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Abstract. Large Vision-Language Models (VLMs) typically process hun-
dreds or even thousands of visual tokens per image or video frame, in-
curring quadratic attention costs and significant information redundancy.
Existing token-reduction methods either ignore the textual query or rely
on deep attention maps, which become unstable under aggressive prun-
ing and often lead to degraded semantic alignment. To address this, we
introduce FlashVLM, a text-guided visual token selection framework
that dynamically adapts visual inputs to the given query. Rather than
relying on noisy attention weights, FlashVLM computes an explicit cross-
modal similarity between projected image tokens and normalized text
embeddings within the LLM space. It then fuses this extrinsic text-image
relevance with intrinsic visual saliency using log-domain weighting and
temperature-controlled sharpening. Furthermore, a diversity-preserving
partitioning mechanism retains a minimal yet representative set of back-
ground tokens to preserve global context. Evaluated under identical to-
ken budgets and protocols, FlashVLM achieves beyond-lossless compres-
sion—slightly surpassing the unpruned baseline while discarding up to
77.8% of visual tokens on LLaVA-1.5. Remarkably, it maintains 92.8%
performance even under an aggressive 94.4% compression rate. Extensive
experiments across 14 image and video benchmarks demonstrate that
FlashVLM establishes a new state-of-the-art in efficiency-performance
trade-offs, exhibiting strong robustness and broad generalization across
mainstream VLMs.

Keywords: Vision-Language Models · Token Pruning · Efficient Deep
Learning · Cross-Modal Alignment

1 Introduction

Large Vision Language Models (VLMs), e.g., LLaVA [25, 26, 37] and GPT-
4V [32], have achieved remarkable success by coupling powerful vision encoders
with Large Language Models (LLMs) [20, 28, 37, 39, 40, 42, 48, 54, 56, 58]. The
prevailing paradigm converts each image or video frame into a long sequence
of visual tokens—often hundreds (e.g., 24 × 24 = 576) or even thousands (e.g.,
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Fig. 1: VisPruner keeps its attention static and insensitive to question semantics, while
FlashVLM dynamically selects key tokens based on textual cues, achieving more accu-
rate region focus and stronger semantic alignment.

over 2K tokens for multi-frame videos)—and then concatenates them with text
tokens. However, this “feed-all-tokens” design is fundamentally token-inefficient :
the self-attention in LLMs scales quadratically (O(L2)) with the total sequence
length, so every additional visual token inflates both computational and memory
costs [7,8,33,40,53,55]. This inefficiency is particularly acute for high-resolution
inputs and video understanding, which are known to contain substantial spatial
and temporal redundancy [2, 35,56].

Beyond raw computation, this holistic representation also creates a seman-
tic redundancy problem. In most real-world scenarios, the user’s query is highly
localized, focusing on a small subset of objects or regions (e.g., “What is the
dog on the left doing?”). Yet existing VLMs must still propagate and attend
over all visual tokens, including hundreds of query-irrelevant patches from back-
grounds, skies, or distractor objects. These tokens not only waste the attention
budget but also dilute focus and introduce noise into the reasoning process.
Empirically, we observe that judiciously filtering such noisy tokens can lead to
a counter-intuitive phenomenon: “beyond-lossless” compression, where perfor-
mance can slightly exceed that of the unpruned baseline under identical evalu-
ation protocols [10, 13, 16, 49, 50, 57], precisely because irrelevant distractors are
suppressed.

Problem and Desiderata. We therefore study the following challenge:
given a sequence of visual tokens v = {v1, . . . , vN} from a frozen vision en-
coder and a text query x, how can we select a compact subset vS to feed into
the LLM such that task performance is preserved or improved, the selection
procedure adds negligible overhead, and the mechanism remains architecture-
agnostic without modifying internal transformer layers? In particular, we focus
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Fig. 2: The model encodes text and image features, then combines cross-modal simi-
larity with visual attention to partition visual tokens into important, background, and
diverse tokens. A semantic reweighting and redundancy elimination module selects the
final key tokens from these groups, enabling efficient and semantically aligned visual
reasoning.

on a single-shot selection scheme at the encoder–decoder interface, a far more
deployable approach than per-layer sparsification.

Existing visual token reduction techniques struggle to satisfy these desiderata
simultaneously. They generally fall into three families:

Text-agnostic pruning. Methods such as ToMe [3], VisionZip [44], and
VisPruner [59] rely solely on intrinsic visual cues to merge or drop tokens. While
efficient, they are inherently query-agnostic: subtle yet query-relevant regions
may be removed, causing brittle performance under heavy compression.

Text-guided pruning via attention. Approaches like FastV [5] and Spar-
seVLM [60] use cross-/self-attention maps to derive relevance, but such signals
are often unstable under aggressive pruning due to head sparsity and positional
bias. Many also operate inside the LLM, performing layer-wise sparsification
that increases overhead and breaks compatibility with optimized kernels such as
FlashAttention.

Structural merging and layer-wise sparsification. A third line com-
presses tokens within each transformer block via merging or clustering. However,
this requires architectural modifications, complicating deployment and limiting
portability across VLM backbones.

Designing a token selector that is simultaneously query-aware, stable, ef-
ficient, and non-intrusive thus remains an open challenge. In this paper, we
introduce FlashVLM, a text-guided visual token selection framework that dy-
namically and efficiently tailors the visual input to the LLM. Unlike prior rel-
evance estimators that rely on deep attention maps, FlashVLM computes an
explicit cross-modal similarity between projected image tokens and normalized
text embeddings in the LLM space. This attention-light design yields a sta-
ble and interpretable query signal. Concretely, FlashVLM fuses an “extrinsic”
query–token relevance score with “intrinsic” visual saliency. By balancing se-



mantic relevance with structural priors, FlashVLM robustly preserves not only
the directly queried anchor objects but also the implicitly related contextual cues
and numerical instances required for complex multi-hop reasoning and counting
tasks. A diversity-preserving selection step further mitigates local redundancy
by retaining a non-redundant subset of background tokens to preserve essen-
tial global context. Crucially, the entire procedure is performed once at the
encoder–decoder boundary, requires no modifications to transformer blocks, and
remains fully compatible with FlashAttention.

We evaluate FlashVLM on 14 multimodal datasets spanning image and video
QA. Under a unified evaluation protocol with identical token budgets, FlashVLM
delivers exceptional efficiency–performance trade-offs: on LLaVA-1.5 it achieves
100.60% relative accuracy while pruning 77.8% of visual tokens, slightly out-
performing the unpruned model. It also remains highly robust under 94.4% com-
pression, with consistent gains across LLaVA, Qwen-VL, InternVL, and CogVLM
for both image and video tasks.
Our main contributions are threefold:

– FlashVLM. We propose a lightweight text-guided token selector that fuses
intrinsic saliency with embedding-based query relevance, offering a stable,
attention-independent signal with minimal overhead.

– State-of-the-Art Compression. FlashVLM achieves “beyond-lossless” per-
formance at moderate budgets and maintains structural integrity under ex-
treme pruning, all evaluated under strictly identical protocols.

– Broad Generality. Our method consistently improves diverse VLM back-
bones across image and video tasks without modifying transformer layers or
requiring task-specific tuning.

2 Related Work

Visual Token Reduction and Efficiency in VLMs. Recent Vision-Language
Models (VLMs) [20,28,39,42,45,51,52] encode high-resolution images or multi-
frame videos into dense patch embeddings, resulting in thousands of visual to-
kens and quadratic attention cost. To address this, a series of token compression
and merging strategies has been explored. Early works such as ToMe [3] and
VisionZip [44] compress tokens through intra-image redundancy analysis, while
VisPruner [59] introduces saliency-guided pruning for adaptive visual sparsity.
However, these approaches are largely text-agnostic and fail to consider the se-
mantic relevance of tokens to the input query, leading to the removal of semanti-
cally critical regions. Other compression efforts [23,33] focus on attention-based
clustering, but their performance deteriorates under aggressive pruning due to
instability in attention weights and limited cross-modal guidance.

Text-Guided Token Selection and Cross-Modal Relevance. Recent ad-
vances have incorporated textual cues into token selection to improve query
awareness. FastV [5] and SparseVLM [60] adopt attention-based cross-modal



relevance estimation to retain query-related regions. Despite improved align-
ment, attention-derived signals are inherently unstable—affected by head spar-
sity, query-length sensitivity, and noise accumulation in deep layers. Other ap-
proaches leverage gradient-based saliency [30,36] or CLIP-based similarity [9,34]
to integrate linguistic guidance. However, these methods require additional back-
propagation or suffer from semantic drift when vision–language features are not
co-embedded. In contrast, FlashVLM introduces an explicit and attention-light
similarity formulation between projected visual tokens and normalized text em-
beddings in the LLM space, enabling stable, interpretable, and low-cost relevance
estimation even under heavy compression.

Balancing Efficiency and Semantic Fidelity. Beyond pruning, a concur-
rent research line explores maintaining global context and semantic coherence af-
ter compression. PruMerge+ [37] and VisionZip [44] attempt to preserve holistic
representations via clustering or token regrouping, while VisPruner [59] employs
lightweight reweighting to stabilize saliency maps. However, these approaches
often exhibit local collapse, i.e., focusing too narrowly on high-response regions
while losing background cues critical for reasoning. FlashVLM mitigates this is-
sue through diversity-preserving partitioning, ensuring that both important and
representative background tokens are maintained.

3 Methodology

Our FlashVLM introduces a dynamic, text-guided mechanism for selecting
visual tokens during inference. Given a frozen vision encoder and an LLM,
FlashVLM replaces the full visual token sequence with a compact, query-aware
subset [9, 19, 21]. This strategy aims to preserve task performance while signifi-
cantly reducing computational overhead. By discarding query-irrelevant tokens
before they enter the LLM, FlashVLM reduces the quadratic attention cost and
suppresses visual noise. As shown in our experiments (Sec. 4), the method re-
mains empirically robust even under high compression ratios. As illustrated in
Fig. 3, our method comprises two principal stages:

Query-Guided Relevance Fusion (Sec. 3.1). We derive a fused relevance
score Sfused for each visual patch by combining intrinsic visual saliency (query-
agnostic) with extrinsic query relevance (query-conditioned) through log-domain
fusion. While our formulation is compatible with various similarity measures [15,
31], we employ dot-product similarity by default for its efficiency and stability.

Diversity-Preserving Partitioning (Sec. 3.2). Given Sfused, we partition
tokens into an “important” set and a “residual” set. The important set contains
top-scoring tokens, while an iterative pruning procedure over the residual set
retains a small, non-redundant subset of background tokens to maintain global
context.

Crucially, FlashVLM operates in an attention-light manner: all relevance sig-
nals are computed directly from feature embeddings without modifying or re-
peatedly sparsifying internal attention maps.



What is the red fruit on the 
right side of the image?

And the yellow fruits on the 
left side of the picture?

Tomatoes.

Bananas.

Does the tree in the image 
have many leaves?

What color is the fire hydrant 
in the image?

No.

Blue.

Fig. 3: The model’s focus shifts according to each question: in the fruit image, it
attends to tomatoes when asked about “the red fruit” and switches to bananas for “the
yellow fruits”; in the outdoor scene, it focuses on the tree crown for leaf-related queries
and moves to the blue fire hydrant when asked about its color, demonstrating strong
question-dependent dynamic adaptation.

3.1 Query-Guided Relevance Fusion

Let N visual patch features V = {vi}Ni=1 ∈ RN×Dv be extracted from the vision
tower, and Lt text token embeddings Traw = {tj}Lt

j=1 ∈ RLt×Dllm be generated
by the LLM’s embedder. Dv and Dllm represent the visual and LLM feature
dimensions, respectively.

Intrinsic Visual Saliency (Sintrinsic) quantifies the query-agnostic impor-
tance of each patch. We derive this signal, A, from the vision encoder’s attention
mechanism (e.g., from the final layer) by averaging attention weights across all
heads. To normalize the scores, we apply min–max normalization Nminmax:

Sintrinsic = Nminmax(A) =
A−min(A)

max(A)−min(A) + ϵ
, (1)

where ϵ is a small constant (e.g., 10−6) for numerical stability. This score reflects
inherent visual prominence independent of the current query. Crucially, because
it is derived from the vision encoder’s dense self-attention, it inherently captures
local context and multi-object relationships. This prevents the model from col-
lapsing its focus solely onto explicitly queried anchor objects, thereby preserving
the indirectly relevant visual cues necessary for complex multi-hop reasoning.

Extrinsic Query Relevance (Sextrinsic) measures how well each patch
aligns with the text query in the shared LLM space, providing a complementary
cross-modal signal.

Projection and Contextual Query Gating. We first project visual features into the
LLM space using the multimodal projector Wproj and apply ℓ2-normalization:

Vproj = NL2

(
Wproj(V)

)
∈ RN×Dllm . (2)

Rather than relying on the raw vector magnitude to estimate token impor-
tance—which overlooks the highly contextualized nature of LLM embeddings—we



extract the inherent text-to-text self-attention weights Atext from the LLM’s
early layers. This allows the model to naturally gate tokens based on syntactic
and semantic dependencies. For each token tj , the context gate gj is defined as
its aggregated attention sink score:

gj =

∑Lt

k=1 Atext[k, j]

maxm
∑Lt

k=1 Atext[k,m] + ϵ
. (3)

The gated embeddings Tgated = {gj · tj}Lt
j=1 are subsequently ℓ2-normalized

to yield Tnorm = NL2
(Tgated). This dynamic modulation weights token contri-

butions according to the model’s own semantic parsing rather than arbitrary
heuristics. In the absence of a text query, Sextrinsic is set to zero, and the method
gracefully degrades to attention-only pruning.

Similarity Aggregation. We compute a cross-modal similarity matrix Scross ∈
RN×Lt via dot product:

Scross = Vproj ·T⊤
norm. (4)

For each visual patch vi, we then aggregate its similarity to all text tokens into
a single score, stext[i], using a temperature-controlled weighted sum:

wij = softmaxj
(
Scross[i, j]/τagg

)
, stext[i] =

∑Lt

j=1 wij Scross[i, j],
(5)

where τagg = 0.05 is chosen empirically to sharpen intra-query attention (see
ablations in Sec. 4.3).

Adaptive Relevance Filtering. To separate query-relevant patches from low-signal
backgrounds without relying on rigid hyperparameter heuristics, we apply an
adaptive, parameter-free statistical filter to the aggregated similarity scores stext.
We calculate the batch mean µ and standard deviation σ of the scores, and
use standardization to suppress values that fall below a dynamically calculated
threshold:

sfiltered[i] = max

(
0,

stext[i]− µ(stext)

σ(stext) + ϵ

)
. (6)

This approach naturally adjusts to the varying score distributions of different
queries and images. The filtered result is then min–max normalized to produce
the final extrinsic score:

Sextrinsic = Nminmax(sfiltered). (7)

Log-Domain Fusion. To ensure that selected tokens are both visually
salient and text-relevant, we fuse Sintrinsic and Sextrinsic using a weighted ge-
ometric mean implemented in the log domain:

Sfused = Nminmax

(
exp

(
(1− η) log(Sintrinsic + ϵ) + η log(Sextrinsic + ϵ)

))
,

(8)



where η = 0.5 (by default) balances the contributions of intrinsic and extrin-
sic signals. This fusion strategy prioritizes tokens that score high under both
modalities, acting as a soft geometric compromise between visual saliency and
semantic relevance.

3.2 Diversity-Preserving Token Partitioning

Given a total token budget Tkeep, we partition the visual tokens into Timp impor-
tant tokens and Tdiv diverse background tokens. By default, we use a balanced
allocation where Timp = Tdiv = 0.5 × Tkeep. This bifurcated design ensures we
preserve the most semantically relevant patches while maintaining a complemen-
tary set of background tokens for global contextual coverage.

Important Token Selection. We first sort all patches based on their fused rel-
evance score Sfused in descending order. The top Timp indices are exclusively
selected to form the important token set:

Isorted = argsort
desc

(Sfused), Iimp = Isorted[: Timp], Icandidate = Isorted[Timp :].

(9)

Diversity-Preserving Residual Selection. The remaining candidate pool, Icandidate,
often contains redundant or near-duplicate background patches. To enforce di-
versity without incurring the prohibitive O(N2) cost of full pairwise similarity
computation, we perform an iterative bipartite pruning over the ℓ2-normalized
features Vcand = NL2

(V[Icandidate]).
To ensure reproducibility and spatial uniformity, we deterministically split

the candidate set into two disjoint subsets, Veven and Vodd, based on their flat-
tened 2D spatial sequence indices. At each iteration, we compute the cross-subset
cosine similarity matrix between Veven and Vodd. We identify the specific token
pair exhibiting the maximum similarity (i.e., highest redundancy) and drop the
token possessing the lower fused relevance score Sfused. This greedy removal dy-
namically updates the subset. The iterative pruning terminates strictly when the
total number of remaining tokens in the candidate pool reaches the target budget
Tdiv. This produces a compact, structurally diverse background representation
with minimal overhead.

4 Experiments

Datasets. We evaluate the effectiveness of FlashVLM through comprehensive
benchmarking on 14 authoritative multimodal datasets. The evaluation covers
10 image-based benchmarks, including VQAv2 [12], GQA [17], VizWiz [14],
ScienceQA-IMG [30], TextVQA [38] for visual question answering, as well as
POPE [22], MME [11], MMBench [29], MMBench-CN, and MMVet [46] for
holistic multimodal assessment. In addition, we benchmark on 4 video-based
question answering datasets: TGIF-QA [18], MSVD-QA [43], MSRVTT-QA, and



Method VQAv2 GQA VizWiz SQA-IMG TextVQA POPE MME MMB MMB-CN MMVet ACC

Upper Bound 78.5 62 50 66.8 58.2 85.9 1510.7 64.3 58.3 31.1 100.0%

Keep 128 Tokens (Prune 77.8%)
ToMe 63 52.4 50.5 59.6 49.1 62.8 1088.4 53.3 48.8 27.2 83.9%
FastV 61.8 49.6 51.3 60.2 50.6 59.6 1208.9 56.1 51.4 28.1 85.4%
SparseVLM 73.8 56.0 51.4 67.1 54.9 80.5 1376.2 60.0 51.1 30.0 94.4%
PruMerge+ 74.7 57.8 52.4 67.6 54.3 81.5 1420.5 61.3 54.7 28.7 95.8%
VisionZip 75.6 57.6 52.0 68.9 56.8 83.2 1432.4 62.0 56.7 32.6 98.4%
VisPruner 75.8 58.2 52.7 69.1 57.0 84.6 1461.4 62.7 57.3 33.7 99.7%
FlashVLM 76.4 (+0.6) 58.9 (+0.7) 53.1 (+0.4) 69.5 (+0.4) 57.6 (+0.6) 85.1 (+0.5) 1483.2 (+21.8) 63.2 (+0.5) 57.6 (+0.3) 34.1 (+0.4) 100.6% (+0.9)

Keep 64 Tokens (Prune 88.9%)
ToMe 57.1 48.6 50.2 50.0 45.3 52.5 922.3 43.7 38.9 24.1 73.9%
FastV 55.0 46.1 50.8 51.1 47.8 48.0 1019.6 48.0 42.7 25.8 75.9%
SparseVLM 68.2 52.7 50.1 62.2 51.8 75.1 1221.1 56.2 46.1 23.3 86.4%
PruMerge+ 67.4 54.9 52.9 68.6 53.0 77.4 1198.2 59.3 51.0 25.9 90.6%
VisionZip 72.4 55.1 52.9 69.0 55.5 77.0 1365.6 60.1 55.4 31.7 95.6%
VisPruner 72.7 55.4 53.3 69.1 55.8 80.4 1369.9 61.3 55.1 32.3 96.6%
FlashVLM 73.6 (+0.9) 56.1 (+0.7) 53.6 (+0.3) 69.3 (+0.2) 56.1 (+0.3) 81.7 (+1.3) 1383.4 (+13.5) 61.8 (+0.5) 55.8 (+0.7) 32.9 (+0.6) 97.9% (+1.3)

Keep 32 Tokens (Prune 94.4%)
ToMe 46.8 43.6 51.3 41.4 38.3 39.0 828.4 31.6 28.1 17.3 61.4%
FastV 43.4 41.5 51.7 42.6 42.5 32.5 884.6 37.8 33.2 20.7 64.1%
SparseVLM 58.6 48.3 51.9 57.3 46.1 67.9 1046.7 51.4 40.6 18.6 77.9%
PruMerge+ 54.9 51.1 52.8 68.5 50.6 70.9 940.8 56.8 47.0 21.4 83.0%
VisionZip 67.1 51.8 52.9 68.8 53.1 68.7 1247.4 57.7 50.3 25.5 89.0%
VisPruner 67.7 52.2 53.0 69.2 53.9 72.7 1271.0 58.4 52.7 28.8 91.5%
FlashVLM 69.3 (+1.6) 52.8 (+0.6) 53.2 (+0.2) 69.4 (+0.2) 54.6 (+0.7) 74.5 (+1.8) 1286.5 (+15.5) 59.3 (+0.9) 53.4 (+0.7) 29.6 (+0.8) 92.8% (+1.3)

Table 1: Under different token budgets (128/64/32), FlashVLM consistently achieves
the best or near-best performance across 12 benchmarks, maintaining high accuracy
even under aggressive token reduction. This highlights its superior robustness and
efficiency compared with prior pruning and compression baselines.

ActivityNet-QA [47]. For all benchmarks, we strictly follow the official evalua-
tion protocols and metrics. Additional details are provided in the supplementary
material.

Model Architecture. To validate the generality of FlashVLM, we apply it
to a diverse set of visual-language model architectures. This includes the LLaVA
family (LLaVA-1.5 [25] [27] for image and Video-LLaVA [24] [61] for video un-
derstanding), demonstrating its cross-modal applicability. Moreover, we extend
FlashVLM to other mainstream VLMs such as Qwen-VL [1], InternVL [6], and
CogVLM [41], with detailed results reported in Appendix. All models follow
their respective original inference configurations to ensure fair comparison.

Baselines. For a comprehensive comparison, we include visual token prun-
ing baselines from two major paradigms. The first category consists of text-
irrelevant methods, including ToMe [4], LLaVA-PruMerge [37], VisionZip [44],
and VisPruner [59]. The second category includes text-relevant pruning methods,
represented by FastV [5] and SparseVLM [60]. This selection ensures broad cov-
erage across pruning paradigms and pruning stages within VLM pipelines. For
fair comparison, performance numbers for all baseline models are directly taken
from the results reported in the VisPruner paper. Performance of FlashVLM is
reported as the average over five independent runs to ensure statistical stability.

4.1 Different Visual Token Configurations

We first deploy and evaluate FlashVLM on the widely adopted LLaVA-1.5-7B
model, followed by comprehensive comparisons against existing pruning meth-
ods. Table 1 reports the performance of different pruning strategies under three
visual token budgets (128, 64, and 32 tokens).

The results clearly demonstrate that FlashVLM achieves state-of-the-art per-
formance across all evaluated pruning configurations. Under moderate pruning



Method TGIF-QA MSVD-QA MSRVTT-QA Average

Acc (%) Score Acc (%) Score Acc (%) Score Acc (%) Score

Upper Bound 19.8 2.53 70.5 3.93 57.5 3.50 49.3 3.32

Keep 455 Tokens (Prune 77.8%)
FastV 19.2 2.50 69.1 3.91 54.4 3.42 47.6 3.28
VisPruner 18.4 2.49 70.2 3.95 56.7 3.50 48.4 3.31
FlashVLM 18.9 2.52 70.3 3.97 57.0 3.51 48.7 3.33

Keep 227 Tokens (Prune 88.9%)
FastV 14.3 2.42 68.9 3.90 53.0 3.40 45.4 3.24
VisPruner 15.9 2.41 69.3 3.92 55.6 3.45 46.9 3.26
FlashVLM 16.0 2.46 69.6 3.94 55.8 3.47 47.1 3.29

Keep 114 Tokens (Prune 94.4%)
FastV 10.6 2.29 64.1 3.78 52.4 3.39 42.4 3.15
VisPruner 14.1 2.35 65.4 3.79 54.1 3.41 44.5 3.18
FlashVLM 14.3 2.37 65.6 3.80 54.3 3.44 44.7 3.20

Table 2: The consistently superior or competitive accuracy/scores of our FlashVLM
under all compression levels (455/227/114 tokens), maintaining strong performance
even under aggressive pruning, compared with FastV and VisPruner.

(128 tokens retained, corresponding to 77.8% pruning), FlashVLM reaches an
average accuracy of 100.60%, surpassing even the reported performance of the
unpruned (upper-bound) model. This seemingly counterintuitive result high-
lights the effectiveness of our token selection mechanism: FlashVLM not only
performs lossless compression but can also bring slight performance gains by
filtering redundant or noisy visual tokens. Moreover, FlashVLM exhibits strong
robustness under aggressive pruning. With 88.9% and 94.4% compression (64
and 32 tokens retained), FlashVLM maintains the highest accuracy scores of
97.90% and 92.80%, respectively. Notably, under the extreme 32-token config-
uration, FlashVLM significantly outperforms the next-best method VisPruner
(91.50%), while methods such as ToMe suffer substantial performance degrada-
tion (61.40%). Finally, the superiority of FlashVLM is consistent and general. As
indicated by the red highlights in Table 1, FlashVLM achieves the best results
across all 10 sub-benchmarks under each of the three token retention settings.

4.2 FlashVLM in Video Understanding Scenarios

Video understanding represents another typical setting characterized by ex-
tremely high visual redundancy. To further validate the generalizability and
robustness of FlashVLM, we extend and deploy it on the Video-LLaVA model.
We follow similar experimental configurations and conduct evaluations on three
widely used VideoQA benchmarks (TGIF-QA, MSVD-QA, and MSRVTT-QA),
using ChatGPT-Assistant as the unified evaluator. In this setup, Video-LLaVA
processes 8 video frames at 224 resolution, resulting in a total of 2048 visual
tokens. As shown in Table 2, FlashVLM consistently achieves strong perfor-
mance across all three benchmarks. Under all pruning levels (77.8%, 88.9%, and
94.4%), FlashVLM attains the highest average accuracy scores of 48.7%, 47.1%,



Model Attention Distance ↓ Score Map Entropy ↓ Token–Box IoU ↑

FastV 2.86 1.52 0.21
SpareVLM 2.43 1.36 0.27
VisPruner 1.63 0.91 0.35
FlashVLM 1.08 0.76 0.46

Table 3: Effectiveness comparison of visual token selection strategies on
VQAv2 (500 annotated samples). Lower Attention Distance and Score Entropy indicate
more accurate spatial alignment and less attention dispersion; higher Token–Box IoU
indicates more precise semantic grounding.

and 44.7%, respectively, outperforming both FastV and VisPruner. Notably, un-
der the moderate compression setting (retaining 455 tokens), FlashVLM achieves
an accuracy of 48.7%, and its average score (3.33) slightly surpasses the reported
score of the unpruned upper-bound model (3.32). This again demonstrates that
FlashVLM’s dynamic token selection mechanism can effectively filter temporal
redundancy and noise in video sequences, enabling “beyond lossless” compres-
sion. Moreover, under the extreme pruning ratio of 94.4% (retaining only 114
tokens), FlashVLM still maintains the highest average accuracy of 44.7%, and
achieves the best score across all three sub-task benchmarks. In contrast, FastV
exhibits more severe performance degradation (42.4%). These results further
substantiate the robustness and performance advantages of FlashVLM in highly
compressed video scenarios.

4.3 Effectiveness Analyses

To systematically evaluate the advantage of FlashVLM’s lightweight text-guided
token selection over conventional vision-language attention strategies, we con-
duct a comparative study on 500 randomly sampled VQAv2 instances with
manually annotated ground-truth region boxes. We compare four representa-
tive methods, i.e., FlashVLM, FastV, SpareVLM, and VisPruner, and measure
three key metrics: Attention Distance (quantifying the spatial deviation of
the final focus region), Score Map Entropy (assessing the concentration of
the score distribution and the degree of redundancy suppression), and Token-
Box IoU (evaluating the overlap between the selected visual tokens and the
annotated region, i.e., semantic relevance). These metrics respectively reflect
spatial alignment, distribution sparsity, and semantic matching accu-
racy, enabling a comprehensive assessment of cross-modal grounding quality
and visual redundancy reduction across different token selection paradigms.

Table 3 reflects the differences in cross-modal focusing quality across differ-
ent models. (1) Attention Distance. This metric captures the RoPE-induced
“proximity bias”. FastV and SpareVLM exhibit substantial spatial drift (2.86 /
2.43) due to the absence of corrective mechanisms, while VisPruner partially
mitigates this effect (1.63), but its focusing remains primarily driven by vi-
sual saliency rather than semantic grounding. In contrast, FlashVLM performs



Fig. 4: The attention signal contains many noisy peaks, making key tokens hard to
identify. In contrast, the text-similarity signal is sparse and semantically focused, effec-
tively filtering out noisy attention activations. The fused score combines both, yielding
more accurate and stable key-token localization.

lightweight text-guided semantic reweighting over visual tokens, steering the
focus from positional proximity to semantic relevance, thus significantly reduc-
ing the spatial deviation (1.08). (2) Score Map Entropy. FlashVLM pro-
duces a low-entropy and semantically coherent concentration (0.76), effectively
avoiding the “high-entropy, low-peak” dispersion problem. FastV and SpareVLM
show higher entropy values (1.52 / 1.36), failing to form a stable salient region,
while VisPruner may exhibit concentration in favorable cases but tends to re-
vert to saliency-driven dispersion in complex scenes lacking a dominant subject
(0.91).(3) Token–Box IoU. FlashVLM achieves the highest degree of semantic
grounding (0.46), considerably outperforming FastV (0.21), SpareVLM (0.27),
and VisPruner (0.35), demonstrating that its focused regions are not only con-
centrated but also accurately aligned with the task-relevant visual object.

As shown in Figure 4, FlashVLM’s log-space fusion integrates the com-
plementary strengths of the two unimodal signals. The visual-attention score
(top) exhibits low-amplitude, noisy responses dominated by local textures with-
out semantic grounding. The text-similarity score (middle) shows sparse, sharp
peaks—strong semantic cues but poor spatial continuity—leading to unstable
focus when used alone.



Method Tokens Kept FLOPs (T) KV Cache (MB) GPU Memory (GB) Latency (ms)

LLaVA-NeXT-7B 2880 43.6 1440 17.0 313

FastV 640 13.5 380 16.9 148
VisPruner 640 11.5 360 14.8 117
FlashVLM 640 11.3 356 14.6 115

FastV 160 6.3 95 16.9 112
VisPruner 160 3.8 80 14.7 78
FlashVLM 160 3.6 78 14.7 74

Table 4: Runtime efficiency under identical token budgets. FlashVLM performs
single-shot semantic token selection at the encoder–decoder interface, requiring no
modification to internal transformer blocks. This design introduces negligible overhead
and preserves full compatibility with FlashAttention, enabling the lowest FLOPs, KV-
cache usage, and latency among all methods.

Method VQAv2 POPE MMB MMVet GQA

Keep 128 Tokens (Pruning Ratio 77.8%)

Full Model 76.4 85.1 63.2 34.1 58.9
w/o Sextrinsic (no text guidance) 75.9 84.6 62.8 33.7 58.3
w/o Sintrinsic (no visual saliency) 75.3 84.1 62.6 33.5 58.1
w/o Diversity Reserve 75.9 84.8 63.0 33.8 58.1
w/o Log-Domain Fusion (→ Linear) 76.1 84.9 63.1 33.9 58.6
w/o Text Sharpening 75.7 84.8 62.9 33.6 58.5
w/o Query Gating 75.8 84.4 62.7 33.7 58.3

Keep 64 Tokens (Pruning Ratio 88.9%)

Full Model 73.6 81.7 61.8 32.9 56.1
w/o Sextrinsic (no text guidance) 72.7 80.6 61.3 32.4 55.4
w/o Sintrinsic (no visual saliency) 72.5 80.7 61.1 32.1 55.2
w/o Diversity Reserve 72.4 81.3 61.5 32.2 55.6
w/o Log-Domain Fusion (→ Linear) 73.2 80.2 61.2 32.5 55.8
w/o Text Sharpening 73.0 80.9 61.2 32.3 55.6
w/o Query Gating 72.8 81.0 61.4 32.3 55.3

Table 5: Removing individual components under different token budgets (128 / 64)
consistently degrades performance. The largest drops occur when removing text guid-
ance (w/o Sextrinsic) or diversity preservation (w/o Diversity Reserve), highlighting
their essential roles in maintaining robust cross-task performance.

4.4 Efficiency Evaluation

To assess the efficiency advantages of FlashVLM, we conduct a comprehen-
sive comparison against two representative token-reduction baselines, i.e., FastV
(text-aware but attention-dependent) and VisPruner (text-agnostic saliency-
guided pruning), on the LLaVA-NeXT-7B model. These two methods repre-
sent the strongest prior approaches from the two dominant pruning paradigms
and are widely used as primary efficiency references in recent VLM compression
studies. Following the measurement protocol of VisPruner, we report four key
runtime indicators: FLOPs, KV-cache size, GPU memory consumption,
and end-to-end CUDA latency. All measurements are performed with batch
size 1, FP16 inference, and a single NVIDIA A100 GPU, ensuring strict fairness.
We evaluate two commonly used compression budgets, reducing the original 2880
visual tokens to 640 and 160 tokens.



As shown in Table 4, FlashVLM achieves the lowest FLOPs and latency
under both token budgets. At 640 tokens, FlashVLM reduces computation to
11.3T FLOPs and 115 ms latency—slightly outperforming VisPruner and sub-
stantially faster than FastV. Under aggressive pruning (160 tokens), FlashVLM
further improves to 3.6T FLOPs and 74 ms latency. These results highlight
the core advantage of FlashVLM: Unlike FastV or SparseVLM, which repeatedly
sparsify and recompute attention maps within the transformer layers, FlashVLM
operates entirely outside the transformer stack, preserving dense attention and
maintaining compatibility with FlashAttention. This yields both strong runtime
efficiency and stable semantic relevance, enabling FlashVLM to scale naturally
to future high-resolution or long-context VLMs.

4.5 Ablation Study

To assess the contribution of each component in FlashVLM, we evaluate six abla-
tion settings across five benchmarks (VQAv2, POPE, MMB, MMVet, GQA). (1)
w/o Text Guidance (Sextrinsic): remove query-conditioned similarity to test
localization without semantic grounding. (2) w/o Visual Saliency (Sintrinsic):
keep only text-based relevance to examine reliance on structural visual priors.
(3) w/o Diversity Reserve: use only Top-K tokens to measure how aggres-
sive redundancy removal affects contextual completeness. (4) w/o Log-Fusion
(Linear Fusion): replace log-domain fusion with linear summation to test the
role of geometric combination. (5) w/o Text Sharpening: remove sparsity-
enhancing sharpening to analyze its effect on emphasizing discriminative regions.
(6) w/o Query Gating: disable query-norm gating to study the impact of weak
or irrelevant textual signals on cross-modal alignment. As shown in Table 5, re-
moving any component reduces performance under both 128- and 64-token set-
tings. Under 64 tokens, removing query-guided relevance (w/o Sextrinsic) or visual
saliency (w/o Sintrinsic) leads to drops of 0.7 and 0.8, showing that semantic
cues and structural priors jointly support reliable relevance estimation. Notably,
the degradation without Sintrinsic confirms that purely text-driven similarity is
insufficient; inherent visual attention is necessary to capture the inter-object
relations crucial for multi-hop reasoning.

5 Conclusion and Limitations

We introduced FlashVLM, a simple, query-aware token selection method op-
erating at the encoder–decoder boundary. By fusing intrinsic saliency with an
attention-free cross-modal similarity signal, it retains only relevant visual tokens
while preserving essential context. Experiments across 14 benchmarks demon-
strate beyond-lossless accuracy with over 75% token reduction. FlashVLM re-
mains stable under extreme pruning and generalizes across diverse VLMs, offer-
ing an efficient solution for scalable multimodal reasoning.
Limitations. FlashVLM’s performance depends on projected visual embedding
quality, and highly fine-grained tasks may require larger token budgets. While



norm-based gating mitigates complex compositional queries, pure logical nega-
tion without explicit parsing remains challenging. Finally, our single-shot selec-
tion lacks multi-step refinement or temporal feedback, presenting avenues for
future work to enhance adaptability.
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