
Accelerating Large Language 
Model and Generative AI

Generated by Midjourney

…

… …

…Song Han

https://songhan.mit.edu

Associate Professor, MIT

Distinguished Scientist, NVIDIA

@SongHan_MIT

https://efficientml.ai


Song Han: Slide Title https://efficientml.ai
MIT HAN LABAccelerating Large Language Model and Generative AI

Prof. Song Han
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Beijing Stanford
Boston

• B.S. from Tsinghua University
• Ph.D. from Stanford University, advised by Prof. Bill Dally
• Deep Compression (best paper award); 
• EIE (top5 cited paper in 50 years of ISCA) 

• Cofounder of DeePhi Tech (acquired by Xilinx/AMD)
• Cofounder of OmniML (acquired by NVIDIA)

• MIT Technology Review, 35 Innovators under 35
• NSF Career Award
• IEEE “AIs 10 to Watch: The Future of AI” Award
• Sloan Research Fellowship 

https://efficientml.ai
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Software is Important in Advanced Technology Node

3

The software cost dominates the cost breakdown of advanced technology nodes [source]. 

We focus on designing new algorithms and software for efficient computing.

https://efficientml.ai
https://www.researchgate.net/figure/Chip-Design-and-Manufacturing-Cost-under-Different-Process-Nodes-Data-Source-from-IBS_fig1_340843129
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Model Compression and Co-Design are Essential
Bridge the Gap between the Supply and Demand of AI Computing
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Deep Compression
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Original ResNet-50

with Deep Compression

100MB

6MB 17x compression
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#publications on pruning and sparsity
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The number of publications on neural network pruning and sparsity 
quickly increased since 2015, including both algorithms and systems.  

Source: https://github.com/mit-han-lab/pruning-sparsity-publications

https://efficientml.ai
https://github.com/mit-han-lab/pruning-sparsity-publications
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Top-5 most cited papers in 50 years of ISCA
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Rank Citations Year Title (  means it won the ISCA Influential Paper Award) HOF Authors Type Topic★ First Author + 

1 5351 1995 Stephen Woo, Tool Benchmark

2 4214 2017 Arch Machine
Learning

3 3834 2000 Tool Power

4 3386 1993 Maurice Herlihy Micro Parallelism

5 2690 2016 Song Han Arch Machine
Learning

6 2620 2007 Xiaobo Fan, Micro Power

7 2507 1992 Thorsten von Eiken Micro Parallelism

8 2391 2011 Micro Parallelism

9 2352 1995 Micro Parallelism

10 2243 1990 Micro Cache

11 1801 2009 Benjamin Lee, Micro NV RAM

12 1790 1990 Micro Consistency/
Coherence

13 1769 2009 Micro NV RAM

14 1659 2016
Ali Shafiee, 

Arch Machine
Learning

15 1643 2003 Kevin Skandron Micro Power

16 1557 2016 Yu-Hsin Chen, Micro Machine
Learning

17 1420 2016 Arch Machine
Learning

18 1401 2014 Andrew Putnam Micro Interconnect

19 1374 1992 Christopher Glass Micro Interconnect

20 1350 1995 Micro Parallelism

21 1302 2000 Andrew Putnam, Micro Parallelism

22 1284 1997 Subbarao Palacharla, Micro Parallelism

23 1221 2002 Krisztián Flautner, Micro Power

24 1210 1996 Micro Parallelism

25 1201 1997 Micro Parallelism

The SPLASH-2 programs: Characterization and
methodological considerations
In-datacenter performance analysis of a Tensor Processing
Unit

EIE: Efficient inference engine on compressed deep neural
network

Active messages: a mechanism for integrated
communication and computation

Dark silicon and the end of multicore scaling

Architecting phase change memory as a scalable DRAM
Alternative

Memory consistency and event ordering in scalable
shared-memory multiprocessors

Scalable high performance main memory system using
phase-change memory technology

ISAAC: A convolutional neural network accelerator with
in-situ analog arithmetic in crossbars

Eyeriss: A spatial architecture for energy-efficient
dataflow for convolutional neural networks
Prime: A novel processing-in-memory architecture for
neural network computation in ReRAM-based main
memory
A reconfigurable fabric for accelerating large-scale
datacenter services

The turn model for adaptive routing

Multiscalar processors

Memory access scheduling

A Study of Branch Prediction Strategies

Anoop Gupta

Norm Jouppi, David
Patterson
David Brooks, Margaret
Martonosi

, Bill Dally, Mark
Horowitz

Luiz Barroso

Hadi Esmaeilzadeh, Doug
Burger, Karthikeyan
Sankaralingam

Norm Jouppi

Doug Burger,
Engin Ipek, Onur Mutlu
Kourosh Gharachorloo,
Anoop Gupta, John
Hennessy

Moinuddin Qureshi

Rajeev
Balasubramonian, Naveen
Muralimanohar

Joel Emer

, Hadi
Esmaeilzadeh

Guri Sohi, T. N. Vijaykumar

Bill Dally

Norm
Jouppi, Jim Smith

Nam
Sung Kim, Trevor Mudge
Hank Levy, Susan Eggers,
Joel Emer, Dean Tullsen
Jim Smith

★Wattch: A framework for architectural-level power
analysis and optimizations

Transactional memory: Architectural support for
lock-free data structures

Power provisioning for a warehouse-sized computer

Simultaneous multithreading: Maximizing on-chip
parallelism

Improving direct-mapped cache performance by the
addition of a small fully-associative cache and prefetch
buffers

Temperature-aware microarchitecture

Complexity-effective superscalar processors

Drowsy caches: simple techniques for reducing leakage
power

Exploiting choice: Instruction fetch and issue on an
implementable simultaneous multithreading processor

★ 

★ 

★ 

★ 

★ 

★ 

★ 

★ 

Dean Tullsen, Susan Eggers,
Hank Levy

Yuan XiePing Chi, 

https://efficientml.ai
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Efficient Large Language Models
LLM serving cost is extremely high

8

https://efficientml.ai


Song Han: Slide Title https://efficientml.ai
MIT HAN LABAccelerating Large Language Model and Generative AI

Quantization Can Reduce Deployment Costs

• Serving a 175B GPT-3 model at least requires: 

• FP16: 350GB memory ➡ 5 x 80GB A100 GPUs 

• INT8: 175GB memory ➡ 3 x 80GB A100 GPUs

9

https://efficientml.ai
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SmoothQuant
Smoothing activation to reduce quantization error

10

- Weights are easy to quantize, but activation is hard due to outliers 

- Luckily, outliers persist in fixed channels 

10
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SmoothQuant
Smoothing activation to reduce quantization error

11 11
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SmoothQuant
Smoothing activation to reduce quantization error

12

- Weights are easy to quantize, but activation is hard due to outliers 

- Luckily, outliers persist in fixed channels 

- Migrate the quantization difficulty from activation to weights, so both are easy to quantize

12
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https://efficientml.ai
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SmoothQuant
Smoothing activation to reduce quantization error

13 13

sj = max( |Xj | )α / max( |Wj | )1−α, j = 1,2,…, Ci

Y = (Xdiag(s)−1) ⋅ (diag(s)W) = X̂Ŵ

1 4 1 3s

X

W

1 -16 2 6

-2 8 -1 -9

2 1 -2

1 -1 -1

2 -1 -2

-1 -1 1

2 1 -2

4 -4 -4

2 -1 -2

-3 -3 3

1 -4 2 2

-2 2 -1 -3

X̂ = X diag(s)−1
Ŵ = diag(s)W

* *

https://efficientml.ai
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SmoothQuant (W8A8)
Accurate and efficient quantization of various LLMs

14 14

• SmoothQuant well maintains the accuracy without fine-tuning. 

• SmoothQuant can both accelerate inference and halve the memory footprint.
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SmoothQuant (W8A8)
Scaling up: W8A8 quantization of MT-NLG 530B

15

- SmoothQuant can accurately quantize MT-NLG 530B model and reduce the serving GPU numbers by half 
at a similar latency, which allows serving the 530B model within a single node.

15

MT-NLG 530B Accuracy

MT-NLG 530B Efficiency

https://efficientml.ai
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• A LightWeight Chatbot for LLMs on the edge

https://github.com/mit-han-lab/llm-awq

- Deploying LLM on the edge is useful: running copilot services 
(code completion, office, game chat) locally on laptops, cars, 
robots, and more. These devices are resource-constrained, 
low-power and sometimes do not have access to the 
Internet.

- Data privacy is important. Users do not want to share personal 
data with large companies.

https://github.com/mit-han-lab/llm-awq
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AWQ: 4bit Activation-aware Weight Quantization
Observation: Weights are not equally important; 0.1% salient weights

17

- We find that weights are not equally important, keeping only 0.1% of salient weight channels in FP16 
can greatly improve perplexity 

- But how do we select salient channels? Should we select based on weight magnitude?
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https://efficientml.ai
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Salient weights are determined by activation distribution, not weight

18

- We find that weights are not equally important, keeping only 0.1% of salient weight channels in FP16 
can greatly improve perplexity 

- But how do we select salient channels? Should we select based on weight magnitude? 

- No! We should look for activation distribution, but not weight!
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AWQ: 4bit Activation-aware Weight Quantization

https://efficientml.ai
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Protecting salient weights by scaling (no mixed prec.)

19

W

Q( )

 1×
 2×
 1×
 1×
 1×
 1×
 1×
 1× fuse to previous op

+1.2 −0.2 −2.4 −3.4

−2.5 −3.5 +1.9 +1.4

−0.9 +1.6 −2.5 −1.9

−3.5 +1.5 +0.5 −0.1

+1.8 −1.6 −3.2 −3.4

+2.4 −3.5 −2.8 −3.9

+0.1 −3.8 +2.4 +3.4

+0.9 +3.3 −1.9 −2.3

- Multiplying the salient channels with  reduces its quantization error 

- Skip mathematical derivation for now

s > 1

Q(w ⋅ s)(x/s) = Δ′ ⋅ Round(ws/Δ′ ) ⋅ x ⋅ 1
s

suppress errorconstant E(error)

Q(w) ⋅ x = Δ ⋅ Round( w
Δ ) ⋅ x, Δ = max( |w | )

2N−1

Δ′ ≈ Δ, RoundErr ∼ 0.25, s > 1

Err(Q(w ⋅ s)(x/s)
Err(Q(w) ⋅ x) = Δ′ 

Δ ⋅ 1
s

< 1

AWQ: 4bit Activation-aware Weight Quantization

https://efficientml.ai
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- TinyChatEngine implements the compressed AWQ 4bit model, built from C/C++ from scratch, easy to 
install and migrate to edge platforms

- Enables on-device LLM

https://github.com/mit-han-lab/llm-awq

https://github.com/mit-han-lab/llm-awq
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TinyChat brings about 3.3x speedup to LLaMA-2 on 4090

LLaMA-2-7B (FP16): 50 tokens / s LLaMA-2-7B (W4A16, AWQ): 166 tokens / s

https://github.com/mit-han-lab/llm-awq

Baseline: fp16 weight, fp16 activation AWQ: int4 weight, fp16 activation

https://github.com/mit-han-lab/llm-awq
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VILA-13B + AWQ: 100 tokens/s on 4090Single image - Multi-round QA 

VILA: visual for visual language model
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VILA: visual for visual language model

Multi-image - Multi-round QA 
VILA-13B + AWQ: 83 tokens/s (3 image inputs) on 4090
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VILA-13B + AWQ: 84 tokens / s on 4090

VILA: visual for visual language model
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A On Edge Device (Orin)

VILA-7B + AWQ: 29 tokens / sSingle image - Multi-round QA 
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- TinyChatEngine implements the compressed AWQ 4bit VILA model, built from C/C++ from scratch, easy 
to install and migrate to edge platforms, enables on-device VLM

https://github.com/mit-han-lab/llm-awq

https://github.com/mit-han-lab/llm-awq
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Impact of SmoothQuant and AWQ

TensorRT-LLM
 https://github.com/NVIDIA/
TensorRT-LLM#key-features

Neural Compressor

Q8-Chat

https://github.com/intel/neural-
compressor/blob/master/docs/
source/smooth_quant.md

https://github.com/vllm-project/
vllm/blob/main/vllm/
model_executor/layers/
quantization/awq.py

lm-sys/FastChat https://github.com/lm-sys/
FastChat/blob/main/docs/awq.md

text-
generation-
inference

https://github.com/huggingface/
text-generation-inference/tree/
main/server/
text_generation_server/utils/awq/
quantize

lmdeploy
https://github.com/InternLM/
lmdeploy/blob/main/lmdeploy/lite/
quantization/awq.py

https://friendli.ai/blog/
Unlocking-Efficiency-of-Serving-
LLMs-with-Activation-aware-Weight-
Quantization-AWQ-on-PeriFlow/

https://github.com/replicate/vllm-
with-loras/blob/main/vllm/
model_executor/quantization_utils/
awq.py

Granite IBM’s internal code model, 
Granite, utilizes AWQ for 
quantization.

https://github.com/NVIDIA/TensorRT-LLM#key-features
https://github.com/NVIDIA/TensorRT-LLM#key-features
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StreamingLLM 
Enable long conversations in non-stop streaming applications

• There’s need for LLMs in streaming applications such as multi-round dialogues, where long, non-stop interactions are needed. 

• Challenge: extensive memory consumption when conversation gets long; perplexity explodes after sequence length exceeds 

threshold.

Without 
StreamingLLM, 
model collapses as 
the conversation gets 
long, then it runs out 
of memory.

With StreamingLLM, 
non-stop 
conversation 
continues.

[StreamingLLM, ICLR’24]
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StreamingLLM 
Enable long conversations in non-stop streaming applications

KV cache size grows linearly 
with the sequence length; 
perplexity explodes after 
exceeding the max context 
length (4K for llama2-7B).

KV cache size is constant; but 
perplexity explodes after 
sequence length exceeds the 
KV cache size (when first token 
is evicted).

KV cache size is constant; 
perplexity doesn’t explode. 

[StreamingLLM, ICLR’24]
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StreamingLLM with “Attention Sink” 
The first token is always heavily attended, we call it “attention sink”

Beyond layer 1, the model heavily attends to the initial token.

attention sink can not be pruned. 
Why “attention sink” exist? 

- SoftMax makes sure attention scores sum up to one for all 
contextual tokens, even not relevant,  needs to dump it 
somewhere => attention sink.

- Why first token? Globally visible. 


- What should we do with attention sink? Always keep the 
attention sink tokens in the KV cache.


Figure: SpAtten, HPCA’21

[StreamingLLM, ICLR’24]
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StreamingLLM 
Implementation and Results

• Results: 

• Dense attention fails beyond pre-training attention window size.

• Window attention fails after input exceeds cache size (initial tokens evicted).

• StreamingLLM demonstrates no perplexity explosion, tested up to 4M tokens.

• Recipe: 

• Always keep the attention sink tokens in the KV cache.  

• Use a sliding window KV to stabilize the model's behavior.

• Use positions in the cache instead of those in the original text.


[StreamingLLM, ICLR’24]
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StreamingLLM 
Enable long conversations in non-stop streaming applications

Preprint

Dense Attention Window Attention Sliding Window 

w/ Re-computation StreamingLLM

Dense Attention Window Attention StreamingLLM

Figure 9: Performance on the StreamEval benchmark. Accuracies are averaged over 100 samples.
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Figure 10: Comparison of per-token decoding latency and memory usage between the sliding window
approach with re-computation baseline and StreamingLLM, plotted against the cache size (attention
window size) on the X-axis. StreamingLLM delivers a remarkable speedup of up to 22.2⇥ per token
and retains a memory footprint similar to the re-computation baseline.

Cache Sizes. In Table 6, we evaluate cache size’s impact on StreamingLLM’s perplex-
ity. Contrary to intuition, increasing the cache size doesn’t consistently lower the lan-
guage modeling perplexity. This inconsistency shows a potential limitation where these mod-
els might not maximize the utility of the entire context they receive. Future research ef-
forts should target enhancing these models’ capabilities to utilize extensive contexts better.

Table 6: Effects of cache size on
StreamingLLM’s performance. Increasing
the cache size in StreamingLLM doesn’t con-
sistently yield a decrease in perplexity across
all models, suggesting these models may
not be fully exploiting the provided context.
Cache config x+y denotes adding x initial
tokens with y recent tokens. Perplexity is
evaluated on 400K tokens in the concatenated
PG19 test set.

Cache 4+252 4+508 4+1020 4+2044

Falcon-7B 13.61 12.84 12.34 12.84
MPT-7B 14.12 14.25 14.33 14.99
Pythia-12B 13.17 12.52 12.08 12.09

Cache 4+508 4+1020 4+2044 4+4092

Llama-2-7B 9.73 9.32 9.08 9.59

4.5 EFFICENCY RESULTS

We benchmark its decoding latency and memory us-
age against the sliding window with re-computation,
which is the only baseline with acceptable per-
formance. Both methods are implemented using
the Huggingface Transformers library (Wolf et al.,
2020) and tested on a single NVIDIA A6000 GPU
using the Llama-2-7B and Llama-2-13B models.
As depicted in Figure 10, as the cache size in-
creases, StreamingLLM’s decoding speed demon-
strates a linear growth. The sliding window with
re-computation baseline has a quadratic rise in de-
coding latency. Thus, StreamingLLM achieves an
impressive speedup, reaching up to 22.2⇥ per token.
Despite its reduced latency, StreamingLLM sustains a
memory footprint consistent with the re-computation
baseline.

5 CONCLUSION

Deploying LLMs in streaming applications is urgently needed but comes with challenges due to
efficiency limitations and reduced performance with longer texts. Window attention provides a partial
solution, but its performance plummets when initial tokens are excluded. Recognizing the role of
these tokens as “attention sinks", we introduced StreamingLLM —a simple and efficient framework
that enables LLMs to handle unlimited texts without fine-tuning. By adding attention sinks with
recent tokens, StreamingLLM can efficiently model texts of up to 4 million tokens. We further
show that pre-training models with a dedicated sink token can improve the streaming performance.
StreamingLLM firstly decouples the LLM’s pre-training window size and its actual text generation
length, paving the way for the streaming deployment of LLMs.

9

Preprint
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Figure 9: Performance on the StreamEval benchmark. Accuracies are averaged over 100 samples.
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Figure 10: Comparison of per-token decoding latency and memory usage between the sliding window
approach with re-computation baseline and StreamingLLM, plotted against the cache size (attention
window size) on the X-axis. StreamingLLM delivers a remarkable speedup of up to 22.2⇥ per token
and retains a memory footprint similar to the re-computation baseline.

Cache Sizes. In Table 6, we evaluate cache size’s impact on StreamingLLM’s perplex-
ity. Contrary to intuition, increasing the cache size doesn’t consistently lower the lan-
guage modeling perplexity. This inconsistency shows a potential limitation where these mod-
els might not maximize the utility of the entire context they receive. Future research ef-
forts should target enhancing these models’ capabilities to utilize extensive contexts better.

Table 6: Effects of cache size on
StreamingLLM’s performance. Increasing
the cache size in StreamingLLM doesn’t con-
sistently yield a decrease in perplexity across
all models, suggesting these models may
not be fully exploiting the provided context.
Cache config x+y denotes adding x initial
tokens with y recent tokens. Perplexity is
evaluated on 400K tokens in the concatenated
PG19 test set.

Cache 4+252 4+508 4+1020 4+2044

Falcon-7B 13.61 12.84 12.34 12.84
MPT-7B 14.12 14.25 14.33 14.99
Pythia-12B 13.17 12.52 12.08 12.09

Cache 4+508 4+1020 4+2044 4+4092

Llama-2-7B 9.73 9.32 9.08 9.59

4.5 EFFICENCY RESULTS

We benchmark its decoding latency and memory us-
age against the sliding window with re-computation,
which is the only baseline with acceptable per-
formance. Both methods are implemented using
the Huggingface Transformers library (Wolf et al.,
2020) and tested on a single NVIDIA A6000 GPU
using the Llama-2-7B and Llama-2-13B models.
As depicted in Figure 10, as the cache size in-
creases, StreamingLLM’s decoding speed demon-
strates a linear growth. The sliding window with
re-computation baseline has a quadratic rise in de-
coding latency. Thus, StreamingLLM achieves an
impressive speedup, reaching up to 22.2⇥ per token.
Despite its reduced latency, StreamingLLM sustains a
memory footprint consistent with the re-computation
baseline.

5 CONCLUSION

Deploying LLMs in streaming applications is urgently needed but comes with challenges due to
efficiency limitations and reduced performance with longer texts. Window attention provides a partial
solution, but its performance plummets when initial tokens are excluded. Recognizing the role of
these tokens as “attention sinks", we introduced StreamingLLM —a simple and efficient framework
that enables LLMs to handle unlimited texts without fine-tuning. By adding attention sinks with
recent tokens, StreamingLLM can efficiently model texts of up to 4 million tokens. We further
show that pre-training models with a dedicated sink token can improve the streaming performance.
StreamingLLM firstly decouples the LLM’s pre-training window size and its actual text generation
length, paving the way for the streaming deployment of LLMs.

9

StreamingLLM on iPhone:

• StreamingLLM accelerates Llama2-7B compared to sliding window with recomputation. 

• The more you generate, the more you save!

• StreamingLLM is available in NVIDIA TRT-LLM

[StreamingLLM, ICLR’24]
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LongLoRA
Increase the context length with low fine-tuning cost (on a single node)
• LongLoRA invented “shifted, sparse local attention” to enable longer context length at low finetuning cost.

• LongLoRA efficiently extends the context length of Llama2-7B from 4k to 100k, Llama2-70B to 32k on a single 8× A100 machine.

• LongLoRA (for finetunining) and StreamingLLM (for inference) work together to increase both context length and generation length. 

Llama2: 4K context length LongLoRA: 32K context length

Diagonally 
sparse shifted

Sparse, Shifted Attention for LongLoRA finetuning Lower perplexity, shorter finetuning time

[LongLoRA, ICLR’24, Oral]
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Compressing and Accelerating Diffusion Models
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Figure 1: We introduce Sparse Incremental Generative Engine (SIGE), an engine that selectively performs
computations at the edited regions for image editing applications. The computation and latency are measured
for a single model forward on NVIDIA RTX 3090. SIGE reduces the computation of SDEdit with DDIM [5]
by 4.1 ⇠ 6.1⇥ (2.3 ⇠ 2.8⇥ speedup), SDEdit with Stable Diffusion [10] by 6.7⇥ (7.2⇥ speedup), and
GauGAN [8] by 15⇥ (5.2⇥ speedup) for the examples shown in the figures while preserving the image quality.
When combined with existing model compression methods such as GAN Compression [11], our method further
reduces the computation of GauGAN by 47⇥.

given user input, we first compute a difference mask to locate the newly edited regions. For each
convolution layer in the model, we only apply the filters to the masked regions sparsely while reusing
the previous activations for the unchanged areas. The sparse update can significantly reduce the
computation without hurting the image quality. However, the sparse update involves a gather-scatter
process, which often incurs significant latency overheads with existing deep learning frameworks. To
address the issue, we propose Sparse Incremental Generative Engine (SIGE) to translate the theoretical
computation reduction of our algorithm to measured latency reduction on various hardware.

To evaluate our method, we automatically create new image editing benchmark datasets on LSUN
Church [12] and Cityscapes [13]. Without loss of visual fidelity, we reduce the computation with
DDIM [5], Progressive Distillation [14], Stable Diffusion [10] and GauGAN by up to 7.5⇥, 2.7⇥,
6.7⇥ and 18⇥, respectively, measured by MACs*. Compared to existing generative model accel-
eration methods [11, 15, 16, 17, 18, 19, 20], our method directly uses the off-the-shelf pre-trained
weights and could be applied to these methods as a plugin. When applied to GAN Compression [11],
our method reduces the computation of GauGAN by up 50⇥. See Figure 1 for some examples
of our method. With SIGE, we accelerate DDIM [5] by up to 3.0⇥ on NIVIDIA RTX 3090 and
6.6⇥ on Apple M1 Pro CPU, Stable Diffusion [10] by up to 7.2⇥ on 3090, and GauGAN [8]
by up to 5.6⇥ on 3090 and 14⇥ on M1 Pro CPU. Our code and benchmarks are available at
https://github.com/lmxyy/sige.

2 Related Work
Generative models. Generative models such as GANs [1, 2, 21, 22], diffusion models [4, 3, 23, 10],
and auto-regressive models [24, 25] have demonstrated impressive photorealistic synthesis capability.
They have also been extended to conditional image synthesis tasks such as image-to-image
translation [26, 6, 27, 28], controllable image generation [9, 29, 8], and real image edit-
ing [30, 29, 31, 32, 33, 34, 35, 28]. Unfortunately, recent generative models have become increasingly
computationally intensive, compared to their recognition counterparts. For example, GauGAN [8]
consumes 281GMACs, 500⇥ more than MobileNet [36, 37, 38]. Similarly, one key limitation of diffu-
sion models [4] is their long inference time and substantial computation cost. To generate one image,
DDPM requires hundreds or thousands of forwarding steps [4, 23], which is often infeasible in real-

*We measure the computational cost with the number of Multiply-Accumulate operations (MACs). 1 MAC=2
FLOPs.
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Figure 1: We introduce Sparse Incremental Generative Engine (SIGE), an engine that selectively performs
computations at the edited regions for image editing applications. The computation and latency are measured
for a single model forward on NVIDIA RTX 3090. SIGE reduces the computation of SDEdit with DDIM [5]
by 4.1 ⇠ 6.1⇥ (2.3 ⇠ 2.8⇥ speedup), SDEdit with Stable Diffusion [10] by 6.7⇥ (7.2⇥ speedup), and
GauGAN [8] by 15⇥ (5.2⇥ speedup) for the examples shown in the figures while preserving the image quality.
When combined with existing model compression methods such as GAN Compression [11], our method further
reduces the computation of GauGAN by 47⇥.

given user input, we first compute a difference mask to locate the newly edited regions. For each
convolution layer in the model, we only apply the filters to the masked regions sparsely while reusing
the previous activations for the unchanged areas. The sparse update can significantly reduce the
computation without hurting the image quality. However, the sparse update involves a gather-scatter
process, which often incurs significant latency overheads with existing deep learning frameworks. To
address the issue, we propose Sparse Incremental Generative Engine (SIGE) to translate the theoretical
computation reduction of our algorithm to measured latency reduction on various hardware.

To evaluate our method, we automatically create new image editing benchmark datasets on LSUN
Church [12] and Cityscapes [13]. Without loss of visual fidelity, we reduce the computation with
DDIM [5], Progressive Distillation [14], Stable Diffusion [10] and GauGAN by up to 7.5⇥, 2.7⇥,
6.7⇥ and 18⇥, respectively, measured by MACs*. Compared to existing generative model accel-
eration methods [11, 15, 16, 17, 18, 19, 20], our method directly uses the off-the-shelf pre-trained
weights and could be applied to these methods as a plugin. When applied to GAN Compression [11],
our method reduces the computation of GauGAN by up 50⇥. See Figure 1 for some examples
of our method. With SIGE, we accelerate DDIM [5] by up to 3.0⇥ on NIVIDIA RTX 3090 and
6.6⇥ on Apple M1 Pro CPU, Stable Diffusion [10] by up to 7.2⇥ on 3090, and GauGAN [8]
by up to 5.6⇥ on 3090 and 14⇥ on M1 Pro CPU. Our code and benchmarks are available at
https://github.com/lmxyy/sige.

2 Related Work
Generative models. Generative models such as GANs [1, 2, 21, 22], diffusion models [4, 3, 23, 10],
and auto-regressive models [24, 25] have demonstrated impressive photorealistic synthesis capability.
They have also been extended to conditional image synthesis tasks such as image-to-image
translation [26, 6, 27, 28], controllable image generation [9, 29, 8], and real image edit-
ing [30, 29, 31, 32, 33, 34, 35, 28]. Unfortunately, recent generative models have become increasingly
computationally intensive, compared to their recognition counterparts. For example, GauGAN [8]
consumes 281GMACs, 500⇥ more than MobileNet [36, 37, 38]. Similarly, one key limitation of diffu-
sion models [4] is their long inference time and substantial computation cost. To generate one image,
DDPM requires hundreds or thousands of forwarding steps [4, 23], which is often infeasible in real-

*We measure the computational cost with the number of Multiply-Accumulate operations (MACs). 1 MAC=2
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Efficient Spatially Sparse Inference for Conditional GANs and Diffusion Models. [Li et al, NeurIPS 2020]
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Computed On-the-flyOriginal Activations
Cached with Stable Diffusion

…

Original Generated
Stable Diffusion: 

1855G MACs 40 Steps×

1.7% Edited

…

Generated
Stable Diffusion: 

1855G MACs 40 Steps×
(a) SDEdit with Vanilla Stable Diffusion (b) SDEdit with Stable Diffusion using Spatially Sparse Inference (Ours)

…

Original Generated

1.7% Edited

…

Generated
Ours: 225G (8.2  Less) 40 Steps× ×

Reuse Feature Maps

Spatially Sparse Inference for Diffusion Models
Vanilla Model Wastes Many Computations to Re-synthesize the Entire Image 

• MCUNet: System-Algorithm Co-design 

- Only 1.7% region is edited, but vanilla model re-synthesizes the entire image.

- Feature maps remain mostly the same at unedited regions.


Efficient Spatially Sparse Inference for Conditional GANs and Diffusion Models. [Li et al, NeurIPS 2020]
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Computed On-the-flyOriginal Activations
Cached with Stable Diffusion

…

Original Generated
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1855G MACs 40 Steps×

1.7% Edited

…

Generated
Stable Diffusion: 

1855G MACs 40 Steps×
(a) SDEdit with Vanilla Stable Diffusion (b) SDEdit with Stable Diffusion using Spatially Sparse Inference (Ours)

…

Original Generated

1.7% Edited

…

Generated
Ours: 225G (8.2  Less) 40 Steps× ×

Reuse Feature Maps

Spatially Sparse Inference for Diffusion Models
Vanilla Model Wastes Many Computations to Re-synthesize the Entire Image 

• MCUNet: System-Algorithm Co-design 

- Only 1.7% region is edited, but vanilla model re-synthesizes the entire image.

- Feature maps remain mostly the same at unedited regions.

- Reuse cached activations to selectively update edited regions (8  less computation).×

Efficient Spatially Sparse Inference for Conditional GANs and Diffusion Models. [Li et al, NeurIPS 2020]



Song Han: Slide Title
MIT HAN LABModel Compression and Efficient AI Computing

Spatially Sparse Inference for Diffusion Models
Sparse Incremental Generative Engine (SIGE)

Original Image

Edited Image

Difference Mask

—
SIGE 
Conv1

Active Indices

…

Gather

Conv 
Fl

Scatter

SIGE 
ConvL

…
Generated

Generated

Aoriginal
l

Aedited
l

Fl(Aoriginal
l )

Active Blocks 
(Stack to Batch Dimension)

SIGE Convl
Reduce

≈ Fl(Aedited
l )

- Selectively update edited blocks with tiling-based convolution.

- Write customized Gather and Scatter operations.

- Fuse kernels to reduce overheads.

Efficient Spatially Sparse Inference for Conditional GANs and Diffusion Models. [Li et al, NeurIPS 2020]
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Spatially Sparse Inference for Diffusion Models
Qualitative Results of SIGE on Stable Diffusion

A photograph of a horse on a grassland. A fantasy beach landscape, trending on artstation.

Original 11.6% Masked

Stable Diffusion:

1855GMACs  369ms

Ours:

514G (3.6 )  95.0ms (3.9 )× ×

Original 2.9% Edited

Stable Diffusion+SDEdit:

1855GMACs  369ms

Ours:

353G (5.3 )  76.4ms (4.8 )× ×

Latency Measured on NVIDIA RTX 3090

Image Inpainting Image Editing

Efficient Spatially Sparse Inference for Conditional GANs and Diffusion Models. [Li et al, NeurIPS 2020]
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GAN Compression
General-purpose Compression Framework—GAN Compression

Training Objective:

- Unify unpaired and paired learning

- Inherit teacher discriminator

- Distill intermediate channels

Automated Channel Reduction with NAS:

- Decomposed convolution as the design space

- Decouple training and search via weight sharing and evolutionary search

GAN Compression: Efficient Architectures for Interactive Conditional GANs. [Li et al. CVPR 2020]
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GAN Compression
GAN Compression Reduces the Computation by 9-21×

M
AC

s 
(G

)

1

10

100

1000

31.7

4.8

2.7

281

5757

Original Model
GAN Compression

21×

Horse→zebra
CycleGAN, Zhu et al.

Edge→shoes
Pix2pix, Isola et al.

Cityscapes
GauGAN, Park et al.

12×

9×

Original CycleGAN; MACs: 56.8G; FPS: 12.1; FID: 61.5

GAN Compression; MACs: 3.50G (16.2 ); FPS: 40.0 (3.3 ); FID: 53.6× ×

Measured on NVIDIA Jetson Xavier GPU
Lower FID indicates better Performance.

GAN Compression: Efficient Architectures for Interactive Conditional GANs. [Li et al. CVPR 2020]
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Anycost GAN
Quick Preview By Runner A Smaller But Consistent Model

• Anycost GAN 
• Run a low-cost model to generate a fast, interactive preview

• Run a full-cost model to generate the final, high-quality output (during idle time)


• Supports flexible resolutions and channel widths

w’ = wopt+∆w

latent editing

with user input

…

preview G’(w’)low-cost 

G’

final G(w’)

fast, interactive 
preview

during editing

full-cost 

G

slow, high-quality 

output

idle time

32x32 64x64 128x128 256x256

Flexible resolutions

Flexible channel widths

1.0x ch

0.5x ch

Anycost GANs for Interactive Image Synthesis and Editing. [Lin et al. CVPR 2021]
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Anycost GAN
• Generative Adversarial Network (GAN)  

is computationally heavy and slow 

• Difficult for interactive photo editing  
on mobile device (iPad) 

• Anycost GAN with once-for-all network: 

Small sub-net: 
low cost,  
fast prototyping

Large sub-net: 
high-quality  
finalization

Train once

Anycost GANs for Interactive Image Synthesis and Editing. [Lin et al. CVPR 2021]
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Anycost GAN
Tiered Pricing for Content Generation as a Service

• Good quality despite 5x computation reduction

Compute Budget 1x 0.7x 0.5x 0.4x 0.2x

Tiered Pricing $0.01 $0.007 $0.005 $0.004 $0.002
The quality is still 
 reasonably goodAnycost GANs for Interactive Image Synthesis and Editing. [Lin et al. CVPR 2021]
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MCUNet for TinyML
Advancing object detection by allowing a larger resolution

• Resolution is more important for detection than classification

• Our method significantly improves objection detection by double digits

54

Face/mask detection Person detection

OpenMV Cam: 512KB SRAM + 2MB Flash

https://efficientml.ai
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MCUNet v1-v3

(Highlighted by MIT Homepage)(Highlighted by MIT Homepage)
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Can We Learn on Edge?
AI systems need to continually adapt to new data collected from the sensors

●On-device learning: better privacy, lower cost, customization, life-long learning

●Training is more expensive than inference, hard to fit edge hardware (limited memory)

56

User Intelligent Edge Devices

New and Sensitive 
Data

…

Cloud Server

On-device Learning

Cloud-based Learning

data cannot be sent to the  
cloud for privacy reason

https://efficientml.ai
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On-Device Training Under 256KB Memory

57

1. Quantization-aware 
scaling

2. Sparse layer/tensor 
update

3. Tiny Training 
Engine

+ Operator reordering

652 MB

303 MB

41.5 MBPyTorch (cloud)
TensorFlow (cloud)

MNN (edge)
Tiny Training Engine

+ Quantization-aware scaling
+ Sparse layer/tensor update

256KB constraint

141 KB

0.1 MB 1 MB 10 MB 100 MB

5.7 MB

2.9MB

355 KB

7.3x
2.0x

8.8x
2.4x

2300x

https://efficientml.ai
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PockEngine
Learning on the Edge

58

Full back-propagation Sparse back-propagation

Input: Please reverse the words in the 
sentence "I love the Micro 
conference” 
LlamaV2-7B-original: I hate the 
conference Micro.  
LlamaV2-7B-tuned: The reversed 
result is "Conference Micro the love I" 

https://efficientml.ai
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BEVFusion: Dense (Camera) + Sparse (LiDAR) Sensor Fusion
Accelerate LSS by 40x with Interval Reduction and Pre-computation

LiDAR Point Cloud

Camera 
Features

LiDAR Feat. 
(in BEV)

Camera Feat. 
(in BEV)

BEV Map Segmentation

3D Object DetectionLiDAR 
Features

Fused BEV 
Features

Multi-View RGB Images

Task-Specific Heads

…

Flatten 
(along z-axis)

Camera-to-BEV 
View Transform

Camera 
Encoder

LiDAR 
Encoder

BEV 
Encoder

Dense

Sparse

- Ranked first on nuScenes 3D object detection (2022/6). 
- Ranked first on nuScenes 3D object tracking (2022/7). 
- Ranked first on Waymo 3D object detection (2022/11). 
- Ranked first on Argoverse 3D object detection (2023/4).

BEVFusion: Multi-Task Multi-Sensor Fusion with Unified Bird's-Eye View Representation. [Liu et al. ICRA 2023]



Song Han: Slide Title
MIT HAN LABModel Compression and Efficient AI Computing

https://youtu.be/uCAka90si9E

https://youtu.be/uCAka90si9E
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EfficientML.ai Course TinyML and Efficient AI Computing
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Efficient Inference 
pruning, quantization, neural 

architecture search, distillation

Efficient Training 
gradient compression, on-device 

training, federated learning

Application-Specific 
Optimizations 

LLM, AIGC, video, point-cloud

System Algorithm

CSEE

AI+D
200K views on YouTube

3x registration in 2023 than 2022

700 students in the open study group on Discord

https://efficientml.ai
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Hardware for AI and Neural-net

Proposal for DARPA-NVIDIA-SDH Initiative

PI: Song Han


Project 1: ”Efficient Hardware Primitives for Sparse Linear Algebra” 

Pruning techniques [Han’15] show that DNN models can be pruned to very sparse, 
saving the FLOPs by 10x and model size by 8x (FC layer, index included). However, it’s 
challenging for general purpose hardware to take advantage of sparsity. EIE [Han’16] is 
the first hardware accelerator for sparse DNN, it’s efficient but it lacks flexibility. TACO 
[Kjolstad’17] is a flexible compiler for sparse linear algebra on CPU, but it lacks 
accelerator support. Therefore, I plan to work on an specialized accelerator for sparse 
linear algebra. There are two basic operations to be accelerated: union (OR) and join 
(AND). Software implementation need O(n) cycles. I plan to work on O(log(n)) time 
complexity, O(n) area complexity arrays; or O(1) time complexity, O(n^2) space 
complexity arrays. After that, I’d like to implement this architecture in FPGA or ASIC, 
then integrate the HW primitive into TACO. Then, I want to co-design the machine 
learning models that are not only pruned to be sparse, but also with the optimal 
granularity of sparsity that fits the accelerator. Lastly, I’ll demonstrate a few machine 
learning applications accelerated with such sparse primitives: machine translation, 
speech recognition, image classification, and Progressive GAN, which makes real-time 
AI and embedded-AI possible for IoT devices. It can also make cloudAI more energy 
efficient by saving the electric bill and total cost of ownership (TCO).


Potential product impact for NVIDIA: future DLA architectures in Xavier, Orin, etc.


Project 2: “Optimal Number Representation for Efficient Training/Inference” 

“Number representation” is a fundamental problem for efficient machine learning. For 
inference, Linear Quantization [TensorRT] or Kmeans Quantization [Han’16] are two 
extremes of quantization. The former has easy hw implementation but poor 
expressiveness. The latter has inefficient hw implementation (need register lookup 
every time) but flexible expressiveness. For training, Conventional fp16 or fp32 are also 
inefficient, since training DNNs needs more dynamic range and exciting methods need 
careful scaling factor tuning to avoid underflow or overflow [NVIDIA’17]. Given the large 
design space, we are interested in learning to learn the optimal number representation 
for deep learning. The design space include:  
[linear quantization, log quantization, kmeans quantization] x 
[weight, activation, gradient] x  
[training, inference] x [channel number] x [layer number] x [bit width] x [decimal point]  
This is a large design space that’s hard to be explored by human. It should be explored 
by AI. I plan to use machine learning techniques to find the best number representation 
for machine learning. It’s a co-design of number representation together with model 
architecture, trading off hardware efficiency and model accuracy. I’d like to push the 
pareto frontier of such trade-off. 


Potential product impact for NVIDIA: future TensorRT and cuDNN libraries.


HAN Lab Students: Yujun Lin (Arch PhD), Hanrui Wang (Arch PhD), Zhijian Liu (ML PhD)
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This is a large design space that’s hard to be explored by human. It should be explored 
by AI. I plan to use machine learning techniques to find the best number representation 
for machine learning. It’s a co-design of number representation together with model 
architecture, trading off hardware efficiency and model accuracy. I’d like to push the 
pareto frontier of such trade-off. 


Potential product impact for NVIDIA: future TensorRT and cuDNN libraries.
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Project 1: ”Efficient Hardware Primitives for Sparse Linear Algebra” 

Pruning techniques [Han’15] show that DNN models can be pruned to very sparse, 
saving the FLOPs by 10x and model size by 8x (FC layer, index included). However, it’s 
challenging for general purpose hardware to take advantage of sparsity. EIE [Han’16] is 
the first hardware accelerator for sparse DNN, it’s efficient but it lacks flexibility. TACO 
[Kjolstad’17] is a flexible compiler for sparse linear algebra on CPU, but it lacks 
accelerator support. Therefore, I plan to work on an specialized accelerator for sparse 
linear algebra. There are two basic operations to be accelerated: union (OR) and join 
(AND). Software implementation need O(n) cycles. I plan to work on O(log(n)) time 
complexity, O(n) area complexity arrays; or O(1) time complexity, O(n^2) space 
complexity arrays. After that, I’d like to implement this architecture in FPGA or ASIC, 
then integrate the HW primitive into TACO. Then, I want to co-design the machine 
learning models that are not only pruned to be sparse, but also with the optimal 
granularity of sparsity that fits the accelerator. Lastly, I’ll demonstrate a few machine 
learning applications accelerated with such sparse primitives: machine translation, 
speech recognition, image classification, and Progressive GAN, which makes real-time 
AI and embedded-AI possible for IoT devices. It can also make cloudAI more energy 
efficient by saving the electric bill and total cost of ownership (TCO).


Potential product impact for NVIDIA: future DLA architectures in Xavier, Orin, etc.


Project 2: “Optimal Number Representation for Efficient Training/Inference” 

“Number representation” is a fundamental problem for efficient machine learning. For 
inference, Linear Quantization [TensorRT] or Kmeans Quantization [Han’16] are two 
extremes of quantization. The former has easy hw implementation but poor 
expressiveness. The latter has inefficient hw implementation (need register lookup 
every time) but flexible expressiveness. For training, Conventional fp16 or fp32 are also 
inefficient, since training DNNs needs more dynamic range and exciting methods need 
careful scaling factor tuning to avoid underflow or overflow [NVIDIA’17]. Given the large 
design space, we are interested in learning to learn the optimal number representation 
for deep learning. The design space include:  
[linear quantization, log quantization, kmeans quantization] x 
[weight, activation, gradient] x  
[training, inference] x [channel number] x [layer number] x [bit width] x [decimal point]  
This is a large design space that’s hard to be explored by human. It should be explored 
by AI. I plan to use machine learning techniques to find the best number representation 
for machine learning. It’s a co-design of number representation together with model 
architecture, trading off hardware efficiency and model accuracy. I’d like to push the 
pareto frontier of such trade-off. 


Potential product impact for NVIDIA: future TensorRT and cuDNN libraries.
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