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Abstract—Deep learning compilers optimize DNN program
execution by capturing them as operator-based computation
graphs. However, developers’ deep learning programs often
contain complex Python language features that prevent compilers
from recognizing the entire program as a complete computation
graph, resulting in sub-optimal performance. Our analysis reveals
that actual capture failures involve only a few lines of code,
we believe this problem can be addressed through code repair
rather than extensive compiler improvements. To address this
challenge, we introduce GraphGlue, a multi-agent system that
leverages LLMs to repair and optimize DNN programs for com-
piler requirements, thereby maximizing the performance benefits
of deep learning compilers in inference scenarios. GraphGlue
employs (1) graph-break cause mining (GCM) to identify hidden
causes of computation graph breaks and facilitate LLM-based
repair, and (2) self-correction with reject sampling (SRS) to
alternate between code debugging and regeneration, effectively
avoiding ineffective feedback attempts caused by incorrect initial
optimization strategies. Experimental results demonstrate that
programs optimized by GraphGlue achieve up to 2.19x (1.23x
on average) speedup compared to using TorchDynamo directly,
and deliver up to 15.77x (8.74x on average) memory savings
compared to state-of-the-art AI compiler frontends. GraphGlue
exhibits strong generalization capabilities across 1,411 real-world
user programs, successfully optimizing 92.63% of them. Code is
available at https://github.com/Jamesswang/GraphGlue.

Index Terms—computation graph, LLM, code optimization

I. INTRODUCTION

Deep learning frameworks serve as essential infrastructure
for contemporary artificial intelligence research and appli-
cations [1]. In recent years, as model complexity increases,
computational efficiency has become a critical bottleneck. To
address this issue, mainstream frameworks like PyTorch and
TensorFlow have introduced computation graph compilation
techniques that capture computation graphs from user code
and apply optimizations such as operator fusion and memory
optimization, significantly enhancing performance [2].

Despite these significant performance advantages, compu-
tation graph compilation effectiveness critically depends on
capturing accurate and complete computation graphs from user
code [3]. This requirement demands high-quality deep learning
code that avoids graph capture failures caused by Python’s
dynamic features and unsupported third-party library calls.
However, most developers are not deep learning framework
experts, making it extremely challenging for them to write
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such quality code. Currently, state-of-the-art graph capture
techniques such as PyTorch’s TorchScript, TorchDynamo [4],
AutoGraph [5], MXNet’s Hybridize [6] and MagPy [3] attempt
to address this conflict by enhancing compiler functionality.
However, these approaches require compiler designers to an-
ticipate and support countless graph break scenarios, which is
practically impossible.

These limitations prompted us to explore an alternative
approach to the problem. Instead of focusing on compiler
improvement, we examined the nature of code causing graph
breaks. We find that computation graph capture failures are
typically caused by just a few lines of inappropriate code that
break the computational flow. As Fig. 1 shows, even a single
operation can cause significant graph fragmentation. In this
example, using numpy.floor instead of torch.floor
within SubGraph 2 creates a “broken subgraph” that can-
not be traced by PyTorch’s graph capture mechanism. This
single line of code fragments what should be a complete
computation graph into three separate subgraphs (SubGraph
1, SubGraph 2, and SubGraph 3), with the numpy opera-
tion creating an untraceable gap in the computational flow.
The impact becomes more severe due to module stacking
and repetitive calls common in deep neural networks. When
modules containing such problematic operations are repeatedly
invoked or stacked in complex architectures, these small
breaks accumulate, resulting in highly fragmented computation
graphs. Importantly, we discovered that fixing these specific
problematic code segments can effectively “glue” fragmented
computation graphs back together. By simply replacing opera-
tions like numpy . £ loor with their PyTorch equivalents (e.g.,
torch.floor), we can restore graph continuity without
requiring fundamental improvements to complex graph capture
techniques.

Given these findings, we believe that targeting specific
problematic code patterns is more effective than simply ex-
panding compiler functionality. To this end, we propose using
Large Language Models (LLMs) for addressing such failures.
With their strong code understanding capabilities, LLMs can
precisely identify and rewrite problematic code segments.
Moreover, the limited dynamics of deep learning tasks, which
often follow predictable programming patterns, make them
particularly suitable for analysis by LLMs [3]. This approach
allows us to directly address the root causes of graph breaks,
rather than attempting to accommodate poorly written code
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Fig. 1: Example of a single operation causing graph break.

through further enhancement of compiler features.

While this example highlights the promise of targeted code
fixes, deploying LLMs for this purpose is far from trivial.
Specifically, we encounter two main challenges: first, com-
pilers hide the real causes for graph breaks, leaving LLMs
without clear information needed to make targeted fixes;
second, once an LLM starts with a wrong repair approach,
it tends to keep following that same wrong path instead of
trying different solutions, so the model gets stuck in errors
rather than finding the correct answer.

To address these challenges, we propose GraphGlue, a
multi-agent pre-compilation framework for inference scenarios
that leverages LLMs to optimize deep learning programs prior
to compiler execution. Pre-compilation means GraphGlue
performs one-time source code repairing before runtime.
It analyzes and repairs problematic patterns in user code,
generating improved PyTorch code. The repaired code runs
without GraphGlue involvement, ensuring no runtime over-
head. Specifically, GraphGlue captures compiler-generated
graph break information, transforms it into comprehensible
explanations using LLM reasoning capabilities, and generates
improved code that effectively “glues back together” computa-
tion graphs fragmented by code quality issues. This approach
enables deep learning code to fully utilize the performance
improvements offered by compilers during inference while
reducing the learning curve for users.

The main contributions of this paper can be summarized as
follows:

Code Optimization-Based Graph Capture: We propose,
for the first time, a method to improve computation graph
capture rates by optimizing user code rather than enhancing
compiler functionality. Through experiments, we demonstrate
that rewriting just a few key code segments can significantly
improve compilation results, avoiding the need to design
complex and ad-hoc compilation tools.

Graph-Break Cause Mining (GCM): We surface normally
hidden graph-break traces of TorchDynamo and feed them
to an LLM that rewrites the raw, compiler-centric logs into
concise natural-language explanations. By converting opaque
fallbacks into actionable clues, GCM equips subsequent repair
stages with an explicit view of the true breakpoints, eliminat-
ing blind trial-and-error.

Self-Correction with Reject-Sampling (SRS): To prevent

the LLM from pursuing increasingly incorrect repair attempts,
we insert a reject-sampling loop into the feedback phase: the
model may iterate on a repair several times, but if consecutive
attempts continue to fail validation, the entire trajectory is
discarded and the system restarts from the original code. This
mechanism forces exploration of alternative solution paths and
enables practical self-correction with only modest additional
inference cost.

Comprehensive Experimental Validation: We evaluate
GraphGlue’s effectiveness across multiple real-world deep
learning models. Experimental results demonstrate that
GraphGlue significantly reduces the number of graph break
points, resolves a wider range of graph breaks compared to
baseline approaches, improves computation graph complete-
ness, and ultimately enhances model computational efficiency.

II. MOTIVATION AND CHALLENGES

In this section, we outline the motivation for GraphGlue and
identify key technical challenges through an empirical study
and practical case analyses.

A. Motivation

In our empirical study, we utilize Torch Dynamo to analyze
PyTorch-based repositories from GitHub, aiming to identify
and summarize the primary causes of computation graph
breaks. This analysis forms the foundation for our approach
to computation graph optimization.

Our investigation reveals three predominant categories of
causes leading to graph breaks, as illustrated in Fig. 2:

1) Unsupported Operations: When operations not directly
supported by PyTorch’s compilation mechanisms are
used, graph breaks occur. These breaks typically
require minimal code changes to fix, such as replacing
deprecated APIs with modern equivalents or ensuring
consistent device placement. As shown in our example,
replacing Variable (torch.randn (x.size()))
with the equivalent but compiler-friendly
torch.randn_like (x) seamlessly resolves
the break while preserving the original functionality.

2) Dynamic Control Flow: When code -contains
conditional branches or operations based on runtime
tensor values, graph breaks occur. These breaks
can often be resolved with simple restructuring that
converts explicit control flow into tensor operations.
For instance, replacing tensor indexing and conditional
assignment (diff[diff > self.threshold] =
.. .) with the equivalent tensor-native operation using
torch.where (mask, smoothed_values,
diff) maintains the same computational logic while
enabling successful graph capture.

3) Tensor Tracing Disruptions: When tensor values are
converted to scalars or detached from the computation
graph, breaks occur. These disruptions can typically
be fixed by maintaining tensor semantics throughout
the computation chain. As illustrated in our exam-
ple, removing chain calls that extract scalar values
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Type 1 : Unsupported Operation

class GaussianNoiselLayer(nn.Module):
def __init__ (self):
super(GaussianNoiselLayer,

noise = Variable(torch.randn(x.size()))

noise = torch.randn_like(x)
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return x + noise

Type 2 . Dynamic Control Flow

class KeypointsMSESmoothLoss(nn.Module) :

def forward(self, keypoints_pred, keypoints_gt,

self).__init_ () y  keypoints_binary_validity): Q% ) def calculate_classification_error(self, X, Y):
o e (e Y = Y.float()
def forward(self, x): I diff[diff self.threshold] = torch.pow( _, Y_hat, _ = self.forward(X) O% Break
if self.training == False: :: diff[diff > self.threshold], 0.1) 0 )
return x 9\‘/5 Break :: * self.threshold xx 0.9 error = 1.0 - Y_hat.eq_(Y).cpu().f'Loat()

mask = diff > self.threshold
smoothed_values = torch.pow(diff, 0.1)
* self.threshold *x 0.9
diff = torch.where(mask, smoothed_values, diff)

Type 3 : Tensor Tracing Disruption ‘

class Attention(nn.Module):

.mean().data.item()
error = 1.0 - Y_hat.eq(Y).float().mean()

return error, Y_hat oo Glue

’

Fig. 2: Three common types of PyTorch computation graph breaks and how to glue them.
TABLE I: Examples of graph break logs and corresponding code.

Break Logs

Corresponding Code

dynamic shape operator: aten.bincount.default; to enable, set
torch._dynamo.config.capture_dynamic_output_shape_ops = True

diff[diff > self.threshold] = torch.pow(diff[diff > self.threshold], 0.1)

* gelf.threshold ** 0.9

torch.* op returned non-Tensor int call_function
<Wrapped method <original item>>

res

> —

= torch.topk(res.view((-1,)), int(num_voxels // self.k), sorted=False)

(.cpu().float () .mean() .data.item()) and
preserving the tensor form (.float () .mean()) ef-
fectively eliminates the graph break while producing
functionally equivalent results.

Crucially, our analysis reveals that most graph breaks stem
from specific code patterns rather than fundamental algorith-
mic requirements, and that targeted code modificationsoften
involving just a few linescan successfully glue these broken
graphs back together. These findings provide critical insights
that inform our approach. Rather than pursuing the more
complex path of enhancing the compiler’s capabilities to han-
dle problematic code patterns, we can identify specific break
patterns and systematically apply appropriate code fixing to
glue the graphs. This observation directly motivates our devel-
opment of GraphGlue, a framework that focuses on detecting
graph break points and automatically applying targeted code
transformations to optimize neural network implementations
for compilation.

B. Challenges

Our empirical study reveals that most graph breaks originate
from a handful of subtle code snippets, yet deploying an
automated repair pipeline is not as simple as calling an LLM.
We must first overcome two compounding obstacles that have
consistently undermined previous attempts.

Challenge 1: Unexposed Graph-Break Causes

When tracing fails, TorchDynamo does not surface an error;
it simply partitions the program into multiple sub-graphs and
continues execution, leaving the developer unaware of what
went wrong. Developers can flip a debug flag to reveal the
internal break reason, but the resulting dump is a dense mixture
of operator names, guard failures, and tracing metadata that
bears little resemblance to the original source code. Table I
shows two such messages: both are rich in compiler jargon
yet provide no obvious hint about which statement or tensor
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operation triggered the split. Consequently, neither humans nor
LLMs have a clear, actionable starting point for repair.

Challenge 2: Lack of Effective Self-Correction

Once an LLM begins to patch the code, interaction typically
follows a simple retry loop: the model proposes a fix, the
compiler re-runs tracing, and success or failure is reported. If
the initial hypothesis misses the real flaw, the model usually
refines the same mistaken idea. When the repair strategy is
fundamentally incorrect, subsequent attempts become futile
variations that cannot resolve the underlying issue. Fig. 3
illustrates this challenge with a concrete example. Starting
from an initial graph break, the system attempts multiple
repairs but gets trapped in an incorrect solution. Despite four
successive attempts with different repair strategy , the model
fails to identify the root cause and cannot successfully repair
the code, demonstrating how traditional feedback mechanisms
lead to persistent failure cycles when the initial repair strategy
is wrong.

Initial Graph Break : Optimized Code

Graph break code:
if self.count == 0

Break cause:
generic_jump TensorVariable()

15t Attempt

1

. : Optimized code: \
: count_is_zero = (self.count == :

1 1

1 1

0).float()

oo
Iy
'~

2" Attempt

Code Repair Failure:
Feature dimension
does not match.

31 Attempt

Code Repair Failure:
Feature dimension
does not match.

Code Repair Failure:
Argument does not match.

.o
‘/\

4™ Attempt

Code Repair Failure:
Got an unexpected keyword
argument.

Fig. 3: Example of several failed attempts.
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Fig. 4: The workflow of GraphGlue.

[II. METHODOLOGY

A. Overview

GraphGlue addresses computation graph fragmentation
through a systematic multi-agent approach that transforms
the complex problem of graph capture into a manageable
code repair task. Rather than improving compiler capabilities,
GraphGlue focuses on the fundamental insight that graph
breaks stem from identifiable code patterns that can be sys-
tematically detected and corrected.

As shown in Fig.4, GraphGlue employs a three-phase
collaborative framework where specialized agents work in
concert to achieve comprehensive computation graph repair.
The methodology begins with automated graph-break cause
extraction that precisely identifies fragmentation sources. This
information guides the repair phase, which applies targeted
modifications to restore graph continuity. Finally, GraphGlue
systematically validates both functional correctness and suc-
cessful graph capture, incorporating iterative feedback mech-
anisms for continuous improvement.

Each phase corresponds to a specialized agent within
GraphGlue. By decomposing the complex graph repair prob-
lem into specialized, manageable subtasks, each agent can
focus on its specific expertise while contributing to the overall
system coherence. This design enables robust handling of
diverse fragmentation patterns while maintaining reliability
through systematic validation and self-correction capabili-
ties [7].

B. Analysis Phase

The Analysis Phase forms the foundation of GraphGlue’s
repair pipeline, identifying and analyzing the root causes of
graph breaks. Orchestrated by the Analysis Agent, this phase
consists of two stages: computation graph capture and graph-
break cause mining. They work together to transform raw
compiler data into structured insights for downstream repairs.

1720

1) Computation Graph Capture: In the stage of com-
putation graph capture, the agent uses PyTorch’s Dynamo
compiler to perform a compilation-only analysis of the target
model, without executing it. This allows graph break points
to be captured in a controlled setting while avoiding the
computational cost of full execution.

During compilation, Dynamo systematically identifies and
logs each point where graph capture fails. When unsupported
operations or patterns are encountered, detailed logs are gen-
erated, capturing the technical context of each failure.

However, these logs are inherently verbose and contain
substantial internal compiler information that is difficult to
interpret. More importantly, much of the content is only
indirectly relevant to the actual code causing the graph breaks.
This noise obscures the essential details needed for effective
diagnosis, making further processing necessary to extract
meaningful knowledge.

2) Graph-Break Cause Mining (GCM): To address the
limitations of raw logs, the Analysis Agent performs GCM
to systematically transform unstructured compiler logs into
structured, interpretable representations. This stage also in-
corporates code structure analysis to ensure that repairs are
targeted and contextually accurate.

The agent first analyzes each graph break using an LLM
to generate natural language explanations of its underlying
causes. These explanations capture the semantic meaning be-
hind low-level compiler diagnostics, bridging the gap between
technical logs and human-readable insights.

With these high-level interpretations in place, the agent then
maps each identified cause to its corresponding class within
the source code, or to functions when class structure is not
available. This mapping is achieved through Abstract Syntax
Tree (AST) parsing, which decomposes the code into class-
based or function-based components and establishes precise
associations between graph breaks and their contextual loca-
tions. By restricting the scope of analysis to individual classes
or functions, this approach avoids unnecessary complexity.



Class or function-level structure inherently provides enough
context to support informed repair decisions without requiring
global code analysis.

C. Repair Phase

Task for Code Optimization

You are a PyTorch compiler expert specializing in TorchDynamo
graph capture. Analyze code snippets, identify graph break issues,
and provide optimized solutions.

Computational Graph Break Information

Input includes complete class/function code, specific break
locations, and break reasons in the following format:

<Code>

[code of a class or function]

<Break Code>[line causing graph breaks]</Break Code>

<Break Reason>[corresponding reason]</Break Reason>
</Code>

Requirements and Restrictions

Analyze code issues causing graph breaks and their impact on
propagation. Provide fixed code that maintains functionality and
ensures graph continuity. Explain your modifications. Output in:
<Optimized Code>

[Insert your fixed code here]

</Optimized Code>

Fig. 5: Concise prompt template of Repair Agent.

The code repair phase functions as the main phase of
GraphGlue, dedicated to optimizing user code while operating
under the guidance of GCM and the Feedback Agent. At the
center of this phase is the Repair Agent, which orchestrates
the entire repair process by integrating static analysis from
GCM and dynamic feedback from the Feedback Agent to
generate effective code modifications. Fig. 5 shows the prompt
design. We leveraged QWQ [8] as the cognitive foundation
for the Repair Agent, with a detailed analysis of how models
with varying capabilities affect system performance presented
in Section IV-D.

The code repair phase fulfills two essential functions: (1)
repairing graph-breaking code blocks in user programs based
on GCM’s static analysis results, and (2) iteratively refining
code implementation according to dynamic execution feedback
generated by the Feedback Agent. To ensure consistency
and reliability, the code repair phase produces output in
a standardized format where analytical reasoning and code
modifications are encapsulated within dedicated tags. This
structured approach not only enhances output quality but
also facilitates accurate interpretation by other steps in the
pipeline, significantly reducing errors caused by ambiguity or
incomplete information transfer.

D. Feedback Phase

To ensure the correctness and reliability of optimized code
transformations, comprehensive testing, validation, and feed-
back mechanisms are essential. In this phase, GraphGlue
employs a Feedback Agent that provides systematic upward
feedback through iterative testing to ensure code quality. This
Feedback Agent drives the entire feedback process, serving as
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the core component that validates optimized code and guides
the debugging workflow when issues arise.

Furthermore, to enhance feedback effectiveness, we propose
a self-correction with reject-sampling (SRS) mechanism that
strategically alternates between contextual feedback and com-
plete regeneration, enabling more robust error correction and
solution exploration.

1) Test and Validation: The Feedback Agent evaluates
optimized code by comparing the execution results between
the original user source code and the optimized version using
test cases derived from actual user inputs, following the
correctness validation approach of MagPy [3]. Specifically,
we feed identical inputs to both the original and optimized
code versions and verify that they produce exactly the same
outputs.

The Feedback Agent focuses on two critical aspects during
testing. First, it verifies code correctness by ensuring that
the optimized code produces identical outputs to the original
implementation. Second, it validates whether the optimized
code can be captured as a complete graph.

The workflow operates as follows: if the optimized code
executes correctly with the expected result matching the orig-
inal code output, precompilation concludes and the vanilla
deep learning compiler proceeds with execution. Otherwise,
the Feedback Agent returns detailed error information to the
Repair Agent for debugging.

2) Self-Correction with Reject-Sampling: Traditional feed-
back mechanisms forward previous output and error messages
to the development module for debugging. However, we
identified limitations in this approach for our specific task.
While different implementations may produce identical results
when developing a project, our scenario typically has only
one optimal implementation. When initial feedback-guided
modifications fail, it suggests the model is usually pursuing
an incorrect approach, often due to LLM hallucinations [9],
and further iterations along this path rarely yield meaningful
improvements.

To address this limitation, the Feedback Agent introduces
rejection sampling into the feedback process. The approach
follows a cyclical pattern: first, the Feedback Agent provides
feedback with full context of previous attempts; if this fails,
it triggers a complete regeneration by discarding all previous
context, prompting the model to restart from scratch. This
alternating sequence continues until success or until reaching
the maximum retry limit. This strategy preserves the advan-
tages of traditional feedback while encouraging exploration
of alternative solution paths, enabling the model to tackle
more challenging problems. By strategically abandoning un-
productive search trajectories, the Feedback Agent increases
the probability of discovering optimal solutions within a
constrained optimization space.

IV. EXPERIMENTS

To evaluate the performance of GraphGlue, we designed
a series of experiments to address the following five key
research questions (RQs):



RQ1: How does GraphGlue perform in terms of operational
efficiency and memory consumption compared to various
baseline methods?

RQ2: How does GraphGlue generalize compared to the base-
line methods?

RQ3: What is the impact of model capabilities on task
performance within GraphGlue?

RQ4: What is the impact of feedback iteration count and
strategies on DNN program code optimization?

RQS: What are the effects of the different components of
GraphGlue?

A. Evaluation Setup

Baseline In this article, we propose an LLM-based pre-
compilation technique to maximize the performance benefits
of deep learning compilers. To evaluate the effectiveness of
GraphGlue, we compare it with three types of baselines:

1. Eager mode: PyTorch’s default execution paradigm with
immediate operation execution, forgoing compilation and op-
timization for direct execution flexibility.

2. TorchDynamo [4]: PyTorch’s official compiler front-end
that dynamically modifies Python bytecode to extract compu-
tation graphs. It handles subgraph partitioning.

3. MagPy [3]: A state-of-the-art compiler front-end that
monitors runtime execution states to capture variable reference
relationships, generating more complete computation graphs.

Implementation Details Eager mode allows for direct
execution without a compilation step. All other baselines
use TorchInductor [4], PyTorch’s official compiler backend,
which translates captured computation graphs into optimized
machine code, as the compiler backend. GraphGlue de-
notes repairing the source code and then applying Torch-
Dynamo for graph capture. We use “qwen-max-latest” for
the Analysis Agent and “qwq-32b” for the Repair Agent.
Key parameters include: maximum tokens 8192, tempera-
ture 0.7, top-p 0.8. For end-to-end performance evaluation,
the input scale is detailed in Table II, with a fixed batch
size of 16. Time is measured by averaging 100 runs af-
ter 100 warm-ups. Peak memory usage is calculated using
torch.cuda.max_memory_allocated (). Unless oth-
erwise specified, the maximum number of feedback iterations
is set to 3.

Platform The evaluation is performed on an NVIDIA
V100S-PCIE-32GB GPU with two Intel Xeon Gold 5218
CPUs. The software versions are CUDA 12.2, PyTorch 2.5,
Python 3.9.

Benchmark The evaluation process is grounded in two
distinct model collections. The first is ParityBench [10], a test
set of 1,418 PyTorch models, which is used to examine the
application of various Python features in real code. Given that
this benchmark is only capable of automatically generating
input shapes, as opposed to acquiring real data, this results in
discrepancies with real-world scenarios. Magpy demonstrates
that a more complete captured computation graph leads to
higher performance of the compiled model [3]. Therefore, in
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TABLE II: Model information. Citation represent the number
of Google Scholar citations, and Source Code represents the
GitHub repo.

Model Input shape Citation Source Code
Quantized  image [16, 3, 224, 224] 439 eladhoffer/quantized
MaNet image [16, 3, 224, 224] 43 JingyunLiang/MANet
YoloV5 image [16, 3, 224, 224] 60557 ultralytics/yolov5
TridentNet image [16, 3, 224, 224] 1225 open-mmlab/mmdetection
MonoDepth image [16, 3, 256, 256] 3837  OniroAl/MonoDepth-PyTorch

128904
3301

Bert
ReFormer

text length 256
text length 1024

huggingface/transformers
huggingface/transformers

ParityBench, we equivalently verify whether the model is cap-
tured as a complete computation graph. To address this limita-
tion, we selected another 7 representative deep learning models
for performance and memory peak evaluation. These selected
models encompass prevalent neural network architectures and
application scenarios: the Transformer [11] architecture is
represented by the traditional Bert [12], and ReFormer [13]
which solving long sequence in Transformer models; and four
CNNs with varying architectures were selected for the visual
processing domain: YoloV5 [14], Monodepth-18 [15], MaNet
[16],and TridentNet [17], a ResNet-based [18] architecture;
and finally a quantized version of ResNet applying the Banner
team’s algorithm [19]. Table II shows the input configuration,
citations, and code sources.

B. RQI: GraphGlue vs. Baseline

Fig. 6 compares the end-to-end inference performance of
graph capture methods in our baseline.

GraphGlue achieves up to 1.49x (1.24x on average) speedup
over Eager execution and up to 2.19x (1.23x on average)
over vanilla TorchDynamo, with comparable performance to
MagPy. Unlike MagPy, which fails on the reformer model,
GraphGlue successfully compiles all tested models.

This acceleration stems from two key advantages: (1)
GraphGlue eliminates graph breaks, enabling complete graph
capture without Python interpreter intervention between sub-
graphs; (2) larger operator graphs enable more aggressive
backend optimizations, particularly operator fusion, whose
benefits will amplify as compiler technology advances.

Fig. 7 shows peak memory consumption across methods.
As model sizes increase and device memory remains lim-
ited, memory efficiency becomes critical. GraphGlue achieves
1.45x (1.15x on average) and 2.54x (1.37x on average) mem-
ory savings over Eager and vanilla TorchDynamo, respec-
tively. While Eager execution retains numerous intermediate
tensors, TorchInductor’s optimizations eliminate this overhead:
operator fusion removes the need to materialize intermediate
results, while GPU-specific memory layouts and efficient
pool management reduce fragmentation. GraphGlue’s larger
computation graphs amplify these benefits compared to vanilla
TorchDynamo. Notably, MagPy incurs up to 15.77x (8.74x on
average) higher memory overhead due to its reliance on real
tensor calculations during graph capture.

Table III lists the number of subgraphs generated by
GraphGlue and vanilla TorchDynamo. The subgraph count



2.19

2.2- Eager
< MagPy
250 TorchDynamo
2 GraphGlue
[ Y
£018-
FO
9816
=T 1.49 =
& o 141 @
oN1.4- o
g 1.27 a
£ L 22 1.16 5
g 1.21 111 L) : .60 o
- <
=~ 1ol 1.021.04 ;59 1.01 1.00 1.00 1.00 1.01 1.00 1.01 100 2% 1.001.001.00 = 103 1 0o
' o]
Quantized MaNet YoloV5 TridentNet MonoDepth Bert ReFormer
(17.9ms) (47.7ms) (3.6ms) (11.8ms) (19.3ms) (10.9ms) (10.0ms)

Fig. 6: End-to-end performance comparison on NVIDIA V100S, with results normalized to GraphGlue baseline, meaning all
values are divided by GraphGlue performance. Horizontal axis values represent GraphGlue performance.

16- 15.77
15-
14~ l

> _ Scale Truncated

55 ~ 8.51

EQs-

4

%8

EC 5.36

<

g2,

o]

0y 2.54

(] % 2-

-E £ 1.01 100 1.25 1.011.00 1.05 1.03 1.00

2 -

g So0- ‘ ‘ !

< Quantized MaNet YoloV5

(161.8MB) (1516.1MB) (145.2MB)

14.48

1.22

TrideﬁtNet
(188.0MB)

Eager
MagPy
TorchDynamo _

GraphGlue
-

4.69
3.62

1.49
1.00

1.45 1.33

1.00 1.06 1.001.00 1.04 1.20 1 o0

Graph Compile Fail

ReFdrmer
(434.9MB)

Bert
(194.2MB)

Monobepth
(553.9MB)

Fig. 7: Comparison of peak memory usage on NVIDIA V100S, normalized by GraphGlue, meaning all values are divided by
GraphGlue results. Values on the horizontal axis represent GraphGlue results.

TABLE III: Number of subgraphs.

Model TorchDynamo  MagPy  GraphGlue
Quantized 33 1 1
MaNet 9 1 1
YoloV5 12 1 1
TridentNet 25 1 1
MonoDepth 32 1 1
Bert 1 1 1
ReFormer 6 Error 4

is calculated based on the number of times TorchInductor is
called. These reported graph counts are lower than the actual
values because certain tensor operators can be executed im-
mediately without compilation. GraphGlue successfully trans-
formed all test models into an average of 1.43 computational
graphs, while vanilla TorchDynamo generated an average of
16.86 graphs. ReFormer could not be captured as a complete
computational graph due to dynamic branch selection in its
algorithm; nevertheless, our method still reduced graph breaks
in the model, providing performance benefits where possible.

In the overhead measurement, GraphGlue evaluates across
seven models, with an average precompilation time of 121.60
seconds. This process consists of log analysis (17.63 s), code

1723

TABLE IV: Result on ParityBench.

Valid cases Method Failed cases  Success rate
TorchDynamo 285 79.80%
1411 MagPy 255 81.93%
GraphGlue 104 92.63%

optimization (97.24 s), and verification (6.73 s). Importantly,
GraphGlue performs one-time precompilation before Torch-
Dynamo, requiring no repeated execution as long as the model
structure remains unchanged. This one-time cost is amortized
over long-term use and becomes negligible in practice. Further
discussion is provided in Section V-A.

C. RQ2: Generalization Assessment

We evaluate the generalization of our method using the
ParityBench benchmark, which contains 2000 real deep learn-
ing programs crawled from GitHub. Following the settings of
[3], we removed 589 samples from the benchmark where the
benchmark could not generate input tensors or encountered
errors. A sample is considered successful only if it is captured
as a complete computation graph and passes the comparison-
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Fig. 8: Error analysis for GraphGlue.

based test in the Feedback Agent. The experimental results
are shown in Table IV. TorchDynamo and MagPy can convert
79.80% and 81.93% of the models to complete computation
graphs, respectively. In contrast, our method can successfully
export 92.63% of the models to complete graphs. This demon-
strates that our method has stronger generalization and can
handle more complex Python programs.

To better understand the error modes of GraphGlue, we
conduct a qualitative error analysis. By manually examin-
ing 104 failed cases, we compile statistics on various error
causes as shown in Fig. 8. Our analysis reveals three primary
categories of failures: compiler errors (3.99%, 56 cases),
incorrect results, which means that the optimized model fails
the comparison-based test (1.63%, 23 cases), and graph
breaks during transformation (1.77%, 25 cases). Compiler
errors are further classified into four subcategories: (1) Syntax
Errors (e.g., SyntaxError, IndentationError); (2) Attribute &
Type Errors (e.g., AttributeError, TypeError); (3) Name &
Reference Errors (e.g., NameError, IndexError, ImportError);
and (4) Runtime & Logic Errors (e.g., ValueError, ZeroDi-
visionError, RuntimeError, CompilationError). Graph breaks
primarily stem from three sources: models with complex
dynamic control flows (e.g., RNNs), explicit interruptions
of the Dynamo capture process through constructs such as
@torch.dynamo.disable, and tensor tracing disruptions. The
majority of failures occur in scenarios that are theoretically
unrepresentable by a complete computation graph, particularly
those involving complex dynamic control flow or explicit
disabling of graph capture.

Further analysis shows that only a small subset of com-
piler errors (0.78%, 11 cases) stems from language model
hallucinations, such as indentation mistakes or calls to un-
defined methods. The majority (3.19%, 45 cases) result from
aggressive optimization attempts on complex code patterns or
dynamic structure scenarios where MagPy similarly fails. This
suggests that hallucinations have minimal impact on overall
failure rates. Instead, failures are primarily due to inherent
limitations of graph-based representations rather than model-
specific deficiencies.

Additionally, we evaluated the accuracy of our Graph-Break
Cause Mining (GCM) component by manually auditing 603
GCM-produced analyses across ParityBench and end-to-end
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TABLE V: GraphGlue with different LLMs.

Model Size  Failed cases  Success rate
Domain-Specific Models

Qwen2.5-Coder-7B-Instruct 7B 169 88.02%
Qwen2.5-Coder-32B-Instruct ~ 32B 138 90.22%
General-Purpose Models

Qwen?2.5-32B-Instruct 32B 140 90.08%
Qwen-2.5-max - 142 89.94%
Reasoning Models

DeepSeek-rl 671B 119 91.57%
QWQ(Ours) 32B 104 92.63%

models. The results show 98.67% accuracy (595 correct, 8
incorrect), with the few inaccuracies occurring in edge cases
involving complex compound statements. These rare errors do
not affect the overall conclusions of RQ?2.

D. RQ3: Revise on different LLMs

Repair phase is the main phase of GraphGlue. To explore
the impact of model capabilities on code repairing, we im-
plemented different agents using QWQ [8], Qwen2.5-Coder-
7B-Instruct [20], Qwen2.5-Coder-32B-Instruct, Qwen2.5-32B-
Instruct [21], Qwen2.5-Max and DeepSeek-R1 [22].

As shown in Table V, Qwen2.5-Coder-32B-Instruct out-
performs Qwen2.5-Coder-7B-Instruct, highlighting the impor-
tance of model scale and capacity. Furthermore, Qwen2.5-
Coder-32B-Instruct successfully processes more models
than Qwen2.5-32B-Instruct, demonstrating the advantage of
domain-specific training for code-related tasks. The reason-
ing models QWQ and DeepSeek-R1 significantly outperform
Qwen?2.5-Coder-32B-Instruct, underscoring the importance of
chain-of-thought reasoning abilities in understanding prompt
instructions and applying them to code generation tasks.
QWQ performs slightly better than DeepSeek-R1, possibly
because QWQ is released later and includes more relevant
knowledge in its pretraining data. These results suggest that
GraphGlue benefits from LLMs with strong chain-of-thought
reasoning capabilities and domain-specific expertise in code
understanding and generation.

E. RQ4: The impact of Feedback

To evaluate the impact of feedback mechanisms on code
optimization, we conduct controlled experiments varying the
number of feedback iterations up to 5. Fig. 9 presents the num-
ber of error cases (y-axis) across different feedback iteration
counts (x-axis) for both traditional and our proposed feedback
strategies. The results demonstrate that feedback mechanisms
significantly reduce optimization failures, with the most sub-
stantial improvement occurring between 0 and 1 iterations.
While both approaches show diminishing returns with addi-
tional iterations, GraphGlue exhibits consistent improvements
throughout all rounds, whereas traditional feedback reaches a
plateau after 2 iterations.

This performance divergence stems from fundamental dif-
ferences in feedback strategies. Traditional methods, which
debug previous results on the context of each iteration, of-
ten become trapped in local optima. In contrast, GraphGlue



TABLE VI: The effectiveness of each agent in GraphGlue.
Green highlighted portions indicate improvements compared
to Vanilla LLM. Bold values represent the best performance.

Roles Failed cases  Success rate
Vanilla LLM 192 86.39%
w/o Analysis Agent 150( ) 89.37%
w/o Feedback Agent 145( ) 89.72%
Feedbacks (Ours) 104( ) 92.63%

employs rejection sampling during specific feedback phases
(iterations 2 and 4), enabling the LLM to abandon unsuc-
cessful attempts and explore alternative solution paths. This
backtracking mechanism prevents the model from persisting
with incorrect approaches while effectively resolving syntax
errors. As shown in Fig. 9, GraphGlue reduces the error
count by 21 additional cases in the fifth iteration compared
to traditional methods, demonstrating that effective feedback
design is crucial for complex code optimization tasks with
multiple potential solution strategies.

F. RQ5: Ablation Study

160
150 4
140
130
120
110 4
100

=O— Traditional Method
== GraphGlue

Error Cases

Item

Fig. 9: The effect of feedback for GraphGlue.

To validate the contribution of each component in our pro-
posed GraphGlue framework, we conducte a comprehensive
ablation study. Table VI presents the failure rates of different
variants of our model, where each variant removes a specific
component from the complete framework.

The results clearly demonstrate that GraphGlue and all its
variants significantly outperform the vanilla LLM baseline
in code optimization tasks, with our complete GraphGlue
framework achieving the lowest failure rate among all variants
compared to the vanilla LLM, successfully optimizing 88
more test cases. When any part of the system is removed,
GraphGlue’s performance decreases. These findings indicate
that each component contributes positively to the overall
performance.

G. Case Study

We conduct two case analyses to qualitatively assess the
effectiveness of our method from different perspectives.

Case 1: Prompt Engineering and Feedback
Loop. We first examine the complete workflow using
test_pytorch_ignite in ParityBench as an example,
as shown in Fig. 10.

GraphGlue first locates graph-breaking code segments from
the compiler frontend TorchDynamo and extracts compiler
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logs (block (2)). To enhance interpretability, GraphGlue trans-
lates compiler-level information into natural language modal-
ity (block (3)). The code optimization LLM (Repair Agent)
then combines the translated graph break reasons with context
information to optimize the user code (block (4)). Our prompt
engineering employs three structured components to ensure
effective optimization: (1) task definition that specifies the
agent’s role in code optimization, (2) computational graph
break information including code location and break analysis
from the Analysis Agent, and (3) explicit output format
requirements with specified response tags. This structured
approach enables the LLM to understand both the technical
context and expected response format, where different agents
receive tailored information: the Analysis Agent processes
raw TorchDynamo logs while the Repair Agent works with
interpreted break reasons.

The testing module comprehensively evaluates the rewritten
code, including accuracy testing and graph-breaking testing. In
this test, LLM attempts to directly use alpha as a parameter
for torch.clamp, but overlooks the requirement that the min
and max parameters must have consistent types, resulting in
an error. The feedback module promptly reports the error
message upstream (block (5)). The code optimization LLM
subsequently repairs the code based on feedback (block (6)),
establishing consistent data types for the parameters. The
testing module evaluates the modified code and confirms all
tests pass, concluding the code generation process (block (7)).

In contrast, direct LLM optimization attempts fail because
the model lacks awareness of graph-breaking code locations.
This automated pre-compilation workflow operates without
requiring user attention or external input, effectively modifying
user code to achieve higher performance while maintaining
interpretability.

Case 2: Class-level Context Analysis. To demonstrate how
class-level structure inherently provides sufficient context for
effective code repair, we present a representative case involv-
ing a Denselayer class, as illustrated in Fig. 11. Although
this DenseLayer is instantiated and called by another class,
GraphGlue successfully handles the repair using only class-
level information.

The repair process follows three steps, as shown in
Fig. 11. After GCM identifies the graph break at if
self.weight_coef != 1, GraphGlue analyzes the class-
level context to understand the nature of this interruption.
Through contextual analysis, it determines that this graph
break can be resolved by eliminating the functionally redun-
dant conditional check within the forward method’s compu-
tational flow, demonstrating an informed repair strategy. This
case demonstrates that class-level structure provides sufficient
context for effective code repair decisions without requiring
global code analysis.

V. DISCUSSION
A. Limitations and Possible Solutions

We identify two primary limitations of our approach and
propose potential solutions:
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Fig. 11: A case of class-level context analysis.

(1) Compilation Time Overhead. The rapid advancement in
LLM inference capabilities has dramatically reduced the time
overhead associated with LLM-driven optimization approaches
like GraphGlue. Modern specialized hardware accelerators
such as Cerebras [23] can compress LLM inference processes
from tens of seconds down to mere seconds. This represents
a one-time cost that becomes increasingly negligible as in-
ference speeds continue to improve, making GraphGlue more
practical for routine deployment workflows.

(2) Dynamic Control Flow. Dynamic branches often depend
on intermediate tensor values determined at runtime to decide
subsequent computation graph structures, which is indepen-
dent of code quality. This creates significant challenges for
capturing the complete computation graph at the compiler
front-end. Furthermore, we validated Demucs [24], an RNN
model in the audio domain with over 370 citations, and
a GCN model from TorchBenchmark [25]. The dynamism
in RNNs stems from their recurrent structure and internal
state evolution, where the hidden state acts as a memory
updated at each time step through parameter sharing across
sequencesintroducing data-dependent control flow. For GNN
models, while basic implementations avoid dynamic behavior,
practical deployments require self-loop additions to preserve
node features. The dynamic nature arises from operations
that filter existing self-loops before adding missing ones,
causing variable output dimensions dependent on input graph
structurean unavoidable variability since self-loop existence is

input-dependent. Meanwhile, TorchInductor also lacks support
for RNN models [3], which further complicates the adaptation
of such models. Nevertheless, GraphGlue can still optimize
certain dynamic scenarios by converting dynamic branches
into torch.where operations or equivalent computations with
mask tensors. COCKTAILER [26] attempts to address this
challenge by designing a dedicated compiler backend for
dynamic control flows. We believe that enabling dynamic
control flow capture in the front-end represents a challenging
future research direction. Potential solutions might involve
developing hybrid approaches that combine static analysis
with runtime information collection, or designing specialized
intermediate representations that can accommodate conditional
execution paths based on symbolic execution techniques.

Despite these limitations, our approach demonstrates
promising results, and the modular framework design facil-
itates continuous improvement as technology advances.

B. Threats to Validity

External Threats. Although GraphGlue was extensively
evaluated on ParityBench, comprising 1,411 real-world pro-
grams, the benchmark may not fully capture the entire spec-
trum of deep learning code patterns encountered in practice.
Variations in coding styles and program structures could
impact the generalizability of our approach.

Internal Threats. The performance of GraphGlue is in-
fluenced by the underlying large language models (LLMs).
Variability across LLMs in code comprehension, optimization
generation, and error correction may affect consistency and
effectiveness. Additionally, the non-deterministic behavior of
LLMs may lead to divergent outputs even for identical inputs.

C. Future Work

Based on our findings, we present three future directions
for improving GraphGlue’s broken graph repair capabilities.

Retrieval Database Construction GraphGlue currently
relies on pre-trained LLM knowledge without learning from
previously resolved issues. Integrating Retrieval-Augmented
Generation (RAG) or domain-specific fine-tuning could en-
hance accuracy and reduce computational overhead. The pri-
mary challenge lies in constructing a high-quality knowledge
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base of broken-fixed code pairs with sufficient diversity and
generalizability to avoid introducing noise or irrelevance.
More Complete Testing Following the experimental ap-
proach of MagPy [3], GraphGlue uses user-provided sample
inputs for correctness validation. We plan to augment the
Feedback Agent with an LLM-powered test case generation
module to automatically produce comprehensive test cases,
improving coverage and robustness. Additionally, we will
explore incorporating non-executable code review and self-
reflection to reduce reliance on executable validation.
Support for Training Current evaluation of GraphGlue
focuses primarily on inference. Although the methodology is
theoretically generalizable to training, several practical limita-
tions emerge when applied to the full training lifecycle. Train-
ing involves not only forward propagation but also backward
propagation and gradient updates, requiring any modification
to maintain correctness throughout the entire computational
process. This imposes higher demands on the LLMs and
substantially increases validation overhead, as execution-based
testing must now cover full training cycles to ensure cor-
rectness. Future work will explore integrating GraphGlue into
IDEs to assist users with real-time optimization suggestions.

VI. RELATED WORK

A. Deep Learning Compiler

Research in deep learning compilation primarily focuses
on computation graph capture and graph-level optimization.
For computation graph capture, trace-based and analysis-
based approaches prevail. Trace-based methods such as
torch.jit.trace [27] and torch.fx [28] generate static graphs
with limited adaptability, while AutoGraph [5] and JAX.jit
[29] offer recompilation capabilities but fail to detect external
value modifications. LazyTensor [30], Terra [31], and Torchy
[32] ensure correctness through re-tracing but introduce run-
time overhead. Analysis-based approaches such as Janus [33],
torch.jit.script [27], TorchDynamo [4], and MagPy [3] extract
graphs through code analysis, but either support limited Python
features or struggle with complex programs.

Graph-level optimization generally employs graph replace-
ment or operator fusion. TASO [34], PET [35] and EinNet [36]
optimize the computational graph structure using replacement
techniques, while Rammer [37], DNNFusion [2], AStitch [38],
GraphTurbo [39], and Welder [40] combine neighboring op-
erations to reduce memory access and improve computational
density. Additionally, systems like Rammer [37], DNNFusion
[2], AStitch [38], GraphTurbo [39], and Welder [40] target
individual operator performance optimization. Furthermore,
HARP [41] enhances computation graphs through holistic
analysis of host code and graph interactions. However, it still
relies on existing graph capture techniques.

Despite these advances, existing methods suffer from lim-
itations in computation graph capture that prevent handling
incomplete capture scenarios. Since graph-level optimizations
depend on complete computation graph capture, pursuing more
comprehensive graph capture approaches is essential.

B. Automatic Programming

As LLM technology has evolved iteratively, NLP-based
automatic programming systems have gained significant trac-
tion across various domains [42]-[47]. Recently, LLM-based
agents implementing the ReAct paradigm [48] have further
accelerated progress in automatic programming [49]-[52].

Several notable frameworks have emerged in this space.
Multi-agent systems have emerged to tackle limitations in
single-LLM code generation. Works like Self-Collaboration
[53] and MetaGPT [54]address complex task decomposition
through role-based collaboration, while TRANSAGENT [55]
targets cross-language translation accuracy through specialized
error handling. RRG [56] focuses on improving retrieval-
augmented approaches by bridging preference gaps between
retrieved and generated code.

However, an emerging challenge that has not received
sufficient attention is the generation of deep learning compiler-
friendly DNN programs. Despite the significant performance
benefits that compilers offer through hardware-specific opti-
mizations, current LLMs lack exposure to compiler-friendly
DNN code in their pre-training data, limiting their ability to
generate programs that leverage these advantages.

VII. CONCLUSION

In this paper, we addressed the fundamental gap between
user-written DNN programs and compiler requirements: deep
learning compilers often fail to capture complete computation
graphs due to complex Python language features, resulting in
sub-optimal performance. To bridge this gap, we presented
GraphGlue, an LLM-based deep learning pre-compilation
framework that effectively repairs and optimizes DNN pro-
grams to maximize the performance benefits offered by deep
learning compilers. GraphGlue employs two key innovations:
(1) Graph-Break Cause Mining (GCM) to identify hidden
causes of computation graph breaks and facilitate LLM-
based repair, and (2) Self-Correction with Reject Sampling
(SRS) to alternate between code debugging and regeneration,
effectively avoiding ineffective feedback attempts caused by
incorrect initial optimization strategies. Our comprehensive
evaluation demonstrates that GraphGlue achieves up to 2.19x
speedup compared to TorchDynamo and up to 15.77x memory
savings compared to state-of-the-art compiler frontends, with a
92.63% successful optimization rate on 1,411 real-world user
programs. These results establish GraphGlue as an effective
solution for bridging the gap between user-written DNN code
and optimized compiler representations through targeted code
repair. Future development includes extending GraphGlue to
frameworks like TensorFlow and MXNet, and enhancing sup-
port for decoder-only architectures to improve generality and
practical utility.
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