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Abstract

Vision-language models (VLMs) with dynamic-resolution
vision encoders achieve strong performance but face sig-
nificant efficiency challenges due to long input sequences.
A common approach is to assess the importance of tokens
and prune those that are less informative. Recent meth-
ods that use a small VLM to generate importance maps
for visual tokens have outperformed existing rule-based and
similarity-driven pruning approaches, particularly at high
pruning ratios. However, directly using the small VLM re-
mains unreliable, as it relies on aggregated visual attention
weights as an importance score, which can lead to noisy
guidance when the generated tokens are incorrect. To ad-
dress this, we invert the approach by having it detect non-
informative visual tokens based on the user’s query. By
adding a variational information bottleneck to the small
VLM, we can approximate the entropy of each visual token
to provide pruning guidance. Such a posterior-guided prun-
ing method enables the large VLM to retain its reasoning
capacity while improving efficiency. Extensive experiments
on eight benchmarks demonstrate the effectiveness of our
approach. With only 5% of visual tokens retained, the large
VLM preserves 95% of its original performance, outper-
forming the state of the art by 8%. The code is available at
https://github.com/snap—-research/EVLM—-
IF-Prune.

1. Introduction

Vision-language models (VLMs) [4, 10, 21, 29, 30] have
demonstrated remarkable progress across a wide range of
visual tasks, yet their deployment remains hindered by
high computational costs. A key source of inefficiency
arises from the large number of visual tokens produced by
dynamic resolution encoders, which significantly increase
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the sequence length and burden downstream reasoning [4].
However, the visual input has high redundancy and sparsity
as a generation condition in VLM. Therefore, token prun-
ing [5, 22, 24, 38, 39] has emerged as a promising strategy
for improving efficiency by discarding less informative vi-
sual tokens.

Despite recent progress, existing pruning approaches
suffer from fundamental limitations. For example,
FastV [8] assumes that cross-attention from the first gen-
erated token provides a reliable signal of token importance.
In practice, however, this assumption often breaks down,
leading to unstable pruning decisions. More recent work,
SGP [43], aggregates attention scores across all generated
tokens from a small VLM to construct importance maps,
which are then used to guide pruning of a larger VLM with
the same architecture. While this strategy yields improve-
ments at high pruning ratios, its pruning guidance is heav-
ily dependent on the small model’s prior knowledge. This
reliance limits generalization to complex instructions with
higher visual dependencies. As shown in Fig. la, when the
small-VLM lacks the prior knowledge to answer a given
query, the importance map it produces becomes ineffective,
resulting in noisy token retention and impairing the large-
VLM'’s reasoning capacity.

To address this, we invert the paradigm: rather than ask-
ing a small model with limited ability to identify the most
important visual tokens and forcing the large model to fol-
low, we instead train the small model to approximate the
distribution of non-informative tokens. Inspired by varia-
tional information bottleneck [2, 32, 34], we train the small-
VLM learns to map visual tokens conditioned on the user
input to a latent space via a light-weight module, as shown
in Fig. 1b. By restricting the information flow of visual
inputs through a KL regularization term, the visual tokens
with low entropy are treated as non-important ones, which
will be hard-pruned before passing to the large-VLM at in-
ference time. In this way, the small-VLM can highlight
broader regions of informative content than the attention-
based guidance, making the pruning guidance less deter-
ministic but more inspirational and auxiliary [15], and en-
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Figure 1. (a) SGP utilizes a pre-trained VLM for the importance map prediction, but failed to provide helpful pruning guidance due to its
answer-driven mechanism. (b) We fine-tuned an information bottleneck module to map the output visual embeddings from a small-VLM
to a latent variable, which are used to compute the importance of each visual token given the provided text prompt. The pruning guidance

is more helpful than SGP after top- K % pruning for the large-VLM.

abling the large-VLM to retain its full reasoning capability
with better efficiency.

Overall, we posit that effective pruning requires mov-
ing beyond answer-driven heuristics and instead estimat-
ing token importance through a principled probabilistic
framework. This work introduces IF-Prune: Information-
Flow Guided Token Pruning for Efficient Vision-Language
Models, which formulates token importance estimation as
an amortized variational inference problem in VLM [31].
Specifically, we fine-tune a small-VLM to act as a latent
variable sampler [18], and approximate the distribution over
each visual token’s contribution to the downstream task by
parameterizing each latent visual token. Intuitively, this
posterior-driven formulation yields pruning guidance that
is both query- and answer-aware, ensuring that the retained
visual tokens are more informative for reasoning. By com-
puting the KL-divergence between the predicted posterior
and the prior distribution as an importance score, IF-Prune
leverages the small-VLM to provide a robust and transfer-
able estimate of visual relevance.

IF-Prune is also practical for inference. Prior meth-
ods [3, 5, 8] compute importance inside the large VLM’s de-
coder or require full decoding to an end-of-sequence token,
incurring significant overhead. In contrast, IF-Prune pro-
duces guidance in a single forward pass of the small VLM,
substantially reducing the large model’s FLOPs and mem-
ory without sacrificing accuracy. Furthermore, our method
works well with optimized libraries, such as FlashAtten-
tion [12], since it does not require explicitly outputting all
the attention weights, unlike SGP [43] and FastV [8]. We
summarize the contributions of this work as follows.

* We introduce IF-Prune, a principled probabilistic frame-
work for information-flow—guided token pruning, which
casts visual token importance estimation as an amortized
variational inference problem, moving beyond answer-

driven attention heuristics.

* We propose a lightweight, one-pass adaptive pruning
mechanism based on a fine-tuned small VLM that can
be directly applied to various large models without ad-
ditional training.

* Extensive experiments demonstrate that IF-Prune
achieves state-of-the-art trade-offs between efficiency
and performance. Specifically, IF-Prune retains up
to 95% of the original accuracy while utilizing only
5% of the visual tokens, resulting in a 40% reduction
in computational cost, and consistently outperforms
previous SOTA methods by 7% across eight benchmarks.

2. Preliminaries

Vision-Language Models. General-purpose  vi-
sion—language models (VLMs) are typically instantiated
as causal large language models (LLMs) conditioned
on visual inputs. To strengthen visual understanding,
recent families such as LLaVA [21, 30], QwenVL [4, 35],
and InternVL [9, 10] adopt dynamic visual encoders. A
high-resolution image is tiled into multiple crops; each crop
is passed through a ViT to produce a fixed-length sequence
of patch embeddings. Let X € R™*? denote textual
embeddings and V' € R™*9 denote visual embeddings,
both projected into the LLM’s d-dimensional space, and
let N = m + n. The LLM consumes the concatenated
sequence [V;X]| € RY*4 and outputs contextualized
hidden states [V’, X'], in which visual representations
mutually inform text information. At inference time
(pre-fill), the VLM forms a single causal sequence over
visual and textual tokens. With an appropriate attention
mask, each visual token can attend to previously seen text
(e.g., user instructions and system prompts), allowing the
visual features to be shaped by the query context.

Small-VLM-Guided Visual Token Pruning. While ex-



tending the visual-token sequence length can enhance fine-
grained perception, a substantial portion of tokens is em-
pirically redundant or unhelpful. Selecting only the most
informative tokens, therefore, poses a fundamental effi-
ciency—accuracy trade-off [3, 8, 42]. Small-VLM-Guided
Pruning (SGP) [43] tackles this problem by generating a
token-level importance map s € R™ using a compact
vision-language model (VLM), assigning each visual token
an importance score. Specifically, SGP derives s by aggre-
gating the attention weights between all generated tokens
and the conditional visual tokens. In contrast, our proposed
IF-Prune estimates s in a single forward pass, enabling
more direct and efficient importance inference. The top-
K% most salient visual tokens are then retained, while the
remaining tokens are hard-pruned before being forwarded
to the LLM decoder of the answer predictor.

3. Posterior-Guided Visual Token Pruning via
Variational Inference

3.1. Variational Information Bottleneck in VLMs

A central challenge in visual token pruning is determin-
ing the relative importance of each token without intro-
ducing significant computational overhead. We propose a
token-wise variational information bottleneck framework
that treats each visual token as a stochastic latent variable
and uses Kullback-Leibler (KL) divergence to quantify its
information contribution.

Formally, given a set of visual embeddings V' =
{V{,..., V. } after the small-VLM forward pass, we map
them into latent variables Z = {Z, ..., Z,, }, where each
Z; ~ Qo(Z; | V) is the latent representation of the *"
visual token. Each token-wise latent variable is represented
by a multivariate Gaussian distribution as:

Qo(Z; | V) = N(uo(Vy), 03(V))) (1

where 1p(V/),02(V/) € R? are predicted by a projec-
tion layer parameterized by 6. Specifically, in sequence-to-
sequence LM with causal attention, V"’ can naturally fuse
the prior query information by cross-attention over X as
shown in Fig. 2. In this way, by conditioning on V”, the
latent variable prediction is implicitly conditioned on both
query and visual information.

To encourage disentanglement across channels, we adopt
a learnable prior distribution P(z) = N(up,07), where
Iip, 00 € R? are per-channel learnable mean and variance
that are shared over the whole training data space. This
design allows certain latent dimensions to carry more infor-
mative content while encouraging redundancy reduction in
less important dimensions.

To this end, the KL divergence between the approximate

posterior and prior,

DL(Qul(Zi | V) 1P(2)) @
d
= 2" Dia(Qu(2? |V, D) P(z0)
j=1

representing the average amount of channel-wise informa-
tion the i visual token contributes beyond the prior belief
with d dimension. Intuitively, tokens that deviate strongly
from the prior carry higher task-relevant information, while
tokens with near-prior distributions contribute little. Thus,
the KL divergence naturally serves as a token-wise impor-
tance score, forming the basis for pruning guidance at in-
ference time.

Instead of directly predicting the posterior mean of the
visual token (i.e., t19(V;')) using a projection layer, we
introduce a channel-wise gating mechanism to enhance the
expressivity of the posterior mean as:

ith

po(Vi) = o(Ig(Vi)) © (Vi —pp) + 11y, (3)

where Iy(V}) is a learned channel-wise importance gate,
o(x) is a sigmoid function, and © denotes element-wise
multiplication. This mechanism enables the model to in-
dependently modulate how much information each chan-
nel contributes to the posterior within a bound, since 0 <
o(x) < 1. So the gate upper-bounds how far the poste-
rior mean can wander from the prior, directly capping the
KL explosion and stabilizing optimization. However, a free
mean projection can push pig(V;') arbitrarily far, making the
KL term volatile.

3.2. Reconstruction Objective

Our training objective extends the classical variational in-
formation bottleneck [2, 33] to the token level, which can
be easily applied to token prediction within LLM. Overall,
the goal of our objective function is twofold: @ to ensure the
accurate reconstruction of the target output conditioned on
both the query and the latent visual tokens, and @ to penal-
ize redundant tokens by compressing their representations
towards the prior.

Representing each visual token as a continuous Gaussian
distribution makes the optimization gradient intractable.
Following the reparameterization trick [20], we “repa-
rameterize” the distribution Qg (Z; | V/') as,

Zi~ Qo(Zi | V) = Mpo(V)), 03(V))) 4
Zi = pg(V)) + 0o(V)) - ¢, 5)

where € € N'(0, I) is an auxiliary noise variable. Condi-
tioning on the original query X and the reparameterized la-
tent visual tokens Z = {Z1, - -+ , Z,,}, the reconstruction
loss aims to maximize the expectation of the log-likelihood



¥ (ue (Vl'(j)), o2 (Vl'(j)))

M*M*MHM Ql(ziTlvi’)

|
Channel-wise Latent Variable %%%/, |74
///// =

X %4

Prio:: P(z) Dki(Qe(Z|V') Il P(z)) X Query V:Image

Z: Latent V' Y: Answer

+
E[logns(Y | X,2)]

==
e == v
i 4

Reparameterization

Figure 2. The overview of our training pipeline. For each data sample X, VY ~ D, we call small-VLM (i.e., 74) twice. 1°* forward:
Input X and V, and the output V' are mapped to latent space using Qo (*), computing KL divergence with a shared prior. 2" forward:
compute the cross-entropy between the predicted answer 7y (Y| X, Z) and the ground truth Y.

of the final answer Y . To this end, the overall loss is:
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Token-wise KL penalty

where 7, is the conditional likelihood modeled by the VLM
with parameters ¢, and 3 is a trade-off hyperparameter.

The reconstruction loss ensures the latent tokens pre-
serve sufficient information for accurate answer prediction,
while the KL term regularizes each token against the prior.
By applying this penalty at the token level rather than the
sequence level, we achieve two key benefits: 1. Granular
importance estimation. Each token’s KL divergence re-
flects its marginal utility for the downstream task, enabling
fine-grained pruning decisions. 2. Adaptive compression.
The learnable per-channel prior allows the model to auto-
matically retain highly informative latent dimensions while
suppressing redundancy.

In summary, Eq. 6 enforces a principled token-wise
trade-off between predictive sufficiency and compression.
The resulting KL-based importance scores can be directly
employed as a pruning criterion, yielding both interpretabil-
ity and computational efficiency.

3.3. Posterior-Guided Visual Token Pruning

At inference time, we first pass the concatenated sequence
of text and visual tokens (i.e., X V') to a small-VLM (S-
VLM). Then, we extract V'’ from the last hidden-states
of the output sequence (X'V’), where V' are new vi-
sual embeddings containing query information. Next, we
approximate the latent variable of each visual token (i.e.,
Z; ~ Qo(Z; | V), then compute the importance score
for each visual token (i.e., s € R™), which are used
to guide the token pruning in large-VLM (i.e., L-VLM).
This work computes importance map s = {Dk1,(Qo(Z7 |

VOIP(2)),- - Dki(Qo(Zun | V2)IP(2))}, where the
posterior prediction layers parameterized by 6 and the priors
P(z) were optimized in the training process. To be noticed,
S-VLM should share the same model architecture as the L-
VLM for consistent visual encoding. Following SGP [43],
we retain the top-K% of visual tokens by the ranked vs.
Then, we perform hard pruning on V' and the pre-computed
position embeddings. In this way, the remaining visual to-
kens retain the original spatial information from the entire
visual input.

4. Experimental Results

4.1. Training Recipe

This work uses the InternVL family of models for exper-
iments, as their architecture is designed to take the full vi-
sual sequence without compression, thereby clearly demon-
strating the effectiveness of our method. For the small-
VLM (i.e., my(*)), we initialize and fix the model param-
eters from the pretrained InternVL2.5-1B [10], followed
by a learnable light-weight projection module (i.e., Qg (x*)),
which consists of two MLP layers, and two learnable em-
beddings (prior mean i, and variance 012]). To alleviate
the domain shift between 74(Y | X, V') and (Y| X, Z)
during training, we fine-tune the small-VLM using Eq. 6
with LoRA for one epoch. Please refer to the supplemen-
tary for our detailed hyperparameters. For better generaliz-
ability, we follow the training data used in InternVL, which
is a mixture of single-image instruction data proposed by
ShareGPT-4V [6], LLaVA[21], and DVQA [19], etc.

4.2. Benchmarks and Baseline Pruning Methods

We consider the pruning guidance as a general-purpose as-
sistant, and this work focuses on single-image tasks. For
OCR and chart understanding, we utilize TextVQA [28] and
ChartQA [25]. To validate the capabilities in real-world sce-
narios with open-form instructions, we utilize MMStar [7]
and RealWorldQA. Besides general visual understanding,



visual perception evaluates the model’s reasoning ability,
so we adopt MME [14], MMBench [23], MM-Vet [40],
and GQA [16]. For a fair comparison with other pruning
methods, we primarily report the baseline results of our
own implementation and utilize Imms-eval [41] for consis-
tency in the test setting. All our results are reported with
greedy sampling and zero-shot prediction. We carefully
choose four pruning methods to compare with ours, where
ToME [5] solely focuses on reducing visual redundancy
in the vision encoder, FastV [8] progressively reduces the
number of visual tokens in the LLM forward process based
on attention weights, and SGP [43] utilizes a small-VLM to
provide pruning guidance, which is similar to our approach.

4.3. Comparing IF-Prune with Previous Methods

Question: what is the brand of this camera?

e

Question: what does the small white text spell?

IF-Prune

Figure 3. Visualization of visual token importance map proposed
by SGP and IF-Prune (ours).

IF-Prune works as a soft visual cue detector with reason-
ing capability, rather than providing only direct, point-wise
pruning guidance. Existing approaches, such as FastV and
SGP, adopt answer-driven pruning strategies, in which the
retained visual tokens are either directly tied to the predicted
answer or largely irrelevant noise. This strong reliance on a
VLM’s prior knowledge inherently limits both generaliza-
tion and robustness. In contrast, by assigning higher im-
portance scores to a broader set of potentially informative
visual tokens (see Fig. 3), IF-Prune preserves critical con-
textual cues for downstream reasoning. This enables the
large VLM to perform more precise and fine-grained infer-
ence, ensuring both reliability and trustworthiness in prun-
ing decisions. As illustrated in Fig. 5, IF-Prune consistently
identifies semantically meaningful and question-related vi-
sual cues, whereas SGP primarily localizes tokens directly
tied to the predicted answer. We quantify the difficulty of
human instructions by their degree of visual dependency,
with more complex queries requiring a larger set of relevant
visual tokens for accurate reasoning. Under this character-
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Figure 4. Performance—efficiency curve. IF-Prune demonstrates
greater stability under progressively higher token pruning ratios,
preserving accuracy more effectively.

ization, we observe that pruning decisions guided by SGP
enable the large VLM to handle relatively simple queries
but result in substantial performance degradation on visu-
ally demanding ones.

Quantitative results in Table 1 further validate this ad-
vantage. With only 20% of visual tokens retained, IF-Prune
and SGP preserve 99.4% and 98.82% of the original perfor-
mance (measured by the score ratio), respectively, indicat-
ing less than a 1% drop. However, under more aggressive
pruning, the performance gap widens significantly: with
just 5% of tokens, IF-Prune still maintains 95.4% of the
full performance, while SGP and FastV degrade to 88.9%
and 67.1%, respectively. Fig. 4 also shows that pruning
guided by IF-Prune yields more stable performance than
competing methods. Along with the qualitative examples
in Fig. 5, we have presented our main hypothesis: preserv-
ing highly informative tokens is more effective than relying
solely on answer-related tokens. More experimental results
on LLaVA-1.5 can be found in the supplementary.

4.4. One Can Serve Many

While using a small VLM for pruning guidance is effective,
the need to fine-tune a separate small VLM for each large
model is practically inefficient. To assess the generalizabil-
ity of our approach, we examine whether a single fine-tuned
small VLM can transfer pruning guidance to larger mod-
els with the same architecture. Reusing the guide model
from Table 1 (InternVL2.5-1B), we prune InternVL2-8B
with L = 0 and report results in Table 2. At a moder-
ate retention rate (K = 20%), both SGP and IF-Prune re-
main close to the full-token baseline (normalized scores of
98.29% and 97.56%, respectively). Under aggressive prun-
ing (K = 5%), IF-Prune clearly surpasses SGP at the same
retention: 94.03% vs. 90.34% (+3.69). Gains are largest on
MMBench and MMStar. These findings are consistent with
Table | and indicate that the amortized posterior learned by
the small VLM transfers reliably across model scales within
the InternVL family. In practice, we highlight the K = 5%
setting for its superior performance—efficiency trade-off.



Table 1. Comparison of InternVL2-26B with different visual token pruning methods. After obtaining the importance map using different
methods, including FastV, SGP, and IF-Prune, we retain the top-K % (i.e., token ratio) of all input visual tokens and execute hard pruning
at the L*" decoder layer of InternVL2-26B. t are results based on our reproduced experiments. The best results are bold.

Method K

L‘TextVQA ChartQA  GQA MMStar MMBench MM-Vet MME RealWorldQA | Score

| val All  test-dev en-dev test  test test \ ratio T
InternVL2-26B 100% - | 82.45 84.92 64.89 60.08 83.46 64.00 2270 67.58 ‘ 100.00%
ToMe 20% 9| 75.74 62.44  63.61 81.82 52.50 2178 - 94.88%
FastV1 20% 9| 75.62 71.68 61.20 53.01 78.31 45.00 2140 63.27 93.18%
SGPf 20% 9| 81.97 81.68 64.62 56.77 80.76 62.34 2258 67.50 99.15%
IF-Prune (ours) 20% 9| 81.48 82.60 64.56 57.46 80.58 61.01 2271 66.14 99.55%
FastV1 20% 0| 73.42 67.32 60.68 50.55 78.26 52.66 2110 60.26 90.03%
SGPf 20% 0| 81.14 80.92 64.70 56.97 80.50 61.33 2252 67.90 98.49%
IF-Prune (ours) 20% 0| 81.28 82.36 64.86 56.45 79.98 60.32 2263 66.54 99.19%
ToMe 5% 2| 51.69 28.60 57.52 - 73.09 37.70 1933 - 82.33%
FastV1 5% 2| 43.84 26.10 4490 32.65 62.33 31.60 1799 44.05 75.05%
SGPf 5% 2| 78.70 71.08 62.04 50.92 73.71 49.82 2007 64.84 88.50%
IF-Prune (ours) 5% 2| 79.24 71.12 63.52 53.10 77.58 50.83 2189 65.62 95.41%
FastV1 5% 0| 20.06 24.64 4341 32.65 36.94 21.74 1418 44.05 59.10%
SGPf 5% 0| 78.77 70.68 62.08 50.62 73.28 50.23 2028 65.10 89.25%
IF-Prune (ours) 5% 0| 79.04 70.96 63.53 52.49 77.23 5142 2190 66.01 95.44%

Table 2. Performance comparison of InternVL2-8B with different
pruning methods including SGP and IF-Prune.

Method K |GQA MMStar MMBench RealWorldQA |Score %
InternVL2-8B 100%[62.70 59.11  81.90 65.10 | 100%
SGP 20% [62.59 56.37  80.67 64.58  |98.29%
IF-Prune 20% |62.54 56.93  79.64 63.14  |97.56%
SGP 5% [59.95 5037  71.22 6131 ]90.34%
IF-Prune 5% |5847 5334  76.46 6248 | 94.03%

These results indicate that a single fine-tuned small
model can effectively guide pruning across diverse large
VLMs, offering clear advantages over attention-based
methods such as SGP and FastV. Rather than requiring
model-specific attention-implementation for each architec-
ture, IF-Prune provides a reusable, semantically meaning-
ful pruning signal that transfers reliably across models of
different scales. Consequently, it enables efficient, inter-
pretable, and scalable compression of large VLMs without
repeated fine-tuning or exhaustive full-model analysis.

4.5. Efficiency-Performance Trade-off

Although IF-Prune employs a small VLM to guide token
pruning for the large VLM, the overall computational cost
of the system (small + large models) remains lower than
running the large VLM alone. Table 3 reports the average
FLOPs measured over 100 samples. Compared with SGP,
IF-Prune requires significantly fewer FLOPs in the small
model because it only performs a single forward pass to es-
timate token importance, whereas SGP must generate a full
response sequence.

Table 3. Performance and FLOPs of different pruning methods.
We prune 100 — K (%) of visual tokens at L'" decoder layer of
L-VLM. S-F and L-F indicate the inference FLOPs of the small-
and large-VLM. IF-Prune reduces overall FLOPs (small and large
models) by 40% while maintaining 95% performance.

Method K L| S-F | L-F |FLOPs % ||Score % 1
InternVL2-26B 100% -| - |117.7T| 100.0% | 100%
20% 9 81.4T | 81.5% | 99.15%
SGP 5% 2[14.5T| 67.5T | 69.7% | 88.50%
5% 0 654T | 67.9% | 89.25%
20% 9 834T | 74.6% | 99.55%
IF-Prune 5% 2|47T | 69.3T | 62.9% | 95.41%
5% 0 673T | 612% | 95.44%

Table 4. Latency analysis of SGP and IF-Prune over 5k samples.

Method K |Prefill (ms) | | Decode (ms) | | Throughput (token/s) 1
InternVL2-8B 100%| 229.1 | 558 | 16.9
SGP 5% 524.5 51.3 16.4
IF-Prune 5% 238.5 47.6 19.5

While IF-Prune introduces slightly higher FLOPs in the
large VLM due to longer generated responses, the overall
system cost remains substantially lower. For example, when
pruning to K = 5% tokens at layer L = 2, IF-Prune re-
duces the total FLOPs to 62.9% of the baseline while pre-
serving 95.41% of the performance. Across different prun-
ing configurations, IF-Prune consistently achieves a better
efficiency—performance balance than SGP.

While both methods reduce overall FLOPs during infer-
ence, FLOPs do not always directly translate to real-world
efficiency. Therefore, we further analyze the latency of the
prefill and decoding stages. As shown in Table 4, the prefill
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Figure 5. Comparison of the same large-VLM (L-VLM) with different pruning methods. For each visual input, we highlight the top-5%
of all the visual tokens based on the importance map predicted by SGP and IF-Prune. Upper three: SGP provides answer-driven pruning
guidance, impacting the large-VLM’s performance. Lower three: IF-Prune provides posterior-driven guidance, where the retained visual
tokens are high query and answer relevance, allowing the L-VLM to perform sufficient visual understanding before answering.

stage accounts for most of the total inference time because
it processes the entire input sequence. IF-Prune invokes the
small VLM only once to estimate pruning guidance, result-
ing in a prefill latency close to that of the baseline. In con-
trast, SGP requires autoregressive generation from the small
model, leading to significantly higher prefill overhead. Af-
ter pruning the input of large-VLM guided by the small-
VLM, both methods reduce decoding latency by process-
ing fewer visual tokens. However, IF-Prune achieves lower
overall latency and higher throughput.

4.6. Ablation Study

Effect of channel-wise gating activation. We compare
the exponential and sigmoid (o) functions as channel-wise
gating activations to restrict the information flow in non-
informative tokens. While both methods achieve non-trivial
compression, sigmoid consistently outperforms exponen-
tial gating across benchmarks (90.80% vs. 89.83% overall
score). This suggests that sigmoid provides a more inde-
pendent and stable allocation of importance weights across
channels, as its normalized scaling is from (0, 1). This re-
duces the gradient spikes and variance in the KL term, pre-
venting the over-amplification of individual channels.

Training with adaptive KL weight. Our objective in
Eq. 6 has a KL penalty term, aiming to compress the in-

formation of non-query and non-answer correlated visual
tokens. A fixed coefficient 3 can, however, lead to subop-
timal trade-offs across different training stages [13]. In the
early phase of optimization, strong KL regularization may
prematurely suppress informative tokens, hindering recon-
struction fidelity. Conversely, weak regularization in later
stages can lead to redundant token retention and slow con-
vergence. To mitigate this issue, we adopt an adaptive KL
weighting strategy. Concretely, we introduce a schedule
B(8) = Timaz — (Tmaz —Tmin ) ¥min(1, s/7) is the annealing
coefficient, s is the index of the current training step and + is
the number of warm-up steps. This scheme imposes fewer
penalties at the beginning and stronger penalties later. As
shown in Table 5, using a fixed § = 0.5 yields competitive
performance, but a learnable prior with a linear schedule
7(0.2,0.5) improves results by better balancing compres-
sion and reconstruction, indicating that adaptive KL weight-
ing not only stabilizes training but also enables more precise
pruning of redundant tokens.

5. Related Work

5.1. Information bottleneck

The Information Bottleneck (IB) [33] formalizes repre-
sentation learning as a trade-off between task sufficiency



Table 5. Ablation study of major components in our proposed objective function for training the information bottleneck. We report the
results of InternVL2-26B after pruning guided by our small-VLM using IF-Prune with K = 5% and L = 0 for all the models. 3 is the

weight of the KL penalty and f(x) is the gateway activation for posterior mean approximation.

8 f()|ChartQA GQA MMStar MMBench TextVQA MM-Vet RealWorldQA |Score % 1

- - ‘ 8492 64.89 60.08 83.46 82.45 64.00 67.58 ‘ 100%
0.5 exp | 69.92 63.34 5225 77.15 78.28 49.63 65.23 89.83%
0.5 o | 7028 63.77 52.58 75.77 78.72 53.30 66.27 90.80%
7(0,1) o | 71.56 63.58 52.61 75.00 78.55 50.50 65.10 90.05%
7(0.2,0.5) o | 7096 65.53 52.49 77.23 79.04 51.42 66.01 91.19%

and input compression [11]; its variational form (VIB) [2]
makes this trainable at scale by regularizing a parametric
posterior toward a simple prior through a KL term while
maximizing predictive likelihood. IB/VIB has been widely
used for compression and pruning by limiting per-unit in-
formation capacity, yielding task-aware sparsity across neu-
rons, channels, and tokens, and often outperforming heuris-
tic saliency measures at aggressive budgets. In Transform-
ers, IB-style regularization has been applied to heads, MLP
channels, and layers Wang and Yang [36], as well as to
token representations in our study, where per-token latent
variables are scored via KL-to-prior as a principled impor-
tance signal. Complementary “latent bottleneck” modules
(e.g., resamplers or token learners) compress vision fea-
tures into a compact, task-adaptive set [1], embodying the
same retain-relevant/discard-nuisance principle even when
not derived from the IB Lagrangian. Our approach, IF-
Prune, instantiates an amortized, token-level 1B for VLMs:
a small VLM learns Q4 (z|v) per visual token, and the per-
token KL serves as the importance score.

5.2. Vision Language model

Vision-Language Models (VLMs) have advanced rapidly
by aligning visual encoders with large language models,
enabling multimodal reasoning across tasks such as im-
age captioning, visual question answering, and video un-
derstanding. Early approaches such as CLIP [26] and
ALIGN [17] demonstrated the power of contrastive pre-
training, while more recent instruction-tuned models, in-
cluding LLaVA [21, 30], QwenVL [4, 35], and InternVL [9,
10], leverage lightweight adapters or cross-attention mod-
ules to bridge modalities efficiently. These architectures
typically concatenate visual tokens from a vision trans-
former with textual embeddings, enabling joint reason-
ing but also introducing substantial computational burdens
when processing high-resolution images or long videos.
The scaling of VLMs toward long-context multimodal un-
derstanding has further exacerbated these challenges, as vi-
sual tokens can dominate the sequence—often exceeding
80% of total tokens. Therefore, reducing the number of
visual tokens without compromising semantic fidelity has
emerged as a key research direction, motivating recent ad-
vances in token pruning and compression.

5.3. Visual Token Pruning and Compression

To address the inefficiency of processing redundant visual
tokens, a wide range of token compression strategies has
been proposed, spanning transformation-based, similarity-
based, attention-based, and query-guided methods. Among
these, attention-based pruning has attracted particular in-
terest because it directly exploits sparsity in the attention
maps of vision transformers or LLMs. Encoder-side meth-
ods, such as PruMerge+ [27] and VisionZip [38], select to-
kens with high attention relative to the [CLS] token and
merge or discard the remainder. Decoder-side methods,
including FastV [8] and PyramidDrop [37], prune inatten-
tive tokens progressively across layers, guided by the av-
erage attention they receive from visual tokens. A line of
work employs small-VLM to guide pruning. For instance,
SGP [43] uses a small model to estimate token relevance by
aggregating attention weights across all decoder layers dur-
ing decoding, reducing the computational overhead of large
backbones. While effective, these approaches face practi-
cal hurdles when integrated with optimized libraries such
as FlashAttention, which obscure explicit attention scores.

6. Conclusions

This work introduces IF-Prune, a method that reframes vi-
sual token pruning in VLMs as an amortized variational in-
ference problem rather than as attention- or answer-driven
heuristics. By fine-tuning a light-weight information bot-
tleneck, IF-Prune estimates token importance via the KL
divergence between the approximated posterior and a prior
distribution. This posterior-driven signal is both query- and
answer-aware, enabling a small VLM to detect semantically
relevant visual for the large VLM'’s reasoning. Practically,
IF-Prune produces pruning guidance in a single forward
pass of the small-VLM, requires no architectural modifica-
tions to the large-VLM, and remains fully compatible with
optimized kernels such as FlashAttention. Extensive ex-
periments show that IF-Prune achieves state-of-the-art effi-
ciency—accuracy trade-offs across diverse visual tasks. We
believe IF-Prune offers a scalable, easily deployable ap-
proach to bring large VLMs closer to low-latency deploy-
ment without sacrificing reasoning quality.
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