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Abstract

Transformers have demonstrated remarkable success
across vision, language, and video. Yet, increasing task
complexity has led to larger models and more tokens, rais-
ing the quadratic cost of self-attention and the overhead
of GPU memory access. To reduce the computation cost
of self-attention, prior work has proposed token compres-
sion techniques that drop redundant or less informative to-
kens. Meanwhile, fused attention kernels such as FlashAt-
tention have been developed to alleviate memory over-
head by avoiding attention map construction and its as-
sociated I/O to HBM. This, however, makes it incompat-
ible with most training-free token compression methods,
which rely on attention maps to determine token impor-
tance. Here, we propose Representation Shift, a training-
free, model-agnostic metric that measures the degree of
change in each token’s representation. This seamlessly in-
tegrates token compression with FlashAttention, without at-
tention maps or retraining. Our method further general-
izes beyond Transformers to CNNs and state space models.
Extensive experiments show that Representation Shift en-
ables effective token compression compatible with FlashAt-
tention, yielding significant speedups of up to 5.5x and
4.4x in video-text retrieval and video QA, respectively.
Code is available at ht tps://github.com/mlviab/
Representation-Shift.

1. Introduction

Transformers, initially proposed for natural language pro-
cessing (NLP) [55], have become a prominent architec-
ture in the vision domain. Following the pioneering work
ViTs [19], numerous subsequent studies have extended
Transformers to various vision tasks, e.g., image classifica-
tion [15, 19, 37, 52, 53, 59], object detection [8, 23, 58, 63,
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Figure 1. Comparison of importance metrics for token pruning
(average over 7 video-text retrieval benchmarks in Table 2). Prun-
ing with a conventional attention-based score (Attn) yields poor
speed-accuracy trade-offs on UMT-L and is incompatible with
FlashAttention (FA). In contrast, our proposed representation shift
accelerates both vanilla UMT-L and UMT-L with FlashAttention,
achieving superior trade-offs compared to downscaling to UMT-B
and attention-based scores.

75, 78], segmentation [12, 49, 76], and video understand-
ing [26-28, 32,44, 51, 61, 62, 64]. While these works have
proven to be effective, the quadratic complexity of the self-
attention mechanism remains a critical bottleneck, limiting
the scalability of Transformer based architectures.

To address this problem, a wide range of approaches have
been proposed to accelerate Transformers across various
domains, such as vision and natural language processing
(NLP). Early works tackled the computational burden by
proposing sparse attention mechanisms [3, 25, 57, 66] and
architectural modifications [15, 37, 48, 54, 59, 73] to ap-
proximate self-attention, such as low-rank approximations
and sparse attention patterns. However, these methods of-
ten introduce structural deviations from the original Trans-
former architecture, making them incompatible with widely
adopted pretrained models. As a result, vanilla Transform-
ers [19] remain the dominant choice in practice, supported
by the widespread availability of pre-trained models across
a variety of domains. Here, one promising approach to
accelerate pre-trained vanilla Transformers is FlashAtten-
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tion [16], which optimizes GPU memory access of self-
attention while maintaining the original formulation. While
FlashAttention preliminarily focused on the long sequences
of LLLM, it also demonstrates substantial acceleration with
Vision Transformers as in recent works [1, 11, 42, 60, 64].
Another line of work in accelerating Vision Transformers is
token compression [4, 13, 24, 29, 33, 39, 41, 43, 46, 56, 69,
71], which reduces computational cost by pruning or merg-
ing tokens. Since determining which tokens to retain is cru-
cial, previous works incorporate token importance measure-
ment as a fundamental step. Some approaches [41, 46, 69]
introduce additional learnable networks to predict token
importance, and other works [13, 20, 29, 39, 56] employ
attention-based heuristics as a surrogate for token impor-
tance. Although these works have shown promising accel-
eration on Vision Transformers, methods that employ learn-
able networks necessitate extra training, making them in-
feasible in a training-free manner. Also, attention-based
scoring methods limit their use when the attention map is
unavailable (e.g., FlashAttention, CNN). While FlashAt-
tention alone provides substantial acceleration, achieving
a 1.5x speedup on DeiT-S and 2.7x speedup on UMT-B,
existing token pruning methods fail to further improve ef-
ficiency in a training-free setting due to their reliance on
learnable modules or attention maps.

To address this, we propose a token importance criterion
that is training-free and model-agnostic, based on repre-
sentation shift, which quantifies the change in token em-
beddings before and after the layer(Figure 2). This simple
but effective approach successfully captures the amount of
information amplified by any operation, e.g., FFN, Atten-
tion, and Convolutions. By leveraging representation shift
as an importance metric, our method effectively identifies
and removes redundant tokens. Since our method is not
dependent on attention mechanisms, it generalizes beyond
Transformers to architectures like CNNs [21, 38, 65] and
SSMs [30, 36, 77], while seamlessly integrating with fused
kernel operations such as FlashAttention for efficient in-
ference. Experimental results show that our method out-
performs existing attention-based token importance meth-
ods in both accuracy and efficiency on vanilla Transform-
ers. Specifically, we achieve impressive throughput im-
provements of about 5.5x speedup with UMT [32] on
multiple video-text retrieval benchmarks. Moreover, un-
like prior attention-dependent methods, our approach addi-
tionally generalizes to previously unsupported architectures
such as CNNs and state space models. In sum, our key con-
tributions are as follows:

* We propose a novel approach for estimating token im-
portance, called representation shift, which directly cap-
tures the amount of information amplified by each opera-
tion. This model-agnostic importance score can be com-
puted in a training-free manner with negligible overhead.
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Figure 2. Illustration of representation shift for token importance.
We compute the L2 distance between token representations before
and after the MLP layer to quantify how much each token is em-
phasized by the transformation.

* To the best of our knowledge, this is the first token reduc-
tion method applicable to both FlashAttention and CNNs.

* Through extensive experiments on video and image
understanding tasks, we demonstrate that combining
FlashAttention with our representation shift-based token
pruning yields notable inference speedups.

2. Related works

Efficient Vision Transformers. Built with ViTs [19], self-
attention [55] are introduced to handle various vision tasks.
Following works [35, 70], such as DeiT [52], further im-
prove data efficiency of Vision Transformers. However,
despite the competitive performance, the quadratic cost
of self-attention with respect to the number of tokens re-
mains the major bottleneck. To address this issue, earlier
works [14, 22, 25, 45, 57, 66] have tried to find an ef-
ficient approximation of self-attention. For instance, Re-
former [25] achieves the O(N log N) complexity with a
hashing function, and Linformer [57] approximates the self-
attention via a low-rank matrix, resulting in the linear cost
of O(N). Nystromformer [66] and performer [14] also
present the linear approximation of the self-attention. In
parallel, several works [3, 9, 48, 73] have focused on spar-
sifying the attention map to lessen complexity. Similarly,
recent vision transformers [15, 37, 54, 58, 59] reduce the
number of key and value tokens. PVT [58, 59] introduce
spatial-reduction attention that downsamples the key and
value tokens before attention, and Swin [37], Twins [15],
and MaxViT [54] also apply local attention to reduce the
reference tokens. Also, for the deployment in edge-devices,
a line of work [7, 20, 34, 40, 72] has been proposed. More
recently, with the aim to reduce the latency by memory-
bound operation, FlashAttention [16] conducts attention
calculation within fast SRAM minimizing the memory ac-
cess to slow HBM. In this work, we aim to further boost the
FlashAttention with token compression.

Token Compression. Since the cost heavily relies on the
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Table 1. Comparison of FlashAttention [16]
with standard self-attention. Throughputs are
measured with NVIDIA RTX A6000. Ima-
geNet [18] and MSRVTT [68] are used for im-
age and video understanding, respectively.

number of tokens, recent works [4, 13, 24, 33, 39, 41, 43,
46, 56, 69, 71] explicitly focus on compressing the token.
To preserve the core information of an image after com-
pressing tokens, they generally prune or merge unimportant
tokens. Importance estimation typically follows two ma-
jor approaches. First is the additional learnable network to
predict the importance. For instance, AdaViT [41] and Dy-
namicViT [46] introduce additional learnable decision net-
works to select the tokens to be compressed, and A-ViT [69]
also needs to train additional parameters for calculating the
importance of the tokens. Second one is to utilize interme-
diate attention scores as a surrogate function for measuring
the importance. Specifically, EViT [33] and BAT [39] ap-
proximate the importance of the tokens using the attention
score for the class tokens, which indicate the influence of
each token on the final prediction. Zero-TPrune [56] mea-
sures the informativeness of tokens via a ranking method
with attention maps inspired by Page Rank [5]. In the video
domain, vid-TLDR [13] captures the salient regions based
on the entropy of the attention scores. While the aforemen-
tioned works have proven to be effective in compressing
tokens with the affordable speed-accuracy trade-offs, they
require either additional training or attention maps. Note
that FlashAttention does not provide intermediate attention
scores to minimize memory access on HBM. As aresult, de-
spite the much faster speed of FlashAttention over standard
self-attention, it is not straightforward to apply previous to-
ken compression methods in a training-free manner.

3. Method

3.1. Preliminaries

In Vision Transformers [19, 52, 53], the input image is first

partitioned into a set of image patches x € RV*¢| called
tokens, where N = % X % is the number of tokens, H x W

is the resolution of the image, and P is the patch size. This
set of tokens is then processed via self-attention defined as:

.
SA(x) = Softmax (QK) V, (1)
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Figure 3. Comparison of representation shift and attention-based scores as importance
for token pruning. For DeiT [52] and UMT [32], 40 and 1100 tokens are pruned at each
layer. The red line indicates baseline performance without token compression.

where [Q, K, V] = xW, W € R¢*3C is a learnable pro-
jection matrix. This process incurs the quadratic cost of
O(N?2C + NC?). To mitigate this cost, recent works [13,
33, 41, 46, 69] explicitly prune less informative tokens, re-
sulting in a reduced token set X € RW=r%XC \where r is
the number of pruned tokens.

The importance of tokens, s € RZ, is typically estimated

-
using the attention map, A = Softmax (QL), which is

VC
the byproduct of self-attention. For example, the impor-

tance of the tokens can be defined as the attention scores
relative to the class token ggs € R €

T
s = Softmax (qciié ) , 2)

or as a summarized attentiveness across all query vectors:

N
s= DA 3)
where A; = Softmax (qi/Kg). While these attention-

based scores have proven effective as surrogate measures
for the informativeness of the tokens, they are not applica-
ble when the attention map is unavailable, as in the case of
FlashAttention [16]. In our preliminary experiments (Ta-
ble 1), FlashAttention also brings substantial speedup over
standard attention in Vision and Video Transformers, e.g.,
DeiT [52] and UMT [32]. Despite the promising results,
we cannot further boost it with previous attention-based to-
ken compressions. Here, we aim to develop a simple yet
effective model-agnostic method for quantifying token im-
portance in a training-free manner.

3.2. Representation shift for token importance

In our preliminary experiments, we observed that the rep-
resentation shifts of the tokens through a network layer re-
flect their contribution to the prediction of the model. Here,
we first define the representation shift, and then provide the
quantitative and qualitative results to validate it. Given in-
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Figure 4. Visualization of representation shift. Given the image
(left), we visualize (right) the representation shift (Ax) of each
token before and after the attention layer.

put tokens x € RE*C| the representation shift for impor-
tance score s is defined as

s = Ax = D(F(x),x), 4)

where F'(-) indicates the transformation of the layer (e.g.,
Attention and MLP) and D is the distance metric like L2
distance, i.e., D(F(x),x) = || F(x) — x||2. In other words,
the representation shift reflects the extent to which each to-
ken is emphasized by the function. F'.

Our central hypothesis is that critical tokens tend to have a
higher representation shift, as the network encourages them
to emphasize the core information or suppresses redundant
signals. Conversely, the tokens with minimal representation
shift are likely to be irrelevant to target tasks.

To validate this hypothesis, we conduct toy experi-
ments with DeiT-S [52] on image classification (Ima-
geNetlK [18]) and UMT-B [32] on video-text retrieval
(MSRVTT [68]), and summarize the results in Figure 3.
For comparison, we first evaluated token importance with
attention-based metrics and our representation shift, respec-
tively, and then dropped the tokens having the lowest k
scores at each layer ([0,2,4,6,8]). We use k = 40 for DeiT
and k£ = 1100 for UMT. For attention-based scoring, we
opt Equation (2) for DeiT used in [33, 39], and Equation (3)
for UMT since the class token is generally absent in video
transformers. Also, for representation shift, we compute the
L2 distance between the representation of the tokens before
and after the attention layer as Ax = ||[SA(LN(x)) —x||2 €
RE. As summarized in Figure 3, pruning based on repre-
sentation shift achieves competitive or better performance
compared to pruning with prevalent attention-based scores.
We demonstrate that the representation shift is a sufficient
approximation of the token importance as well as conven-
tional attention-based scores. Notably, our method intro-
duces no additional learnable parameters and remains ap-
plicable even when intermediate attention maps are inac-
cessible, as in the case of FlashAttention.

We also conduct qualitative analysis of the representation
shift (Figure 4) in the middle of DeiT. Interestingly, it cap-
tures the foreground object, which aligns with the concept
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Figure 5. Analysis on (a) operation choice and (b) distance met-
ric for representation shift. In our experiments, we evaluate the
impact of operation choice by pruning tokens based on the rep-
resentation shift computed using the L2 norm for each candidate
operation. Similarly, for the analysis of distance metric selection,
we prune tokens using each distance metric with the MLP layer.

of saliency detection. In other words, we can suppress the
noise from the tokens irrelevant to the main content by com-
pressing them based on the proposed scores. Based on
quantitative and qualitative analysis, we underscore the ef-
fectiveness of the representation shift for token importance.
In the following subsection, we will provide a thorough in-
vestigation of the representation shift.

3.3. Exploration on representation shift

Operation choice. Given x € RE*C the attention blocks
of Vision Transformers are typically computed as

x" = SA(LN(x)) + x, (5)
x = MLP(LN(x')) + x/, (6)

where LN is Layer Normalization. We investigate the im-
pact of the operation choice for representation shift, espe-
cially for three cases: representation shift through (i) at-
tention as Ax = D(SA(LN(x)),x), (ii)) MLP as Ax =
D(MLP(LN(x)),x’), and (iii) entire attention block in-
cluding Equations (5) and (6) as Ax = D(%,x). We con-
ducted ablation experiments to evaluate the efficacy of each
metric as alternatives for token importance. Under the same
settings of the previous section, we prune a fixed number of
tokens per layer based on the computed L2 distance scores
and evaluate the impact on overall model performance. Fig-
ure 5a reveals that token pruning guided by the represen-
tation shift through sole MLP generally outperforms other
metrics across the layer and models. Since the attention
layer inherently facilitates information exchange across to-
kens, its transformation may be more diffuse. In contrast,
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Metric UMT-B [32] UMT-L [32]

Dataset Base Attn Ours Base Attn Ours
Throughput 1 32 57 (x1.78) 175 (x5.47) 12 23 (x1.91) 66 (x5.50)

GFlops | 303.3 156.4 156.4 984.6 478.5 478.5

R@1 1t 50.0 47.6 48.0 58.7 50.2 56.5

MSRVTT [68] R@51 76.8 74.1 74.4 81.3 72.7 79.6

R@10 1 83.9 81.7 82.0 86.8 80.3 86.0

R@1 1 62.1 60.3 57.7 70.3 64.0 67.9

MSVD [10] R@5 1 89.3 83.7 80.5 89.3 84.4 87.5

R@10 1 93.2 89.0 86.4 93.2 89.7 92.2

R@1 1 57.2 54.2 50.3 65.6 53.2 62.9

ActivityNet [6] R@5 1 83.7 81.1 78.5 89.1 80.3 87.3

R@10 1 91.6 89.6 88.1 94.9 88.8 93.8

R@1 1 62.1 57.7 56.9 70.8 58.2 67.3

DiDeMo [2] R@51 86.8 82.7 83.3 90.6 83.8 89.1

R@10 1 92.1 88.6 89.2 94.5 89.9 93.1

R@1 1 32.7 29.0 30.0 42.2 34.4 39.8

LSMDC [47] R@5 1 54.1 50.1 51.1 64.9 56.6 62.9

R@10 1 63.3 59.2 59.7 72.3 64.1 70.0

R@1 1 64.0 58.0 59.1 72.4 60.6 69.3

SSV2-label [31] R@51 88.3 83.9 84.4 93.4 85.7 91.0

R@10 1 92.9 90.8 90.7 96.7 91.1 94.9

R@1 1 74.6 65.4 69.0 78.4 67.5 74.8

SSV2-Template [31] | R@5 1 93.9 91.3 92.4 95.9 91.9 95.0

R@10 1 96.8 95.0 95.3 97.8 94.9 97.5

Table 2. Video-text retrieval on MSRVTT [68], MSVD [10], ActivityNet [6], DiDeMo [2], LSMDC [47], SSV2-Label/Template [31].

the MLP operates on each token independently, leading to a
more discriminative representation shift that captures token-
specific contributions. Based on these findings, we adopt
the representation shift at MLP as our primary measure for
token importance.

Distance metrics. We further explore which distance met-
ric D is most appropriate for estimating the representation
shift. A straightforward approach is the (i) L2 norm as
D(x,y) = ||x — y||2, which computes the Euclidean dis-
tance between input and output representations, capturing
the absolute magnitude of the transformation. We also study
the efficacy of (i) L1 Norm as D(x,y) = ||x — y||1, which
is more robust to the outliers. Additionally, (iii) cosine dis-
tance (Cos), i.e., (D(x,y)): =1 — W, computes an-
gular difference between vectors, emphasizing directional
change rather than magnitude. For comparison of distance
metrics, we compute the representation shift before and af-
ter the MLP layer as D(MLP(LN(x’)),x’), and drop the
tokens. As shown in Figure 5b, the L2 distance consistently
produces more robust results as a token importance com-
pared to other distance metrics. Our analysis indicates that
cosine similarity is suboptimal for assessing token impor-
tance in the deeper layers of Transformers. Also, although
the L1 distance performs favorably at the first layer, it con-
sistently underperforms relative to the L2 distance in subse-
quent layers. Therefore, we will use L2 distance for repre-
sentation shift as the default distance metric.

4. Experiments

In this section, we will present the results of video under-
standing tasks in Section 4.1, image classification in Sec-
tion 4.2, and analysis of the proposed method in Section 4.3.

4.1. Video Understandings

Settings. To validate the efficacy of the representation
shift, we first conducted token pruning based on representa-
tion shift with several video tasks, where the large number
of tokens across frames imposes significant computational
costs. We use the UMT [32], a Video Transformer built with
vanilla attention, as our baseline for video-text retrieval [2,
6, 10, 31, 47, 68], and video question-answering [67]. For
comparison with attention-based scores, we also use the av-
eraged attention scores as in Equation (3), since the class
token is not available at Video Transformer. We progres-
sively reduce the number of tokens by 20% and 10% in each
of the first three layers of UMT for video-text retrieval and
video question-answering, respectively, by applying prun-
ing based on both metrics. FlashAttention is used in the
case of representation shift, as the attention-based score is
not compatible with it. All experiments are conducted in a
training-free manner.

Video-text retrieval. In video-text retrieval, the model
retrieves the most related text given a video (video-to-
text retrieval, V2T) or finds the most relevant video for
a text query (text-to-video retrieval, T2V). We report the
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Dataset Metric UMTB [32] UMTL [32]
Base vid-TLDR +Ours Base vid-TLDR +Ours
Throughput + | 32.0  43.6(x1.36) 1314 (x4.10) | 120  19.1(x1.59) 41.0 (x3.42)
MSRVTT [68] R@1 1 50.0 50.8 50.8 58.7 58.5 58.6
MSVD [10] Throughput + | 32.0  422(x1.32) 1311 (x4.10) | 120 19.9(x1.66) 40.0 (x3.33)
R@1 1 62.1 62.7 62.8 70.3 70.4 70.6
. Throughput | 32.0  34.2(x1.07) 1147 (x3.58) | 12.0 18.1(x1.51) 40.4 (x3.34)
ActivipNet [6] | p @1 ¢ 57.2 56.6 56.8 65.6 65.2 66.0
DibeMo [2] Throughput + | 32.0  33.9(x1.06) 129.3 (x4.05) | 12.0 18.3(x1.53) 515 (x4.29)
R@1 1 62.1 62.4 62.0 70.8 70.4 70.9
Throughput + | 32.0  36.5(x1.14) 1107 (x3.46) | 120 16.6(x1.38) 50.8 (x4.23)
LSMDC [47] R@1 1 327 324 324 422 419 419
N Throughput + | 32.0  34.1(x1.07) 1144 (x3.58) | 12.0 164 (x1.37) 39.9 (x3.33)
SSV2-dabel [311 | p @y 4 64.0 63.8 63.5 72.4 72.1 71.8
| Throughputt | 32.0  38.1(x1.19) 106.6 (x3.33) | 12.0 16.0(x1.33) 45.2(x3.77)
SSV2-Template 311 | g1 ¢ 74.6 74.0 73.9 78.4 78.1 78.5

Table 3. Extensibility of representation shift with other token compression, vid-TLDR [13]. +Ours indicates the results of vid-TLDR [13]
after replacing the importance metric with representation shift and adopting FlashAttention.

Method GFlops | Throughput | MSR-QA | MSVD-QA
UMT-B [32] | 303.3 32 44.9 48.1
UMT-B-Attn | 217.7 | 39(x1.22) 44.8 46.5
UMT-B-Ours | 217.7 | 128(x4.00) 44.6 47.0
UMT-L [32] | 984.6 12 49.5 55.2
UMT-L-Attn | 690.5 15(x1.25) 49.5 54.2
UMT-L-Ours | 690.5 | 46(x3.83) 49.0 54.9

Table 4. Video question-answering on MSRVTT-QA [67] &
MSVD-QA [67].

harmonic mean of results of V2T and T2V on seven
benchmarks: MSRVTT [68], MSVD [10], ActivityNet [6],
DiDeMo [2], LSMDC [47], SSV2-Label/Template [31].
For comparing the efficiency, we also measure and pro-
vide both FLOPs (G) and throughput (vid/s) using a sin-
gle NVIDIA RTX A6000 with a batch size of 20, given the
video consisting of 12 frames with 2242 resolutions. Given
the baseline model without token pruning (Base), we apply
token pruning with attention-based scores (Att) and repre-
sentation shift (Ours), respectively. The results are pre-
sented in Table 2. Since our representation shift enables
the token pruning to work with FlashAttention, it brings a
promising 5.47x and 5.5x speed-up in UMT-B and UMT-
L, respectively. Our approach nearly doubles the through-
put compared to token pruning methods based on traditional
attention scores with standard attention. Further, despite
the faster inference, our approach has shown competitive
or even better performance, achieving up to 9.7% R@1
gain, especially with UMT-L on ActivityNet compared to
attention-based pruning. On average, we observe a +7.2%
improvement in R@1 with UMT-L. It is worth noting that
applying token pruning with representation shift offers a

more favorable speed-accuracy trade-off than simply down-
scaling the model, as UMT-L with representation shift (66
vid/s) achieves approximately 2x higher throughput than
base UMT-B (32 vid/s), while consistently surpassing it.
We further explore the applicability of representation shift
with other token compression work by replacing the impor-
tance metric of vid-TLDR [13], a token merging method for
efficient video transformer. Following the original configu-
ration of vid-TLDR, including the reduction ratio and layer
choice, we report the results on video-text retrieval. In Ta-
ble 3, we demonstrate the solid advantage of representation
shift with other token compression. Originally, vid-TLDR
employed an attention-based metric to detect salient regions
of the image, which was thus incompatible with FlashAtten-
tion. However, by substituting the importance metric with
our representation shift, we can harness the efficiency of
FlashAttention along with vid-TLDR. Specifically, under
the same reduction ratio, our representation shift achieves
an average speed-up of 3.74x and 3.67x in UMT-B and
UMT-L with the minimal performance drop.

Video question-answering. We also demonstrate the
efficiency of the proposed approach in video question-
answering (video QA) tasks. In video QA, the model gener-
ates responses to questions related to a given video. To eval-
uate this, we assess each method on MSRVTT-QA, MSVD-
QA benchmarks [67], summarizing the results in Table 4.
Similar to video-text retrieval, we compare the three cases:
the baseline model without pruning (Base), the model with
attention-based token pruning (Att), and (Ours). Compared
to the Base model, we demonstrate a promising improve-
ment, achieving approximately 4x/3.83x higher through-
put in UMT-B/L. Further, despite being faster than conven-
tional attention-based pruning, our approach achieves com-
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Method Metric ‘ Base ‘ Attn Ours
Acc 72.1 65.5 68.3

Deit-T | Throughput | 6725 | 10949 13296
GFLOPs 1.3 0.8 0.8

Acc 79.8 72.1 71.8

Deit-S | Throughput | 3002 | 4844 5948
GFLOPs 4.6 3.0 3.0

Acc 81.8 76.9 79.6

Deit-B | Throughput | 1037 | 2065 2428
GFLOPs 17.6 11.5 11.5

Table 5. ImageNet1K [18] classification results with DeiT [52].

parable or even better performance. Notably, in the UMT-L,
we observe significant improvements of 0.5% and 0.7% on
MSRVTT and MSVD, respectively.

4.2. Image Classification

Vision Transformers. We experiment on image classifi-
cation with ImageNet1K [18]. For vision transformers, we
use DeiT [52] without additional training, and report the
top-1 accuracy and throughput with a batch size of 512.
For comparison, we use attention scores for class token
(Equation (2)) used in EViT [33], and BAT [39]. For the
representation shift, we use the same settings (L2, MLP)
as video understandings, along with FlashAttention. After
quantifying the importance of the tokens in the [1,4,7] lay-
ers of DeiT, we pruned the 20% tokens at each layer. As
shown in Table 5, although the same proportion of tokens is
pruned, our method consistently outperforms the attention-
based scores. Specifically, combined with FlashAttention,
the representation shift achieves 1.2x higher throughput
with the gain of +2.8%, +5.7%, and +2.7% accuracy gain
in DeiT-T/S/B compared to attention-based scoring. We be-
lieve that representation shift provides more robust impor-
tance scores than traditional attention scores, resulting in a
significant performance gap.

CNN and SSM. Since representation shift is a model-
agnostic approach to estimate the token importance, it natu-
rally extends to other architectures, which have been under-
explored in previous token compressions. For this, we first
conduct experiments with ResNet [21] on ImageNet1K. In
CNNs, we measure the representation shift before and af-
ter each stage, as ResNet does not contain MLPs. Since
the convolutional operation in ResNet only works with a
2D grid structure, token pruning in CNNs cannot be per-
formed in a straightforward manner. So, we consider two
variants of token pruning: i) removing the least important
tokens from each row and column (Token-wise, T-W), and
ii) averaging the representation shift across each row and
column and then pruning tokens line by line from those
rows and columns with the lowest average values (Line-
wise, L-W), akin to [50]. Specifically, by each approach,
we remove 8 columns and 8 rows after the first stage, and

Method Metric | Base | LW T-W
Acc 732 | 728 722
ResNet-34 | Throughput | 5811 | 7112 6867

GFLOPs 3.7 25 25

Acc 76.1 | 764 759
ResNet-50 | Throughput | 2927 | 3553 3489
GFLOPs 4.1 2.7 2.7

Table 6. ImageNet1K [18] classification results with ResNet [21].
L-W: Line-wise pruning, T-W: Token-wise pruning

Method |  Metric | Base | ToP-ViM [74]  Ours
Acc 76.1 75.1 75.5

VIM-T | Throughput | 1603 1758 1754
GFLOPs | 15 13 1.3

Table 7. ImageNet1K [18] classification results with ViM [77].

4 columns and 4 rows after the second stage. As the reso-
lutions are changed after token compression in CNNs, we
finetune the model for 100 epochs, including 10 cooldown
epochs to refine this change. Table 6 reveals that both prun-
ing approaches with representation shift bring substantial
throughput improvements in ResNet. We observe at least
18% speed up in both pruning approaches. Especially, line-
wise pruning shows very competitive performance with the
base ResNet without pruning, achieving the higher through-
put of 7112/3553 (img/s) compared to the original through-
put of 5811/2927 (img/s) in ResNet-34/50.

We also validate representation shift with State Space
Model (SSM) using Vision Mamba (ViM) [77] in Table 7.
Overall, we largely follow the settings of ToP-ViM [74],
which is designed for accelerating SSM by pruning tokens
based on the activated values. We observe the improve-
ments of +0.4% on ViM-T under a similar throughput of
Top-ViM. These results suggest that representation shift is
a generalizable approach for various architectures.

4.3. Analyses

Qualitative Results. For a deeper understanding of the
behavior of representation shift, we provide a qualitative
analysis with a visualization. In Figure 6, given the image
sample (left), we qualitatively compare the attention-based
scores of Equation (2) used in [33, 39], and our proposed
representation shift using the DeiT-B [52] consisting of 12
attention layers. To investigate the behavior of each method
across early, middle, and deeper layers, we evaluate them
at the 1st, Sth, and 9th layers of the model. First, in the
early stage (L=1), the attention map generally shows low
reliability as discussed in prior works [13, 33], which is
not a desirable option for token importance. On the other
hand, our representation shift successfully detects the fore-
ground object even in the first layer. In the middle layer
(L=5), representation shift still captures the main content
better than attention scores. Lastly, in Vision Transformers,
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Figure 7. Visualization of representation shift in ResNet-50 [21].

it is well-known that global information is gathered in a few
specific tokens as the layer passes [17], having higher atten-
tion scores. In this respect, it would be better to mimic the
attention map in the latter layer (L=9) to avoid information
loss for retaining the informative tokens. To summarize, the
representation shift mitigates the low reliance of attention
scores in the early layer and finds the salient region till the
middle layer, helping the model to capture fine-grained pat-
terns. Further, it enables capturing the token having high-
level semantics in the latter layer.

Additionally, we visualize the representation shift through
each stage of ResNet-50 [21] in Figure 7. The results re-
veal that the embedding of the foreground tokens tends to
have a more drastic shift than background tokens in every
stage. In other words, the network updates the foreground
tokens more aggressively, while background tokens, being
less critical, undergo only subtle updates. Consequently, the
representation shift inherently serves as informativeness of
the token to the task, allowing for token pruning without
compromising overall performance as shown in Table 6.
Reliability analysis. To assess the reliability of represen-
tation shift as an importance metric, we conduct an ex-
treme pruning experiment using DeiT-S [52] on ImageNet-
1K [18], where we retain either the top or the bottom 50% of
tokens ranked by their representation shift scores. As shown
in Table 8, across all transformer layers (L1-L11), retain-
ing the top 50% consistently yields significantly higher ac-
curacy than keeping the bottom 50%, demonstrating the

Image

L=1 L=5 L=9

..
i N

(a)Attn
Figure 6. Qualitative comparison between attention scores (Attn) and representation shift (Ours). Given each sample, we visualize (a) the
attention scores with respect to the class token and (b) representation shift in the [1,5,9] layers of the DeiT-B [52].

(b)Ours

Token Selection| L1 L3 L5 L7 L9 L1l Avg
Top 50% }76.3 76.1 785 79.4 785 789 78.0

Bottom 50% 51.4 519 47.0 49.6 56.1 54.1 51.7

Table 8. Accuracy when retaining top/bottom-50% tokens

robustness of the importance signal. On average, the top
50% selection achieves 78.0% accuracy, whereas the bot-
tom 50% only reaches 51.7%, resulting in a substantial per-
formance gap of 26.3%. This consistent gap across layers
validates that representation shift effectively identifies in-
formative tokens, supporting its reliability.

5. Conclusion

In this paper, we propose a novel training-free, model-
agnostic token importance criterion based on representa-
tion shift, which effectively quantifies the information con-
tribution of each operation. Unlike conventional meth-
ods, our approach operates independently of attention maps,
allowing seamless integration with FlashAttention while
achieving competitive accuracy and substantial inference
speed improvements. Moreover, its applicability extends
beyond Transformers to CNNs, making it a versatile ap-
proach for enhancing the efficiency of various vision mod-
els while preserving performance. Additionally, we quali-
tatively demonstrate that our approach successfully detects
foreground objects in early and middle layers more effec-
tively than existing methods and informative tokens in lat-
ter layers, highlighting its potential as an improved token
importance criterion for efficient token compression.
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