5, and 2.3 at N=2, 5, 10, 20, respectively. The scaling

is close to linear for small N and then saturates as the fixed per-update compute

floor becomes the bottleneck.
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Figure 6.4: Wall-clock time (in simulator time units) to reach
95% hit rate versus the number of nodes N . Convergence time falls
steeply and then saturates. Scaling is near-linear for small N before
flattening as the per-update compute floor dominates.

We also compare the asynchronous aggregator with a synchronous FedAvg

variant under heterogeneous node speeds, with per-update delays drawn from

[1, 20] in simulator time units. Synchronous training can advance only when the

slowest worker in a round has finished. It reaches a steady-state hit rate of 97.3%

at wall-clock time t≈33, compared with t≈15 for the asynchronous aggregator.

The resulting 2.1× wall-clock speedup comes from applying updates as they arrive

rather than waiting at a global barrier.
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6.7 Training-Scheme Comparison

The preceding sections evaluate asynchronous federated training but do not isolate

what federating contributes relative to not federating at all. We therefore compare

five training schemes, matched to the same number of local PPO updates (150) so

that they differ only in data access and aggregation, and all evaluated on the same

full request stream. Table 6.4 reports the result.

For policy quality the outcome is uniformly negative: every scheme reaches

the same final hit rate of 98.13%, and all five reach the 95% target after the

same number of updates (10). Local-only training on a single shard covering 29%

of the trace matches centralized training on the pooled trace, and both match

synchronous and asynchronous federation.

This is not an artifact of the schemes collapsing onto one model. Two indepen-

dently trained policies, local-only and asynchronous, differ in their parameters (ℓ2

distance 1.52 over ∼169,000 weights) yet produce the same greedy hit rate. The

macro-action policy saturates in behaviour rather than in weights: because the

deterministic resolver and admission gate fix the concrete target and infeasible

macro-actions are masked, the learned component only decides when to act, and

that decision converges quickly and from little data. The same ceiling is reached by

the 1000-step deployed checkpoint and by every retrained policy in Section 6.4. It

is also consistent with the learning curve of Figure 6.5, where an untrained policy

is already competitive.

What federation does buy is wall-clock convergence. A single node needs 36.7

simulated time units to reach 95%, whereas five nodes reach it in 10.1 (synchronous)
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and 9.1 (asynchronous): the large factor is parallelism, and the smaller remaining

one is removal of the round barrier. Communication volume, however, is identical

for the two federated schemes (193 MB for 150 updates of a 660 KB policy), because

each local update costs one upload and one download either way. Asynchrony

therefore improves latency, not bandwidth. Centralized training needs no model

traffic at all, but requires the raw traces to be pooled — precisely the cost the

federated setting exists to avoid.

Finally, the IID and non-IID asynchronous runs are indistinguishable. This

should not be read as robustness to heterogeneity. The non-IID partition assigns

disjoint chunks of a single short trace (7 chunks over 5 nodes, an uneven 2/2/1/1/1

split), so the shards differ in which requests they sample but not in tenant popula-

tion; such a partition does not represent geographically distinct sites with distinct

model mixes, and testing that would require multiple traces.

These results support a narrower claim than federated learning is often given.

On this workload, asynchronous federated training is justified as a way to reach

the policy faster without centralizing request traces — not as a way to obtain a

better policy, since the policy is the same however it is trained. We report it on

that basis.
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Table 6.4: Training-scheme comparison, budget-matched at 150
local PPO updates (N=5, C=15 GB, policy 660 KB). All schemes
are evaluated on the same full request stream; only training-time
data access and aggregation differ. Wall-clock is simulated time
to reach a 95% hit rate. Final quality is identical throughout;
federation buys convergence time, and asynchrony buys a further
reduction over the synchronous barrier at equal communication
volume. Centralized training moves no model weights, but requires
the raw request traces to be pooled, which is the cost federation
exists to avoid.

Scheme Training data Final hit % Time to 95% Comm. (MB)
Local-only own 1/5 shard 98.13 36.7 0
Centralized pooled full trace 98.13 36.7 0 (raw traces)
Sync FedAvg (non-IID) disjoint 1/5 shards 98.13 10.1 193
Async AFedPG (non-IID) disjoint 1/5 shards 98.13 9.1 193
Async AFedPG (IID) full trace, all nodes 98.13 9.1 193

6.8 Ablation Studies

6.8.1 Learning from Scratch

Figure 6.5 shows that, with the macro-action formulation, reinforcement learning

reaches its final hit rate from a random initialization and without expert demonstra-

tions. The policy converges within roughly 10–20 global steps. The key factor is the

reduction of the action space: once the target model is selected deterministically,

the agent only needs to learn when prefetching or eviction is useful. This also

explains why even the untrained policy is competitive at step 0. The deterministic

target resolution and admission gate already encode the domain structure, while

training refines when to act and closes the remaining gap to the ∼ 98% ceiling.

The policy quickly learns to stage the imminent working set and remain idle when

no beneficial action is available, thereby keeping the cold-start rate low.

Two properties of the evaluated regime bound how much the learned component
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Figure 6.5: From-scratch FedCache learning curve. With no
expert demonstrations, the macro-action policy converges to a
∼ 98% steady-state hit rate within ∼ 10–20 global updates, well
above the LRU reference.

can add here, so the from-scratch result is not over-read: the fixed request rate

keeps the pending queue deep—the regime in which a near-constant prefetching rate

is closest to optimal—and the deterministic resolver and admission gate already

encode most of the domain structure. The claim supported by this section is

therefore that the macro-action formulation makes the policy learnable and stable

from a random start, not that learning is the dominant source of the serving gains;

the regimes in which a learned policy should separate more clearly (variable or

light load, and workload drift) are discussed in Chapter 8.
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6.8.2 Demand-Aware Admission Gate

The demand-aware gate determines whether prediction becomes useful prefetching

or excessive churn. Figure 6.6 replays the deployed policy with the gate disabled,

so every catchable prefetch is admitted regardless of the demand for the model it

would displace. Without the gate, load/evict actions more than double (984 vs.

454), and the hit rate falls to 85.8%, below LRU’s 90.5%. With the gate, the same

policy reaches 94.8% hit rate while keeping thrash below LRU.

The switching-cost decomposition of Section 6.1.1 makes the mechanism precise.

Disabling the gate raises prefetch loads from 417 to 775, but the extra loads are

mostly speculative noise: wasted prefetches rise from 49 to 337, so the fraction

of prefetches evicted before use climbs from 11.8% to 43.5%, and the make-room

evictions they force rise from 434 to 843. The gate’s specific function is thus to

suppress speculative loads that would be displaced before serving a request; it

converts aggressive prefetching from a source of wasted churn into the low-thrash,

high-hit-rate operating point reported in Table 6.1.

6.8.3 Robustness to Federation Hyperparameters

FedCache is not highly sensitive to the asynchronous federation hyperparameters.

Varying the delay-adaptive lookahead coefficient from α=1.0 (no lookahead) to

0.2 does not materially change convergence. Similarly, enabling or disabling the

1/
√

1 + σ staleness damping has little effect under the induced staleness in our

experiments. The deployed policy also remains near 97% hit rate across two

orders of magnitude in server learning rate, ηs ∈ [0.1, 30], both with and without

damping. This stability comes from two design choices: each client returns a
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single clipped PPO step, and the server keeps the highest-hit-rate checkpoint to

absorb transient drift. That these mechanisms are near-inert here is expected

rather than contradictory: the induced staleness in the default configuration is

mild (N=5, client delays drawn from [1, 6]), so there is little for delay-adaptive

lookahead or staleness damping to correct. They are retained because staleness

grows with the number of concurrent clients and the spread of their delays; the

asynchronous-versus-synchronous comparison (delays widened to [1, 20]) is the

regime in which asynchrony’s benefit becomes visible, and heavier fleets would

stress these corrections further.

6.8.4 Proximal regularization

We sweep the FedProx coefficient µ under non-IID clients in Figure 6.7(a). Small

values of µ have little effect because the macro policy is largely identity-invariant

across clients. Large values (µ ≳ 50) over-constrain local learning and slow

convergence. In this setting, FedCache does not require a proximal anchor because

AFedPG’s corrections already mitigate client drift.

6.8.5 Reward shaping

Scaling the hit and miss rewards does not change the optimal policy, so we vary

the per-prefetch cost in Figure 6.7(b). Performance is flat across the tested

range. Because the demand-aware gate already restricts prefetching to beneficial

admissions, increasing the nominal prefetch cost neither changes hit rate nor causes

the policy to collapse to idling.
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Figure 6.6: Demand-aware admission gate ablation (5000-step
evaluation). Disabling the gate more than doubles prefetch churn
(454→ 984) and drops the hit rate below LRU; the gate secures
FedCache’s high hit rate at thrash below LRU.

6.8.6 Queue window

The queue window must be long enough to cover the load delay. With ∆(m) between

5 and 15 steps, windows of H=3–5 provide no catchable prefetch targets and the

policy achieves nearly 0% hit rate. As H exceeds the load delay, performance rises

quickly: about 35% at H=6, about 95% at H=8, and a ∼98% hit rate by H≈10

(Figure 6.7(c)). Saturation at H ≈ 10, below the 15-step maximum load delay,

reflects the size distribution: only the largest pipelines reach a 15-step delay, so

once the window covers the shorter delays of the many small adapters and base

checkpoints, the bulk of catchable traffic is already served. Beyond the load-delay

range, hit rate remains flat while thrash increases with H, so a window slightly

beyond the maximum load time (H≈10–20) is preferable; the deployed H=20 sits

in this range and keeps even the largest-delay pipelines catchable.
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Figure 6.7: Ablations. (a) FedProx µ under non-IID clients: large
µ over-regularizes; small µ has no effect. (b) Prefetch-cost sweep:
performance remains flat because the demand-aware gate keeps
prefetching beneficial. (c) Queue window H: hit is ∼0 below the
load delay, climbs sharply as H clears it, then is flat while thrash
grows.
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Chapter 7

Deployment on Real Edge GPU

Clusters

The simulation results use a discrete-event model in which loads have a fixed delay

and do not contend for a real storage-to-GPU path. To test whether the predictive

advantage remains under real byte movement, we replay the same policy decisions

on a physical cluster. This chapter therefore serves as an experimental validation

of the trace-driven simulation: if the simulator’s rankings were artifacts of its

contention-free load model, they would not survive measured, serialized IO on real

GPUs.

7.1 Deployment Setup

We deploy on a k3s cluster with four primary nodes. Each node has an NVIDIA

H100 GPU partitioned with Multi-Instance GPU (MIG) [48] using the 1g.24gb

profile, giving 24 GB of usable GPU memory. A replay harness applies each policy’s

decisions to real device memory. Each load is a cold disk read, with the OS page
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Table 7.1: Experimental evaluation on the four-node matched
(fast) H100 cluster (mean of four MIG slices, 5000 requests). Simu-
lation hit rates (Table 6.1) are shown for reference; experimental
latency is reported with the demand-priority IO scheduler off and
on.

Sim hit % Exp. hit % Exp. lat off Exp. lat on
LRU 90.48 86.75 371 377
XGBoost 90.34 86.72 373 377
ACPM (LSTM) 89.68 86.67 379 376
IceBreaker 89.10 85.31 441 430
FedCache 94.78 93.83 412 225

cache evicted, staged through a pinned host buffer, and copied over PCIe into

VRAM. All loads on a node serialize on the single disk→PCIe path, a physical

constraint not captured by the constant-∆ simulator. The four primary nodes

have matched storage configurations, and their Tier-0 load-time calibrations agree

within a few percent. To bound behaviour on under-provisioned storage, we

additionally retain two slower nodes from a heterogeneous configuration whose

disks are about 25–30% slower. We run all five policies for 5000 requests using the

same deterministic replay configuration and report the mean over the four matched

MIG slices using the same evaluators as in simulation.

We also evaluate a demand-priority IO scheduler, which is separate from the

policy’s admission gate. If a request is waiting for a load, that demand load

is prioritized ahead of queued speculative prefetches; similarly, a request for a

warming model expedites that load. The scheduler does not drop any loads, so the

prefetch hit rate is preserved.
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7.2 Experimental Evaluation

On real GPUs, FedCache reaches about 93.8% hit rate (four-node mean), while

the other policies are around 85–87% (Table 7.1). This +7-percentage-point

margin is wider than the +4.3-percentage-point gap predicted by simulation and

is consistent across all four nodes (hit rates spread by ≤ 0.4 percentage points),

with or without the IO scheduler. The simulator overestimates hit rate for the

reactive and learned baselines by about 3–4 percentage points because it gives

credit for loads without modelling congestion, whereas FedCache’s simulated hit

rate transfers nearly unchanged (a drop of about 1 point). FedCache therefore

remains the strongest policy in this replay, and its relative advantage increases. The

other predictive baselines (XGBoost, ACPM, and IceBreaker) do not outperform

LRU in the experimental evaluation, suggesting that not all forms of prefetching

remain useful when loads take real time.

7.3 Latency with the Demand-Priority Scheduler

Without the scheduler, FedCache’s denser prefetch IO shares the single disk→PCIe

path with demand loads, so its mean latency (412 ms) is slightly above LRU

(371 ms). The real experiments expose a prefetch-IO cost that the simulator does

not model. The demand-priority scheduler removes this penalty on the matched

fast fleet. It lowers FedCache latency from 412 to 225 ms (about −45%), up to 40%

below the baselines (LRU: 377 ms), so on this matched fast fleet FedCache then

leads every baseline on hit rate and latency at once; it also removes node-to-node

variance, bringing FedCache to 220–232 ms on all four nodes (Table 7.2). It has

little effect on the baseline policies, which issue fewer loads and do not substantially
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Table 7.2: Per-node FedCache latency (ms), demand-priority IO
scheduler off vs. on. On the four matched fast nodes, the scheduler
drops FedCache below LRU and removes node-to-node variance; on
the two slow nodes (kept for contrast), it increases latency because
the IO path is already saturated.

Node Disk LRU FedCache off FedCache on
afrl-1 fast 400 532 232
worker-1 fast 395 490 224
worker-2 fast 344 315 224
worker-3 fast 344 311 220
slow-1 slow 702 827 1387
slow-2 slow 640 565 1224

congest the IO path. The gain is gated on spare IO bandwidth; however, on the

two slow, IO-saturated nodes, the same scheduler increases latency (827→1387

and 565→ 1224 ms), because prioritizing demand loads only reorders a backlog

that cannot drain.

This distinction matters for interpreting the trace. GenTD26 was collected from

Alibaba’s production GenAI serving infrastructure, where datacentre-grade storage

is not represented by the slow disk bottleneck on our commodity edge nodes. The

matched fast nodes are closer to the trace’s native environment and show that

FedCache improves both hit rate and latency there, while the two slow nodes are

bound by the behaviour of under-provisioned edge hardware.

7.4 Validity Bounds

Two caveats qualify the experimental latency results. First, the replay emulates

the byte movement of model loads but omits multi-second diffusion inference on

both hit and miss paths. Adding full inference would compress relative latency
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differences, so the most robust experimental claim is a higher hit rate rather than

lower end-to-end latency. Second, the benefit of prediction depends on the load

rate. It is most useful under sustained overload, when the pending queue is at least

as deep as the queue-window length, and may be neutral or harmful at light load.

The single-GPU-per-node result holds at the design request rate, while federated

training across more than four physical nodes and high-rate multi-GPU settings

remain untested on this cluster. The latency results are also measured in replay

rather than in a live serving system, and on four nodes measured once each.

Taken together, the defensible summary of this chapter is the following. Fed-

Cache consistently improves cache-hit rate in the replay deployment. Its latency

improvement is conditional on sufficient storage and IO headroom and on demand-

priority IO scheduling, and it does not hold on nodes whose IO path is already

saturated. The demand-priority scheduler is therefore not an incidental implemen-

tation detail: on this hardware it is the component that makes the latency benefit

materialize at all, and it should be treated as part of the deployed system rather

than as a tuning option. Appendix A.7 specifies its behaviour, including the fact

that it reorders only queued loads and never cancels a speculative prefetch.
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Chapter 8

Discussion and Conclusion

This chapter concludes the thesis. It first summarizes what was built and found,

then reflects on where FedCache’s gains come from and which design choices matter

most, states the assumptions and threats that bound the conclusions of this study,

and finally outlines directions for future research.

8.1 Summary

We presented FedCache, a system for reducing GenAI cold starts on edge GPU

clusters by learning to prefetch models into VRAM before they are requested.

The work is based on the observation that reactive replacement cannot hide the

cold-start latency of the request that reveals a miss. FedCache therefore treats

VRAM management as proactive prefetching. To make the policy learnable, it uses

a compact macro-action space over a demand-aware state, and it trains across nodes

from scratch with asynchronous federated policy gradients that exchange gradients

rather than private traces. Delay-adaptive lookahead and staleness damping make

the training procedure more robust to heterogeneous client speeds.
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Under the trace-driven, queue-aware simulation of the Alibaba GenTD26 trace,

FedCache improves the hit rate over reactive and learned baselines. With memory

headroom, it attains a higher hit rate than an eviction-only Belady reference, by

prefetching first-touch requests that a load-on-miss policy must miss. That reference

is granted the whole future and instantaneous loads but cannot prefetch, so the two

occupy different information settings and neither bounds the other; the comparison

is not evidence of surpassing a general offline optimum. FedCache also retains

its advantage on held-out traffic and, through asynchronous federation, reduces

wall-clock convergence time as more edge nodes participate. A real deployment

on H100 edge nodes reproduces the hit-rate advantage (+7 percentage points over

the baselines); with a demand-priority IO scheduler, FedCache also achieves up to

40% lower latency than the baselines on matched fast storage. This latency benefit

does not extend to slow IO-saturated nodes (Chapter 7). The demand-aware

admission gate keeps prefetch churn below reactive LRU, so under the simulated

conditions FedCache improves hit rate, latency, and switching cost together rather

than trading one objective for another.

8.2 Discussion

8.2.1 Sources of the Gains

The gains summarized above come from two parts of the system: the serving

policy and the training scheme. On the serving side, FedCache achieves the

highest hit rate, lowest latency, and lowest thrash among the methods reported

in Table 6.1, and it stays above the eviction-only Belady reference once there is

enough memory headroom, in the qualified sense of Section 6.3. These values come
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from a deterministic evaluation, identical across replicas. On the training side,

asynchronous federation reduces wall-clock convergence time as nodes are added

and avoids the straggler delays that limit synchronous training, while sharing

gradients instead of transmitting raw traces. The robustness results indicate that

these gains do not require extensive tuning: bounded local PPO steps, staleness

handling, and best-checkpoint selection keep the aggregate update stable.

8.2.2 Key Design Factors

The main design choice is the formulation of predictive prefetching as a macro-

action MDP. This reduces a large combinatorial model-selection problem to a small

decision about whether to prefetch, evict, or idle. It also makes delayed prefetch

rewards easier to learn from, because the state determines the concrete model

target. Asynchronous federated policy gradients then distribute learning across

nodes without transmitting request traces. Together, these choices produce a policy

that improves serving quality while training efficiently across the federation and

keeping raw traces on the node that produced them. We note that exchanging

gradients limits what is transmitted but does not by itself constitute a privacy

guarantee; establishing one would require a threat model and a formal mechanism,

neither of which is provided here.

The training-scheme comparison in Section 6.7 bounds the federated claim

further, and we state the bound explicitly because it is easy to overread. Local-

only, centralized, synchronous and asynchronous training all reach the same final hit

rate on this workload; federation changes how quickly the policy is reached, not how

good it is. The reason is the same design choice that makes the problem learnable:
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with the target resolver and admission gate fixing the concrete action, the learned

component only decides when to act, so it saturates quickly and from little data —

two independently trained policies differ in their weights while behaving identically.

Asynchronous federation is therefore best understood as a mechanism for training

the policy quickly without pooling traces, and should be reported as a separate

contribution from the queue-aware caching itself rather than as a source of the

serving gains.

Two considerations bear on where the learned component earns its place, and

both point beyond the operating conditions evaluated here. The first is node

saturation. All results in this thesis are obtained at a fixed request rate, so the

pending queue is consistently deep and the cost of a speculative load is low; this is

precisely the regime in which the right amount of prefetching is close to constant.

Under lighter or fluctuating load the queue is shallower and a prefetch is more

likely to displace something useful before it is needed, so the appropriate degree

of selectivity should vary with saturation rather than being fixed at design time.

A learned policy can condition that decision on the demand-aware state, and we

would expect the benefit of learning — in final quality, and plausibly in how quickly

training converges under heterogeneous loads — to grow as node saturation varies

across the fleet. We have not measured this, since every configuration reported here

runs at the design rate; it is the most direct extension of the present evaluation.

The second is that a learned policy continues to change after deployment.

The workload is not stationary: new checkpoints and adapters enter circulation,

popularity shifts, and the held-out results in Section 6 already show a measurable

distribution shift between early and later parts of the trace. A policy trained
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online can track that drift, and the federated aggregator gives it a way to do so

continuously and across sites, whereas a rule fixed at design time cannot adapt

without being re-tuned by hand. This is an argument for the learning machinery

as an operational property rather than as a source of the static gains reported in

Chapter 6, and evaluating it would require a longer or evolving trace than the one

used here.

8.3 Limitations

Three assumptions bound the conclusions of this study: the model-size parameteri-

zation, the fidelity of the discrete-event simulator, and the scope of the workloads

evaluated.

8.3.1 Model-Size Parameterization

The trace does not expose per-model parameter footprints, so we parameterized

the system model with representative component-class footprints measured on the

physical cluster. The measurements are exact for the components and hardware

we ran, but the assignment of anonymized trace identifiers to those footprints

is synthetic (Appendix A.2). Results that depend on absolute packing, such as

the low-memory crossover and the ∼17× oversubscription estimate, inherit this

assumption, and the crossover capacity may shift under a different size distribution

or a different identifier-to-tier assignment. The sensitivity analysis in Section 6.4

tests this directly: retraining FedCache under six different mappings, including two

altered distributions, leaves the qualitative conclusions intact. FedCache exceeds

every learned baseline in all six, and its margin over LRU is stable at +2.6 to +3.1
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points across draws of the measured distribution, while oversubscription varies

from 16.9× to 22.1×. As expected, the absolute values and the crossover capacity

are conditional on the mapping: the crossover ranges from 3 to 20 GB and scales

with oversubscription, and under an adversarial heavy-tailed distribution (28.4×)

C=15 falls below the crossover, so FedCache trails LRU there while still leading

the learned baselines. What remains untested is popularity skew and grounding the

sizes in more detailed measured load-latency tables, which would further tighten

the system model.

8.3.2 Simulation Fidelity

Most results are obtained with a discrete-event simulator, while Chapter 7 adds

a real experimentation replay that captures physical timing not present in the

simulator. Several modelling choices remain: size-scaled cold-start latency, size-

dependent load delay ∆(m), and the abstraction of a full pipeline as a single

cacheable unit. The dataset’s component-level structure, including separately

loadable base models, LoRA adapters, and ControlNets, is not exploited. The

experimental replay shows that PCIe and storage-bandwidth contention on a

serialized IO path is the main omitted effect and can gate FedCache’s latency

benefit. Streaming or partial weight loads, request batching, and full diffusion

inference remain unmodelled. In addition, asynchronous federation is simulated

with an event queue and synthetic heterogeneous client delays; the real experiments

replay trained policies but do not yet run federated training across the physical

cluster.
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8.3.3 Scope and Threats to Validity

Every reported number comes from a deterministic, trace-driven evaluation and is

identical across evaluation replicas. That determinism, however, removes evaluation

noise only, not the variance a different training seed could introduce; we do not

characterize training-seed sensitivity. The policies retrained across mappings in

Section 6.4 reach the same behavioural ceiling, which is suggestive of stability,

but a systematic seed sweep with confidence intervals is left to future work. The

main remaining threats are workload coverage and scale. We use one production

trace, a fixed model count (M=100), a modest simulated fleet (N ≤ 20), and a

small held-out segment because the trace is short. The generalization result should

therefore be read as indicative rather than conclusive; evaluation across multiple

traces remains future work. We also assume one GPU per node. Sharded or

multi-GPU models and cross-node model migration are outside the scope of this

study. The four-node real deployment reproduces the hit-rate result on real GPUs

and exposes the storage-bandwidth dependence of the latency result, but fleet-scale

validation of asynchronous federated training remains open.

8.4 Future Work

The limitations identified above point to several extensions. A proactive oracle in a

matched information setting—one that observes the same H-step queue, pays the

same load delay, and respects the same capacity, but selects prefetches and evictions

optimally over the horizon—would bound how much of the achievable gain the

learned policy actually captures. The eviction-only Belady reference of Section 6.3

cannot serve this role, since it occupies a different information setting, so the
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gap between FedCache and the best queue-aware policy is currently unmeasured.

Grounding model sizes and cold-start latencies in more detailed measured data

would tighten the system model. Modelling pipelines at the component level, with

separate caching decisions for base checkpoints, LoRA adapters, and ControlNets,

would expose finer-grained prefetching opportunities than the current single-unit

abstraction. Such component-level management could also extend to multi-tier

memory hierarchies, where small adapters remain in fast VRAM while larger base

models are staged from slower memory tiers. On the system side, experimental

replay already captures real IO contention; adding full diffusion inference, streaming,

and batched loads, and live fleet-scale federated training would bring the evaluation

closer to production. More broadly, our results suggest that hiding GenAI cold

starts requires acting ahead of demand rather than reacting to it, and that the

policy governing when to act can be learned collaboratively across edge sites

without transmitting raw request traces.
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Appendix A

Reproducibility Details

This appendix documents the configuration behind every number reported in

Chapters 6 and 7, at the level of detail needed to re-run the experiments or to

judge how far the results depend on a particular parameterization. It covers trace

preprocessing and splits, the model universe and its size parameterization, the

exact event ordering of the simulator, the policy network and training budget, the

baseline configurations, the physical cluster, and the demand-priority IO scheduler.

All referenced scripts are in the public repository.1

A.1 Trace Preprocessing and Splits

The request-level GenTD26 log [4] is read in chronological chunks of

10,000 requests. Three columns are used: the anonymized target identi-

fier checkpoint_model_version_id, and the request features prompt_length

and num_inference_steps. Rows with missing values in these columns

are dropped. The two features are normalized to prompt_length/256 and
1https://github.com/pacslab/fedCache
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num_inference_steps/100; the latter is the completion weight ĉ(mt) that appears

in the reward (4.5). Requests are consumed in trace order, one per simulation

step; no resampling, reordering, or rate scaling is applied.

Splits. The generalization experiment (Figure 6.3) splits the trace by chunk index:

the first 60% of chunks form the training segment and the remaining 40% the

held-out segment. The split is temporal, so the held-out segment contains model

identifiers that never appear during training. The non-IID federated experiments

instead give client k the chunks whose index satisfies index mod N = k, so the N

clients read disjoint shards of the same trace.

The evaluation protocol has no separate validation split. Model selection is

the best-by-hit-rate checkpoint described in Section A.4, which is scored on the

training stream every 50 global steps. Checkpoint selection and training therefore

share data, and the held-out segment is used only once, for the result in Figure 6.3.

A three-way train/validation/test protocol on a longer trace would be a stronger

design and is left to future work.

Evaluation windows. The end-to-end comparison (Table 6.1), the gate ablation

(Figure 6.6), and the physical replay (Table 7.1) use 5000 requests. The per-

configuration sweeps (Figures 6.1–6.3) use 3000 requests from the earlier, more

stationary part of the trace, and the training-time curves (Figures 6.4 and 6.5)

use 1500-request evaluation windows so that the curve can be sampled frequently.

This is the source of the absolute differences in hit rate between figures noted in

Chapter 6; the ordering of the policies is unaffected.
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A.2 Model Universe and Size Parameterization

Model-ID selection. Identifiers are ranked by their total request count over the

whole trace, and the M = 100 most frequently requested models form the cacheable

universe. The ranking is computed once, globally, so a given model receives the

same index in every chunk; the tail beyond rank 100 (four identifiers, about 0.01%

of requests) is never cacheable and is always served as a miss. The map is built by

validation/build_model_id_map.py and stored as data/model_id_map.csv.

Size-tier assignment. The trace records per-request load latencies but does

not expose the parameter footprint of each anonymized model, so footprints must

be supplied by the system model. Four component classes were measured on the

physical cluster of Section A.6 — LoRA adapters, ControlNets, base checkpoints,

and full composed pipelines — and the measured ranges define the four size tiers in

Table A.1. Each of the M = 100 identifiers is then assigned a tier by sampling from

the tier-share column, and a footprint by sampling uniformly within that tier’s

range, under a fixed seed (42) so that the assignment is reproducible. Identifiers

for which a directly measured footprint is available take that measured value

instead of a sampled one. The generator is generate_meta.py and its output is

data/model_meta.csv.

This is the most consequential modelling assumption in the thesis, and it should

be read as a parameterization rather than as ground truth. The measured footprints

are exact for the components and hardware of Section A.6, but the mapping from

anonymized trace identifiers to those footprints is synthetic: a different draw

permutes which model receives which size, and therefore changes the packing
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Table A.1: Size tiers used to parameterize the M = 100 model uni-
verse. The ranges are the measured footprints of the corresponding
component classes on the physical cluster; the share column is the
probability with which an anonymized trace identifier is assigned
to that tier.

Component class Share Footprint range (GB)
LoRA adapter 0.45 0.20–0.80
ControlNet 0.20 1.50–2.50
Base checkpoint 0.25 2.50–7.00
Full pipeline 0.10 8.00–14.00

problem. The resulting universe spans 0.2–13.4 GB with an aggregate footprint of

about 253 GB, or roughly 17× the default per-node capacity of C = 15 GB. Results

that depend on absolute packing — the low-memory crossover, the oversubscription

ratio, and absolute hit-rate and latency values — are conditional on this draw.

Section 6.4 evaluates robustness to this choice by retraining FedCache under six

mappings, including reseeds of this tier distribution and two altered distributions;

the qualitative conclusions hold, while the crossover capacity and absolute values

shift with the mapping as expected.

A.3 Simulator Semantics

Constants. Table A.2 lists the simulator constants. One step corresponds to 1 s

and to exactly one request, so the arrival rate is fixed at one request per second by

construction; the simulator does not model an arrival process, service times, or a

queueing discipline separately from the trace order.

Event ordering within a step. Each simulation step executes the following

operations in this order.
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Table A.2: Simulator constants. Sizes are normalized internally
by a fixed 80 GB scale factor.

Quantity Value Note
Step duration 1000 ms one request per step
Chunk size 10,000 requests streaming granularity
Hit latency ℓhit 50 ms
Load latency 5000 + 770 s(m) ms s(m) in GB
Load delay ∆(m) max(1, round(load ms/1000)) 5–15 steps
Recency decay τ 5.0 in (4.2)
Size normalizer 80 GB

1. Warming completion. Every model in Wt has its remaining delay decre-

mented by one; models that reach zero move from Wt to At. Completion is

therefore checked before the current request is served, so a load that finishes

on step t can serve the step-t request.

2. Macro-action. For prefetch, resident models are evicted in least-recently-

used order until the target fits, and the target then enters Wt and reserves

its full footprint immediately. If it still does not fit, the action is a no-op and

incurs the capacity penalty. For evict, the target is removed from At and

its footprint released. idle does nothing.

3. Service. The request is a hit if its model is in At (50 ms). If the model is

in Wt, the request waits only for the remaining delay and the model is then

promoted to At. Otherwise it is a full cold start charged at the load latency

of Table A.2; a cold-start load is transient and the model is not retained.

4. Accounting. Recency counters advance, the occupancy penalty λvut is

applied, the request index advances, and the next chunk is fetched if the

current one is exhausted.
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Note the asymmetry in step 2 and step 3: a prefetch may evict to make room,

whereas a demand miss is served transiently and never displaces a resident model.

This is what makes prefetching the only mechanism that changes cache membership

ahead of demand, and it is also why the admission gate is load-bearing.

Queue formation and window. The “pending queue” is the next H entries of

the trace in file order, positions t . . . t+H−1 of the current chunk, truncated at the

chunk boundary and zero-padded. It is not produced by a modelled arrival or service

process. The queue window is therefore exact over the next H requests rather than

forecast, and the reported gains hold under the assumption that a backlog of at

least H requests exists — the deployment condition discussed in Chapters 7 and 8.

From this window the environment computes the recency-weighted demand dt with

τ = 5, normalized by its peak entry, and the unmet-demand vector d̃t of (4.2).

The prefetch target is the earliest position j ≥ 1 in the window whose model

is neither available nor warming, fits within C, satisfies the catchability test

j ≥ ∆(mt+j), and passes the admission gate. The gate admits the candidate if it

fits in free space, or if its demand strictly exceeds the demand of the least-recently-

used resident model it would displace. The eviction target is the resident model

minimizing (dt[m],−age(m)), that is, lowest demand with ties broken towards the

older model.

State vector. The state has 3 + 4M + 3H = 463 dimensions at the default

M=100, H=20: three occupancy scalars; four length-M blocks holding cache

status (available 1, warming 1
2 , absent 0), clipped recency, dt, and d̃t; and the
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raw H × 3 queue window of (model index, normalized prompt length, normalized

completion weight).

Reward constants. Rhit = 1.0; completion bonus wc = 0.5; cold-start penalty

κ = 0.2 per second of measured latency; occupancy weight λv = 0.05; switching

penalties of 0.1 per load and 0.05 per eviction; capacity-violation penalty 1.0.

A.4 Policy Network and Training

Architecture. A shared backbone maps the 463-dimensional state through

Linear(463→256), LayerNorm, ReLU, Linear(256→128), ReLU. Two heads follow:

an actor Linear(128→64), ReLU, Linear(64→3) over the macro-actions, and a

critic Linear(128→64), ReLU, Linear(64→1). Infeasible macro-actions are masked

by setting their logits to −109 before the categorical distribution is formed.

Local PPO. Optimizer Adam at learning rate 3×10−4. Each local update collects

a 512-step rollout and takes 4 full-batch epochs over it; there is no minibatching

within an epoch, and the reference log-probabilities are taken at the start of the

first epoch. Advantages use GAE with γ=0.99 and λ=0.95 and are standardized

to zero mean and unit variance. The objective is the clipped surrogate at ϵ=0.2,

plus 0.5 times the value MSE, minus 0.005 times the policy entropy. Gradients are

clipped to a global norm of 0.5.

Federated aggregation. N = 5 clients by default and Tmax = 1000 global

steps; server learning rate ηs = 0.3; delay-adaptive lookahead coefficient α = 0.8;

staleness damping 1/
√

1 + σ. Client compute delays are drawn uniformly from [1, 6]
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simulator time units, except in the asynchronous-versus-synchronous comparison,

which widens them to [1, 20] to induce stragglers. The FedProx coefficient is

µ = 0 unless swept. Updates containing non-finite values are discarded rather than

applied. Every 50 global steps the server evaluates the global policy greedily for

3000 steps and retains the highest-hit-rate snapshot; that snapshot is the deployed

policy.

Budgets and seeds. The reported policy is trained with the budget in Table 5.1.

The per-figure experiments use a reduced budget of 150 global steps with the same

512-step rollouts, which is sufficient because the macro-action policy converges

within 10–20 global updates (Figure 6.5). Python, NumPy, and PyTorch are seeded

from a single value, 0, for both training and evaluation.

A.5 Baseline Configurations

All baselines run inside the same simulator, against the same request stream, the

same capacity C, the same size parameterization, and the same load-delay model,

and are scored by the same evaluator. Each is a load-on-miss policy augmented

with its own prefetch rule: when the current request misses, the baseline loads

the requested model; when the current request hits, it may issue one speculative

prefetch chosen by its own predictor.

LRU. On a miss, load the requested model and evict in least-recently-used order

until it fits. No prefetching. No hyperparameters.
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IceBreaker [28]. Per-model invocation history, with the dominant period esti-

mated by a real FFT over a 256-step binary occupancy signal built from the last

64 recorded invocations; the largest non-DC magnitude bin gives the period, and

the fallback when the spectrum is flat is the mean inter-arrival time of the last

10 invocations. A model is a pre-warm candidate once it has at least 4 recorded

invocations and its predicted next arrival falls within ∆(m) + 2 steps. The earliest

such candidate is prefetched. The heterogeneous-server cost optimization of the

original system is omitted, since the simulated fleet has a single GPU tier.

XGBoost [46]. An XGBClassifier with 50 trees, maximum depth 4, learning

rate 0.1, and log-loss objective. Features are the last 5 binary occupancy indicators

for a model; the label is whether that model is requested next. Training examples

are collected online, retaining all positive windows and 5% of all-zero windows to

limit imbalance; the model is refitted every 500 steps once at least 100 examples

have accumulated, after which the buffer is cleared. At decision time the highest-

probability non-resident model is prefetched, but only if its probability is at least

twice the mean probability across candidates.

ACPM [22]. A single-layer LSTM [47] with hidden size 32 over a scalar input,

followed by Linear(32→16), ReLU, Linear(16→1). The input sequence is the last

12 bins of per-model request counts, each bin covering 10 simulation steps. Trained

online with Adam at learning rate 0.01 and MSE loss, refitted every 500 steps

for 2 epochs at batch size 64. The non-resident model with the highest forecast

count is prefetched when that forecast is at least 0.5 requests in the next bin. This

adapts the original container-provisioning decision to model residency under a

fixed VRAM capacity.
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Synchronous FedAvg [15]. The identical local agent, network, and PPO

configuration, aggregated at a round barrier instead of asynchronously. A round

advances at the slowest client’s delay draw, which is the effect the comparison

isolates.

Belady-OPT [38]. Offline eviction reference computed over the same request

sequence, the same capacity, and the same size parameterization, but with instanta-

neous loads. On a miss it evicts the resident model whose next reference is furthest

in the future until the requested model fits, then admits it. It is a load-on-miss

policy and cannot prefetch, so it necessarily misses the first reference to every

model; this is the asymmetry discussed in Section 6.3.

Two implementation details bound the strength of this reference. The next-use

distance is computed over a 4000-request horizon: any model not referenced within

that horizon is treated as having equal, maximal distance, so eviction among such

models is arbitrary rather than optimal. The reference is therefore a bounded-

horizon approximation of Belady’s rule, not exact global optimality, and it is scored

on the same 3000-request window as the other policies in Figure 6.2. Both details

make it a slightly weaker reference than true Belady, which is a further reason not

to read the comparison as surpassing an offline optimum.

A.6 Physical Cluster

Hardware. Four primary nodes in a k3s cluster, each exposing one NVIDIA

H100 partitioned with MIG [48] at the 1g.24gb profile, giving 24 GB of usable

GPU memory advertised to Kubernetes as nvidia.com/gpu: 1. Two additional
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Table A.3: Per-node cold-load calibration on the four matched
nodes.

Node Affine cold-load fit 13.4 GB cold / warm
afrl-1 455 + 87 s ms 1.39 s / 0.96 s
worker-1 459 + 91 s ms 1.45 s / 0.96 s
worker-2 464 + 98 s ms 1.48 s / 0.96 s
worker-3 471 + 97 s ms 1.50 s / 0.96 s

nodes with disks roughly 25–30% slower are retained to bound behaviour on under-

provisioned storage. Each GPU replay job was scheduled with 2–4 vCPUs and

8–24 GiB of host memory (validation/k8s/40-gpu-b1-job.yaml); the agent and

aggregation code run on CPU in a shared virtual environment.

Storage throughput. Each node was calibrated by timing page-cache-evicted

cold loads across the 0.2–13.4 GB size range with five repetitions per size, and

fitting an affine model a + b s(m) in milliseconds. The four matched nodes agree

within a few percent (Table A.3). The host-to-device leg is uniform and linear at

25.6 GB/s on every node, so the disk read dominates the cold path; the disk leg is

sub-linear in size because of a fixed per-load overhead, which is why the affine fits

have moderate R2 (0.68–0.72).

Two measurement caveats apply. The guest cannot evict the hypervisor’s page

cache, so a “cold” read here is guest-cold and a physically cold read may be slower.

Conversely, steady-state popular models are cache-warm, so these figures may also

overstate production cold-start costs. Note that these measured load times are

substantially faster than the 5–15 s cold starts assumed by the simulator’s constants

(Table A.2); the simulator’s parameterization reflects the load latencies reported in

the production trace rather than the storage of this particular cluster.
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Replay harness. A resident model is a CUDA tensor of the model’s exact byte

size on the MIG slice; a warming model is an in-flight background load thread; a

load is a cold disk read with posix_fadvise(DONTNEED), staged through a 1 GiB

pinned host buffer, then copied host-to-device over PCIe. Because the 100-model

universe totals about 253 GB and does not fit a node’s disk, each node holds one

shared 14 GB blob file and a load of model m reads s(m) GB from a per-model

offset, so the disk and PCIe work matches a dedicated file of that size. All loads

on a node serialize behind a single IO lock, matching the single disk-to-PCIe path

of a single-GPU node.

Two deviations from a literal serving stack are deliberate. Reactive miss loads

are transient in the simulator, so they stream through a fixed GPU scratch buffer

instead of materializing a full tensor — a 13.4 GB transient on top of a 15 GB

resident set would exceed the 24 GB slice. The bytes moved, and therefore the

timing, are unchanged. Second, diffusion inference itself is not executed: the

harness emulates byte movement on both the hit and miss paths. Adding real

inference would compress relative latency differences, which is why the hit-rate

result is the more robust experimental claim.

Software. A shared Python virtual environment provides PyTorch (CPU wheels

for the agent and aggregation code), pandas, XGBoost, and scikit-learn. Cluster

orchestration is k3s; monitoring is kube-prometheus-stack at a 5 s scrape interval

plus dcgm-exporter, which requires runtimeClassName: nvidia. The NVIDIA

device plugin requires migStrategy=single under this vGPU profile, and the

GPU jobs run with PYTORCH_NO_CUDA_MEMORY_CACHING=1 because the restricted
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MIG profile blocks the caching allocator’s NVML query. On this profile, MIG-

scoped DCGM profiling counters are available but PCIe and power counters are

not, so prefetch bandwidth is measured from application-level load timings. The

GPU replay jobs ran in the pytorch/pytorch:2.5.1-cuda12.4-cudnn9-runtime

container image (PyTorch 2.5.1, CUDA 12.4, cuDNN 9), with pandas, scikit-learn,

and XGBoost installed at job startup.

A.7 Demand-Priority IO Scheduler

The scheduler is a property of the IO path in the replay harness, not of the learned

policy, and it is the single toggle between the “off” and “on” columns of Table 7.1.

Each node has one service position: at most one transfer is in flight and the rest

wait.

Off (FIFO). Every load, demand or speculative, is served first-come-first-served

on the single disk-to-PCIe path. This is the baseline configuration.

On (demand priority). Loads are classified into two classes. A load is demand

if some request is actually waiting for it: the load for the current request, a

full-miss serve load, or a warming model whose request has just arrived. A load is

speculative if it is a prefetch for some future model. When the scheduler is on,

the waiting set is ordered demand-first, FIFO within each class, so a demand load

cuts ahead of queued speculative prefetches. An arriving request for a still-warming

model reclassifies that in-flight load as demand, which expedites it.
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Two properties matter for interpreting the results. First, the transfer already in

flight is never preempted: reordering applies only to the waiting set, so a demand

load can still be delayed by up to one in-progress speculative transfer. Second,

nothing is cancelled or dropped — speculative loads still complete, so the prefetch

hit rate is preserved and only the cost per miss changes. An earlier design that

applied backpressure by dropping speculative loads was rejected in favour of this

no-drop reordering.

Consequently the scheduler helps exactly when the IO path has spare capacity

and cannot help when it does not. On the four matched fast nodes it lowers

FedCache latency from 412 to 225 ms and removes node-to-node variance; on the

two slow, IO-saturated nodes it increases latency, because reordering a backlog

that cannot drain moves the wait rather than removing it (Table 7.2).

A.8 Mapping from Results to Scripts

Table A.4 maps each reported result to the script that produces it. Each experiment

script writes a JSON record under experiments/results/, and the physical-cluster

jobs write a summary.json plus per-request event logs, so that reported values can

be traced back to raw output.
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Table A.4: Reported results and the scripts that generate them.

Result Script
Table 6.1 (end-to-end) evaluate.py
Table 6.2 (thrash breakdown) experiments/exp_thrash_breakdown.py
Table 6.3 (size sensitivity) experiments/exp_size_sensitivity.py
Table 6.4 (training schemes) experiments/exp_federated_comparison.py
Figure 6.1 (VRAM sweep) experiments/exp_vram_sweep.py
Figure 6.2 (Belady) experiments/exp_belady.py
Figure 6.3 (generalization) experiments/exp_generalization.py
Figure 6.4 (client scaling) experiments/exp_client_scaling.py
Figure 6.5 (learning curve) experiments/exp_learning_curve.py
Figure 6.6 (admission gate) experiments/exp_gate_ablation.py
Figure 6.7(a) (FedProx µ) experiments/exp_fedprox_mu.py
Figure 6.7(b) (prefetch cost) experiments/exp_reward_sweep.py
Figure 6.7(c) (queue window H) experiments/exp_queue_window.py
Async vs. sync aggregation experiments/exp_async_vs_sync.py
Server learning-rate robustness experiments/exp_server_lr.py
Lookahead coefficient α experiments/exp_lookahead.py
Staleness damping experiments/exp_staleness.py
Tables 7.1 and 7.2 (cluster) validation/edge/run_gpu_b1.py
Load-time calibration (Table A.3) validation/calibrate_loads.py
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