
Tutorial: AI-Driven Accelerator Programming with LLMLift and Autocomp

Agenda

8:30–8:45 Introduction

8:45–10:00 LLMLift

8:40–9:00 Talk: LLMLift: Verified Code Transpilation with LLMs

9:00–10:00 Hands-on: Translating Python to Accelerator DSL

10:00–10:30 Coffee Break ☕
10:30–11:50 Autocomp

10:30–10:50 Talk: Autocomp: A Portable Code Optimizer for Tensor Accelerators

10:50–11:50 Hands-on: Building a Trainium Code Optimizer

11:50–12:00 Q&A and Future Directions
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The solution: LLMLift + Autocomp
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Hundreds of models ✕ dozens of hardware backends 

= a combinatorial problem!
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Autocomp: The kernel optimizer for any AI hardware
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Gemmini
Academic 

Accelerator

Trainium 1
Industry 

Accelerator

Canaan K230
RVV Dev Board

NVIDIA L40S
GPU

Just change:
● Accelerator ISA
● Optimization Menu
● Generation Rules

Your 
Hardware

?

The old way: Adapting traditional 
compilers to new hardware requires 
massive engineering effort

The Autocomp way: Target a new 
hardware platform just by modifying a 
structured prompt
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Why not LLMs?

1. LLM doesn’t know how to program 
specialized accelerator ISA

2. Code optimization is a highly 
challenging reasoning problem

3. Need runtime feedback/profiling 
data to know which optimizations to 
apply

17



The Autocomp Approach
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Problem 2: Code optimization is a challenging reasoning problem.

Observation: Each individual optimization (tiling, double-buffering, etc.) is 
well-understood. Applying the right ones in the right order is the problem!
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Problem 3: Need runtime feedback/profiling data to know which optimizations to 
apply.

Observation: Run code and provide profiling data in context. Search widely and 
throw out bad search paths.

Problem 1: LLM doesn’t know how to program accelerator ISA.

Observation: DSLs can be taught in context (our ISLAD’24 paper).
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In-Context Learning

20

● Early LLM days: we found that providing both ISA+code examples is critical 
to increasing % of functionally correct generated code

● Condensing ISA, hardware architecture info, code examples into reasonably 
sized prompt is a bit of an art. Currently working on turning this into a 
repeatable, automated process



Problem 1: LLM doesn’t know how to program accelerator ISA.

Observation: DSLs can be taught in context (our ISLAD’24 paper).

The Autocomp Approach
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Problem 3: Need runtime feedback/profiling data to know which optimizations to 
apply.

Observation: Run code and provide profiling data in context. Search widely and 
throw out bad search paths.

Problem 2: Code optimization is a challenging reasoning problem.

Observation: Each individual optimization (tiling, double-buffering, etc.) is 
well-understood. Applying the right ones in the right order is the problem!
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Correctness Performance+

● Cycle Count

● Memory util

HW 
sim

Hardware Feedback:

Plan-then-Implement: 2-Phase Optimization Pass
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2. Implement

Accelerator <architecture> and <ISA>.
Original code: <code>
Plan from phase 1: <plan>
Take the selected optimization, and implement it.

1. Plan

Accelerator <architecture> and <ISA>.
Original code: <code>
<opt menu> (a list of optimization strategies)
Select one and describe how to apply it (what 
variables/instructions/loops to apply to).

Sample!

Sample!

Prompt

Prompt



The Autocomp Approach
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Problem 2: Code optimization is a challenging reasoning problem.

Observation: Each individual optimization (tiling, double-buffering, etc.) is 
well-understood. Applying the right ones in the right order is the problem!

Problem 1: LLM doesn’t know how to program accelerator ISA.

Observation: DSLs can be taught in context (our ISLAD’24 paper).

Problem 3: Need runtime feedback/profiling data to know which optimizations to 
apply.

Observation: Run code and provide profiling data in context. Search widely and 
throw out bad search paths.



Tutorial: AI-Driven Accelerator Programming with LLMLift and Autocomp

LLM-Integrated Beam Search
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Plan
 1

Orig 
Code

Plan N

Impl 
1

Impl 
2

Impl 
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500 
cycles

350 
cycles

450 
cycles

550 
cycles

Functionally 
correct

Functionally 
incorrect

Orig 
Code

Time Step 0

Time Step 1

Keep
Keep

● Iteratively optimize

○ Go from correct solution to 
faster, also correct solution

● Use test cases to eliminate 
functionally incorrect code

● Keep <beam_size> best
implementations at each 
time step <beam_size> = 2

HW Sim
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Increasing Plan/Code Diversity

● Sampling gives us different choices, but we noticed similar plans were often 
being regenerated

● Optimization Menu Dropout: Each time a plan is generated, randomly “drop 
out” some of the suggested optimizations

○ We used 70% probability of being dropped

● LLM Ensembling: When sampling plans/code, divide samples between 
multiple different models
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GPT-5

Plan 1 Plan 2 Plan 3 Plan 4 Plan 5 Plan 6

GPT-5

Plan 1 Plan 2 Plan 3 Plan 4 Plan 5 Plan 6

o4-mini Claude Opus 4.5 DeepSeek-V3.1 Gemini 3 Pro Gemini 3 Flash

vs



Experimental Results
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Back to the motivation…
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Gemmini
Academic 

Accelerator

Trainium 1
Industry 

Accelerator

Canaan K230
RVV Dev Board

NVIDIA L40S
GPU

Just change:
● Accelerator ISA
● Optimization Menu
● Generation Rules

Your 
Hardware

?

The old way: Adapting traditional 
compilers to new hardware requires 
massive engineering effort

The Autocomp way: Target a new 
hardware platform just by modifying a 
structured prompt
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Evaluation: Gemmini

28

● Prior work used Exo scheduling DSL to hand-optimize Gemmini code

○ Gemmini: open-source tensor accelerator generator

● Let’s see if we can beat human experts on key workloads (GEMM/Conv)!

vs.
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GEMM Optimization Results

29

● Highlights:

○ 5.6x speedup over Gemmini 
software library

○ 1.4x speedup over previous 
best hand-optimized code

● We can explore much more of the 
search space than a human can
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Evaluation: Convolution/TinyMPC
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● Also optimized other workloads

○ Convolution

○ Robotics model-predictive control 
(sequence of small linear algebra kernels)

● See paper for details!
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AWS Trainium

● Systolic array-based architecture with tensor 
engine, vector engine, scalar engine

● Kernels written in hardware specific DSL called 
Neuron Kernel Interface (NKI)

● The tutorial environment gives you access to a 
trn1.2xlarge instance

31
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Evaluation: Trainium

● Benchmark: AWS’s own Trainium NKI 
kernel examples

● Tutorial:
○ 1.36x faster than NKI Optimized 

(starting from NKI Unoptimized)
○ 13.52x faster than PyTorch

● Advanced (examples for production 
users): 
○ 1.9x faster than baseline

32

Tutorial

Advanced
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Trainium Conv1D
● Key optimization (~10x speedup): Add a constant-size inner loop to the main 

convolution loop

● Small/static loop bound seems to enable coalescing of tensor_reduce() 
operations (profiler summary shows reduced # of VectorEngine insts)

○ Coalescing can also be done manually

33

See our blog post!

https://charleshong3.github.io/blog/autocomp_trainium_conv1d.html
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Evaluation: RISC-V Vector (RVV)

● Optimize GEMM on an RVV 1.0 compliant dev board (Canaan K230)

● Optimization menu similar to that for Gemmini, with the addition of: 

1. “Prefetching”

2. “Register blocking”

3. “Maximize LMUL”

4. “Fuse instructions”

34

● Outperforms GCC 
auto-vectorization by ~8x!
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Evaluation: NVIDIA L40S GPU

● Modify optimization menu to generate/optimize inline CUDA

○ e.g., “Use shared memory to reduce global memory bandwidth usage” or 
“Minimize divergent branches within warps”

● Demonstrates Autocomp’s portability: just had to change a few prompts!

● Benchmark: Stanford’s KernelBench

○ Level 1: Single operators

○ Level 2: Multiple operators

○ Level 3: Full model architectures

35
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Comparison to TVM (SOTA Auto-Scheduler)

● We optimize PyTorch GEMM/conv kernels from KernelBench level 1

● Compare against PyTorch and TVM MetaSchedule

● 2.05x faster than PyTorch, 3.80x faster than TVM

36
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Evaluation: NVIDIA L40S GPU (cont.)

● Next: KernelBench level 2/3

○ Level 2: Sequences of operators (e.g., Conv + Bias + ReLU, Matmul + Scale + 
Sigmoid)

○ Level 3: Full model architectures (e.g. AlexNet, ResNet, ViT)

● Compare against another LLM search baseline: AI CUDA Engineer
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KernelBench Level 2/3
● State-of-the-art results! 

○ 2.61x speedup on first 30 kernels of level 2 (AI CUDA Eng: 1.91x)

38
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KernelBench Level 2/3
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● State-of-the-art results! 

○ 2.61x speedup on first 30 kernels of level 2 (AI CUDA Eng: 1.91x)

○ 2.11x speedup on first 10 kernels of level 3 (AI CUDA Eng: 1.63x)
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Schedule Reuse
● Each optimization run provides valuable insight into best strategy

● How do we leverage this knowledge in future runs?

● One way: remember the sequence of optimizations selected, and reapply 
it to similar GEMMs (i.e. square, column-dominant, row-dominant)

○ Then start beam search from here

● Improves perf under a ~100-sample budget by 24%

40



Can Autocomp make a real-world 
difference?

41
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A real-world problem

42

● Optimizing Llama-3.2-1B on Trainium trn1.2xlarge using AWS’s neuronx- 
distributed-inference (NXDI) library

● Optimize 3 kernels independently: 1) attention, 2) MLP, 3) LM head

Llama Architecture

Attention (27%) MLP (34%) LM Head (18%) Other (21%)

Latency Breakdown (Batch=32)
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Characterizing the 3 kernels

43

Grouped query attention 
(GQA): 

softmax(Q @ K.T / sqrt(d)) 
@ V

Note: same K/V shared across 
multiple Q heads.

SwiGLU MLP/FFN: 

(SiLU(x @ gate.T) * 
(x @ up.T)) @ 
down.T

Three GEMMs, one 
activation function.

LM head (output 
projection): 

hidden @ 
vocab_weights.T

Short & wide GEMM.

Procedure: Translate PyTorch 
to NKI, then optimize NKI

Procedure: Start with naive NKI implementation 
(based on tutorials/reference code), then optimize
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Llama-3.2-1B Performance

44

Batch=1

Batch=32

● How do our kernel implementations affect 
end-to-end inference performance 
(tokens/sec)?

● Autocomp LM head increases overall 
throughput by 1.02x (batch=1) and 1.09x 
(batch=32)

● Autocomp MLP matches NXDI performance, 
speeding up naive implementation by 1.14x 
(batch=1) and 5.05x (batch=32)

● Not yet able to match NXDI’s attention 
performance

5.05x 5.43x



Hands-On: Getting Started
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AWS Tutorial Environment (if you weren’t here earlier)

46

1. Copy the password

2. Click the link and log in
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AWS Tutorial Environment

47

Looks something like this:
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Clone Autocomp into the instance

48

Clone the repo:
cd ~/environment
git clone https://github.com/ucb-bar/autocomp.git
cd autocomp
git checkout asplos Don’t forget to give 

us a star

https://github.com/ucb-bar/autocomp.git
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Autocomp repo organization

autocomp/

- autocomp/
- agents/ - Hardware-specific agents (Saturn, Gemmini, Trainium, CUDA)
- backend/ - Hardware-specific evaluation scripts
- hw_config/ - Defines hardware configuration (e.g. Trainium instance type)
- search/ - Logic for Autocomp beam search
- common/ - LLM utils, logging, etc.

- sols/
- tests/

49
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Autocomp repo organization

autocomp/

- autocomp/
- agents/
- backend/
- hw_config/
- search/
- common/

- sols/ - The actual code to be optimized (used by search/ and backend/)
- tests/ - Test harnesses specific to individual sols (used by backend/)

50



Agents

51



Tutorial: AI-Driven Accelerator Programming with LLMLift and Autocomp

Autocomp Agent Builder

52

Knowledge Base

Websites Local Files (PDF, text, code)Repositories

ISA OptimizationArchitecture Correctness Rules

Per-Page/Per-File Routing
(Light LLM - Claude Haiku, GPT-5.4-Nano, Gemini Flash)

architecture
.md 

isa_docs
.md

optimization
_menu.yaml rules.yaml

Code Examples

code_examples
.md

Summarization Synthesis
(Full LLM - Claude Opus, GPT-5.4, Gemini Pro)
Boundary Identification
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● Point it at your docs, code, PDFs, or API webpages, and it produces a set of 
human-editable config files that define a fully functional Autocomp agent

● autocomp/autocomp/agent_builder/built_agent.py

53

isa_docs.md
## Tensor Operations
### nc.matmul()
This instruction does a matmul…
## Memory Operations
### nisa.dma_copy()
Copies data from HBM to and from SBUF…

code_examples.md
## Matrix multiplication example
def tiled_matmul():

...

○ _get_problem_context() 
identifies ISA instructions and 
code examples relevant to a 
given workload

○ _get_propose_new_menu_
prompt() generates 
workload-specific optimization 
strategies

Autocomp Agent Builder
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BuiltLLMAgent (extends LLMAgent)

autocomp/autocomp/agent_builder/built_agent.py

● 2 main entry points for search:

○ _get_propose_optimizations_prompt()

■ Generates planning prompt

○ _get_implement_code_prompt()

■ Generates code implementation prompt

● Pulls metadata for prompts from built agent directory

○ For Trainium: see agent_builder/.built/trn-nki1/

54

Generates

Generates
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Trainium Planning Prompt

_get_propose_optimizations_prompt()

Collects data sources and constructs string prompt 

1. Trainium architecture overview
2. NKI ISA (filtered by agent)
3. Code examples (filtered by agent)
4. Original code
5. Original code latency
6. Menu opts - defined in get_opt_menu_options(), with dropout applied
7. Instruction
8. Rules (correctness guide)

55
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Trainium Implementation Prompt

_get_implement_code_prompt()

Similar to plan generation; slightly simpler 

1. Trainium architecture overview
2. NKI ISA
3. Original code
4. The plan generated by phase 1
5. Instruction
6. Rules

56
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Who calls the LLM?

autocomp/autocomp/agents/llm_agent.py
autocomp/autocomp/agents/llm_ensemble.py

● Collect the prompts for a given phase and 
sends them to LLMClient

autocomp/common/llm_utils.py

● LLMClient reformats API calls and routes 
requests to local/remote providers

● You choose your own provider

● Fully parallel to minimize time spent waiting 
for API calls

57

LLMEnsemble
ThreadPoolExecutor (1 thread per model)

divide_work(N) → e.g. N=5 across 3 models → [2, 2, 1]

LLMAgent
openai::gpt-5.2

2 plans

LLMAgent
aws::opus-4.6

2 plans

LLMAgent
gcp::gemini-3.1

1 plan

LLMClient
chat_async()

LLMClient
chat_async()

LLMClient
chat_async()

Semaphore(9)

Provider Router

Semaphore(9) Semaphore(9)

OpenAI SDK Anthropic SDK AWS Bedrock 
boto3

GCP genai Together SDK vLLM Local Serving 
(OpenAI SDK)



Evaluation Backend
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Functional Correctness + Performance Check

NrtModel NrtModel NrtModel

Trainium Evaluation: Decoupled Compile/Execute

autocomp/autocomp/backend/trn/
trn_eval.py

● Decouple compilation from execution 
to maximize evaluation throughput

● Use all CPU cores to run 
neuronx-cc compiler in parallel for 
different samples

● Run correctness + performance tests 
sequentially to prevent contention
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Code Impl 1 Code Impl 2 Code Impl 3

Compile

Code Impl 4

NEFF 1 NEFF 2 NEFF 4

neuronx-cc neuronx-cc neuronx-cc neuronx-cc

Latency 1 Latency 4



Search
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Running Search
autocomp/autocomp/search/search.py

61
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Install Autocomp package and dependencies 

> source /opt/aws_neuronx_venv_pytorch_latest/bin/activate

> cd ~/environment/autocomp

> pip install -e .

62

If you weren’t here earlier, access the env at <link> and:
cd ~/environment
git clone https://github.com/ucb-bar/autocomp.git
cd autocomp
git checkout asplos

https://github.com/ucb-bar/autocomp.git
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Run search

> python autocomp/search/search.py

Enter your W&B API key if you have an account (or make an account, it’s quick)
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W&B API Key

64
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wandb

Lets you monitor status of ongoing runs and keep track of past runs
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Autocomp artifacts (located at <cwd>/output )

66

When directory name 
matches, Autocomp will 

automatically reuse cached 
candidates/plans/code 

Can see all plans, 
code, eval results, etc. 
including failed ones
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CodeCandidate object (output/candidates-iter-<i>)

Stores full history of each 
candidate in beam, including:

● Ancestor candidates
● Latency
● Plan
● Code
● Models used to generate 

plan/code
● stdout/stderr (if returned by 

evaluation backend)
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trn-tutorial problem 1

● Layernorm

● Ran as a quick test for 3 iterations

68
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Defining Software Workloads

Generally, defined by agent/backend pair

autocomp/sols/ - Unoptimized kernel code

● Started with sols/trn-tutorial/1_layernorm_ref.py
○ Automatically imported based on prob_type and prob_id in search.py

autocomp/tests/ - Test harnesses for kernels

● Started with sols/trn-tutorial/1_layernorm_test.py

autocomp/autocomp/backend/trn/trn_eval.py

● Inlines sol into test to create runnable file
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Add a new workload!

● If you have it, add the RMSNorm code 
generated by LLMLift as a new workload

● If you missed the LLMLift session, find the 
backup of the code and move it to the 
right place
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Create:
  0_rmsnorm_ref.py
Or rename:
  backup_0_rmsnorm_ref.py
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Optimize the new workload

71

Set:
iterations = 5
prob_type = “trn-asplos”
prob_id = 0
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Run search

> python autocomp/search/search.py

Feel free to run other problems defined under trn-tutorial, trn-advanced

Experiment with iterations, beam size, dropout %, other parameters
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What else can Autocomp do?

● Existing support for Google TPU, NVIDIA GPUs, Berkeley Gemmini

● Supports adding different types of hardware feedback (other than just 
latency) in the planning prompt

● Supports adding a translation phase (e.g. PyTorch to CUDA or NKI) before 
starting optimization

● Agent builder - pass in documentation for your hardware target, get an 
auto-built Autocomp agent!

Coming soon to Autocomp:

● Enhanced trace visualizer and Berkeley Saturn-RVV support

● Whatever feature you would like to contribute (e.g. deterministic search?)

73



Tutorial: AI-Driven Accelerator Programming with LLMLift and Autocomp

Conclusion

We covered:

● How to build an agent
● How to build an evaluation backend
● How to set search parameters and run search
● How to look at search results using local artifacts and W&B 
● How to add and run new workloads

Thank you for attending!
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Acknowledgements

● Thank you fellow organizers and volunteers!

● Special thanks to AWS for the incredible support

75



Tutorial: AI-Driven Accelerator Programming with LLMLift and Autocomp

Some Remaining Research Problems

● More workloads, more hardware backends
○ Different hardware requires different considerations. How to distill documentation into prompts, how to 

speed up evaluation, what abstraction level to optimize at (e.g. CUDA vs CuTe DSL vs cuTile vs Triton), 
how to profile/understand bottlenecks.

● Beam search vs evolutionary search vs other search algorithms
○ OpenEvolve results not strong compared to Autocomp - may need to do more hyperparameter tuning.

● How exactly does code size affect code optimization performance?
○ And assuming bigger code is harder to optimize, how do we decompose the problem into tractable 

subcomponents?

● How can we combine inference-time search and prompt optimization/context engineering?
○ Naively combining them creates an exponentially growing search space.
○ AlphaEvolve does some prompt evolution, but with limited effect. Needs more principled study.

● How can we use LLM search to improve compilers and libraries?
○ Evaluation becomes more expensive/ambiguous when kernels are need to be parameterizable for 

different shapes, datatypes, etc.
○ Do compilers/libraries still make sense, or should we just decompose every workload into AI-generated, 

hyper-specialized kernels?
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