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ABSTRACT

Vision Transformers incur high computational costs when processing long visual
token sequences. Existing reduction methods typically rank tokens independently
and discard those deemed unimportant or redundant. We propose a Reconstruction-
guided framework for visual token condensation(ReConV), which that summarizes
the complete visual sequence with a compact Summary Bank (SMB) and retains
tokens whose information is not adequately captured by the SMB, as indicated by
their reconstruction residuals. At each compression layer, a lightweight position-
conditioned decoder reconstructs the current tokens, leaving shared information
compressed in the SMB while explicitly preserving poorly reconstructed details.
Experiments on image classification and multimodal understanding demonstrate
favorable performance—efficiency trade-offs: ReConV surpasses the uncompressed
baseline with 48% fewer GMACs on ImageNet and enables reusable image-level
representations for efficient multi-turn inference. Code is available at TokenDrop.

1 INTRODUCTION

Vision Transformers (ViTs) have become a dominant architecture in modern computer vision, but
their self-attention cost grows quadratically with the number of input tokens. This quickly becomes
prohibitive for high-resolution images, multiple images, and videos. The problem is even more severe
in multimodal large language models (MLLMs), where visual tokens are concatenated with text
tokens and jointly processed by an LLM, leading to memory, latency, and throughput burdens.

The redundancy of visual representations has motivated token reduction methods that prune or
merge tokens under a constrained computational budget. In conventional visual recognition, token
reduction is motivated by the observation that image understanding progressively condenses local
patch information into higher-level semantic representations. Accordingly, existing methods estimate
token importance Rao et al.|(2021); Yin et al.|(2022), merge tokens with similar representations|Bolya
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Table 1: Comparison of representative visual token reduction paradigms. A v denotes explicit design
support, whereas an X denotes no explicit guarantee. No attention-layer/head dependence excludes
reliance on specific attention layers or heads; prompt independence excludes textual conditioning;
reduction before the LLM means compression precedes LLM processing; preserving uncaptured
information retains information missing from the compressed representation; and joint token informa-
tion coverage evaluates tokens relative to the selected set rather than independently.

Method No attention-layer Prompt Reduction before Preserves uncaptured Joint token redundancy
etho / head dependence independence the LLM information / coverage

Decoder-attention ranking X X X X X

Encoder-attention ranking X v v X X

Other learned scoring / gating v v v X X

Similarity-based clustering / merging v v v X v

S 'y Bank + residual(Ours) v v v 4 v

et al.| (2023)), or formulate reduction as a clustering problem |Chang et al.| (2023). Most of these
methods, however, were developed for single-image classification and are often guided by object-
centric discriminative cues. Such assumptions are less suitable for MLLMs, where visual tokens
must additionally preserve spatial grounding and information that may become relevant only when
combined with a textual instruction.

Consequently, visual token reduction in MLLMs has increasingly relied on text-to-image attention
from either the vision encoder or the LLM decoder to rank visual tokens [Shang et al.| (2024); |Chen
et al.| (2024b); Xing et al.|(2024); |Chen et al.| (2024a; [2026). However, attention primarily reflects
local information routing for a particular layer, head, and query, with no guarantee that its magnitude
reliably captures token utility or the causal effect of removing a token. It may also be affected by
model-induced saliency priors and systematic preferences for particular tokens, and vary across layers
and heads. Moreover, accessing attention matrices can interfere with efficient kernels |Dao| (2024),
while decoder-side pruning cannot reduce computation in preceding LLM layers. We summarizes
representative visual token reduction paradigms in Table|l| To eliminate dependence on attention,
we introduce a learnable Summary Bank (SMB) that semantically aggregates the complete visual
sequence, and a lightweight position-conditioned decoder that reconstructs the original tokens from
this compact representation. As illustrated in Figure|l| this reconstruction-based criterion requires
neither attention distributions nor textual prompts and enables visual token reduction before the LLM.

A second limitation is that existing scoring methods evaluate tokens independently, potentially retain-
ing redundant high-ranking tokens while discarding subtle evidence. Although merging Shang et al.
(2024)) accounts for redundancy, it may obscure details absent from the compressed representation.
ReConV instead encodes the complete visual sequence into the SMBs and uses reconstruction residu-
als to identify uncaptured information: well-reconstructed tokens are removed, while high-residual
tokens are retained as complementary evidence. Selection therefore depends on what the SMB has
jointly captured, bridging pruning and information aggregation. Our method retains 100.1% of the
baseline classification performance with 48% fewer GMACs and 89% of multi-turn performance
using only 5% of the visual tokens. Patch-to-SMB assignments also reveal emergent semantically
coherent aggregation (Figure [3).

Our main contributions are as follows:

1. We propose ReConV, a reconstruction-guided framework that compresses visual tokens
through a compact Summary Bank (SMB) and lightweight position-conditioned reconstruc-
tion.

2. We propose a set of learnable Summary Bank (SMB) tokens that aggregate the complete
visual sequence through asymmetric cross-attention. Reconstruction residuals measure
information not captured by this joint summary and guide token retention. Patch-to-SMB
assignments further reveal emergent semantic grouping.

3. ReConV generalizes across classification and multimodal dialogue, matching the uncom-
pressed classification baseline with 48% fewer GMACs and enabling efficient multi-turn
inference through reusable image-level representations.
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(a) Query-independent attention(encoder) (c) Summary Bank + Residual
[Before pruning]  —> [After 70% pruning] —>  [After 95% pruning]

All visual tokens are summarized before dropping

All tokens Summary Bank Residuals

s %g’fi -

1= vi - g, [SMB; p] )
Residual measures information not well captured by the
SMB representation.

[01: Is there a skateboard with red wheels in the image? ]
?

Q2: Is there a skateboard with black wheels in the image’ ‘
(b) Query-dependent attention(decoder)
[Before pruning]  —> [After 70% pruning] —>  [After 95% pruning] Set-conditioned information gain
approximated by reconstruction residual
"; TSl 7 ‘
A Set of Compact Representation
O000O+

SMBs absorb shared information. High-residual
tokens preserve details that remain unexplained.

Figure 1: Illustration of visual token pruning. Prompt-independent saliency emphasizes irrelevant
regions, while prompt-conditioned pruning can still discard task-relevant details, especially at high
pruning ratios. ReConV instead preserves information through SMB summaries and residual tokens.

2 RELATED WORK

Token reduction in ViTs is motivated by the observation that accurate recognition often requires only

a subset of the visual tokens. Early methods such as DynamicViT [Rao et al.| (2021), EViT
(2022), Evo-ViTXu et al.| (2022), A-ViT|Yin et al.| (2022), and ATS |Fayyaz et al.|(2022) estimate token

importance using attention signals or learned scoring functions and remove low-scoring tokens during
inference. To preserve information that would otherwise be discarded, subsequent methods such as
PPT[Wu et al|(2023), ToMe Bolya et al|(2023), Token Pooling (2023)), LookupViT [Koner]
(2024), and STViT |Chang et al.|(2023) compress tokens through merging, pooling, or clustered
latent representations. Our method instead uses reconstruction-guided Summary Bank (SMB) tokens
as a latent bottleneck, avoiding direct importance scoring and irreversible merging.

Visual token reduction in MLLMs is often text-guided. Sparse VLM [Zhang et al. (2024) uses decoder
cross-attention and recycles pruned tokens through density-peak aggregation, while FastV
(2024b) and PDrop Xing et al.| (2024) prune according to LLM or instruction-to-image at-
tention. PruMerge (2025) and VisionZip Yang et al|(2025)) employ merging, whereas
AdaptVision selectively acquires high-resolution crops. In contrast, our vision-only,
reconstruction-guided framework requires neither prompts, attention heuristics, nor region-grounding
supervision, enabling reusable image-level compression across ViTs and MLLMs.

Despite their differences, these methods rely on two approximations: attention magnitude is a
reliable proxy for token utility, and independent top-K scoring approximates subset optimization,
although a token’s utility depends on what has already been preserved. Consequently, redundant
high-scoring tokens may be retained while complementary evidence is discarded (Fig. [T). We address
both limitations with an SMB that summarizes the complete sequence and reconstruction residuals
that measure each token’s uncaptured information relative to this summary. Sec. [3|details the method.

3 METHODOLOGY

Given visual token embeddings V) € REXNexD from a standard vision transformer layer, where
N denotes the original token length before compression, our compressive layers learn a small set of
summary bank (SMB) tokens that summarize the original token set, and discard only those tokens that
are already well explained by this learned summary while forwarding the retained tokens to the next
layer. Each compressive layer takes the current token set, the current SMB, and positional embeddings
as input, produces an updated SMB and a reduced token set, reconstructs tokens with a two-layer
MLP decoder, and retains only the top-k tokens according to a residual-based criterion, where k is
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Figure 2: Overview of ReConV, the proposed reconstruction-guided token pruning framework. Given
N token embeddings from a vision encoder or transformer layer, each compressive layer uses a small
set of learned summary bank (SMB) tokens to summarize the input via cross-attention, reconstructs
the original tokens using the SMB representation and positional information, and retains the top-k
tokens with the largest reconstruction residuals (approximately N - r, where r is the keep ratio).
Tokens that are well reconstructed are dropped as redundant, while the retained tokens are passed
to the next layer. For classification, the model uses the CLS token when available, or pooled SMB
features otherwise; for other tasks, it uses the retained visual tokens with SMBs.

determined by a prescribed keep ratio. The retained token embeddings are then forwarded to the next
layer. Compressive layers can be inserted progressively between transformer encoder blocks, trained
from scratch with normal encoder layers or applied as a separate module after a pretrained and frozen
vision encoder, as in our MLLM setting. We next describe a single compressive layer in detail, shown
in Figure 2] The pseudo-code for a compressive layer is provided in Appendix [A-T]

3.1 SUMMARY BANK

Let VU1 ¢ RExNe—1xD denote the visual token sequence entering the /-th compressive layer,
and let S¢—1) ¢ REXMXD denote the Summary Bank (SMB) propagated from the preceding
compressive layer, where Ng = N,1 < Ny,_; < N and M < N. The SMB is initialized from a
learnable parameter Sy € R**M*D broadcast along the batch dimension. Each compressive layer
updates the SMB through asymmetric cross-attention, using the SMB tokens as queries and the visual
tokens as keys and values:

50 _ g1 4 MHA(LN(S(ZA))’ LN(VD), LN(V(ffl))) . €]

After cross-attention, we further refine S¢) with an MLP, optionally followed by an SMB-side
multi-head self-attention block. When a class token is present, it participates only in these refinement
operations and is excluded from SMB-to-visual cross-attention and token reconstruction. We denote
the resulting summary bank by S(*). In the following subsections, we omit the layer index and use S
and s,,, to denote the updated summary bank and its m-th token, respectively.
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3.2 TOKEN ROUTING AND RECONSTRUCTION

The pre-softmax attention logits from SMB-to-token cross-attention, averaged across heads, are
reused as routing scores. For each visual token v;, we select the summary slot with the highest score:

m; =arg max _ dm.i, 2)
me{l,....M}
where a,, ; denotes the attention logit between the m-th SMB token s,,, and visual token v;. This
top-1 routing assigns each visual token to a single SMB token, requiring only one decoder evaluation
per token. To preserve token-level spatial identity, we maintain a learnable positional table Pos €
RI*NXD The original position indices of retained tokens are propagated across compressive layers,
allowing the corresponding positional embedding p; to be retrieved at each layer. Given the routed
SMB token s,;,; and positional embedding p;, we project both into the decoder space, concatenate
them, and reconstruct the input token using a decoder gg:

Vi = go([0s(Sm2); dp(Pi)]) - 3)

The reconstructed token v; is used to compute the reconstruction residual for token selection and to
define the training objective described in Section[3.3] Although no semantic supervision is imposed
on the routing assignments, visualizing them reveals the spontaneous emergence of semantically
coherent patch groups, as shown in Figure 3] Additional examples are provided in Appendices[B.3)|

and B 111

3.3 RECONSTRUCTION OBJECTIVE AND TOKEN SELECTION

We optimize the compression module with an InfoNCE reconstruction objective, while token selection
is guided by the orthogonal residual derived from each reconstructed token. Given the reconstructed
token v;, we compute its normalized direction u; and define the orthogonal residual for token
selection as:

\'S T

ri=v; — (v; uj)u;. “

u; i

vl

The token-selection score is given by |r;|>. The top-k tokens with the largest residual norms are
retained, while the remaining tokens are dropped. Intuitively, this preserves tokens that remain poorly
explained after removing the component aligned with their reconstructions. The reconstruction is
optimized with a contrastive objective. Specifically, we normalize the original and reconstructed
tokens and define the positive and negative contrastive logits as

Vi -~ ‘}7 + vi Vi gf _ i VJ ] c /\/‘i7 (5)

s i,j T

= s V"7 = > i =
[vill2 V51l T
where T is the contrastive temperature and ; denotes the negative set associated with anchor .

Anchors are sampled from a candidate pool 2, defined as either the dropped-token set or the full
token set. We sample an anchor set 7 C ) uniformly without replacement, with

_ |Q‘7 TO = 0)
7= {min(Tm ), T >0, ©)

Vi

where Tj) > 0 is a pre-specified anchor budget, with 7 = 0 indicating that all candidates in 2 are
used. For each anchor ¢, hard negatives are reconstructed tokens at different positions within the same
image that are routed to the same SMB slot, whereas easy negatives are reconstructed tokens from
other images in the batch. The resulting reconstruction loss is

1 exp(£;)
dgﬁoNCE _ = log t —-
IT] ; exp(6) + 2 en exp(li ;)

Thus, the same reconstruction serves both token selection and module optimization: the orthogo-
nal residual determines which tokens are retained, while the InfoNCE objective trains the com-
pression module to recover token-specific representations. At compressive layer ¢, we retain
k¢ = round(Ny_1p,) tokens with the largest residual norms, where p, is the prescribed keep

N
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Figure 3: Patch-to-SMB assignments for tokens entering the first, second, and third compression
layers of our A1A3AS5 classification model, which use keep ratios of 0.75, 0.25, and 0.0, respectively.
The model’s performance is reported in Table 2} Green numbers identify the SMB tokens assigned to
reconstruct the corresponding patches, and patches assigned to the same SMB are masked with the
same color. Unnumbered patches have been dropped by preceding layers. Examples are randomly
selected from the ImageNet validation set.

ratio. The retained representations forwarded to the next layer can be either the original token
embeddings v; or their residuals r;. Forwarding the residuals explicitly propagates complementary
information not captured by the SMB reconstruction. Across L compressive layers, the number of
retained non-SMB tokens is approximately

L
Neew ~ N ] pe- ®)
(=1

When the SMB is included in the final compressed representation, its total length is approximately
M + Nyt. Finally, the model is trained by combining the task and reconstruction objectives:

L= Etask + )\LInfONCE7 (9)

rec

where A controls the contribution of the reconstruction objective.

4 EXPERIMENTS

4.1 IMAGE CLASSIFICATION

4.1.1 EXPERIMENTAL SETUP

We evaluate image classification on ImageNet-1K (2009) using 224 x 224 inputs.
Following prior work, we adopt DeiT-S [Touvron et al.| (2021)) as our primary backbone and insert

compressive layers at designated positions within it. For example, A1A3AS5 denotes inserting a
compressive layer after each of Transformer blocks 1, 3, and 5. We set the reconstruction loss weight
to A = 0.05 for all experiments. When distillation is enabled, we apply a soft KLL.-divergence loss
with a DeiT-S model trained from scratch as the teacher. The overall objective is

L= ﬁtask + A L:reca £task = (1 - )\kd> Ece + )\kd £disti117 (10)

where we set A\iq = 0.5 and use a temperature of 1.0 for the distillation loss. We optimize all models
with AdamW using a learning rate of 1073, weight decay of 0.05, and 3 = (0.9,0.999), together
with cosine learning-rate decay to 10~°. Training uses a batch size of 1024, and validation uses a
batch size of 2048 on a single H200 GPU with 141GB memory. We report Top-1 accuracy.
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Table 2: Comparison of computational cost and accuracy on ImageNet. The percentage in GMACsSs
indicates the reduction computation relative to the backbone, and the percentage in accuracy indicates
the retained performance relative to the backbone accuracy. The configurations “0.75,0.25,0” denote
the keep ratios of the three compressive layers, corresponding to p1, p2, p3 in Section[3.3] Ourg;stiu
indicates that a DeiT-S teacher trained from scratch is used for distillation.

Model GMACs Accuracy
DeiT-S(Base) 4.61 (100%) 79.8 (100%)
A-ViT|Yin et al] (2022)(CVPR"22) 3.6 (1 22%) 78.6 (98.5%)
STViT|Chang et al.[(2023)(CVPR’23) 3.16 (4 31%) 80.6 (101.0%)
EViT Liang et al.[(2022)(ICLR’22) 3.0(4 35%) 79.5 (99.6%)
Evo-ViT | Xu et al| (2022)(AAAT’22) 3.0({ 35%) 79.4 (99.5%)
Dynamic ViT Rao et al.|(2021)(NeurIPS’21) 2.9 37%) 79.3(99.4%)
ATS [Fayyaz et al] 2022)(ECCV*22) 2.9 (1 37%) 79.7 (99.9%)
PPT|Wu et al] (2023)(CoRR22) 2.9 (1 37%) 79.8 (100.0%)
ToMe |Bolya et al.|(2023)(ICLR’23) 2.7(1 37%) 79.4 (99.5%)

ReConV{(Oursgissin-ATA3A5[0.75,0.25,0.25])
ReConV(Oursgisi-A1A3A5[0.5,0.14,0.01)

2.88 (] 38%)
2.42 (] 48%)

80.40 (100.8%)
79.90 (100.1%)

4.1.2 MAIN RESULTS

Table[2)shows that our method achieves a stronger efficiency—accuracy trade-off than prior approaches.
We obtain 80.4% Top-1 accuracy while reducing GMACs by 38% relative to DeiT-S; even under
a more aggressive 48% reduction, our model still matches the backbone accuracy. We outperform
TokenPooling, which achieves 100.2% accuracy but reduces FLOPs by only 3.7% relative to DeiT-S.
In addition, we surpass methods that rely on importance-based pruning, such as Dynamic ViT Rao
et al.| (2021)), A-ViT |Yin et al.| (2022), and ATS [Fayyaz et al.| (2022)), suggesting that hard token
dropping based solely on saliency can be destructive when the removed tokens might need to support
deeper semantic abstraction. Meanwhile, we achieve a better accuracy trade-off than EViT [Liang
et al.| (2022), Evo-ViT Xu et al.| (2022)), PPT Wu et al.|(2023), and ToMe [Bolya et al.|(2023)), which
preserve information through token merging or pooling. These results indicate that SMB can more
effectively absorb visual information into a compact global representation.

SMB Utilization and Semantic Partitioning As shown in Fig.[3] patch-to-SMB assignments form
spatially contiguous, semantically related regions despite receiving no spatial or semantic supervision.
This suggests that the SMBs do not merely aggregate patches according to low-level proximity,
but naturally develop specialization for recurring visual structures. Figure [3| also shows that the
residual-norm dropping policy preferentially removes tokens from slowly varying regions, while
retaining tokens near object boundaries and other high-frequency details. This is consistent with
our design, which removes redundant structure while preserving visually informative content. We
provide quantitative ablations in Appendix [B.1.1] Comparing SMB utilization maps from single- and
three-layer compression models reveals more pronounced aggregation in the latter; similar behavior
also emerges in multimodal tasks(see Appendix [B.3).

We analyze the SMB usage distribution over the full validation set and find that the SMBs are
used approximately uniformly. For the A1A3AS model, the corresponding entropies for the three
compressive layers are 2.7030, 2.7531, and 2.7418 nats. These results indicate that the model makes
effective use of the available SMB budget. For each SMB, we aggregate all tokens assigned to it
across the validation set and construct a class distribution using the labels of their source images. For
the 16-SMB model, the entropy values range from 6.1162 to 6.8889 nats, with a mean of 6.8219,
close to the maximum of 6.9078 nats for 1000 classes. This high entropy indicates that no SMB is
dominated by a small subset of classes. Together with the coherent assignment maps, this suggests
that SMBs capture class-agnostic mid-level visual structure rather than acting as class-specific experts.

4.2 MULTI-TURN MULTIMODAL UNDERSTANDING

4.2.1 EXPERIMENTAL SETUP

We instantiate ReConV on LLaVA-1.5|Liu et al.|(2024a), using CLIP-ViT-L-336px as the frozen vision
encoder and Vicuna-13B as the LLM backbone, connected by an MLP projector. Two lightweight
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LLaVA

Question ID Question 15 Ours
380531000 Are the trees blurry? yes yes
380531001 Is there a forest in the picture? yes no

380531002 Is there a mountain? no no
380531003 Can passengers fly to Europe in this? yes yes
380531004 Is this plane taking off or landing? taking off taking off
380531005 What is flying in the sky? airplane  airplane
380531006 Is the plane getting ready to land? yes no

Bl 380531007 What direction are the planes pointed? left left

B 380531008 What is beside the blue water? rocks rocks
380531009 Does the body of water look calm? yes yes

(, Question ID Question LLaVA-1.5 Ours

127200000 What are they eating? pizza pizza
127200001 How old is this baby? 2 2
127200002 Are the kids eating birthday cake? no no
127200003 Are the children smiling? yes yes
127200004 How many animals are on the cake? (o] 0

Figure 4: Examples from the MT-VQAWV?2 test split, where the number of questions associated with
each image varies across samples. In the multi-turn setting, each image is encoded and optionally
compressed only once, and the resulting visual embeddings are reused across all associated questions.

compressive layers are inserted between the vision encoder and projector, and the compressor and
projector are trained from scratch. During pretraining, we optimize £ = Ltask + ALrec with
A = 0.01. During instruction tuning, the projector is frozen and the LLM is updated with LoRA,
while A is reduced to 0.001 to preserve the learned compact representation during task adaptation.
We use the 558K image-text alignment dataset and 665K multimodal instruction dataset released
with LLaVA-1.5 for the two stages, respectively. Details are provided in Appendix[B-2] All training
runs use 4x H200 GPUs with 141 GB each, and evaluation uses 4x L.40S GPUs with 48 GB each.

4.2.2 MAIN RESULTS

Evaluation protocol. Multi-turn dialogue is a natural setting for image-level compression because
multiple questions share the same image. ReConV compresses each image once and reuses its
visual representation across turns, amortizing visual encoding and compression costs. In contrast,
prompt-conditioned selection depends on the current query and must be recomputed whenever the
prompt changes. We evaluate this capability on MT-VQA-v2 [Goyal et al.| (2017) and ConvBench [Liu]
(2024b). MT-VQA-v2 contains 3—14 questions per image, which we treat as successive inde-
pendent queries, whereas ConvBench comprises native conversations with cross-turn dependencies.
MetaCompress[Wang et al| (2026) evaluates a similar setting using a manually constructed VQAv2
subset with fixed three-turn dialogues; however, neither the subset nor its implementation is publicly
available, precluding a direct comparison. For ConvBench, we report direct-grading scores from
Qwen3-VL-8B-Instruct on a 0-10 scale, using the same judge and prompt for all methods.

At a 95% token reduction rate, ReConV achieves the best MT-VQA-v2 overall accuracy and Con-
vBench average among compressed methods, while providing 2.73x and 1.51x speedups, respec-
tively. This favorable accuracy—efficiency trade-off under extreme compression validates the SMB’s
effectiveness in absorbing information from the complete visual sequence.

4.3 ABLATION STUDY

We analyze the accuracy—compute trade-off by varying compressive-layer placement, keep ratios,
and the number of SMBs. Figure@ (Left) shows that, for both 8 and 16 SMBs, earlier compression
reduces computation but degrades accuracy, indicating that aggressive reduction is more harmful
in shallow layers. The two-layer A3AS model with keep ratios of 0.19 and 0.0 lies on the same
approximately linear frontier as the A3 and A5 configurations, while reducing the SMB count from
16 to 8 produces a less favorable trade-off. Additional results are reported in Appendix [B.1.1}
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Table 3: Comparison on MT-VQA-v2 and ConvBench at a 95% visual token reduction rate. Amort.
denotes latency per question with image encoding amortized across questions, while Mean Total
Prefill denotes total prefill latency averaged across conversations.

Method MT-VQA-v2 ConvBench
Amort.  Speedup Mean Total Speedup

Yes/No Number Other Overall (ms/q) | (x)1 S1 So Ss  Average Prefill (s) | (x)1
Uncompressed 93.28 62.22 7222 79.99 314.50 1.00 347 433 4.68 4.16 361.05 1.00
Random Pruning ~ 87.19 47.43 5997  69.76 114.91 2.74 329 329 2.60 3.06 242.06 1.49
Spatial Pooling 80.41 38.60 50.58  61.51 114.32 2.75 312 3.2 277 3.00 240.92 1.50
FastV[3] 80.56 40.75 54.15  63.51 192.40 1.63 3.81 3.64 347 3.64 739.47 0.49
PDrop|28] 75.71 30.56 42,05 54.61 119.30 2.64 2.60 295 2.60 2.72 237.76 1.52
PruMerge+[22] 83.38 45.67 59.94  67.97 117.17 2.68 372 380 3.46 3.66 239.79 1.51
SparseVLM+[32]  79.55 32.78 48.89  59.69 126.79 2.48 2.08 399 191 2.66 238.65 1.51
ReConV(Ours) 86.85 50.82 61.92  70.93 115.36 2.73 312 381 4.16 3.70 239.81 1.51
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Figure 5: ImageNetl1K top-1 accuracy percentage vs computation cost (GMACs) tradeoff. Left:
Models with 1-2 compressive layers with varying number of SMBs and layer placement. Right:
Models with 3 compressive layers (A1A3AS5) with varying number of SMBs and keep ratios.

Figure (Right) further examines different keep-ratio schedules for models with 8, 16, and
32 SMBs, ranging from conservative schedules with less reduction in early layers to aggressive
schedules with stronger early-layer compression. The annotated values indicate the keep ratios
applied at each compressive layer. Across these configurations, the models exhibit a consistent and
approximately linear accuracy—compute trend, suggesting that the proposed framework is robust to
different configuration choices. Notably, at a similar computational cost, the 32-SMB model with a
0.75, 0.25, 0.0 keep-ratio schedule outperforms the 8-SMB model with a 0.80, 0.50, 0.50 schedule,
indicating that a larger summary bank provides a more effective compression basis for classification.

On MME |Fu et al .| (2023)), we ablate compression depth, positional reinjection, token allocation,
and representation type. Re-adding positional embeddings before each compression layer improves
MME-P from 1337 to 1457 and MME-C from 285 to 291. Under a fixed budget, allocating more
tokens to explicit retention generally performs better: at K = 64, changing the retained/SMB
allocation from 32 + 32 to 56 + 8 raises MME-P from 1327 to 1404 while preserving MME-C. Using
residuals for both inter-layer propagation and LLM input achieves the best overall performance,
supporting their role in propagating information not absorbed by the SMB. Across budgets, retaining
approximately 50% of the visual tokens reduces MME-P by only 0.8%, while a 95% reduction incurs
an 11.7% drop, demonstrating a favorable performance—efficiency trade-off.

5 CONCLUSION

In this paper, we introduced a reconstruction-guided framework for visual token compression. By
compressing token sequences into a compact set of learnable Summary Bank tokens and using recon-
struction residuals to guide token retention, our method enables hard token dropping without hard
semantic deletion. Experiments on image classification and multimodal understanding demonstrate
favorable performance—efficiency trade-offs across tasks.
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Table 4: Ablation study of the compression design on multimodal understanding. Inter-layer repr.
and LLM input specify whether original or residual tokens are propagated between compression
layers and supplied to the LLM, respectively. K denotes the total token budget, including retained
and SMB tokens. MME-P and MME-C denote the total perception and cognition scores.

Inter-layer LLM Position ~ Total # Retained #SMB # Compression MME-P MME-C
Ablation repr. input  reinjection tokens tokens tokens layers Score Score

) Original Original v 127 119 8 2 1242 273
Representation Original ~ Residual v 127 119 8 2 1370 285
propagation Residual ~ Original v 127 119 8 2 1405 305

Residual ~ Residual v 127 119 8 2 1457 291
Positional Residual ~ Residual X 127 119 8 2 1337 285
information Residual ~ Residual v 127 119 8 2 1457 291
Allocation Residual ~ Residual v 32 1 31 2 1337 291
(K = 32) Residual ~ Residual v 32 16 16 2 1304 293
Residual ~ Residual v 32 24 8 2 1352 288
Allocation Residual ~ Residual v 64 32 32 2 1327 321
(K = 64) Residual ~ Residual v 64 56 8 2 1404 321
Residual ~ Residual v 127 119 8 2 1457 291
Token budget Residual ~ Residual v 144 136 8 2 1423 286
(8 SMBs) Residual ~ Residual v 192 184 8 2 1457 282
Residual ~ Residual v 263 255 8 2 1519 289
Residual ~ Residual v 32 24 8 2 1352 288
Compression depth Residual ~ Residual v 32 24 8 3 1325 312
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Algorithm 1 A Reconstruction-Guided Compressive Layer

Require: tokens X € RY*P summary bank S € RM*P positions P, keep ratio p, loss type
T € {L2,NCE}

Ensure: updated bank S’, kept tokens Xieep, 1088 Lrec

I: (AS,L) + CrossAttnWithLogits(LN(S), LN(X), LN(X))

S"+ S+ AS

S’ ¢ S + MLPyy,(LN(S'))

if SMB-only MHSA is enabled then
S’ + S’ + MHS A (LN(S'))

end if

for:=1,...,Ndo
my <— arg max,, Ly, ;

9 %i  gol(64(S)e )i 6p(P)

10: if 7 = L2 then

AN A S ol

11: r; < X; — )A(z

12: else

13: u; %)A(Z/H)ACAQ

14: r; < x; — (x; w)u;
15: end if

16: S; < ||I'Z||

17: end for

18: k + max(1,round(Np))

19: Tyeep < TopKIndices({s;} N, k)

20: Xkeep — {I‘i NS Ikeep}

21: Q « {1,..., N} \ Zxeep if dropped-only loss else {1,..., N}

22: if 7 = L2 then o

230 Lree ¢ iy Lieq FR

24: else

25: sample anchors from (2

26: form positive logits from (x;, X;) and negatives from same-SMB wrong positions and other
images

27: Lo + InfoNCE(logits)

28: end if

29: return S, Xyeep, Lrec

A APPENDIX

A.1 IMPLEMENTATION

Algorithm [I]summarizes one compressive layer. The layer first updates a small summary bank by
asymmetric cross-attention, then reconstructs each token from its routed summary slot and positional
embedding, and finally retains only the tokens with the largest reconstruction residuals.

B EXPERIMENTS

B.1 CLASSIFICATION SETUP

We follow the standard timm ImageNet training recipe, including stochastic depth with rate 0.1,
RandAugment (rand-m9-mstd0.5-inc1), bicubic interpolation, color jitter of 0.4, random erasing with
probability 0.25 in pixel mode, label smoothing of 0.1, mixup with a = 0.8, CutMix with o = 1.0,
mixup probability 1.0, and mixup/CutMix switching probability 0.5. During evaluation, we use a
crop ratio of 0.875 with bicubic interpolation. Optimization is performed with AdamW (learning rate
1073, weight decay 0.05, 3 = (0.9,0.999)), cosine learning-rate decay to 10~5, gradient clipping at
1.0, automatic mixed precision, and no gradient accumulation. The vanilla models are trained for
300 epochs with 5 warmup epochs, while the compressive models are trained for 500 epochs with
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Table 5: ImageNetlk top-1 accuracy and computational cost of the proposed compressive model
under various settings. comp-f and comp-r refer to our model using compressive layers that output
full vs residual tokens, respectively.

Model Heads Dim Layers Teacher SMB Configuration Keep ratios GMACs Accuracy

Vanilla 6 384 12 - - - - 4.61 80.61
DeiT-S 6 384 12 regnet-y-160 — - - 4.61 81.88
Comp-R 6 384 12 Vanilla 16 A1A3A5  0.75,0.25,0.25 2.43 79.61
Comp-F 6 384 12 Vanilla 16 A1A3AS  0.75,0.25,0.25 243 79.64
Comp-R 6 384 12 Vanilla 16 A1A3A5  0.75,0.25,0.00 2.33 79.75
Comp-F 6 384 12 Vanilla 32 A1A3AS5  0.75,0.25,0.25 2.88 80.44
Comp-R 6 384 12 Vanilla 32 A1A3AS5  0.50,0.14,0.00 242 79.79
Comp-F 6 384 12 Vanilla 32 A1A3A5  0.50,0.14,0.00 242 79.90
Comp-F 6 384 12 regnet-y-160 16 A3 0.00 2.17 79.58
Comp-F 6 384 12  regnet-y-160 8 A4 0.00 2.35 79.26
Comp-F 6 384 12 regnet-y-160 16 A4 0.00 2.55 80.31
Comp-F 6 384 12 regnet-y-160 8 AS 0.00 2.73 79.92
Comp-F 6 384 12 regnet-y-160 16 A5 0.00 2.93 80.79
Comp-F 6 384 12 regnet-y-160 16 A3AS 0.19,0.00 2.36 79.98
Comp-F 6 384 12 regnet-y-160 8 A1A3A5  0.80,0.50,0.50 2.78 80.31
Comp-F 6 384 12 regnet-y-160 8 A1A3AS5  0.75,025,0.25 220 79.26
Comp-F 6 384 12 regnet-y-160 8 AlA3AS5  0.75,0.25,0.00 2.11 79.27
Comp-F 6 384 12  regnet-y-160 8 A1A3A5  0.50,0.14,0.00 1.76 78.21
Comp-F 6 384 12 regnet-y-160 16 A1A3AS5  0.75,0.25,0.25 243 79.99
Comp-F 6 384 12 regnet-y-160 16 A1A3A5  0.75,0.25,0.00 2.33 79.92
Comp-F 6 384 12 regnet-y-160 16 A1A3A5  0.50,0.14,0.00 1.98 78.90
Comp-F 6 384 12 regnet-y-160 16 A1A3A5  0.40,0.10,0.00 1.86 78.73
Comp-F 6 384 12 regnet-y-160 32 A1A3AS5  0.75,0.25,0.00 2.78 80.55
Comp-F 6 384 12 regnet-y-160 32 A1A3AS5  0.50,0.14,0.00 242 80.06
Comp-F 6 384 12  regnet-y-160 32 ATA3A5  0.40,0.10,0.00 2.30 79.69

20 warmup epochs. We also maintain an exponential moving average of the student weights during
training (decay 0.99996) and use it for evaluation.

B.1.1 RESULTS

We first train a vanilla DeiT-S-style model without distillation and obtain 80.61% top-1 accuracy on
ImageNet. We also train a DeiT-S-style model with RegNet-Y-160 as the teacher, which achieves
81.88% top-1 accuracy. Based on these two backbones, we train two sets of compressive models:
one distilled from the vanilla model and one distilled from the stronger RegNet-Y-160 teacher. Full
results are given in Table[5] For the placement study, we evaluate a single compressive layer with a
keep ratio of 0.0. This setting retains only the SMB tokens and removes all patch tokens after the
compressive layer, similar to TokenLearner Ryoo et al.[(2021)) and STViT [Chang et al.| (2023).

SMB Partition The color-coded masks exhibit semantic aggregation, suggesting that different SMB
tokens tend to absorb distinct types of semantic information. This tendency is more pronounced in
the A1A3AS model than in the A5 model when comparing the tokens entering their first compression
layers. This observation suggests that progressive, multi-layer compression may promote more
semantically coherent aggregation than single-layer compression.

Ablations We conduct ablation studies to evaluate the contribution of each model component and
architectural choice (Table @ We use the AIA3AS configuration with keep ratios of 0.75, 0.25, and
0.0 as the default setting for ablations, which achieves 79.92% top-1 accuracy on ImageNet-1K. First,
replacing the outputs of the compressive layers with residual tokens instead of original tokens does
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Figure 6: Patch-to-SMB assignments in our single-layer A5 classification model with a keep ratio of
0.0 and our three-layer A1A3AS classification model with keep ratios of 0.75, 0.25, and 0.0. From
left to right, the figure shows the patch-to-SMB assignments and corresponding color-coded masks at
the single compression layer of the A5 model, followed by the patch-to-SMB assignments for the
tokens entering the first, second, and third compression layers of the A1A3AS5 model. For example,
the visualization at the first layer therefore includes all input patch tokens; this layer subsequently
drops 25% of them, and the retained tokens enter the second compression layer. Green numbers
identify the SMB tokens assigned to reconstruct the corresponding patches, with patches assigned to
the same SMB sharing the same color. Patches without a number have been dropped by preceding
compression layers. The examples are randomly selected from the ImageNet validation set.

Table 6: Ablation studies on model components and architectural design choices.

Model Ablation Accuracy
A1A3A5-SMB16-0.75,0.25,0.0 — 79.92
A1A3A5-SMB16-0.75,0.25,0.0 return residual tokens 79.93
A1A3A5-SMB16-0.75,0.25,0.0 no decoder 75.95
A1A3A5-SMB16-0.75,0.25,0.0 random token dropping 79.21
ATA3A5-SMB16-0.75,0.25,0.0 decoder without positional input ~ 79.91
A1A3A5-SMB16-0.75,0.25,0.0 late SMB injection 79.70
A5-SMB16-0.0 - 80.79
A5-SMB16-0.0 late SMB injection 79.59

not change accuracy, suggesting that the retained representation is already sufficient for downstream
classification.

Next, removing the decoder entirely while keeping the SMB token stream leads to an approximately
4% drop in accuracy, indicating that the reconstruction objective is important for learning useful
SMB tokens. When the decoder and reconstruction loss are preserved, replacing residual-norm-based
token dropping with random dropping results in a modest 0.7% drop, suggesting that residual norms
provide a useful, though not perfect, proxy for token importance. We also examine when the SMB
stream is introduced. In our default design, SMB tokens are present from the first layer, which slightly
increases compute. As an alternative, we inject learnable SMB tokens only at the first compressive
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layer. This causes a 0.2% accuracy drop in the AIA3AS setting, but a larger 1.2% drop in the AS
setting, where compression begins later in the network.

Finally, we replace the positional embedding input to the decoder with a constant zero vector,
effectively learning a per-SMB prototype. This change has little effect on classification accuracy,
even though the reconstruction error increases substantially during training. To quantify this effect,
we compute the coefficient of determination (R2) for token predictions in the A1IA3AS5 model with
and without positional embeddings in the decoder. With correct positional embeddings, the R? values
are 0.4827, 0.4814, and 0.5752 for the three compressive layers, respectively. These values decrease
to 0.2741, 0.2669, and 0.3168 when the decoder always receives the zero vector as positional input.

B.2 MLLM

Implementation Details. Following LLaVA-1.5, we use AdamW with a cosine learning-rate
schedule. The only modifications are the inserted compressive layers and the additional reconstruction
loss, which is applied during both pretraining and fine-tuning with different weights to balance
compression and task adaptation. We keep the rest of the training recipe unchanged and train the two
modules jointly for 2 epochs. For evaluation, we use greedy decoding with temperature set to O to
ensure deterministic outputs.

Datasets. We use the 558K image-text alignment dataset and the 665K multimodal instruction
dataset released with the backbone [Liu et al.|(2024a) for pretraining and instruction tuning, respec-
tively. We evaluate our model on seven widely adopted benchmarks, including MMBench [Liu et al.
(2024c)), MME |[Fu et al.| (2023)), POPE[Li et al.| (2023)), SQA [Lu et al.| (2022)), VQAText|Singh et al.
(2019), and VQA |Goyal et al.|(2017).

Multi-model Understanding We evaluate the proposed compression framework on multimodal
reasoning and understanding benchmarks using LLaVA-1.5-13B |[Liu et al.|(2024a) under retained
token budgets of 128, 64, and 32. We include ToMe Bolya et al.[(2023) as a related baseline, although
its performance is relatively limited in the MLLM setting, since it represents an early attempt to bridge
ViT compression and multimodal models. For MMBench and MMBench(CN) [Liu et al.| (2024c), we
report dev-set results because test labels are not publicly available and the online evaluation server is
no longer accessible.

As shown in Table[7, SMB remains competitive across token budgets while substantially reducing
the visual prefix length. It is particularly effective on reasoning-heavy benchmarks such as MMB and
MMB-CN, and it continues to preserve most of the baseline capability with 64 or even 32 retained
tokens, indicating that the learned compression is robust and scalable. On POPE, the relatively
small gap on the adversarial split suggests that token compression has limited additional impact
on robustness to semantically plausible absent objects, while the lower recall indicates that the
compressed model remains conservative in predicting object presence.

Efficiency. We measure prefill latency on POPE on a single A800 GPU, as reported in Table[§] In
the 64-token setting, our method achieves a prefill latency of 37.84 ms per sample, corresponding to
a 2.97x speedup over the backbone, while retaining 96% of the backbone performance on POPE.
Because compression shortens the visual prefix during both prefill and training, it also yields a
comparable reduction in training and fine-tuning time.

B.3 SEMANTIC PARTITION MAP IN MLLM

The visualization of SMB partitioning further shows that after two compression layers, the retained
visual tokens align well with the keywords in the question prompt, indicating that the kept tokens
preserve the fine-grained visual details relevant to downstream reasoning and remain semantically
grounded in the task-specific query. Meanwhile, SMB provides complementary global semantic
context. Together, keyword-level detail preservation and global semantic coverage help explain the
effectiveness of our method under visual self-driven signals, without relying on attention saliency.
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Table 7: Comparison of token retention methods on LLaVA-1.5-13B across varying token budgets.
Raw scores are reported in the first row and average percentages to the baseline in the final column.
Results for SparseVLM and ToMe are sourced from Zhang et al.| (2024). Comparisons are best
interpreted via relative percentages. The baseline scores 76.4 and 72.4 on the dev splits of MMB and
MMBCN, respectively

Method VQA??  SQA™SE TextVQA POPE MME MMB MMB®YN Avg.
Vanilla 576 Tokens
LLaVA-1.5-13B 80.0 71.6 61.3 86.0 1531 67.7 63.5 100%
Retain 128 Tokens
ToMe(ICLR’23) [T - 59.6 49.1 62.8 1343 53.3 - 79.6%
FastV[4](ECCV’24) 75.3 74.2 58.6 75.5 1460 66.1 62.3 96.0%
PDrop[28(CVPR’25) 78.2 73.3 60.2 83.6 1489 67.5 62.8 98.4%
SparseVLM[32](ICML'25) - 68.6 56.7 85.0 1488 64.5 - 97.7%
PruMerge+[23](ICCV’25)  76.2 73.3 56.1 82.7 1446 66.3 61.2 95.8%
VisionZip[30J(CVPR’25)  76.8 73.8 58.9 82.7 1450 67.4 62.5 96.7%
ReConV/(Ours) 75.0 70.9 55.3 82.2 1457 74.0 71.5 95.8%
Retain 64 Tokens
ToMe[T(ICLR23) - 50.0 453 52.5 1138 437 - 67.9%
FastV[4](ECCV’24) 65.3 73.1 53.4 56.9 1246 59.2 55.1 85.8%
PDrop[28](CVPR’25) 70.8 73.1 55.3 66.1 1247 63.1 56.6 88.7%
SparseVLM[3Z](ICML’25) - 69.8 53.4 77.5 1373 60.1 - 92.1%
PruMerge+[23](ICCV’25)  72.6 73.5 54.4 75.7 1338 65.0 59.3 92.3%
VisionZip[30J(CVPR’25)  73.7 74.2 57.4 75.7 1380 64.9 61.3 93.9%
ReConV(Ours) 72.5 68.5 52.9 82.6 1404 73.1 68.5 92.6%

Retain 32 Tokens
ReConV(Ours) 70.9 70.6 52.8 82.1 1352 72.6 69.0 92.5%

Table 8: Efficiency analysis on POPE. We report prefill latency per sample, measured on an A800
GPU (40GB). Speedup is computed relative to the Baseline.

POPE Accuracy Prefill Latency Speedup

Method Tokens

rand pop adv /Sample(ms)] (Prefill)f
Baseline 576 87.1 86.2 84.5 112.25 1.00x
ReConV(Ours) 127 83.3 82.8 80.4 49.63 2.26%
ReConV(Ours) 64 84.5 829 80.3 37.84 2.97x
ReConV(Ours) 32 84.8 82.5 789 36.55 3.07x
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Question: Question: Question: Question: Question: Question:

Does this artwork exist Is there a skateboard in Is this an image of Is this an image of Is the text in the Is this photo taken in a
in the form of painting?  this image? Goldener Reiter? Beijing Guozijian? picture "hollywood"? place of baseball field?
Ground Truth Answer: Ground Truth Answer: Ground Truth Answer: Ground Truth Answer: Ground Truth Answer: Ground Truth Answer:

Yes Yes Yes Yes Yes Yes

Predicted Answer: Predicted Answer: Predicted Answer: Predicted Answer: Predicted Answer: Predicted Answer:

Yes Yes Yes Yes Yes Yes

b el e,

DAS

Figure 7: Samples are randomly selected from the MME evaluation set, covering five subtasks from
left to right: artwork, existence, landmark, OCR, and scene. The figure visualizes the 64-token setting
of our model, which contains 56 kept tokens and 8 SMBs. From top to bottom, the panels show: the
question-answer pair, the input image, SMB allocation at the first compression layer, SMB allocation
at the second compression layer after the first token-dropping step, and the final SMB allocation after
the second token-dropping step. The color from light to dark yellow indicates SMB indices from 0
to 8. The letters on each patch indicate the assigned SMB index, while patches without letters have
already been dropped.
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