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Abstract

The adoption of Vision Transformers (ViTs) in resource-
constrained applications necessitates improvements in in-
ference throughput. To this end several token pruning and
merging approaches have been proposed that improve effi-
ciency by successively reducing the number of tokens. How-
ever, it remains an open problem to design a token reduction
method that is fast, maintains high performance, and is ap-
plicable to various vision tasks. In this work, we present a
token pruner that uses auxiliary prediction heads that learn
to select tokens end-to-end based on task relevance. These
auxiliary heads can be removed after training, leading to
throughput close to that of a random pruner. We evalu-
ate our method on image classification, semantic segmenta-
tion, object detection, and instance segmentation, and show
speedups of 1.5 — 4x with small drops in performance. As
a best case, on the ADE20k semantic segmentation bench-
mark, we observe a 2x speedup relative to the no-pruning
baseline, with a negligible performance penalty of 0.1 me-
dian mloU across 5 seeds.

1. Introduction

The Vision Transformer [11] is a widely used architec-
ture for computer vision tasks such as image classification,
segmentation, and object detection [20]. ViTs represent
images as a sequence of per-patch tokens, that they pro-
cess using multi-head self-attention (MHSA) transformer
blocks. The self-attention mechanism computes a pairwise
dot product between all tokens, which results in a quadratic
time and space complexity with respect to sequence length,
@) (n2) [48]. For real-world applications that require low la-
tency or a small compute budget, sequence length thus be-
comes a burden, especially in the light of increasing model
sizes [8], image resolutions [2], and finer tokenization [3].
Images, such as the example used in Fig. 1, are spatially
redundant containing non-salient background and repetitive
patterns. This suggests that several patches could be pro-
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Figure 1. Cross-attention pruning (Cropr) modules successively
prune less relevant tokens, retaining only the most discriminative
ones for deeper layers. Our method accelerates ViTs while main-
taining high performance and is applicable to many vision tasks,
from classification to segmentation and detection. The example
castle images illustrate the pruning process. The heatmap visual-
izes which tokens were pruned at each block 1 to L in the network.

cessed using fewer transformer blocks, providing an op-
portunity to prune uninformative tokens, reduce sequence
length in higher layers, and thus improve computational ef-
ficiency. However, this raises a central question: How can
we accurately and efficiently assess the importance of indi-
vidual tokens for a given task?

Recent token pruning methods rely on heuristics, such as
self-attention scores, to identify informative tokens [14, 27].
Alternative approaches reduce token count by merging sim-
ilar tokens [4, 12, 32]. However, these methods do not ex-
plicitly model the importance of a token for a given task,
which can lead to a significant drop in task performance. In



contrast, attribution methods such as Saliency [42], Occlu-
sion [58] and Attention Rollout [1] estimate input contribu-
tions to a prediction, but require a full forward pass, which
is not a viable option due to the associated overhead.

The question of estimating task relevance is further com-
plicated by the diversity of task types in computer vision.
Image classification, the simplest of vision tasks, has been
the focus of many prior works, [14, 24, 27, 31, 34, 38, 55,
56] to name a few. Dense tasks such as semantic segmen-
tation, however, present a new challenge for token pruning
since they require predictions at the pixel level, which is
inherently in conflict with the idea of pruning tokens.

We address these concerns with Cross-attention pruning
(Cropr), a simple token pruning method for ViTs that effi-
ciently estimates per-token task relevance, while being ap-
plicable to various vision tasks. Cropr modules are ap-
plied at intermediate layers for token pruning, see Fig. I.
Each module consists of a cross-attention based aggregation
mechanism coupled with an auxiliary prediction head. The
latter learns to solve the task while the former ranks tokens
by task relevance, forwarding only the most relevant tokens
to deeper layers. The auxiliary heads can be discarded af-
ter training, which minimizes overhead and renders token
pruning efficient. Lastly, pruned tokens are reintroduced
later in the network, in a trick called Last Layer Fusion, to
enable dense tasks. We detail our method in Sec. 3.

We evaluate our method on image classification, seman-
tic segmentation, object detection, and instance segmenta-
tion in Sec. 4. We demonstrate strong performance even un-
der aggressive pruning schedules. For example, when fine-
tuning an EVA-02 [13] backbone, we are able to maintain
89.7% top-1-accuracy on ImageNet-1k, a drop of only 0.2
percentage points compared to the unpruned model, while
achieving a 2.1 x speedup. We also evaluate the effect of to-
ken pruning on different encoder capacities and image reso-
lutions, showing that our method performs particularly well
at scale. An ablation study offers empirical support for our
design choices and qualitative evaluations provide insights
into the pruning process. We conclude in Sec. 5 with a sum-
mary of our findings and future work.

2. Related Work

Several methods have been proposed to reduce sequence
length in vision transformers by pruning / merging tokens.

Token pruning for classification. A common strategy is
to leverage attention scores from the class token (CLS) into
image tokens as a bottom-up cue for pruning [14, 27, 31,
55]. Tokens with lower attention scores are regarded as less
important and pruned out. Notably, Haurum et al. [16] show
that a simple Top-K selector is a strong baseline. However,
modern fused kernel implementations [7, 36] often restrict
direct access to attention matrices, thus requiring alternative
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strategies. We instead take a top-down approach, leveraging
signals from auxiliary heads to retain task-relevant tokens.

Other approaches use parametrized modules to predict
which tokens to keep [24, 38], but introduce additional lay-
ers and losses that may interfere with the primary task.
Cropr modules apply a stop-gradient to avoid gradient inter-
ference and limit additional parameters to a single query to-
ken at inference time. Another common design choice is to
make token pruning adaptive, pruning more tokens for sim-
pler inputs [10, 14, 23, 26, 34, 45, 56]. In contrast, we use a
throughput-optimized static approach that prunes a constant
number of tokens to enable batching across inputs.

Token pruning beyond classification. Very few works
apply token pruning beyond classification: Liu et al. [30],
Tang et al. [44] extend it to semantic segmentation by
adding auxiliary heads to prune tokens based on confidence.
We compare against Tang et al. [44] in our experiments. Liu
et al. [29] use 2-layer MLPs for token pruning in object
detection and instance segmentation, achieving moderate
speedups of up to 34% in small networks. Instead, we omit
extra layers at inference time and apply Cropr to a larger
ViT, achieving a 1.9x speedup and 63.0 AP**. We believe
that Cropr significantly advances the state of the art in to-
ken pruning by being fast, maintaining high performance,
and being applicable to various vision tasks.

Token merging. The assumption behind token merging
is that similar token representations contribute redundantly
and can thus be combined. Hard merging methods combine
similar tokens into non-overlapping groups, e.g. through
clustering [12, 32, 59] or bipartite matching [4]. In contrast,
soft merging methods create summary tokens by learning
convex combinations of spatial tokens [15, 19, 39, 62]. For
instance, Renggli et al. [39] and Jaegle et al. [19] employ
cross-attention with learnable queries for this purpose. We
also use cross-attention with learnable queries, but for to-
ken selection as opposed to merging, where attention scores
reflect task relevance and aggregated tokens are used only
in the auxiliary heads.

Pruning and merging. Recently, pruning and merging
concepts have also been applied jointly [5, 21, 52]. Many
pruning methods additionally aggregate pruned tokens into
one or a few new tokens [24, 27, 31, 50, 55]. Cropr sim-
ilarly reactivates pruned tokens but by simply concatenat-
ing them with retained tokens before the final transformer
block, without resorting to any token summarization.

3. Methods

Given a sequence of per-patch tokens, our goal is to increase
the inference efficiency of ViTs by successively reducing
the number of tokens as they propagate through the net-
work. To this end, we add Cropr modules on top of ViT
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Figure 2. Cropr module during training. The router scores and sep-
arates salient keep tokens from uninformative tokens to be pruned.
The scorer’s attention matrix, A, is reused in the aggregator whose
output is used to make intermediate predictions. Gradient flow in-
dicated as a dotted red line feeds back into the scorer and queries.

blocks, each of which selects the most discriminative to-
kens while pruning the least informative ones. In this way,
computation in subsequent layers is reduced while relevant
information is preserved, minimizing the impact of prun-
ing on task performance. To select the most discrimina-
tive tokens, Cropr modules use a cross-attention based rout-
ing and aggregation mechanism that receives task-specific
training signals from an auxiliary head (Sec. 3.1). By
slightly customizing these components, our method can be
applied to various vision tasks, such as image classification,
segmentation, and object detection (Sec. 3.2). In particu-
lar, models for dense tasks such as semantic segmentation
make pixel-wise predictions and thus require information
from all tokens. We propose Last Layer Fusion (LLF) as a
simple but effective approach to recover information from
pruned tokens (Sec. 3.3). During inference, it is possible
to introduce further optimizations to slim down our mod-
ule and improve throughput (Sec. 3.4). We end this section
with a realistic example that illustrates our pruning sched-
ule (Sec. 3.5). An implementation of Cropr is provided at:
https://github.com/benbergner/cropr.

3.1. Module description

The Cropr module is illustrated in Fig. 2. Each module
takes tokens X € RM*P ag input and outputs disjoint
sets of “keep” and “pruned” tokens, X* € RX*P and
XP ¢ REXP respectively, where K = M — R and R is
the pruning rate. Each module consists of four components:
a scorer and a selector, which together form the router, as
well as an aggregator and a task head.

The scorer assigns scores a € RM to the set of tokens.
These scores are then passed to the selector, which retains
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the K highest scoring tokens and prunes the remaining R
tokens:

X" = Top-K (X | a), (1)

XP =X\ X" 2)

where \ is set subtraction. The scorer itself is modeled af-
ter a cross-attention module, with learnable queries Q €
RY*P and a key matrix K € RM* P which is conditioned
on the input tokens X:

A=QxKX)". 3)

Cross-attn modules typically use linear query, key and
value projections, multiple attention heads and a Layer-
Norm (LN) [11, 48]. We found that neither of these com-
ponents is necessary for achieving high task performance in
our setting. This allows us to streamline our module while
increasing throughput (Tab. 4a). We map A to a by sum-
ming the attention matrix over the query axis. For N > 1,
N
a=>Y A, A, € RM, 4)
n=1

This concludes the router design.

To learn scores that reflect a token’s contribution to a
prediction, the aggregator uses the attention matrix A to
compute weighted averages of the input tokens, which are
then passed to an auxiliary head. Thus, over the course
of training, the scorer will assign more weight to tokens
that are discriminative, and these tokens will then be re-
tained for processing by the following transformer blocks.
We found it beneficial to increase capacity in the aggrega-
tor by incorporating the transformer block’s feed-forward
module, adding a LN and an MLP with a residual connec-

tion (Tab. 4¢). Thus, for X’ = softmax ( A ) X,

A
aggregator (X|A) = MLP(LN(X")) + X'.

®)

Aggregated outputs are processed by task-specific heads to
make intermediate predictions, which in turn provide gradi-
ents for training the aggregator, scorer, and queries.

Finally, note that a stop-gradient is applied before the
scoring and aggregation blocks. Conceptually, this has the
advantage of isolating the auxiliary heads from the back-
bone. Thus, the encoder is not affected by conflicting gra-
dients from auxiliary losses. This is also computationally
efficient during training, since gradients from Cropr com-
ponents do not backprop through the encoder.

3.2. Task-specific designs

Our scorer and aggregator employ a flexible query mecha-
nism, similar to that of Perceiver IO [19], enabling arbitrary
output shapes and easy adaptation to various tasks. In this
section, by adjusting the number of learnable queries, de-
signing auxiliary heads and loss functions, we instantiate
Cropr for each vision task, as follows.



Image classification. The scorer uses a single learnable
query, N = 1. The aggregator then outputs a single token,
which is processed using a LN and linear projection exactly
as in the final classification head. The latter outputs logits
for all classes. A softmax cross-entropy loss is used.

Semantic segmentation. Both main and auxiliary heads
adopt the linear head of Segmenter [43]. The scorer uses
one learnable query per patch token, N = h X w, to ob-
tain grid-structured representations from X. The aggrega-
tor output is processed using a LN and linear projection,
like in image classification, but independently per-patch lo-
cation, followed by a per-patch softmax cross-entropy loss.
To reduce computational complexity in the auxiliary heads,
instead of upsampling the logits to the input resolution as
in Segmenter, the labels are downsampled to the feature
map resolution. The downsampled labels can then be reused
across Cropr modules.

Joint detection and instance segmentation. We apply
Cropr to Cascade Mask R-CNN [6, 17] for this task. But
because this multi-stage detector is computationally expen-
sive, it is less practical for use in auxiliary heads. We pro-
pose a proxy auxiliary head and loss that provides a strong
signal for both tasks: multi-label classification. The intu-
ition here is that object detection and instance segmenta-
tion both require identifying all object categories present in
an image. In more detail, ground-truth labels are encoded
as binary vectors, where each dimension corresponds to a
class’s presence. The scorer then uses a single learnable
query like in image classification, N = 1. A LN and lin-
ear projection then map the aggregated token into as many
logits as there are classes in the dataset. A sigmoid activa-
tion function and a binary cross-entropy loss are used in this
multi-label setting.

3.3. Last Layer Fusion (LLF)

In dense tasks, such as semantic segmentation, predictions
are made at the pixel level. However, this is hard when
a significant portion of the input is dropped. In addition,
many task heads require a spatial feature map for upsam-
pling, which is not maintained during pruning.

We address these challenges with LLF, an efficient and
effective approach that reactivates pruned tokens and pre-
serves information from all image patches. Specifically,
pruned tokens from all Cropr modules are inserted along-
side retained tokens output by the penultimate ViT block
(Fig. 1) at their respective spatial locations. In other words
the pruned tokens are skipped to the final ViT block and
not entirely discarded. The final ViT block processes this
combined sequence, allowing previously pruned tokens to
attend to deep features of retained tokens. We present t-
SNE [47] plots to visualize its effect in App. F. We disable
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Figure 3. Cropr module during inference. (a) The aggregation
function and the auxiliary head are removed. All queries are ag-
gregated into a single query. (b) These optimizations speed up
Cropr, with throughput comparable to that of a random selector.
Results are shown for semantic segmentation.

DropPath [25] in the final ViT block to ensure token fusion.

LLF introduces no additional parameters while outper-
forming other fusion methods (Tab. 5). Note that LLF is not
specific to Cropr; in fact, we equip several baselines with it
in our experiments.

3.4. Efficient inference

The Cropr cross-attention transformer blocks and auxil-
iary heads constitute a significant computational overhead.
Note, however, that these components shown in yellow
in Fig. 2 are only required to train the scorer. At inference
time, they can be safely discarded leaving just the router for
token selection as illustrated in Fig. 3a.

The scorer still scales as O (N x M), which is costly
when the number of queries [V is large, as is the case in se-
mantic segmentation where N scales with image resolution.
But since the aggregator has now been discarded, the cross-
attention matrix need not be materialized. Only the summed
up scores, a, are needed. Applying the distributive property
of matrix multiplication, it is then easy to show that Eq. (4)
can be reduced to a vector-matrix multiplication, O (M):

a=3y (QK'),

1

N
> QK" ©6)
n=1

N
(Z Q.
n=1

where q € R is an aggregated query that can be precom-
puted. Each Cropr module can thus be simplified to a router
consisting of an efficient scoring function and a Top-K se-
lector. With these improvements, the throughput of Cropr is
comparable to that of a random selector (Fig. 3b).

n=

) K'=gK', (1



3.5. Pruning schedule

We explain the pruning schedule using a working example.
Consider a ViT-L with 24 blocks, a 224 x 224 input image,
and a patch size of 16, resulting in 196 patch tokens. Unless
stated otherwise, we insert Cropr modules after every block,
a per-block schedule that prunes R tokens at a time. We aim
to have most tokens removed by the end of the network.

Without LLF, pruning is applied after every block except
the last. In our example, setting ® = 8, we prune 23 x 8
tokens, leaving 12 tokens, for a total pruning ratio (TPR)
of 94%. With LLF, pruning is performed after every block
except the last two, resulting in 20 output tokens and a TPR
of 90%. In this case, pruning is not performed after the
penultimate block because the pruned tokens would be im-
mediately reinserted.

We observed that for high-resolution images, maintain-
ing the number of keep tokens as a multiple of 8 improves
throughput (App. E). Since patch sequence lengths are com-
monly divisible by 8, we set R as a multiple of 8 when-
ever possible. Additionally, because ViTs typically employ
a classification (CLS) token, we increase R by 1 in the first
module. Following common practice [4, 14, 27], the CLS
token is never pruned.

4. Experiments

We evaluate Cropr on four vision tasks across different ViT
architectures, network capacities, and image resolutions. To
show that Cropr selects task-relevant tokens, we compare
it to challenging baselines: (1) no pruning (upper bound
baseline), (2) random pruning, (3) variance pruning [33],
ranking tokens based on per-patch pixel variance averaged
over RGB channels, and (4) Attn Top-K, which selects to-
kens based on self-attention scores and has been shown to
be among the best performing methods [16]. For a fair com-
parison, we use LLF with (2), (3), and (4). In addition to
task-specific metrics, we report FLOPs / throughput (opti-
mal across batch sizes) for a single forward pass at infer-
ence time, using automatic mixed precision (AMP) and an
NVIDIA A100 GPU. Hyperparameters are listed in App. C.

4.1. Image classification

Comparison to baselines & prior art. We fine-tune ViT-
L on ImageNet-1k [40] using a pretrained masked autoen-
coder (MAE) following the setup of He et al. [18], and apply
the pruning schedule from our working example (Sec. 3.5).
Table | shows a comprehensive evaluation of our method
in three different scenarios. First, we compare our method
against the baselines (2) - (4). Cropr outperforms all prun-
ing baselines with comparable throughput. We also include
results for a non-salient selector, which inverts Cropr by
pruning the most relevant tokens. As expected, this ap-
proach performs worse than random pruning.
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Method Sch. LLF Pool Acc. 1000 im/s
Non-salient N\ v avg 76.4  1.481.7x
Random N\ v avg  83.8 1.501.7x
Variance [33] ¢ v avg 84.3 1.50 1.7x
Attn Top-K N\ v cls 84.7  1.451.7x
Cropr N v avg 85.3 1.481.7x
K-Medoids [32] N avg 84.5 0.31 0.4x
ATS [14] e cls 83.9 0.490.6x
DPC-KNN [12] e avg  79.2 1.001.2x
EViT [27] e cls 84.5  1.571.8x
ToMe, from [4] e cls 85.1 1.551.8x%
ToMe [4] AV avg 85.0 1.55 1.8x
Cropr N avg 85.1 1.611.9x
DynamicViT [38] ¥ avg 644 1.3215x
SiT [62] g avg 83.0 1.411.6x
Sinkhorn [15] — avg 56.5 1.40 1.6x
PatchMerger [39] ¥ avg 824 1.401.6x
Cropr R avg 854 143 1.7x
Cropr - v avg 85.5 1.351.6x

Table 1. ImageNet-1k results. Following He et al. [ 18], we use av-
erage pooling, only reverting to CLS pooling if a method requires
the CLS token. Cropr is competitive or outperforms other pruning
and merging methods while being runtime-efficient. \,: R = 8.
—: R = 50, prune after {6, 12, 18}-th block.

Next, in the middle of Tab. 1, Cropr w/o LLF is com-
pared to prior works. Our method is competitive in perfor-
mance and throughput. The latter especially varies signifi-
cantly across methods, with K-Medoids [32] and ATS [14]
being slower than the unpruned baseline.

Lastly, we observe that some methods do not converge
with our block-wise pruning schedule. Hence, at the bottom
of Tab. 1, we present results for a lighter 3-stage schedule,
where R = 50 tokens are pruned after blocks 6, 12, and 18,
resulting in 46 final tokens (TPR of 77%). In this scenario,
Cropr performs best and shows competitive throughput.

Compared to the unpruned baseline, Cropr exhibits a
minor performance drop of 0.3-0.7 accuracy points, while
achieving a 1.6-1.9x speedup. In App. E, we show that
using a lighter schedule does not affect performance at all.

Cropr at scale. What effect does network capacity have
on performance and throughput in Cropr models compared
to the unpruned baseline? This question is especially rel-
evant given the trend toward larger models [8]. To study
this we apply Cropr with LLF to ViT-B/16, L/16, and H/14,
consisting of 12, 24, and 32 blocks, and set R for these
model sizes to 16, 8, and 8 tokens per block, resulting in
TPRs of 82, 90, and 94%, respectively. Figure 4 shows that
the relative performance penalty of Cropr decreases as the
model size increases, going from —0.9 in ViT-B to —0.4 in
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model sizes on ImageNet-1k. Token pruning in larger models pro-
vides more speedup and less performance drop.

ViT-H, despite higher TPRs. This observation is likely due
to the fact that in deeper models, pruning is distributed over
more layers resulting in fewer tokens being dropped early
on. Furthermore, Cropr’s speedup improves at scale since
more layers benefit from reduced token counts, going from
1.5 in ViT-B to 1.9x in ViT-H. We observe similar effects
when scaling image resolution (App. D).

Application to a SOTA model. We experiment with the
EVA-02-L, a state-of-the-art open-source ViT [13]. We start
training from an IN-21K fine-tuned checkpoint, resizing im-
ages to 448 x 448 and setting the patch size to 14. Table 2
presents the results. We first train EVA-02 without prun-
ing, resulting in an accuracy of 89.9%, which is compara-
ble to the 90.0% reported in Fang et al. [13]. We then train
a Cropr pruned version where we set & = 40 and enable
LLF, resulting in a TPR of 86%. We observe an accuracy
of 89.7%, a drop of only 0.2 percentage points, while being
2.1x faster with ~ 41% fewer FLOPs.

In addition, we report results for a more aggressive prun-
ing schedule without LLF (marked |), where a single Cropr
module, applied after the 3rd block, prunes 825 tokens
(80% of the total). Compared to the unpruned baseline, this
results in a moderate drop of 1.1 percentage points, but pro-
vides a FLOP reduction of ~ 76% and a speedup of 4.1 x.

The rest of Tab. 2 lists results for a selection of other
state-of-the-art models. After pruning, EVA-02 remains in
3rd place for accuracy, while being twice as fast. With the
more aggressive schedule, our model is the fastest by a large
margin, while still outperforming some of the other models.

4.2. Semantic segmentation

We experiment on the ADE20k dataset [61] and fine-tune
Segmenter [43] with a linear decoding head (see Sec. 3.2).
The encoder is replaced with EVA-02-L, following the set-
tings of Fang et al. [13]. Images are processed at a resolu-
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Method Res #Par FLOPs Acc. im/s
EVA-02 + Cropr 448 0.3B  0.18B 89.7 132
EVA-02 + Cropr | 448 0.3B  0.07TB 88.8 259
CAFormer-B36 [57] 384 0.1B 0.07B 88.1 187
RegNetY 128GF [37] 384 0.6B 0.38B 88.2 148
EfficientNet-1.2 [53] 800 0.5B 0.48B 88.4 33
ConvNeXt V2-H[51] 512 0.7B  0.60B 88.9 60
BEiT v2 ViT-L [35] 384 0.3B 0.18B  89.0 193
MaxViT-XL [46] 512 0.5B 0.54B 89.5 44
ViT-L, distilled [8] 384 03B 0.18B 89.6 193
BEIiT-3 ViT-g/14 [49] 336 1.0B 0.58B 89.6 85
DaViT-Giant [9] 512 14B 1.04B 904 52
ViT-G/14 [60] 518 1.8B 2.52B 90.5 20

Table 2. Comparison of ImageNet-1k classification models. Our
EVA-02 + Cropr variants remain competitive with SOTA models
and achieve speedups of 2 — 4x with small performance drops
compared to the upper-bound baseline, EVA-02. | : prune 80% of
all tokens after the 3rd block, w/o LLE.

tion of 512 x 512 with a patch size of 16, resulting in 1024
patches. Models are trained for 64 epochs. For evaluation,
we resize the max edge to 512 px and pad the smaller edge
while maintaining the aspect ratio. This 1-shot evaluation
approach is optimized for throughout and is more challeng-
ing than the common single-scale evaluation setting, which
averages predictions from a sliding window.

In this setting the unpruned model achieves 56.7% me-
dian mloU across 5 seeds, outperforming Seg-L-Mask/16
(51.8% mloU [43]), despite Seg-L-Mask/16 operating at a
higher resolution of 640 x 640, using a more complex mask
transformer decoder, and employing the simpler single-
scale evaluation setting. We attribute this to our use of the
EVA-02 pretrained backbone.

When applying Cropr, we activate LLF and prune R =
40 tokens after each of the first 22 blocks, resulting in a TPR
of 86%. To facilitate learning, a curriculum over R is used
for the first 32 epochs, increasing R linearly from 1 to 40.

Comparison to baselines. We compare Cropr to base-
lines, (1)—(4). The pruning baselines use LLF to be ap-
plicable in a segmentation setting. Further, Attn Top-K now
uses the averaged self-attention matrix to score patches, as
the CLS token is not used in the head. Each model is run five
times with different random seeds, and the results are sum-
marized in Fig. 5. Cropr scores a median mIoU of 56.6%,
which is only 0.1% points worse than the no-pruning base-
line, while being 2.0x faster. Furthermore, our model ex-
hibits a higher median performance compared to all pruning
baselines at a similar throughput. Interestingly, we found
that all baselines, even a random pruner, achieve decent per-
formance by leveraging LLF.



57.51 2X
throughput
57.0r .
-
56.5F Method 3 z
5 56.0F No pruning °
< 4+ Random o
€ 55.5}
¢ Variance =
55.0r e
Attn Top-K -
L &
54.5 m Cropr ¥
54050 80 100 120

Throughput (im/s)

Figure 5. Semantic segmentation results on ADE20k. Cropr per-
forms comparable to a no-pruning baseline, while achieving a 2 x
speedup, marked using the dashed vertical line. 5 seeds / method.

Comparison to prior works. We reimplement DToP’s
logit fusion approach [44], but using the same settings as
our method for a fair comparison. DToP uses auxiliary
heads to select tokens based on prediction confidence, and
then concatenates the logits of both pruned and retained to-
kens to obtain the final prediction. As in our method, we
use a LN and a linear output projection as auxiliary heads.
Unlike DToP, LLF fuses features rather than logits, and the
gradients from Cropr components do not backprop through
the encoder. Table 5 shows that Cropr with LLF clearly
outperforms DToP’s logit fusion approach.

Liu et al. [30] also use auxiliary heads, but concatenate
pruned and retained token features prior to the task head.
We compare to this fusion approach in Tab. 5, showing that
LLF outperforms ‘Token Concat’. Moreover, they apply
token pruning to a ViT-S-based Segmenter on ADE20k and
report a 0.35 drop in mIoU with a 18% FLOP reduction
relative to the no-pruning baseline. We achieve a median
drop of only 0.1 mIoU while reducing FLOPs by 41%.

Qualitative evaluation. Figure 6 shows pruning heat-
maps for indoor and outdoor scenes. In this task outputs
for each pixel contribute to the evaluation metric, making it
challenging to determine which information to prune. We
found that attention is primarily directed to salient objects;
however, a few background patches are also retained in later
layers, likely due to their overall relevance to the task. Fur-
thermore, despite pruning, we observe consistent predic-
tions even for smaller, difficult to segment objects. This is
likely facilitated by LLF, which enables early-pruned tokens
to attend to deeper representations of neighboring tokens.

4.3. Object detection and instance segmentation

We benchmark Cropr on COCO [28] using the EVA-02-L
backbone, initialized from an Objects365 [41] fine-tuned
checkpoint. Following Fang et al. [13], we use Cascade
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Input Pruning map Cropr Label

Figure 6. Visualizations for semantic segmentation. Cropr prunes
tokens from stuff classes (e.g., sky, floor, wall) earlier, but keeps a
few tokens from each class in later layers. Despite pruning, adja-
cent outputs of the same class appear consistent.

Mask R-CNN as the task head to support both detection and
segmentation. Images are resized to 1536 x 1536 with patch
size 16, yielding 962 = 9216 patches. As in Fang et al. [13],
global attention is intermixed with window attention. With
a window size of 16, this yields an initial grid of 6 x 6 win-
dows. To support pruning while maintaining the window
size, a 5-stage pruning schedule is applied. At each stage 1,
the number of tokens is reduced to (96 —ix16)?, resulting in
a TPR of 97%. Pruning occurs after blocks 5, 8, 11, 14, and
20, just before the global attention layers. LLF is applied,
allowing the task head to be used without modifications.

Table 3 shows that Cropr outperforms baselines (2) —(4)
in both detection and segmentation. The performance gap
between Cropr and the unpruned model is moderate, which
is expected given the high TPR. Despite the optimized
window-attention-based architecture, Cropr achieves a 54%
reduction in FLOPs (Unpruned baseline: 2790 GFlops vs.
Cropr: 1273 GFlops), along with a 2.4x speedup in the en-
coder and a 1.9 speedup in the overall model.

Figure 7 demonstrates that Cropr modules focus on task-
relevant image regions corresponding to target objects. In-
terestingly, even the random pruner can serve as an effective
detector with LLF, albeit with more errors.

4.4. Ablation study

Cropr module design. In Tab. 4a, we compare our sim-
plified cross-attention design (single head, w/o QKV and
head projections, w/o LN) to a more complex MHA design
(16 heads, w/ QKV and head projections, w/ LN). The sim-
pler approach outperforms MHA in both efficiency and per-
formance metrics. In Tab. 4b, we evaluate an alternative



Method AP AP™*  im/s (enc.) im/s

No pruning  64.2 55.4 5.8 1.0x 1.5 1.0x
Random 60.6 51.9 14.02.4x  8.51.9x
Variance 62.0 53.0 13.924x 8.51.9x
Attn Top-K  62.6 53.6 10.81.9x 7.3 1.6x
Cropr 63.0 54.0 13.92.4x  8.51.9x

Table 3. Object detection and instance segmentation results on
COCO val, showing throughput of the encoder and overall model.
Label

Random Cropr

No pruning

Pruning map

Figure 7. Bounding box and instance segmentation predictions
for Cropr, as well as the unpruned and random baselines. Cropr
pruning maps highlight relevant objects. First row: All methods
accurately detect most objects. Second row: Only Cropr detects all
oranges. Third row: Random pruner incorrectly detects a person.

selection method, which samples without replacement from
the cross-attention distribution. Sampling is less effective
than Top-K. Table 4c indicates that incorporating an MLP
(w/ LN and residual connection) into the aggregation mod-
ule improves token selection. Crucially, this modification
does not impact efficiency metrics at inference time, as the
aggregator is removed after training. Finally, Tab. 4d shows
that stopping the gradient flow in Cropr leads to improved
results, likely because gradient interference is prevented.

Token fusion. We compare LLF to several alternatives
in Tab. 5: ‘Cross-Attn’ applies a cross-attention block with
grid-shaped learned queries cross-attending into the keep
tokens output by the last layer, that is, pruned tokens are not
reactivated. Further note that this cross-attention block is
trained from scratch. ‘“Token Concat’ reactivates pruned to-
kens by concatenating them after the last layer. ‘Cross-Attn
+ Concat’ combines the two, cross-attending into concate-
nated tokens after the last layer. ‘MHSA + Concat’ is sim-
ilar but uses a full self-attention transformer block trained
from scratch instead. Lastly, ‘DToP’ is the logit fusion ap-
proach discussed in Sec. 4.2. All methods are evaluated for
semantic segmentation on the ADE20k dataset.
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Method Acc. GFlops im/s Method Acc.
MHA 85.2 36.8 1352 Sampling  85.1
Simple  85.3 34.2 1476 Top-K 85.3

(a) Cross-attn. A simple 1-head cross-
attention design w/o projection layers per-
forms slightly better and is more efficient.

(b) Selection methods.
Top-K vs. sampling from
the attention distribution.

MLP Acc. GFlops im/s Stop grad.  Acc.
X 85.0 34.2 1476 X 85.0
v 85.3 34.2 1476 v 85.3
(c) MLP. Adding MLPs to the aggregatorim-  (d) Gradient mode.
proves performance w/o overhead at infer-  Stopping gradient flow
ence time. works best.

Table 4. Cropr ablations on ImageNet-1k, with LLF enabled.

Method #Params GFlops mloU
No pruning 304M 311 56.7
Cross-Attn 319M 184 47.7
Token Concat 304M 172 51.8
Cross-Attn + Concat  319M 186 51.5
MHSA + Concat 318M 186 55.2
DToP 308M 174 50.1%
LLF 304M 183 56.6"

Table 5. Token fusion ablation on ADE20k. LLF performs best,
without additional parameters. *: Median mIoU across 5 seeds.

Not reactivating pruned tokens, as in ‘Cross-Attn’ per-
forms very poorly. ‘Token Concat’, ‘Cross-Attn + Con-
cat’ and ‘DToP’ reactivate pruned tokens but do not sup-
port self-attention between pruned and retained tokens and
thus underperform. In contrast ‘MHSA + Concat’ and LLF
allow attention between tokens, resulting in higher mIoU.
Notably, LLF outperforms MHSA without introducing any
additional parameters compared to the unpruned baseline.

5. Conclusion

The experiments show that ViTs can be accelerated with
small performance penalties by pruning the least informa-
tive tokens for a given task. We showcase the versatility of
our approach by applying it beyond classification to seman-
tic and instance segmentation, as well as object detection.
That said, it is not without limitations. We discuss these
in App. B within the supplementary material.

Future work could extend Cropr to additional vision
tasks by adapting the auxiliary heads. Furthermore, the
token-based nature of our method suggests broader appli-
cability to other modalities, such as language and audio.

Overall, this work makes token pruning practical through
a simple yet flexible method design. Beyond pruning, we
hope to inspire further exploration of efficient attention
mechanisms that target task-relevant information.
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