
I) Masking Most Influential Tokens

→ Larger Classification drops with TokenRank
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1st eigenvalue (λ1 = 1): steady state

2nd eigenvalue (λ2)

→ Tied to the convergence rate

→ Noisy attention heads have smaller 𝜆2

Motivation: How to visualize attention matrices?

Attention (as Discrete-Time Markov) Chains

TL;DR: TokenRank - PageRank for transformers Experiments with TokenRank
Relevance of global token importance
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𝒏 → ∞: 𝒗𝑺𝑺
𝑻 = 𝒗𝑺𝑺

𝑻 A

Steady state of DTMC

→Regions where chain remains longer

→Bouncing consolidates object information

→Attention “remains” in semantically similar regions for the first bounces

II) Self-Attention Guidance with TokenRank

→Higher generation quality when refining tokens for 
important features ranked with TokenRank

III) DiffSeg with TokenRank anchor sampling

→ Anchor sampling based on TokenRank improves DiffSeg
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*Denotes equal contribution

Row select

Column sum

Row Select: <text token> attends to image tokens
Column Select: Image tokens attend to <text token>
Ours: Attention bouncing via power method

Zero-shot semantic segmentation with multi-bounce attention

→ Consolidation of semantic object maps via attention bouncing 
→ 𝜆2-weighted head averaging improves results by favoring less noisy heads

→ SOTA for zero-shot semantic segmentation

Attention Matrix A Markov Process 
Attention Propagation
with power method
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Bouncing along DTMC:      𝒗𝒏+𝟏
𝑻 = 𝒗𝒏

𝑻 ⋅ A

Bounce

cat

To
ke

n
R

an
k

fo
r 

d
o

w
n

st
re

am
 t

as
ks

Semantic segmentation on COCO-stuff

Quantitative Results
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Metastable states of Markov Chain 
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Takeaway
Multi-bounce attention improves
downstream tasks via attention
consolidation and better global
token importance

TokenRank

→More accurate ranking of token importance
improves various downstream tasksImage Row Select Column Select Ours (𝑛 = 2)

Attention as a DTMC
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