XRLHF: Efficient RLHF with Serverless Rollout Actors

Rui Wei
Stevens Institute of Technology
Hoboken, USA
rwei7@stevens.edu

Jian Li
Stony Brook University
Stony Brook, USA
jian.li.3@stonybrook.edu

Hanfei Yu
Stevens Institute of Technology
Hoboken, USA
hyu42@stevens.edu

Seung-Jong Park
Missouri University of

Science and Technology
Rolla, USA

Devesh Tiwari
Northeastern University
Boston, USA
d.tiwari@northeastern.edu

Hao Wang
Stevens Institute of Technology
Hoboken, USA
hwang9@stevens.edu

seung-jong.park@mst.edu

Abstract

Reinforcement Learning from Human Feedback (RLHF) is widely
used to align Large Language Models (LLMs) with human prefer-
ences and can also improve reasoning on complex tasks. However,
RLHF training is highly resource-intensive because inference and
training coexist, creating dynamic resource demands. Existing RLHF
frameworks rely on serverful infrastructures, which handle this
variability poorly and often waste resources because of idle time
during synchronous training.

We present xRLHF, the first scalable training framework for syn-
chronous RLHF, built with a centralized learner and serverless
rollout actors. xRLHF adapts to dynamic resource demands, pre-
computes shared prefixes to avoid repeated computation, and uses a
cost-aware actor scaling strategy and efficient workload assignment
to reduce cost and idle time. Experiments show that xRLHF speeds
up training by 1.14-1.35X while reducing cost by 25.81-44.8% on
the physical cluster with 16 L40S GPUs, and achieves 1.23X speedup
with 38.7% lower cost in the large-scale Vidur simulation.
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1 Introduction

Motivation. In the latest Large Language Models (LLMs) [13, 46,
47, 64, 85], Reinforcement Learning from Human Feedback (RLHF)
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has been widely adopted to enhance performance on challeng-
ing tasks such as mathematical problem solving [47, 71], scientific
question answering [25, 59], and code generation [13, 14]. RLHF
training couples heavy LLM inference with distributed model up-
dates, and is significantly more resource-intensive and complex
than traditional reinforcement learning (RL). While both follow a
similar staged training paradigm, existing RL frameworks are not
designed for the large-scale demands of RLHF. As model sizes grow
and training is distributed across multiple GPUs and machines, the
resource utilization and data transmission overhead become major
bottlenecks.

Limitations of existing approaches. RL separates data sampling
from model updates, but the two processes remain interdepen-
dent. Model updates must wait for sampling to finish in order to
use the most recent training data, while sampling is delayed by
model updates because it needs synchronized model weights. While
traditional RL training already suffers from resource idleness on
serverful frameworks [35, 40], RLHF amplifies this inefficiency due
to the demands of running LLMs and heavy data transmission.
More recent RLHF systems [27, 59, 89] improve efficiency through
careful model placement and parallelism strategies, but they rely
on serverful infrastructures with static resource allocation, which
inherently suffer from unavoidable resource inefficiency and can-
not dynamically adapt to the execution characteristics of RLHF.
Serverless RL frameworks [75-77] demonstrate that dynamically
launching and releasing components on demand can substantially
reduce idleness and training costs. However, existing serverless
solutions for traditional RL cannot be directly applied to RLHF sys-
tems, and building a serverless RLHF framework is challenging due
to fundamental differences between RLHF and traditional RL, such
as the model scale and transmission overhead mentioned above.
Moreover, the auto-regressive LLM generation and the continu-
ously updated model weights lead to dynamic resource demands,
both within a single step and across different training steps.

Key insights and contributions. Existing RLHF algorithms are
highly sampling-heavy, where sequence generation dominates both
execution time and resource consumption throughout training [57,
78, 80]. By analyzing existing synchronous RLHF workloads, we
identify three key insights. First, tight dependencies between sam-
pling and learning, combined with repeated key-value (KV) cache
computation during parallel generation, lead to substantial and un-
necessary resource wastage. Second, long-tail responses cause strag-
glers during sequence generation and leave allocated resources idle.
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Figure 1: RLHF’s dataflow in one training step, including
the generation phase, preparation phase, and learning phase.
Some details, like the use of the critic model, can vary de-
pending on the specific algorithm used.
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Third, workloads vary across training steps, as response lengths for
the same prompt may increase or decrease over time, making static
resource allocation inefficient. Motivated by these observations,
we present XRLHF, the first scalable framework for synchronous
RLHF with serverless rollout actors, which improves efficiency and
reduces cost. Before each training step, XRLHF constructs an op-
timized generation plan. It first analyzes the prompt dataset and
training configuration to deduplicate KV cache computation under
parallel generation. Next, xRLHF estimates the upcoming workload
and dynamically scales the number of sampling actors! to balance
training speed and cost. xRLHF further groups prompts with sim-
ilar predicted response lengths to mitigate stragglers and reduce
intra-actor imbalance. During execution, XRLHF places actors with
locality awareness, prioritizing heavy workloads on nearby GPUs
to better overlap communication and computation. We summarize
our main contributions as follows:

e We present xRLHF, the first scalable framework for synchro-
nous RLHF with serverless actors, hosted on multi-GPU clus-
ters, with a specialized prewarming and keep-alive strategy.

o We design a deduplicated prefill mechanism that eliminates
redundant KV cache computation in RLHF.

e We propose a response-length predictor with cut-and-migrate
backoff to guide workload scheduling and actor scaling.

e We implement xRLHF on top of VERL [59] and evaluate it
on both a physical cluster with two 8-GPU instances and
a simulated large-scale cluster. Extensive experiments show
that xRLHFreduces cost by 25.81-44.8% and improves training
speed by 1.14-1.35X compared to the VERL baseline.

2 Background and Motivation
2.1 RLHF vs. General RL

Reinforcement Learning from Human Feedback (RLHF) is a method
used to align the behavior of a language model with human pref-
erences by incorporating feedback into the training loop. Rather

! An actor, also known as a rollout worker, is a separate component that hosts a model
replica for response generation.
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Figure 2: (a) RLHF’s staged workflow leaves components idle.
(b) Idle RLHF components waste resources.

than relying solely on supervised data, RLHF frames the align-
ment task as an RL problem, where a policy model (i.e., the LLM)
7g is optimized to generate outputs that maximize the predicted
reward provided by the pre-trained Reward Model (RM) r¢(x, y).
RLHF training contains multiple iterative training steps, and each
training step involves three main phases, shown in Fig. 1:

Phase-1 Generation: For a batch of prompts x from the prompt
dataset, multiple sampling actors will be launched using the pol-
icy mp to generate one or more candidate responses y. Each actor
maintains its own replica of the policy model.

Phase-2 Preparation: The RM ry (x, y) assigns a scalar score
to each generated response. To prevent the policy from deviating
too far from its original behavior, many algorithms [33, 57, 85]
incorporate a Kullback-Leibler (KL) divergence penalty between
the current policy g and the reference model 7, .

Phase-3 Learning: A learner, with a training engine [51, 82], is
responsible for computing gradients and updating the policy model
using the data produced from previous phases.

Why do existing RL frameworks fall short? Existing RL
frameworks [35, 75-77] are not designed to support the scale and
complexity of RLHF for LLMs. Traditional RL workloads involve
small models that can be trained on a small set of GPUs and rely
on simple, synchronous architectures. In contrast, LLM training re-
quires distributing models across multiple GPUs using techniques
like data, tensor, and pipeline parallelism [27, 51, 59, 82], along
with specialized inference [31, 60, 84] and training [51, 82] en-
gines. Moreover, scaling up the sampling actors in RLHF increases
the need for synchronized replicas, which leads to expensive and
slow weight synchronization [59]. In such a case, various RLHF-
optimized frameworks [27, 58, 59, 68, 74] have been implemented
to address those new challenges.

2.2 Limitations of Serverful RLHF Systems

RLHF faces several challenges from both its staged RL workflow
and the use of LLMs. The dependencies across RLHF phases can
lead to GPU idleness, while the continually updated policy model
and varying response lengths create dynamic resource demands.
Existing RLHF frameworks [27, 59, 91] rely on serverful infrastruc-
tures and cannot address these inefficiencies.

1) Between phases: Idle components waste resources on
serverful platforms. In RLHF, components from different phases
depend on each other, which often leaves GPU resources idle during
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Figure 3: Dynamic resource demands caused by: (a) signifi-
cantly varying response lengths across and within different
types of datasets [30, 39, 53]; (b) changing response lengths.

parts of a training step. Fig. 2(a) shows the workflow of Group Rela-
tive Policy Optimization (GRPO) [57] under standalone placement,
where each model uses a separate set of GPUs. Fig. 2(b) shows the
latency breakdown of a VERL [59] training step using Qwenz2.5-
3B [73] on GSMS8K [9]. Some recent works [15, 20, 21, 91] reduce
this inefficiency with asynchronous training, but stale data can
degrade training quality [15, 32, 45, 83]. Advanced synchronous
frameworks [27, 58, 59] instead optimize model placement, but still
face a trade-off: separating components causes under-utilization,
while co-locating them can introduce out-of-memory (OOM), con-
text switching latency, or resource interference [58, 59, 87].

2) Across training steps: Dynamic response lengths make
static resource allocation inefficient. Prior work shows that
generation lengths can change across training steps [13, 61, 64]. We
verify this pattern in Fig. 3(b) using different RLHF algorithms and
model combinations on GSM8K. For many reasoning models, re-
sponse lengths increase as training proceeds [13, 64]. Because LLM
generation is token-level and auto-regressive, longer responses di-
rectly increase inference time and create dynamic resource demands
across training steps. Serverful platforms, with static allocation and
long startup times, cannot adapt to these changes.

3) During each generation phase: Redundant KV cache
calculation causes unnecessary costs. When an LLM generates
a response, the prompt is first processed once during prefilling to
build the KV cache, and decoding then reuses this cache [12, 67].
Many RLHF algorithms generate multiple responses per prompt [57,
78, 80, 85], so the same prefill work is often repeated. Prior LLM
serving systems reduce this cost? by reusing KV cache for shared
prefixes [31, 37, 62, 70]. Some RLHF systems such as VERL [59]
compute the cache once and reuse it across batches in the same step,
as shown in Fig. 4(a), but this serializes generation across batches.
Parallel generation improves throughput, but it also repeats KV
computation across workers, as shown in Fig. 4(b). Fig. 4(c) shows
that about 22% of total active GPUXsecond is spent on redundant
computation when running GRPO with Qwen2.5-3B on GSM8K
and generating four responses per prompt.

4) Inside the actors: Varying response lengths lead to GPU
under-utilization. Sampling actors can consume very different
amounts of compute because response lengths vary widely. Within

2Cost here is calculated as active GPUxsecond, which is the sum of allocated GPU
count multiplied by the lifetime of each active component.
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Figure 4: Existing generation strategies [27, 31, 59, 84] for
sampling-heavy RLHF workloads, including (a) iterative gen-
eration, which introduces additional latency, and (b) parallel
generation, which leads to (c) unnecessary KV recalculation.

one actor, some responses finish after only a few decoding steps,
while others continue much longer, extending the generation phase
even after most responses have completed [89]. This imbalance
leaves some GPU resources idle while waiting for the longest re-
sponses to finish. Fig. 3(a) shows this pattern using Qwen2.5-3B
with maximum response length 1024 on AIME2024 [39], GPQA [53],
and LiveCodeBench [30].

2.3 Opportunities for Serverless RLHF

We propose the first RLHF system leveraging serverless computing
for the rollout actors, by identifying the following opportunities to
address the limitations mentioned above.

Serverless can release idle components on time to mitigate
wastage between phases. Serverless’s elasticity and function-like
pay-as-you-go execution can lower active GPUXsecond training
cost by launching components only when needed and promptly
releasing them when idle, as shown in prior serverless RL sys-
tems [75-77]—motivating a serverless RLHF design.

Scaling actors to accommodate the changing resource de-
mands across training steps. Serverless enables us to adapt actor
counts to shifting workloads and search for “sweet spots” where ex-
tra compute shortens step time enough to reduce total cost; achiev-
ing this requires a cost model to guide scaling decisions, and is
harder on serverful platforms due to long startup latency [3, 18, 43].

Deduplicated prefill in a serverless environment to miti-
gate repeated calculations during the generation phase. By
grouping prompts with shared prefixes ahead of time, and exploit-
ing algorithms (e.g., GRPO [57]) that sample multiple responses per
prompt, we can compute prefill once and reuse it across responses
in a parallel generation manner.

Grouping prompts with similar lengths in the same actor
to address workload imbalance inside actors. Because actor
cost depends on execution time, a few long responses can keep
an actor alive while other resources sit idle; predicting response
lengths and co-locating similar-length prompts lets some actors
finish sooner and be released earlier.

3 Objectives and Challenges

We design xRLHF, the first RLHF system with serverless actors,
to seize the opportunities and address the limitations. The final
goal is to apply serverless execution and elasticity to accelerate
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synchronous RLHF training and reduce the active GPUXsecond
costs, without changing the training semantics of RLHF algorithms:

Speed up training. We aim to find the best actor configura-
tion with lower cost and faster speed. We will dynamically scale
actor counts to optimize the data parallelism to match changing
workloads across training steps, thus accelerating training.

Reduce redundant computation. We aim to decouple the
prefill and decode stages during the generation phase and use dedu-
plicated assigned prompts to avoid repeated prefill computation
during parallel generation.

Improve resource utilization. We aim to assign prompts more
evenly, by grouping workloads with similar inference times in the
same actor, to reduce idle time and GPU waste in each actor.

These objectives lead to three corresponding main challenges:

How to balance speed and cost? Using more actors can reduce
generation time while possibly raising cost. The system needs to
estimate both time and cost to find a good balance.

How to reduce the transmission overhead in deduplicated
prefill? Deduplicated prefill decouples the prefill and decode, while
introducing additional KV transmission between the prefill actor
and the decode actors, which might slow down training execution.

How to handle prediction errors in prompt assignment?
Even if the workloads inside each actor can be estimated, the pre-
diction accuracy won’t be able to reach 100% due to the inherent
randomness in LLM computation. There might still be a few outliers
assigned to the wrong actor, which requires a backoff strategy.

4 XRLHF’s Design
4.1 Overview

XRLHF is the first RLHF training system running with serverless
actors for generation. It leverages the elasticity and fine-grained
resource management of serverless computing to facilitate RLHF
training. xRLHF has two parts: a client side and a provider side.
The client side lets users define and submit RLHF workloads. The
provider side runs the submitted workload with an elastic configu-
ration optimized for the available GPU cluster. The provider side
is assumed to have access to the GPU cluster topology. Fig. 5 illus-
trates XRLHF’s workflow. Before each RLHF step, XRLHF constructs
arollout execution plan. xRLHF then predicts response lengths, eval-
uates candidate decode actor numbers, assigns prompts to actors,
and chooses actor placement using profiled compute and communi-
cation costs. During execution, the prefill actor computes reusable
prompt KV cache, decode actors generate responses, completed
actors are released after keep-alive expiration, and the learner con-
sumes the completed on-policy batch in the original prompt order.
The five main steps of xRLHF in each training step are listed below:

Step @: Setting up the prefill actor. xRLHF analyzes the
prompt dataset or algorithm-specific hyperparameters to identify a
deduplicated batch of shared prefixes. These shared prompts are
assigned to a dedicated prefill actor, which computes the initial KV
cache to be reused by all decode actors during the decoding stage.

Step @: Iterating over all available actor numbers. xRLHF
employs a cost-aware planning module to estimate both execution
time and total cost across a range of possible actor numbers, with
the corresponding prompt assignment strategies.

Wei et al.
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Figure 5: XRLHF’s overview.

Step @: Prompt assignment among decode actors. When
calculating the scaling score with a given actor number and work-
load, xRLHF first generates a corresponding prompt assignment
plan for better cost and time estimation. xRLHF utilizes historical
training data to predict the response length of each prompt in the
current training batch. It then sorts prompts by estimated length
and evenly distributes them into the N’ decode actors, grouping
prompts with similar lengths to minimize resource wastage and
improve actor efficiency.

Step @: Scaling the decode actors. The prompt assignment
module returns the workload assignment plan given the actor num-
ber and its corresponding execution time and cost estimation. Based
on those results, XRLHF’s actor scaling module selects the optimal
number of actors N’ and its corresponding workload assignment
plan by balancing speedup with resource efficiency.

Step @: Executing the RLHF loop. After generating the ex-
ecution plan for the generation phase of the next training step,
XRLHF initiates the step and executes the three RL phases, includ-
ing generation, preparation, and @ learning, following
the structure of conventional RLHF systems. The training process
repeats the five steps until completion.

4.2 Deduplicated Prefill

RLHF algorithms [2, 26, 57, 78, 80] have duplicated KV cache com-
putations in the generation phase of a training step due to multiple
responses generated for a single prompt. As a result, the number of
unique KV cache computations required in the prefill stage is often
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less than the number of response generations performed in the de-
code stage. Existing serverful RLHF frameworks [27, 59] ignore this
characteristic and allocate static resource sizes throughout training.
In contrast, serverless computing offers an elastic execution model,
allowing us to reduce cost by applying a deduplicated prefill-decode
design. This enables allocating only the necessary resources for the
prefill actor and computing each unique KV cache exactly once.

Deduplicated prefill computes the KV cache for each reusable
prompt prefix once on a prefill actor. Decode actors then receive or
reference the corresponding KV cache through vLLM’s P2P NCCL
connector and continue autoregressive decoding from that state.
Since the prefill actor is compute-bound, like the learner [59, 87], we
unify both components’ resource allocation and model parallelism.

We first estimate its maximum prefill batch size Byrein using a
profiling-based capacity model. XRLHF then chooses a target shared-
prefix length L so that the prefill actor is filled to capacity with
deduplicated prompts. Concretely, let X be the training prompt set
and define a candidate prefix length L € (0, Lyin ], where

Linin = min ||X||
xeX

For a candidate prefix length L, let D(L) be the number of unique
prefixes of length L in X (i.e., the count of deduplicated prompts at
prefix length L). XRLHF selects the largest L such that

D(L) < Bpreﬁll'

For fixed prefixes, D(L) is non-decreasing with L: two prompts
that differ at length L cannot become identical at a longer pre-
fix length. xRLHF therefore selects the largest usable prefix length
whose unique-prefix count still fits the prefill capacity, bounded by
the shortest usable prompt length after padding removal.

To mitigate the possible communication overhead introduced
by additional KV transfer, xRLHF enables deduplicated prefill only
when it reduces prefill cost without increasing the step latency:

CW/ dedup prefill < Cyw/o dedup prefill,

Tw/ dedup prefill

Tw/o dedup prefill
Step

s Step ’

where C represents estimated active GPUXsecond cost, and T means
estimated execution time.
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with the Qwen2.5-3B model [73] and the GSM8K dataset [9].

4.3 Prompt Assignment

Due to the varying lengths of responses generated within a single
sampling actor, GPU utilization decreases when most sequences fin-
ish early and only a few long responses remain. Previous work [89]
proposes a cut-and-migrate strategy to interrupt sequence genera-
tion and migrate unfinished responses to another actor. However,
this method adds transmission overhead and interrupts all actors
simultaneously, harvesting resources only at coarse granularity.

To enable efficient cut-and-migrate in serverless actors, we pro-
pose a dynamic ranking-based prompt assignment strategy, shown
in Fig. 7(a), which reduces transmission cost by minimizing the
number of cut responses. This strategy allows actors to finish at
different times while keeping the workload balanced within each ac-
tor. As shown in Fig. 7(b), grouping prompts with similar predicted
response lengths into the same actor enables earlier actor termina-
tion, thereby reducing cost. To support this design, we require a
response length predictor to estimate workloads.

Response length estimation. Accurately estimating response
generation workloads in advance is important for cost-efficient
prompt assignment. Recent works propose response length predic-
tion methods for LLM serving [17, 49, 86], but they usually require
either fine-tuning the LLM for self-prediction [86] or training a
proxy model [17, 49, 88], which adds extra cost and complexity.

A key advantage in RLHF is that we have access to both the
training dataset and historical response lengths from earlier train-
ing steps. Moreover, RLHF includes a reference model to constrain
each training step’s update, which creates an opportunity to rely
on recent length results for estimation. To validate this, we track
the response length changes for each prompt throughout Proximal
Policy Optimization (PPO) training. Most response lengths remain
relatively stable over time: approximately 70% vary by no more than
50 tokens across two consecutive epochs, and around 90% change
by no more than 100 tokens per epoch. This suggests that historical
response lengths from previous training steps can serve as a reliable
estimator for the current step, avoiding costly model-based pre-
dictors [17, 49, 86]. For the first epoch without historical lengths,
XRLHF uses ground-truth answer lengths or a pretrained length
predictor [17, 49] for temporary estimates. After generated batches
become available, xRLHF updates the estimator from observed re-
sponse lengths. We adopt the common exponentially weighted
moving average (EWMA) algorithm to take historical data as input
and output the length estimation for each prompt.
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Figure 8: XRLHF’s cut-and-migrate strategy. XRLHF cuts unfin-
ished, underestimated responses and migrates them to avail-
able decode actors with open slots, which have been released
by completed, overestimated responses.

Cut-and-migrate in xRLHF. Even with reasonably accurate
response length estimation, misassignments can still occur. To mit-
igate such errors, we apply a cut-and-migrate strategy inspired
by prior work [89], shown in Fig. 8. During execution, if an ac-
tor is delayed by long-running prompts and other running actors
have available slots, we terminate those unfinished generations
and migrate them to the available actors. This reduces tail latency
and improves overall GPU utilization. The timing of termination
is controlled by a cutting threshold 7 € (0, 1]. An actor is termi-
nated when 7 X 100% of its assigned responses have completed
generation. This threshold balances the trade-off between waiting
for stragglers and minimizing resource wastage. Cut-and-migrate
does not change the RLHF sample distribution because migration
occurs within the same synchronous generation step and before
any learner update. xXRLHF moves the generated token prefix, KV
cache, and other required states together. The learner receives the
completed samples from the current policy and restores them to
the original prompt order before loss computation.

4.4 Cost-Aware Actor Scaling

Response lengths vary across RLHF training steps, so a fixed ac-
tor count can waste GPU resources on shorter responses or slow
decoding on longer ones. This motivates adapting the actor count
to each step’s generation workload. Because each sampling actor
holds a policy replica, increasing the actor count increases data
parallelism. For a fixed prompt batch, this added parallelism can
shorten the memory-bound generation phase by distributing the
batch across more actors [34, 59, 87, 89]. However, extra GPUs may
raise training cost even when generation finishes sooner.

Prior serverless RL systems demonstrate elastic actor scaling 75,
76], while applying their scaling methods to RLHF raises two issues.
First, existing methods either rely on a pretrained scheduler [76],
or estimate data needs from the policy Hessian [75]—both incur
additional costs and can be expensive for billion-parameter models.
Second, actor scaling serves a different purpose in RLHF. In tra-
ditional RL, it changes training-data volume, whereas in RLHF it
primarily changes the GPU resources allocated to a training step’s
generation workload. These differences motivate a scaling policy
that accounts for both generation time and GPU cost.

Wei et al.

Balanced speedup with lower final costs. We estimate execu-
tion time and GPU consumption before changing the actor count
to balance faster generation against its resource cost. The total cost
for the N decode actors, denoted as Cpecode, can be estimated as

N
Cbecode = Z T(Xi: Gl) X Gi,
i=1
where X; represents the set of prompts assigned to the ith decode
actor, and G; denotes the number of GPUs allocated to it. T(X;, G;)
is the estimated execution time for processing workload X; using
G; GPUs, defined as

T (X, Gi) := Tpecode (Xi» Gi) + Tsync (i) + Txv (i),

which includes the weight synchronization, KV transfer, and decode
time. To estimate the execution time T(X;, G;), we leverage profiled
data collected using dummy batches prior to training. Specifically,
we measure the time-per-output-token (TPOT) latencies in the
decode step, under different maximum response lengths, following
the approach used in prior work [7, 87]. For each prompt x € X;,
the corresponding sequence length is estimated using the response
length prediction module described in §4.3.

The end-to-end execution time for N decode actors, denoted as
Tttl(N), is determined by the slowest (i.e., longest-running) actor
and is computed as

Ttotal(N) := max T(Xi,Gi).
i€[1LN]

For all candidate actor counts N € [Nyin, Nmax], where Npin
and N,y denote the predefined minimum and maximum numbers
of decode actors, respectively, we apply min-max normalization to
the estimated execution time T™®!(N) and decode cost Cpecode (N)
over all candidate N values to ensure fair comparison. To determine
the optimal number of actors N’, we formulate the objective as a
weighted sum of the normalized time and cost:

{A.’]:‘toml(N)+(l_/1)'é(N)}’ (1)

N’:= argmin

N €[ Nmin,Nmax |
where 1 € [0,1] is a user-defined weight controlling the trade-
off between execution time and cost. A larger A prioritizes faster
execution, while a smaller A emphasizes lower cost. XRLHF replays
the user-defined static actor count with the actual response lengths
after each step. When the scaled actor execution plan leads to a
worse scaling score (Equation 1) than this static replay, xRLHF falls
back to the predefined static actor count in the next step.

4.5 Locality-Aware Actor Placement

Model synchronization is one of the main bottlenecks in RLHF
training [59, 89]. It occurs between the learning phase of the previ-
ous step and the generation phase of the current step, when model
weights are transmitted from the learner to the sampling actors. To
reduce both model synchronization latency and KV cache transfer
latency, xRLHF adopts a locality-aware actor placement strategy to
overlap communication with computation, reducing the execution
time of each training step.

As discussed in §4.3, xRLHF groups prompts with similar expected
workloads into the same decode actor. Under this design, the end-
to-end generation time is determined by the actor with the longest
workload. To reduce this critical-path latency, we first co-locate the
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Figure 9: xRLHF’s locality-aware actor placement and pre-
warming. Engine initialization and state transfer overlap
computation to reduce startup and communication overhead.

prefill actor with the learner on the same GPU resources, which
reduces model synchronization overhead. Next, we co-locate the
decode actor with the longest workload with the prefill actor, so
it can start without additional model-weight or KV-cache transfer
latency. For the remaining decode actors introduced by actor scaling
(§4.4), XRLHF places heavier workloads on GPU nodes closer to the
learner and prefill actor (e.g., within the same node), and lighter
workloads on more distant resources.

Since model synchronization starts after the learner update,
while KV cache transfer starts after prefill completes, transmis-
sion can be overlapped with execution. As shown in Fig. 9, this
overhead can be hidden as long as the following condition holds
forallie {2,...,N}:

TSync(i) + TKV(i> + Tpecode (Xi: Gi) < Tprefin + TDecode(Xls Gl)’

where N is the total number of decode actors, Tsync (i) and Txy (i) are
the model synchronization and KV cache transfer latency for the ith
decode actor, Tpecoge (Xi, G;) is its execution time, Tpecode (X1, G1) is
the execution time of the decode actor co-located with the learner
and prefill actor, and Tpeq is the execution time of the prefill ac-
tor. We incorporate this constraint into actor scaling to avoid pro-
longed execution caused by large-scale data transfer. xRLHF targets
a provider-hosted serverless cluster, where locality-aware place-
ment can be supported.

4.6 Prewarming and Keep-Alive

To mitigate the cold-start latency in the serverless rollout actors,
we design specialized prewarming and keep-alive strategies in
XRLHFbesides locality-aware placement. The prewarming and keep-
alive scheduling for training step t + 1 happens after the generation
phase of step ¢, in parallel with the preparation and learning phases
at step t. The prewarming and keep-alive periods are included in
the component lifetime and the active GPUXsecond cost.

Prewarming with invocation prediction. We predict when roll-
out actors will be needed using the learning phase latencies ob-
served in earlier steps, following prior work [48, 56]. Let YA"Leam be
the predicted duration of the current learning phase, T}mt be the
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time needed to launch an actor and initialize its inference engine,
and y be a safety margin. Measured from the start of learning, xRLHF
begins prewarming at

TPrewarm = Il’laX(O, TLearn - TInit - )/) .

When YA“Leam > ﬁnit + y, actor initialization is expected to finish
before learning ends. Otherwise, prewarming starts immediately,
and part of the initialization time may remain on the critical path.
Model-weight synchronization starts after the learner update, while
KV-cache transfer starts after prefill.

Cost-aware keep-alive. Similar to common serverless systems [5],
XRLHF may keep completed decode actors active for reuse. Actors
not selected by the actor-scaling module’s next-step plan are re-
leased immediately. For a selected actor, keeping it alive is cheaper
than releasing and recreating it when

TPrep + TLeam + TPreﬁll < Tlnit + Y-

Otherwise, xRLHF releases the actor and recreates it through pre-
warming. Model synchronization and KV-cache transfer are re-
quired in both cases and therefore do not affect the decision.

5 Implementation

We build xRLHF on top of VERL [59], with vVLLM [31] as the in-
ference engine and Fully Sharded Data Parallel (FSDP) [82] as the
training engine. xRLHF does not change VERL’s RLHF training logic.
It adds an elastic execution layer that controls how rollout actors
are launched, placed, and released during the generation phase.
Client and provider. xRLHF separates workload submission from
workload execution. The clients define the RLHF workload and
submit it to the system. On the provider side, XRLHF schedules and
runs the workload with an elastic configuration for the available
GPU pool. We assume the provider-side scheduler can access GPU
cluster topology, so it can choose topology-aware placements.
Serverless cluster. Due to the limited GPU availability in commer-
cial serverless platforms [4, 42], we build our own serverless cluster
using Docker [41], a common approach in existing serverless en-
vironments, following prior work [5, 8]. The Ray framework [44]
manages compute resources for the serverless actor functions and
coordinates communication among them.

Serverless functions. xRLHF adopts hybrid execution with a per-
sistent learner and serverless actors. The learner can run either as
a long-running serverless function or on conventional resources,
as it stores the necessary training states and remains active during
training with both learning and longest rollout workloads on it. The
rollout actors in XRLHF are implemented in a stateless manner, with
dedicated resources for concurrent functions, and are launched
or reused only when needed for generation. The prewarming and
keep-alive strategy follows §4.6.

State management. Although rollout actors are function-like,
RLHF training itself is not stateless. XRLHF keeps persistent train-
ing state on the learner side and moves only the state needed for
rollout execution. Model weights and optimizer state remain with
the learner. Before generation, the updated policy weights are syn-
chronized to the prefill and decode actors. The KV cache is stored in
vLLM’s GPU memory during generation and is transferred through
NVIDIA Collective Communications Library (NCCL) when reused
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by decode actors. Rollout samples are returned to the learner as
VERL data objects. Prompt metadata, historical response lengths,
actor assignments, and scheduling statistics are stored in Redis [52].
During cut-and-migrate, partial generations, generated tokens, KV
cache, and sampling state move together with the migrated request.
Model configuration. By default, xRLHF allocates the same num-
ber of GPUs to each decode actor. For internal model-parallel set-
tings, such as tensor parallelism and pipeline parallelism, xRLHF
follows VERL and vLLM configurations and tunes the batch size
and KV cache allocation to fit the available GPUs. Thus, xRLHF does
not replace the parallelism strategies inside VERL or vLLM,; it opti-
mizes the outer execution layer with better scheduling, resource
allocation, and placement.

Workload and transfer profiling. xRLHF needs estimates of in-
ference throughput and data transmission cost for actor scaling and
locality-aware placement. During initialization, xRLHF runs dummy
batches to profile decode speed, following prior profiling-based
methods [1, 65, 87]. It also profiles GPU bandwidth and topology
on the hardware testbed. These profiled results are combined with
predicted response lengths to estimate each actor’s execution time
and GPU cost. Model synchronization latency is measured from
earlier synchronization steps and reused because it remains stable
for a fixed model size, actor placement, and cluster topology.

6 Evaluation

6.1 Experimental Setup

Physical testbed. We use two AWS EC2 g6e . 48x1arge instances
as the main testbed. Each has 192 AMD EPYC 7R13 vCPUs, 1536 GB
of system memory, and eight NVIDIA L40S GPUs with 48 GB of
memory per GPU. The testbed provides 16 GPUs with 768 GB of
total GPU memory. The two nodes form a single Ray-managed GPU
pool, allowing xRLHF to launch, reuse, and release rollout actors.
Large-scale simulation. We complement the physical experi-
ments with generation-phase simulations using Vidur [1] and VERL
workload traces. The simulations use larger Llama models [19, 66]
on clusters with up to 20 nodes and 160 NVIDIA H100 GPUs.
Workloads and datasets. We evaluate xRLHF with PPO [85], a
widely used synchronous RLHF algorithm, and GRPO [57], which
removes the critic model and generates multiple responses per
prompt. GRPO is also the basis of several recent reasoning-oriented
RLHF methods [78, 80]. We use three responses per prompt for
GRPO. We use three datasets with different workload characteris-
tics: GSM8K [9] for mathematical reasoning, GPQA [53] for scien-
tific question answering, and LiveCodeBench [30] for code genera-
tion. Their different response-length distributions test xRLHF under
both short and long generation workloads. Unless stated otherwise,
physical experiments use Qwen2.5 models [73] from 3B to 7B, with
maximum prompt and response lengths of 1,024 and 2,048 tokens.
We run each configuration for three epochs and average results
across all training steps, except where noted.

Software environment. The testbed runs Ubuntu 22.04. We use
Docker to package the RLHF components, Ray to manage resources,
VERL [59] as the underlying RLHF framework, vLLM as the infer-
ence engine, and FSDP as the training engine. The experiments use
CUDA 12.8, NCCL 2.27, VERL 0.3.1.dev, and vLLM 0.8.3.
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Baselines and comparisons. VERL [59] is our primary baseline
because xRLHF is implemented on top of it. For a fair comparison,
we run VERL with serverless actors during generation, releasing
finished and unused actors to isolate the benefits of xRLHF’s core
features. The VERL baseline uses a fixed actor count and the same
RLHF configurations as xRLHF. We choose three actors for the phys-
ical baseline as profiling shows that this setting provides the best
static speed—cost trade-off on our testbed. For the ablation study,
we use a naive XRLHF variant that keeps the serverless rollout layer
but disables its three core optimizations: DP (Deduplicated Prefill),
AS (Actor Scaling), and PA (Prompt Assignment). This comparison
separates the benefit of serverless function execution from the ben-
efit of the workload-aware optimizations. We also compare prompt
assignment with RLHFuse [89] in §6.5. In §6.6, we implement a
model-based length predictor following prior work [17, 49, 88].
Performance metrics. We measure both wall-clock step time and
active GPUxsecond cost. Step time covers the complete synchro-
nous RLHF step, including generation, preparation, and learning,
together with any exposed scheduling or communication over-
head. For each component, active GPU cost is calculated as Cgpy =
2; G;Tj, where G; is the number of GPUs allocated to component
Jj» and T; is the time from GPU allocation until the resources are re-
leased. For rollout actors, this lifetime includes inference-engine ini-
tialization, prewarming, model synchronization, KV-cache transfer,
response generation, migration, and keep-alive time when applica-
ble. For the learner, it includes the preparation and learning phases.
Using active GPUxsecond provides a provider-independent com-
parison of the resources used by xRLHF and the baselines, following
prior work [54, 77].

XRLHF configuration. Each rollout actor uses two GPUs for the 3B
model and four GPUs for the 7B model. All decode actors in the same
experiment use the same GPU count and internal model-parallel
configuration. For both xRLHF and VERL, we follow the training
configurations provided by VERL [59] and adjust only hardware-
dependent parameters, such as batch size and the vLLM KV-cache
allocation ratio, to avoid out-of-memory errors. The invocation
prediction buffer y for prewarming is set to 5% of the estimated
learner execution time. For xRLHF, the response-length estimator
uses an EWMA window size of 1, the cut-and-migrate threshold
is set to 7 = 0.7, and the actor-scaling objective uses A = 0.7. We
analyze these settings and their sensitivity in §6.6. The actor-scaling
search uses the same minimum and maximum actor counts across
comparable workloads and includes the predefined static actor
count as the fallback configuration.

6.2 Overall Performance

We evaluate how xRLHF improves RLHF training efficiency in both
speed and cost by comparing it with a naive version built on
VERL [59]. This version keeps the serverless actors but disables all
core optimizations, including DP: Deduplicated Prefill, AS: Actor
Scaling, and PA: Prompt Assignment, for a fair comparison. Ex-
perimental results in Fig. 10, collected from five repeated runs per
setting, show that xRLHF speeds up RLHF training and lowers cost
by (1) dynamically scaling actors to match changing resource de-
mands, (2) eliminating repeated computation, and (3) releasing idle
resources promptly. Training on GSM8K takes the longest, due to
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Figure 10: xRLHF’s overall performance across five runs.

Table 1: Final GRPO quality on GSM8K.

System  Final reward Final KL

VERL 0.87 +£0.014
xRLHF  0.87 £ 0.016

Final entropy

0.00024 + 0.00012  0.0498 + 0.007
0.00025 + 0.00016  0.0495 + 0.006

many long responses, which is consistent with the profiled results
in Fig. 3(a). xRLHF delivers larger gains on GRPO than on PPO be-
cause GRPO is more sampling-heavy, leaving more room to reduce
waste during generation. We also observe that as training scale
and workload grow, the benefits of xRLHF increase, suggesting its
potential to adapt and deliver greater gains in super-large RLHF
workloads. Overall, XRLHF speeds up training by up to 1.35X and
reduces cost by up to 44.8%.

6.3 Training Correctness and Final Quality

XRLHF preserves training quality because it does not change the
RLHF algorithm. It only changes how rollout generation is sched-
uled and adjusts the resources allocated for generation. The learner
still uses the same policy version, prompt batch, reward computa-
tion, KL penalty, and synchronous update rule as VERL. After gener-
ation, XRLHF restores the completed rollout samples to the original
batch order before the learner update, so the learner receives the
same type of on-policy data as in VERL. As shown in Table 1, XRLHF
achieves similar final reward, KL penalty, and entropy to VERL.
The small differences are within the standard deviation across runs,
which is expected because RLHF training and LLM generation are
stochastic and can have minor GPU-level nondeterminism.
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the cost and execution time of the generation phase in one
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at a time, illustrating the incremental benefits of each design.
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6.4 Ablation Study

We evaluate the effectiveness of xRLHF’s core features—deduplicated
prefill, prompt assignment, and actor scaling—via an ablation study
using several system variants. We run experiments using the GRPO
algorithm and the Qwen2.5-3B model on the GSM8K dataset. The
study considers four variants of XRLHF: 1) xRLHF w/o DP+AS+PA:
raw XRLHF based on VERL, with no deduplicated prefill, no prompt
assignment, and no actor scaling; 2) XRLHF w/o AS+PA: XRLHF with
only deduplicated prefill enabled and without prompt assignment
or actor scaling; 3) xXRLHF w/o AS: XRLHF with no actor scaling; and
4) XRLHF (full version): XRLHF with all three core features enabled.
We further compare these variants against a VERL baseline and an
oracle baseline, where the oracle simulates optimal scheduling with
100% accurate length estimates. We visualize generation cost and
execution time in Fig. 11. Each point represents one training step;
more points closer to the lower-left indicate better performance
with overall lower cost and shorter time.

Fig. 11(b) shows the cost reduction from deduplicated prefill rel-
ative to the raw version in Fig. 11(a). While the reduction is modest
in this setup, its magnitude is dataset- and algorithm-dependent
and can be larger under different conditions. Fig. 11(c) demonstrates
that prompt assignment with cut-and-migrate further reduces GPU
cost by grouping prompts of similar length within the same ac-
tor. In rare cases, if cut-and-migrate is triggered late, migrations
can introduce extra latency (e.g., the rightmost outlier). Overall,
transmission overhead is typically overlapped with computation
and does not increase end-to-end latency. Fig. 11(d) illustrates the
speedup from actor scaling, which dynamically adjusts the number
of actors to match workload demands. When additional resources
are allocated for heavier steps, the shorter execution time offsets
the added resources, so the total cost grows slowly or remains
comparable while achieving higher throughput.
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Figure 12: Effectiveness of XxRLHF’s prompt assignment.
Prompt assignment reduces cost by grouping prompts
with similar predicted response lengths into the same de-
code actor. (DP: Deduplicated Prefill; AS: Actor Scaling;
PA: Prompt Assignment.)

6.5 Effectiveness of XRLHF

To better isolate the benefit of each core feature, we run controlled
experiments that enable one feature at a time, using the same dataset
and algorithm settings as in §6.4.

Effectiveness of prompt assignment. Fig. 12 shows the per-
actor workloads and execution times of xRLHF compared with RL-
HFuse [89]. Since it is difficult to reproduce identical generated
content in RLHF due to hardware-level precision loss [23, 79], we
run XRLHF with only prompt assignment enabled using PPO on
GSMSBK, record the execution traces, and use them to simulate the
raw version with all features disabled. We report results randomly
selected from four consecutive training steps. In Fig. 12(a), RLHFuse
incurs higher GPU time because its global cut-and-migrate strategy
lacks prompt ranking, leading to uneven workload distribution
across the three actors. By contrast, Fig. 12(b) shows that xRLHF
groups prompts with similar expected lengths into the same actor,
allowing shorter actors to finish earlier and be released sooner.
As a result, prompt assignment reduces generation cost by 12.8%
compared with RLHFuse. The migration overhead in xRLHF is negli-
gible, compared to RLHFuse, because only a small number of outlier
prompts need to be cut and migrated.

Effectiveness of actor scaling. Using the same setup as §6.4, we
compare the raw xRLHF with the same system with only actor scal-
ing enabled. Fig. 13(a) shows that actor scaling adapts the number
of actors across training steps. In many cases, XRLHF finds a sweet
spot where shorter step time offsets the added resources, reduc-
ing or maintaining total cost compared with a fixed actor count.
This shows that XRLHF can estimate the next-step workload from
historical results and select an effective actor count accordingly.
Effectiveness of deduplicated prefill. Using the same setup as
§6.4, we compare the raw XRLHF with xRLHF with only deduplicated
prefill enabled. For each step, we measure the total prefill tokens
and the cost of the prefill stage during RLHF generation. Fig. 13(b)
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Figure 14: Sensitivity analysis of xRLHF’s length prediction.
XRLHF does not require exact response-length prediction.
XRLHF* replaces the historical length estimator with a weaker
model-based predictor, and still achieves 1.22x speedup and
28.9% active GPUxsecond reduction over VERL.

shows that deduplicated prefill mitigates repeated computation.
The amount of savings depends on the RLHF configuration.

6.6 Sensitivity Analysis

To evaluate xRLHF under different length-prediction accuracies and
justify our EWMA window size, cut-and-migrate threshold 7, and
actor-scaling weight A, we repeat the setup in §6.4 and report each
setting’s mean per-step cost and time in Figs. 14 and 15.

Sensitivity to response length prediction accuracy. In xRLHF,
both actor scaling and prompt assignment rely on response length
estimates. To test robustness, we replace our historical training-
step-based estimator with a lower-accuracy model-based predic-
tor from prior work [17, 49], denoted as xRLHF*. Following prior
response-length prediction methods [17, 49, 88], this predictor is at-
tached to the policy model, requires pretraining on the target RLHF
dataset, takes about 11 GPU-hours to train, and achieves about
44% accuracy during RLHF. Even with this lower accuracy, Fig. 14
shows that xRLHF~ still achieves 1.22X speedup and 28.9% cost
reduction over the VERL baseline. This shows that xRLHF tolerates
imperfect estimates because prompt assignment depends mainly on
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dow size for length prediction, (b) cut-and-migrate threshold
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the ranking of expected lengths, cut-and-migrate corrects harmful
mis-assignments at runtime, and actor scaling uses profiled TPOT
curves that reduce the impact of individual prediction errors.
Sensitivity to EWMA window size. We run fifteen epochs and
vary the EWMA window from 1 to 4. Fig. 15(a) shows only marginal
gains from larger windows. Since training is short, response-length
trends are often monotonic. We therefore use a window size of 1.
Sensitivity to cut-and-migrate threshold 7. We run three epochs
and vary 7 € [0.3,0.9]. As shown in Fig. 15(b), smaller 7 triggers
earlier cuts and can reduce cost, but it also increases per-step time
due to more migrations and state transfers. Moreover, cost does not
decrease further for 7 < 0.5, because early cuts still wait for slots
on other actors. We therefore set 7 = 0.7 to balance time and cost.
Sensitivity to actor-scaling weight A. We run three epochs and
vary A € [0.3,0.9], where a larger A favors speed and a smaller one
favors cost. Fig. 15(c) shows that A = 0.7 gives the best trade-off
in our experiments, achieving the second-lowest cost and second-
shortest step time. This is because the min-max normalization in
the objective does not fully preserve the original distribution of
cost and time. Although the best value may vary across workloads,
the trend is consistent, so we use A = 0.7 as a practical default.

6.7 Scalability Analysis

To evaluate xRLHF at a larger scale under a limited budget, we
run an extra large-scale physical experiment with 4xAWS EC2
g7.48xlarge nodes running GRPO with Qwen3.5-27B on GSM8K.
We additionally implement a simulator for PPO generation on
GSMSK using Vidur [1], a widely used LLM serving simulator,
together with RLHF training traces from VERL [59]. We simulate a
cluster with up to 20 nodes, each equipped with 8 NVIDIA H100
GPUs connected via NVLink. We use the Llama2-70B model with a
generation batch size of 512 and scale the number of nodes.

Fig. 16(a) shows that per-step generation time decreases as more
resources are added under a fixed workload in the simulated cluster,
indicating strong scaling. Meanwhile, the scheduling overhead of
XRLHF remains stable and within 30 ms across all configurations.
We report the average performance of xRLHF in the four-node
physical experiment and the simulated cluster, with relative results
compared to the VERL baseline, in Fig. 16(b) and (c), respectively. In
the physical experiment, xRLHF achieves 1.26X speedup and reduces
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Figure 16: XRLHF’s scalability analysis. (a) Execution time for
response generation with lengths from 2k to 8k tokens, along
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Figure 17: xRLHF’s latency breakdown for PPO and GRPO,
averaged across training steps.

cost by 31.9% compared with the VERL baseline. In the simulated
cluster, xRLHF achieves 1.23x speedup and reduces cost by 38.7%.
Larger models can increase both transfer overhead and long-
tail decoding time. We present an illustrative example using four
actors running FP8 Kimi K2 [63] with 1T total parameters, each
spanning two 8xH200 nodes. Extrapolating processing speed from
a vLLM benchmark® to assumed maximal output lengths of 8,192
tokens and 2,048 on remote actors gives decoding times of 369
and 92 seconds. Three policy copies plus a conservative 144-GB
prompt-KV allowance per remote actor take 3.52 TB. At an assumed
aggregate bandwidth of 25 GB/s, which is usually much higher with
RDMA or InfiniBand, transfer takes 141 seconds. Even placing all
transfers after prefill and before remote decoding, locality-aware
placement can still hide communication in this 1T model setup.

6.8 Latency and Cost Breakdown

We evaluate XRLHF’s latency and cost breakdown by running PPO
and GRPO, two representative RLHF algorithms, on GSM8K.

Latency breakdown. Fig. 17 shows the latency breakdown across
RLHF training steps. The overhead of xRLHF’s core features, includ-
ing prompt deduplication, response length prediction, and cost/time
estimation, is negligible relative to measured step time because
these components are model-free and lightweight. The I/O latency
covers model synchronization, KV transfer, and workload migra-
tion. Model synchronization starts after the learner update, while
KV transfer starts after prefill. Their exposed latency is negligible

Shttps://docs.vlim.ai/projects/recipes/en/latest/moonshotai/Kimi-K2.html#fps-
benchmark-on-16xh200
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Figure 18: xRLHF’s active GPUXsecond cost breakdown for the
learner and rollout actors.

in the end-to-end breakdown. This result reflects xRLHF’s locality-
aware design, which places heavy computation near the centralized
learner and overlaps communication with computation.

Cost breakdown. Fig. 18 reports the measured cost in active
GPUxsecond for the centralized learner and elastic actors. The
learner runs the preparation and learning phases, while actors pro-
duce responses for the generation phase. Each actor’s cost covers
its lifetime from GPU allocation until release to the Ray GPU pool,
including initialization, prewarming, model synchronization, KV
transfer, generation, migration, and keep-alive time when applica-
ble. Prewarming and keep-alive costs are counted but remain negli-
gible relative to active computation because learning-phase dura-
tions are relatively stable across training steps and xRLHF times pre-
warming using learning-phase latencies observed in earlier steps.

7 Related Work

RLHF algorithms. Commonly used RLHF algorithms include
PPO [55, 85], GRPO [57], ReMax [33], REINFORCE [2], and REIN-
FORCE++ [26]. Non-RL alignment methods such as Direct Prefer-
ence Optimization (DPO) [50] remove the RL loop by reformulating
preference learning as supervised optimization, but recent work
shows that such methods can underperform RL-based methods
on complex reasoning and coding tasks [72]. GRPO-based meth-
ods [57, 78, 80] deprecate the critic model in the RL loop, and are
commonly used today. But such methods are usually sampling-
heavy due to multiple responses for each prompt. We focus on
these workload characteristics and optimize sampling efficiency.

RLHF frameworks. Traditional RL frameworks [24, 28, 35, 90]
target smaller models and do not scale well to LLM alignment due
to model size and communication overhead. Recent LLM alignment
frameworks [10, 15, 20, 27, 32, 58, 59, 74, 89, 91] combine high-
throughput inference engines [11, 31, 84] with distributed training
backends [51, 60, 82]. Some systems improve efficiency through
asynchronous off-policy execution [15, 20, 32, 91], but bounded
data staleness cannot guarantee training quality [45, 83]. Other
systems optimize synchronous training through model placement
and parallelism [27, 58, 59, 74]. However, these frameworks rely on
serverful infrastructure and cannot adjust resource allocation at fine
granularity across training steps. RLHFuse [89] offloads long-tail
responses to dedicated GPUs, but its global cut-and-migrate strat-
egy can introduce extra overhead without workload-aware prompt
assignment. StreamRL [88] uses an LLM-based length predictor,
which adds training overhead and needs to be updated as model be-
havior changes during RLHF. Multi-turn RL systems [38, 69] train
LLM agents through repeated interactions with environments or
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tools, and are outside the scope of this paper. xRLHF targets optimiz-
ing synchronous and single-turn RLHF with a model-free scheduler
to dynamically launch and release serverless rollout actors.

KV cache reuse and prefill optimization. Prior LLM serving sys-
tems reduce prefill overhead by managing or reusing KV cache [31,
37, 62, 70, 84, 87], which mainly target online inference to improve
serving throughput, memory efficiency, or latency under concurrent
requests. xRLHF targets a different setting: synchronous RLHF roll-
out generation, where prompts come from a training batch, model
weights change every step, and multiple responses are often sam-
pled for the same prompt. In this setting, xRLHF uses deduplicated
prefill to reduce repeated prefill computation and GPUXsecond cost
while keeping parallel decode actors for rollout generation.
Serverless computing for LLM. Serverless computing has re-
cently been studied for LLM serving [16, 29, 36]. ServerlessLLM [16]
and ENOVA [29] improve serving efficiency through elastic deploy-
ment and auto-scaling, but they are designed for inference rather
than RLHF training. ProRL Agent [81] improves modularity by
decoupling rollout from training through a persistent service inter-
face, whereas xRLHF improves efficiency by making RLHF rollout
itself serverless and elastically provisioned.

8 Conclusion

This paper presents xRLHF, the first serverless framework for RLHF
training. By targeting key inefficiencies in serverful RLHF systems—
including idle time across dependent training phases, dynamic
response lengths, and redundant KV cache computation—xRLHF
leverages serverless execution for fine-grained resource adaptation.
Through deduplicated prefill, prompt assignment, and cost-aware
actor scaling, XRLHF reduces resource wastage both across the RLHF
loop and within individual components. xRLHF also adopts locality-
aware actor placement to overlap communication with compu-
tation, and uses specialized prewarming and keep-alive policies
to keep actors ready in time without increasing cost. Experiments
show that XRLHF achieves 1.14-1.35X speedup and 25.81-44.8% cost
reduction on the physical testbed, and an average 1.23X speedup
with 38.7% cost reduction on a simulated large-scale GPU cluster,
demonstrating the effectiveness of serverless RLHF training.
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