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ABSTRACT
Optimizing large-language model (LLM) training and serving on large-scale distributed systems is a significant
challenge. This difficulty stems from the rapidly evolving LLM landscape, the requirement for deep domain
expertise, and the need for workload-specific optimization strategies. Existing methods rely on either handcrafted
optimization performed by human experts, which is tedious and time-consuming, or resource-intensive black-box
searches, which lack the extensibility to keep pace with evolving models and hardware. To address this, we
introduce PROMPTS, a novel multi-agent framework that complements traditional search methods with expert-
informed reasoning to deliver system-level optimization with much fewer shots. Key components of the proposed
framework include an Analyzer Agent that diagnoses performance bottlenecks by synthesizing profiler data and
a Proposal Agent that leverages a knowledge base to generate optimized sharding configurations with detailed
justifications through retrieval-augmented generation (RAG).

Experimental results across eight real-world LLM workloads have demonstrated that PROMPTS can provide valid
reasoning and accurate recommendations by considering LLM workload characteristics and backend hardware
features, delivering performance improvements of up to 434%. These workloads spanned LLMs with Mixture-of-
Experts (MoE) and dense models, system configurations from 2-TPU chips to 2048 chips systems with 2D/3D
Torus interconnects, and the full LLM lifecycle including pre-training, post-training, and serving.

To validate our agent’s system optimization proposals, we benchmarked them against production configurations
that were previously optimized by experts, either through extensive manual analysis or automated black-box
searches. In every case, our agent independently identified this expert-validated solution within its top three
recommendations from a single invocation. Furthermore, the agent’s top-ranked recommendation matched the
production solution in 87.5% of cases, demonstrating its ability to not only find optimized configurations but also
to correctly prioritize the optimization candidates.

1 INTRODUCTION

The costs of LLM training and serving are increasing ex-
ponentially. Given the targeted model, hardware budget,
and development timeframe, identifying the most-efficient
system configuration becomes the first critical task to enable
the most efficient model deployment. It requires an in-depth
understanding of available system-level optimization meth-
ods, such as data, model, and sequence parallelism, as well
as the characteristics of emerging LLM architectures and
potential hardware limitations to select the most efficient
configuration (Shoeybi et al., 2019; Zhao et al., 2024; Li
et al., 2023).
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This, however, is a complex and time-consuming task. En-
gineers typically resort to a laborious trial-and-error cy-
cle: running experiments, profiling performance, analyz-
ing execution traces for bottlenecks like memory limits or
communication overheads, and iteratively refining sharding
strategies. This manual approach is often slow and yields
suboptimal configurations.

While detailed performance analysis tools and analytical
models offer valuable insights, interpreting their outputs
demands considerable domain-specific expertise. Auto-
mated black-box optimization techniques (Song et al., 2024;
Golovin et al., 2017) have demonstrated success in navi-
gating the vast and complex search spaces for optimal con-
figurations. However, by design, these methods operate
without deep system knowledge, often leading to sample
inefficiency. They typically require numerous costly and
time-consuming evaluations, a burden that remains signif-
icant even when offloaded to detailed simulators. Further-
more, the optimal parameters discovered are often brittle,
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Figure 1. PROMPTS Agent vs. Blackbox Baseline search effort for
a given performance improvement across eight experiments. For
each experiment (unique color), the line connects the PROMPTS
Agent’s search effort (solid dot) to the Blackbox baseline search
effort (hollow dot). Search effort, plotted on a log scale, is defined
as the number of configurations that were actually tested until the
expert-validated configuration was identified. While both methods
yield the same average performance improvement (115.61%), the
agent’s search effort is consistently and significantly lower, saving
an average of 50.25 experimental runs per task.

failing to generalize to new hardware platforms or model
architectures, thus necessitating a complete restart of the
expensive search process. Even more specialized automated
tuning systems may only support a limited range of models
or frameworks. An agentic, reasoning-based framework
offers a promising complement. By embedding domain
knowledge and performance engineering principles, such a
framework can intelligently prune the search space, leading
to more efficient optimization. This approach not only has
the potential to find effective solutions faster but also to
provide explainable recommendations, thereby accelerating
development and improving resource utilization.

Recent work has leveraged machine learning to build per-
formance models and improve search efficiency (Wen et al.,
2024; Cha et al., 2024). The rise of LLMs has also inspired
agentic systems for performance engineering, such as au-
tomated GPU code transformation (Damani et al., 2024),
code optimization for tensor accelerators (Hong et al., 2025),
and multi-agent frameworks for complex ML tasks (Gandhi
et al., 2025; Liu et al., 2025; Novikov et al., 2025). How-
ever, these advancements have not yet produced a special-
ized agent for the nuanced task of optimizing sharding

strategies—the process of partitioning a model’s parameters,
data, and computations across hardware devices. Such an
agent must integrate with performance tools, understand
model architecture, hardware platforms, workload types,
theoretical bounds, and leverage a knowledge base to pro-
pose explainable configurations in a manner that is both
robust and adaptable to new challenges.

To address the optimization difficulites and bridge the
knowledge gaps, we introduce PROMPTS: PeRformance
Optimization via Multi-Agent Planning for LLM Training
and Serving. PROMPTS is a novel, agentic framework
designed to automate the large-scale AI system optimiza-
tion process by embedding expert diagnostic reasoning.
PROMPTS is designed to assist the manual annotation phase
in hybrid partitioning systems (like GSPMD), serving as an
orthogonal layer to search-based methods. It is composed
of:

• Coordinator Agent: Orchestrates the workflow, man-
ages agent interactions, and processes user requests.

• Analyzer Agent: Diagnoses performance bottlenecks
by analyzing data from profiling tools and experiment
logs.

• Proposal Agent: Generates optimized sharding config-
urations with detailed reasoning by querying a knowl-
edge base.

• Sharding Memory: Provides persistent storage for
logs, tool calls, and agent responses to ensure context.

Inter-chip Interconnect (ICI) refers to links connecting net-
worked chips, such as on a TPU tray. Often used in reference
to signal-integrity testing. The ici mesh defines the logical
mesh used for SPMD parallelism within a TPU slice. It
specifies how model parameters and data are sharded across
the available devices. We specifically focus on ICI-mesh
sharding because it is one of the most critical configs that
determines feasibility (e.g., memory fit and communication
layout) and sets the performance ceiling. Once sharding is
fixed, batch size is largely constrained by HBM capacity,
and compiler flags are often chip- and compiler-specific,
limiting generalizability; we therefore hold them fixed to
avoid confounding and accuracy changes.

By integrating LLM-based reasoning with a curated knowl-
edge base and specialized tools, PROMPTS automates
the diagnosis and generation of optimized, explainable
system configurations. Our evaluation demonstrates that
PROMPTS’ LLM-based expert reasoning can prune a key
combinatorial subspace in only a few shots, across diverse
models, hardware, and tasks. Our design provides a scalable
and extensible methodology for AI-driven performance engi-
neering. Although currently focusing on ICI-mesh sharding,
PROMPTS can be extended to broader joint optimization
scope (e.g., batch size, offloading, or compiler flags) via ex-
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tensions to the agent’s heuristics and knowledge base. Our
system achieves one-shot optimization, delivering perfor-
mance gains of up to 434%. Crucially, the knowledge base
encodes general optimization principles; 7 of 8 evaluation
cases required novel reasoning rather than exact workload
matches from the historical database. Human engineers
adopt its top-ranked recommendation 87.5% of the time,
drastically reducing manual effort and improving hardware
efficiency. PROMPTS is designed to replace or assist the
manual annotation phase in hybrid partitioning systems (like
GSPMD), serving as an orthogonal layer to search-based
methods.

2 RELATED WORK

Existing work in LLM optimization offers powerful com-
ponents for parallelism, search, and diagnostics, yet lacks
an automated way to connect performance analysis to effec-
tive solutions—a process that still requires human expertise.
PROMPTS automates this expert reasoning, serving as an in-
telligent layer that complements and accelerates traditional
search methods.

2.1 Sharding and Parallelism Strategies

Driven by scaling laws, modern machine learning models
continue to grow in scale, both in parameter count and
computational cost. Consequently, training these models
necessitates distributing the workload across an increasing
number of computational units (e.g., GPUs or TPUs).

Early approaches relied on manually-designed parallelism
strategies. The most common, data parallelism (Jia et al.,
2018; Sun et al., 2019; You et al., 2019), partitions the train-
ing batch across nodes, which are processed in parallel to
gather more computational resources. To address the pro-
hibitive memory footprint of large models on a single device,
model parallel and pipeline parallel are proposed to partition
the model parameters (Narayanan et al., 2021; Liu et al.,
2024; Huang et al., 2019; Narayanan et al., 2019; Shoeybi
et al., 2019; Jeon et al., 2025). These techniques can be
combined with optimizer state sharding (Rajbhandari et al.,
2020) to further reduce per-device memory consumption.
The combinatorial complexity of configuring these hybrid
strategies creates the vast, high-dimensional search space
that motivates the need for automated solutions.

2.2 Automated Black-box Search

As model architectures increase in complexity and scale,
the design space of hybrid parallelism strategies explodes.
Manually discovering an optimal strategy becomes infeasi-
ble. This has led to the development of automated systems
that frame optimization as a complex search problem to find
the optimal parallelism strategy (Zheng et al., 2022; Xu

et al., 2021; Lepikhin et al., 2020; Alabed et al., 2025; Jia
et al., 2019; Miao et al., 2022). For example, FlexFlow (Jia
et al., 2019) employs a guided randomized search, using
an execution simulator to rapidly evaluate candidate strate-
gies. Alpa (Zheng et al., 2022) formulates the problem as
an integer linear programming (ILP) problem, leveraging
an ILP solver to find an optimal solution. Recent works
like Metis (Um et al., 2024) and Sailor (Strati et al., 2025)
further advance this by utilizing performance-model-guided
structured search to identify reasonable candidates across
heterogeneous and geo-distributed clusters without requir-
ing exhaustive real-world benchmarking.

While powerful, these systems primarily treat optimization
as structured search task guided by cost models. As argued
in our motivation, these approach can still be “knowledge-
blind” in a diagnostic sense; it often involves trial-and-
error evaluations within a model’s constraints without the
domain-aware reasoning required to bypass fundamentally
sub-optimal regions of the design space. PROMPTS com-
plements these methods by first applying expert reasoning to
dramatically prune the search space, allowing such search-
based systems to operate on a much smaller, higher-quality
subspace. Other systems like GSPMD (Xu et al., 2021) and
Partir (Alabed et al., 2025) offer a hybrid approach, propa-
gating user-provided sharding annotations—a form of expert
guidance that PROMPTS aims to automate. PROMPTS can
be applied orthogonally with these methods: PROMPTS
first assists/automates manual annotations with agentic ex-
pert reasoning and then has search methods figure out the
rest.

2.3 Performance Modeling: Diagnostics without
Proposals

A parallel line of research focuses on performance model-
ing and diagnostics. Trace-based simulators like dPRO and
Lumos build detailed execution graphs from runtime data,
offering powerful ”what-if” analysis for experts (Hu et al.,
2022; Liang et al., 2025) . However, these tools are purely
diagnostic; they reveal what is slow but do not prescribe
how to fix it, creating a manual gap that requires expert
interpretation. PROMPTS is designed to automate this step
with a two-agent workflow: our Analyzer Agent first diag-
noses performance bottlenecks from profiling traces, and
our Proposal Agent then synthesizes this diagnosis with a
knowledge base of best practices and past optimizations to
generate an expert-informed solution.

2.4 Other LLM Optimizations

In addition to sharding, other optimizations also play crucial
roles in LLM performance. Checkpointing (Chen et al.,
2016; Jain et al., 2020) allows users to save memory space
via recomputation. Quantization and low-precision arith-
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metic accelerate computation and save memory space by
using fewer bits (Micikevicius et al., 2017; Han et al., 2021;
Tabak et al.; Sheng et al., 2023). Similarly, end-to-end
frameworks like AutoDistill integrate knowledge distilla-
tion with multi-objective neural architecture search to find
smaller, hardware-efficient student models with lower serv-
ing latency (Zhang et al., 2022). As more operations are im-
plemented by Deep Learning compilers (Chen et al., 2018;
Tillet et al., 2019; Sabne, 2020), tuning kernel generation
flags will also affect model performance.

All these optimizations, similar to the sharding problem,
involve exploring a large search space to find an optimal
choice for a given AI model. In this paper, we use sharding
as a proof-of-concept problem to demonstrate the capabil-
ities of PROMPTS’s agentic reasoning methodology. We
plan to enhance PROMPTS to address these optimization
challenges in future work, as the core framework of diagno-
sis and proposal is highly generalizable.

3 MOTIVATION

3.1 The Challenge: Sharding Optimization as a
High-Dimensional Maze

The central problem is to identify an optimized and perhaps
optimal sharding configuration from a combinatorially large
search space. This task is notoriously difficult due to three
primary factors:

1. Vast and Complex Search Space: The number of
ways to partition a model’s data, parameters, and acti-
vations across a distributed system is immense. Perfor-
mance trade-offs are non-linear; for example, increas-
ing model parallelism reduces memory pressure per
device but can introduce significant communication
bottlenecks.

2. Hardware-Software Co-dependence: An optimized
strategy is tightly coupled to the specifics of the hard-
ware. A configuration tuned for a 2D Torus network
will be suboptimal on a 3D Torus network, which fa-
vors different communication patterns.

3. Opaque Bottlenecks: Performance issues are often
subtle and require deep analysis of low-level profiler
outputs (e.g., execution traces, memory usage reports)
to diagnose correctly.

3.2 The Challenge of Unconstrained Black-box Search

Automated approaches, particularly black-box optimization,
have demonstrated considerable success in navigating vast
and complex configuration spaces. However, when applied
to system performance tuning, they face three critical chal-
lenges that limit their efficiency:

1. It is Knowledge-Blind: Black-box methods operate
without domain understanding. They cannot be informed
that a bottleneck is memory-related. This forces them into a
highly inefficient, brute-force search. As our experiments
show, this can require evaluating a search space of over
150 valid configurations, whereas our agentic approach
consistently required only one single attempt.

2. It Lacks True Extensibility: The surrogate models
learned by black-box optimizers are brittle. The “knowl-
edge” they acquire is a static map of one specific perfor-
mance landscape. If the model, hardware, or workload
changes, the map becomes outdated. This brittleness is
often compounded by their design, which may rely on spe-
cialized search space generators pre-configured for spe-
cific model families or internal frameworks. This makes
them difficult to adapt to new and fast-evolving open-source
models or different software stacks without significant re-
engineering, limiting their general applicability.

3. It Fails to Scale with Complexity: Our experiments
focus on ici mesh optimization within a valid TPU topol-
ogy, but this is just one piece of a much larger puzzle. A
complete optimization would also explore parameters like
batch size, rematerialization strategies, and low-level
compiler optimization flags. As these knobs are introduced,
the search space grows exponentially. A sample-based or
brute-force approach becomes computationally intractable
in such a high-dimensional space, highlighting the need for
a more intelligent strategy.

3.3 Why ICI-mesh Sharding?

We identify ICI-mesh sharding as the primary determinant
of both memory fit and communication layout, effectively
establishing the system’s performance ceiling. In a high-
dimensional joint optimization space, we prioritize sharding
as the foundational problem to solve. By holding hardware-
specific compiler flags and capacity-constrained batch sizes
constant, we isolate the impact of sharding, thereby avoiding
confounding variables and maintaining a stable baseline for
evaluation.

PROMPTS navigates this complexity by integrating LLM-
driven reasoning with specialized tools to generate explain-
able, high-performance configurations. While the current
implementation does not explicitly solve for compiler flags
or offloading strategies, the framework is architected for
extensibility; PROMPTS can be bridged to these additional
optimization dimensions through modular updates to the
agent’s heuristics and knowledge base.
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3.4 Our Approach: An Agentic Framework for
Extensible Reasoning

The limitations of unconstrained search motivated us to
re-frame the problem. Instead of asking, “How can we
search this vast space faster?” we asked, “How can we assist
expert reasoning to prune vast configuration spaces into
high-potential subspaces? Specifically, how can we assist
the manual annotation phase in hybrid partitioning systems
as a layer orthogonal to traditional search?” An expert does
not search blindly; they diagnose, hypothesize, and propose
solutions based on evidence and generalizable principles.

Our reasoning-based framework operationalizes this two-
step process with specialized agents. An Analyzer Agent
emulates the diagnostic step, synthesizing profiler data to
identify the root cause of a performance bottleneck. A
Proposal Agent then emulates the solution-generation step,
querying a knowledge base to generate optimized configu-
rations with clear justifications. This structured process is
not a replacement for black-box optimization but a power-
ful complement. By intelligently pruning the search space,
our framework allows a black-box optimizer to perform
fine-grained tuning with dramatically improved sample effi-
ciency.

Our framework is built on decoupling the reasoning engine
from the specific context:

• The LLM-powered agents form the core reasoning
engine, performing the cognitive tasks of diagnosis and
solution generation.

• The tools and knowledge base are modular compo-
nents that provide the context, including profilers and
a knowledge base of optimization principles across
various models, workloads and hardware, as well as
database of optimizations by engineers.

This separation is the key to our framework’s extensibility.
To adapt PROMPTS to a new model, hardware or workload,
we do not re-architect the agents; we simply provide them
with new documents on model architectures, hardware plat-
forms or workload specific knowledge to read, enabled by
Retrieval-Augmented Generation (RAG). The agent’s core
skill—reasoning about performance—is general-purpose.
This design allows PROMPTS to not only optimize existing
configurations but also to generatively propose solutions for
entirely novel scenarios. Its reasoning capability is general,
but its expertise is dependent on its knowledge base. This
distinction is key: the framework’s power lies in its ability
to apply knowledge to new problems, a capability validated
in our experiments and far beyond the reach of traditional
black-box search-based systems.

4 PROMPTS FRAMEWORK

The PROMPTS framework is a multi-agent system designed
to operationalize our agentic methodology. It mirrors an
expert’s reasoning process by replacing unguided search
with a structured workflow of diagnosis, solution generation,
and justification. Built on Google’s Agent Development Kit
(ADK)1, it integrates LLM-based reasoning with specialized
tools and custom prompts. The system is invoked via the
command line interface with an experiment ID2 and consists
of the following specialized agents:

• Coordinator Agent: Acting as the system’s entry
point, this agent orchestrates the workflow. It receives
an experiment ID from the user, invokes the Analyzer
and Proposal agents in sequence, and routes the struc-
tured data output from one agent to the input of the
next one.

• Analyzer Agent: Serving as the system’s diagnosti-
cian, this agent’s function is to transform raw profil-
ing data into a structured bottleneck analysis. It is
provided instructions on how to use tools that ana-
lyzes Xprof key performance analysis, HLO Opera-
tion Profiles, roofline analysis, and workload analy-
sis from experiment config file. These tools calls the
Xprof profiling API3 to ingest three specific data types:
high-level Key Performance Indicators (KPIs)4, HLO
Operation Profiles5, and on-device roofline analysis
data6, as well as experiment configuration metadata.
The agent’s core task is to synthesize these inputs to
produce a structured report that identifies the primary
bottleneck—categorized as compute, memory, or com-
munication—and lists the specific HLO operations re-
sponsible.

• Proposal Agent: As the solutions architect, this agent
generates optimized sharding configurations using a
RAG workflow. Its instructions involve basic knowl-
edge of optimizing performance workload, including
the common sharding axis and operations that causes

1Google Agent Development Kit: https://google.
github.io/adk-docs/

2The experiment ID is a key to retrieve an experiment’s full
record, including its sharding configuration, hyperparameters, code
version, and system environment.

3Information on Xprof Profiling API: https://cloud.
google.com/tpu/docs/profile-tpu-vm

4KPIs include metrics like accelerator busy time, training step
time, and goodput.

5HLO is a language and intermediate representation (IR) used
by the XLA compiler to represent and optimize mathematical
operations. The HLO Op Profiles provide statistics like execution
time, FLOPs utilization, and memory bandwidth usage for each
operation.

6Raw roofline data is used to determine if an operation is
compute- or memory-bound.

https://google.github.io/adk-docs/
https://google.github.io/adk-docs/
https://cloud.google.com/tpu/docs/profile-tpu-vm
https://cloud.google.com/tpu/docs/profile-tpu-vm
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Figure 2. Overview of the PROMPTS Agentic Performance Optimization Framework

specific performance bottleneck. The proposal agent
is also provided a set of tools to query into our knowl-
edge base. Taking the Analyzer’s bottleneck report as
input, it performs a semantic search to retrieve context
from two knowledge sources. This search identifies the
k-nearest neighbors based on cosine distance within an
embedding space generated by a proprietory embed-
ding model. The knowledge base sources are:

– A structured database of past optimizations7 to
find relevant precedents.

– A document knowledge base of expert-written
technical guides, covering foundational principles
(e.g., How to Scale Large Models8) and specific
strategies for different models and TPU architec-
tures.

By synthesizing this retrieved information, the agent
generates concrete, justified sharding proposals.

This modular access to a heterogeneous knowledge
base is what makes the system extensible: support-
ing a new hardware platform requires only adding the
relevant documentation, not re-engineering the agent.
Finally, the agent synthesizes this retrieved information
to produce its output: a list of three distinct ici mesh
configurations, each accompanied by a textual justifi-
cation and citations to the evidence it used.

• Sharding Memory: Functioning as the system’s exe-
cution log, this is a persistent, file-based module that
records all tool calls, intermediate LLM responses, and
user inputs. It provides a complete audit trail for debug-
ging and ensures traceability for the entire reasoning
process.

PROMPTS has invariant components to ensure stability:

7This database contains records of previous optimizations, in-
cluding before-and-after configurations, profiler links, and a sum-
mary of the impact.

8How To Scale Large Models: https://jax-ml.
github.io/scaling-book/

workload characterization, agent instructions, and the knowl-
edge base are fixed, and the framework’s inputs (workload
categorization, and profiling) are invariant for a given work-
load. Retrieval is mediated by the underlying LLM where
LLM formulates queries based on invariant inputs; thus, the
only sources of stochasticity are LLM queries and proposal
generation, not the PROMPTS framework. In practice, this
stochasticity does not materially affect the resulting ICI-
mesh proposals.

We also want to highlight that sharding validity is enforced
by the TPU compiler: invalid configurations (e.g., incom-
patible meshes or memory violations) are rejected at compi-
lation, which serves as the authoritative correctness check.
This is an automatic process integrated into the existing
workflow, requiring no additional instrumentation or over-
head.

This structured, two-stage workflow—diagnosis followed
by solution generation—directly mirrors an expert’s reason-
ing process. By systematically analyzing performance and
grounding its proposals in a modular and expandable knowl-
edge base, PROMPTS can recommend high-performance
sharding configurations with the explainability and adapt-
ability required for modern, large-scale AI development.

5 EVALUATION

To validate the extensibility and robustness of our agentic
framework, we conducted a comprehensive suite of exper-
iments designed to test its performance across a wide ar-
ray of real-world scenarios, detailed in Table 1. We use
large-scale production workloads drawn from real engineer-
submitted optimization cases, ranging from millions to bil-
lions of parameters and running on up to 2,048 TPUs across
pre-training, post-training, and serving scenarios. The cen-
tral hypothesis of this evaluation is that our framework is
not a narrow, single-purpose tool, but an extensible system
capable of providing intelligent ici mesh sharding rec-
ommendations. We structured our evaluation to test the
framework’s adaptability across several key dimensions: (1)

https://jax-ml.github.io/scaling-book/
https://jax-ml.github.io/scaling-book/
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Table 1. Summary of experimental configurations for extensibility testing using real production workloads. We separate the ML Task
from the Agent’s Task. System versions are annotated with their network topology. Proprietary model names have been anonymized.
Case TPU System Topology Model Name / Type ML Task Agent’s Task

1 v5p (3D Torus) 8x8x8 Proprietary Large Dense Model Reward Modeling (Post-training) Optimize ici mesh for existing topology
2 v6e (2D Torus) 4x4 Proprietary Small Dense Model SFT (Post-training) Optimize ici mesh for existing topology
3 v5e (2D Torus) 16x16 Proprietary Medium Dense Model SFT (Post-training) Optimize ici mesh for existing topology
4 v6e (2D Torus) 16x16 → 8x16 Proprietary Medium Dense Model SFT (Post-training) Generate: Adapt ici mesh for new topology
5 v6e (2D Torus) 16x16 Proprietary MoE Model Reward Modeling (Post-training) Optimize ici mesh for existing topology
6 tpu7x (3D Torus) - (2 chips) Qwen 32B (Open Source Dense) Inference Generate: Propose ici mesh for new model
7 tpu7x (3D Torus) - (256 chips) DeepSeek (Open Source MoE) Pre-training Optimize ici mesh for existing topology
8 v5p (3D Torus) 4x8x16 Proprietary Audio Generation Model Audio Generation (Post-training) Optimize ici mesh for existing topology

Table 2. Summary of Experimental Results. The agent consistently identifies high-performance configurations with minimal search effort
compared to the total size of the valid search space.
Case % Perf. Improvementa Agent Search Effortb Blackbox Search Effortc # Agent Invocationsd Agent Batch Sizee Compilabilityf Top Pick Adopted?g

1 40.83% 1 55 1 3 100% Yes
2 42.59% 1 35 1 3 100% Yes
3 79.15% 1 165 1 3 66.67% Yes
4 14.29% 2 45 1 3 33.33% No
5 434.75% 1 45 1 2 50% Yes
6 182.86% 1 2 1 1 100% Yes
7 104.16% 1 9 1 3 66.67% Yes
8 26.25% 1 55 1 3 33.33% Yes

Average 69% 87.5%

a% Perf. Improvement: The percentage increase in throughput (e.g., steps/sec), calculated from the reduction in end-to-end step time.
bAgent Search Effort: The number of agent-suggested configurations evaluated until the desired one was found.
cBlackbox Search Effort: The total number of configurations in the search space, equivalent to the evaluations needed in an exhaustive
(brute-force) search to find the optimal configuration.
d# Agent Invocations: The number of times the agent was executed to generate configuration suggestions.
eAgent Batch Size: The number of ici mesh configurations provided by the agent per invocation.
fCompilability: The percentage of suggested configurations in the agent’s batch that successfully compile.
gTop Pick Adopted?: Indicates if the agent’s top-suggested configuration was the one ultimately adopted by the engineer.

diverse LLM workloads, including a spectrum of model
architectures and various stages of the LLM lifecycle; (2)
different scales of computation across varied hardware;
and (3) the nature of the problem formulation itself.

Our evaluation emphasizes regime coverage rather than sta-
tistical sampling (Table 1). The eight cases are deliberately
selected to span orthogonal system dimensions, including
TPU generations (v5p, v5e, v6e, tpu7x), network topologies
(2D vs. 3D torus), scales ranging from 2 to 2,048 chips,
model architectures (dense and MoE), and stages of the
ML lifecycle (training, inference, and post-training). The
scenarios differ from database entries in that retrieval is se-
mantic. Only Case 1 contains an exact historical workload
match; all other cases (7 of 8) are absent from the database
and require the agent to generate proposals based on first-
principles reasoning. Furthermore, while six cases were
provided with baseline ICI-mesh configurations, Cases 4
and 6 were solved generatively without any initial sharding
configuration. Although modern LLMs primarily differ in
scale, they share core architectural primitives and execu-
tion patterns, resulting in similar sharding constraints. The
agent’s consistent behavior across these regimes therefore
provides evidence of robustness and generalizability despite

the limited number of test cases.

For each workload, the agent was presented with a subop-
timal baseline configuration that a human engineer started
with. The agent’s task was to propose its top three
ici mesh configurations to improve performance. An
ici mesh (Inter-Chip Interconnect mesh) defines a logical
grid of TPU cores within a single slice, specifying how a
model’s parallelism is distributed across the available de-
vices. It maps named logical axes—such as data (for batch
parallelism), model (for sharding model parameters), and
seq (for sequence parallelism)—onto the high-speed, direct
Inter-Chip Interconnect network of the TPU hardware. We
evaluated these suggestions against the production base-
lines that were previously validated and implemented by
human engineers. The agent’s success was measured by the
following criteria:

1. Validity: All proposed configurations must be compil-
able and executable on the target hardware.

2. Solution Coverage: The set of three proposals must
contain the engineer-optimized production configura-
tion.
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3. Ranking Accuracy: The agent’s top-suggested recom-
mendation must match the production baseline.

The results, summarized in Figure 1 and Table 2, highlight
the agent’s remarkable efficiency and effectiveness. The
agent achieved its primary goal in every workload, success-
fully including the engineer-validated configuration in its
initial batch of suggestions. The framework’s efficiency
is most evident when comparing the Agent Search Effort
against the Blackbox Search Effort. The blackbox search
effort is defined by the total number of configurations in
the Vizier search space (Song et al., 2024; Golovin et al.,
2017) that needs to be tested in an exhaustive (brute-force)
search to find the optimal configuration. In seven out of
the eight workloads, the most optimized (human adopted)
configuration was the very first attempt tested, indicating
a very high successful rate of performing one-shot trials.
This represents a monumental reduction in engineering val-
idation cycles compared to a brute-force approach, which
would need to evaluate a search space of up to 165 valid
configurations (Case 3).

We report search effort as number of configurations evalu-
ated instead of wall-clock time to isolate algorithmic effi-
ciency. In our experiments, PROMPTS completes in under
one minute, whereas industrial black-box searches require 5
minutes to hours due to repeated model setup (e.g., resource
allocation and compilation) that can each take several min-
utes per run. These overheads are largely independent of
the search algorithm and dominated by infrastructure la-
tency, so we report search-space size as a cleaner measure
of optimization efficiency.

Crucially, this search space is constrained only to
ici mesh optimization; a holistic search including other
parameters like batch size or compiler flags would
cause this space to grow exponentially, rendering brute-force
methods intractable and underscoring the scalability of our
reasoning-based approach. These results were achieved with
just a single Agent Invocation per workload. The agent’s
suggestions, while not always perfect (averaging 69% Com-
pilability), were of high enough quality to solve the task
immediately. The ultimate success is reflected in the Top
Pick Adopted? metric: the agent’s number one recommen-
dation was the chosen production configuration in 87.5% of
cases. As shown below, this demonstrates its ability to not
only find optimized solutions but also to correctly reason
about and defend them. We also analyze boundary cases
where the agent proposes invalid configurations, but were
able to validate using cross-compilation (Case 4).

5.1 Adaptability Across Diverse LLM Workloads

The framework demonstrated broad applicability by suc-
cessfully providing sharding recommendations for a wide

range of model architectures and tasks. This included pro-
prietary dense models, open-source models like Qwen and
DeepSeek (Cases 6, 7), and complex Mixture-of-Experts
(MoE) architectures (Cases 5, 7). Notably, for the propri-
etary MoE model (Case 5), the agent found a configuration
that delivered a 434.75% performance increase. It also
proved effective across the entire ML lifecycle, from pre-
training (104.16% gain in Case 7) and SFT (post-training)
to inference (serving) (182.86% gain in Case 6) and spe-
cialized tasks like audio generation (Case 8). The agent’s
suggestions were confirmed to be performant for all tested
workloads.

5.2 Generalization Across Varied Hardware and Scale

The agent’s logic proved to be hardware-agnostic, delivering
optimized configurations for systems with different network
topologies, including 2D Torus (v6e, v5e) and 3D Torus
(v5p, tpu7x) interconnects. It demonstrated robust per-
formance at vastly different scales, from small two-TPU
pods (Case 6) to large 2048 TPUs systems (Case 5), deliver-
ing performance improvements of 40.83% and 79.15% on
large-scale systems (Cases 1, 3). The framework correctly
reasoned about both single-slice and multi-slice jobs (Case
5) and adapted to both very small (batch size=2) and
large (batch size=256) batch sizes.

Beyond quantitative success, we qualitatively validated the
agent’s reasoning for key hardware-specific optimizations
(Cases 1, 2, and 3). After receiving its top recommenda-
tion, we challenged the agent to justify its choice. In each
instance, the agent defended its proposed sharding configu-
ration with high confidence (85-90%), correctly identifying
the underlying performance bottlenecks—whether compute-
bound (Case 1), HBM-bound (Case 2), or communication-
bound (Case 3). This demonstrates a deeper level of un-
derstanding that goes beyond simple pattern matching and
confirms its ability to generalize core performance princi-
ples to novel hardware contexts.

5.3 Flexible Problem-Solving for Novel Scenarios

Beyond optimizing existing setups, the framework demon-
strated true generative capabilities. When tasked with cre-
ating a configuration from scratch for a new model where
no ici mesh existed (Case 6), it proposed a valid and effi-
cient solution in a single attempt, improving performance
by 182.86%. Furthermore, it demonstrated dynamic adapt-
ability when a hardware topology change invalidated the
old setup (Case 4); the agent generated three candidate
ici mesh configurations in a single pass, with compiler
validation automatically rejecting infeasible proposals while
the remaining valid configuration achieved a 14.29% per-
formance uplift. This ability to both incrementally optimize
and generatively solve for new scenarios highlights its utility
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as a versatile problem-solving partner.

5.4 Qualitative Analysis: Agent Reasoning in Practice

Beyond the quantitative results, it is crucial to validate the
agent’s reasoning. To illustrate this, we present a qualitative
analysis of the agent’s workflow for three representative
workloads, each dominated by a different fundamental bot-
tleneck. These case studies highlight the agent’s diagnostic
accuracy, its ability to synthesize novel solutions, and its
capacity to provide clear, evidence-based justifications for
its recommendations. An expert review of the agent’s analy-
ses for Cases 1–3 found no factual errors in its diagnoses or
reasoning, confirming that its conclusions were technically
sound.

Case 1: Optimizing a Compute-Bound Workload (TPU
v5p). In this scenario, the Analyzer Agent correctly
diagnosed a compute-bound workload by identifying a near-
perfect device duty cycle (99.7%) combined with very low
communication overhead (2.6%). Its top recommendation
was to trade sequence parallelism for data parallelism (seq:
8→4, data: 8→16), reasoning that this would better
saturate the TPU’s computational units. When challenged,
the agent defended this proposal with high confidence (85-
90%), citing the profiler data as primary evidence and cor-
rectly identifying its proposal as a low-risk, high-reward
change. The full dialogue is available in Appendix A.1.3.

Case 2: Resolving an HBM Bottleneck (TPU v6e). Here,
the workload was severely HBM-bound. Despite a high
duty cycle, the Analyzer Agent correctly diagnosed
that the top collective operations were limited by memory
bandwidth, a classic symptom of replicating a large model
without sufficient model parallelism. This optimization was
novel (not present in the historical database of engineer’s
optimizations), requiring the agent to reason from first prin-
ciples. It proposed introducing 4-way model parallelism to
shard the model and directly alleviate HBM pressure. When
challenged, it confidently defended this as the most criti-
cal first step, demonstrating its ability to generalize from its
knowledge base to solve unseen problems. The full dialogue
is available in Appendix A.2.3.

Case 3: Mitigating a Communication Bottleneck (TPU
v5e). For this workload, the Analyzer Agent identi-
fied a clear communication bottleneck, noting that the top
five most time-consuming operations were all collectives
(e.g., all-reduce). It correctly inferred that the 4-way
model parallelism was generating excessive network traffic.
The agent’s top recommendation was to halve model paral-
lelism while doubling data parallelism (model: 4→2,
data: 4→8). It successfully justified this upon being
challenged by explaining that reducing the degree of model

parallelism was the most direct way to mitigate the com-
munication overhead dominating the step time. The full
dialogue is available in Appendix A.3.3.

Collectively, these cases demonstrate that PROMPTS moves
beyond simple search. It can accurately diagnose distinct
performance limiters, propose tailored and correct solutions
even for novel scenarios, and articulate coherent, evidence-
based justifications for its decisions, confirming its capabil-
ity for expert-informed, explainable reasoning.

Case 4: Diagnosing a Topology-Constrained Memory
Failure (TPU v6e) In Case 4, the agent correctly diag-
nosed the bottleneck but its top recommendation for the
smaller 8×16 topology prioritized step-time optimization
over High Bandwidth Memory (HBM) constraints. The
proposed configuration {data:2, model:4, seq:16} triggered
an out-of-memory error because reducing sequence paral-
lelism doubled activation memory per chip. The successful
configuration {data:2, model:2, seq:32} instead preserved
higher sequence parallelism, remaining within memory lim-
its despite increased communication cost. This illustrates a
key regime boundary: under constrained hardware topolo-
gies, memory capacity is a hard feasibility constraint, while
performance tuning is secondary. Compiler-level cross-
compilation provides a fail-fast validation step that detects
such violations before execution, preventing wasted hard-
ware runs. (See A.4)

5.5 Probing Diagnostic Depth: A Zero-Knowledge
Stress Test

To isolate the value of the agent’s knowledge and test our ex-
tensibility claim, we conducted a “zero-knowledge” stress
test. We used the identical experimental setup from the suc-
cessful Case 6 (Table 1) run—the open-source Qwen 32B
model on a new tpu7x platform—but with one critical
difference: we deliberately withheld all specific documen-
tation about the new model and hardware from the agent’s
knowledge base.

This approach established a crucial baseline for the agent’s
raw reasoning ability in a completely novel scenario. A
senior performance engineer then performed a post-hoc
critique by annotating the agent’s generated output. (For
full agent run details, including engineer annotations, see
A.5). Analyzing the gaps between the agent’s diagnosis and
the expert’s feedback demonstrates precisely how targeted,
simple knowledge upgrades can bridge the gap to expert
performance. This comparison highlights a key advantage
over traditional black-box methods, where a new model or
hardware platform would require constructing an entirely
new search space. The key gaps revealed by this critique
are highlighted below:
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From Symptom to Root Cause: Model Extensibility.
The agent correctly identified a copy.2700 operation as
the top HBM bottleneck. The engineer’s post-hoc annota-
tion, however, provided a deeper root-cause analysis: the
operation was not a simple copy but a tensor relayout due to
mismatched input and output shapes. This reveals a critical
aspect of our framework’s extensibility. Bridging this gap
doesn’t require a new search algorithm; it simply requires
adding context about the new model’s architectural family,
allowing the agent to leverage existing knowledge to infer
the relayout issue. This simple, knowledge-based update
is fundamentally more scalable than redesigning a search
space from scratch.

General Principles vs. Hardware-Specific Exceptions:
Platform Extensibility. The agent’s extensibility to new
hardware was similarly validated. Based on general prin-
ciples in its knowledge base, the agent suggested fusing
memory-bound operations or overlapping them to hide la-
tency. The expert rejected this, noting that for the novel
tpu7x platform, this is ineffective due to shared HBM
bandwidth saturation. The expert then suggested advanced,
platform-specific techniques like sparse core offloading.
This demonstrates that adapting PROMPTS to new hard-
ware is a matter of adding documentation about its unique
architectural constraints and features, a far more tractable
problem than building a new performance model for a black-
box optimizer.

Isolated Analysis vs. Contextual Pattern Recognition.
The agent analyzed the all-gather.3023 operation
in isolation, correctly noting its general inefficiency and
suggesting its removal if possible. The expert’s analy-
sis was far more contextual, noting that for this specific
workload’s embedding table, the operation was mandatory—
a crucial exception to the general rule. Furthermore,
the expert identified a common anti-pattern the agent
missed: an all-gather followed immediately by a
slice operation can often be replaced by a more efficient
reduce-scatter. This demonstrates the expert’s ability
to analyze sequences of operations, a more global view that
represents a clear path for deepening the agent’s capabili-
ties. This highlights a promising direction for future work:
equipping the agent with access to the full execution graph,
allowing it to move beyond isolated analysis and recognize
these more complex, sequential anti-patterns.

Conclusion of the Stress Test. This post-hoc analysis
validates our central thesis. The agent functions as a highly
effective junior partner, automating the critical first pass
of data gathering and symptom identification. The gap
between its analysis and an expert’s is not an opaque fail-
ure of a monolithic model, but a transparent and quantifi-
able set of knowledge gaps. The fact that we can pinpoint

the exact declarative knowledge the agent is missing is the
strongest evidence of our framework’s clarity and extensibil-
ity. Its performance is a direct, understandable, and—most
importantly—upgradable function of its knowledge, mak-
ing it a more scalable and adaptable solution than traditional
black-box optimization.

6 LIMITATIONS & FUTURE WORK

While PROMPTS demonstrates a significant step forward,
the current work has three primary limitations that define
our roadmap for future research. First, the agent’s reasoning
is dependent on the accuracy and availability of post-run
profiling data. PROMPTS relies on profiling data of the
same type used by human performance engineers. Specifi-
cally, it consumes execution traces automatically collected
by JAX via XProf, requiring no additional instrumenta-
tion. As in standard performance debugging workflows, the
quality of optimization depends on the fidelity of profiler
outputs: noisy or incomplete traces may reduce diagnos-
tic accuracy. This dependency is therefore not a limitation
unique to PROMPTS, but a shared boundary of applicability
inherent to any profiler-driven optimization process.

Second, its optimization scope is currently confined to
proposing new values for a pre-defined set of ici mesh
dimensions. The current implementation focuses on opti-
mizing ici mesh sharding parameters and does not yet
jointly optimize other system-level variables such as offload-
ing strategies, rematerialization policies, or batch size. This
scoping is intentional and reflects a staged design choice
rather than an architectural constraint. The PROMPTS
framework is modular and extensible: extending it to joint
optimization primarily requires augmenting the knowledge
base with additional domain heuristics and constraint mod-
els for these dimensions, rather than redesigning the agent
architecture. This defines a clear roadmap for future work,
where new optimization axes can be incorporated incremen-
tally as structured knowledge modules.

To enhance robustness and ensure correctness, our first line
of future work is to introduce an Evaluator–Verifier loop that
creates a closed feedback cycle. A Verifier module will de-
terministically check the agent’s reasoning against profiler
evidence and hard constraints (e.g., topology legality, divisi-
bility, and memory feasibility), while an Evaluator module
will validate practical feasibility via cross-compilation and
lightweight test runs. To further improve cross-run stability,
the system can sample multiple proposals under fixed inputs
and select a configuration using a deterministic scoring rule
that prioritizes feasibility before performance. Together,
this layered validation converts stochastic agent outputs into
stable, reproducible recommendations.

We will also expand the agent’s optimization scope. A criti-
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cal step will be to move the agent beyond analyzing isolated
operations, a limitation identified in our zero-knowledge
stress test. To achieve this, we plan to incorporate the full
computational graph as an input, providing the global con-
text necessary to reason about advanced techniques like per-
layer sharding and to identify sequential anti-patterns. This
deeper, contextual understanding is a prerequisite for holis-
tically addressing critical compiler-level decisions, such
as operator fusion and memory layout selection, evolving
PROMPTS into a comprehensive, automated performance
engineering system.

7 CONCLUSION

Addressing the critical challenge of optimizing LLM
performance—a task ill-suited for traditional black-box
methods that lack the necessary extensibility and domain
awareness—we introduced PROMPTS, a novel multi-agent
framework. Our work demonstrates that an agentic method-
ology, grounded in expert reasoning, reduces the effective
search space for performance optimization by orders of
magnitude, transforming the problem from inefficient brute-
force black-box search to targeted validation.

Through a comprehensive evaluation of eight real-world
production workloads—encompassing diverse model archi-
tectures, hardware platforms, computational scales, and ML
lifecycle stages—we demonstrated that PROMPTS is both
highly effective and efficient. PROMPTS agent delivered
performance improvements of up to 434% while consis-
tently identifying the human-validated configuration in a
single invocation, with its top-ranked recommendation be-
ing adopted in 87.5% of cases. Beyond these quantitative
benchmarks, our qualitative analysis confirmed the agent’s
ability to perform expert-informed explainable reasoning. It
successfully diagnosed and addressed distinct performance
bottlenecks—whether compute-, HBM-, or communication-
bound—and demonstrated true extensibility by generating
optimized configurations for novel scenarios, models, and
hardware not present in its knowledge base.

The primary contribution of this work is a methodological
shift that reframes performance optimization from unguided
black-box search to expert-guided subspace identification.
Our framework achieves this by automating an expert’s
reasoning: it analyzes performance bottlenecks from pro-
filing tools, uses a knowledge base to reason potential op-
timization directions and then generates a small, targeted
set of promising configurations. This process intelligently
prunes the vast search space, identifying a high-potential
subspace where traditional black-box methods can then per-
form fine-grained tuning with dramatically improved sam-
ple efficiency. PROMPTS thus serves as a powerful com-
plement to search, establishing a scalable and explainable
foundation for AI-driven performance engineering that ac-

celerates development cycles and maximizes the efficiency
of large-scale ML systems.
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A DETAILED AGENT REASONING
TRANSCRIPTS

This appendix provides the unabridged agent interaction
transcripts for the qualitative case studies (Cases 1, 2, 3
and 4), as well as the zero-knowledge stress test on an
open-source model (qwen 32b) discussed in the main text
(Table 1). These transcripts serve as the primary evidence
for our claims about the agent’s expert-informed explainable
reasoning capabilities.

For each case, we present:

1. The complete diagnostic report from the Analyzer
Agent, showing how it identified the specific perfor-
mance bottleneck (compute-bound, HBM-bound, or
communication-bound).

2. The full set of sharding proposals from the
Proposal Agent, including its detailed justifica-
tions for each.

3. The subsequent justification dialogue, which demon-
strates the agent’s ability to defend its top recommen-
dation with high confidence when challenged, offering
a transparent view of its decision-making process.

A.1 Case 1: Compute-Bound Workload on TPU
v5p-512

Baseline sharding {‘model’: 8, ‘data’: 8,
‘seq’: 8} was optimized by human engineers to
{‘model’: 8, ‘data’: 16, ‘seq’: 4} in
the code change.

The following is the user-agent dialogue to optimize the
baseline experiment.

A.1.1 Initial State and Agent’s Analysis

User: Please analyze training job id=xxxxxxxxx (redacted
due to confidentiality), Xprof session id = xxxxxxxxx
(redacted due to confidentiality).

https://arxiv.org/abs/2201.08539
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Agent:

A. Full Experiment Details:

• Extracted Sharding Parameters (Base-
line Configuration): {‘model’:
8, ‘data’: 8, ‘seq’: 8} for
training.updater.partition. Other
model components (vision encoder, decoder, decoder
block) had null sharding.

• Device Type: TPU v5p-512

• TPU Topology: 8x8x8

• Model Name: (redacted due to confidentiality)

• Model Version: (redacted due to confidentiality)

• Batch Size: 256

• Sequence Length: 8192

C. Correlated Analysis of KPIs and HLO/Roofline: A.
High-Level KPI Health Check:

• Step Time: 35656.45 ms

• Device Duty Cycle: 99.73%

• Communication Overhead: 2.57%

• Initial Hypothesis: The KPIs show a very high device
duty cycle (99.73%), which suggests that the TPU is
well-utilized and not bottlenecked by input/output or
host-side processing. The low communication over-
head (2.57%) indicates that collective operations are
not a major contributor to the overall step time. The pri-
mary focus for optimization should be on the on-device
computation itself.

B. Detailed HLO/Roofline Bottleneck Identification:
(Note: the exact operation names are omitted here due to
confidentiality) The top 5 time-consuming operations are:

1. Operation: Custom point-to-point transpose operation

• Category: Custom-call
• % of Total Time: 0.62%
• Bottleneck: Unknown
• Roofline Efficiency: 0.0%

2. Operation: Asynchronous collective completion

• Category: Custom fusion
• % of Total Time: 0.55%
• Bottleneck: HBM Roofline Efficiency: 0.0017%

3. Operation: Custom point-to-point transpose operation

• Category: Custom-call
• % of Total Time: 0.53%
• Bottleneck: Unknown
• Roofline Efficiency: 0.0%

4. Operation: Custom matrix multiplication with scatter

• Category: Custom-call
• % of Total Time: 0.48%
• Bottleneck: Compute
• Roofline Efficiency: 74.14%

5. Operation: All-gather matrix multiplication

• Category: Custom-call
• % of Total Time: 0.45%
• Bottleneck: Compute
• Roofline Efficiency: 79.53%

C. Correlating KPI and HLO/Roofline:

• High Device Duty Cycle: The high duty cycle is con-
firmed by the HLO/Roofline analysis. The top opera-
tions are a mix of custom-calls and fusions, with sev-
eral of the most time-consuming being compute-bound
with high roofline efficiency. This indicates that the
model is making good use of the TPU’s computational
resources.

• Low Communication Overhead: The All-Reduce op-
erations are not in the top 5, and their total contribution
to the step time is small, which aligns with the low
communication overhead seen in the KPIs.

• Sharding Configuration Impact: The shard-
ing configuration {’model’: 8, ’data’: 8,
’seq’: 8} shows a high degree of model and data
parallelism. This is likely contributing to the high de-
vice utilization, as the workload is being effectively dis-
tributed across the available cores. However, the pres-
ence of HBM-bound operations like “Asynchronous
collective completion” suggests that the high degree
of parallelism may be putting some pressure on mem-
ory bandwidth, although it is not currently the primary
bottleneck.

D. Structured Analysis of Inefficiency: The analysis in-
dicates a highly optimized workload with excellent device
utilization. The primary inefficiency is the presence of sev-
eral “custom-call” operations with “Unknown” bottlenecks
and 0% roofline efficiency. These operations, particularly
“custom point-to-point transpose” operations, are consuming
a significant amount of time but their performance character-
istics are not well-understood by the profiling tools. These
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are likely candidates for further investigation and optimiza-
tion. The sharding configuration, with its 8-way model,
8-way data and 8-way sequence parallelism, is well-suited
for this model and hardware, resulting in the high device
utilization. However, the HBM-bound “Asynchronous col-
lective completion” suggests that memory bandwidth could
become a bottleneck if the model or batch size were to be
scaled up further.

A.1.2 Agent’s Proposals for Optimization

Agent: Here are three new sharding configurations designed
to improve the performance of your model on the TPU v5p-
512, along with the reasoning behind each proposal.

Proposal 1: Increase Data Parallelism, Reduce Sequence
Parallelism

• New ICI Mesh: {‘model’: 8, ‘data’:
16, ‘seq’: 4}

• Reasoning:

– Addresses Compute and Unknown Bottlenecks:
The primary bottleneck is identified as a mix of
compute-bound operations and custom-calls with
“Unknown” bottlenecks. The current configura-
tion has a balanced 8x8x8 sharding. This proposal
shifts the balance to favor data parallelism (from 8
to 16) while reducing sequence parallelism (from
8 to 4). By increasing data parallelism, we can
potentially improve the efficiency of the compute-
bound operations by feeding the TPU more data
in parallel. This can lead to better utilization of
the compute units and a reduction in step time.

– HBM Impact: Reducing sequence parallelism
from 8 to 4 is expected to decrease HBM pressure.
With a large sequence length of 8192, high se-
quence parallelism can lead to increased memory
usage for activations. This change could alle-
viate the HBM-bound “Asynchronous collective
completion” operation, even though it’s not the
primary bottleneck.

– Comparison to Current: Compared to the
current {’model’: 8, ’data’: 8,
’seq’: 8} sharding, this configuration
doubles the data parallelism at the expense of
sequence parallelism. This is a strategic trade-off
to address the compute-bound nature of the
workload, as suggested by the high device duty
cycle.

• Expected Impact:

– Step Time: Decrease
– Duty Cycle: Remain high

– Communication Overhead: May see a slight
increase due to more data parallelism, but the
impact is expected to be minimal given the already
low communication overhead.

• Trade-offs: A potential increase in communication
overhead, although likely negligible.

Proposal 2: Increase Model Parallelism, Reduce Se-
quence Parallelism

• New ICI Mesh: {‘model’: 16, ‘data’:
8, ‘seq’: 4}

• Reasoning:

– Addresses Compute and Unknown Bottlenecks:
This proposal takes a different approach by signifi-
cantly increasing model parallelism (from 8 to 16)
while also reducing sequence parallelism (from 8
to 4). This strategy is often effective for very large
models, as it can reduce the memory footprint of
the model on each core and potentially improve
the efficiency of the compute-bound operations
within the model’s layers.

– HBM Impact: Similar to the first proposal, re-
ducing sequence parallelism will help to reduce
HBM pressure. The increased model parallelism
will also distribute the model’s parameters across
more cores, which can further reduce memory
pressure on individual cores.

– Comparison to Current: This is a more aggres-
sive change than the first proposal, doubling the
model parallelism. This is a common strategy
for very large models where reducing the mem-
ory footprint per core is critical for performance.
This proposal is based on general knowledge of
sharding large models.

• Expected Impact:

– Step Time: Decrease
– Duty Cycle: Remain high
– Communication Overhead: May see a slight

increase due to the increased model parallelism,
but the impact is expected to be minimal.

• Trade-offs: A potential increase in communication
overhead due to more frequent communication be-
tween model-parallel replicas.

Proposal 3: Prioritize Data Parallelism, Minimal Model
Parallelism

• New ICI Mesh: {‘model’: 4, ‘data’:
16, ‘seq’: 8}
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• Reasoning:

– Addresses Compute and Unknown Bottlenecks:
This proposal aggressively increases data paral-
lelism to 16, halves the model parallelism to 4,
and maintains the current sequence parallelism
of 8. This is a good strategy to try if the model
is not memory-bound but is compute-bound. By
increasing data parallelism, we can potentially
increase the throughput of the system.

– HBM Impact: This configuration may increase
HBM pressure due to the high data and sequence
parallelism. However, since the primary bottle-
neck is compute, this trade-off might be accept-
able if it leads to a significant reduction in step
time.

– Comparison to Current: This proposal is a sig-
nificant departure from the current balanced shard-
ing, and it prioritizes data parallelism over model
and sequence parallelism. This is a good experi-
ment to run to see if the model’s performance is
more sensitive to data parallelism than the other
parallelism dimensions.

• Expected Impact:

– Step Time: Decrease
– Duty Cycle: Remain high
– Communication Overhead: May see a slight

increase due to the increased data parallelism.

• Trade-offs: A potential increase in HBM pressure. A
potential increase in communication overhead.

A.1.3 Agent’s Recommendation and Justification
Dialogue

User: Which one of the proposals would you most recom-
mend to start with?

Agent: I would most recommend starting with Proposal
1: {‘model’: 8, ‘data’: 16, ‘seq’: 4}.
Here’s why:

• Directly Addresses the Primary Bottleneck: The
analysis indicates a compute-bound workload. Pro-
posal 1 directly targets this by increasing data paral-
lelism, which is a common and effective way to im-
prove the performance of compute-bound models.

• Balanced Approach: It’s a well-balanced change that
doesn’t drastically alter the sharding configuration. It
maintains the current model parallelism while making
a strategic trade-off between data and sequence paral-
lelism. This makes it a lower-risk change compared to
the more aggressive changes in Proposals 2 and 3.

• Reduces HBM Pressure: The reduction in sequence
parallelism is a nice secondary benefit that could lead to
further performance improvements by reducing mem-
ory pressure.

While Proposals 2 and 3 are also good candidates, they repre-
sent more significant changes to the sharding configuration.
Proposal 2’s focus on model parallelism is a good strategy
for very large models, but it might not be the most effective
approach for this specific workload. Proposal 3’s aggressive
increase in data parallelism could lead to a significant per-
formance improvement, but it also carries a higher risk of
increasing HBM pressure. Therefore, starting with Proposal
1 is the most logical and prudent choice. It offers a good
balance of potential performance improvement and risk, and
it directly addresses the primary bottleneck identified in the
analysis.

User: Are you really sure? How confident are you with this
proposal that will improve workload performance?

Agent: You’ve asked a very important question. It’s impos-
sible to be 100% certain about performance improvements
without actually running the experiment. However, I can
give you a confidence level based on the data and my analy-
sis. I am highly confident (around 85-90%) that Proposal
1 will improve the workload performance. Here’s a break-
down of my reasoning for this confidence level:

Factors that Increase My Confidence:

• Strong Data-Driven Justification: My recommenda-
tion is not a random guess. It’s based on a detailed anal-
ysis of the performance data, which shows a compute-
bound workload with high device utilization. Increas-
ing data parallelism is a well-established and effective
strategy for optimizing compute-bound workloads.

• Low-Risk, High-Reward: Proposal 1 is a relatively
safe change that is likely to yield positive results. It’s
a strategic trade-off that is well-aligned with the per-
formance characteristics of the model. Even if the
performance improvement is not as large as expected,
it’s unlikely to cause a significant performance regres-
sion.

• Secondary Benefits: The reduction in sequence par-
allelism is a nice secondary benefit that could further
improve performance by reducing HBM pressure. This
adds to my confidence in the proposal. Logical Pro-
gression: Starting with Proposal 1 is a logical first
step in the optimization process. If it doesn’t yield
the desired results, we can then move on to the more
aggressive changes in Proposals 2 and 3.

Factors that Prevent 100% Certainty:
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• Complex Interactions: The performance of a deep
learning model is a complex interplay of many factors,
including the model architecture, the hardware, and the
sharding configuration. It’s always possible that there
are some unforeseen interactions that could limit the
effectiveness of the proposed change.

• “Unknown” Bottlenecks: The presence of “Unknown”
bottlenecks in the performance data introduces a small
element of uncertainty. While my proposal is designed
to address the known bottlenecks, it’s possible that the
“Unknown” bottlenecks will become more prominent
after the initial optimization.

In summary, I am highly confident that Proposal 1 is the
right starting point for optimizing this workload. It’s a
data-driven, low-risk, and high-reward proposal that is
well-aligned with the performance characteristics of the
model. I strongly recommend running an experiment with
this configuration to validate its effectiveness.

User: But I think the other two proposals look more promis-
ing

Agent: That’s a great point, and it’s completely valid to
have a different perspective. It’s true that Proposals 2 and 3
have the potential for even greater performance gains. Let’s
delve deeper into why they might be more appealing and
the trade-offs involved.

Why Proposal 2 ({‘model’: 16, ‘data’: 8,
‘seq’: 4}) Could Be a Strong Contender:

• Aggressive Model Parallelism for Large Models:
You’re right to see this as promising. For very large
models, increasing model parallelism can be the most
effective way to reduce memory pressure on each core.
This can lead to significant speedups, especially if the
model is close to the memory capacity of the TPU
cores. If the “Unknown” bottlenecks are related to
memory, this could be a big win.

• Reduced Communication for Model States: By split-
ting the model across more cores, you can reduce the
amount of data that needs to be communicated for
model state updates.

Why Proposal 3 ({‘model’: 4, ‘data’: 16,
‘seq’: 8}) Is Also Appealing:

• Maximizing Data Throughput: This is the most ag-
gressive approach to increasing data parallelism. If the
model’s performance is highly sensitive to the rate at
which data is fed to the TPUs, this could result in a
substantial performance improvement.

• Potentially Better for Certain Architectures: Some
model architectures benefit more from data parallelism
than model or sequence parallelism. If your model
has a lot of data-parallel components, this could be the
optimal configuration.

The Trade-offs and Why I Still Lean Towards Proposal 1
as the First Step: While Proposals 2 and 3 have a higher
potential reward, they also come with a higher risk:

• Increased Communication Overhead: Both propos-
als are more likely to increase communication over-
head. Proposal 2 requires more communication be-
tween model-parallel replicas, while Proposal 3 re-
quires more communication for data-parallel opera-
tions.

• Potential for New Bottlenecks: A more aggressive
change in the sharding configuration is more likely
to introduce new bottlenecks. For example, Proposal
3 could create an HBM bottleneck, while Proposal 2
could create a communication bottleneck.

A Strategic Approach to Experimentation: The best
way to determine the optimal sharding configuration is
through experimentation. Here’s a possible plan:

1. Start with Proposal 1: This is the safest and most
logical first step. It’s a low-risk experiment that is
likely to yield positive results.

2. Evaluate the Results: Analyze the results of the ex-
periment with Proposal 1.

• If you see a significant performance improve-
ment: You can either stop there or try to push the
performance even further by experimenting with
Proposals 2 and 3.

• If you see a small performance improvement
or no improvement: This would be a good in-
dication that you need to try a more aggressive
approach. In this case, you could move on to ei-
ther Proposal 2 or 3, depending on whether you
think the bottleneck is more related to model size
or data throughput.

In conclusion, you are right to be optimistic about Pro-
posals 2 and 3. They have the potential for significant
performance gains. However, I still recommend starting
with Proposal 1 because it’s a more conservative and
data-driven approach that is less likely to introduce new
bottlenecks. It’s a great way to “test the waters” before
diving into more aggressive and potentially riskier optimiza-
tions.
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A.2 Case 2: HBM-Bound Workload on TPU v6e-16

Baseline sharding {‘replica’: 1, ‘data’: 4,
‘seq’: 4, ‘model’: 1} was optimized by hu-
man engineers to {‘replica’: 1, ‘data’: 4,
‘seq’: 1, ‘model’: 4} in the code change.

The following is the user-agent dialogue to optimize the
baseline experiment.

A.2.1 Initial State and Agent’s Analysis

User: Please analyze training job id=xxxxxxxxx (redacted
due to confidentiality), Xprof session id = xxxxxxxxx
(redacted due to confidentiality).

Agent:

A. Full Experiment Details:

• Extracted Sharding Parameters (Baseline
Configuration): {‘data’: 4, ‘model’:
1, ‘replica’: 1, ‘seq’: 4} for
TrainExperimentPlan.training.updater.
partition. Other model components (decoder
block, decoder, vision encoder) had null sharding.

• Device Type: TPU v6e-16

• TPU Topology: 4x4

• Model Name: unknown

• Model Version: None

• Batch Size: None

• Sequence Length: None

C. Correlated Analysis of KPIs and HLO/Roofline: A.
High-Level KPI Health Check:

• Step Time: 2516.50 ms

• Device Duty Cycle: 99.95% (Calculated from busy
time / step time)

• Communication Overhead: 7.52% (Calculated from
collective operation time / step time)

• Initial Hypothesis: The KPIs show a very high device
duty cycle (99.95%), indicating that the TPU is almost
constantly busy. This suggests that the workload is
compute-bound. The communication overhead is rela-
tively low (7.52%), which further supports the idea that
the bottleneck is not in the communication between
chips.

B. Detailed HLO/Roofline Bottleneck Identification:
(Note: the exact operation names are omitted here due to
confidentiality)

The top 5 time-consuming operations are:

1. Operation: All-reduce operation

• Category: All-reduce
• Total Time (ps): 11,996,554,572,500.0
• Occurrences: 672
• Avg Time (ps): 17,852,015,732.89
• Roofline Analysis:
• % of Total Time: 4.97%
• Bottleneck: HBM
• Roofline Efficiency: 11.02%
• Compute Efficiency: 0.00%
• Max Mem BW Utilization: 11.02%

2. Operation: Asynchronous collective completion

• Category: Custom fusion
• Total Time (ps): 5,804,720,502,500.0
• Occurrences: 672
• Avg Time (ps): 8,637,976,938.24
• Roofline Analysis:
• % of Total Time: 2.40%
• Bottleneck: HBM
• Roofline Efficiency: 23.48%
• Compute Efficiency: 0.00%
• Max Mem BW Utilization: 23.48%

3. Operation: Bitcast add fusion

• Category: Convolution fusion
• Total Time (ps): 3,914,190,556,250.0
• Occurrences: 4208
• Avg Time (ps): 930,178,364.13
• Roofline Analysis:
• % of Total Time: 1.62%
• Bottleneck: HBM
• Roofline Efficiency: 81.76%
• Compute Efficiency: 18.16%
• Max Mem BW Utilization: 81.76%

4. Operation: Custom forward operation (compute-
intensive)

• Category: Custom-call
• Total Time (ps): 2,993,809,555,000.0
• Occurrences: 1048 Avg Time (ps):

2,856,688,506.68
• Roofline Analysis:



PROMPTS: PeRformance Optimization via Multi-Agent Planning for LLM Training and Serving

• % of Total Time: 1.24%
• Bottleneck: Compute
• Roofline Efficiency: 26.20%
• Compute Efficiency: 26.20%
• Max Mem BW Utilization: 1.54%

5. Operation: Custom DKV fused operation (compute-
intensive)

• Category: Custom-call
• Total Time (ps): 2,625,064,416,250.0
• Occurrences: 1016
• Avg Time (ps): 2,583,724,819.14
• Roofline Analysis:
• % of Total Time: 1.09%
• Bottleneck: Compute
• Roofline Efficiency: 72.43%
• Compute Efficiency: 72.43%
• Max Mem BW Utilization: 3.47%

Summary of Key Findings (from Analyzer): The
HLO/Roofline analysis reveals that the most time-
consuming operations are a mix of communication (all-
reduce, asynchronous collective completion), memory-
bound (bitcast add fusion), and compute-bound (custom
forward and custom DKV fused operation). The all-reduce
and asynchronous collective completion operations are the
top two contributors to the total time, and both are bound
by HBM, not inter-chip interconnect (ICI). This suggests
that the communication overhead is not due to network con-
tention, but rather due to the time spent reading from and
writing to HBM.

C. Correlating KPI and HLO/Roofline: The high de-
vice duty cycle is consistent with the HLO/Roofline analysis,
which shows that the program is dominated by compute-
and memory-bound operations. The communication over-
head of 7.52% is largely explained by the all-reduce and
asynchronous collective completion operations, which to-
gether account for 7.37% of the total time. The fact that
these communication operations are bound by HBM rather
than ICI suggests that the sharding strategy is not optimal,
as it is causing a lot of data to be read from and written to
HBM.

The ici mesh configuration of {‘data’: 4,
‘model’: 1, ‘replica’: 1, ‘seq’: 4}
indicates that the model is not partitioned across the chips,
and that data and sequence are partitioned. This means that
each chip is running the full model, which is likely causing
the HBM bottleneck.

D. Structured Analysis of Inefficiency: The primary in-
efficiency in this workload is the HBM bottleneck caused by
the sharding configuration. The ici mesh of {‘data’:
4, ‘model’: 1, ‘replica’: 1, ‘seq’:
4} results in the entire model being loaded onto each chip,
leading to high HBM usage and memory-bound operations.
This is evident in the roofline analysis, where the top
time-consuming operations (all-reduce, asynchronous
collective completion, bitcast add fusion) are all bound by
HBM. The high device duty cycle is misleading, as it is not
indicative of efficient computation, but rather of time spent
waiting for data from HBM.

To improve performance, the sharding configuration should
be changed to partition the model across the chips. This
would reduce the amount of memory required on each chip,
and would likely make the workload more compute-bound.

A.2.2 Agent’s Proposals for Optimization

Agent: Here are three new sharding configurations designed
to improve the performance of your model on the 4x4 TPU
v6e-16.

Proposal 1: Model Parallelism

• New ICI Mesh: {‘replica’: 1, ‘data’:
4, ‘model’: 4, ‘seq’: 1}

• Reasoning:

– This configuration introduces 4-way model par-
allelism, sharding the model across 4 chips. It
keeps the same level of data parallelism as before
but removes sequence parallelism.

– This directly addresses the HBM bottleneck by
reducing the amount of the model that needs to be
stored on each chip. With the model sharded, each
chip now only needs to store 1/4 of the model’s
parameters, significantly reducing HBM usage.

– This change is expected to make the all-reduce op-
erations, which are currently HBM-bound, more
efficient, as they will be working with smaller
chunks of data on each chip.

• Expected Impact:

– Step Time: Significant reduction.
– Duty Cycle: May decrease slightly as HBM wait

times are reduced.
– Communication Overhead: May increase

slightly due to the introduction of model paral-
lelism, but the overall step time is still expected
to decrease.

– HBM Memory Impact: Significant reduction.
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• Trade-offs: This configuration removes sequence
parallelism, which could impact the performance of
sequence-level operations. However, given that the cur-
rent bottleneck is HBM, this is a reasonable trade-off.

Proposal 2: Hybrid Parallelism

• New ICI Mesh: {‘replica’: 1, ‘data’:
1, ‘model’: 4, ‘seq’: 4}

• Reasoning:

– This configuration also introduces 4-way model
parallelism, but it removes data parallelism and
keeps sequence parallelism.

– This is a good alternative to Proposal 1 if the
model benefits more from sequence parallelism
than data parallelism.

– Like the first proposal, this will significantly re-
duce HBM pressure by sharding the model.

• Expected Impact:

– Step Time: Significant reduction.
– Duty Cycle: May decrease slightly.
– Communication Overhead: May increase

slightly.
– HBM Memory Impact: Significant reduction.

• Trade-offs: This configuration removes data paral-
lelism, which could impact the overall training through-
put if the batch size is large.

Proposal 3: Balanced Hybrid Parallelism

• New ICI Mesh: {‘replica’: 1, ‘data’:
2, ‘model’: 2, ‘seq’: 4}

• Reasoning:

– This configuration introduces a balance between
data, model and sequence parallelism.

– This approach still shards the model (2-way),
which will help with the HBM bottleneck, but it
also retains some data parallelism (2-way), which
can help with training throughput.

• Expected Impact:

– Step Time: Reduction, though perhaps not as
dramatic as in the first two proposals.

– Duty Cycle: May decrease slightly.
– Communication Overhead: May increase

slightly.
– HBM Memory Impact: Reduction.

• Trade-offs: This is a more conservative approach that
may not fully alleviate the HBM bottleneck if the
model is very large. However, it’s a good starting
point for finding the optimal balance between different
parallelism strategies.

A.2.3 Agent’s Recommendation and Justification
Dialogue

User: Which one of the proposals would you most recom-
mend to start with?

Agent: I would recommend starting with Proposal 1:
Model Parallelism. Here’s why:

• Directly Addresses the Primary Bottleneck: The
analysis clearly points to HBM as the main issue. This
proposal directly tackles that by introducing significant
model parallelism, which will have the most substantial
impact on reducing memory pressure.

• Keeps Data Parallelism: Maintaining a high level
of data parallelism (’data’: 4) is generally ben-
eficial for training throughput, especially with large
datasets. This configuration allows you to continue
processing a good amount of data in parallel.

• Logical First Step: It’s a clear and aggressive change
that will provide a strong signal about whether model
parallelism is the right direction. If you see a signif-
icant improvement, you can then fine-tune with the
other, more balanced proposals.

In short, Proposal 1 is the most direct and likely most
impactful solution to the identified problem. It’s better
to make a significant change to confirm the hypothesis (that
model parallelism is key) and then iterate, rather than start-
ing with a more conservative approach that might not yield
a clear result.

User: Are you really sure? How confident are you with this
proposal that will improve workload performance?

Agent: You’re right to ask for a confidence level. Based
on the data, I am highly confident that Proposal 1 will
improve the workload performance. Here’s a breakdown
of my confidence and the reasoning behind it:

1. Strong Evidence from the Analysis:

• The HBM bottleneck is undeniable. The roofline
analysis is not ambiguous. The top three most time-
consuming operations are all memory-bound. This is a
very strong signal.

• The sharding configuration is the clear culprit. The
ici mesh of {‘data’: 4, ‘model’: 1,
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‘replica’: 1, ‘seq’: 4} confirms that the
model is fully replicated on each chip. This is a clas-
sic recipe for HBM bottlenecks, especially with large
models.

• The proposed solution directly targets the problem.
Introducing model parallelism is the standard and most
effective way to address this specific type of HBM bot-
tleneck. It’s a well-understood and proven technique.

2. Quantifiable Potential for Improvement:

• By sharding the model 4-ways, you are reducing the
memory footprint of the model on each chip by a factor
of 4. This is a substantial reduction that will have a
direct and positive impact on the performance of the
memory-bound operations.

• The communication overhead, while it might increase
slightly, is currently a small fraction of the step time.
The potential gains from alleviating the HBM bottle-
neck are likely to far outweigh any small increase in
communication time.

3. Caveats and Why It’s Not 100% Guaranteed: While
I am highly confident, there are a few factors that could
influence the outcome:

• Model Architecture: Some model architectures can
have complex dependencies that make them less
amenable to certain sharding strategies. However, for
most common architectures, this is a standard and ef-
fective approach. Implementation Details: The exact
implementation of the model and the training loop can
have an impact.

• Sequence Parallelism: Removing sequence paral-
lelism might have a negative impact if there are critical
operations that rely heavily on it. However, given the
severity of the HBM bottleneck, this is a trade-off that
is very likely to be worthwhile.

In conclusion, while there’s always a small degree of un-
certainty in performance tuning, the evidence in this case
is very strong. The current configuration is a clear anti-
pattern for performance on a multi-chip system, and
the proposed solution is a direct and well-established
remedy. I would be very surprised if you did not see a sig-
nificant improvement in your step time after implementing
Proposal 1.

User: But I think the other two proposals look more promis-
ing

Agent: That’s a fair point. It’s true that the other proposals
also have their merits, and the “best” configuration can

sometimes be counterintuitive. Let’s dig deeper into why
you might find Proposals 2 and 3 more promising. Could
you tell me a bit more about what aspects of those proposals
appeal to you? For example:

• Do you have reasons to believe that sequence paral-
lelism (as in Proposal 2) is particularly important
for your model’s performance? Perhaps there are
specific operations in your model that benefit from
having the sequence dimension sharded.

• Have you had past experiences with similar mod-
els where a balanced approach (like Proposal 3)
worked well?

Understanding your perspective will help me to refine my
recommendation and provide a more nuanced comparison
of the three proposals. It’s entirely possible that with more
context, one of the other proposals could indeed be the better
starting point. I’m here to help you make the most informed
decision, so please don’t hesitate to share your thoughts and
concerns.

User: Without further input from me, are you still most
confident about proposal 1?

Agent: Yes, even without further input from you, I am still
most confident in Proposal 1. Here’s the critical line of
reasoning:

1. The analysis points to a single, dominant problem:
The HBM bottleneck.

2. Proposal 1 is the most direct and aggressive solution
to that specific problem. It tackles the issue head-on
by introducing significant model parallelism.

While Proposals 2 and 3 also introduce model parallelism
and will likely offer some improvement, they do so less
aggressively or by making other trade-offs that might not be
as beneficial. Think of it like this: If your car has a flat tire,
the first and most important thing to do is to change the tire.
You could also check the oil and wash the windows (which
might be good things to do in general), but the flat tire is
the immediate problem that’s preventing you from moving
forward. In this case, the HBM bottleneck is the “flat tire.”
Proposal 1 is the “change the tire” solution. Proposals 2
and 3 are more like “change the tire, but also rotate the
other tires and check the alignment.” They’re not bad ideas,
but they’re not as focused on the most critical issue. In
the absence of any other information, the most logical
and data-driven approach is to address the biggest, most
clearly identified bottleneck first. That’s why I still stand
by Proposal 1 as the best starting point for improving your
workload’s performance.
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A.3 Case 3: Communication-Bound Workload on
TPU v5e-256

Baseline sharding {’replica’: 1, ‘data’: 4,
‘seq’: 16, ‘model’: 4} was optimized by hu-
man engineers to {‘replica’: 1, ‘data’: 8,
‘seq’: 16, ‘model’: 2} in the code change.

The following is the user-agent dialogue to optimize the
baseline experiment.

A.3.1 Initial State and Agent’s Analysis

User: Please analyze training job id=xxxxxxxxx (redacted
due to confidentiality), Xprof session id = xxxxxxxxx
(redacted due to confidentiality).

Agent:

A. Full Experiment Details:

• Extracted Sharding Parameters (Baseline
Configuration): {‘data’: 4, ‘model’:
4, ‘replica’: 1, ‘seq’: 16} for
TrainExperimentPlan.training.updater.
partition. Other model components (decoder
block, decoder, vision encoder) had null sharding.

• Device Type: TPU v5e-256

• TPU Topology: 16x16

• Model Name: unknown

• Model Version: None

• Batch Size: 8

• Sequence Length: None

C. Correlated Analysis of KPIs and HLO/Roofline: A.
High-Level KPI Health Check:

• Step Time & Device Duty Cycle:

• step time ms: 7354.69 ms

• tc busy time ms: 7354.53 ms

• duty cycle percent: (7354.53 / 7354.69) * 100
= 99.99%

• Communication Overhead:

• mean all reduce us: 393435.26 us

• communication percent: ((393435.26 / 1000) /
7354.69) * 100 = 5.35%

• Initial Hypothesis: The KPIs show a very high device
duty cycle (99.99%), indicating that the TPU is almost
always busy with computation. The communication
overhead is relatively low at 5.35%. This suggests
that the primary bottleneck is likely compute-bound,
and there is little room for improvement by reducing
communication or data input time.

B. Detailed HLO/Roofline Bottleneck Identification:
(Note: the exact operation names are omitted here due to
confidentiality)

The top 5 time-consuming operations are:

1. Operation: All-reduce operation

• Category: All-reduce
• Total Time (ps): 4192472280000.0
• Occurrences: 528
• Avg Time (ps): 7940288409.090909
• Roofline Analysis:
• % of Total Time: 0.017%
• Bottleneck: HBM
• Roofline Efficiency: 0.041%
• Compute Efficiency: 4.17e-05%
• Max Mem BW Utilization: 0.041%

2. Operation: All-reduce-scatter fusion

• Category: All-reduce-scatter fusion
• Total Time (ps): 2375953732500.0
• Occurrences: 528
• Avg Time (ps): 4499912372.159091
• Roofline Analysis:
• % of Total Time: 0.009%
• Bottleneck: HBM
• Roofline Efficiency: 0.002%
• Compute Efficiency: 1.84e-05%
• Max Mem BW Utilization: 0.002%

3. Operation: Collective permute operation

• Category: Collective-permute
• Total Time (ps): 2150317575000.0
• Occurrences: 528
• Avg Time (ps): 4072571164.7727275
• Roofline Analysis:
• % of Total Time: 0.008%
• Bottleneck: VMEM Write
• Roofline Efficiency: 0.00017%
• Compute Efficiency: 0.0%
• Max Mem BW Utilization: 0.00017%
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4. Operation: All-reduce operation

• Category: All-reduce
• Total Time (ps): 1907855473750.0
• Occurrences: 528
• Avg Time (ps): 3613362639.6780305
• Roofline Analysis:
• % of Total Time: 0.007%
• Bottleneck: VMEM Read
• Roofline Efficiency: 0.00045%
• Compute Efficiency: 2.03e-05% Max Mem BW

Utilization: 0.00045%

5. Operation: All-reduce-scatter fusion

• Category: All-reduce-scatter fusion Total Time
(ps): 1810710692500.0 Occurrences: 528 Avg
Time (ps): 3429376311.5530305 Roofline Anal-
ysis:

• % of Total Time: 0.007%
• Bottleneck: HBM
• Roofline Efficiency: 0.003%
• Compute Efficiency: 2.41e-05%
• Max Mem BW Utilization: 0.003%

C. Correlating KPI and HLO/Roofline: The initial hy-
pothesis that the model is compute-bound is not fully sup-
ported by the HLO/Roofline data. While the duty cycle
is high, the top 5 most time-consuming operations are
all collective communication operations (all-reduce, all-
reduce-scatter, collective-permute). These operations are
bound by memory bandwidth (HBM) and vector memory
(VMEM), not compute. This indicates that while the TPU
is busy, a significant portion of its time is spent waiting
for data to be moved, not performing calculations. The
sharding configuration, with {‘data’: 4, ‘model’:
4, ‘replica’: 1, ‘seq’: 16}, shows a high
degree of data and model parallelism, which can lead to
increased communication overhead. The HLO profile con-
firms this, showing that a significant portion of the step time
is spent in communication-related operations.

D. Structured Analysis of Inefficiency: The primary
performance bottleneck is the high amount of time spent
in collective communication operations. This is ev-
ident from the HLO/Roofline analysis, which shows
that the top 5 most time-consuming operations are
all communication-related. This is likely due to the
sharding configuration, which uses a high degree of
data and model parallelism ({‘data’: 4, ‘model’:
4, ‘replica’: 1, ‘seq’: 16}). This high de-
gree of parallelism can lead to a large number of small, fre-
quent communication operations, which can be inefficient.

The model could be improved by reducing the number of
communication operations, for example by using a different
sharding strategy or by fusing some of the communication
operations together.

A.3.2 Agent’s Proposals for Optimization

Agent: Here are three new sharding configurations designed
to improve the performance of your model on the 16x16
TPU v5e-256, along with the reasoning behind each pro-
posal.

Proposal 1: Increase Data Parallelism, Reduce Model
Parallelism

• New ICI Mesh: {‘replica’: 1, ‘data’:
8, ‘seq’: 16, ‘model’: 2}

• Reasoning:

– Reduces Communication: This configuration
significantly reduces the degree of model paral-
lelism from 4 to 2. This will directly reduce the
size and frequency of the all-reduce operations
required to synchronize the model’s weights and
gradients, which is the primary bottleneck identi-
fied in the analysis.

– Increases Data Parallelism: To compensate for
the reduction in model parallelism and keep all
256 TPU cores utilized, we increase data paral-
lelism from 4 to 8. This means that each of the
two model replicas will process a larger number
of data batches concurrently.

– Memory Impact: This change is expected to in-
crease the HBM memory usage per device, as
each device will now hold a larger portion of
the model’s weights. However, given the HBM-
bound nature of the current workload, this trade-
off is likely to be beneficial. By reducing the
communication bottleneck, we can better utilize
the available memory bandwidth.

– Expected Outcome: We anticipate a significant
reduction in step time, driven by the decrease in
communication overhead. The device duty cycle
should remain high, but a larger proportion of that
time will be spent on actual computation rather
than waiting for data.

Proposal 2: Aggressive Model Parallelism Reduction

• New ICI Mesh: {‘replica’: 1, ‘data’:
2, ‘seq’: 16, ‘model’: 8}

• Reasoning:
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– Further Communication Reduction: This con-
figuration takes the logic of Proposal 1 a step
further by increasing model parallelism to 8 and
reducing data parallelism to 2. This will result in
even smaller, more frequent communication oper-
ations, which can sometimes be more efficient, es-
pecially if the model’s layers are relatively small.

– Exploring the Trade-off: This proposal is de-
signed to explore the other end of the data vs.
model parallelism spectrum. It’s possible that
for this model’s architecture, a higher degree of
model parallelism is actually beneficial, provided
the communication patterns are efficient.

– Memory Impact: This will have the opposite
effect of Proposal 1, decreasing the HBM memory
usage per device. This could be advantageous if
the model is close to its memory capacity limits.

– Expected Outcome: This is a more experimen-
tal configuration, but it has the potential to yield
significant performance gains if the model’s archi-
tecture is well-suited to a high degree of model
parallelism. We expect to see a change in the com-
munication patterns, and hopefully, a reduction in
the overall communication time.

Proposal 3: Prioritize Data Parallelism, Minimal Model
Parallelism

• New ICI Mesh: {‘replica’: 1, ‘data’:
16, ‘seq’: 16, ‘model’: 1}

• Reasoning:

– Eliminates Model Parallelism Communication:
This configuration eliminates model parallelism
entirely, dedicating all available parallelism to
the data and sequence dimensions. This will
completely remove the all-reduce and collective-
permute operations that are currently the main
bottleneck.

– Maximizes Data Throughput: By using a high
degree of data parallelism (16), this configuration
aims to maximize the number of data samples pro-
cessed in parallel, which can lead to a significant
increase in throughput.

– Memory Impact: This will result in the high-
est HBM memory usage per device, as each de-
vice will need to store a full copy of the model’s
weights. This is a significant trade-off, and it’s
possible that this configuration may not be feasi-
ble if the model is very large.

– Expected Outcome: If this configuration fits
within the available HBM, it has the potential
to be the fastest of the three, as it completely

eliminates the primary communication bottleneck.
However, it is also the most likely to encounter
memory capacity issues.

A.3.3 Agent’s Recommendation and Justification
Dialogue

User: Which one of the proposals would you most recom-
mend to start with?

Agent: Based on the analysis, I would most recom-
mend starting with Proposal 1: Increase Data Paral-
lelism, Reduce Model Parallelism ({‘replica’: 1,
‘data’: 8, ‘seq’: 16, ‘model’: 2}).
Here’s why:

• Directly Addresses the Bottleneck: The analysis
clearly points to excessive communication overhead
from a high degree of model parallelism. Proposal 1
directly tackles this by cutting the model parallelism in
half while still retaining some for models that require
it.

• Balanced Approach: It’s a more balanced and less
extreme change than Proposal 3. It’s a significant
shift from the current configuration, but it doesn’t com-
pletely eliminate model parallelism. This makes it a
safer bet and more likely to yield positive results with-
out running into unexpected issues like out-of-memory
errors.

• Most Likely to Succeed: Of the three proposals, this
one offers the most straightforward and likely path
to improvement. The reasoning is sound, and it’s a
common and effective optimization strategy for models
that are communication-bound.

While the other proposals are also valuable for exploration,
Proposal 1 represents the most logical and promising next
step in optimizing your sharding configuration.

User: Are you really sure? How confident are you with this
proposal that will improve workload performance?

Agent: You’re right to ask for a confidence level. It’s impor-
tant to be clear about the potential outcomes. I am highly
confident (approximately 85-90% confident) that Pro-
posal 1 will improve the workload performance of your
model. Here’s a breakdown of why I have this level of
confidence:

• Strong Evidence from Analysis: The performance
analysis provides compelling evidence that the current
bottleneck is communication overhead caused by the
high degree of model parallelism. The top 5 most time-
consuming operations are all communication-related,
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and they are bound by memory bandwidth, not com-
pute. This is a very strong signal that the current shard-
ing strategy is suboptimal.

• Proposal 1 is a Direct and Logical Solution: The
proposed change in Proposal 1 is a direct and logi-
cal response to the identified bottleneck. By reducing
model parallelism from 4 to 2 and increasing data par-
allelism from 4 to 8, we are directly targeting the cause
of the performance issue. This is not a random guess;
it’s a data-driven recommendation based on a sound
understanding of the performance characteristics of
your model.

• Common and Proven Optimization Strategy: The
strategy of trading model parallelism for data paral-
lelism is a well-established and effective technique
for optimizing the performance of large-scale models.
When a model is communication-bound, reducing the
amount of communication required between model
shards is often the most effective way to improve per-
formance.

• Conservative and Balanced Approach: Proposal 1
is a balanced and relatively conservative change. It
doesn’t completely eliminate model parallelism, which
could be risky if the model’s architecture requires it.
Instead, it reduces it to a more reasonable level while
still keeping all the TPU cores utilized. This makes it
a safer and more reliable option than the more extreme
proposals.

Caveats and a Small Margin for Uncertainty: While
I am highly confident, there is always a small margin for
uncertainty in performance tuning. Here are a few factors
that could potentially affect the outcome:

• Memory Constraints: The proposal will increase the
memory usage per device. If the model is already close
to the memory limit, this could cause out-of-memory
errors. However, given that the current bottleneck is
HBM bandwidth, it’s likely that there is some head-
room available.

• Model-Specific Nuances: There might be some spe-
cific nuances of your model’s architecture that are not
fully captured by the analysis. However, the high-level
analysis of communication bottlenecks is generally
very reliable.

In summary, while no performance prediction can be
100% certain, the evidence strongly suggests that Pro-
posal 1 is the most promising path to improving your
model’s performance. It’s a well-reasoned, data-driven
recommendation that is based on a proven optimization
strategy.

User: But I think the other two proposals look more promis-
ing

Agent: That’s a fair point, and it’s great that you’re critically
evaluating all the options. Let’s dig deeper into why you
find the other two proposals more promising. Perhaps I
can provide more context or clarify my reasoning. Could
you tell me a bit more about what aspects of Proposal 2
(Aggressive Model Parallelism) or Proposal 3 (Prioritize
Data Parallelism) you find particularly appealing? For
example:

• For Proposal 2 (‘model’: 8): Do you have a
reason to believe your model’s architecture might be
particularly well-suited to a high degree of model paral-
lelism? Perhaps you know that the layers are relatively
small and can be efficiently distributed.

• For Proposal 3 (‘model’: 1): Are you confident
that the entire model can fit on a single TPU core? If
so, this would indeed be a very strong candidate, as
it completely eliminates the communication overhead
from model parallelism.

Understanding your perspective will help me refine my rec-
ommendation and have a more productive discussion. It’s
entirely possible that your intuition is correct, and my initial
recommendation might not be the absolute best fit. Let’s
work together to figure out the optimal path forward. I’m
ready to re-evaluate my recommendation based on your
insights.

User: Without further input from me, are you still most
confident about proposal 1?

Agent: Yes, without any further input, I am still most confi-
dent in Proposal 1. My recommendation is based entirely
on the data from the analysis report. Here’s a quick recap of
the logic:

1. The Problem: The analysis clearly shows that the
biggest performance bottleneck is communication
overhead caused by the current sharding strategy
(‘model’: 4). The top 5 slowest operations are
all communication-related.

2. The Solution: The most direct way to solve this prob-
lem is to reduce the amount of communication.

3. Why Proposal 1 is the Best First Step:

• Directly Addresses the Problem: It cuts the
model parallelism in half, which will directly re-
duce the communication overhead that is slowing
down the model.

• It’s a “Safe” Bet: It’s a significant change, but
not an extreme one. It’s less likely to run into
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unexpected problems like out-of-memory errors
(which could happen with Proposal 3) or ineffi-
cient communication patterns (which could hap-
pen with Proposal 2).

• It’s a Good “Middle Ground”: It’s a good start-
ing point for exploring the trade-off between data
and model parallelism. If it works well, we can
try pushing it further. If it doesn’t, we can try
something else.

In short, Proposal 1 is the most logical and data-driven
next step. It’s a direct solution to the most pressing prob-
lem, and it’s the least likely to introduce new problems.
While Proposals 2 and 3 are interesting and could poten-
tially be even better, they are more “high-risk, high-reward.”
Without more information about the model, I can’t be as
confident in them as I am in Proposal 1.

A.4 Case 4: Diagnosing a Topology-Constrained
Memory Failure for Workload on TPU v6e-128

In Case 4, while the agent correctly identified initial per-
formance bottlenecks, its recommendations for the smaller
8x16 TPU topology failed by prioritizing step-time opti-
mization over High Bandwidth Memory (HBM) constraints.
The agent’s primary recommendation—{‘data‘: 2,
‘model‘: 4, ‘seq‘: 16}—triggered an Out of
Memory (OOM) error because halving sequence parallelism
doubled the activation memory per chip. Conversely, the
successful configuration—{‘data‘: 2, ‘model‘:
2, ‘seq‘: 32}—remained within HBM limits by
maintaining higher sequence parallelism, despite the com-
munication overhead. We learned that for constrained
topologies, memory capacity is a hard primary constraint;
performance tuning is secondary to runnability. We now
leverage cross-compilation as a mandatory validation step to
provide a ”fail-fast” mechanism, catching OOM errors dur-
ing the compilation phase. The following is the user-agent
dialogue to optimize the baseline experiment.

A.4.1 Initial State and Agent’s Analysis

User: Please analyze training job id=xxxxxxxxx (redacted
due to confidentiality), Xprof session id = xxxxxxxxx
(redacted due to confidentiality). Model name = model
B (an internal SFT model, redacted due to confidentiality).
System name = v6e. Propose ici mesh when I change TPU
topology to 8x16. Generate logical configurations that are
valid for the new 8x16 (128-chip) topology by adapting the
original 16x16 (256-chip) setup.

Agent:

A. Executive Summary:

• Overall Diagnosis: The workload is severely memory-

bound, leading to an extremely low device duty cycle.
This is caused by inefficient collective communication
and data formatting operations.

• Step Time: 11263.89 ms

• Device Duty Cycle: 14.42% (Analysis: Extremely
low. The TPUs are idle for over 85% of the step time,
waiting for data from memory or communication.)

• Communication Overhead: 1.12% (Note: This only
reflects standard AllReduce and is misleadingly low;
custom collectives are the true bottleneck.)

B. Full Experiment Details:

• ICI Mesh (Baseline Configuration): {‘data’:
2, ‘model’: 4, ‘seq’: 32}

• Device Type: TPU v6e

• TPU Topology: 16x16 (256-chip)

• Batch Size: 2

C. Top 5 Bottleneck Operations:

1. Operation: Splash attention kernel component

• Category: Custom-call
• % of Total Time: 1.46%
• Bottleneck: Compute (Roofline Efficiency:

48.38%)

2. Operation: Splash attention forward pass custom ker-
nel

• Category: Custom-call
• % of Total Time: 1.42%
• Bottleneck: Compute (Roofline Efficiency:

24.79%)

3. Operation: All-reduce operation

• Category: All-reduce
• % of Total Time: 0.22%
• Bottleneck: HBM (Roofline Efficiency: 5.19%)

4. Operation: Custom point-to-point transpose operation

• Category: Custom-call
• % of Total Time: 0.14%
• Bottleneck: Unknown (Roofline Efficiency:

0.0%)

5. Operation: All-gather collective

• Category: Async-done
• % of Total Time: 0.04%
• Bottleneck: HBM (Roofline Efficiency: 14.81%)
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D. Structured Analysis of Inefficiency: The root cause of
the complex, inefficient communication pattern is the very
high sequence parallelism (seq=32), which necessitates
expensive ”ragged” tensor collectives. The workload is
severely memory-bound, and the low duty cycle indicates
that TensorCores are frequently stalled waiting for HBM.

A.4.2 Agent’s Proposals for Optimization

Agent: Here are three sharding configurations for the new
8x16 (128-chip) TPU topology:

Proposal 1: Balanced Scale-Down (Primary Recommen-
dation)

• New ICI Mesh: {‘data’: 2, ‘model’: 4,
‘seq’: 16}

• Reasoning: Preserves data and model dimensions
while halving sequence parallelism.

• Expected Impact: Directly targets the ”ragged” com-
munication bottleneck identified in the analysis.

• Trade-offs: Halving sequence parallelism will in-
crease activation memory per chip.

Proposal 2: Prioritize Sequence Parallelism

• New ICI Mesh: {‘data’: 2, ‘model’: 2,
‘seq’: 32}

• Reasoning: Maintains seq=32 to manage activation
memory but halves model parallelism.

• Expected Impact: Likely inherits the inefficient com-
munication patterns of the baseline.

• Trade-offs: Increases memory pressure from
weights/optimizer states on each chip.

Proposal 3: Aggressive Model/Sequence Sharding

• New ICI Mesh: {‘data’: 1, ‘model’: 4,
‘seq’: 32}

• Reasoning: Eliminates data parallelism to maintain
high model and sequence sharding.

• Trade-offs: Processing only one copy of data across
all chips may be inefficient for throughput.

Proposal 1 and 3 yielded an OOM error upon cross compila-
tion, whereas the less recommended Proposal 2 succeeded
in compilation, and is actually what the engineer used for
optimization.

A.5 Zero-Knowledge Stress Test (Qwen-32B on
TPU7x)

We have the agent analyze the workload for an open source
model qwen-32b on TPU7x, where the agent does not
have this model information nor the TPU7x platform infor-
mation. We have our performance engineer reviewed and
annotated the agent’s analysis after the agent run (shown
in brown). The agent’s analysis is mostly factually correct,
although is missing more in depth, across context analysis
(as annotated by our performance engineer). Upon provid-
ing details of how the new model (qwen-32b) relates to a
known model, and more detailed information of the TPU
platform, it improves the agent’s understanding on the num-
ber of chips used, and the agent’s proposal. Below is the
detailed information of this run.

A.5.1 Initial State and Agent’s Analysis

User: Please propose ici mesh sharding for training
job id=xxxxxxxxx (redacted due to confidentiality), Xprof
session id = xxxxxxxxx (redacted due to confidentiality),
system name=tpu7x, model name=qwen 32b, TPU topol-
ogy=1x1x1, number of TPUs = 2.

Agent:

1. Executive Summary

• Overall Diagnosis: The workload is highly efficient,
achieving 98.2% of its predicted performance. The pri-
mary bottlenecks are a few memory-bound (HBM)
operations, specifically a large data copy and an
all-gather collective, which have extremely low
efficiency. These operations indicate that the Tensor-
Cores are stalled waiting for data from memory, a
characteristic often seen in Tensor Parallelism sharding
strategies during the generation/inference phase.

• Step Time: 8.19 ms

• Program Goodput: 98.20%

• Device Duty Cycle: Not directly available. However,
the high goodput suggests the devices are busy. The
key issue is that ”busy” includes time spent stalled on
memory access (HBM-bound), not just useful compu-
tation.

• Communication Overhead: While individual collec-
tive operations like all-gather are highly ineffi-
cient, the total time spent on communication is a very
small fraction of the step time. The primary issue is not
the volume of communication but the latency of spe-
cific memory-bound operations that are not effectively
overlapped with computation.
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2. Configuration Overview

• Configuration Source: User-provided

• Model: qwen 32b

• System: tpu7x

• TPU Topology: 1x1x1

• Batch Size: Not Available

• Sequence Length: Not Available

• ICI Mesh: Not Available

• Sharding: Reported: sequence axis=1,
mdl axis=2. The mdl axis=2 indicates a
Tensor Parallelism strategy, which is consis-
tent with the presence of all-gather and
all-reduce-scatter operations in the profile.

3. Top 3-5 Bottleneck Operations

1. Operation: copy.2700

• Category: data formatting

• Bottleneck: HBM
• Roofline Efficiency: 0.47%
• Analysis: This is the single largest contributor

to step time. Its extremely low efficiency shows
the device is stalled waiting for a large data copy
from HBM. This could be related to preparing
data for communication or attention layers.

Engineer’s annotation: The agent’s initial diagnosis
of an HBM-bound stall is technically correct but lacks
the context required for a solution. This operation is a
tensor relayout caused by mismatched input and out-
put shapes within the same memory space (VMEM
or HBM). To optimize, we must move beyond simply
identifying the bottleneck to investigating the mem-
ory space assignment and sharding logic. The goal is
to align the source and output layouts, allowing the
compiler to eliminate the copy entirely.

2. Operation: fusion.8928

• Category: convolution fusion

• Bottleneck: Compute
• Roofline Efficiency: 76.57%
• Analysis: This is a healthy kernel. It is compute-

bound and highly efficient. No optimization is
needed here.

Engineer’s annotation: The agent’s ”healthy” judge-
ment is premature because this operation is a compiler-
generated fusion, not a standalone kernel. To determine
if it is truly optimized, we must perform a latch time
estimation to quantify the hardware synchronization
overhead between the fused operations. While 76.57%
efficiency appears strong, this analysis is necessary
to see if minimizing latching delays can push perfor-
mance toward a 90% utilization target.

3. Operation: fusion.7887

• Category: convolution fusion

• Bottleneck: Compute
• Roofline Efficiency: 88.99%
• Analysis: This is another healthy kernel that is

efficiently using the compute units.

4. Operation: all-gather.3023

• Category: all-gather
• Bottleneck: HBM
• Roofline Efficiency: 0.56%
• Analysis: This collective operation is severely

memory-bound and inefficient. It is a key sig-
nature of the Tensor Parallelism strategy, where
activations are gathered across devices. Its latency
is not being effectively hidden.

4. Actionable Recommendations

1. For all-gather.3023 (HBM-Bound): The
Knowledge Base explains that all-gather oper-
ations on small amounts of data can become latency-
bound. In a single-device setting, this should not in-
volve network traffic but still represents a memory copy
and synchronization point. Recommendation: Ana-
lyze the necessity of this all-gather. It may be an
artifact of a sharding configuration designed for multi-
device execution. If possible, remove or replace it with
a more direct memory operation to avoid the overhead
of a collective.

Engineer’s Annotation: In general, the knowledge
is correct. However, it is not applicable to this case
because all-gather is a must have. In this case,
the all-gather is used to shard embedding table,
which is a must have. all-gather can be avoided
in cases like sequence sharding, kv all-together, collec-
tive, or all-gather followed by slice.

2. For copy.2700 (HBM-Bound): Large, inefficient
copy operations often indicate a memory access bottle-
neck where data is not available on-chip when needed.
Recommendation: Investigate if this copy operation
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can be fused with an adjacent compute kernel. Fus-
ing the memory access with computation would allow
the hardware to overlap the data movement with other
work, hiding the latency.

Engineer’s Annotation: The agent’s suggestion to
fuse is invalid because overlapping two memory-bound
operations does not alleviate HBM bandwidth satura-
tion. Instead, we should investigate Sparse Core of-
floading to move the copy overhead away from the
TensorCores, provided the offload latency is minimal.
Alternatively, we should explore continuation fusion
or architectural changes to eliminate the operation en-
tirely, as generic latency hiding is ineffective on this
platform.

3. General Sharding Strategy: The identified bottle-
necks are classic symptoms of a memory-bound in-
ference workload using Tensor Parallelism. Recom-
mendation: For tpu7x systems, which have a very
high FLOPS-to-ICI ratio, it’s crucial to ensure a high
compute-to-communication ratio. The Knowledge
Base suggests that for Tensor Parallelism, this means
ensuring the number of shards does not become exces-
sive for the model’s feed-forward dimension. While
the current performance is good, if further scaling is
required, a hybrid FSDP + Tensor Parallelism strategy
might offer a better balance and reduce the reliance on
latency-sensitive AllGather operations.

A.5.2 Agent’s Proposals for Optimization

Agent: Based on the analysis of your experiment, here are
the proposed sharding configurations to address the identi-
fied memory-bound bottlenecks. A note on topology: The
analysis suggests a multi-chip environment was used. The
following proposals assume a 4-chip environment (e.g., a
2x2x1 topology) for concrete recommendations.

Proposed Sharding Configuration 1 (Recommended)

• ICI Mesh: {’model’: 1, ’data’: 4}

• Strategy: Pure Fully Sharded Data Parallelism
(FSDP).

• Reasoning: This configuration directly eliminates the
primary bottleneck—the HBM-bound all-gather
operation—by removing Tensor Parallelism (model:
1). By sharding the model’s weights and activations
across four devices in the data dimension, it also re-
duces the memory footprint per chip, which can help
alleviate the pressure causing the inefficient copy op-
eration.

• Expected Impact: Step Time reduction; Per-device
memory pressure decrease; Communication pat-
tern shifts to reduce-scatter/all-gather on
weights.

• Trade-offs: Requires global batch size divisible by 4.

Proposed Sharding Configuration 2

• ICI Mesh: {’model’: 2, ’seq’: 2}

• Strategy: Sequence Parallelism combined with Tensor
Parallelism.

• Reasoning: Introduces Sequence Parallelism while
retaining Tensor Parallelism. By sharding along the
sequence axis, activation sizes are reduced, addressing
the memory pressure for copy and all-gather.

• Expected Impact: Step time decrease; memory usage
decrease for KV cache.

• Trade-offs: Dependency on sequence length for shard-
ing complexity.

A.5.3 Agent’s Recommendation and Justification
Dialogue

User: This model is very similar to [an internal inference
model A already in the knowledge base, redacted due to
confidentiality]. We run on tpu7x, Also, the total number
of TPU chips is 2.

Engineer’s Annotation: The agent initially defaulted to
4 chips due to Bayesian prior bias: its knowledge base is
dominated by TPU v4/v5 architectures where a 4-chip ”host”
is the standard unit of execution. When it encountered a
large 32B model, its internal heuristics overrode specific ”2-
chip” constraint, even upon saying so in the initial prompt,
assuming 4 chips were a physical or logical necessity for
a model of that size. We correct the agent by stressing
knowledge that grounds the agent more. Specifically, we
explicitly linked the workload to the TPU7x platform (that
has exactly 2 TPUs) and [model A] architecture.

Agent: Thank you for the clarification. The constraint
of having exactly 2 TPUs is critical and invalidates the
previous 4-chip suggestions. Given that the model is similar
to [model A] and is running on 2 TPUs, I will generate new
configurations.

Proposed Sharding Configuration 1 (Recommended)

• ICI Mesh: {’data’: 2, ’model’: 1}

• Strategy: Pure Data Parallelism.
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• Reasoning: Switches from Tensor Parallelism to Data
Parallelism. Places a full replica on each TPU and
splits the batch. This completely eliminates the
all-gather operations on weights.

• Expected Impact: Significant step time decrease;
communication shifts to efficient all-reduce.

• Trade-offs: Requires each TPU to hold the full model.
Feasible for 32B models on this hardware.

Proposed Sharding Configuration 2

• ICI Mesh: {’seq’: 2, ’model’: 1}

• Strategy: Pure Sequence Parallelism.

• Reasoning: Shards input sequence across two TPUs.
Effective at reducing KV cache footprint.

• Expected Impact: Decrease in HBM pressure from
activations.

• Trade-offs: Performance sensitive to implementation;
beneficial for very long sequences.

User: why do you recommend sharding data dimension
instead of sequence dimension?

Agent: My recommendation is based on principles of sim-
plicity, reliability, and directly targeting the identified bot-
tleneck.

1. Data Parallelism is the Most Direct Solution The
analysis showed the bottleneck was the all-gather re-
quired by Tensor Parallelism. Data Parallelism replicates
the model on both TPUs, meaning no all-gather on
weights is needed. It’s the cleanest fix.

2. Simplicity and Robustness Data Parallelism is well-
optimized in XLA. The single all-reduce required is
extremely efficient on a 2-TPU system and is less invasive
than Sequence Parallelism.

3. Sequence Parallelism Solves a More Specific Prob-
lem Sequence Parallelism reduces activation memory (KV
cache) for long sequences. If your sequence length isn’t
long enough to be a major memory burden, the extra com-
munication overhead (all-to-all) inside the attention
block might make it slower than Data Parallelism.


