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Abstract
Distributed LLM inference requires careful coordination of parallelization strate-
gies across hundreds to thousands of NPUs to meet production SLOs. Current
systems like Megatron-LM rely on static heuristics that separately configure paral-
lelism degrees and per-operator sharding dimensions, leaving significant perfor-
mance on the table as models scale and hardware topologies diversify. We introduce
Learn to Shard, to our knowledge, the first RL-based approach to co-optimize
both coarse-grained parallelism degrees and fine-grained per-operator sharding
dimensions for distributed LLM inference. Our method employs an attention-based
policy over an elite history that learns from high-performing strategies to efficiently
navigate the vast combinatorial search space. Evaluated on H100 clusters with
MoE models up to 1.6T parameters, Learn to Shard achieves up to 3.5× throughput
improvement over metaheuristic baselines and 1.06× over Megatron heuristics.

1 Introduction

Large language models (LLMs), including LLaMA (Touvron et al., 2023) and mixture-of-experts
(MoE) models (Liu et al., 2024), have achieved remarkable performance across a wide range of
tasks. However, their massive scale—often exceeding hundreds of billions or even trillions of
parameters—demands inference over a vast number of NPUs to deliver production-quality latency
and throughput. As a result, distributed inference has become the default, and optimizing parallelism
is critical for meeting service-level objectives (SLOs) under strict hardware and cost constraints.

Modern distributed inference relies on multiple types of parallelism, such as tensor parallelism (TP),
expert parallelism (EP), and pipeline parallelism (PP), each offering distinct efficiency trade-offs.
These strategies are not mutually exclusive: in fact, combining them into mixed parallelism often
yields better throughput and efficiency than any single type alone. In practice, existing inference
systems like Megatron-LM (Shoeybi et al., 2019) determine the parallelization degrees of different
parallelization types using heuristics and hand-tuned rules. We refer to the selection of parallelism
degrees as the coarse-grained parallelization strategy.

Beyond coarse-grained parallelization strategies, we emphasize a fine-grained and largely overlooked
strategy design axis—the selection of the per-operator sharding dimension. The per-operator shard-
ing dimension specifies which tensor dimensions individual operators are sharded along. Existing
inference systems fix this choice through static heuristics. For instance, in Megatron’s TP imple-
mentation of MLP operators, FFN1 and FFN2 are sharded along feedforward dimension (dim 1
and 0 respectively). While this minimizes the number of inter-NPU communications, it assumes
fixed all-reduce operations that may be suboptimal on different interconnects or under strict latency
constraints (e.g., all-gather often performs better). Exploring the sharding dimensions—especially
together with parallelism degrees—remains a largely unexplored problem.
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With both the fine and coarse-grained parallelization strategies considered, the co-optimization space
grows significantly. Specifically, as LLM models scale to trillions of parameters (NVIDIA Corpora-
tion, 2024), hundreds of NPUs are required just for storing weights and KV caches, while thousands
may be needed to meet inference SLOs. Therefore, heuristic approaches become increasingly un-
scalable. While empirical optimization continues to discover new parallelization strategies beyond
existing heuristics (Bhatia et al., 2025; Qin et al., 2025), the time required to discover effective
strategies increases as the search space expands. This motivates the need for an automated and
scalable approach for searching for new strategies.

To automate parallelization strategy optimization, prior work has explored automated search via inte-
ger programming (Lin et al., 2025) and metaheuristic algorithms (Raju et al., 2025), offering various
trade-offs between scalability and optimality. Reinforcement learning (RL) has recently emerged
as a powerful tool in automating compiler optimizations (Zhou et al., 2020), but its application to
parallelization strategy remains largely unexplored. Furthermore, many other considerations such
as intra-device tiling, collective algorithms, and model compression impact SLO and cost during
inference. We explore whether RL-based agentic search is a feasible approach to this problem2.

In this work, we propose Learn to Shard, an RL-based agent that co-optimizes both the coarse-
grained (parallelism degrees) and the fine-grained (per-operator sharding dimensions) parallelization
strategy for distributed LLM inference. Our key insight is that high-performing parallelization
strategies exhibit patterns that can be learned from the agent’s explorations. Consequently, an
RL-based approach becomes beneficial through its sampling efficiency. We develop an attention-
based elite-context policy that learns from previously discovered strategy configurations to guide
exploration in the vast and combinatorial optimization space—dramatically reducing the time-to-
discovery compared to non-learning baselines.

We evaluate Learn to Shard on real-world workloads on H100 GPU clusters with up to thousands of
devices. Our method achieves up to 3.5× throughput improvement over metaheuristic baselines, and
outperforms Megatron-LM’s heuristic strategies by up to 1.06×, requiring only 4000 search rounds
out of 109 possible configurations.

2 Background and Related Work

Parallelization types and strategies. In tensor parallelism (TP), weight matrices for each layer
are sharded and distributed across different NPUs, as shown in Figure 1. We only consider 1-D TP.
Pipeline parallelism (PP) can be viewed as task parallelism at layer level, operator level, etc. In this
work, we focus on layer level parallelism. In PP, different task subsets are placed on different NPUs,
with adjacent pipeline stages transferring activations between devices. Expert parallelism (EP) is
designed for modern MoE models, where different experts are placed on different NPUs and input
tokens are routed to appropriate devices based on gating scores. Other parallel types also exist such
as sequence parallelism and data parallelism which are complementary to our search framework and
optimization space.
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Figure 1: An illustrative example of the standard
TP parallelism strategy.

For agentic search, we need a formal repre-
sentation of the sharding strategy. We define
a parallelization strategy with two parts: the
coarse-grained and the fine-grained strategy.
The coarse-grained strategy refers to the par-
allelization degrees, which refer to the number
of NPUs that each specific parallelization type

requires. In the TP-only example of Figure 1, the coarse-grained strategy can be described as {TP=4,
EP=1, PP=1}. The fine-grained strategy determines which dimension each operator’s output tensor is
sharded along. In the provided example, the fine-grained strategy for the loading operators of FFN1
and FFN2 is {dim=1, dim=0}. In practice, the output tensor can be sharded on any dimension as long
as correct communication collectives ensure dimension matching between producer and consumer
operations. This representation is flexible and can capture arbitrary3 sharding strategies, for example,

2In this work, we start the exploration by applying the RL-based agentic search to a subset of the problem
(parallelization strategy)

3Prior empirically discovered strategies are representable under this framework and thus discoverable through
agentic search
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sequence parallelism (Li et al., 2021) shards the attention operators on the context length dimension4.
Under this representation, the sharding strategy can be effectively modeled into a single set of integer
values that can be seamlessly integrated into our agentic search flow.

Related work. Extensive prior work has focused on automatically determining parallelism strategies
for large model training and inference. Systems such as MEGATRON-LM (Shoeybi et al., 2019),
TensorFlow-XLA (OpenXLA Project, 2025), and GSPMD (Xu et al., 2021) provide heuristic or
rule-based parallelization strategies. ALPA (Zheng et al., 2022) extends this with cost-model-based
search over coarse-grained parallelism configurations, and FLEXFLOW (Jia et al., 2019) applies
simulation-guided MCMC search for training graphs. More recent inference-oriented frameworks,
such as ALPASERVE (Yu et al., 2023) and SEESAW (Su et al., 2025), optimize serving throughput
or dynamically switch sharding strategies between prefill and decoding. TAPAS (Shi et al., 2025)
identifies the large sharding search space and prunes the computation graph to accelerate the search.
DFmodel (Ko et al., 2024) and UniAP (Lin et al., 2025) automate the parallelism strategy optimization
through integer programming and COSMIC (Raju et al., 2025) leverages metaheuristic algorithms like
simulated annealing. However, these automated optimization methods only target the coarse-grained
strategy, neglecting the importance of the fine-grained strategy (i.e., per-operator sharding dimension).
To our knowledge, our work is (i) the first to explore RL-based parallelization strategy optimization
with SLO constraints and (ii) the first to co-optimize both the coarse and fine-grained strategies.

3 Methodology

Search Framework Overview. We formulate the problem of optimizing the parallelization strategy
as an RL search over a MULTIDISCRETE action space. At each step, the agent proposes a joint
parallelization strategy a =

(
aTP, aEP, aPP, aB, {a(ℓ)dim}Lℓ=1

)
, where aTP, aEP, and aPP denote the

degrees of tensor, expert, and pipeline parallelism, aB controls the batch size, and a
(ℓ)
dim ∈ {0, 1,∅}

selects the per-operator sharding dimension for fused op ℓ (shard along dimension 0, dimension 1, or
no sharding). Here L is the number of fused operations considered.

The environment evaluates the strategy a in our performance simulator and returns a scalar raw
throughput (token/s/chip) raw(a). We define the learning reward signal r(a) as

r(a) = α raw(a) + β
(
raw(a)− b

)
, (1)

where b denotes the best raw throughput observed so far and α, β > 0 are scaling factors. Thus r(a)
provides an improvement bonus when raw(a) > b and penalizes underperforming strategies. The
simulator identifies invalid configurations (e.g., SLO violations) with large negative rewards. We run
for a fixed simulator call budget B and select the final strategy as the highest reward configuration
encountered.
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Figure 2: Overall search loop and the policy network design.

Policy Network. As shown in
Fig. 2, the observation X to the
policy is a fixed-length history
of elite strategies. We maintain
an elite history buffer (deque) of
length T containing the top-T
strategies, sorted by performance
(magnitude of r(a)). At each
step we form X ∈ RT×A by concatenating the T strategy records (each an A-dimensional vec-
tor). Each record is embedded via a linear layer (RA→Rd), stacked, and passed through a Trans-
former encoder block, producing Z ∈ RT×d. We apply mean pooling along the history dimension,
h = 1

T

∑T
t=1 Zt,: ∈ Rd, and project h with a small MLP to obtain the logits for each sub-strategy

head. We optimize the policy with PPO to maximize expected reward of sampled strategies:
Lπ(θ) = Ea∼πθ(·|X)

[
r(a)

]
,

where the expectation is over on-policy rollouts with a sampled from πθ(· | X) given the current
observation. Every time a valid strategy is found, we update the elite history buffer if the new strategy
improves upon the worst elite in the buffer.

4In this work, we allow sharding of attention operators on the head and hidden dimensions, and the sharding
of MLP operators on hidden and feed-forward dimensions. We leave exploring context length sharding as a
future work
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Optimization and early exit. To save search budget and avoid local optima, we use a confidence-
based early exit. Formally, let pm = π

(m)
θ (· | X) denote the categorical distribution for sub-strategy

head m. We define the confidence of head m as CSm = max(pm) and trigger an early exit if
CSm ≥ τ for all heads m (e.g., τ = 0.95), at which point the policy is effectively deterministic about
the strategy. To fully utilize the saved budget, we partition the total budget B into smaller chunks
(typically 5 chunks of equal size); upon an early exit we restart the agent by reinitializing network
parameters while inheriting the prior agent’s b and elite history buffer.

4 Evaluation

Workloads SA Ours

GPT-MoE 1.2T (16k) 1.19× 2.76×
GPT-MoE 1.2T (32k) 0.95× 2.17×
GPT-MoE 1.2T (64k) 0.71× 2.04×
GPT-MoE 1.6T (16k) 0.54× 1.65×
GPT-MoE 1.6T (32k) 0.66× 2.31×
GPT-MoE 1.6T (64k) 0.89× 1.92×

Table 1: Normalized throughput improvement
over random walk (RW) across models and
context-lengths on H100 (mean over 10 runs;
higher is better).

Setups. We evaluate parallelization strategy per-
formance using an in-house roofline-based simula-
tor5. The hardware system used in the evaluation
is NVIDIA H100. We evaluate two synthetic MoE
models (1.2T and 1.6T parameters) (NVIDIA Cor-
poration, 2024) and consider L = 12 fused ops; the
device budget is up to 24k GPUs. This yields a search
space of ∼109 joint configurations. Exhaustive eval-
uation would require ∼100 days. For all searches
we allow a budget of 4000 agent forward + simu-
lator calls (including invalid configurations), which
takes less than 10 minutes. The detailed setups can
be found in Appendix A.

Main Results. We compare the search quality of our proposed PPO-based agent with the other
metaheuristic search algorithms, including simulated annealing (SA) and random walk (RW), which
are widely used in prior works (Zhou et al., 2020; Raju et al., 2025), across different decoding context
lengths. As shown in Table 1, our method consistently outperforms SA and RW under the same
evaluation budget, achieving up to 2.76× throughput improvement over the RW. In Appendix C, we
provide a qualitative comparison with inter programming based methods.

MoE 1.2T MoE 1.6T

1.01x

1.06x

0.65xN
or

m
al

iz
ed

 T
hr

ou
gh

pu
t 

(to
ke

n/
s/

ch
ip

)

Performance against Megatron-LM

Megatron-LM RW SA Ours

Figure 3: Normalized throughput of jointly opti-
mized sharding vs. Megatron-LM heuristics (best
of 10 runs; decoding, 16k context).

We further measure the improvement of the
agent-found parallelization strategies over the
heuristic ones. We set the heuristic strategy
baseline to use the standard per-operator shard-
ing dimensions from Megatron-LM (Shoeybi
et al., 2019). We then fix Megatron’s per-
operator sharding dimensions and exhaustively
search only over the parallelization degrees
(TP/EP/PP/batch), which is tractable, to produce
a strong heuristic baseline. The performance is
measured for the decoding stage with the con-

text length of 16k. As shown in Figure 3, our method consistently outperforms the Megatron-LM
based heuristic parallelization strategies with up to 1.06× throughput improvement. In contrast, other
metaheuristic-based agents fail to find a strategy that is better than the heuristic one. One example of
the sharding strategy found by our agent is shown in Appendix B.

5 Conclusion and Takeaways
Learn to Shard jointly optimizes parallelism degrees and per-operator sharding dimensions via a
lightweight PPO-trained RL policy, achieving up to 3.5× improvement over simulated annealing
and 1.06× over Megatron heuristics on H100 clusters with MoE models up to 1.6T parameters. Key
takeaways include: (i) Learning-based search outperforms metaheuristics in large, sparse reward
spaces under realistic constraints (HBM, interconnect, SLOs). (ii) Co-optimizing parallelization
degrees and per-operator sharding enables discovery of non-standard strategies that exceed Megatron
heuristics. Future work includes extending the search space to include, for example, multi-dimensional
sharding.

5Validated against Megatron-LM heuristic parallelization strategy. See Appendix A and C for a discussion
on generality and simulator integration.
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A Experimental Setup

We use cosine annealing for the PPO learning rate and SA temperature (initial temperature = 100).
Unless noted otherwise, the elite history buffer size is T=3, the confidence threshold is τ=0.95, and
the search budget is split into 5 equal chunks. We use the PPO algorithm from StableBaseline3 (Raffin
et al., 2021). Step size and the rollout buffer size are both set to 2. We use 2 gradient ascents steps
per update. The learning rate for PPO learning starts at 1e−3. We use a single encoder transformer
block (Paszke et al., 2019) in our policy network. Hidden size and strategy-embedding size are both
256.

While our evaluation focuses on large-scale MoE models, our framework readily generalizes to dense
models. The search problem for dense models is, in fact, simpler, as it removes the Expert Parallelism
(EP) dimension from the co-optimization space.

Furthermore, our method is not specific to one hardware platform. It can generalize to any hardware
(e.g., different GPUs, custom NPUs) as long as its performance can be faithfully characterized by
the user’s performance simulator. As our agent treats the simulator as a "black-box" oracle (see
Appendix C), it can be applied to diverse simulators, provided their performance outputs exhibit
learnable patterns in response to different parallelization strategies.

It is important to clarify that the RL agent’s training process is the search process. Consequently, the
agent is re-trained for each new model and hardware combination, as it learns the optimal strategy for
that specific problem instance. This process is highly efficient: as discussed in Section 3, the policy
network is small, and our proposed early-exit mechanism significantly reduces the search cost.

B Different Strategy Example Found by Agent

Figure 4 illustrates the difference between Megatron-LM’s heuristic (Shoeybi et al., 2019) and one
example parallelization strategy found by our agent. The main difference is that instead of sharding
FFN2 operator on the feedforward dimension, the agent shards on the hidden dimension. This
requires an extra all-gather communication between FFN1 and FFN2 but simplifies the original
all-reduce operations into all-gather operations.
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Figure 4: Illustration of the all-gather based sharding strategy found by our Learn to Shard agent vs.
Megatron-LM’s all-reduce based heuristic sharding strategy. (We only show the MLP operators).

In Figure 4, we only show the MLP part of the fine-grained parallelization strategy. For illustration
purposes, we have a dummy coarse-grained parallelization strategy of {TP=4, EP=1, PP=1}.

C Qualitative Comparison with Integer-programming Methods

Our work introduces two novelties: an expanded parallelism strategy search space and an RL-agent-
based search method. A natural question is what advantage our RL-based search offers over standard
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integer-programming (IP) methods (Lin et al., 2025; Ko et al., 2024). The key difference lies in the
"white-box" versus "black-box" nature of the optimization.

IP methods, such as DFModel (Ko et al., 2024) or UniAP (Lin et al., 2025), are "white-box"
approaches. They are fundamentally constrained by their solver, requiring the entire complex
performance landscape to be simplified and formulated as a set of (often linear) mathematical
equations. This is an extremely rigid structure that cannot capture many complex, non-linear, or
procedural dynamics, such as cache contention and experts selected pattern in MoE models.

Our RL-based framework, by contrast, treats the performance simulator as a "black-box" oracle.
The agent only requires a scalar reward (i.e., throughput) in response to a proposed strategy. This
decoupling of the search agent from the simulator provides critical, practical advantages. First, our
agent can be integrated with any existing, high-fidelity production simulator without the massive
engineering cost of refactoring it to be "solver-friendly." Second, this modularity allows new features
to be added directly to the simulator without the intractable burden of deriving new mathematical
constraints for an IP solver.
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