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Supplementary Material

In Appendix A, we present more qualitative compar-
isons, empirical evidence on the relationship between CFG
and token importance, results on consistency models, re-
sults from combining our method with orthogonal diffusion
acceleration techniques, experiments with varying diffusion
inference steps, explorations of a dynamic number of inde-
pendent tokens or replacing bipartite matching with cluster-
ing, and findings from a user study. In Appendix B, we pro-
vide more details about our experimental settings. In Ap-
pendix C, we discuss the limitations of our method. In Ap-
pendix D, we provide the prompts used to generate quali-
tative results. We also include a supplementary video for
comparisons on text-to-video generation.

A. Additional Results

Additional Qualitative Results. In Fig. 1, we pro-
vide additional qualitative comparisons between ToFu [6],
ToMeSD [1], our token merging method, and the variant of
our method using cross-attention maps as importance sig-
nals. Additional visual comparisons for token merging ap-
plied to diffusion transformer are shown in Fig. 2. Ad-
ditional results for multi-view diffusion are presented in
Fig. 3. In the supplementary video, we include compar-
isons on text-to-video generation, using AnimateDiff [4] as
the base diffusion model and a merging ratio of 0.7. Further-
more, we provide visual comparisons between ToMeSD [1]
and our method across various merging ratios for text-to-
image generation in Fig. 4.

Token Importance via Classifier-Free Guidance. The
absolute value of classifier-free guidance (CFG) can be in-
terpreted as a token-level saliency measure, highlighting the
tokens that play a crucial role in steering the output to-
ward the given prompt or condition. Empirically, as shown
in Tab. 1, removing the top 30% of high-CFG tokens leads
to a significant degradation in generation results, whereas
removing the bottom 30% has little impact.

No pruning Top 30% Bottom 30%

FID → 11.88 15.48 12.78
CLIP ↑ 31.83 31.58 31.88

Table 1. Comparison of pruning (dropping) the top 30% of tokens
with the highest CFG values versus the bottom 30% during text-
to-image generation using Stable Diffusion [15].

Results on the Consistency Model. Consistency mod-
els [8, 9, 18] typically distill classifier-free guidance (CFG),
making the explicit guidance term inaccessible, as they ap-
proximate the final guided noise function within a single
forward pass. However, our method is not limited to CFG
and can leverage any reliable per-token importance signal.
As shown in Tab. 2 and Fig. 5, our token merging, using
cross-attention maps as importance signals, remains effec-
tive and outperforms the baseline model when applied to the
latent consistency model [9].

r
FID → CLIP ↑ Time Mem.

ToMe. Ours ToMe. Ours (s) → (GB)→
0 25.38 31.05 0.65 6.75

0.30 25.63 25.63 31.03 31.03 0.60 4.22
0.50 27.80 27.51 30.98 30.99 0.51 3.56
0.60 30.05 29.61 30.90 30.92 0.50 3.37
0.70 35.01 32.49 30.59 30.77 0.48 3.21
0.75 43.28 36.66 30.38 30.60 0.46 3.12

Table 2. Results on the Consistency Model. We show the com-
parison of token merging methods applied to a 4-step latent consis-
tency model (LCM Dreamshaper v7) [9] across various merging
ratios r.

Combination with Orthogonal Diffusion Acceleration

Methods. In Tab. 3, we demonstrate that our method can
be combined with orthogonal diffusion acceleration meth-
ods [7, 10, 17] to further accelerate inference while preserv-
ing generation quality.

FID → CLIP ↑ Time Mem.
(s) → (GB) →

Ours 16.22 31.79 5.8 3.55
+ DeepCache [10] 15.46 31.81 2.6 3.56
+ FasterDiff. [7] 12.48 31.80 4.2 6.33
+ FRDiff [17] 15.25 31.83 3.5 3.59

Table 3. Combination with Diffusion Acceleration Meth-

ods. We show text-to-image generation results by integrating our
method with orthogonal diffusion acceleration techniques, using
Stable Diffusion [15] as the base model and a merging ratio of 0.7.

Number of Diffusion Inference Steps. In Tab. 4, we
compare ToMeSD [1] and our method across different num-
bers of diffusion inference steps for text-to-image gener-



ation, demonstrating that our method consistently outper-
forms ToMeSD.

T
FID → CLIP ↑

ToMeSD Ours ToMeSD Ours

20 18.57 17.03 31.77 31.80

30 17.82 16.51 31.78 31.80

50 17.46 16.22 31.78 31.79

Table 4. Number of Diffusion Inference Steps. We compare
ToMeSD [1] and our token merging method for the text-to-image
generation task with different diffusion inference steps, using Sta-
ble Diffusion [15] as the base model and a merging ratio of 0.7.

A Dynamic Number of Independent Tokens. We exper-
imented with dynamically allocating the number of inde-
pendent tokens while keeping the total number of tokens
after merging fixed. Specifically, we determine the number
of independent tokens based on how many important tokens
lack merging candidates that meet a similarity threshold. In-
terestingly, this dynamic allocation scheme does yield com-
parable or improved results compared to the fixed alloca-
tion, as shown in Tab. 5.

Fixed Dynamic (sim. threshold)

0.90 0.95 0.98

CLIP ↑ 31.83 31.83 31.83 31.82
FID → 13.42 13.47 13.34 13.37

Table 5. Token merging results with a dynamic number of inde-
pendent tokens for image generation. The merging ratio is 0.5.

Replacing Bipartite Soft Matching with Clustering.

We explored replacing bipartite soft matching with Ag-
glomerative Token Clustering (ATC) [5]. We use ATC to
merge important tokens and also obtain cluster centers. We
then merge unimportant tokens into their nearest cluster
centers. Full ATC yields lower FID but significantly slows
inference. When combined with our approach, which re-
stricts clustering to important tokens, it achieves both im-
proved performance and a substantial speedup (Tab. 6).

Method CLIP ↑ FID → Speed →
Ours 31.79 69.37 3.7 s
ATC 31.70 68.64 >10 mins
Ours + ATC 31.76 68.38 76.5 s

Table 6. Comparison of merging approaches for image generation,
evaluated on 1K images with a token merging ratio of 0.7.

User Study. We conducted a randomized A/B user study
to directly assess prompt alignment and visual quality in
text-to-image generation. The questionnaire consists of 44
questions. In total, 66 users provided 2,904 responses. As
shown in Tab. 7, our method was consistently preferred over
the baselines.

Ours vs ToFu [6] Ours vs ToMe. [1]

Metric Ours ToFu Tie Ours ToMe Tie

Alignment 77.8 10.1 12.1 84.3 6.7 8.9
Quality 84.7 10.6 4.7 87.0 8.4 4.5

Table 7. User study (in %) comparing prompt alignment and visual
quality over baseline methods.

B. Additional Experimental Settings

Metrics. We use the deepspeed [14] library to estimate
TFLOPs, the clean-fid [12] library to calculate FID scores,
and the openai/clip-vit-base-patch16 model from OpenAI-
CLIP [13] to calculate CLIP scores.

Additional Implementation Details. For text-to-image
generation using Stable Diffusion [15], the diffusion pro-
cess consists of 50 sampling steps, with the CFG scale set
to 7.5. For PixArt-ω [3], we perform diffusion sampling for
20 steps, with a CFG scale of 4.5. When computing token
similarity for token merging in PixArt-ω, we find that using
pixel location distance of tokens yields better results than
feature similarity, and we adopt this approach. For multi-
view diffusion using Zero123++ [16], the process involves
50 sampling steps, with the CFG scale set to 4. For video
diffusion using AnimateDiff [4], the sampling consists of
30 steps, with a CFG scale of 7.5. To ensure fairness, these
settings are consistently applied to both our method and the
baselines. For the ablation study investigating the use of
cross-attention maps as importance signals, we utilize the
averaged attention map from the final model block in Sta-
ble Diffusion.

Details on Multi-view Diffusion. The base multi-view
diffusion model used in our experiments is Zero123++ [16],
which fine-tunes Stable Diffusion 2 [15] to generate six
novel views from an input image. During denoising, the
model appends the self-attention key and value matrices
from the reference input image to the attention layers for
conditioning. The novel view poses are defined by a
fixed set of absolute elevation and relative azimuth angles.
Specifically, the elevation and azimuth angles (in degrees)
are set as follows: (30, 30), (-20, 90), (30, 150), (-20, 210),
(30, 270), (-20, 330). We consistently use this sequence of



novel views to present visual results in multi-view diffusion
experiments.

Preserving Structure in Early Time-steps. Prior
work [6] suggests that token pruning (directly dropping
tokens) could help preserve structural details. Building on
this observation, we found that incorporate token pruning
during the early diffusion steps, followed by token merging
in later steps, improves generation results. Specifically, we
apply token pruning during the first 6, 10, and 4 diffusion
inference steps for image, multi-view, and video generation,
respectively. Furthermore, the low token variance in the
early steps [19] reduces the effectiveness of classifier-free
guidance in identifying important tokens. To mitigate this,
during these initial steps that involve token pruning, we
randomly select one token from each 2 ↓ 2 region of the
feature map as the destination token.

In Tab. 8 and Fig. 6, we compare the results of
ToMeSD [1] under two scenarios: (1) applying token prun-
ing during the early diffusion steps followed by token merg-
ing, and (2) using token merging throughout all diffusion
steps. The results show that token pruning in the early steps
more effectively preserves the generation layout. In Tab. 9,
we show that pruning tokens during the first 5-20% denois-
ing steps consistently improves performance across differ-
ent tasks, highlighting its robustness.

r
FID → CLIP ↑

w/o pr. w/ pr. w/o pr. w/ pr.

0.10 11.75 11.72 31.81 31.82

0.30 12.16 12.20 31.82 31.82
0.50 13.49 13.50 31.79 31.79
0.60 14.81 14.81 31.79 31.80

0.70 17.51 17.46 31.76 31.78

0.75 21.05 20.89 31.69 31.71

Table 8. Ablation studies on token pruning in early diffusion in-
ference steps. We compare the results of ToMeSD [1] with token
pruning in early diffusion inference steps followed by token merg-
ing, versus using token merging for all steps. We evaluate using
the text-to-image generation task with Stable Diffusion [15] as the
base model across various token merging ratios r.

C. Discussion and Limitations

Our method demonstrates broad applicability across dif-
fusion models. For multi-guidance scenarios (e.g., In-
structPix2Pix [2]), weighted averaging of importance sig-
nals based on user preferences could be beneficial. For
step-distilled diffusion models [11], which already distills
classifier-free guidance into the final model, our approach
can still be applied by utilizing alternative importance sig-

Metric Pruning Steps (m%)

0% 5% 10% 20%

Image
FID → 16.27 16.28 16.22 16.13

CLIP ↑ 31.77 31.79 31.79 31.79

Multi-View
PSNR ↑ 14.73 14.95 14.75 14.80
SSIM ↑ 0.783 0.782 0.787 0.785
LPIPS → 0.279 0.269 0.268 0.274

Video
Score ↑ 79.36 79.59 79.63 79.66

Table 9. We apply token pruning to the first m% denoising steps
(merging ratio = 0.7) and evaluate on three generation tasks.

nals, such as attention maps. However, an interesting di-
rection for future research could involve refining the distil-
lation process to enable the model to predict an additional
output: a classifier-free guidance map, which could then be
used for better token merging or other innovative applica-
tions.

D. Prompts

We provide the prompts used to generate the qualitative re-
sults shown in the paper but not included in the figures.

Text prompts corresponding to the text-to-image genera-
tions in Figure 5 of the main paper:

• Elegant teacup with a delicate floral pattern
• Young musician playing guitar on stage
• Colorful butterfly with wings fully spread
Text prompts corresponding to the text-to-image genera-

tions in Figure 6 of the main paper:
• A cute cat
• A real beautiful face
• A small cactus with a happy face in the Sahara desert
Text prompts corresponding to the text-to-video genera-

tions in Figure 8 of the main paper:
• Tower
• A jellyfish floating through the ocean, with biolumines-

cent tentacles
• In a still frame, the ornate Victorian streetlamp stands

solemnly, adorned with intricate ironwork and stained
glass panels

In Fig. 7, we show image prompts corresponding to the
image-conditioned multi-view generations in Figure 7 of
the main paper.

In Fig. 8, we show image prompts corresponding to the
image-conditioned multi-view generations in Fig. 3.
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Figure 1. Additional comparison of text-to-image generation. The first row shows results from Stable Diffusion (SD) [15], while the
subsequent rows show SD combined with ToFu [6], ToMeSD [1], our method using cross-attention (CA) map, and our method using
classifier-free guidance. The token merging ratio is 0.7. Our method outputs finer details, as highlighted in red boxes. Notably, the variant
of our method that utilizes the cross-attention map also achieves better generation details compared to baseline methods, demonstrating the
generalization ability of our method. Best viewed with zoom-in for clarity.



A dog that has 
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meditating all 
the time.

A man riding a 
brown horse 
at a rodeo.

Chinese 
painting of 

grapes.

Product 
photography, 

world of 
warcraft orc 

warrior, white 
background.

A photo of a 
red car.

(a) PixArt-ω (b) ToMeSD (c) Ours
Figure 2. Additional comparison for token merging applied to diffusion transformer. We apply ToMeSD [1] and our token merging
method to PixArt-ω [3] for text-to-image synthesis, using a token merging ratio of 0.4. We highlight our generation details with red boxes.
Best viewed with zoom-in for clarity.
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Figure 3. Additional qualitative comparison of multi-view diffusion. Token merging is applied to the multi-view diffusion model,
Zero123++ [16], with merging ratio as 0.6. Our method outputs finer details, as highlighted in red boxes. Best viewed with zoom-in.
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Suspended DNA helix made of glass, each strand twisting with glowing connectors.

Figure 4. We provide an additional comparison between ToMeSD [1] and our method when applied to Stable Diffusion [15] across various
merging ratios r. For reference, the results of Stable Diffusion without token merging are shown on the left. Our method outputs finer
details, as highlighted in red boxes. Best viewed with zoom-in for clarity.



ToMe. Ours(a) ToMeSD (b) Ours

Figure 5. Token merging results on the latent consistency model (LCM Dreamshaper v7) with a merging ratio of 0.7.
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A girl standing on the 
beach and posing 
with a surfboard.

A cat on the kitchen 
counter sticking its 
nose in a cupboard.

A man in blue shirt 
and white shorts 

playing tennis.

A woman sitting on 
a couch using a 

laptop computer.

Figure 6. We compare the results of ToMeSD [1] with token pruning in early diffusion inference steps followed by token merging (w/
prune), versus using token merging for all steps (w/o prune). We use Stable Diffusion [15] as the base model and a merging ratio of 0.6.



Figure 7. Image prompts for Figure 7 of the main paper.

Figure 8. Image prompts for Fig. 3.
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