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1 Abstract

As Large Language Model (LLM) agents are increasingly integrated into autonomous decision-making
pipelines, the demand for memory-safe, low-latency, and numerically reliable inference engines has
grown. While PyTorch remains the industry standard, the emerging Burn framework offers a Rust-
native alternative promising superior performance and safety. However, the lack of rigorous verification
for its underlying tensor operations remains a barrier to adoption for high-stakes agentic tasks. In this
paper, we present BurnMark, a dual-purpose framework for the systematic evaluation of Burn-based
LLM agents. First, we implement a differential fuzzer that validates the correctness of Burn’s tensor
arithmetic and autograd engine against PyTorch to detect numerical divergences and computational
graph bugs. Second, we provide a performance benchmark focusing on the end-to-end latency of
agentic loops, measuring the overhead of Burn with different backends compared to traditional Python
environments. Our results demonstrate that while Burn offers major advantages in memory and
latency, differential fuzzing is essential to ensuring the logical consistency required for truly reliable
agent reasoning.

2 Introduction

While Python’s PyTorch is currently dominating research and production workflows, Rust is emerging
as a new, powerful systems language geared towards maximizing performance and safety. It has been
gaining increasing popularity in edge or embedded computing environments, both of which are current
frontiers for LLM/AI development as a whole. Developing mechanisms to compare the correctness
and performance of PyTorch to Rust-based alternatives can prove useful when developing LLM agent
based systems within these kinds of environments where Python is not conventionally used.

Our project is a benchmarking and fuzzing tool that is designed to evaluate LLM performance across
multiple different executable environments, utilizing the Burn library to compare the performance of
LLM models on different backends versus Python’s PyTorch. It has a controlled comparison system,
in which we have identical model configurations, input shapes, and evaluation procedures. The tool
measures key performance metrics including throughput, time to first token (TTFT), per token latency,
generation speed, and more.

This tool useful and relevant to LLM systems as it allows developers and researchers to understand
possible tradeoffs between different frameworks, languages, and hardware backends particularly with
respect to cases when a Rust-based framework may prove desirable over conventional PyTorch systems.
Even in general, this tool can be used to evaluate model architectures and their overall effectiveness.
Additionally, it highlights performance bottlenecks and possible implementation differences that can
impact the observed results. This tool also includes capabilities to fuzz the functionality of Burn to
determine the correctness of the different backends to PyTorch’s ground truth, as the latter already
has been battle-tested with it being so commonly used.
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3 Background/Preliminaries

Current LLMs are based on transformer architectures that rely on self-attention mechanisms to model
long-range dependencies in data. During inference, token generation occurs in two primary stages:
the prefill phase, where the initial input prompt is processed in parallel, and the decode stage, where
subsequent tokens are generated auto-regressively. Important performance metrics for evaluating these
phases include time-to-first-token (TTFT), per-token latency, and overall throughput (tokens per sec-
ond).

Currently, Python dominates the landscape of LLM deployment, with researchers and practitioners
heavily relying on PyTorch [PGM+19]. At its core, PyTorch provides an intuitive programming model
with robust support for dynamic automatic differentiation [PGC+17]. This foundation is heavily
augmented by ecosystem libraries like Hugging Face Transformers, which streamline model definition
and deployment. While PyTorch is highly flexible and supports robust hardware acceleration through
CUDA and Apple’s Metal Performance Shaders (MPS), this flexibility comes with inherent system-
level overhead. Most notably, Python’s Global Interpreter Lock (GIL) prevents true multi-threading
execution. This can create significant bottlenecks and latency overhead in highly concurrent serving
environments, particularly when low latency and high throughput are strict requirements.

To address these system-level constraints, Rust-based frameworks like Burn and Candle have re-
cently emerged. These frameworks aim to improve execution performance, memory safety, and con-
currency guarantees without the overhead of a garbage collector or a GIL [LCG+17, APZ+24]. Recent
efforts exploring Rust for high-performance systems and LLM workloads indicate that Burn can be
highly reliable and efficient for these tasks [Mis24, HSMB25]. While Burn offers a comprehensive deep
learning framework with a modular, multi-backend architecture, Candle provides a minimalist, efficient
inference engine heavily optimized for quantized models. Overall, both Burn and Candle aim to offer
developers lower-level system control while strictly maintaining memory safety.

Comparing different system-level frameworks for LLM workloads is often challenging due to vari-
ances in model configurations, backend behaviors, and measurement methodologies. BurnMark ad-
dresses this challenge by providing a benchmarking and fuzzing suite that evaluates both PyTorch and
Rust-based frameworks under strictly controlled conditions, ensuring accurate and equivalent perfor-
mance comparisons.

4 Scope and Use Cases

Its primary scope is to provide a controlled comparison between Rust-based LLM implementations
and Python’s PyTorch. We are trying to assess the system’s level performance characteristics.

This tool can be applied in multiple practical situations:

• Research Use: The tool can be used to collect data on model performance as a whole, comparing
how different LLM architectures perform on provided hardware across a variety of metrics.

• Backend Evaluation: Due to how the direct one-to-one model performance comparisons between
backends, this tool is useful for understanding different system implementations and how it
can affect the performance of the LLM. Depending on the model architecture and computing
environment, this tool can help a developer decide which backend is best suited for a given task.

• Decision Making: The tool works with CPU, GPU, and Metal, allowing to determine how well
common LLM tasks like training, inference, etc. will perform with different models or backends
and when to prefer one over another.

• Correctness Evaluation: The fuzzing tool allows for developers to verify that certain commonly
used functions in Burn are equivalent to their PyTorch counterparts. In cases where there appears
to be a mismatch, changes can be made to improve Burn to enable it to compare better to the
more robust PyTorch library.

In short, our tool provides engineers and researchers a practical way to study how different large lan-
guage model implementations, system-level backend tools, and hardware configurations can influence
system performance.
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5 System Design and Key Components

Our model consists of two key parts: a benchmarking tool and a fuzzer.

5.1 Benchmarking Tool

The benchmarking tool is comprised of three separate sections. The first to measure the backend
throughput of Burn, next to benchmark LLM inference, and finally benchmarking LLM training.

5.1.1 Burn Backend Throughput

This section is focused primarily on evaluating backend throughput. For our testing, we created two
small toy GPT models, but this can be substituted out for other models. The same custom GPT
model is run using different backends on the same inputs, with the goal being to exclusively isolate
how a given backend performs.

Metrics evaluated include tokens per second, average time per iteration, 90/95th percentile latency,
and finally peak memory. Tokens per second directly evaluates how quickly data can be pushed through
a given model, being the critical metric in this section. Average time per iteration determines the
average cost of a single forward pass through the model. 90/95th percentile iteration times judge how
consistent the latency is between different passes on the backend, providing additional context to the
average time.

Overall, this section offers a robust suite of benchmarks geared towards evaluating many different
backends at once through Burn. A purely Python-based version is also provided. As Burn matures
and offers more backends, this tool will still easily be able to compare against those as well.

5.1.2 LLM Inference Benchmarking

Within this section, we benchmark inference performance with the Candle backend using a real pre-
trained model that can be selected beforehand. Provided a HuggingFace token, a model will be fetched
from the site and inference will then be performed with several real prompts. By default, TinyLlama
is used (in GGUF format) but different models can be incorporated.

Metrics we track in this section include time to first token (TTFT), decode throughput, 90/95th
percentile per-token latency, total end-to-end time, and peak memory. TTFT is the time from when
the model receives the input prompt to when the first output token is received, a valuable metric to
judge how long model response takes as prompt size scales up. Decode throughput measures how
quickly a model generates tokens after it produces its first output token, useful for comparing models
to one another. 90/95th percentile per-token latency measures generally how consistently the model
generates tokens. End-to-end time is just the total time from receiving the prompt to when the output
generated by the model is completed.

In short, this section’s metrics provide context to how Candle’s inference tools compare to PyTorch-
based systems, allowing for a good frame of reference for deciding when to use one over the other or
to determine how capable the Candle library is overall.

5.1.3 LLM Training Benchmarking

This section takes advantage of Burn’s features to provide a visual on how well a model is training,
showing live loss curves for training and validation during each epoch. For the sake of our testing,
we again used some basic toy GPT models and trained them using random data. Memory use is
also logged during this full process. Different backends can be used, allowing for effective comparison
between the Rust options and PyTorch.

Metrics collected in this section include items per second, 90th/95h percentile step latency, and
peak memory use much like section 1. Items/sec uses Burn’s built-in throughput metric, displaying
the sequences processed per second through the entire training process (forward pass, backward pass,
optimize update). The remaining metrics are much like before.

Ultimately, this rounds out our set of benchmarking tools so that we cover the three main useful
areas in which we can evaluate an LLM system: backend choice, inference, and training. Comparisons
to Python allow for a complete picture for an end user to make choices based on their use case. This
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is extremely valuable for LLM systems as having all these metrics within one tool allows for ease of
use when studying LLMs/agents within different environments.

5.2 Fuzzer

To ensure the reliability and correctness of the Rust-based backends evaluated in our benchmarking
suite, BurnMark incorporates a dedicated fuzzing module. Because performance metrics are only
valuable if the underlying calculations are mathematically sound, this fuzzer is designed to rigorously
test the computational graph construction, automatic differentiation (autodiff) engine, and core tensor
operations of the Burn library. It achieves this by performing continuous differential testing, utilizing
PyTorch as the ground truth oracle.

With differential fuzzing, we compare multiple implementations of one specification to check against
each other. For example, we compare Burn’s NdArray against Burn’s binding to LibTorch. LibTorch
(PyTorch) acts as the ground truth. Our inputs are the randomly generated program, represented as
our custom Abstract Syntax Tree (AST), and the random seeded values. Our outputs are the tensor
values and gradient.

5.3 AST Generation

A leaf is an input tensor to our program. We can generate mutliple leafs that are strung together
with operations, which are nodes that actually do the computation in our program. Each operation
creates a register, which can be an intermediate computation that has a probability of being borrowed
again in the future, especially if it is a ”sink” register. A sink register is one that is not used by other
registers. The more recent the sink register, this means the ”deeper” within the tree we are, and the
more likely it is to be reused so we create dense trees with less dead ends. Finally, we do a backward

pass on the last register, which propagates to at least one leaf.
We can support the following operations:

• Linear Operations: Matrix multiplications (matmul) and standard linear transformations.

• Element-wise Operations: Additions, subtractions, multiplications, and broadcasting.

• Non-linear Activations: Common activation functions such as ReLU, Sigmoid, and Softmax.

• Transformations: Reshaping, transposing, and slicing.

The random bytes are provided by arbitrary, and our enum for node operations is semi-randomly
constructed. Due to shape and rank transformations that are possible, we need type inference within
our AST generation so we do not keep generating invalid programs. As we pattern match throughout
the AST/program, we view the previous registers, from which we can borrow shapes and valid tensors
that allow us to use the current operation.

1 r0 [8x4] = leaf(8x4)

2 r1 [4x4] = leaf(4x4)

3 r2 [8x4] = r0.matmul(r1)

4 r3 [8x4] = r2.powf(r2)

5 r4 [1x1] = meanA11(r3)

6 backward(r4)

Listing 1: An example register file doing autograd.

For example, to generate a valid matmul operation, our generation:

• Picks a register (higher probability of choosing sink register)

• Filters all registers that are matmul compatible with the source register

• If empty, generates a unary operator instead and returns

• Else, picks register from the filtered list (higher probability of choosing sink register)

• Pushes the shape valid instruction to our register file vector
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In this way, we are shape borrowing throughout our program, allowing for more valid AST gen-
erations and rapid fuzzing. Some improvements to our AST generation is that instead of picking a
random register, we can put “compatible” registers in groups, and randomly pick a group. This is
important for higher rank tensor support (3D, 4D).

6 Usage and Examples

All three sections can be run in the following ways. By default,

cargo run --release -p llm_benchmark --features candle,train -- --model tinyllama

will run all three sections. The metal feature is optional for GPU acceleration when running on
a compatible mac. Model can be selected with the appropriate model flag. For certain models, a
HuggingFace token will need to be set in the environment as such:

HF_TOKEN=hugging_face_token OR HUGGING_FACE_HUB_TOKEN=hugging_face_token

Currently, we have four models supported by default in our tool: TinyLlama, Phi3, Llama3-1b,
and Llama3-3b. The latter two require the token while the former two do not. Other models can be
added to the model registry in the code if a user desires for further selection.

Taking out the candle flag will prevent Section 2 from running and taking out the train flag will
prevent Section 3 from running. This can be done depending on the use case to only run desired
sections.

The Python equivalents of sections 2 and 3 can be run with the following command:

python3 llm_benchmark.py --model llama3-1b --device cpu

.
For any runs using the LibTorch backend in Burn, the tch feature needs to be included as well,

with LibTorch also being installed and findable on the system.
For the fuzzer, to run tensor single operation fuzzing, perform the command:

cargo +nightly fuzz run fuzz_single_op

For operation fuzzing in general:

cargo +nightly fuzz run fuzz_tensor_ops

Finally, to run the fuzzer on one particular example provided, or a user provided fuzzing case:

cargo +nightly fuzz run example

.

6.1 PyTorch Benchmark

Prompt Prompt Tokens Output Tokens TTFT (ms) Decode Tok/s P50 Latency (µs)

short-creative 10 0 94.19 0.00 0
short-factual 13 0 124.76 0.00 0
medium-code 32 55 325.05 30.21 33102
medium-reasoning 50 0 591.32 0.00 0
long-summaries 181 150 2312.20 29.11 34641

Table 1: PyTorch inference benchmark results for TinyLlama-1.1B across prompt types.

PyTorch’s benchmarking results have variability and stability depending on the model and the
prompt characteristics. For TinyLlama-1.1B from Table 2, it can be seen that there are several
prompts that resulted in zero output tokens, which might be due to having an earlier termination in
token generation, thus leading to having a zero decode throughput. However, there were some prompts
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Prompt Prompt Tokens Output Tokens TTFT (ms) Total Time (s) Decode Tok/s P50 Latency (µs)

short-creative 9 64 103.62 2.47 27.05 37505
short-factual 12 128 138.34 4.93 26.71 37880
medium-code 25 256 282.42 10.02 26.30 38248
medium-reasoning 44 200 607.17 8.18 26.41 38188
long-summaries 158 107 2372.60 6.49 26.01 38468

Table 2: PyTorch implementation (MPS backend) inference benchmark results for Llama-3.2-1B across
prompt types.

that generated output tokens and achieved a throughput of approximately 29 to 30 tokens per second,
while taking per-token latency between 33-35 ms.

For Llama-3.2-1B, the metrics and behavior is more consistent across all of the prompts. It got a
decoding throughput that was pretty constant between 26 to 27 tokens per second, with a per-token
latency that stayed around 26-27 ms. This suggests that the PyTorch implementation has a predictable
decoding performance, with very small variance the second that token generation begins.

Across both of the models ran on PyTorch, the time-to-first-token (TTFT) increases significantly
with the prompt length. Having this trend is to be expected because naturally as prompt length
increases, the model will require additional time to process the input tokens before generating an
output response. However, this is a valuable metric to see how compare how different models scale
with increased prompt size, allowing for better evaluation of different model architectures.

6.2 Burn with Candle Benchmark

The results of Table 4 and Table 3 shows a significant difference between TinyLlama-1.1B and
Llama-3.2-1B for Candle, Rust’s implementation.

First, in Table 4, it demonstrates that it is more consistent across all of the prompts. For Candle’s
TinyLlama, it has zero output tokens for short creative and medium reasoning prompts, but in contrast,
in Llama-3.2, it consistently generates outputs for every prompt. This means that there is no early
termination for Candle in Llama-3.2.

Now looking at the time-to-first-token (TTFT), it has similar trends in both of the models, where
it increases with the length of the prompt.

For latency, TinyLlama has a more consistent per-token latency when generation occurs, having
approximately 17-19 ms. But Llama-3.2 maintains a bigger range of 16-20 ms, but also has a consistent
output generation across all of the prompts.

Also note that TinyLlama occasionally produces no output or oddly short output. This is likely
due to the model being particularly small and using greedy decoding which can lead to EOS tokens
being output much earlier than it should. In comparison, we can see that the bigger, more robust
Llama models consistently produce reasonable output.

Prompt Prompt Tokens Output Tokens TTFT (ms) Total Time (s) Throughput (output tok/s) P50 Latency (µs)

short-creative 10 0 128.43 0.13 0.00 0
short-factual 13 106 163.70 2.03 56.81 16998
medium-code 32 57 448.95 1.44 57.60 17091
medium-reasoning 50 0 628.48 0.63 0.00 0
long-summaries 181 29 2356.40 2.92 51.13 19564

Table 3: Candle (Rust) implementation inference benchmark results fo TinyLlama-1.1B.

Prompt Prompt Tokens Output Tokens TTFT (ms) Total Time (s) Decode Tok/s P50 Latency (µs)

short-creative 9 64 103.94 1.11 63.85 15949
short-factual 12 128 136.68 2.51 54.03 17293
medium-code 25 256 278.82 5.07 53.48 18519
medium-reasoning 44 200 490.62 4.16 54.47 18327
long-summaries 158 150 1816.52 4.84 49.65 20161

Table 4: Candle (Rust) implementation inference benchmark results for Llama-3.2-1B Q4 K M.
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6.3 PyTorch vs Candle

Model Backend Prompt TTFT (ms) Throughput (tok/s) P50 Latency (µs)

Llama-3.2 PyTorch short-creative 103.62 27.05 37505
Llama-3.2 Candle short-creative 103.94 63.85 15949

Llama-3.2 PyTorch medium-code 282.42 26.30 38248
Llama-3.2 Candle medium-code 278.82 53.48 18519

Llama-3.2 PyTorch long-summaries 2372.20 26.01 38468
Llama-3.2 Candle long-summaries 1816.52 49.65 20161

Table 5: Comparison of PyTorch and Candle inference performance for Llama-3.2-1B.

When comparing the differences between PyTorch and Candle implementations, there is a clear
performance difference in its decoding throughput, as can be seen in Table 5. For both the TinyLlama
and Llama models, Candles implementation has a significantly higher decoding throughput than Py-
Torch by approximately 2× to 2.5×. For example, looking at the medium-code prompt, Candle gets
57.6 tokens per second for TinyLlama compared to PyTorch’s 30.21 tokens per second.

Additionally, Candle also has lower per-token latency. While PyTorch achieved a latency range of
33-38 ms per token, Candle got approximately 16-20 ms per token. This suggests that in terms of
latency, Candle is more efficient in token generation.

TTFT is also another important comparison between PyTorch and Candle as both achieved an
increase in latency as the length of the prompt increases. However, Candle received lower TTFT in
medium-code and long-summaries, which means that it may be more efficient in some cases.

Overall, it can be concluded that Candle can be a viable backend for inference due to its excellent
throughput and latency, but PyTorch is more stable and reliable considering its battle-tested nature.

6.4 Fuzz Bugs Uncovered

There were 17 different bugs we uncovered with our current BurnMark module. Many more can be
uncovered in ‘continuous‘ mode, higher rank tensor support, and more operations. Some issues include
incorrect gradients when dividing tensor by itself and floating point precision issues with powf() and
log() (possibly caused by SIMD vectorization).

1 === AutogradProgram [2x152] (max_leaves =4) ===

2 x_0 = input (2x152 , 8 seed bytes , fallback) [requires_grad , seed]

3 t0 = x_0 # accumulator seed

4 t1 = log(t0)

5 grads = backward(t1)

6

7 oracle mismatch [0]: NdArray =-3.375, LibTorch = -3.371348 (grad x_0)

8 oracle mismatch [1]: NdArray = -1.3789063 , LibTorch = -1.3772159 (grad x_0)

9 oracle mismatch [3]: NdArray = -3.7578125 , LibTorch = -3.7527833 (grad x_0)

10 ...

Listing 2: Autograd mathematical bug.

Most importantly, our fuzzer successfully identified a critical memory management bug within
Burn’s LibTorch backend binding. The issue was isolated using an auto-generated tensor operation
sequence. Below is a realistic transformer example that computes a decorrelation/energy regularizer
on a set of flat logits:

1 fn transpose_repro_loss <B: AutodiffBackend >( logits_flat: Tensor <B, 2>) -> Tensor <B, 1>

{

2 // Decorrelation/energy regularizer on logits (legit auxiliary signal).

3 // Build a square Gram matrix so transpose/add matches shapes.

4 let t0 = logits_flat.clone().transpose ().matmul(logits_flat);

5 let t1 = t0.clone().transpose ();

6 let t2 = t1.clone() + t0.clone ();

7

8 // Penalize large correlations (L2 on Gram matrix).

9 (t2.clone () * t2).mean()

10 }
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Listing 3: LLM tensor operation sequence triggering the FFI memory bug.

1 SECTION 3: Training Throughput + Burn TUI Dashboard

2 ===========================================================

3

4 Model: TINY -TRANSPOSE (training)

5 [ Training: LibTorch -Autodiff (CPU) | tiny -transpose model | 3 epochs | batch =4 | seq

=64 ]

6 === PANIC ===

7 A fatal error happened , you can check the experiment logs here => ’/tmp/

llm_benchmark_train/LibTorch -Autodiff_(CPU)/exp riment. log’

8 thread ’main’ (71928) panicked at .../burn -tch -0.20.1/s rc/ops/base.rs :361:40:

9 called ’Result :: unwrap ()’ on an ’Err’ value: Torch("unsupported operation: some

elements of the input tensor and the written -to tensor refer to a single memory

location. Please clone () the tensor before performing the operation. \nException

raised from assert_no_partial_overlap ..."

Listing 4: Bug output with attempted LLM training.

The bug stems from how the Foreign Function Interface (FFI) handles tensor cloning and memory
views. In tensor frameworks, operations that modify a tensor’s view (such as a transpose) require a
proper clone if the tensor is being modified in-place without altering the original underlying data.

Through our fuzzer’s automated forward and backward pass evaluations, we discovered that Burn’s
LibTorch binding was incorrectly performing a shallow clone rather than a deep copy, despite the
explicit clone() calls. When the transposed view was modified or used in subsequent graph operations,
the shallow clone caused unintended memory sharing across the FFI boundary, leading to incorrect
gradient calculations and memory corruption.

The resolution to this bug requires maintaining an explicit parent/child relationship within the
tensor metadata. By tracking these relationships, the backend can safely detect when memory sharing
exists and force a deep copy during in-place view modifications.

1 // Before (Buggy): The new tensor loses its connection to the original storage

2 pub fn swap_dims(tensor: TchTensor , dim1: usize , dim2: usize) -> TchTensor {

3 let tensor = tensor.tensor.transpose(dim1 as i64 , dim2 as i64);

4 TchTensor ::new(tensor)

5 }

6

7 // After (Fixed): The new tensor explicitly shares the parent ’s storage

8 pub fn swap_dims(tensor: TchTensor , dim1: usize , dim2: usize) -> TchTensor {

9 let storage = tensor.storage;

10 let tensor = tensor.tensor.transpose(dim1 as i64 , dim2 as i64);

11 TchTensor :: partial(tensor , storage)

12 }

Listing 5: The required fix in Burn’s LibTorch backend. By using TchTensor::partial and passing
the original storage, the parent/child memory relationship is explicitly maintained.

As shown in Listing 5, the original implementation of swap dims instantiated a new TchTensor

wrapper around the transposed LibTorch tensor. Because it used TchTensor::new, Burn’s higher-level
graph lost the reference to the original tensor’s memory allocation, incorrectly assuming this new view
was an independent, deeply-copied tensor.

The fix ensures the Rust-side memory metadata accurately reflects that the transposed tensor is
merely a view sharing the same underlying data. With this explicit parent/child relationship main-
tained, Burn’s graph can correctly track memory sharing and force deep copies only when necessary.

This discovery highlights the necessity of BurnMark in real LLM frameworks. Similar edge-case
oversights can be systematically caught and fixed, ultimately ensuring consistent, mathematically
sound behavior across all of Burn’s diverse hardware backends, and consequently the LLMs that
depend on it.

7 Limitations and Future Work

One limitation is that our tool is currently limited to only a subset of languages and model architectures.
Even though our tool supports Rust frameworks and references to Python’s PyTorch, it is only limited
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to Candle and PyTorch for inference benchmarking. We also only support 4 models by default, though
it is easily extensible from a user side by adding to our model registry. A better front-end interface to
enable easy model selection through providing links to HuggingFace would be ideal.

Additionally, we only ran our benchmarking on CPU rather than an external GPU due to hardware
limitations faced by our team. It does not example provide a real-world deployment as GPUs are
commonly used for LLM references. Thus, the performance metrics gathered would not be as efficient
compared to GPU efficiency. That being said however, our data is still useful in the context of edge
computing environments which may be more reliant on CPU in certain contexts.

Finally, we currently only benchmark performance on a limited set of prompts. While this is still
useful data and can be again easily extended as the user desires, once again having a more easy to use
front-end to the tool would allow for users to more easily select different prompts.

Some potential avenues for future work include:

• Adding additional comparisons to PyTorch for other alternatives like JAX, Fastai, Tensor-
Flow/Keras, and more could be useful for greater coverage of different system backends.

• More workloads: Instead of just a limited set of simple prompts for inference, we could incorporate
larger data sets and longer sequences. The same goes for training in which we can use more
meaningful data and non-toy GPT models.

• Additional Benchmarks: We can incorporate other metrics such as energy consumption, possible
accuracy for training, etc.

• Easy way to select backends for Section 2: Currently, for the inference benchmarking, we have
only configured it with the Candle backend. While it is fairly trivial to adjust to other backends,
allowing for this to be more easily configurable outside of code adjustments from the end user
side would be ideal.

• More Flexibility through a UI: Having a more robust UI rather than a command line interface
could prove useful both for visibility and for more modularity. Currently, adding models to
benchmark will need to be done manually through the code with minor adjustments, but ideally
would be able to provide a link of some sort to a model on HuggingFace to streamline the process
for an end user. The same applies for selecting different prompts as discussed before.

• More Fuzzing Targets: Being able to fuzz more parts of the Burn library is also a great direction
of future work and fuzzing higher dimensional tensor operations.
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