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NLP is Ubiquitous
• NLP techniques are widely used
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Chat Bots Grammar Checking Machine TranslationRecommender System

medium.com/voice-tech-podcast/build-a-chatbot-using-c-and-dialogflow-93b50be39d7c

grammarly.com

translate.google.com 

thedatascientist.com/right-way-recommender-system-startup
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Efficient NLP is Important
• NLP model size and computation are increasing exponentially
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Table 2

Reduce-Layer Reduce-Layer
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Efficient NLP is Important
• End of Moore’s Law


• Need specialized efficient NLP algorithm-hardware co-design
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John Hennessy and David Patterson, Computer Architecture: A Quantitative Approach

Processor Performance
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Outline
• Quick Overview


• Background


• Algorithmic Optimizations


• Hardware Architecture


• Evaluation


• Conclusion
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Quick Overview — 

Cascade Token/Head Pruning

2 Tokens

BERT Layer 1 (100% Computation & Memory Access)

Sentiment Classification: Positive ✓ 

As treat, film perfect.

film perfect

11 Tokens

5 Tokens
Layer 2 (34%)

8 Heads

6 Heads

4 Heads
Layer 3 (9%)

As a visual treat, the film is almost perfect.

✅

• Intuition: human language 
contains high redundancy, 
remove unimportant tokens and 
heads
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Quick Overview — 

Top-k Engine

• To support the fast selection of which tokens and heads to prune
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Quick Overview — 

Progressive Quantization

• Reduce the DRAM access: eagerly fetch MSB; lazily fetch LSB


• An intuitive analogy:
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Information in DRAM MSB fetched to On-chip Confidence Need to fetch LSB?

“This is my favorite 
computer program”

“Ths is my favrit cmptr 
prog” High No

“I like the great visual 
treat" “I lk te gt vl trt" Low Yes
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Outline
• Quick Overview


• Background
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• Hardware Architecture


• Evaluation
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Attention-Based NLP Models
• Discriminative Model


• BERT


• Summarization Stage


• Generative Model


• GPT-2


• Summarization Stage


• Generation Stage
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Summarization Stage
• Discriminative Model


• BERT


• Summarization Stage


• Generative Model


• GPT-2


• Summarization Stage


• Generation Stage
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Summarization Stage
• Discriminative Model


• BERT


• Summarization Stage


• Generative Model


• GPT-2


• Summarization Stage


• Generation Stage

18

Token Embedding

Summarization Stage

“It”   “is”   “nice”

Block 1

Block n

Token Embedding

Summarization Stage

“It”   “is”   “nice”

FC for Q, K, V

FFN

R
es

id
ua

l &
 L

ay
er

 N
or

m

Attention

Block 1

Block n

Token Embedding

Summarization Stage

“It”   “is”   “nice”

FC for Q, K, V

Q × KT

FFN

R
es

id
ua

l &
 L

ay
er

 N
or

m

Softmax

A
tte

nt
io

n

Attention Prob × V

Block 1

Block n

Token Embedding

Summarization Stage

Final Result (BERT)

“It”   “is”   “nice”

Classification

positive ✓

FC for Q, K, V

Q × KT

FFN

R
es

id
ua

l &
 L

ay
er

 N
or

m

Softmax

A
tte

nt
io

n

Attention Prob × V

Block 1

Block n

Token Embedding

Summarization Stage

LM Head

One New Token (GPT-2)

“It”   “is”   “nice”

“to”

FC for Q, K, V

Q × KT

FFN

R
es

id
ua

l &
 L

ay
er

 N
or

m

Softmax

A
tte

nt
io

n

Attention Prob × V

Block 1

Block n

block_in

block_out



SpAtten: Efficient Sparse Attention Architecture

Summarization Stage
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 Generation Stage
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 Generation Stage
• Discriminative Model


• BERT


• Summarization Stage


• Generative Model


• GPT-2


• Summarization Stage


• Generation Stage
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 Generation Stage
• Discriminative Model


• BERT


• Summarization Stage


• Generative Model


• GPT-2


• Summarization Stage


• Generation Stage


• Block = Layer
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Attention Layer - in Summarization Stage
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Attention Layer - in Summarization Stage
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Attention Layer - in Summarization Stage
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Attention Layer - in Summarization Stage

31

Query

Key

Value

11
 to

ke
ns

11
 to

ke
ns

11
 to

ke
ns

Q * KT

Attention Score

11

11

Intuition: each token is trying to assess 
the relevance/importance of other 

tokens to itself

Head 18 heads



SpAtten: Efficient Sparse Attention Architecture

Attention Layer - in Summarization Stage
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Attention Layer - in Summarization Stage
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Attention Layer - in Summarization Stage
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Attention Layer - in Summarization Stage
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Attention Layer - in Summarization Stage
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Attention Layer - in Summarization Stage
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Attention Layer - in Summarization Stage
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Attention Layer - in Summarization Stage
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Attention Layer - in Summarization Stage
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Attention Layer - in Generation Stage
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Attention Layer - in Generation Stage
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Attention Layer - in Generation Stage
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Attention Layer - in Generation Stage
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Attention Layer - in Generation Stage
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Attention Layer - in Generation Stage
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Attention Layer - in Generation Stage
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Attention Layer - in Generation Stage
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Our Solution: SpAtten
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Outline
• Quick Overview


• Background


• Algorithmic Optimizations


• Hardware Architecture


• Evaluation


• Conclusion
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Our Solution: SpAtten
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Cascade Token/Head Pruning
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Cascade Token/Head Pruning
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Cascade Token/Head Pruning
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Cascade Token/Head Pruning
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Cascade Token/Head Pruning
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Cascade Token/Head Pruning
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Cascade Token/Head Pruning
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2 
to

ke
ns

2 
to

ke
ns

2 
to

ke
ns

2 tokens, 4 heads

“As treat, film perfect.”


“film perfect”


Attention FFN

QKV FC

Attention
FFN

Classifier
✅

8 heads 6 heads 4 heads

Get 

Token/Head

Importance 

scores

Prune 
Unimportant


Tokens/Heads

Get 

Token/Head

Importance 

scores

Prune 
Unimportant


Tokens/Heads

Q
K
V

• Pruned tokens/heads will never be used in all following layers: “Cascade”
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Cascade Token/Head Pruning

63

Query

Key

Value

11
 to

ke
ns

11
 to

ke
ns

11
 to

ke
ns

5 
to
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ns

5 
to
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ns

5 
to
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ns

Attention FFN

QKV FC

2 
to

ke
ns

2 
to

ke
ns

2 
to
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ns

Attention FFN

QKV FC

Attention
FFN

Classifier
✅

8 heads 6 heads 4 heads

• Fundamentally different from weight pruning: 

• Query, Key, Value are activations

• Pruned tokens/heads are input-dependent

Get 

Token/Head

Importance 

scores

Prune 
Unimportant


Tokens/Heads

Get 

Token/Head

Importance 

scores

Prune 
Unimportant


Tokens/Heads

Q
K
V
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Find Unimportant Tokens with 

Attention Probabilities

64

Query

Key

Value

11
 to

ke
ns

11
 to

ke
ns

11
 to

ke
ns

Q * KT

Attention Score

11

11
Row-wise 


Softmax

Attention Probability

11

11

Attention Probability * V

Compute next layer’s

Query, Key and ValueIntuition: each token is trying to assess 

the relevance/importance of other 
tokens to itself

8 heads

8 heads
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• If one column in attention probability is small: the token is unimportant to all other tokens

Find Unimportant Tokens with 

Attention Probabilities

Row-wise 


Softmax

Attention Probability

11

11

Small Magnitude
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Find Unimportant Tokens with 

Attention Probabilities

• If one column in attention probability is small: the token is unimportant to all other tokens


• Maintain an importance score for each token

66

Attention Prob
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0.4 1.0 0.3 1.2 1.7 1.0 0.4 1.8 0.6 1.9 1.4 0.3 0.9 0.4

Attention Prob Attention Prob

A
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lly

Tokens with small cumulative importance scores are pruned away

0.4 1.0 0.3 1.2 1.7 1.0 0.4 1.8 0.6 1.9 1.4 0.3 0.9 0.4

Row-wise 


Softmax

Attention Probability
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Find Unimportant Tokens with 

Attention Probabilities

• If one column in attention probability is small: the token is unimportant to all other tokens


• Maintain an importance score for each token


• Accumulate attention probs to the importance scores

67

Attention Prob

A
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ul
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rti

ca
lly

0.4 1.0 0.3 1.2 1.7 1.0 0.4 1.8 0.6 1.9 1.4 0.3 0.9 0.4

Attention Prob Attention Prob

A
cc
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ul
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e 
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ca
lly

Tokens with small cumulative importance scores are pruned away

0.4 1.0 0.3 1.2 1.7 1.0 0.4 1.8 0.6 1.9 1.4 0.3 0.9 0.4

Row-wise 


Softmax

Attention Probability
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Attention Prob

A
cc

um
ul

at
e 

ve
rti

ca
lly

0.4 1.0 0.3 1.2 1.7 1.0 0.4 1.8 0.6 1.9 1.4 0.3 0.9 0.4

Attention Prob Attention Prob

A
cc

um
ul

at
e 

ve
rti

ca
lly

Tokens with small cumulative importance scores are pruned away

0.4 1.0 0.3 1.2 1.7 1.0 0.4 1.8 0.6 1.9 1.4 0.3 0.9 0.4

Find Unimportant Tokens with 

Attention Probabilities

• If one column in attention probability is small: the token is unimportant to all other tokens


• Maintain an importance score for each token


• Accumulate attention probs to the importance scores

68

Row-wise 


Softmax

Attention Probability

Importance Scores
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Attention Prob

A
cc

um
ul

at
e 

ve
rti

ca
lly

0.4 1.0 0.3 1.2 1.7 1.0 0.4 1.8 0.6 1.9 1.4 0.3 0.9 0.4

Attention Prob Attention Prob

A
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lly

Tokens with small cumulative importance scores are pruned away

0.4 1.0 0.3 1.2 1.7 1.0 0.4 1.8 0.6 1.9 1.4 0.3 0.9 0.4

Find Unimportant Tokens with 

Attention Probabilities

• If one column in attention probability is small: the token is unimportant to all other tokens


• Maintain an importance score for each token


• Accumulate attention probs to the importance scores


• Top-k scores indicate top-k important tokens


• Pruning ratio is a hyperparameter

69

Row-wise 


Softmax

Attention Probability

Small score tokens can be pruned away 

Importance Scores
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Attention Prob

A
cc

um
ul

at
e 

ve
rti

ca
lly

0.4 1.0 0.3 1.2 1.7 1.0 0.4 1.8 0.6 1.9 1.4 0.3 0.9 0.4

Attention Prob Attention Prob

A
cc
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ul

at
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ve
rti

ca
lly

Tokens with small cumulative importance scores are pruned away

0.4 1.0 0.3 1.2 1.7 1.0 0.4 1.8 0.6 1.9 1.4 0.3 0.9 0.4

Find Unimportant Tokens with 

Attention Probabilities

• If one column in attention probability is small: the token is unimportant to all other tokens


• Maintain an importance score for each token


• Accumulate attention probs to the importance scores


• Top-k scores indicate top-k important tokens


• Pruning ratio is a hyperparameter


• Importance scores can be accumulated  
across heads and layers

70

Row-wise 


Softmax

Attention Probability

Small score tokens can be pruned away 

Importance Scores
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Find Unimportant Heads with 

Attention Outputs

71

Query

Key

Value

11
 to

ke
ns

11
 to

ke
ns

11
 to

ke
ns

Q * KT

Attention Score

11

11
Row-wise 


Softmax

Attention Probability

11

11

Attention Probability * V

Compute next layer’s

Query, Key and ValueIntuition: each token is trying to assess 

the relevance/importance of other 
tokens to itself

Attention Output

8 heads

8 heads Head 8
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• If one head output is small: the head is unimportant to latter layers


• Maintain an importance score for each head


• Accumulate attention output magnitude to the importance scores


• Top-k scores indicate top-k important heads


• Importance scores can be accumulated across layers

Find Unimportant Heads with 

Attention Outputs

Attention Output

Small Magnitude

8 heads
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Our Solution: SpAtten

73

Cascade 
Token 

Pruning

Cascade 
Head


Pruning

Local Value

Pruning

Progressive

Quantization

Top-K Engine

Dedicated Accelerator
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Local Value Pruning
• Cascade token/head pruning find unimportant token/head in current layer, prune in next layer


• Local value pruning find unimportant Value in current layer, prune in current layer

74

Query

Key

Value

1 
to

ke
ns

11
 to

ke
ns

11
 to

ke
ns

Q * KT

Attention Score

11

1 Row-wise 


Softmax Attention Probability

11

1

Attention Probability * V

8 heads Head 1
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Local Value Pruning
• Cascade token/head pruning find unimportant token/head in current layer, prune in next layer


• Local value pruning find unimportant Value in current layer, prune in current layer


• Directly rank top-k attention probabilities and only fetch their Value vectors

75

Query

Key

Value

1 
to

ke
ns

11
 to

ke
ns

11
 to

ke
ns

8 heads Head 1

Q * KT

Attention Score
1 Row-wise 


Softmax Attention Probability

1

Attention Probability * V

Small Magnitude

11 11
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Local Value Pruning
• Cascade token/head pruning find unimportant token/head in current layer, prune in next layer


• Local value pruning find unimportant Value in current layer, prune in current layer


• Directly rank top-k attention probabilities and only fetch their value vectors

76

Query

Key

Value

1 
to

ke
ns

11
 to

ke
ns

11
 to

ke
ns

Q * KT

Attention Score
1 Row-wise 


Softmax Attention Probability

1

Attention Probability * V

Small Magnitude

No need to fetch 
these Value vectors

8 heads Head 1
11 11
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Local Value Pruning
• Cascade token/head pruning find unimportant token/head in current layer, prune in next layer


• Local value pruning find unimportant Value in current layer, prune in current layer


• Directly rank top-k attention probabilities and only fetch their value vectors


• Only for generation stage


• Because in summarization, small attention probs have different locations in different rows

77

Attention Probability

11

11
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Our Solution: SpAtten

78

Cascade 
Token 

Pruning

Cascade 
Head


Pruning

Local Value

Pruning

Progressive

Quantization

Top-K Engine

Dedicated Accelerator
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• Generation stage is memory-bounded because of matrix vector multiplication


• Need to fetch Key and Value from DRAM


• Static quantization: quantizes Key, Value to reduce DRAM access

Progressive Quantization

Query

Key

Value

1 
to

ke
ns

11
 to

ke
ns

11
 to

ke
ns

Q * KT

Attention Score

11
1 Row-wise 


Softmax Attention Probability

11
1

Attention Probability * V
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• Generation stage is memory-bounded because of matrix vector multiplication


• Need to fetch Key and Value from DRAM


• Static quantization: quantizes Key, Value to reduce DRAM access


• Progressive quantization on Key to further trade more computation to less DRAM access

Progressive Quantization

Query

Key

1 
to

ke
ns

11
 to

ke
ns
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• Separate Key to LSB part and MSB part

Progressive Quantization

Query

Key

1 
to

ke
ns

11
 to

ke
ns
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• Separate Key to LSB part and MSB part


• Only fetch MSB from DRAM to on-chip, and compute attention probability

Progressive Quantization

Query

Key

1 
to

ke
ns

11
 to

ke
ns

Q * KMSBT

Attention Score

11
1 Row-wise 


Softmax Attention Probability

11
1

LSB MSB

On-chip



SpAtten: Efficient Sparse Attention Architecture 83

• Separate Key to LSB part and MSB part


• Only fetch MSB from DRAM to on-chip, and compute attention probability


• If attention probability has low error:

Progressive Quantization

Query

Key

1 
to

ke
ns

11
 to

ke
ns

Q * KMSBT

Attention Score

11
1 Row-wise 


Softmax Attention Probability

11
1

LSB MSB

On-chip

Low error

No need to fetch LSB
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• Separate Key to LSB part and MSB part


• Only fetch MSB from DRAM to on-chip, and compute attention probability


• If attention probability has high error:

Progressive Quantization

Query

Key

1 
to

ke
ns

11
 to

ke
ns

Q * KMSBT

Attention Score

11
1 Row-wise 


Softmax Attention Probability

11
1

concat 
MSB LSB

On-chip

High Error

Need to fetch LSB and 
recompute attention probability

• Eagerly fetch MSB, lazily fetch LSB: reduce the average bitwidth
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Determine Attention Error

with Attention Probability

• How to check whether error is high?

85

Table 2

Max percent

Untitled 1 0.14318074 0.0369380159

Untitled 2 0.14661336 0.0419027197

Untitled 3 0.16183415 0.0271336549

Untitled 4 0.16247362 0.0257618188

Untitled 5 0.16455306 0.0261162296

Untitled 6 0.16983242 0.0366652272

Untitled 7 0.17542388 0.0377734687

Untitled 8 0.18009314 0.0309943485

Untitled 9 0.18155359 0.0340405862

Untitled 10 0.18416071 0.0304472834

Untitled 11 0.19021262 0.0331736238

Untitled 12 0.1912854 0.0555071776

Untitled 13 0.19326712 0.0467095753

Untitled 14 0.20337978 0.0314496759

Untitled 15 0.20360653 0.049775117

Untitled 16 0.2071048 0.0310574019

Untitled 17 0.20838396 0.0348681901

Untitled 18 0.20912747 0.0418295602

Untitled 19 0.2092779 0.0320962991

Untitled 20 0.2096166 0.0252050789

Untitled 21 0.21081309 0.0496644857

Untitled 22 0.21310887 0.0468115882

Untitled 23 0.21325563 0.0475019456

Untitled 24 0.21448258 0.0256901014

Untitled 25 0.21496129 0.0587544809

Untitled 26 0.21496177 0.043542794

Untitled 27 0.21523218 0.0797525475

Untitled 28 0.21797805 0.0256676567

Untitled 29 0.21833259 0.0283665117

Untitled 30 0.21886522 0.0377256913

Untitled 31 0.22002375 0.0331871176

Untitled 32 0.22088784 0.043016513

Untitled 33 0.22274266 0.0371372309

Untitled 34 0.22369975 0.0390901858

Untitled 35 0.22439629 0.0504951562

Untitled 36 0.22549202 0.0457082126

Untitled 37 0.22818688 0.0404735283

Untitled 38 0.22887237 0.0330575148

Untitled 39 0.22901675 0.0339618806

Untitled 40 0.2330231 0.0356624262

Untitled 41 0.23311615 0.0327416037

Untitled 42 0.23496237 0.0392653278

Untitled 43 0.23516984 0.0538436136

Untitled 44 0.2365484 0.0374223088

Untitled 45 0.23660079 0.0383594914

Untitled 46 0.23742406 0.050056412

Untitled 47 0.23791042 0.0469859018

Untitled 48 0.2383089 0.0266139555

Untitled 49 0.24076663 0.0666612758

Untitled 50 0.24410953 0.033225623

Untitled 51 0.24472237 0.0475325622

Untitled 52 0.25009355 0.0417164133

Untitled 53 0.25051785 0.0321588471

Untitled 54 0.25173768 0.0229680512

Untitled 55 0.25222123 0.0479964054

Untitled 56 0.2528171 0.0350670289

Untitled 57 0.25621644 0.0414917421

Untitled 58 0.25735006 0.0239551221

Untitled 59 0.25945693 0.0354268072

Untitled 60 0.25995514 0.029060291

Untitled 61 0.26141843 0.0394297063

Untitled 62 0.26161617 0.0360600487

Untitled 63 0.26194042 0.0338912557

Untitled 64 0.26372612 0.0234155696

Untitled 65 0.26415405 0.047502945

Untitled 66 0.26745176 0.057412015

Untitled 67 0.26789638 0.0407227513

Untitled 68 0.26940912 0.0412175417

Untitled 69 0.2716747 0.01689983234

Untitled 70 0.27183127 0.0298104813

Untitled 71 0.27462694 0.0714535508

Untitled 72 0.27477857 0.0456087875

Untitled 73 0.2752904 0.0245357735

Untitled 74 0.2788827 0.0333069373

Untitled 75 0.27917078 0.0346956777

Untitled 76 0.280018 0.038522462

Untitled 77 0.28291884 0.0393780814

Untitled 78 0.2829727 0.0314948693

Untitled 79 0.28321576 0.0403269642

Untitled 80 0.28494722 0.0302343922

Untitled 81 0.28503445 0.0370060492

Untitled 82 0.2871926 0.0228828362

Untitled 83 0.28768975 0.0372008505

Untitled 84 0.29026344 0.050762528

Untitled 85 0.2905898 0.0256091101

Untitled 86 0.29178515 0.0639174326

Untitled 87 0.29325417 0.0325144017

Untitled 88 0.29422385 0.0306936963

Untitled 89 0.29560328 0.0229139886

Untitled 90 0.2958508 0.0298339349

Untitled 91 0.2959903 0.040578262

Untitled 92 0.29621765 0.044122028

Untitled 93 0.2976898 0.0332563137

Untitled 94 0.29821956 0.0312326864

Untitled 95 0.29869708 0.0475534375

Untitled 96 0.30049413 0.0286155295

Untitled 97 0.30064172 0.0364540498

Untitled 98 0.30522138 0.0252363909

Untitled 99 0.3067403 0.0347919222

Untitled 100 0.30781254 0.054182756

Untitled 101 0.30800676 0.0354544294

Untitled 102 0.31213087 0.0664859875

Untitled 103 0.31447273 0.0614089367

Untitled 104 0.31669772 0.0289858547

Untitled 105 0.31737533 0.051578882

Untitled 106 0.31864256 0.043285211

Untitled 107 0.3198036 0.027164224

Untitled 108 0.3198468 0.0436853016

Untitled 109 0.3210808 0.050210635

Untitled 110 0.32724202 0.0374750186

Untitled 111 0.32753026 0.0242482731

Untitled 112 0.33063734 0.0585171994

Untitled 113 0.33085006 0.0447567857

Untitled 114 0.33162278 0.0377045462

Untitled 115 0.33206096 0.0432228378

Untitled 116 0.33834484 0.0312110891

Untitled 117 0.3385135 0.0317935455

Untitled 118 0.33968168 0.0287879868

Untitled 119 0.33975577 0.0412306764

Untitled 120 0.34614184 0.0246271426

Untitled 121 0.34666014 0.0356053882

Untitled 122 0.34734437 0.0459324848

Untitled 123 0.34913245 0.036926272

Untitled 124 0.35115218 0.0290108473

Untitled 125 0.35591266 0.0364679464

Untitled 126 0.3564469 0.0360676753

Untitled 127 0.3590984 0.060379226

Untitled 128 0.3607499 0.039109049

Untitled 129 0.36374497 0.0427090303

Untitled 130 0.3644628 0.046274329

Untitled 131 0.3661147 0.0323238469

Untitled 132 0.36672506 0.030456354

Untitled 133 0.36911526 0.0381760293

Untitled 134 0.369361 0.0406979962

Untitled 135 0.37134388 0.0535523474

Untitled 136 0.37202567 0.0462513295

Untitled 137 0.3738338 0.0433180696

Untitled 138 0.37420967 0.0587438105

Untitled 139 0.3746087 0.037120965

Untitled 140 0.3759204 0.052350833

Untitled 141 0.378682 0.0506253746

Untitled 142 0.37915722 0.025528343

Untitled 143 0.37926352 0.0372873442

Untitled 144 0.3795251 0.026587973

Untitled 145 0.38135698 0.0253529711

Untitled 146 0.3837014 0.0324554675

Untitled 147 0.38743898 0.0438082905

Untitled 148 0.38817585 0.034019291

Untitled 149 0.38991612 0.057754376

Untitled 150 0.39007172 0.0522686998

Untitled 151 0.39009318 0.0405576736

Untitled 152 0.39166778 0.0465699557

Untitled 153 0.39221704 0.0481485954

Untitled 154 0.39268333 0.0619061838

Untitled 155 0.3930841 0.058660942

Untitled 156 0.39343092 0.0551106704

Untitled 157 0.3939909 0.0273833092

Untitled 158 0.3950146 0.0400402542

Untitled 159 0.39672562 0.0349758802

Untitled 160 0.39740488 0.046477496

Untitled 161 0.39766493 0.0322489641

Untitled 162 0.3985816 0.0287355202

Untitled 163 0.4038298 0.0368958492

Untitled 164 0.40424892 0.039357341

Untitled 165 0.40478152 0.0468131975

Untitled 166 0.40907443 0.0410593173

Untitled 167 0.4099539 0.0417870553

Untitled 168 0.4112337 0.044593779

Untitled 169 0.41177973 0.0499333585

Untitled 170 0.4128565 0.0272965362

Untitled 171 0.41387516 0.048712485

Untitled 172 0.4146108 0.0349774895

Untitled 173 0.41685367 0.01719935784

Untitled 174 0.41872385 0.0304941754

Untitled 175 0.42072996 0.0205658584

Untitled 176 0.42234406 0.0348149046

Untitled 177 0.42743385 0.0227395553

Untitled 178 0.42770985 0.049168086

Untitled 179 0.42845163 0.01851981585

Untitled 180 0.43027663 0.0198806956

Untitled 181 0.43042687 0.0555827577

Untitled 182 0.4338016 0.0262030292

Untitled 183 0.43484497 0.0196995819

Untitled 184 0.4354712 0.0366773758

Untitled 185 0.4359559 0.04552172

Untitled 186 0.43659833 0.0436153968

Untitled 187 0.43732587 0.0268744645

Untitled 188 0.43738833 0.0262979475

Untitled 189 0.43856725 0.0251872797

Untitled 190 0.44187602 0.0237348608

Untitled 191 0.44334307 0.0191634494

Untitled 192 0.44709903 0.0273264897

Untitled 193 0.4480176 0.0296371595

Untitled 194 0.45147452 0.0605494793

Untitled 195 0.45289603 0.0632739463

Untitled 196 0.4545249 0.037398574

Untitled 197 0.45505518 0.0158473091

Untitled 198 0.45594588 0.0308173008

Untitled 199 0.45637923 0.0136346793

Untitled 200 0.45658103 0.0360445751

Untitled 201 0.45709154 0.033009194

Untitled 202 0.45872492 0.0168260884

Untitled 203 0.45925945 0.0403284291

Untitled 204 0.4605805 0.0389983645

Untitled 205 0.4613542 0.0138722401

Untitled 206 0.4630601 0.0225590287

Untitled 207 0.46316397 0.0191068598

Untitled 208 0.46330297 0.0422721937

Untitled 209 0.46373454 0.0229911533

Untitled 210 0.467859 0.0552563795

Untitled 211 0.4705251 0.0463976846

Untitled 212 0.47239432 0.0212882346

Untitled 213 0.47298908 0.0400374536

Untitled 214 0.47322747 0.0246552056

Untitled 215 0.47806367 0.0175796892

Untitled 216 0.478971 0.0549215444

Untitled 217 0.48139852 0.031670207

Untitled 218 0.4817316 0.045238411

Untitled 219 0.48268747 0.0324040307

Untitled 220 0.482733 0.0293160006

Untitled 221 0.486589 0.0280034084

Untitled 222 0.48659462 0.0203405906

Untitled 223 0.49301067 0.0294379046

Untitled 224 0.4942704 0.021223665

Untitled 225 0.50191444 0.0281804105

Untitled 226 0.50343055 0.0428246985

Untitled 227 0.50354964 0.0223461147

Untitled 228 0.5041204 0.0452221546

Untitled 229 0.5057638 0.0248863292

Untitled 230 0.506119 0.0618286163

Untitled 231 0.50826854 0.0103345256

Untitled 232 0.509018 0.0217472423

Untitled 233 0.50977063 0.0326552411

Untitled 234 0.5106991 0.0489151447

Untitled 235 0.5120936 0.0305828579

Untitled 236 0.51678777 0.0205069869

Untitled 237 0.51937896 0.0192268334

Untitled 238 0.52006716 0.0477026122

Untitled 239 0.52017725 0.01579676226

Untitled 240 0.5207063 0.0344954177

Untitled 241 0.5261909 0.0629553277

Untitled 242 0.52681935 0.0324566037

Untitled 243 0.52748823 0.0386674757

Untitled 244 0.5285738 0.01584472605

Untitled 245 0.52997965 0.0289153533

Untitled 246 0.53385997 0.0328737183

Untitled 247 0.5340211 0.0451492402

Untitled 248 0.5350081 0.0246054218

Untitled 249 0.53619695 0.0480918614

Untitled 250 0.5385308 0.0394862427

Untitled 251 0.53918034 0.0236399482

Untitled 252 0.5402842 0.034233497

Untitled 253 0.54053843 0.0199463767

Untitled 254 0.54168886 0.052743506

Untitled 255 0.54182 0.0164693805

Untitled 256 0.54300046 0.0094538452

Untitled 257 0.5437455 0.0501749492

Untitled 258 0.5458238 0.0201058114

Untitled 259 0.5458856 0.0244782035

Untitled 260 0.5463131 0.0192984976

Untitled 261 0.54908115 0.0143857474

Untitled 262 0.54917103 0.0140287203

Untitled 263 0.55029196 0.0198080681

Untitled 264 0.55125004 0.0217548347

Untitled 265 0.55136186 0.0295055123

Untitled 266 0.55218273 0.0175657432

Untitled 267 0.55245674 0.0477625857

Untitled 268 0.5537798 0.0225267933

Untitled 269 0.55426246 0.0229048762

Untitled 270 0.55430967 0.0349787435

Untitled 271 0.55476946 0.0318068379

Untitled 272 0.55688566 0.0399527972

Untitled 273 0.5611857 0.0276949225

Untitled 274 0.56167704 0.0409578877

Untitled 275 0.56201303 0.0369463911

Untitled 276 0.5632609 0.0150796293

Untitled 277 0.5635486 0.0423127568

Untitled 278 0.56445163 0.01430918044

Untitled 279 0.56583416 0.0216121428

Untitled 280 0.56705636 0.0429846671

Untitled 281 0.5690254 0.01429898143

Untitled 282 0.57242996 0.0247634885

Untitled 283 0.5726811 0.0312124552

Untitled 284 0.5729592 0.0206267382

Untitled 285 0.5742359 0.0190074689

Untitled 286 0.57496756 0.016620345

Untitled 287 0.5760046 0.033782513

Untitled 288 0.5768969 0.0404965582

Untitled 289 0.5811883 0.0366457332

Untitled 290 0.5815931 0.0265315696

Untitled 291 0.58204937 0.0191512723

Untitled 292 0.5858532 0.0569856588

Untitled 293 0.58642167 0.0356856955

Untitled 294 0.58891594 0.01657404067

Untitled 295 0.5895968 0.0193100553

Untitled 296 0.59356475 0.0172438813

Untitled 297 0.5946089 0.0296719124

Untitled 298 0.5952963 0.0130097066

Untitled 299 0.596408 0.02635927

Untitled 300 0.5977866 0.0152099256

Untitled 301 0.59951043 0.0252280651

Untitled 302 0.5996799 0.040693858

Untitled 303 0.59969777 0.0247217151

Untitled 304 0.60021883 0.0416040492

Untitled 305 0.6004549 0.01432874455

Untitled 306 0.60088104 0.0278327656

Untitled 307 0.6020992 0.0224369214

Untitled 308 0.60210365 0.0257865701

Untitled 309 0.60257316 0.034051876

Untitled 310 0.6043567 0.0166807555

Untitled 311 0.6051472 0.0428028713

Untitled 312 0.6055575 0.0139299374

Untitled 313 0.6068356 0.0279483521

Untitled 314 0.6087635 0.0150894466

Untitled 315 0.6097733 0.01751349396

Untitled 316 0.6102967 0.0284011734

Untitled 317 0.61034435 0.0262795042

Untitled 318 0.61082363 0.0245679063

Untitled 319 0.6113034 0.019294215

Untitled 320 0.61418074 0.0267498967

Untitled 321 0.6142449 0.01471868003

Untitled 322 0.6149717 0.01414382705

Untitled 323 0.6170117 0.0312209425

Untitled 324 0.61851966 0.01483653

Untitled 325 0.61913615 0.0287773373

Untitled 326 0.6217476 0.0189625947

Untitled 327 0.62341654 0.0184327341

Untitled 328 0.6251678 0.00881991362

Untitled 329 0.6255719 0.01661637856

Untitled 330 0.62616897 0.0338390038

Untitled 331 0.6275343 0.0331295096

Untitled 332 0.6280879 0.01448283493

Untitled 333 0.63329685 0.0339495705

Untitled 334 0.6335232 0.0243194889

Untitled 335 0.63778883 0.0344964399

Untitled 336 0.639242 0.0232353204

Untitled 337 0.6395115 0.0158458955

Untitled 338 0.6397722 0.0265163582

Untitled 339 0.63997155 0.0388671866

Untitled 340 0.640794 0.0131039561

Untitled 341 0.64386576 0.0223905823

Untitled 342 0.6451957 0.0170544836

Untitled 343 0.6476404 0.0363910971

Untitled 344 0.6480041 0.0256026159

Untitled 345 0.64849395 0.01641414313

Untitled 346 0.6492824 0.01123959535

Untitled 347 0.6560774 0.0275440644

Untitled 348 0.65681034 0.0116758724

Untitled 349 0.6610268 0.039468225

Untitled 350 0.6665718 0.01006679983

Untitled 351 0.6671042 0.0125449837

Untitled 352 0.6677773 0.0191289587

Untitled 353 0.6680376 0.030157636

Untitled 354 0.6695456 0.0395662118

Untitled 355 0.67137295 0.01204726293

Untitled 356 0.67195064 0.0217730728

Untitled 357 0.673166 0.0201568017

Untitled 358 0.67906976 0.027889435

Untitled 359 0.67937094 0.01844401554

Untitled 360 0.6799974 0.0249166836

Untitled 361 0.68020636 0.0310075345

Untitled 362 0.6824548 0.0131991689

Untitled 363 0.68482286 0.0241897151

Untitled 364 0.6855891 0.0283536392

Untitled 365 0.6890588 0.01162723924

Untitled 366 0.6928627 0.0306209928

Untitled 367 0.69355756 0.0173141547

Untitled 368 0.6935802 0.0501970595

Untitled 369 0.6946939 0.0181379415

Untitled 370 0.6970088 0.0170856645

Untitled 371 0.6970491 0.0233877954

Untitled 372 0.69879395 0.0217949551

Untitled 373 0.70014673 0.0204594793

Untitled 374 0.70282906 0.0253959624

Untitled 375 0.70337135 0.0218589053

Untitled 376 0.70373046 0.0209104386

Untitled 377 0.7051534 0.0139426047

Untitled 378 0.70567256 0.0142569217

Untitled 379 0.70661587 0.0209929765

Untitled 380 0.70711213 0.0387890757

Untitled 381 0.7077282 0.0128622799

Untitled 382 0.7103227 0.0144449609

Untitled 383 0.7128515 0.015194775

Untitled 384 0.717416 0.0256643317

Untitled 385 0.7190306 0.01017973564

Untitled 386 0.71997297 0.0318961873

Untitled 387 0.7245775 0.01838845726

Untitled 388 0.7256354 0.0328548684

Untitled 389 0.7258834 0.0177297436

Untitled 390 0.72710305 0.0304936852

Untitled 391 0.7277829 0.0301846635

Untitled 392 0.7285077 0.023532412

Untitled 393 0.72922325 0.0114500935

Untitled 394 0.7310636 0.0186682752

Untitled 395 0.73347396 0.01044295727

Untitled 396 0.7341357 0.0275371769

Untitled 397 0.7346927 0.0121369074

Untitled 398 0.7359712 0.0269795402

Untitled 399 0.7402789 0.0134976589

Untitled 400 0.74135184 0.018698679

Untitled 401 0.74145496 0.0328437876

Untitled 402 0.7431655 0.0211112781

Untitled 403 0.7449214 0.0384050971

Untitled 404 0.74514323 0.0331287059

Untitled 405 0.7487887 0.0266043814

Untitled 406 0.7495039 0.0208031342

Untitled 407 0.75112355 0.0068886229

Untitled 408 0.75283784 0.0226717557

Untitled 409 0.7561082 0.0224596625

Untitled 410 0.7564579 0.0163623782

Untitled 411 0.75774497 0.0495458744

Untitled 412 0.75908 0.01631565207

Untitled 413 0.7636969 0.0213013636

Untitled 414 0.7684985 0.0228378974

Untitled 415 0.7698494 0.01074218295

Untitled 416 0.7716671 0.01603005376

Untitled 417 0.77192426 0.0093646003

Untitled 418 0.77518845 0.0197912303

Untitled 419 0.7755311 0.01200816435

Untitled 420 0.7768132 0.0127666092

Untitled 421 0.77845204 0.01608433144

Untitled 422 0.7786565 0.0141833537

Untitled 423 0.77926373 0.00715470574

Untitled 424 0.78099096 0.00914703453

Untitled 425 0.7828276 0.0380521265

Untitled 426 0.7873663 0.036419162

Untitled 427 0.7898769 0.0215049961

Untitled 428 0.78993297 0.00882854722

Untitled 429 0.7939087 0.01632461684

Untitled 430 0.7976078 0.0294838713

Untitled 431 0.798655 0.0104626635

Untitled 432 0.8008028 0.01212582603

Untitled 433 0.80185235 0.0152367973

Untitled 434 0.80195546 0.00779408006

Untitled 435 0.8025837 0.0122436532

Untitled 436 0.8031614 0.00796701673

Untitled 437 0.8043293 0.0292041001

Untitled 438 0.806197 0.01742857954

Untitled 439 0.8095849 0.0187044721

Untitled 440 0.8103209 0.0210890405

Untitled 441 0.81172806 0.0166058518

Untitled 442 0.81219 0.0177898577

Untitled 443 0.81327754 0.01051366045

Untitled 444 0.8156989 0.0119790345

Untitled 445 0.8159203 0.0249559661

Untitled 446 0.81912166 0.0120768598

Untitled 447 0.82005066 0.0131061069

Untitled 448 0.8222754 0.0100984259

Untitled 449 0.822604 0.0113569916

Untitled 450 0.82276285 0.0161587932

Untitled 451 0.8270715 0.0149447065

Untitled 452 0.8280588 0.01750037085

Untitled 453 0.8284356 0.01163635886

Untitled 454 0.82933897 0.025377483

Untitled 455 0.8296095 0.01350041447

Untitled 456 0.83193773 0.0302056528

Untitled 457 0.8330899 0.00601282588

Untitled 458 0.8376405 0.0254335919

Untitled 459 0.8382779 0.0255836691

Untitled 460 0.84326434 0.0326041634

Untitled 461 0.8442487 0.00611595522

Untitled 462 0.8444766 0.0104931604

Untitled 463 0.84505266 0.0165800555

Untitled 464 0.845865 0.00659558115

Untitled 465 0.84989643 0.01570161235

Untitled 466 0.85174453 0.0099507826

Untitled 467 0.852223 0.0104790662

Untitled 468 0.85247207 0.00877148813

Untitled 469 0.852649 0.0122110435

Untitled 470 0.85287374 0.01243104925

Untitled 471 0.8533496 0.0141033903

Untitled 472 0.8542816 0.0257662021

Untitled 473 0.85458946 0.0163086215

Untitled 474 0.8553784 0.0099823587

Untitled 475 0.85584146 0.0110177637

Untitled 476 0.8564872 0.01322200595

Untitled 477 0.85698515 0.0305926866

Untitled 478 0.85917056 0.00302254508

Untitled 479 0.85934544 0.01166616074

Untitled 480 0.86034614 0.01415902173

Untitled 481 0.8617506 0.00856723433

Untitled 482 0.86275184 0.007779531

Untitled 483 0.86347896 0.0221912533

Untitled 484 0.8636588 0.01112939896

Untitled 485 0.8642827 0.0140860414

Untitled 486 0.8654201 0.00877826923

Untitled 487 0.8659506 0.0139448961

Untitled 488 0.8697668 0.01768340697

Untitled 489 0.8698951 0.00692436608

Untitled 490 0.8702776 0.0256670848

Untitled 491 0.8726663 0.0174279742

Untitled 492 0.8729384 0.00915045757

Untitled 493 0.8738285 0.01050601276

Untitled 494 0.87508583 0.014630133

Untitled 495 0.87600535 0.00734113564

Untitled 496 0.87719375 0.0101186647

Untitled 497 0.87744385 0.00577289426

Untitled 498 0.87847805 0.00520438025

Untitled 499 0.87851405 0.00645470812

Untitled 500 0.8790588 0.0106005845

Untitled 501 0.8798192 0.00403226816

Untitled 502 0.88024545 0.0156596689

Untitled 503 0.882929 0.00792739185

Untitled 504 0.88437015 0.0062903091

Untitled 505 0.8863066 0.00385860018

Untitled 506 0.8897574 0.00658373655

Untitled 507 0.88978297 0.0056288412

Untitled 508 0.8902356 0.00540472556

Untitled 509 0.8903375 0.01714638755

Untitled 510 0.89232415 0.00809711733

Untitled 511 0.8936751 0.0141255253

Untitled 512 0.89448553 0.00475224143

Untitled 513 0.89472836 0.0083972856

Untitled 514 0.8950728 0.0124510971

Untitled 515 0.8954721 0.0212824776

Untitled 516 0.8962329 0.0048397978

Untitled 517 0.8962495 0.00830063355

Untitled 518 0.89778453 0.00536949443

Untitled 519 0.90022945 0.00685081727

Untitled 520 0.90130144 0.01371942044

Untitled 521 0.90188456 0.00502265057

Untitled 522 0.9032843 0.0101338571

Untitled 523 0.9047152 0.00684501068

Untitled 524 0.90482557 0.01323612124

Untitled 525 0.9062325 0.0120279234

Untitled 526 0.9069511 0.00694447112

Untitled 527 0.9071526 0.0039426805

Untitled 528 0.9079722 0.0112819359

Untitled 529 0.90806293 0.00394629886

Untitled 530 0.90849286 0.00639953516

Untitled 531 0.90891683 0.01409537344

Untitled 532 0.90971446 0.00699968645

Untitled 533 0.91091126 0.0133843505

Untitled 534 0.91126657 0.00407667268

Untitled 535 0.9124014 0.00668190404

Untitled 536 0.9129987 0.00532953667

Untitled 537 0.91956 0.00911959777

Untitled 538 0.92057437 0.00966888834

Untitled 539 0.92057985 0.00437099769

Untitled 540 0.9216227 0.00539797486

Untitled 541 0.92220986 0.00327450275

Untitled 542 0.9264308 0.0166190112

Untitled 543 0.92651784 0.00241093451

Untitled 544 0.92778605 0.00908799317

Untitled 545 0.927871 0.0098106462

Untitled 546 0.9285643 0.0085200997

Untitled 547 0.9287395 0.00250996726

Untitled 548 0.92875713 0.0180045672

Untitled 549 0.92981607 0.00479238178

Untitled 550 0.93254584 0.00257606066

Untitled 551 0.9326367 0.00601981047

Untitled 552 0.9369769 0.00572153137

Untitled 553 0.9375013 0.0133468635

Untitled 554 0.93783087 0.00300169144

Untitled 555 0.93829316 0.00311796878

Untitled 556 0.94037724 0.00521951565

Untitled 557 0.94546354 0.0164409337

Untitled 558 0.9503086 0.00654214954

Untitled 559 0.95368963 0.01667146355

Untitled 560 0.95573527 0.0033428695

Untitled 561 0.9561072 0.00365985011

Untitled 562 0.96092147 0.0109477829

Untitled 563 0.96135813 0.00339675616

Untitled 564 0.96235424 0.00248550115

Untitled 565 0.9685768 0.00196698298

Untitled 566 0.9701319 0.00771484892

Untitled 567 0.97139525 0.0025106866

Untitled 568 0.97185385 0.00265491826

Untitled 569 0.9748794 0.00165109905

Untitled 570 0.9807751 0.00208726685

Untitled 571 0.9823491 0.002047844415

Untitled 572 0.9867899 0.00177135784

Untitled 573 0.98954797 0.001900659794

Untitled 574 0.9907073 0.00116421569

Untitled 575 0.9940019 0.000752254213

Untitled 576 0.99712557 0.000218947697
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SpAtten: Efficient Sparse Attention Architecture

Table 2

Max percent

Untitled 1 0.14318074 0.0369380159

Untitled 2 0.14661336 0.0419027197

Untitled 3 0.16183415 0.0271336549

Untitled 4 0.16247362 0.0257618188

Untitled 5 0.16455306 0.0261162296

Untitled 6 0.16983242 0.0366652272

Untitled 7 0.17542388 0.0377734687

Untitled 8 0.18009314 0.0309943485

Untitled 9 0.18155359 0.0340405862

Untitled 10 0.18416071 0.0304472834

Untitled 11 0.19021262 0.0331736238

Untitled 12 0.1912854 0.0555071776

Untitled 13 0.19326712 0.0467095753

Untitled 14 0.20337978 0.0314496759

Untitled 15 0.20360653 0.049775117

Untitled 16 0.2071048 0.0310574019

Untitled 17 0.20838396 0.0348681901

Untitled 18 0.20912747 0.0418295602

Untitled 19 0.2092779 0.0320962991

Untitled 20 0.2096166 0.0252050789

Untitled 21 0.21081309 0.0496644857

Untitled 22 0.21310887 0.0468115882

Untitled 23 0.21325563 0.0475019456

Untitled 24 0.21448258 0.0256901014

Untitled 25 0.21496129 0.0587544809

Untitled 26 0.21496177 0.043542794

Untitled 27 0.21523218 0.0797525475

Untitled 28 0.21797805 0.0256676567

Untitled 29 0.21833259 0.0283665117

Untitled 30 0.21886522 0.0377256913

Untitled 31 0.22002375 0.0331871176

Untitled 32 0.22088784 0.043016513

Untitled 33 0.22274266 0.0371372309

Untitled 34 0.22369975 0.0390901858

Untitled 35 0.22439629 0.0504951562

Untitled 36 0.22549202 0.0457082126

Untitled 37 0.22818688 0.0404735283

Untitled 38 0.22887237 0.0330575148

Untitled 39 0.22901675 0.0339618806

Untitled 40 0.2330231 0.0356624262

Untitled 41 0.23311615 0.0327416037

Untitled 42 0.23496237 0.0392653278

Untitled 43 0.23516984 0.0538436136

Untitled 44 0.2365484 0.0374223088

Untitled 45 0.23660079 0.0383594914

Untitled 46 0.23742406 0.050056412

Untitled 47 0.23791042 0.0469859018

Untitled 48 0.2383089 0.0266139555

Untitled 49 0.24076663 0.0666612758

Untitled 50 0.24410953 0.033225623

Untitled 51 0.24472237 0.0475325622

Untitled 52 0.25009355 0.0417164133

Untitled 53 0.25051785 0.0321588471

Untitled 54 0.25173768 0.0229680512

Untitled 55 0.25222123 0.0479964054

Untitled 56 0.2528171 0.0350670289

Untitled 57 0.25621644 0.0414917421

Untitled 58 0.25735006 0.0239551221

Untitled 59 0.25945693 0.0354268072

Untitled 60 0.25995514 0.029060291

Untitled 61 0.26141843 0.0394297063

Untitled 62 0.26161617 0.0360600487

Untitled 63 0.26194042 0.0338912557

Untitled 64 0.26372612 0.0234155696

Untitled 65 0.26415405 0.047502945

Untitled 66 0.26745176 0.057412015

Untitled 67 0.26789638 0.0407227513

Untitled 68 0.26940912 0.0412175417

Untitled 69 0.2716747 0.01689983234

Untitled 70 0.27183127 0.0298104813

Untitled 71 0.27462694 0.0714535508

Untitled 72 0.27477857 0.0456087875

Untitled 73 0.2752904 0.0245357735

Untitled 74 0.2788827 0.0333069373

Untitled 75 0.27917078 0.0346956777

Untitled 76 0.280018 0.038522462

Untitled 77 0.28291884 0.0393780814

Untitled 78 0.2829727 0.0314948693

Untitled 79 0.28321576 0.0403269642

Untitled 80 0.28494722 0.0302343922

Untitled 81 0.28503445 0.0370060492

Untitled 82 0.2871926 0.0228828362

Untitled 83 0.28768975 0.0372008505

Untitled 84 0.29026344 0.050762528

Untitled 85 0.2905898 0.0256091101

Untitled 86 0.29178515 0.0639174326

Untitled 87 0.29325417 0.0325144017

Untitled 88 0.29422385 0.0306936963

Untitled 89 0.29560328 0.0229139886

Untitled 90 0.2958508 0.0298339349

Untitled 91 0.2959903 0.040578262

Untitled 92 0.29621765 0.044122028

Untitled 93 0.2976898 0.0332563137

Untitled 94 0.29821956 0.0312326864

Untitled 95 0.29869708 0.0475534375

Untitled 96 0.30049413 0.0286155295

Untitled 97 0.30064172 0.0364540498

Untitled 98 0.30522138 0.0252363909

Untitled 99 0.3067403 0.0347919222

Untitled 100 0.30781254 0.054182756

Untitled 101 0.30800676 0.0354544294

Untitled 102 0.31213087 0.0664859875

Untitled 103 0.31447273 0.0614089367

Untitled 104 0.31669772 0.0289858547

Untitled 105 0.31737533 0.051578882

Untitled 106 0.31864256 0.043285211

Untitled 107 0.3198036 0.027164224

Untitled 108 0.3198468 0.0436853016

Untitled 109 0.3210808 0.050210635

Untitled 110 0.32724202 0.0374750186

Untitled 111 0.32753026 0.0242482731

Untitled 112 0.33063734 0.0585171994

Untitled 113 0.33085006 0.0447567857

Untitled 114 0.33162278 0.0377045462

Untitled 115 0.33206096 0.0432228378

Untitled 116 0.33834484 0.0312110891

Untitled 117 0.3385135 0.0317935455

Untitled 118 0.33968168 0.0287879868

Untitled 119 0.33975577 0.0412306764

Untitled 120 0.34614184 0.0246271426

Untitled 121 0.34666014 0.0356053882

Untitled 122 0.34734437 0.0459324848

Untitled 123 0.34913245 0.036926272

Untitled 124 0.35115218 0.0290108473

Untitled 125 0.35591266 0.0364679464

Untitled 126 0.3564469 0.0360676753

Untitled 127 0.3590984 0.060379226

Untitled 128 0.3607499 0.039109049

Untitled 129 0.36374497 0.0427090303

Untitled 130 0.3644628 0.046274329

Untitled 131 0.3661147 0.0323238469

Untitled 132 0.36672506 0.030456354

Untitled 133 0.36911526 0.0381760293

Untitled 134 0.369361 0.0406979962

Untitled 135 0.37134388 0.0535523474

Untitled 136 0.37202567 0.0462513295

Untitled 137 0.3738338 0.0433180696

Untitled 138 0.37420967 0.0587438105

Untitled 139 0.3746087 0.037120965

Untitled 140 0.3759204 0.052350833

Untitled 141 0.378682 0.0506253746

Untitled 142 0.37915722 0.025528343

Untitled 143 0.37926352 0.0372873442

Untitled 144 0.3795251 0.026587973

Untitled 145 0.38135698 0.0253529711

Untitled 146 0.3837014 0.0324554675

Untitled 147 0.38743898 0.0438082905

Untitled 148 0.38817585 0.034019291

Untitled 149 0.38991612 0.057754376

Untitled 150 0.39007172 0.0522686998

Untitled 151 0.39009318 0.0405576736

Untitled 152 0.39166778 0.0465699557

Untitled 153 0.39221704 0.0481485954

Untitled 154 0.39268333 0.0619061838

Untitled 155 0.3930841 0.058660942

Untitled 156 0.39343092 0.0551106704

Untitled 157 0.3939909 0.0273833092

Untitled 158 0.3950146 0.0400402542

Untitled 159 0.39672562 0.0349758802

Untitled 160 0.39740488 0.046477496

Untitled 161 0.39766493 0.0322489641

Untitled 162 0.3985816 0.0287355202

Untitled 163 0.4038298 0.0368958492

Untitled 164 0.40424892 0.039357341

Untitled 165 0.40478152 0.0468131975

Untitled 166 0.40907443 0.0410593173

Untitled 167 0.4099539 0.0417870553

Untitled 168 0.4112337 0.044593779

Untitled 169 0.41177973 0.0499333585

Untitled 170 0.4128565 0.0272965362

Untitled 171 0.41387516 0.048712485

Untitled 172 0.4146108 0.0349774895

Untitled 173 0.41685367 0.01719935784

Untitled 174 0.41872385 0.0304941754

Untitled 175 0.42072996 0.0205658584

Untitled 176 0.42234406 0.0348149046

Untitled 177 0.42743385 0.0227395553

Untitled 178 0.42770985 0.049168086

Untitled 179 0.42845163 0.01851981585

Untitled 180 0.43027663 0.0198806956

Untitled 181 0.43042687 0.0555827577

Untitled 182 0.4338016 0.0262030292

Untitled 183 0.43484497 0.0196995819

Untitled 184 0.4354712 0.0366773758

Untitled 185 0.4359559 0.04552172

Untitled 186 0.43659833 0.0436153968

Untitled 187 0.43732587 0.0268744645

Untitled 188 0.43738833 0.0262979475

Untitled 189 0.43856725 0.0251872797

Untitled 190 0.44187602 0.0237348608

Untitled 191 0.44334307 0.0191634494

Untitled 192 0.44709903 0.0273264897

Untitled 193 0.4480176 0.0296371595

Untitled 194 0.45147452 0.0605494793

Untitled 195 0.45289603 0.0632739463

Untitled 196 0.4545249 0.037398574

Untitled 197 0.45505518 0.0158473091

Untitled 198 0.45594588 0.0308173008

Untitled 199 0.45637923 0.0136346793

Untitled 200 0.45658103 0.0360445751

Untitled 201 0.45709154 0.033009194

Untitled 202 0.45872492 0.0168260884

Untitled 203 0.45925945 0.0403284291

Untitled 204 0.4605805 0.0389983645

Untitled 205 0.4613542 0.0138722401

Untitled 206 0.4630601 0.0225590287

Untitled 207 0.46316397 0.0191068598

Untitled 208 0.46330297 0.0422721937

Untitled 209 0.46373454 0.0229911533

Untitled 210 0.467859 0.0552563795

Untitled 211 0.4705251 0.0463976846

Untitled 212 0.47239432 0.0212882346

Untitled 213 0.47298908 0.0400374536

Untitled 214 0.47322747 0.0246552056

Untitled 215 0.47806367 0.0175796892

Untitled 216 0.478971 0.0549215444

Untitled 217 0.48139852 0.031670207

Untitled 218 0.4817316 0.045238411

Untitled 219 0.48268747 0.0324040307

Untitled 220 0.482733 0.0293160006

Untitled 221 0.486589 0.0280034084

Untitled 222 0.48659462 0.0203405906

Untitled 223 0.49301067 0.0294379046

Untitled 224 0.4942704 0.021223665

Untitled 225 0.50191444 0.0281804105

Untitled 226 0.50343055 0.0428246985

Untitled 227 0.50354964 0.0223461147

Untitled 228 0.5041204 0.0452221546

Untitled 229 0.5057638 0.0248863292

Untitled 230 0.506119 0.0618286163

Untitled 231 0.50826854 0.0103345256

Untitled 232 0.509018 0.0217472423

Untitled 233 0.50977063 0.0326552411

Untitled 234 0.5106991 0.0489151447

Untitled 235 0.5120936 0.0305828579

Untitled 236 0.51678777 0.0205069869

Untitled 237 0.51937896 0.0192268334

Untitled 238 0.52006716 0.0477026122

Untitled 239 0.52017725 0.01579676226

Untitled 240 0.5207063 0.0344954177

Untitled 241 0.5261909 0.0629553277

Untitled 242 0.52681935 0.0324566037

Untitled 243 0.52748823 0.0386674757

Untitled 244 0.5285738 0.01584472605

Untitled 245 0.52997965 0.0289153533

Untitled 246 0.53385997 0.0328737183

Untitled 247 0.5340211 0.0451492402

Untitled 248 0.5350081 0.0246054218

Untitled 249 0.53619695 0.0480918614

Untitled 250 0.5385308 0.0394862427

Untitled 251 0.53918034 0.0236399482

Untitled 252 0.5402842 0.034233497

Untitled 253 0.54053843 0.0199463767

Untitled 254 0.54168886 0.052743506

Untitled 255 0.54182 0.0164693805

Untitled 256 0.54300046 0.0094538452

Untitled 257 0.5437455 0.0501749492

Untitled 258 0.5458238 0.0201058114

Untitled 259 0.5458856 0.0244782035

Untitled 260 0.5463131 0.0192984976

Untitled 261 0.54908115 0.0143857474

Untitled 262 0.54917103 0.0140287203

Untitled 263 0.55029196 0.0198080681

Untitled 264 0.55125004 0.0217548347

Untitled 265 0.55136186 0.0295055123

Untitled 266 0.55218273 0.0175657432

Untitled 267 0.55245674 0.0477625857

Untitled 268 0.5537798 0.0225267933

Untitled 269 0.55426246 0.0229048762

Untitled 270 0.55430967 0.0349787435

Untitled 271 0.55476946 0.0318068379

Untitled 272 0.55688566 0.0399527972

Untitled 273 0.5611857 0.0276949225

Untitled 274 0.56167704 0.0409578877

Untitled 275 0.56201303 0.0369463911

Untitled 276 0.5632609 0.0150796293

Untitled 277 0.5635486 0.0423127568

Untitled 278 0.56445163 0.01430918044

Untitled 279 0.56583416 0.0216121428

Untitled 280 0.56705636 0.0429846671

Untitled 281 0.5690254 0.01429898143

Untitled 282 0.57242996 0.0247634885

Untitled 283 0.5726811 0.0312124552

Untitled 284 0.5729592 0.0206267382

Untitled 285 0.5742359 0.0190074689

Untitled 286 0.57496756 0.016620345

Untitled 287 0.5760046 0.033782513

Untitled 288 0.5768969 0.0404965582

Untitled 289 0.5811883 0.0366457332

Untitled 290 0.5815931 0.0265315696

Untitled 291 0.58204937 0.0191512723

Untitled 292 0.5858532 0.0569856588

Untitled 293 0.58642167 0.0356856955

Untitled 294 0.58891594 0.01657404067

Untitled 295 0.5895968 0.0193100553

Untitled 296 0.59356475 0.0172438813

Untitled 297 0.5946089 0.0296719124

Untitled 298 0.5952963 0.0130097066

Untitled 299 0.596408 0.02635927

Untitled 300 0.5977866 0.0152099256

Untitled 301 0.59951043 0.0252280651

Untitled 302 0.5996799 0.040693858

Untitled 303 0.59969777 0.0247217151

Untitled 304 0.60021883 0.0416040492

Untitled 305 0.6004549 0.01432874455

Untitled 306 0.60088104 0.0278327656

Untitled 307 0.6020992 0.0224369214

Untitled 308 0.60210365 0.0257865701

Untitled 309 0.60257316 0.034051876

Untitled 310 0.6043567 0.0166807555

Untitled 311 0.6051472 0.0428028713

Untitled 312 0.6055575 0.0139299374

Untitled 313 0.6068356 0.0279483521

Untitled 314 0.6087635 0.0150894466

Untitled 315 0.6097733 0.01751349396

Untitled 316 0.6102967 0.0284011734

Untitled 317 0.61034435 0.0262795042

Untitled 318 0.61082363 0.0245679063

Untitled 319 0.6113034 0.019294215

Untitled 320 0.61418074 0.0267498967

Untitled 321 0.6142449 0.01471868003

Untitled 322 0.6149717 0.01414382705

Untitled 323 0.6170117 0.0312209425

Untitled 324 0.61851966 0.01483653

Untitled 325 0.61913615 0.0287773373

Untitled 326 0.6217476 0.0189625947

Untitled 327 0.62341654 0.0184327341

Untitled 328 0.6251678 0.00881991362

Untitled 329 0.6255719 0.01661637856

Untitled 330 0.62616897 0.0338390038

Untitled 331 0.6275343 0.0331295096

Untitled 332 0.6280879 0.01448283493

Untitled 333 0.63329685 0.0339495705

Untitled 334 0.6335232 0.0243194889

Untitled 335 0.63778883 0.0344964399

Untitled 336 0.639242 0.0232353204

Untitled 337 0.6395115 0.0158458955

Untitled 338 0.6397722 0.0265163582

Untitled 339 0.63997155 0.0388671866

Untitled 340 0.640794 0.0131039561

Untitled 341 0.64386576 0.0223905823

Untitled 342 0.6451957 0.0170544836

Untitled 343 0.6476404 0.0363910971

Untitled 344 0.6480041 0.0256026159

Untitled 345 0.64849395 0.01641414313

Untitled 346 0.6492824 0.01123959535

Untitled 347 0.6560774 0.0275440644

Untitled 348 0.65681034 0.0116758724

Untitled 349 0.6610268 0.039468225

Untitled 350 0.6665718 0.01006679983

Untitled 351 0.6671042 0.0125449837

Untitled 352 0.6677773 0.0191289587

Untitled 353 0.6680376 0.030157636

Untitled 354 0.6695456 0.0395662118

Untitled 355 0.67137295 0.01204726293

Untitled 356 0.67195064 0.0217730728

Untitled 357 0.673166 0.0201568017

Untitled 358 0.67906976 0.027889435

Untitled 359 0.67937094 0.01844401554

Untitled 360 0.6799974 0.0249166836

Untitled 361 0.68020636 0.0310075345

Untitled 362 0.6824548 0.0131991689

Untitled 363 0.68482286 0.0241897151

Untitled 364 0.6855891 0.0283536392

Untitled 365 0.6890588 0.01162723924

Untitled 366 0.6928627 0.0306209928

Untitled 367 0.69355756 0.0173141547

Untitled 368 0.6935802 0.0501970595

Untitled 369 0.6946939 0.0181379415

Untitled 370 0.6970088 0.0170856645

Untitled 371 0.6970491 0.0233877954

Untitled 372 0.69879395 0.0217949551

Untitled 373 0.70014673 0.0204594793

Untitled 374 0.70282906 0.0253959624

Untitled 375 0.70337135 0.0218589053

Untitled 376 0.70373046 0.0209104386

Untitled 377 0.7051534 0.0139426047

Untitled 378 0.70567256 0.0142569217

Untitled 379 0.70661587 0.0209929765

Untitled 380 0.70711213 0.0387890757

Untitled 381 0.7077282 0.0128622799

Untitled 382 0.7103227 0.0144449609

Untitled 383 0.7128515 0.015194775

Untitled 384 0.717416 0.0256643317

Untitled 385 0.7190306 0.01017973564

Untitled 386 0.71997297 0.0318961873

Untitled 387 0.7245775 0.01838845726

Untitled 388 0.7256354 0.0328548684

Untitled 389 0.7258834 0.0177297436

Untitled 390 0.72710305 0.0304936852

Untitled 391 0.7277829 0.0301846635

Untitled 392 0.7285077 0.023532412

Untitled 393 0.72922325 0.0114500935

Untitled 394 0.7310636 0.0186682752

Untitled 395 0.73347396 0.01044295727

Untitled 396 0.7341357 0.0275371769

Untitled 397 0.7346927 0.0121369074

Untitled 398 0.7359712 0.0269795402

Untitled 399 0.7402789 0.0134976589

Untitled 400 0.74135184 0.018698679

Untitled 401 0.74145496 0.0328437876

Untitled 402 0.7431655 0.0211112781

Untitled 403 0.7449214 0.0384050971

Untitled 404 0.74514323 0.0331287059

Untitled 405 0.7487887 0.0266043814

Untitled 406 0.7495039 0.0208031342

Untitled 407 0.75112355 0.0068886229

Untitled 408 0.75283784 0.0226717557

Untitled 409 0.7561082 0.0224596625

Untitled 410 0.7564579 0.0163623782

Untitled 411 0.75774497 0.0495458744

Untitled 412 0.75908 0.01631565207

Untitled 413 0.7636969 0.0213013636

Untitled 414 0.7684985 0.0228378974

Untitled 415 0.7698494 0.01074218295

Untitled 416 0.7716671 0.01603005376

Untitled 417 0.77192426 0.0093646003

Untitled 418 0.77518845 0.0197912303

Untitled 419 0.7755311 0.01200816435

Untitled 420 0.7768132 0.0127666092

Untitled 421 0.77845204 0.01608433144

Untitled 422 0.7786565 0.0141833537

Untitled 423 0.77926373 0.00715470574

Untitled 424 0.78099096 0.00914703453

Untitled 425 0.7828276 0.0380521265

Untitled 426 0.7873663 0.036419162

Untitled 427 0.7898769 0.0215049961

Untitled 428 0.78993297 0.00882854722

Untitled 429 0.7939087 0.01632461684

Untitled 430 0.7976078 0.0294838713

Untitled 431 0.798655 0.0104626635

Untitled 432 0.8008028 0.01212582603

Untitled 433 0.80185235 0.0152367973

Untitled 434 0.80195546 0.00779408006

Untitled 435 0.8025837 0.0122436532

Untitled 436 0.8031614 0.00796701673

Untitled 437 0.8043293 0.0292041001

Untitled 438 0.806197 0.01742857954

Untitled 439 0.8095849 0.0187044721

Untitled 440 0.8103209 0.0210890405

Untitled 441 0.81172806 0.0166058518

Untitled 442 0.81219 0.0177898577

Untitled 443 0.81327754 0.01051366045

Untitled 444 0.8156989 0.0119790345

Untitled 445 0.8159203 0.0249559661

Untitled 446 0.81912166 0.0120768598

Untitled 447 0.82005066 0.0131061069

Untitled 448 0.8222754 0.0100984259

Untitled 449 0.822604 0.0113569916

Untitled 450 0.82276285 0.0161587932

Untitled 451 0.8270715 0.0149447065

Untitled 452 0.8280588 0.01750037085

Untitled 453 0.8284356 0.01163635886

Untitled 454 0.82933897 0.025377483

Untitled 455 0.8296095 0.01350041447

Untitled 456 0.83193773 0.0302056528

Untitled 457 0.8330899 0.00601282588

Untitled 458 0.8376405 0.0254335919

Untitled 459 0.8382779 0.0255836691

Untitled 460 0.84326434 0.0326041634

Untitled 461 0.8442487 0.00611595522

Untitled 462 0.8444766 0.0104931604

Untitled 463 0.84505266 0.0165800555

Untitled 464 0.845865 0.00659558115

Untitled 465 0.84989643 0.01570161235

Untitled 466 0.85174453 0.0099507826

Untitled 467 0.852223 0.0104790662

Untitled 468 0.85247207 0.00877148813

Untitled 469 0.852649 0.0122110435

Untitled 470 0.85287374 0.01243104925

Untitled 471 0.8533496 0.0141033903

Untitled 472 0.8542816 0.0257662021

Untitled 473 0.85458946 0.0163086215

Untitled 474 0.8553784 0.0099823587

Untitled 475 0.85584146 0.0110177637

Untitled 476 0.8564872 0.01322200595

Untitled 477 0.85698515 0.0305926866

Untitled 478 0.85917056 0.00302254508

Untitled 479 0.85934544 0.01166616074

Untitled 480 0.86034614 0.01415902173

Untitled 481 0.8617506 0.00856723433

Untitled 482 0.86275184 0.007779531

Untitled 483 0.86347896 0.0221912533

Untitled 484 0.8636588 0.01112939896

Untitled 485 0.8642827 0.0140860414

Untitled 486 0.8654201 0.00877826923

Untitled 487 0.8659506 0.0139448961

Untitled 488 0.8697668 0.01768340697

Untitled 489 0.8698951 0.00692436608

Untitled 490 0.8702776 0.0256670848

Untitled 491 0.8726663 0.0174279742

Untitled 492 0.8729384 0.00915045757

Untitled 493 0.8738285 0.01050601276

Untitled 494 0.87508583 0.014630133

Untitled 495 0.87600535 0.00734113564

Untitled 496 0.87719375 0.0101186647

Untitled 497 0.87744385 0.00577289426

Untitled 498 0.87847805 0.00520438025

Untitled 499 0.87851405 0.00645470812

Untitled 500 0.8790588 0.0106005845

Untitled 501 0.8798192 0.00403226816

Untitled 502 0.88024545 0.0156596689

Untitled 503 0.882929 0.00792739185

Untitled 504 0.88437015 0.0062903091

Untitled 505 0.8863066 0.00385860018

Untitled 506 0.8897574 0.00658373655

Untitled 507 0.88978297 0.0056288412

Untitled 508 0.8902356 0.00540472556

Untitled 509 0.8903375 0.01714638755

Untitled 510 0.89232415 0.00809711733

Untitled 511 0.8936751 0.0141255253

Untitled 512 0.89448553 0.00475224143

Untitled 513 0.89472836 0.0083972856

Untitled 514 0.8950728 0.0124510971

Untitled 515 0.8954721 0.0212824776

Untitled 516 0.8962329 0.0048397978

Untitled 517 0.8962495 0.00830063355

Untitled 518 0.89778453 0.00536949443

Untitled 519 0.90022945 0.00685081727

Untitled 520 0.90130144 0.01371942044

Untitled 521 0.90188456 0.00502265057

Untitled 522 0.9032843 0.0101338571

Untitled 523 0.9047152 0.00684501068

Untitled 524 0.90482557 0.01323612124

Untitled 525 0.9062325 0.0120279234

Untitled 526 0.9069511 0.00694447112

Untitled 527 0.9071526 0.0039426805

Untitled 528 0.9079722 0.0112819359

Untitled 529 0.90806293 0.00394629886

Untitled 530 0.90849286 0.00639953516

Untitled 531 0.90891683 0.01409537344

Untitled 532 0.90971446 0.00699968645

Untitled 533 0.91091126 0.0133843505

Untitled 534 0.91126657 0.00407667268

Untitled 535 0.9124014 0.00668190404

Untitled 536 0.9129987 0.00532953667

Untitled 537 0.91956 0.00911959777

Untitled 538 0.92057437 0.00966888834

Untitled 539 0.92057985 0.00437099769

Untitled 540 0.9216227 0.00539797486

Untitled 541 0.92220986 0.00327450275

Untitled 542 0.9264308 0.0166190112

Untitled 543 0.92651784 0.00241093451

Untitled 544 0.92778605 0.00908799317

Untitled 545 0.927871 0.0098106462

Untitled 546 0.9285643 0.0085200997

Untitled 547 0.9287395 0.00250996726

Untitled 548 0.92875713 0.0180045672

Untitled 549 0.92981607 0.00479238178

Untitled 550 0.93254584 0.00257606066

Untitled 551 0.9326367 0.00601981047

Untitled 552 0.9369769 0.00572153137

Untitled 553 0.9375013 0.0133468635

Untitled 554 0.93783087 0.00300169144

Untitled 555 0.93829316 0.00311796878

Untitled 556 0.94037724 0.00521951565

Untitled 557 0.94546354 0.0164409337

Untitled 558 0.9503086 0.00654214954

Untitled 559 0.95368963 0.01667146355

Untitled 560 0.95573527 0.0033428695

Untitled 561 0.9561072 0.00365985011

Untitled 562 0.96092147 0.0109477829

Untitled 563 0.96135813 0.00339675616

Untitled 564 0.96235424 0.00248550115

Untitled 565 0.9685768 0.00196698298

Untitled 566 0.9701319 0.00771484892

Untitled 567 0.97139525 0.0025106866

Untitled 568 0.97185385 0.00265491826

Untitled 569 0.9748794 0.00165109905

Untitled 570 0.9807751 0.00208726685

Untitled 571 0.9823491 0.002047844415

Untitled 572 0.9867899 0.00177135784

Untitled 573 0.98954797 0.001900659794

Untitled 574 0.9907073 0.00116421569

Untitled 575 0.9940019 0.000752254213

Untitled 576 0.99712557 0.000218947697
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Determine Attention Error

with Attention Probability

• How to check whether error is high?


• The larger the max attention probability, the smaller the attention error

86

Max Attention Probability

Attention 
Error


(Between 
float32 

and int4)
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Table 2

Max percent

Untitled 1 0.14318074 0.0369380159

Untitled 2 0.14661336 0.0419027197

Untitled 3 0.16183415 0.0271336549

Untitled 4 0.16247362 0.0257618188

Untitled 5 0.16455306 0.0261162296

Untitled 6 0.16983242 0.0366652272

Untitled 7 0.17542388 0.0377734687

Untitled 8 0.18009314 0.0309943485

Untitled 9 0.18155359 0.0340405862

Untitled 10 0.18416071 0.0304472834

Untitled 11 0.19021262 0.0331736238

Untitled 12 0.1912854 0.0555071776

Untitled 13 0.19326712 0.0467095753

Untitled 14 0.20337978 0.0314496759

Untitled 15 0.20360653 0.049775117

Untitled 16 0.2071048 0.0310574019

Untitled 17 0.20838396 0.0348681901

Untitled 18 0.20912747 0.0418295602

Untitled 19 0.2092779 0.0320962991

Untitled 20 0.2096166 0.0252050789

Untitled 21 0.21081309 0.0496644857

Untitled 22 0.21310887 0.0468115882

Untitled 23 0.21325563 0.0475019456

Untitled 24 0.21448258 0.0256901014

Untitled 25 0.21496129 0.0587544809

Untitled 26 0.21496177 0.043542794

Untitled 27 0.21523218 0.0797525475

Untitled 28 0.21797805 0.0256676567

Untitled 29 0.21833259 0.0283665117

Untitled 30 0.21886522 0.0377256913

Untitled 31 0.22002375 0.0331871176

Untitled 32 0.22088784 0.043016513

Untitled 33 0.22274266 0.0371372309

Untitled 34 0.22369975 0.0390901858

Untitled 35 0.22439629 0.0504951562

Untitled 36 0.22549202 0.0457082126

Untitled 37 0.22818688 0.0404735283

Untitled 38 0.22887237 0.0330575148

Untitled 39 0.22901675 0.0339618806

Untitled 40 0.2330231 0.0356624262

Untitled 41 0.23311615 0.0327416037

Untitled 42 0.23496237 0.0392653278

Untitled 43 0.23516984 0.0538436136

Untitled 44 0.2365484 0.0374223088

Untitled 45 0.23660079 0.0383594914

Untitled 46 0.23742406 0.050056412

Untitled 47 0.23791042 0.0469859018

Untitled 48 0.2383089 0.0266139555

Untitled 49 0.24076663 0.0666612758

Untitled 50 0.24410953 0.033225623

Untitled 51 0.24472237 0.0475325622

Untitled 52 0.25009355 0.0417164133

Untitled 53 0.25051785 0.0321588471

Untitled 54 0.25173768 0.0229680512

Untitled 55 0.25222123 0.0479964054

Untitled 56 0.2528171 0.0350670289

Untitled 57 0.25621644 0.0414917421

Untitled 58 0.25735006 0.0239551221

Untitled 59 0.25945693 0.0354268072

Untitled 60 0.25995514 0.029060291

Untitled 61 0.26141843 0.0394297063

Untitled 62 0.26161617 0.0360600487

Untitled 63 0.26194042 0.0338912557

Untitled 64 0.26372612 0.0234155696

Untitled 65 0.26415405 0.047502945

Untitled 66 0.26745176 0.057412015

Untitled 67 0.26789638 0.0407227513

Untitled 68 0.26940912 0.0412175417

Untitled 69 0.2716747 0.01689983234

Untitled 70 0.27183127 0.0298104813

Untitled 71 0.27462694 0.0714535508

Untitled 72 0.27477857 0.0456087875

Untitled 73 0.2752904 0.0245357735

Untitled 74 0.2788827 0.0333069373

Untitled 75 0.27917078 0.0346956777

Untitled 76 0.280018 0.038522462

Untitled 77 0.28291884 0.0393780814

Untitled 78 0.2829727 0.0314948693

Untitled 79 0.28321576 0.0403269642

Untitled 80 0.28494722 0.0302343922

Untitled 81 0.28503445 0.0370060492

Untitled 82 0.2871926 0.0228828362

Untitled 83 0.28768975 0.0372008505

Untitled 84 0.29026344 0.050762528

Untitled 85 0.2905898 0.0256091101

Untitled 86 0.29178515 0.0639174326

Untitled 87 0.29325417 0.0325144017

Untitled 88 0.29422385 0.0306936963

Untitled 89 0.29560328 0.0229139886

Untitled 90 0.2958508 0.0298339349

Untitled 91 0.2959903 0.040578262

Untitled 92 0.29621765 0.044122028

Untitled 93 0.2976898 0.0332563137

Untitled 94 0.29821956 0.0312326864

Untitled 95 0.29869708 0.0475534375

Untitled 96 0.30049413 0.0286155295

Untitled 97 0.30064172 0.0364540498

Untitled 98 0.30522138 0.0252363909

Untitled 99 0.3067403 0.0347919222

Untitled 100 0.30781254 0.054182756

Untitled 101 0.30800676 0.0354544294

Untitled 102 0.31213087 0.0664859875

Untitled 103 0.31447273 0.0614089367

Untitled 104 0.31669772 0.0289858547

Untitled 105 0.31737533 0.051578882

Untitled 106 0.31864256 0.043285211

Untitled 107 0.3198036 0.027164224

Untitled 108 0.3198468 0.0436853016

Untitled 109 0.3210808 0.050210635

Untitled 110 0.32724202 0.0374750186

Untitled 111 0.32753026 0.0242482731

Untitled 112 0.33063734 0.0585171994

Untitled 113 0.33085006 0.0447567857

Untitled 114 0.33162278 0.0377045462

Untitled 115 0.33206096 0.0432228378

Untitled 116 0.33834484 0.0312110891

Untitled 117 0.3385135 0.0317935455

Untitled 118 0.33968168 0.0287879868

Untitled 119 0.33975577 0.0412306764

Untitled 120 0.34614184 0.0246271426

Untitled 121 0.34666014 0.0356053882

Untitled 122 0.34734437 0.0459324848

Untitled 123 0.34913245 0.036926272

Untitled 124 0.35115218 0.0290108473

Untitled 125 0.35591266 0.0364679464

Untitled 126 0.3564469 0.0360676753

Untitled 127 0.3590984 0.060379226

Untitled 128 0.3607499 0.039109049

Untitled 129 0.36374497 0.0427090303

Untitled 130 0.3644628 0.046274329

Untitled 131 0.3661147 0.0323238469

Untitled 132 0.36672506 0.030456354

Untitled 133 0.36911526 0.0381760293

Untitled 134 0.369361 0.0406979962

Untitled 135 0.37134388 0.0535523474

Untitled 136 0.37202567 0.0462513295

Untitled 137 0.3738338 0.0433180696

Untitled 138 0.37420967 0.0587438105

Untitled 139 0.3746087 0.037120965

Untitled 140 0.3759204 0.052350833

Untitled 141 0.378682 0.0506253746

Untitled 142 0.37915722 0.025528343

Untitled 143 0.37926352 0.0372873442

Untitled 144 0.3795251 0.026587973

Untitled 145 0.38135698 0.0253529711

Untitled 146 0.3837014 0.0324554675

Untitled 147 0.38743898 0.0438082905

Untitled 148 0.38817585 0.034019291

Untitled 149 0.38991612 0.057754376

Untitled 150 0.39007172 0.0522686998

Untitled 151 0.39009318 0.0405576736

Untitled 152 0.39166778 0.0465699557

Untitled 153 0.39221704 0.0481485954

Untitled 154 0.39268333 0.0619061838

Untitled 155 0.3930841 0.058660942

Untitled 156 0.39343092 0.0551106704

Untitled 157 0.3939909 0.0273833092

Untitled 158 0.3950146 0.0400402542

Untitled 159 0.39672562 0.0349758802

Untitled 160 0.39740488 0.046477496

Untitled 161 0.39766493 0.0322489641

Untitled 162 0.3985816 0.0287355202

Untitled 163 0.4038298 0.0368958492

Untitled 164 0.40424892 0.039357341

Untitled 165 0.40478152 0.0468131975

Untitled 166 0.40907443 0.0410593173

Untitled 167 0.4099539 0.0417870553

Untitled 168 0.4112337 0.044593779

Untitled 169 0.41177973 0.0499333585

Untitled 170 0.4128565 0.0272965362

Untitled 171 0.41387516 0.048712485

Untitled 172 0.4146108 0.0349774895

Untitled 173 0.41685367 0.01719935784

Untitled 174 0.41872385 0.0304941754

Untitled 175 0.42072996 0.0205658584

Untitled 176 0.42234406 0.0348149046

Untitled 177 0.42743385 0.0227395553

Untitled 178 0.42770985 0.049168086

Untitled 179 0.42845163 0.01851981585

Untitled 180 0.43027663 0.0198806956

Untitled 181 0.43042687 0.0555827577

Untitled 182 0.4338016 0.0262030292

Untitled 183 0.43484497 0.0196995819

Untitled 184 0.4354712 0.0366773758

Untitled 185 0.4359559 0.04552172

Untitled 186 0.43659833 0.0436153968

Untitled 187 0.43732587 0.0268744645

Untitled 188 0.43738833 0.0262979475

Untitled 189 0.43856725 0.0251872797

Untitled 190 0.44187602 0.0237348608

Untitled 191 0.44334307 0.0191634494

Untitled 192 0.44709903 0.0273264897

Untitled 193 0.4480176 0.0296371595

Untitled 194 0.45147452 0.0605494793

Untitled 195 0.45289603 0.0632739463

Untitled 196 0.4545249 0.037398574

Untitled 197 0.45505518 0.0158473091

Untitled 198 0.45594588 0.0308173008

Untitled 199 0.45637923 0.0136346793

Untitled 200 0.45658103 0.0360445751

Untitled 201 0.45709154 0.033009194

Untitled 202 0.45872492 0.0168260884

Untitled 203 0.45925945 0.0403284291

Untitled 204 0.4605805 0.0389983645

Untitled 205 0.4613542 0.0138722401

Untitled 206 0.4630601 0.0225590287

Untitled 207 0.46316397 0.0191068598

Untitled 208 0.46330297 0.0422721937

Untitled 209 0.46373454 0.0229911533

Untitled 210 0.467859 0.0552563795

Untitled 211 0.4705251 0.0463976846

Untitled 212 0.47239432 0.0212882346

Untitled 213 0.47298908 0.0400374536

Untitled 214 0.47322747 0.0246552056

Untitled 215 0.47806367 0.0175796892

Untitled 216 0.478971 0.0549215444

Untitled 217 0.48139852 0.031670207

Untitled 218 0.4817316 0.045238411

Untitled 219 0.48268747 0.0324040307

Untitled 220 0.482733 0.0293160006

Untitled 221 0.486589 0.0280034084

Untitled 222 0.48659462 0.0203405906

Untitled 223 0.49301067 0.0294379046

Untitled 224 0.4942704 0.021223665

Untitled 225 0.50191444 0.0281804105

Untitled 226 0.50343055 0.0428246985

Untitled 227 0.50354964 0.0223461147

Untitled 228 0.5041204 0.0452221546

Untitled 229 0.5057638 0.0248863292

Untitled 230 0.506119 0.0618286163

Untitled 231 0.50826854 0.0103345256

Untitled 232 0.509018 0.0217472423

Untitled 233 0.50977063 0.0326552411

Untitled 234 0.5106991 0.0489151447

Untitled 235 0.5120936 0.0305828579

Untitled 236 0.51678777 0.0205069869

Untitled 237 0.51937896 0.0192268334

Untitled 238 0.52006716 0.0477026122

Untitled 239 0.52017725 0.01579676226

Untitled 240 0.5207063 0.0344954177

Untitled 241 0.5261909 0.0629553277

Untitled 242 0.52681935 0.0324566037

Untitled 243 0.52748823 0.0386674757

Untitled 244 0.5285738 0.01584472605

Untitled 245 0.52997965 0.0289153533

Untitled 246 0.53385997 0.0328737183

Untitled 247 0.5340211 0.0451492402

Untitled 248 0.5350081 0.0246054218

Untitled 249 0.53619695 0.0480918614

Untitled 250 0.5385308 0.0394862427

Untitled 251 0.53918034 0.0236399482

Untitled 252 0.5402842 0.034233497

Untitled 253 0.54053843 0.0199463767

Untitled 254 0.54168886 0.052743506

Untitled 255 0.54182 0.0164693805

Untitled 256 0.54300046 0.0094538452

Untitled 257 0.5437455 0.0501749492

Untitled 258 0.5458238 0.0201058114

Untitled 259 0.5458856 0.0244782035

Untitled 260 0.5463131 0.0192984976

Untitled 261 0.54908115 0.0143857474

Untitled 262 0.54917103 0.0140287203

Untitled 263 0.55029196 0.0198080681

Untitled 264 0.55125004 0.0217548347

Untitled 265 0.55136186 0.0295055123

Untitled 266 0.55218273 0.0175657432

Untitled 267 0.55245674 0.0477625857

Untitled 268 0.5537798 0.0225267933

Untitled 269 0.55426246 0.0229048762

Untitled 270 0.55430967 0.0349787435

Untitled 271 0.55476946 0.0318068379

Untitled 272 0.55688566 0.0399527972

Untitled 273 0.5611857 0.0276949225

Untitled 274 0.56167704 0.0409578877

Untitled 275 0.56201303 0.0369463911

Untitled 276 0.5632609 0.0150796293

Untitled 277 0.5635486 0.0423127568

Untitled 278 0.56445163 0.01430918044

Untitled 279 0.56583416 0.0216121428

Untitled 280 0.56705636 0.0429846671

Untitled 281 0.5690254 0.01429898143

Untitled 282 0.57242996 0.0247634885

Untitled 283 0.5726811 0.0312124552

Untitled 284 0.5729592 0.0206267382

Untitled 285 0.5742359 0.0190074689

Untitled 286 0.57496756 0.016620345

Untitled 287 0.5760046 0.033782513

Untitled 288 0.5768969 0.0404965582

Untitled 289 0.5811883 0.0366457332

Untitled 290 0.5815931 0.0265315696

Untitled 291 0.58204937 0.0191512723

Untitled 292 0.5858532 0.0569856588

Untitled 293 0.58642167 0.0356856955

Untitled 294 0.58891594 0.01657404067

Untitled 295 0.5895968 0.0193100553

Untitled 296 0.59356475 0.0172438813

Untitled 297 0.5946089 0.0296719124

Untitled 298 0.5952963 0.0130097066

Untitled 299 0.596408 0.02635927

Untitled 300 0.5977866 0.0152099256

Untitled 301 0.59951043 0.0252280651

Untitled 302 0.5996799 0.040693858

Untitled 303 0.59969777 0.0247217151

Untitled 304 0.60021883 0.0416040492

Untitled 305 0.6004549 0.01432874455

Untitled 306 0.60088104 0.0278327656

Untitled 307 0.6020992 0.0224369214

Untitled 308 0.60210365 0.0257865701

Untitled 309 0.60257316 0.034051876

Untitled 310 0.6043567 0.0166807555

Untitled 311 0.6051472 0.0428028713

Untitled 312 0.6055575 0.0139299374

Untitled 313 0.6068356 0.0279483521

Untitled 314 0.6087635 0.0150894466

Untitled 315 0.6097733 0.01751349396

Untitled 316 0.6102967 0.0284011734

Untitled 317 0.61034435 0.0262795042

Untitled 318 0.61082363 0.0245679063

Untitled 319 0.6113034 0.019294215

Untitled 320 0.61418074 0.0267498967

Untitled 321 0.6142449 0.01471868003

Untitled 322 0.6149717 0.01414382705

Untitled 323 0.6170117 0.0312209425

Untitled 324 0.61851966 0.01483653

Untitled 325 0.61913615 0.0287773373

Untitled 326 0.6217476 0.0189625947

Untitled 327 0.62341654 0.0184327341

Untitled 328 0.6251678 0.00881991362

Untitled 329 0.6255719 0.01661637856

Untitled 330 0.62616897 0.0338390038

Untitled 331 0.6275343 0.0331295096

Untitled 332 0.6280879 0.01448283493

Untitled 333 0.63329685 0.0339495705

Untitled 334 0.6335232 0.0243194889

Untitled 335 0.63778883 0.0344964399

Untitled 336 0.639242 0.0232353204

Untitled 337 0.6395115 0.0158458955

Untitled 338 0.6397722 0.0265163582

Untitled 339 0.63997155 0.0388671866

Untitled 340 0.640794 0.0131039561

Untitled 341 0.64386576 0.0223905823

Untitled 342 0.6451957 0.0170544836

Untitled 343 0.6476404 0.0363910971

Untitled 344 0.6480041 0.0256026159

Untitled 345 0.64849395 0.01641414313

Untitled 346 0.6492824 0.01123959535

Untitled 347 0.6560774 0.0275440644

Untitled 348 0.65681034 0.0116758724

Untitled 349 0.6610268 0.039468225

Untitled 350 0.6665718 0.01006679983

Untitled 351 0.6671042 0.0125449837

Untitled 352 0.6677773 0.0191289587

Untitled 353 0.6680376 0.030157636

Untitled 354 0.6695456 0.0395662118

Untitled 355 0.67137295 0.01204726293

Untitled 356 0.67195064 0.0217730728

Untitled 357 0.673166 0.0201568017

Untitled 358 0.67906976 0.027889435

Untitled 359 0.67937094 0.01844401554

Untitled 360 0.6799974 0.0249166836

Untitled 361 0.68020636 0.0310075345

Untitled 362 0.6824548 0.0131991689

Untitled 363 0.68482286 0.0241897151

Untitled 364 0.6855891 0.0283536392

Untitled 365 0.6890588 0.01162723924

Untitled 366 0.6928627 0.0306209928

Untitled 367 0.69355756 0.0173141547

Untitled 368 0.6935802 0.0501970595

Untitled 369 0.6946939 0.0181379415

Untitled 370 0.6970088 0.0170856645

Untitled 371 0.6970491 0.0233877954

Untitled 372 0.69879395 0.0217949551

Untitled 373 0.70014673 0.0204594793

Untitled 374 0.70282906 0.0253959624

Untitled 375 0.70337135 0.0218589053

Untitled 376 0.70373046 0.0209104386

Untitled 377 0.7051534 0.0139426047

Untitled 378 0.70567256 0.0142569217

Untitled 379 0.70661587 0.0209929765

Untitled 380 0.70711213 0.0387890757

Untitled 381 0.7077282 0.0128622799

Untitled 382 0.7103227 0.0144449609

Untitled 383 0.7128515 0.015194775

Untitled 384 0.717416 0.0256643317

Untitled 385 0.7190306 0.01017973564

Untitled 386 0.71997297 0.0318961873

Untitled 387 0.7245775 0.01838845726

Untitled 388 0.7256354 0.0328548684

Untitled 389 0.7258834 0.0177297436

Untitled 390 0.72710305 0.0304936852

Untitled 391 0.7277829 0.0301846635

Untitled 392 0.7285077 0.023532412

Untitled 393 0.72922325 0.0114500935

Untitled 394 0.7310636 0.0186682752

Untitled 395 0.73347396 0.01044295727

Untitled 396 0.7341357 0.0275371769

Untitled 397 0.7346927 0.0121369074

Untitled 398 0.7359712 0.0269795402

Untitled 399 0.7402789 0.0134976589

Untitled 400 0.74135184 0.018698679

Untitled 401 0.74145496 0.0328437876

Untitled 402 0.7431655 0.0211112781

Untitled 403 0.7449214 0.0384050971

Untitled 404 0.74514323 0.0331287059

Untitled 405 0.7487887 0.0266043814

Untitled 406 0.7495039 0.0208031342

Untitled 407 0.75112355 0.0068886229

Untitled 408 0.75283784 0.0226717557

Untitled 409 0.7561082 0.0224596625

Untitled 410 0.7564579 0.0163623782

Untitled 411 0.75774497 0.0495458744

Untitled 412 0.75908 0.01631565207

Untitled 413 0.7636969 0.0213013636

Untitled 414 0.7684985 0.0228378974

Untitled 415 0.7698494 0.01074218295

Untitled 416 0.7716671 0.01603005376

Untitled 417 0.77192426 0.0093646003

Untitled 418 0.77518845 0.0197912303

Untitled 419 0.7755311 0.01200816435

Untitled 420 0.7768132 0.0127666092

Untitled 421 0.77845204 0.01608433144

Untitled 422 0.7786565 0.0141833537

Untitled 423 0.77926373 0.00715470574

Untitled 424 0.78099096 0.00914703453

Untitled 425 0.7828276 0.0380521265

Untitled 426 0.7873663 0.036419162

Untitled 427 0.7898769 0.0215049961

Untitled 428 0.78993297 0.00882854722

Untitled 429 0.7939087 0.01632461684
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Untitled 567 0.97139525 0.0025106866
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Untitled 573 0.98954797 0.001900659794
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Determine Attention Error

with Attention Probability

• How to check whether error is high?


• The larger the max attention probability, the smaller the attention error

87

Max Attention Probability

Attention 
Error


(Between 
float32 

and int4)

• Therefore, check the max attention prob, if large, not need fetch LSB.
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• Top-k engine supports cascade token/head pruning and local value pruning


• Example: find top 4 elements from [7, 2, 6, 4, 9, 1, 3, 5]


• Find the 4th largest: 5


• Filter the input, preserve those ≥ 4th largest: [7, 6, 9, 5]

Top-k Engine
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• Top-k engine supports cascade token/head pruning and local value pruning


• Example: find top 4 elements from [7, 2, 6, 4, 9, 1, 3, 5]

Top-k Engine

Inputs

FI
FO

[7, 2, 6, 4, 9, 1, 3, 5]

[7, 2, 6, 4, 9, 1, 3, 5]

k_th_largest: 5

Inputs

FI
FO Quick 

Select

[7, 2, 6, 4, 9, 1, 3, 5]

[7, 2, 6, 4, 9, 1, 3, 5]

k_th_largest: 5

Inputs

FI
FO Quick 

Select

>

[7, 2, 6, 4, 9, 1, 3, 5]

[7, 2, 6, 4, 9, 1, 3, 5]

[7, 0, 6, 0, 9, 0, 0, 0]

k_th_largest: 5

Inputs

FI
FO Quick 

Select

> =

num_eq_k_th_
largest: 1

[7, 2, 6, 4, 9, 1, 3, 5]

[7, 2, 6, 4, 9, 1, 3, 5]

[7, 0, 6, 0, 9, 0, 0, 0] [0, 0, 0, 0, 0, 0, 0, 5]

k_th_largest: 5

Inputs

FI
FO Quick 

Select

> =

num_eq_k_th_
largest: 1

OR

[7, 2, 6, 4, 9, 1, 3, 5]

[7, 2, 6, 4, 9, 1, 3, 5]

[7, 0, 6, 0, 9, 0, 0, 0] [0, 0, 0, 0, 0, 0, 0, 5]

[7, 0, 6, 0, 9, 0, 0, 5]

k_th_largest: 5

Top-k Results

Inputs

FI
FO

Zero Eliminator

Quick 
Select

> =

num_eq_k_th_
largest: 1

OR

Cnt

[7, 2, 6, 4, 9, 1, 3, 5]

[7, 2, 6, 4, 9, 1, 3, 5]

[7, 0, 6, 0, 9, 0, 0, 0] [0, 0, 0, 0, 0, 0, 0, 5]

[7, 0, 6, 0, 9, 0, 0, 5]

[7, 6, 9, 5]
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• Top-k engine supports cascade token/head pruning and local value pruning


• Example: find top 4 elements from [7, 2, 6, 4, 9, 1, 3, 5]

Top-k Engine
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[7, 0, 6, 0, 9, 0, 0, 5]

k_th_largest: 5

Top-k Results

Inputs

FI
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largest: 1

OR

Cnt

[7, 2, 6, 4, 9, 1, 3, 5]
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[7, 0, 6, 0, 9, 0, 0, 0] [0, 0, 0, 0, 0, 0, 0, 5]

[7, 0, 6, 0, 9, 0, 0, 5]
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• Top-k engine supports cascade token/head pruning and local value pruning


• Example: find top 4 elements from [7, 2, 6, 4, 9, 1, 3, 5]

Top-k Engine

Inputs

FI
FO

[7, 2, 6, 4, 9, 1, 3, 5]

[7, 2, 6, 4, 9, 1, 3, 5]

k_th_largest: 5

Inputs

FI
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[7, 0, 6, 0, 9, 0, 0, 5]
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Top-k Results

Inputs
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OR

Cnt

[7, 2, 6, 4, 9, 1, 3, 5]
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[7, 0, 6, 0, 9, 0, 0, 0] [0, 0, 0, 0, 0, 0, 0, 5]

[7, 0, 6, 0, 9, 0, 0, 5]
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• Top-k engine supports cascade token/head pruning and local value pruning


• Example: find top 4 elements from [7, 2, 6, 4, 9, 1, 3, 5]

Top-k Engine

Inputs

FI
FO

[7, 2, 6, 4, 9, 1, 3, 5]

[7, 2, 6, 4, 9, 1, 3, 5]

k_th_largest: 5

Inputs

FI
FO Quick 
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[7, 2, 6, 4, 9, 1, 3, 5]
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OR
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Top-k Results

Inputs
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largest: 1

OR

Cnt
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[7, 0, 6, 0, 9, 0, 0, 0] [0, 0, 0, 0, 0, 0, 0, 5]

[7, 0, 6, 0, 9, 0, 0, 5]

[7, 6, 9, 5]



SpAtten: Efficient Sparse Attention Architecture 96

• Top-k engine supports cascade token/head pruning and local value pruning


• Example: find top 4 elements from [7, 2, 6, 4, 9, 1, 3, 5]

Top-k Engine

Inputs

FI
FO

[7, 2, 6, 4, 9, 1, 3, 5]

[7, 2, 6, 4, 9, 1, 3, 5]

k_th_largest: 5

Inputs

FI
FO Quick 

Select
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k_th_largest: 5
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FI
FO Quick 
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k_th_largest: 5

Inputs

FI
FO Quick 

Select

> =

num_eq_k_th_
largest: 1

OR

[7, 2, 6, 4, 9, 1, 3, 5]

[7, 2, 6, 4, 9, 1, 3, 5]

[7, 0, 6, 0, 9, 0, 0, 0] [0, 0, 0, 0, 0, 0, 0, 5]

[7, 0, 6, 0, 9, 0, 0, 5]

k_th_largest: 5

Top-k Results

Inputs

FI
FO

Zero Eliminator

Quick 
Select

> =

num_eq_k_th_
largest: 1

OR

Cnt

[7, 2, 6, 4, 9, 1, 3, 5]

[7, 2, 6, 4, 9, 1, 3, 5]

[7, 0, 6, 0, 9, 0, 0, 0] [0, 0, 0, 0, 0, 0, 0, 5]

[7, 0, 6, 0, 9, 0, 0, 5]

[7, 6, 9, 5]
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• Top-k engine supports cascade token/head pruning and local value pruning


• Example: find top 4 elements from [7, 2, 6, 4, 9, 1, 3, 5]

Top-k Engine

Inputs

FI
FO

[7, 2, 6, 4, 9, 1, 3, 5]
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k_th_largest: 5

Inputs
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OR
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Top-k Results
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• Quick Select module selects the kth largest element


• Example: selects the 4th largest from [7, 2, 6, 4, 9, 1, 3, 5]

Quick Select

smaller elements larger elements

[1] [7, 6, 4, 9, 3, 5]

[7, 2, 6, 4, 9, 1, 3, 5] Find the 4th largest

Find the 4th largest

smaller elements larger elements

[4, 3, 5] [7, 9]Find the 1st largest

smaller elements larger elements

[3] [5] Find the 1st largest

[5]

Random pivot
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Quick Select
• Top-k Engine has high-parallelism


• 16 ‘<’ comparators and 16 ‘>’ comparators in Quick Select


• Compare the elements with pivot in parallel

99

16 16

select pivot

FIFO_L FIFO_R

num_eq_pivot

Quick 
Compare

Zero Eliminator Zero Eliminator

> > >

NOR

< < <

Reduce

k_th_largest: 5

Top-k Results

Inputs

FI
FO

Zero Eliminator

Quick 
Select

> =

num_eq_k_th_
largest: 1

OR

[7, 2, 6, 4, 9, 1, 3, 5]

[7, 2, 6, 4, 9, 1, 3, 5]

[7, 0, 6, 0, 9, 0, 0, 0] [0, 0, 0, 0, 0, 0, 0, 5]

[7, 0, 6, 0, 9, 0, 0, 5]

[7, 6, 9, 5]
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Our Solution: SpAtten

100
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Pruning
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Top-K Engine

Dedicated Accelerator
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Dedicated Accelerator
• Pipelined architecture to improve the throughput
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• The token importance score accumulator module stores scores across layers


• Initialized to all-zero in the first layer
Attention Prob
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Tokens with small cumulative importance scores are pruned away

0.4 1.0 0.3 1.2 1.7 1.0 0.4 1.8 0.6 1.9 1.4 0.3 0.9 0.4



SpAtten: Efficient Sparse Attention Architecture

Dedicated Accelerator

103

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

Q × KT

8×12b

Softmax    Attention Prob × V

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT

8×12b

Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

8×64×12b

64×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

Top-k for Cascade  
Token Pruning 

Token Importance  
Score Accumulator

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address

ꍏ

  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

ꍐ

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

ꍒ ꍓ 11

10
ꍑ

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?ꍔꍍ Top-k for Cascade  
Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

12
ꍎ

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

13

14
Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

ꍌ

• Pipelined architecture to improve the throughput



SpAtten: Efficient Sparse Attention Architecture

Dedicated Accelerator

104

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

Q × KT

8×12b

Softmax    Attention Prob × V

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT

8×12b

Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

8×64×12b

64×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss
  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

Top-k for Cascade  
Token Pruning 

Token Importance  
Score Accumulator

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address

ꍏ

  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

ꍐ

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

ꍒ ꍓ 11

10
ꍑ

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?ꍔꍍ Top-k for Cascade  
Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

12
ꍎ

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

13

14
Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

ꍌ



SpAtten: Efficient Sparse Attention Architecture

Dedicated Accelerator

105

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

Q × KT

8×12b

Softmax    Attention Prob × V

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT

8×12b

Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

8×64×12b

64×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

Top-k for Cascade  
Token Pruning 

Token Importance  
Score Accumulator

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address

ꍏ

  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

ꍐ

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

ꍒ ꍓ 11

10
ꍑ

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?ꍔꍍ Top-k for Cascade  
Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

12
ꍎ

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

13

14
Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

ꍌ



SpAtten: Efficient Sparse Attention Architecture

Dedicated Accelerator

• The consecutive Key/Value vectors are stored in different HBM channels to leverage HBM bandwidth

106

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

Q × KT

8×12b

Softmax    Attention Prob × V

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT

8×12b

Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

8×64×12b

64×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

Top-k for Cascade  
Token Pruning 

Token Importance  
Score Accumulator

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address

ꍏ

  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

ꍐ

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

ꍒ ꍓ 11

10
ꍑ

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?ꍔꍍ Top-k for Cascade  
Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

12
ꍎ

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

13

14
Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

ꍌ



SpAtten: Efficient Sparse Attention Architecture

Dedicated Accelerator

107

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

Q × KT

8×12b

Softmax    Attention Prob × V

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT

8×12b

Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

8×64×12b

64×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

Top-k for Cascade  
Token Pruning 

Token Importance  
Score Accumulator

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address

ꍏ

  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

ꍐ

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

ꍒ ꍓ 11

10
ꍑ

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?ꍔꍍ Top-k for Cascade  
Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

12
ꍎ

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

13

14
Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

ꍌ



SpAtten: Efficient Sparse Attention Architecture

Dedicated Accelerator

108

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

Q × KT

8×12b

Softmax    Attention Prob × V

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT

8×12b

Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

8×64×12b

64×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

Top-k for Cascade  
Token Pruning 

Token Importance  
Score Accumulator

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address

ꍏ

  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

ꍐ

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

ꍒ ꍓ 11

10
ꍑ

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?ꍔꍍ Top-k for Cascade  
Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

12
ꍎ

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

13

14
Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

ꍌ



SpAtten: Efficient Sparse Attention Architecture

Dedicated Accelerator

109

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

Q × KT

8×12b

Softmax    Attention Prob × V

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT

8×12b

Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

8×64×12b

64×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

Top-k for Cascade  
Token Pruning 

Token Importance  
Score Accumulator

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address

ꍏ

  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

ꍐ

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

ꍒ ꍓ 11

10
ꍑ

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?ꍔꍍ Top-k for Cascade  
Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

12
ꍎ

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

13

14
Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

ꍌ



SpAtten: Efficient Sparse Attention Architecture

Dedicated Accelerator

110

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

Q × KT

8×12b

Softmax    Attention Prob × V

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT

8×12b

Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

expexpexp
accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

8×64×12b

64×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

Top-k for Cascade  
Token Pruning 

Token Importance  
Score Accumulator

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address

ꍏ

  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

ꍐ

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

ꍒ ꍓ 11

10
ꍑ

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?ꍔꍍ Top-k for Cascade  
Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

12
ꍎ

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

13

14
Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

ꍌ



SpAtten: Efficient Sparse Attention Architecture

Dedicated Accelerator

111

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

Q × KT

8×12b

Softmax    Attention Prob × V

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT

8×12b

Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

expexpexp
accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

8×64×12b

64×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

Top-k for Cascade  
Token Pruning 

Token Importance  
Score Accumulator

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address

ꍏ

  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

ꍐ

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

ꍒ ꍓ 11

10
ꍑ

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?ꍔꍍ Top-k for Cascade  
Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

12
ꍎ

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

13

14
Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

ꍌ



SpAtten: Efficient Sparse Attention Architecture

Dedicated Accelerator

112

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

Q × KT

8×12b

Softmax    Attention Prob × V

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT

8×12b

Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

attention_prob 
{sentence_length}×12b

expexpexp
accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

8×64×12b

64×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

Top-k for Cascade  
Token Pruning 

Token Importance  
Score Accumulator

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address

ꍏ

  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

ꍐ

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

ꍒ ꍓ 11

10
ꍑ

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?ꍔꍍ Top-k for Cascade  
Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

12
ꍎ

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

13

14
Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

ꍌ



SpAtten: Efficient Sparse Attention Architecture

Dedicated Accelerator

113

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

Q × KT

8×12b

Softmax    Attention Prob × V

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Top-k

attention_prob 
{sentence_length}×12b

expexpexp
accumulation normailization

Q × KT

8×12b

Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

8×64×12b

64×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

Top-k for Cascade  
Token Pruning 

Token Importance  
Score Accumulator

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address

ꍏ

  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

ꍐ

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

ꍒ ꍓ 11

10
ꍑ

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?ꍔꍍ Top-k for Cascade  
Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

12
ꍎ

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

13

14
Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

ꍌ



SpAtten: Efficient Sparse Attention Architecture

Dedicated Accelerator

114

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

expexpexp
accumulation normailization

8×64×12b

Q × KT

8×12b

Softmax    Attention Prob × V

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT

8×12b

Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

8×64×12b

64×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

Top-k for Cascade  
Token Pruning 

Token Importance  
Score Accumulator

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address

ꍏ

  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

ꍐ

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

ꍒ ꍓ 11

10
ꍑ

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?ꍔꍍ Top-k for Cascade  
Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

12
ꍎ

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

13

14
Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

ꍌ



SpAtten: Efficient Sparse Attention Architecture

Dedicated Accelerator

115

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

expexpexp
accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

Q × KT

8×12b

Softmax    Attention Prob × V

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT

8×12b

Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

8×64×12b

64×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

Top-k for Cascade  
Token Pruning 

Token Importance  
Score Accumulator

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address

ꍏ

  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

ꍐ

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

ꍒ ꍓ 11

10
ꍑ

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?ꍔꍍ Top-k for Cascade  
Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

12
ꍎ

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

13

14
Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

ꍌ



SpAtten: Efficient Sparse Attention Architecture

Dedicated Accelerator

116

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

expexpexp
accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

at
te

nt
io

n_
ou

t

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

Q × KT

8×12b

Softmax    Attention Prob × V

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT

8×12b

Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

Local 
Value 

Pruning

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?
Top-k for Cascade  

Token Pruning Remained 
Key ids

Need 
LSBs

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

exp

accumulation normailization

Q × KT Softmax

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

8×64×12b

64×12b

Q × KT

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

FIFO × 32

Address  X
ba

r 3
2×

16
A

dd
re

ss

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

  Q, K, V 
Fetcher Top-k for Cascade  

Token Pruning Remained 
Key ids

Token Importance  
Score Accumulator

Top-k for Cascade  
Token Pruning 

Token Importance  
Score Accumulator

Token Importance  
Score Accumulator

H
B

M
 (1

6 
C

ha
nn

el
s)

FIFO × 32

Address

ꍏ

  X
ba

r 3
2×

16

FIFO × 32

  X
ba

r 1
6×

32

ꍐ

A
dd

re
ss

D
at

a

   
B

itw
id

th
 C

on
ve

rto
r

Data

Key SRAM (196KB)
K0
K1
K2
K3
K4

Key

Query

vector × matrix

8×64×12b

64×12b

Adder 
Tree 8×12b

Value Value SRAM (196KB)

V0
V2
V5
V6
V9

Top-k

attention_prob 
{sentence_length}×12b

exp

accumulation normailization

8×64×12b

attention_out

Q × KT

8×12b

Softmax    Attention Prob × V

weighted sum

ꍒ ꍓ 11

10
ꍑ

  Q, K, V 
Fetcher   Progressive Quantization  

Need LSB?ꍔꍍ Top-k for Cascade  
Token Pruning 

Head Importance  
Score Accumulator

Top-k for Cascade  
Head Pruning 

12
ꍎ

Accumulate 
Attention 

Probabilities

Remained 
Key ids

Accumulate 
Head Importance

Need 
LSBs

at
te

nt
io

n_
ou

t

13

14
Remained 
Value ids

Token Importance  
Score Accumulator

Local 
Value 

Pruning

ꍌ



SpAtten: Efficient Sparse Attention Architecture

Outline
• Quick Overview


• Background


• Algorithmic Optimizations


• Hardware Architecture


• Evaluation


• Conclusion
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SpAtten: Efficient Sparse Attention Architecture

Evaluation

Technology TSMC 40nm

Area (w/o DRAM) 18.71mm2

Power (w/ DRAM) 8.30W

Multipliers 1024

SRAM 392KB

DRAM HBM2 16 Channels, each @ 32GB/s

Performance on Summarization Stage 1.61TFLOPS

Performance on Generation Stage 0.43TFLOPS

• Hardware Implementation
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SpAtten: Efficient Sparse Attention Architecture

Power & Area Breakdown
• On-chip power and area breakdown
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SpAtten: Efficient Sparse Attention Architecture

30 Benchmarks
• Model Architecture


• BERT-Base, BERT-Large, GPT-2-Small, GPT-2-Medium

• Task:


• Discriminative: GLUE (9 tasks), SQuAD-V1, SQuAD-V2

• Generative: Language modeling on Wikitext-103, Wikitext-2, Pen-tree Bank, Google One 

Billion Words
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SpAtten: Efficient Sparse Attention Architecture

Pruning and Quantization Results
• Pruning ratio is highly dependent on sentence length 


• For long sentence (1000 in LM with GPT-2), can prune more than 70% tokens


• For short sentence (12 in CoLA with BERT), can prune less than 15% tokens


• Under same performance (<2% loss on several BERT models), 30 benchmarks average:

122

Cascade Token Pruning Prune away 35%

(ranging 10%~75%)

Cascade Head Pruning Prune away 10%

Progressive Quantization 
Effective Bitwidth 7.8 bits

Local Value Pruning  
(on top of cascade token pruning) Prune away 63% (Value)



SpAtten: Efficient Sparse Attention Architecture

Performance Comparisons
• Over general-purpose CPUs/GPUs on attention layers


• SpAtten applies all algorithmic optimizations

• 30 benchmarks average
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Performance Comparisons
• Over general-purpose CPUs/GPUs on attention layers


• SpAtten applies all algorithmic optimizations

• 30 benchmarks average
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SpAtten: Efficient Sparse Attention Architecture

Performance Comparisons
• Over state-of-the-art attention accelerators


• A3 (ASIC) supports local key/value pruning

• MNNFast (FPGA) supports local value pruning

125
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Performance Comparisons
• Over state-of-the-art attention accelerators


• A3 (ASIC) supports local key/value pruning

• MNNFast (FPGA) supports local value pruning
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SpAtten: Efficient Sparse Attention Architecture

Speedup Breakdown
• Speedup breakdown on GPT-2 Models over TITAN Xp GPU
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Speedup Breakdown
• Speedup breakdown on GPT-2 Models over TITAN Xp GPU
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Speedup Breakdown
• Speedup breakdown on GPT-2 Models over TITAN Xp GPU
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Speedup Breakdown
• Speedup breakdown on GPT-2 Models over TITAN Xp GPU
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SpAtten: Efficient Sparse Attention Architecture

More Examples
• BERT sentence classification: (Film sentiment classification result: positive)

131

A wonderful movie, I am sure that you will remember it, you admire its 
conception and are able to resolve some of the confusions you had while 
watching it.
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More Examples
• BERT sentence classification: (Film sentiment classification result: positive)
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A wonderful movie, I am sure that you will remember it, you admire its 
conception and are able to resolve some of the confusions you had while 
watching it.

sure remember admire resolve confusions
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More Examples
• GPT-2 for language modeling: (‘English’ is the generated token.)

133

Du Fu was a great poet of the Tang dynasty. Recently a variety of styles 
have been used in efforts to translate the work of Du Fu into English
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More Examples
• GPT-2 for language modeling: (‘English’ is the generated token.)
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Du Fu was a great poet of the Tang dynasty. Recently a variety of styles 
have been used in efforts to translate the work of Du Fu into English

Du translate into   English



SpAtten: Efficient Sparse Attention Architecture

Specialized Model for SpAtten with 

HAT: Hardware-Aware Transformer NAS

• HAT: Hardware-Aware Transformer NAS is a framework to search for most suitable model for a 
target hardware

135

*Hanrui Wang, et al. "HAT: Hardware-aware transformers for efficient natural language processing." ACL, 2020.

WMT14 En-De latency on Arm CPU-1

Change #Layer Change #Layer Change 
Dimension

Change 
Dimension

Our HAT Our HAT sacrebleu Total To last one To last two To last three

1.53 24.37 1.80 24.58 25.60 1 1 0 0

1.90 25.85 3.35148 27.63 1.37 26.4 26.64 2 2 0 0

2.26 26.54 10.02 28.4 1.68 26.9 27.13 2 1 1 0

2.62 27.04 2.24 27.54 27.23 3 2 1 0

2.99 27.53 2.81 27.80 27.61 4 3 1 0

3.35148 27.63 3.04559270516717 3.29 27.94 27.81 5 2 3 0

4.55 28.2 17 11 6 0
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• The co-designed specialized model for SpAtten can be 1.9x faster than vanilla model

1.9x Faster
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Specialized Model for SpAtten with 

HAT: Hardware-Aware Transformer NAS

• HAT: Hardware-Aware Transformer NAS is a framework to search for most suitable model for a 
target hardware


• Computation breakdown
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Specialized Model for SpAtten with 

HAT: Hardware-Aware Transformer NAS

• HAT: Hardware-Aware Transformer NAS is a framework to search for most suitable model for a 
target hardware


• Computation breakdown
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Specialized Model for SpAtten with 

HAT: Hardware-Aware Transformer NAS

• HAT: Hardware-Aware Transformer NAS is a framework to search for most suitable model for a 
target hardware


• Computation breakdown

139

*Hanrui Wang, et al. "HAT: Hardware-aware transformers for efficient natural language processing." ACL, 2020.

32 iteration for FC-1-1

2.6738688

1.8874368

0 1 2 3

32 iteration for FC-1-1-1

2.6738688 0.0289044

1.8874368 0.0304584

0 1 2 3

32 iteration for FC-1-1-2

2.6738688 0.0289044

1.8874368 0.0304584

0 1 2 3

FC
Vanilla 
Transformer-Base
Co-designed 
Transformer-3 
For SpAtten

GFLOPs

2.7G

1.9G

FC Attention
Vanilla 
Transformer-Base
Co-designed 
Transformer-3 
For SpAtten

GFLOPs

Attention FLOPs 
Increases

FC FLOPs 

Decreases

2.7G 28.9M

1.9G 30.5M

FC Attention
Vanilla 
Transformer-Base
Co-designed 
Transformer-3 
For SpAtten

GFLOPs

2.7G 28.9M

1.9G 30.5M

• SpAtten is good at processing attention layers
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Outline
• Quick Overview


• Background


• Algorithmic Optimizations


• Hardware Architecture


• Evaluation


• Conclusion
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SpAtten: Sparse Attention Architecture

• SpAtten accelerates NLP by removing human language redundancy


• Cascade token/head pruning


• Local value pruning


• Progressive quantization


• Hardware accelerator


• High-Parallelism Top-k engine


• Specialized data path and operators

141

spatten.mit.edu

hanrui@mit.edu 

Pushing the frontier of Green AI and Tiny AI

HPCA 2021 Live Q&A:

Session 1B


Mon. March 1, 10:40 EST

This presentation and recording belong to the authors. No 
distribution is allowed without the authors' permission

Thank you!

Cascade 
Token 

Pruning

Cascade 
Head


Pruning

Local 
Value


Pruning Progressive

Quantization

Top-K Engine

Dedicated Accelerator

http://spatten.mit.edu
mailto:hanrui@mit.edu

