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Abstract

Token compression techniques, such as token merging and
pruning, are essential for alleviating the substantial compu-
tational burden caused by the proliferation of tokens within
attention mechanisms. However, current methods often rely on
token-to-token distances or similarity metrics to evaluate to-
ken importance, which is inadequate in the context of modern
promptable designs and frameworks that are gaining promi-
nence. To address this limitation, we introduce a novel and
effective merging strategy called “Multimodal Promptable
Token Merging” (MPTM). The proposed method leverages a
multimodal, prompt-centric methodology, assessing the prox-
imity between tokens of each input modality and the multi-
modal prompt to efficiently eliminate redundant tokens while
preserving those rich in information. Extensive experiments
demonstrate that MPTM significantly reduces computational
costs without compromising essential information in genera-
tive image tasks. When integrated into diffusion-based detec-
tion architectures, MPTM outperforms existing state-of-the-art
methods by 2.3% in object detection tasks. Additionally, when
applied to multimodal diffusion models, MPTM maintains
high-quality output while achieving a 2.9-fold increase in
throughput, highlighting its versatility.

1 Introduction
We address the challenge of applying token merging to accel-
erate transformer-based networks. Unlike existing techniques
such as ToMe (Bolya et al. 2023), our method is specifi-
cally designed for promptable computer vision applications,
introducing a novel strategy for token merging within a mul-
timodal prompt-induced space for each input modality.

Vision Transformers (ViTs) (Dosovitskiy et al. 2021) have
emerged as a dominant force, achieving state-of-the-art re-
sults in various tasks such as image classification (Liu et al.
2021), object detection (Zhu et al. 2021; Chen et al. 2023b),
and semantic segmentation (Xie et al. 2021). The token-based
design of ViTs allows for the seamless integration of the
masked image modeling (MIM) (He et al. 2022) technique,
adapted from the masked language model (MLM) approach
in NLP (Devlin et al. 2019). This enables the learning of
versatile representations in a self-supervised manner, demon-
strating impressive performance across various tasks. Despite
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(a) Visualizations of V-L model applying MPTM (50%).
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Figure 1: Motivation perspectives for MPTM. (a) Com-
pared to residual tokens produced by standard token merg-
ing processes, MPTM generates tokens with higher rep-
resentational quality, outperforming the baseline method,
ToMe (Bolya et al. 2023). (b) MPTM demonstrates adaptabil-
ity and efficiency across diverse architectures, significantly
enhancing task performance, particularly in dense prediction
tasks, without compromising quality.

their remarkable capabilities, ViTs are often criticized for
their substantial computational demands, which limit their
practicality.

To address this issue, several model compression tech-
niques have been explored, including weight pruning (Han,
Mao, and Dally 2016; Wang et al. 2022), weight quantiza-
tion (Yuan et al. 2022), knowledge distillation (Pelosin et al.
2022), and neural architecture search (Cai, Zhu, and Han
2019; Gong et al. 2022). Among these, token compression
has emerged as a particularly effective strategy for ViTs,
given the exponential/quadratic relationship between token
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Figure 2: Example of the potential drawback of the original token merging. By leveraging semantic information, tokens can
be correctly clustered in challenging examples.

length and computational cost. Token compression can be fur-
ther divided into two categories: token merging (Bolya et al.
2023; Chen et al. 2023a) and pruning (Zeng et al. 2022; Kong
et al. 2022; Chen et al. 2023a). Token merging, in particular,
has been shown to accelerate both training and inference
times. Notably, ToMe (Bolya et al. 2023) introduces bipartite
soft matching for token merging, presenting a simple yet
effective approach to token reduction. Recently, the latent
diffusion model (LDM)(Rombach et al. 2022) has gained con-
siderable attention for its remarkable applications in text-to-
image(Nichol et al. 2022; Ge et al. 2023) and text-to-3D con-
versions (Poole et al. 2022; Lin et al. 2023). LDMs typically
consist of a transformer-based U-Net, a latent encoder/de-
coder, and a prompt encoder. Given that the transformer-
based U-Net is central to the model, ToMeSD (Bolya and
Hoffman 2023) proposes token merging for stable diffusion,
significantly enhancing throughput.

Despite these advancements, existing merging approaches
primarily focus on the inherent feature space of tokens, over-
looking the cross-modal interactions prevalent in diverse
applications. This gap leads us to an intriguing question:
What if we consider the semantic information of multi-
modal prompts in the merging process? To explore this,
we conducted token merging experiments using a pretrained
vision-language model (V-L model) with a simple sentence
prompt: “The scene of the [category name].” The V-L model
includes a modality encoder (for images) and a prompt en-
coder (for text). When applying our promptable method with
a 50% reduction ratio, as illustrated in Figure 1(a), the results
closely resemble the original image, outperforming existing
token compression techniques. This suggests that incorporat-
ing semantic information from the prompt into the merging
process can mitigate information loss. To further illustrate the
advantage of utilizing semantic information in token merging,
consider the example of ”A white cat in the snow.” As de-
picted in Figure 2, the original token merging process tends
to cluster tokens containing both the white cat and the snow,
leading to information loss. In contrast, by evaluating simi-
larity in the prompt-induced space, our method appropriately
distinguishes cat tokens from snow tokens, merging the re-

dundant tokens within each cluster.
Motivated by these findings, we propose Multimodal

Promptable Token Merging (MPTM) for diffusion models.
Unlike existing token reduction approaches, which are typ-
ically applied to transformer-based models in tasks that do
not require dense prediction—such as image-text retrieval, vi-
sual question answering (VQA), and image captioning—“the
MPTM approach is specifically tailored for attention-
based multimodal models that excel in tasks requiring
dense prediction across a wide range of modalities”, in-
cluding images, bounding boxes, audio, and video. The
method leverages multimodal prompts for token merging,
thereby enriching application scenarios (see Figure 1(b)).
When applied to generative models, diffusion-based detec-
tors, and cross-modality models, MPTM not only enhances
throughput but also preserves performance. The main contri-
butions can be summarized as follows:

• We present the MPTM framework, which introduces a
promptable multimodal conditioning perspective for token
reduction, designed to seamlessly integrate with diffusion
models that use U-Nets across various input modalities.

• We demonstrate significant performance improvements
over state-of-the-art methods, particularly in tasks requir-
ing dense prediction, such as image generation and object
detection.

• We showcase the computational efficiency and application
versatility of our proposed multimodal generalizations of
existing token merging techniques.

2 Related Work
2.1 Transformer-based Tasks
Vision Transformer (ViT) models (Dosovitskiy et al. 2021)
have achieved state-of-the-art performance across a variety
of downstream tasks, including image classification (Dosovit-
skiy et al. 2021; Marin et al. 2023), object detection (Zhu et al.
2021; Chen et al. 2023b), semantic segmentation (Xie et al.
2021), and image generation (Bolya and Hoffman 2023; Ris-
tea et al. 2023; Zhang et al. 2022; Rombach et al. 2022). How-
ever, ViTs are computationally intensive due to the quadratic
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increase in complexity with the number of tokens processed
in the stacked attention layers. Encouragingly, (Naseer et al.
2021) show that ViTs are robust to patch-dropping, suggest-
ing that token compression can be used to discard less infor-
mative tokens. .
Image Generation. Recent diffusion-based image genera-
tors (Bolya and Hoffman 2023; Rombach et al. 2022; Tang
et al. 2023a) use multiple diffusion steps to iteratively de-
noise the initially added noise. Most modern diffusion mod-
els rely on a U-Net (Ronneberger, Fischer, and Brox 2015)
composed of Transformer blocks, with each block contain-
ing self-attention, cross-attention, and multi-layer perception
modules. These modules are the precise points where MPTM
can be integrated. For image generation via stable diffusion,
(Bolya and Hoffman 2023) demonstrate how Token Merging
(ToMe) (Bolya et al. 2023) can accelerate the image genera-
tion process.
Object Detection. Query-based detectors, such as
DETR (Carion et al. 2020) and Deformable DETR (Zhu
et al. 2021), achieve promising performance by employing
a Transformer design, diverging from traditional methods
that rely on classification and box regression on object priors
like anchors or proposals. DiffusionDet (Chen et al. 2023b)
utilizes diffusion models for object detection by framing the
task as generation over the position-size space representing
bounding boxes.
Multimodal Generation. The Composable Diffusion (CoDi)
model (Tang et al. 2023b) is developed for multimodal gener-
ation tasks, enabling the creation of content across different
modalities, including videos, images, audio, and text. Our
proposed MPTM leverages CoDi to incorporate multimodal
prompt conditioning, enabling the underlying diffusion mod-
els to achieve more effective multimodal generation.

2.2 Token Compression
Token compression (Haurum et al. 2023) addresses the is-
sue of redundancy in ViTs. Recent studies show that this
approach can speed up transformers by eliminating redun-
dant tokens with only a moderate trade-off in accuracy. It
can be seamlessly integrated into existing ViT-based models
or used as an additional component alongside other network
compression methods (Chen et al. 2023a).
Token Pruning. Token pruning aims to discard less informa-
tive tokens by measuring per-token importance according to
a specific metric. DynamicViT (Rao et al. 2021) adds an extra
token selection network, enabling a trained ViT to focus on a
subset of tokens. Both DynamicViT and SPVit (Kong et al.
2022) maintain a per-image token-level mask vector, along
with manually defined token compression rates, ensuring that
all images retain the same number of tokens. EViT (Liang
et al. 2022) introduces inattentive token fusion, consolidating
information from less informative tokens to form new tokens.
ATS (Fayyaz et al. 2022) employs inverse transform sampling
to select tokens for pruning.
Token Merging. ToMe (Bolya et al. 2023) progressively
combines r tokens within each Transformer block by sepa-
rating tokens into source and destination groups, then pairing
each source token with its most similar destination token.
(Bolya and Hoffman 2023) enhance ToMe with token un-

merging, enabling its application to diffusion models such
as stable diffusion. TokenLearner (Ryoo et al. 2021) learns a
weighted average of the entire feature map with a dynamic
attention map to retain a small number of tokens. TokenPool-
ing (Marin et al. 2023) reduces the number of tokens using
k-means clustering. Recently, DiffRate (Chen et al. 2023a)
integrates token pruning and merging with a differentiable
compression rate. CrossGET (Shi et al. 2023) introduces inno-
vative graph-based soft matching and a cross-guided ensem-
ble, enhancing the effectiveness of existing vision-language
transformer models in tasks involving two modalities (text
and image), such as image-text retrieval, visual question an-
swering (VQA), and image captioning.

3 Method
3.1 Preliminaries
Latent Diffusion and Classifier-free Guidance. Latent
diffusion models (Rombach et al. 2022) project the original
data x into a latent space z, using an encoder that varies with
the data modality (e.g., VQ-VAE (van den Oord, Vinyals, and
Kavukcuoglu 2017; Razavi, van den Oord, and Vinyals 2019)
for image data and audio VAE (Liu et al. 2023) for audio
data), before applying the diffusion model. When integrated
with classifier-free guidance (Ho and Salimans 2022), these
models can facilitate a conditional diffusion process. The
associated loss for latent diffusion is

Lθ = ∥ϵθ(zt, c, t)− ϵ∥2, (1)

where ϵθ(zt, c, t) incorporates a cross-attention mechanism,
enabling the fusion of the conditional embedding c into the
latent z. The conditional score estimation is then given by

ϵ̂θ(z|c) = (1 + ω)ϵθ(z, c)− ωϵθ(z,∅), (2)

where ω adjusts the strength of the classifier guidance and
the symbol ∅ denotes the unconditional embedding.

Token Reduction. Token reduction mechanisms stream-
line computational complexity in transformer-based mod-
els. With input tokens ni tokens and prompt tokens np of d
channels, the computational load per layer is proportional to
self-attention and cross-attention demands, as shown below,

Complexity ∝ n2
i × d︸ ︷︷ ︸

self-attention

+ni × np × d︸ ︷︷ ︸
cross-attention

. (3)

These approaches evaluate the importance of each token with
several matrices (i.e. the weight magnitude of tokens or simi-
larity with other tokens) to discard the unimportant tokens or
merge the tokens that are similar. When the reduction ratio is
0 < r < 1, the complexity is reduced to

Complexity ∝ (1− r)2n2
i × d︸ ︷︷ ︸

self-attention

+(1− r)ni × np × d︸ ︷︷ ︸
cross-attention

. (4)

Diffusion-based Object Detection. DiffusionDet (Chen
et al. 2023b) introduces a novel application of diffusion pro-
cesses to object detection, conceptualizing it as a ”noise-to-
box” transformation. The approach represents a bounding
box as a 4-tuple to specify its location as b = (x, y, w, h).
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Here, x and y denote the center coordinates of the box, while
w, and h represent its width and height, respectively. Diffu-
sionDet then utilizes a modified dynamic instance interactive
head, derived from Sparse R-CNN (Sun et al. 2021), to enable
accurate box prediction:

prediction box = decoder(boxnoisy, t, feature). (5)
This equation indicates how the decoder function uses noisy
box data, time-step t, and relevant features to yield the pre-
dicted bounding box location and dimensions.

3.2 Multimodal Promptable Token Merging
Token reduction techniques such as ToMe (Bolya et al. 2023)
are developed to lower computational costs concerning at-
tention mechanisms for transformer-based neural network
models. A majority of such approaches are formulated by es-
tablishing a similarity measure solely based on the token fea-
tures to facilitate the subsequent operations, including token
filtering, grouping or matching. However, the use of “prompt”
has emerged as another source of input to the transformer-
based models and is shown to enhance their flexibility and ef-
fectiveness in several contemporary computer vision-related
applications, e.g., text-to-image (Nichol et al. 2022; Ge et al.
2023), video editing (Qi et al. 2023; Chai et al. 2023) and
promptable detection and segmentation tasks (Kirillov et al.
2023). Since the inclusion of multimodal prompts may signif-
icantly affect the importance of each token, and redefines the
similarity relations between tokens, we are thus motivated
to propose a new token merging technique that primarily
takes account of the use of the promptable mechanisms in
transformer-based models.

Multimodal Prompt Fusion. We consider a general set-
ting of token merging that both the prompts and the inputs
can be multimodal. Assume that there are K modalities of
prompts, denoted as P (k), k = 1, . . . ,K and L modalities of
input type. Analogously to the use of embedding alignment
in (Tang et al. 2023b), we regulate the K prompt encoders,
{EP (k)}Kk=1, to project to the same d-dimensional space, also
ensuring that the encoder of each modality yields the same
number of prompt tokens. (See Figure 3.)

Given a prompt P (k) of modality k, our method applies the
respective prompt encoder EP (k) to obtain n prompt tokens.
We express the prompt embedding and tokenization as

P (k)
E

P (k)7−−−−−→ {p(k)
1 ,p

(k)
2 , . . . ,p(k)

n }, (6)

where p
(k)
i ∈ Rd is a prompt token of modality k, and d

is the number of output channels by EP (k) . The embedding
alignment among the K prompt encoders naturally leads to
the fusion of the resulting multimodal prompt tokens by

pi =
∑K

k=1
αk p

(k)
i , i = 1, . . . , n, (7)

where pi is the resulting ith token after fusion,
∑

αk = 1 and
α = (α1, . . . , αK)⊺ is the predefined fusion vector to weigh
the influence of each modality in the multimodal conditioning
scenario. Notice that when text prompt is present among the
K modalities, its corresponding fusion wight αk would be
set to a larger value owing to its pivotal role in the alignment
of prompt encoders.

Prompt-induced Similarity. Besides the multimodal con-
ditioning imposed by prompts, the inputs can also comprise
multiple modalities, where we use z(ℓ) to represent an in-
put of data modality ℓ ∈ {1, . . . , L}. To handle this aspect
of complexity, we consider a network structure of multiple
streams, each of which deals with a specific input modal-
ity. (See Figure 3(a).) Since our formulation for establishing
the prompt-induced similarity is the same for each input
modality ℓ, for the sake of simplicity, we hereafter omit the
modality index ℓ from the notation. As such, we simply con-
sider an arbitrary transformer layer from one of the multiple
network streams, and an input z, yielding m input tokens
q1,q2, . . . ,qm and qi ∈ Rd. Let A be the affinity measure
that returns A(qi,qj) as the similarity value between two
input tokens qi and qj . Notice that the similarity measure A
is constructed without considering the prompt effect, which
has been used in existing token reduction methods.

The set of n multimodal prompt tokens in (7) implicitly
defines a “multimodal prompt space” which yields a new
feature representation q̃ for each input token q where

q̃ = (q⊺p1, . . . ,q
⊺pn)

⊺ ∈ Rn. (8)

With (8), we can define the proposed prompt-induced simi-
larity measure Ã as follows:

Ã(qi,qj) := A(q̃i, q̃j), (9)

where we implement A with the cosine similarity. However,
obtaining the new feature representation by projecting to the
multimodal prompt space introduces extra computation cost.
We instead consider first deriving a representative prompt
token p̃ from {pi} and then approximating (8) by

q̃ ≈ (q⊺p̃, . . . ,q⊺p̃)⊺ ∈ Rn, (10)

where p̃ is obtained by either mean-pooling or max-pooling
over {pi}. The related ablation experiment regarding the
projection approximation can be found in Table 6d in the
appendix.

Token Merging. We can now carry out token merging with
the prompt-induced similarity measure in (9). We adopt the
bipartite soft matching in (Bolya et al. 2023) to achieve this
process, which comprises the following three essential steps:
1. Divide the input tokens into two sets, denoted Set A and
Set B, via alternating selection. 2. Connect each token in A to
its most similar counterpart in B. 3. Preserve r% most similar
connections, merge the linked tokens and concatenate the
remaining ones in A and B.

Token Unmerging. As pointed out in token merging for
stable diffusion (ToMeSD) (Bolya and Hoffman 2023), diffu-
sion generative models require knowledge of noise removal
for each token, necessitating an unmerging process. ToMeSD
adopts a straightforward scheme: assigning the merged fea-
ture uniformly back to the unmerged tokens by

Merge: qmerge = mean(qi + qj),

Unmerge: qout
i = qout

j = qmerge,
(11)

where qout
∗ denotes the output of the attention module. In

our Multimodal Promptable Token Merging (MPTM), a τ -
threshold strategy is formulated to minimize the redundancy
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(a) Equipping MPTM on standard U-Net-based diffusion model.  (Section 3.2)

(b) Equipping MPTM on diffusion-based object detector. (Section 3.3)
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Figure 3: Two variants of MPTM-enhanced model configurations. (a) For a standard U-Net-based diffusion model, additional
token merging (TM), token unmerging (TU), and prompt are plugged into the basic Transformer block. (b) For the diffusion-based
object detector, additional self/cross-attention layers besides the TM, TU, and prompt are inserted in the dynamic head.

caused by error propagation when adopting a high reduction
ratio r for token merging. Specifically, we have

qout
∗ =

{
qmerge, Ã(qi,qj) ≥ τ,

q∗, Ã(qi,qj) < τ,
(12)

where τ > 0 is a specified similarity threshold, allowing the
unmerging operation to assign qmerge to both output tokens
if they are sufficiently similar to each other before merg-
ing. Furthermore, we also propose enhancing the mechanism
by substituting the fixed-value threshold with a learnable
threshold for achieving optimal performance during train-
ing. The results of our unmerging scheme are detailed in the
corresponding ablation study, as reported in Table 7c in the
Appendix.

3.3 MPTM for Object Detection
DiffusionDet (Chen et al. 2023b) introduces the innovative
“noise-to-box” concept in object detection tasks. During its
training phase, the detection decoder predicts box features
from a mix of corrupted boxes, image features, and the degree
of corruption. In the sampling process, random noise boxes
are processed through the detection decoder and subsequently
refined in the DDIM step to produce the final outcomes. How-
ever, the simplicity of this approach and the disparity between
its training and sampling phases might curtail its potential.
DiffusionDet incorporates a dynamic head for detection de-
coding, as proposed in Sparse R-CNN (Sun et al. 2021).
Integrating extra self-attention and cross-attention modules
into the dynamic head aims to amalgamate prompt features,
a staple in latent diffusion models, which is theoretically con-
ducive to learning enhanced features for promptable object

detection. However, this enhancement introduces consider-
able computational demands to the sizeable object detection
models. To manage this challenge efficiently, a token merging
mechanism is utilized. As shown in Figure 3(b), token merg-
ing blocks are adeptly integrated into the detection decoder.
This modification enables the resulting model to achieve gen-
eralized object detection in a more flexible setting. For the ex-
periment in Section 4.2 on applying MPTM to DiffusionDet,
we have used prompts such as“The scene of the [categories
in the ground truth]” and negative prompts like “The scene
of the [categories not in the ground truth].” to significantly
diversify the application scenarios of object detection.

4 Experiments
To reiterate, the primary focus of MTPM is on diffusion mod-
els, especially for tasks that require dense prediction, where
few token compression approaches, such as ToMeSD (Bolya
and Hoffman 2023), are applicable. Accordingly, our exper-
imental evaluations have primarily concentrated on these
tasks. Although this is outside our main research scope, we
have also included comparisons with existing approaches on
traditional discriminative models for tasks like image classi-
fication. These comparisons can be found in Appendix D.1.
Table 1 details the experimental setup used to evaluate to-
ken merging methods across various dense prediction tasks
involving different data modalities. These tasks include text-
to-image generation, prompt-based object detection, and mul-
timodal generation using multimodal prompts. The results
demonstrate that MTPM effectively prunes less informative
tokens while preserving critical ones, resulting in enhanced
overall performance. To ensure statistical robustness, all re-
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Dense Prediction Task Baseline Architecture Training Input Modalities → Output Modalities

Text-to-Image Generation Stable Diffusion v1.5 % Text → Image
Promptable Object Detection Diffusion Detector " Text → Box
Multimodal Generation Composable Diffusion % (Text, Video, Audio, Image) → (Text, Video, Audio, Image)

Table 1: Task settings. MPTM is a training-free add-on for most pretrained baseline models. However, for the object detection
task, both MPTM and ToMe need model retraining to work properly with DiffusionDet. In the other two tasks, τ is predefined.

Method r%
ImangNet-1k

CLIP-R (↑) FID (↓) s/image (↓) GB/image (↓)

Image Generative Architecture (Rombach et al. 2022)
SD v1.5 - 62.11 33.14 3.11 3.41

Token Merging for Stable Diffusion (Bolya and Hoffman 2023)
+ToMe 10 60.11±0.12 32.98±0.04 2.58 2.99

20 58.23±0.26 33.03±0.04 2.31 2.17
30 55.17±0.81 33.05±0.06 2.08 1.71
40 51.56±1.44 33.08±0.06 1.87 1.26
50 49.33±1.78 33.15±0.07 1.69 0.89
60 47.05±2.16 33.43±0.07 1.54 0.60

Promptable Token Merging for Stable Diffusion
+ MPTM 10 62.33±0.04 32.91±0.03 2.65 3.02

20 61.65±0.16 32.90±0.03 2.45 2.22
30 60.52±0.37 32.92±0.05 2.18 1.75
40 59.42±0.54 32.96±0.05 1.93 1.27
50 58.51±0.72 33.07±0.06 1.82 0.91
60 57.46±1.23 33.14±0.07 1.61 0.65

Table 2: Performance comparison of text-to-image genera-
tion on ImageNet-1k dataset. MPTM achieves better image
generation outcomes (FID, CLIP-R) with minor tradeoffs in
throughput (s/image) and memory (GB/image) compared to
ToMeSD. The blue highlights indicate that MPTM achieves
competitive quality and improved consistency with higher
throughput, utilizing a more challenging reduction ratio (60%,
MPTM compared to 50%, ToMe) than the existing approach.

sults are reported as the mean of three independent runs. Due
to space constraints, the detailed training methodology is
provided in Appendix B.1, and the explicit ablation studies
of the method’s components are presented in Appendix C.
Additionally, comprehensive information about the training
datasets is available in Appendix B.2, and the architecture
specifics of the multimodal diffusion models are elaborated
in Appendix B.4.

4.1 Text-to-Image Generation
We perform text-to-image generation on the ImageNet-1k
dataset as ToMeSD (Bolya and Hoffman 2023). The stable
diffusion version 1.5 (SD v1.5) (Rombach et al. 2022), in-
volving 50 diffusion steps via PLMS, is used to generate two
samples per category on ImageNet-1k, resulting in a total
of 2,000 images of resolution 512× 512. The classifier-free
guidance scale is set at 7.5, and the prompt we used for this
task is “The image of [category name].” The setting details
can be referred to in Appendix B.3.

MPTM (50%)

MPTM (60%)

ToMe (50%)

ToMe (60%)

Baseline (0%) ToMe (70%) MPTM (70%)

Figure 4: Visualization of text-to-image generation. Com-
pared to ToMe on the stable diffusion-based image genera-
tion, MPTM effectively preserves the image content fidelity
even at large merging ratios. The yellow and red boxes indi-
cate missing neck feathers, blurred tree leaves, and changed
head feathers, respectively.

Performance Comparison. Table 2 shows the quantitative
results obtained from comparing our MPTM to ToMe. The
results demonstrate that MPTM consistently achieves higher
image generation quality based on the FID score while also
maintaining better image-text alignment according to the
CLIP-R metric. Despite the improvements, there is only a mi-
nor decrease in throughput and an increase in memory usage.
Figure 4 visualizes the qualitative results, which indicate that
MPTM successfully preserves the image content fidelity as
the token merging ratio increases.

4.2 Promptable Object Detection
We employ the DiffusionDet (Chen et al. 2023b), a diffusion-
based object detection method, for promptable object de-
tection on the Large Vocabulary Instance Segmentation
(LVIS) (Gupta, Dollár, and Girshick 2019) and COCO (Lin
et al. 2014) datasets. The object detection is carried out using
ResNet-50, ResNet-101 (He et al. 2016), and Swin Trans-
former (Liu et al. 2021) as the backbones for encoding im-
ages. Additionally, a modified dynamic head is used as the
detection decoder detailed in Section 3.3. Furthermore, we
have leveraged the prompt encoder, which is a text encoder
from CLIP (Radford et al. 2021), to extract the latent prompt.
The prompt we used for this task is “The scene of the [cate-
gory name 1, ..., category name N].”, in which the categories
are derived from the ground truth. The data augmentation,
dataset contents and full comparison results of the LVIS and
COCO are available in Appendix B and D.3.
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Method AP (↑) AP50 (↑) AP75 (↑) APr (↑) APc (↑) APf (↑) FPS (↓)

Diffusion-based with ResNet50 (He et al. 2016)
DiffusionDet (Chen et al. 2023c) 29.4 40.4 31.0 22.7 27.2 34.7 19
DiffusionDet w/ ToMe (50%) 25.1 ± 0.3 35.9 ± 0.4 27.2 ± 0.3 18.3 ± 0.3 23.1 ± 0.3 30.5 ± 0.5 17
DiffusionDet w/ MPTM (50%) 29.5 ± 0.2 40.7 ± 0.3 31.2 ± 0.2 22.9 ± 0.2 27.3 ± 0.3 35.1 ± 0.4 17
DiffusionDet w/ MPTM (50%) + NP 30.3 ± 0.3 41.1 ± 0.4 32.1 ± 0.3 23.8 ± 0.4 28.3 ± 0.3 35.2 ± 0.4 17

Diffusion-based with Swin-B Transformer (Liu et al. 2021)
DiffusionDet (Chen et al. 2023c) 39.5 52.3 42.0 33.0 38.5 43.5 11
DiffusionDet w/ ToMe (50%) 34.2 ± 0.8 47.2 ± 0.9 37.1 ± 0.7 28.4 ± 0.7 33.4 ± 0.6 38.3 ± 0.7 9
DiffusionDet w/ MPTM (50%) 39.9 ± 0.6 52.5 ± 0.8 42.2 ± 0.5 34.3 ± 0.6 38.6 ± 0.7 43.9 ± 0.6 9
DiffusionDet w/ MPTM (50%) + NP 41.8 ± 0.7 55.6 ± 0.7 44.8 ± 0.6 36.6 ± 0.7 40.6 ± 0.7 47.2 ± 0.7 9

Table 3: Performance comparison of promptable object detection on LVIS V1.0 val dataset. All diffusion detectors in this
table employ one iteration step and are evaluated with 300 boxes.

Method AudioCaps

FIDt (↓) FIDa (↓) FIDt+a (↓) s/image (↓)

Image Generative Architecture (Tang et al. 2023b)
CoDi† 16.23 16.21 16.77 4.72

Token Merging for Stable Diffusion (Bolya and Hoffman 2023)
+ToMe(50%) 16.57±0.31 16.69±0.42 16.92±0.52 1.22

Promptable Token Merging for Stable Diffusion
+ MPTM (60%) 16.32±0.24 16.36±0.33 16.79±0.47 1.19

Table 4: Performance comparison of multi-modality image
generation on AudioCaps val dataset. The button markers
for FID indicate the input modality (i.e., t = text and a =
audio). † For calculating FID, this experiment was conducted
using a subset of the AudioCaps validation dataset.

Performance Comparison.
The results of using MPTM with a 50% token merging ra-

tio in DiffusionDet over three backbones, ResNet-50, ResNet-
101, and Swin Transformer, are summarized in Table 3 and
Appendix D.3. Two important findings emerged from the
analysis. First, plugging MPTM in DiffusionDet as “Diffu-
sionDet w/ MPTM”, without Negative Prompt (NP), consis-
tently resulted in higher AP scores compared to “Diffusion-
Det w/ ToMe” across all three backbones. The degradation
of “DiffusionDet w/ ToMe” can be mainly attributed to the
absence of semantic consideration in its merging process. In
contrast, “DiffusionDet w/ MPTM” successfully retains the
performance of DiffusionDet by incorporating semantic in-
formation via prompt information. Second, in comparison to
“DiffusionDet w/ MPTM”, the addition of negative prompts
in “DiffusionDet w/ MPTM + NP”, with the Swin Trans-
former backbone, led to notable performance gains of 1.9%
AP on LVIS. The results show the effectiveness of negative
prompts, a notable advantage of the MPTM framework.

4.3 Multimodal Generation
The CoDi model (Tang et al. 2023b) is capable of creating
content across different modalities, such as videos, images,
audio, and text. We integrate MPTMs within CoDi’s inlaid U-

Method AudioCaps

SIM-VA (↑) s/sample (↓)

Multimodal Generative Architecture (Tang et al. 2023b)
CoDi† 0.247 32.14

Token Merging for Stable Diffusion (Bolya and Hoffman 2023)
+ToMe(50%) 0.194±0.035 12.65

Promptable Token Merging for Stable Diffusion
+ MPTM (60%) 0.241±0.022 10.23

Table 5: Performance Comparison of Multi-inputs-
outputs ((Text + Image → Video + Audio) on AudioCaps
val dataset. SIM-VA denotes the cosine similarity between
generated embeddings of the modalities.

Nets, as described in Appendix B.4. Detailed settings can be
found in Appendix B.3. Table 4 demonstrates that MPTM not
only yields superior image quality but also achieves enhanced
throughput compared to ToMe, regardless of the originating
modality, be it text, audio, or a combination thereof. Ta-
ble 5 addresses scenarios involving multiple input and output
modalities. The findings corroborate MPTM’s consistent per-
formance, further improving throughput. These experiments
underscore the robustness and adaptability of our MPTM
in facilitating broad generative tasks, marking a significant
advancement in the realm of multimodal generation.

5 Conclusions
We have introduced Multimodal Promptable Token Merg-
ing (MPTM), an innovative approach to token reduction
that leverages prompt-induced semantic relationships dur-
ing the merging process to optimize both quality and ef-
ficiency. MPTM is designed for seamless integration into
diffusion models utilizing U-Nets, requiring no additional
training, which underscores its practicality. In addition to its
application in generative models, MPTM has demonstrated
significant potential in detection tasks, enhancing detector
flexibility through prompt-based input adaptation. The ver-
satility of MPTM extends to generative models handling
multi-modality inputs, highlighting its broad applicability.
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