CAT Pruning:
Cluster-Aware Token Pruning For Text-to-Image Diffusion Models

Xinle Cheng?!, Zhuoming Chen?, Zhihao Jia?

1Peking University 2Carnegie Mellon University

Method Overview Clustering Gives Rise to Spatial Details

Il toke Update T, 1 l [ [

Al tokens pdate T, i, et Enforcing Spatial-awareness while Clustering
Prompt: m O

@ ] )

'A girl, shirt, 0 I N N % ., .
white hair, O ] [] L] o
red eyes, | [] =
earrii‘ngs, ’ O L]
Detailed face

A\

i ﬁ .'. [

Standard noise, +pos  clustering  pooling Topk n,—n,  Staleness
S encode.
Denoising Sampling Steps
PRE v Wy v
to+1 to+2 N

At each iteration, tokens are dynamically selected using a combination of the
clustering results, noise magnitude, and token staleness.
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Algorithm 1 Attention Forward Pass in CAT Pruning

1: Q,K,V + Update(T)
2: Compute attention:

KT Algorithm 2 Finding Indices for CAT Pruning
Attention(Q, K, V') < softmax ( A ) V 1: Input: 4, to, ng, ne,
3 for i - 2: indices < ||
: for: €T, do
4 hyli] & MLP(Attention(Q, K,V)) > Update hidden states of selected tokens 30 RN = n; — ny,
5: end for 4: if 1 ==ty + 1 then
6: fori € T, , do 5: clusters < K Means(pos_enc + n; — ny,) > Cluster noise
7: hli] — hi_y [] > Reuse hidden states for unselected tokens 6 graph_scores < pool(clusters,n; — ny, + pos_enc) > Aggregate cluster scores
8: end for 7 top_clusters < topk(graph_scores)
8: for each ¢ € top_clusters do
9: indices < indices U topk((n; — ng,)[j], for j € ¢)
. . . 10: end for
Correlation Between Predicted Noise and 1 lse
12: graph_scores < pool(clusters, pos_enc + n; — ny, ) > Use clusters from ¢y + 1
H iSTO r. i CCll NO iSe 13: top_clusters < topk(graph_scores)
14: for each c € top_clusters do
15: indices < indices U topk((n; — ng,)[j], for j € c)
16: end for
17: indices < indices U topk(—f;(j), forj ¢ indices) > Add stale tokens
18: end if

19: return indices

Experiments

Figure 2: Scatter plot showing the norm of the relative noise at the current step versus the norm of
the relative noise at the previous step. We calculate and visualize the Pearson correlation coefficient
between these two values.

Proposition 1. Selecting tokens with larger relative noise in the current step
increases the likelihood that these tokens will exhibit a larger relative noise in
subsequent steps.

Balancing Noise-Based Token Selection
with Distributional Considerations

Output (w/o balance)

Chosen Indices

Prompt : a frozen cosmic rose, the petals glitter with a crystalline shimmer, swirling nebulas, 8k unreal engine photorealism,
ethereal lighting, red, nighttime, darkness, surreal art

Method PartiPrompts COCO2017
MACs | Throughput? Speed? CLIP Scoret MACs| Throughput? Speed{ CLIP Score {

SD3 - 28 steps 168.28T 0.119 1.00x 32.33 168.28T 0.113 1.00 x 3247
Ours - 28 steps 90.28T 0.217 1.82x 32.03 90.28T 0.212 1.87 x 3221
AT-EDM - 28 steps ~ 93.48T 0.166 1.40x 31.07 93.48T 0.170 151 30.59
Pixart-Y - 28 steps  120.68 T 0.151 1.00 x 31.12 120.68 T 0.143 1.00x 31.36
Ours - 28 steps 60.08 T 0.262 1.73 x 31.06 60.08 T 0.258 1.80% 30.02
AT-EDM - 28 steps ~ 62.08T 0.238 1.57 x 24.30 62.08T 0.244 1.71% 14.66

Table 2: Comparison of different methods on PartiPrompts and COCO2017 datasets. All methods
here adopt 28 sampling steps.

Method PartiPrompts COCO02017
MACs| Throughput? Speed{ CLIP Score! MACs]| Throughput{ Speed] CLIP Score 1
SD3 - 50 steps 30050 T 0.062 1.00 x 32.92 30050 T 0.062 1.00x 32.20
Cruitpit (/] balatics) Ours - 50 steps 136.70 T 0.134 2.15 x 32.72 136.70 T 0.130 2.08 x 32.18
Chosen Indices (w/ balance) P AT-EDM - 50 steps ~ 143.42T 0.107 1.72 x 28.48 143.42T 0.102 1.64x 28.20
_ Pixart-3 - 50 steps ~ 215.40T 0.079 1.00x 31.41 215.40T 0.078 1.00 x 31.20
A 4 5 - P e R Ours - 50 steps 88.24 T 0.166 2.09 x 31.36 88.24 T 0.160 2.04 x 30.62
WL WL L e L AT-EDM - 50 steps ~ 92.44T 0.148 1.87 x 17.08 92.44T 0.147 1.88 x 11.00

Table 3: Comparison of different methods on PartiPrompts and COCO2017 datasets 50 Steps. All
methods here adopt 50 sampling steps.

Predicted Noise (w/ balance)
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