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Compound AI systems

• Monolithic LLMs are not good enough for complex tasks

• Compound systems — combine multiple components such as models, tools/APIs, 
databases/search engines

• Examples:

• ChatGPT with internet search, RAG

• Agentic AI Systems

• Multi-model pipelines

• Speculative decoding, Reinforcement learning
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Speculative decoding

• Speculative execution in branch prediction

• Run two models

• Smaller approximation (draft) model is used to sample generations

• Generate several tokens ahead

• Larger target models evaluates all the guesses in parallel
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Reasoning models

• Breaks down the problem into multiple steps

• Generates and inspects intermediate steps (e.g. chain of thoughts)

• Tools can be called as part of the reasoning workflow

• Often trained/tuned using:

• Reasoning traces or chain-of-thought data

• Reinforcement learning
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Agentic systems

• Systems that plan and make decisions, often using tools

• Planning: create sub-tasks, decide dependencies and order, decide which tools to call

• Often iterate and retry
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HPC-R1: Create a R1-like training pipeline

• Stage 1: SFT with high-quality curated datasets

• Stage 2: RL (multiple responses generated by model are scored)
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Figure 2:Major components of the R1-like training pipeline.

which are then human-reviewed and !ltered to create a synthesized
dataset. Restarting from the initial checkpoint rather than using
the RL-optimized policy from stage 2 avoids potential instability or
over!tting caused by the previous RL phase. In addition, it o"ers
more control over model behavior while still gaining the bene!t of
a much larger dataset than what was available at stage 1.
Stage 4: Generalization and Improvement RL. The !nal stage
applies GRPO again. At this point, the model has already gained
some level of reasoning ability from the SFT process, giving it a
much stronger starting point than at stage 2.

Following the acquisition of the !nal LRM, a distillation process
is employed to transfer the reasoning capabilities of the very large
model to a smaller model, e"ectively “distilling” them into a smaller
representation. This process is illustrated in Figure 2b. During dis-
tillation, 1) a reasoning-focused prompt set is carefully constructed
to encourage detailed chain-of-thought (CoT) responses from the
LRM. The generated outputs, including the original prompts, in-
termediate CoT reasoning steps, and !nal answers are collected to
form a synthesized training dataset. 2) This dataset is then used
to perform SFT on a smaller base model, improving its reasoning
behavior.

Table 1: Resource requirements across GPU scales for dif-
ferent training stages. Here, means minimum required scale,

means moderate scale, means large, and indicates out of
memory. 3B and 1B are corresponding versions of Llama 3.2.

HPC System: We conduct experiments for HPC-R1 on the GPU
nodes of the Perlmutter cluster at NERSC [24], using two di"er-
ent con!gurations. The !rst is the high memory con!guration
(HMN), which consists of a variable number of nodes depending
on the experimental stage, with up to 64 nodes in total. Every node
contains 4× NVIDIA A100 GPUs [38], each with 80GiB of HBM2
memory, 256GiB of DDR4 RAM, and an AMD EPYC 7763 64-core

CPU. The GPUs are fully connected intra-node with 4 NVLink v3.0s
and inter-node via 200G HPE Slingshot 11 NICs [12] over a dragon-
#y topology. NVIDIA driver version 550.127.08 and CUDA 12.4 were
used. The second con!guration, which we label the low-memory
con!guration (LMN), has the same node-level architecture as the
HMN cluster, except each GPU contains only 40GiB of HBM2 mem-
ory. Additionally, we make use of Perlmutter’s Lustre-based parallel
!le system [5] providing high-throughput I/O and supporting data
loading and checkpointing across ranks. A node-level hardware
layout is shown in Figure 3.

(a) Intra-node Interconnect

HW Type

CPU 1x AMD EPYC 7763 64c
RAM 256GiB
GPU 4x NVIDIA A100 SXM4

NVLink v3.0 x4 fully-connected
Network 4x HPE Slingshot 11
# Nodes 64 (HMN) | 640 (LMN)

(b) Node Hardware Details

Figure 3: Hardware overview for our study.

Experimental Setup: To ensure a fair performance comparison
across di"erent resource scales, we de!ne three con!gurations
(minimum, moderate, and large) which we list for each workload
in Table 1. The minimum con!guration represents the smallest
number of GPUs required to run the model successfully with a
per-GPU batch size of 1. In the moderate con!guration, we scale up
the number of GPUs until each can accommodate a batch size of at
least 4 without triggering out-of-memory (OOM) errors. The large
con!guration doubles the GPU count from the moderate setup and
increases the per-GPU batch size to the maximum value that avoids
OOM errors. Our experiments follow a weak scaling strategy from
the moderate to large con!guration, maintaining a batch size of 4
per GPU. For generation, we standardize the workload by setting
the number of concurrent requests to 64.
Framework Choice: In our work#ow, we adopt a set of specialized
frameworks tailored to the requirements of each pipeline stage. For
SFT training tasks in pipeline stages 1 and 3, we utilize Megatron-
DeepSpeed [15], which o"ers robust support for large-scale training
through 3D-parallelism, e"ectively distributing computation across
data, model, and pipeline dimensions. In stages 2 and 4, where RL
training is performed, we develop a fork of VERL [52], a frame-
work that supports multiple distributed training strategies such as
PyTorch FSDP [63]. For dataset generation and distillation tasks
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HPC-R1: Create a R1-like training pipeline

6

HPC-R1: Characterizing R1-like Large Reasoning Models on HPC SC ’25, November 16–21, 2025, St Louis, MO, USA

Stage 4:
Generalization & 
Improvement RL

Stage 3:
Reasoning SFT

GenerationStage 2:
Reasoning RL

Stage 1:
Stabilization SFT

+ 
H

um
an

 F
ilt

er
in

g

(a) R1-like Process for Training LRMs (b) Distillation Process

Figure 2:Major components of the R1-like training pipeline.

which are then human-reviewed and !ltered to create a synthesized
dataset. Restarting from the initial checkpoint rather than using
the RL-optimized policy from stage 2 avoids potential instability or
over!tting caused by the previous RL phase. In addition, it o"ers
more control over model behavior while still gaining the bene!t of
a much larger dataset than what was available at stage 1.
Stage 4: Generalization and Improvement RL. The !nal stage
applies GRPO again. At this point, the model has already gained
some level of reasoning ability from the SFT process, giving it a
much stronger starting point than at stage 2.

Following the acquisition of the !nal LRM, a distillation process
is employed to transfer the reasoning capabilities of the very large
model to a smaller model, e"ectively “distilling” them into a smaller
representation. This process is illustrated in Figure 2b. During dis-
tillation, 1) a reasoning-focused prompt set is carefully constructed
to encourage detailed chain-of-thought (CoT) responses from the
LRM. The generated outputs, including the original prompts, in-
termediate CoT reasoning steps, and !nal answers are collected to
form a synthesized training dataset. 2) This dataset is then used
to perform SFT on a smaller base model, improving its reasoning
behavior.

Table 1: Resource requirements across GPU scales for dif-
ferent training stages. Here, means minimum required scale,

means moderate scale, means large, and indicates out of
memory. 3B and 1B are corresponding versions of Llama 3.2.

HPC System: We conduct experiments for HPC-R1 on the GPU
nodes of the Perlmutter cluster at NERSC [24], using two di"er-
ent con!gurations. The !rst is the high memory con!guration
(HMN), which consists of a variable number of nodes depending
on the experimental stage, with up to 64 nodes in total. Every node
contains 4× NVIDIA A100 GPUs [38], each with 80GiB of HBM2
memory, 256GiB of DDR4 RAM, and an AMD EPYC 7763 64-core

CPU. The GPUs are fully connected intra-node with 4 NVLink v3.0s
and inter-node via 200G HPE Slingshot 11 NICs [12] over a dragon-
#y topology. NVIDIA driver version 550.127.08 and CUDA 12.4 were
used. The second con!guration, which we label the low-memory
con!guration (LMN), has the same node-level architecture as the
HMN cluster, except each GPU contains only 40GiB of HBM2 mem-
ory. Additionally, we make use of Perlmutter’s Lustre-based parallel
!le system [5] providing high-throughput I/O and supporting data
loading and checkpointing across ranks. A node-level hardware
layout is shown in Figure 3.
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GPU 4x NVIDIA A100 SXM4

NVLink v3.0 x4 fully-connected
Network 4x HPE Slingshot 11
# Nodes 64 (HMN) | 640 (LMN)
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Figure 3: Hardware overview for our study.

Experimental Setup: To ensure a fair performance comparison
across di"erent resource scales, we de!ne three con!gurations
(minimum, moderate, and large) which we list for each workload
in Table 1. The minimum con!guration represents the smallest
number of GPUs required to run the model successfully with a
per-GPU batch size of 1. In the moderate con!guration, we scale up
the number of GPUs until each can accommodate a batch size of at
least 4 without triggering out-of-memory (OOM) errors. The large
con!guration doubles the GPU count from the moderate setup and
increases the per-GPU batch size to the maximum value that avoids
OOM errors. Our experiments follow a weak scaling strategy from
the moderate to large con!guration, maintaining a batch size of 4
per GPU. For generation, we standardize the workload by setting
the number of concurrent requests to 64.
Framework Choice: In our work#ow, we adopt a set of specialized
frameworks tailored to the requirements of each pipeline stage. For
SFT training tasks in pipeline stages 1 and 3, we utilize Megatron-
DeepSpeed [15], which o"ers robust support for large-scale training
through 3D-parallelism, e"ectively distributing computation across
data, model, and pipeline dimensions. In stages 2 and 4, where RL
training is performed, we develop a fork of VERL [52], a frame-
work that supports multiple distributed training strategies such as
PyTorch FSDP [63]. For dataset generation and distillation tasks
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Setup

• Base model: Llama 3.3 70B

• Minimum batch size: 4

• Weak scaling

• Framework used:

• Megatron-DeepSpeed (stages 1 and 3)

• VERL (stages 2 and 4)
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which are then human-reviewed and !ltered to create a synthesized
dataset. Restarting from the initial checkpoint rather than using
the RL-optimized policy from stage 2 avoids potential instability or
over!tting caused by the previous RL phase. In addition, it o"ers
more control over model behavior while still gaining the bene!t of
a much larger dataset than what was available at stage 1.
Stage 4: Generalization and Improvement RL. The !nal stage
applies GRPO again. At this point, the model has already gained
some level of reasoning ability from the SFT process, giving it a
much stronger starting point than at stage 2.

Following the acquisition of the !nal LRM, a distillation process
is employed to transfer the reasoning capabilities of the very large
model to a smaller model, e"ectively “distilling” them into a smaller
representation. This process is illustrated in Figure 2b. During dis-
tillation, 1) a reasoning-focused prompt set is carefully constructed
to encourage detailed chain-of-thought (CoT) responses from the
LRM. The generated outputs, including the original prompts, in-
termediate CoT reasoning steps, and !nal answers are collected to
form a synthesized training dataset. 2) This dataset is then used
to perform SFT on a smaller base model, improving its reasoning
behavior.

Table 1: Resource requirements across GPU scales for dif-
ferent training stages. Here, means minimum required scale,

means moderate scale, means large, and indicates out of
memory. 3B and 1B are corresponding versions of Llama 3.2.

HPC System: We conduct experiments for HPC-R1 on the GPU
nodes of the Perlmutter cluster at NERSC [24], using two di"er-
ent con!gurations. The !rst is the high memory con!guration
(HMN), which consists of a variable number of nodes depending
on the experimental stage, with up to 64 nodes in total. Every node
contains 4× NVIDIA A100 GPUs [38], each with 80GiB of HBM2
memory, 256GiB of DDR4 RAM, and an AMD EPYC 7763 64-core

CPU. The GPUs are fully connected intra-node with 4 NVLink v3.0s
and inter-node via 200G HPE Slingshot 11 NICs [12] over a dragon-
#y topology. NVIDIA driver version 550.127.08 and CUDA 12.4 were
used. The second con!guration, which we label the low-memory
con!guration (LMN), has the same node-level architecture as the
HMN cluster, except each GPU contains only 40GiB of HBM2 mem-
ory. Additionally, we make use of Perlmutter’s Lustre-based parallel
!le system [5] providing high-throughput I/O and supporting data
loading and checkpointing across ranks. A node-level hardware
layout is shown in Figure 3.
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NVLink v3.0 x4 fully-connected
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Figure 3: Hardware overview for our study.

Experimental Setup: To ensure a fair performance comparison
across di"erent resource scales, we de!ne three con!gurations
(minimum, moderate, and large) which we list for each workload
in Table 1. The minimum con!guration represents the smallest
number of GPUs required to run the model successfully with a
per-GPU batch size of 1. In the moderate con!guration, we scale up
the number of GPUs until each can accommodate a batch size of at
least 4 without triggering out-of-memory (OOM) errors. The large
con!guration doubles the GPU count from the moderate setup and
increases the per-GPU batch size to the maximum value that avoids
OOM errors. Our experiments follow a weak scaling strategy from
the moderate to large con!guration, maintaining a batch size of 4
per GPU. For generation, we standardize the workload by setting
the number of concurrent requests to 64.
Framework Choice: In our work#ow, we adopt a set of specialized
frameworks tailored to the requirements of each pipeline stage. For
SFT training tasks in pipeline stages 1 and 3, we utilize Megatron-
DeepSpeed [15], which o"ers robust support for large-scale training
through 3D-parallelism, e"ectively distributing computation across
data, model, and pipeline dimensions. In stages 2 and 4, where RL
training is performed, we develop a fork of VERL [52], a frame-
work that supports multiple distributed training strategies such as
PyTorch FSDP [63]. For dataset generation and distillation tasks
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S3: Send/Recv and AllReduce
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Comm. Speedup
7.16x

(a) SFT Comp. vs Comm. (b) SFT Comm. time. (c) SFT Phase time (d) FS Op. Time

(e) Bus BW, Without Plugin (f) Bus BW, With Plugin (g) Latency, Without Plugin (h) Latency,With Plugin

Figure 5: Communication, computation, phase, and !lesystem operation breakdowns for SFT.

3.2 Group-Relative Policy Optimization (GRPO)
Reinforcement Learning (RL) is a type of machine learningwhere an
agent learns to make decisions by interacting with an environment,
aiming to maximize cumulative rewards over time. The agent takes
actions based on a policy and receives feedback in the form of
rewards, which are used to update the policy. RL techniques are
frequently applied in order to improve LLMs through the use of
human feedback (RLHF) [4, 9, 44]. However, the need for large
amounts of human feedback, combined with the need for humans to
be involved within the training process at all2, makes this approach
extremely costly. Fortunately, many logical reasoning problems do
not require human intelligence to verify whether a given solution
is correct. Automated methods such as simple rules or separate
language model instances can be used in its place [51].

RL-based training for LLMs makes use of a policy gradient ap-
proach, which directly optimizes the policy by computing gradients
of expected rewards with respect to policy parameters. Group-
Relative Policy Optimization, as depicted at a conceptual level in
Figure 6, is a re!ned policy gradient method based on Proximal
Policy Optimization (PPO) [50] that reduces the required training
memory by removing the value model and replacing it with a group
computation [51]. Applied to LLMs, GRPO is a powerful and ef-
!cient method for developing logical reasoning abilities through
interaction. In the remainder of this section, we explain our method-
ology, map the high-level conceptual "ow of GRPO in Figure 6 to
the sub-phases that are actually executed on the cluster (Figure 7),
explain what each sub-phase is and how they !t together, and
provide information about the cost of each sub-phase.

3.2.1 Methodology. In the following sections, we explore the use
of distributed RL to train an LRM on HPC and characterize each of
the major processes involved. To achieve this, we develop a fork
of VERL, adding new reward calculation mechanisms, lightweight
timing context managers, PyTorch pro!ler context managers, and
2Proximal Policy Optimization [50], the approach most frequently used for RLHF, is
e#ectively on-policy, and human feedback is essential to create the reward model.

Figure 6: GRPO conceptual "ow. Circled numbers correspond to
actual execution order and are each discussed in Section 3.2.2.

NVIDIA Nsight Systems [35] compatibility with NVTX [36] annota-
tions, each of which can be fully disabled or enabled independently
through con!guration "ags. We also record full-system utilization
metrics, including those from the GPU. Traces are collected for ev-
ery rank individually, while system metrics are collected per-node.

GRPO is used in both stage 2 and stage 4 of the training pipeline.
As both stages involve the use of a previously SFT-trained model,
we originally started our RL training from a checkpoint resulting
from many iterations of our own SFT training. However, we !nd
that the di#erences in time between the unmodi!ed foundation
checkpoint and our !netune were negligible as the underlying
model architecture is identical. Although sequence lengths gen-
erated by the !netune appeared slightly longer than those of the
foundation checkpoint, we did not notice a substantial di#erence
in system behavior and found our overall conclusions to be the
same. Therefore, to better accommodate reproducibility, we use
the original unmodi!ed model weights as the starting checkpoint
throughout our GRPO-based RL characterization.

Unless otherwise noted, our training con!guration for the RL
phase is the following. We use the L70B model con!gured with
mixed precision (BF16) and PyTorch FSDP employing a full-shard
strategy on 64 GPUs. The training batch size and PPO mini-batch
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size3 are both set at 64, with PPO/reference micro-batch size per
GPU con!gured to 32. Generation tensor parallelism is set to 4, and
rollout micro-batch size per GPU is also 32. Additionally, the vLLM
memory usage is limited to 60%, and FSDP o"oading is disabled
for the actor model.

3.2.2 RL with GRPO Time Breakdown and Analysis. Each RL train-
ing iteration is composed of eight constituent sub-phases, each
with di#erent performance characteristics. In this section, we an-
alyze how each sub-phase contributes to the overall runtime of
the RL phase. To illustrate this clearly, Figure 7 provides a detailed
breakdown of the runtime for a single iteration of the outer training
loop, which encompasses all the major RL sub-phases.

Figure 7: The RL measured GRPO training process highlight-
ing the major sub-phase tasks. With the exception of the “Host
Tasks”, all ranks participate in each of the sub-phases.

Generation. The generation sub-phase is a critical component of
the RL and distillation phases in addition to being intermediate stage
of the full training pipeline. As a result, we choose to characterize
generation in detail in Section 3.3 so we can provide more speci!cs.
In the RL phase, generation involves using the policy model in its
most recent form to generate tokens according to a batch of prompts
supplied from the outer loop. Generation is pure inference; there
is no backpropagation or weight update step. As most of the GPU
memory consumed during training is used for optimizer states [49]
that are not present for inference, the optimal sharding strategy for
generation is substantially di#erent as more model shards can !t
on the same GPU. As shown in Figure 7, we !nd that generation
takes approximately 464 seconds per RL iteration.
, Log Probabilities Computation. The next sub-phases after

generation are the computations of two log probabilities, which we
will often abbreviate as “log probs”. The !rst operation is the policy
model log probs computation, which involves performing forward
passes of the policy model. The policy model is sharded using FSDP,
so this involves performing collective communication operations
to retrieve the required shards. As a result, the policy model log
probs computation takes approximately 34 seconds. The next is the
reference model log probs computation, which performs a similar
operation, except using the reference model. As with the previous
computation, the reference model is sharded, and thus communi-
cation operations are required in order to complete the sub-phase.
In total, the reference model log probs computation takes approxi-
mately 36 seconds. The result of these two computations are used
within the KL divergence sub-phase, and later in the computation
of the policy loss that is used within the policy model update.
3Note that while “PPO” is part of the parameter name, this is only so the terminology
aligns with that of the framework, and that we are actually still using GRPO.

Reward Function Calculation. The reward function guides
the training process by providing high scalar values for desired
outcomes and low or negative scalar values for undesirable out-
comes. As we use a mathematical reasoning dataset to conduct our
performance characterization, we adopt a rule-based approach that
extracts model answers from the generated tokens and compares
the answers to the ground-truth solution from the dataset using
open source mathematical evaluation packages. Generations that
result in extraction failure are given a formatting penalty in addi-
tion to the incorrectness penalty. This approach is lightweight and
rewards for full batches can be calculated in less than a second.

KL Divergence. As shown in Figure 6, GRPO makes use of
the approximated Kullback-Leibler (KL) divergence4 [25] between
the current policy model and the reference policy model applied
per-token to prevent drastic changes that could destabilize model
convergence. Here, Schulman’s approximation5 is used which re-
quires only log probabilities instead of full distributions. The KL
penalty is applied by subtracting the scaled per-token divergence
from the per-token reward. For example, given a set of 𝐿 tokens,
per-token rewards {𝑀𝐿 }𝑀𝐿=0 and a set of per-token KL divergence
values {𝑁𝐿 }𝑀𝐿=0, the adjusted per-token rewards are determined by
{𝑀𝐿 → 𝑂 (𝑁𝐿 )}𝑀𝐿=0. As with the reward calculation, the KL divergence
penalty is calculated entirely on the head node and is executed in
less than one second. This is a result of the approximation method,
which is extremely lightweight once the policy and reference model
log probs are known.

Advantage Calculation. The advantage calculation is integral
to reinforcing desirable behaviors. Advantages quantify the rela-
tive bene!t of taking a speci!c action compared to the baseline
behavior. The advantages are computed in a “group computation”
using the reward of each generation relative to rewards of the entire
group {𝑀𝐿 }𝑁𝐿=0. The advantage 𝑃𝐿 for a generation 𝑄 can be deter-
mined with 𝑃𝐿 =

(
𝑀𝐿 → mean({𝑀 𝑂 }𝑁𝑂=0)

)
/std({𝑀 𝑂 }𝑁𝑂=0) [13, 51]. In

GRPO, the calculation of the advantage is lightweight by design,
and consists of a small number of operations on a tensor of size
batch size ↑ response length. In total, the calculation is completed
in approximately 11 milliseconds each iteration.

Policy Model Update. The advantage is typically estimated
by a value function. However, in GRPO, there is no value func-
tion, and the advantages are instead employed within the policy
loss calculation to compute gradients that are then used to update
the policy model. Policy updates are performed by optimizing the
policy network parameters through stochastic gradient descent
on a policy objective using the advantages, the log probabilities,
and the result of the KL divergence, which serves to ensure that
the policy model does not deviate excessively from the reference
policy. Note that only the policy model parameters are updated by
this optimization process. We !nd that the policy model update is
the second most expensive operation in the GRPO training loop
in terms of time, taking approximately 135 seconds. This aligns
with our expectations as the model update sub-phase requires time-
consuming forward and backward passes, both of which involve
collective communication.

4GRPO itself can use the true KL divergence, but all implementations of GRPO the
authors reviewed used an approximation for performance reasons.
5http://joschu.net/blog/kl-approx.html
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Checkpoint Save. Checkpointing the trained model serves mul-
tiple essential purposes, including preserving progress, facilitating
reproducibility, and enabling later analysis or inference. Model
checkpoints consist of the policy network parameters, optimizer
states, dataset state information, and training con!guration meta-
data (e.g., hyperparameters, training step). In this work, checkpoints
are periodically saved after a prede!ned number of training iter-
ations. Model parameters and optimizer states are stored in the
Safetensors [17] binary format. Perlmutter GPU nodes contain nei-
ther burst bu"ers nor node-local user-accessible disks, and as such,
checkpoints are saved directly on the cluster’s parallel !lesystem.
We !nd that the time taken to !nish checkpointing is variable as a
result. On average, it takes approximately 104 seconds to complete
when using L70B, or approximately 13% of the time in the snapshot
presented in Figure 7.
Inter-Task Operations and Ray. VERL, and thus our fork, is im-
plementedwith Ray [33], a framework that enables distributed actor
model software with Python. Each of the major sub-phases, sans the
three host-only tasks, are launched as a Ray task on each and every
participating rank. This requires communication between the head
“driver” process and the participants. We !nd that within tasks, the
overhead from Ray is small, with the message deserialization and
output storage taking less than 0.1 seconds combined. Slightly more
impactful is the gap between tasks on each participating rank, as
this is time the GPU sits idle. Nevertheless, we !nd that at only
approximately 3 seconds, this time is negligible compared to that
taken by the sub-phases themselves. This is in line with expec-
tations as Ray is primarily used for the control path, and major
data path communication happens via optimized communication
libraries such as NCCL.

3.2.3 Key Observations. In this subsection, we thoroughly explore
the RL phase in the Perlmutter cluster and report our observations.
O1: In terms of time, the Generation sub-phase is the most
costly operation within each RL step. As revealed in our high-
level temporal breakdown of the RL phase and shown in Figure 7,
the duration of each sub-phase is di"erent. We observe that the
sequence generation phase consistently occupies more time than
the rest of the sub-phases combined. Although trajectories for in-
dividual prompts can be generated in parallel (thereby increasing
throughput), sequence generation with LLMs typically involves
many expensive sequential autoregressive decoding operations,
making it inherently high-latency.
O2: Though it is one of the de!ning features of GRPO, the
advantage calculation is not resource-intensive and takes
place entirely on the head node. We instrument the advantage
calculation sub-phase on the head node. We observe that the aver-
age time to complete all operations is approximately 11ms with a
low variance, and that a majority of the time is spent performing
optimized PyTorch tensor operations on the CPU. One clear bene!t
of this !nding is that other RL algorithms, such as PPO, will be
able to immediately realize any optimizations made to the GRPO
training code as the generation, log probs computation, and policy
model update sub-phases are likely to be reusable.
O3: The RL phase is communication bound, as communi-
cation is dominant in all resource-intensive sub-phases of
GRPO. In order to understand this, we measure how much time is

spent in each of the following categories: 1) “Non-compute” time,
de!ned as the amount of time the GPU is performing non-com-
pute operations such as memory and network operations; 2) “Idle”
time, which captures the time the GPU spends not performing
useful work; and 3) “Compute” time, which is the time the GPU
spends doing computation, as well as time spent performing com-
putation-overlapped communication. The results, highlighted in
Figure 8, show that non-overlapped communication operations ac-
count for a substantial portion of the time in each of the sub-phases.
In addition, the observed breakdown remains consistent across
ranks, indicating a lack of stragglers6. Thus, it is clear that optimiz-
ing communication e#ciency and reducing data movement within
GPU memory constraints are essential for achieving high GRPO
performance.

(a) Policy Model Update (b) Policy Model Log
Probs Computation

(c) Reference Model Log
Probs Computation

Figure 8: High-level time categories for each sub-phase of
a single RL outer loop iteration across ranks on 64 ranks.
Non-compute time encompasses non-overlapped communication
and memory operations.

O4: The communication-computation overlap in theRLphase
is extremely low due to a large imbalance between computa-
tion and communication time. The previous observation leads
to a question: how much overlapping is actually achieved? It is
well known that applications should attempt to hide the e"ects
of communication through overlapping where possible. However,
as shown in Figure 9a and Figure 9b, the RL phase is not able to
e"ectively take advantage of overlapping to reduce the impact of
communication, averaging 3.65% for the policy update and 0.23% for
the policy log probabilities computation with low variance across
ranks. The reference log probabilities computation had no mea-
surable overlapping. Digging deeper, it becomes clear that this
low overlap is a result of the communication-dominated nature of
FSDP LLM training in our environment. The overlap percentage
can simply not be high when the computation duration is so small
relative to communication duration. In Figure 9c, we observe that
a vast majority of computation operations are in fact overlapped
with communication, however, the relative time spent performing
computation is simply too small.
O5: Di"erent sub-phases make use of di"erent collective
operations, however, AllGather is the most frequently used
among all collectives. As communication operations are the most
dominant in our experiments, we further break down which com-
munication operations are involved in each of the RL sub-phases
and display the results in Figure 9d. Although we record all col-
lective and point-to-point operations, we only show those that
are actually executed during GRPO training. We observe that in
6If one rank were a straggler, we would expect it to have a disproportionately large
compute component relative to that of the other ranks.
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(a) Policy Model Update Overlap (b) Log Probs Computation Overlap

(c) Breakdown by operation. (d) Breakdown by collective.

Figure 9: Communication/computation overlap, operation,
and collective breakdown on 64 ranks. Advantage calculation
phase does not involve any GPU operations and is thus omitted in
the collective breakdown.

the Policy Model Update sub-phase, time is almost perfectly split
between the AllGather and ReduceScatter collective operations
which is expected for FSDP training [63]. The Policy and Reference
Log Probabilities calculations use only AllGather which is consis-
tent with the FSDP forward pass as various model shards must be
fetched, but none will be updated.
O6: Insu!cient CPU memory is a signi"cant limitation that
can bottleneck or destabilize RL training.We de!ne “su"cient”
CPU memory as the amount equal to the total amount of GPU
memory per node.We !nd that when the amount of CPUmemory is
insu!cient, training can be adversely impacted. Model initialization
and resharding can fail unexpectedly. In our cluster, OOM issues
appear when trying to initialize RL with all four GPUs in a node
active and when trying to use full-precision training. Although
workarounds for out-of-memory memory issues do exist, such as
reducing batch sizes, using low-precision optimizer states, limiting
the number of active GPUs, and using disk o#oading, we observe
that they often introduce additional stability concerns of their own.
Speci!cally, we see communication timeouts, process hangs, and
training divergence, in addition to substantial slowdowns in the
training process. These secondary stability issues limit the practical
e$ectiveness of such mitigations.

Compared with current AI training-speci!c clusters, many HPC
clusters have greater CPU and GPU memory needs as they do not
have hardware support for lower-precision training modes. Many
AI-focused clusters are equipped with hardware that natively sup-
ports for 8- and 4-bit %oating point data types (FP8, FP4, andMXFP4).
This allows them to drastically reduce the memory consumed dur-
ing training compared with FP32 or FP64, while simultaneously
increasing training throughput. Most of the highest-performing
HPC systems in the world, meanwhile, do not support low precision
training without using slower software emulation [32].
O7: Throughput and I/O exhibit stable scaling behavior in
our experiments. Throughput, shown in Figure 10a, increases
approximately linearly with GPU scale. Figure 10b shows how !le

(a) Throughput (b) FS Operations

Figure 10: GRPO throughput and "le system operation time.

system operations are stable, likely due to Perlmutter’s relatively
high performance SSD-backed parallel !le system. However, we
envision that with future models, larger datasets, or di$erent con!g-
urations, !le system performance may play a larger role in scaling
performance [16]. Checkpoint loading and saving remain expensive
sub-phases of the overall GRPO process, with the checkpoint save
taking nearly as much time as the policy model update.

3.3 Generation
Experimental Setup. In this subsection, we examine the gen-
eration process using the vLLM framework on both the distilled
R1-L70B and full DeepSeek-R1 models. We con!gure TP = 4 and
explore PP settings of 4 and 8 to fully utilize NVLink interconnects
across GPUs. The GPUs within one pipeline shard is called a (tensor
parallelism) group, where they collaborate to !nish the compu-
tation split by the TP degree. Our evaluation is carried out using
prompts from the GSM8K dataset, which we !lter to consist solely
of questions without answers to assess model behavior. All models
are loaded and executed in BF16 mixed precision. Generation is
performed using temperature sampling7 with a temperature value
of 0.7 and a top_p of 0.95.
G1: Generation throughput peaks atmoderate GPU scale. The
generation throughput results and the TFLOPS achieved per GPU
are shown in Figure 11a. For the 70B model, the highest throughput
of 4569.8 tokens/s is achieved with a moderate con!guration of
4 → 4 GPUs. As the number of GPUs increases beyond this point,
the achieved throughput declines. This observation suggests the
presence of an optimal con!guration, beyond which the bene!ts of
additional parallelism are outweighed by growing communication
and synchronization overhead. The decreasing per-GPU TFLOPS
reinforces this conclusion, indicating that the incurred overhead
cannot be e$ectively masked by computation at larger scales.
G2: Computation and communication are imbalanced among
GPU groups. As illustrated in Figure 11b, both computation and
communication times exhibit clear imbalances across di$erent
groups, stemming from asymmetries in workload distribution. In
pipeline execution, the !rst stage handles vocabulary projection,
while the last stage performs !nal sampling from the logits, op-
erations that are not shared across other groups. This structural
asymmetry results in uneven computational loads: the 70B model
shows a computation ratio of 1 : 1.012 : 1.207 across its three
groups, while the 671B model reveals a more pronounced imbal-
ance of 1 : 1.623 : 1.611, further exacerbated by the indivisibility
of layers among pipeline stages. Communication times mirror this

7Temperature spreads or sharpens the distribution, while top_p limits sampling to the
smallest high-probability “nucleus” with a cumulative mass of at least 𝐿 .
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