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Abstract. Vision-Language Models (VLMs) incur substantial compu-
tational overhead and inference latency due to the large number of vi-
sual tokens introduced by high-resolution image and video inputs. Ex-
isting parameter-free token compression methods typically rely on to-
ken selection or merging, yet they risk discarding substantial visual in-
formation or distorting the original representation distribution, result-
ing in pronounced performance degradation at high compression ra-
tios. In response, we aim to explore a more effective and efficient vi-
sual token compression strategy, with a promising direction in the fre-
quency domain. Motivated by the success of frequency-domain trans-
forms in image compression (e.g., JPEG), we systematically analyze
the frequency redundancy in visual representations and uncover a non-
uniform distribution of semantic information across frequency bands.
Building upon this, we introduce Fourier Compressor, an effective,
parameter-free, and highly generalizable module that removes redun-
dancy from visual representations within the frequency domain. Im-
plemented via FFT with O(n?logn) complexity and no additional pa-
rameters, Fourier Compressor introduces negligible computational over-
head while preserving semantic fidelity. Extensive experiments on image-
based benchmarks demonstrate that our method achieves a favorable
performance-efficiency trade-off, retaining over 96% of the original accu-
racy while reducing inference FLOPs by up to 83.8% and boosting gen-
eration speed by 31.2%. It consistently outperforms existing parameter-
free methods and even surpasses some parameterized approaches. Impor-
tantly, Fourier Compressor generalizes consistently across both LLaVA
and Qwen-VL architectures, and further extends to video understanding
tasks, highlighting its practical applicability for efficient VLMs.

Keywords: Vision-Language Models - Token compression - Efficiency

1 Introduction

Vision-Language Models (VLMs) extend Large Language Models (LLMs) with
visual understanding capabilities by integrating a vision encoder via a “glue
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layer” (e.g., Multi-Layer Perceptron or Q-Former [14]) to jointly model visual
and textual information. Nevertheless, the generation of a large number of visual
tokens imposes substantial computational demands, as the backbone LLM must
process an extremely long context, resulting in significant overhead and high
inference latency. For instance, LLaVA-v1.5 |20] produces 576 visual tokens for
a single 336 336 image, while Qwen-VL series [1,[29] generates one token per
28 28 pixels, producing several thousand tokens for high-resolution images that
often constitute the majority of the input context, far exceeding the number
of textual tokens. This challenge is further amplified when processing multiple
images and video inputs.

Fortunately, visual representations in VLMSs exhibit considerable redundancy,
motivating the development of visual token compression. Existing parameter-
free methods generally fall into two paradigms. Approaches such as FastV [3],
ATP-LLaVA [33|, and SparseVLM [38| rely on heuristic token selection, which
risks discarding informative visual content. Others, including VisionZip [32] and
LLaVA-PruMerge |26]|, adopt similarity-based token merging, inevitably per-
turbing the underlying visual representation distribution. While being compu-
tationally efficient, both paradigms suffer pronounced performance degradation
under high compression ratios. Parameterized alternatives (e.g., VisToG [10],
QueCC [15], MQT-LLaVA [9]) mitigate these issues with learnable queries, but
incur additional compression-induced computational overhead. Extreme designs
like LLaVA-mini [37] introduce extra transformer blocks, resulting in substantial
cost and reduced architectural flexibility.

To address these limitations, we aim to develop a more effective, efficient,
and generalizable visual token compression strategy. One promising direction
lies in the frequency domain. Frequency-domain transforms have long been
exploited in traditional image compression, where they reveal substantial redun-
dancy and enable highly efficient and generalizable compression methods (e.g.,
JPEG |28|). Inspired by this, we systematically investigate whether similar fre-
quency redundancy exists in visual representations within VLMs. Our analysis
in Sec. 3.2 confirms the presence of such redundancy, uncovering a non-uniform
distribution of semantic information across frequency bands. This property can
be directly exploited to design parameter-free token compression strategies that
are broadly applicable across different VLM architectures.

To this end, we introduce Fourier Compressor, an effective, parameter-
free, and highly generalizable module for compressing visual tokens in VLMs. By
exploiting frequency-domain redundancy in visual representations, our method
achieves a favorable trade-off, significantly reducing token counts at high effi-
ciency while preserving generation performance. Fourier Compressor introduces
no additional parameters, resulting in minimal compression-induced computa-
tional overhead, and generalizes well across multiple VLM architectures, offering
an efficient and broadly applicable solution for visual token compression.

The rest of this paper is organized as follows. Sec. [2] reviews related work.
Sec. |3| presents preliminaries on the Discrete Cosine Transform and the analyses
of frequency components in visual representations. Sec. [f] describes the detailed
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design and theoretical time complexity analysis of our method. Sec. [5| presents
performances on image-based benchmarks, evaluates empirical efficiency, and
demonstrates applicability to video tasks. Finally, Sec. [6] concludes the paper.

2 Related Work
2.1 Visual Token Compression in VLMs

Vision-Language Models (VLMs) have achieved remarkable progress in image
and video understanding by integrating LLMs with vision encoders. Despite
strong performance from models like LLaVA series [2022] and Qwen-VL series |1}
29|, the high volume of visual tokens remains a major bottleneck for efficient
inference and practical deployment.

To address the challenge of long contexts in VLMs, previous research has
primarily focused on reducing the number of visual tokens. One common ap-
proach involves selecting the most relevant visual tokens or merging less im-
portant ones. For example, ATP-LLaVA [33| computes an importance score for
each visual token and dynamically determines a pruning threshold to remove re-
dundant tokens within the backbone LLM, while LLaVA-PruMerge 26| clusters
and averages visual tokens according to similarity between the class token and
spatial tokens. Other methods leverage learnable parameters to extract visual
features. MQT-LLaVA [9] employs a Matryoshka Query Transformer, whereas
QueCC [15] introduces a query-based convolutional cross-attention module that
enables text embeddings to query visual tokens. Furthermore, recent research
has also explored transferring visual information to language tokens, such as
LLaVA-mini [37], which employs a prefusion module that allows textual tokens
to integrate relevant visual information in advance. However, these approaches
have yet to find an optimal balance between the additional computational cost
of compression and performance degradation. This challenge motivates us to
further investigate cost-efficient token compression methods.

2.2 Frequency-based Compression

Frequency domain techniques have long played an important role in signal pro-
cessing and data compression. In computer vision, frequency transformations
are foundational to standard image compression algorithms, such as JPEG [2§].
Previous study [31] has also shown that convolutional neural networks (CNNs)
exhibit a strong sensitivity to low-frequency channels, revealing an inherent fre-
quency bias in visual feature extraction. Beyond the visual domain, frequency-
based approaches have also been widely explored in natural language processing.
For instance, FNet [13] replaces the self-attention mechanism in Transformer-
like encoders with frequency transformation, achieving comparable performance
with significantly reduced computational costs. Fourier-Transformer [8] applies
frequency-domain truncation to downsample hidden states in Transformer mod-
els for improved efficiency. More recently, FreqKV [12] introduces a frequency-
based key-value compression technique that effectively extends the context win-
dow of LLMs. When it comes to VLMs, DocPedia |5] leverages DCT coeficients
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extracted directly from RGB images to perform vision encoding, enabling higher
input resolutions for document understanding tasks. However, the potential of
applying frequency-domain techniques to visual-token-level representations re-
mains largely unexplored.

3 Preliminaries

In this section, we introduce the preliminaries of our method, including the
formulation of the Discrete Cosine Transform (Sec. [3.I), and the analyses of
frequency components in visual representations that reveal semantic redundancy
within the frequency domain (Sec. 3.2).

3.1 Discrete Cosine Transform

The Discrete Cosine Transform (DCT) is a linear invertible function ¥: R™ ¥
R™ that converts a sequence of discrete real numbers from the spatial domain
to the frequency domain. It exhibits strong energy compaction properties, as
most signal information (e.g., audio, image) tends to concentrate in the low-
frequency components after transformation. Among the various variants of DCT,
we conduct the most widely used type-II DCT.

transformation is given by:
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The above transformation expresses hx;i as a sum of orthogonal cosine func-
tions at different frequencies, where the coefficients represent the contribution
of each frequency component.

the original sequence can be recovered by the inverse Discrete Cosine Transform
(iDCT):
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Fig. 1: Heatmap visualization of the frequency spectra of visual representations com-
puted by the Qwen2-VL vision encoder. We consider only the magnitude, averaging
the absolute values across all hidden dimensions for each frequency component, which
is then plotted on a logarithmic scale. In (f), the upper and lower heatmaps show the
averaged frequency spectra of raw images and their corresponding visual representa-
tions from 10,000 sampled images in GQA, respectively.

3.2 Analyses of Frequency Components

To systematically investigate the potential frequency redundancy of visual repre-
sentations and examine the semantic information captured by di erent frequency
bands, we conduct three complementary analyses focusing on: (i) energy distri-
bution, (ii) image perturbation, and (iii) semantic-continuous morphing.

Energy distribution. For multiple images, we apply the two-dimensional
Discrete Cosine Transform (DCT) to the visual representations produced by
the Qwen2-VL [29] vision encoder, and compute the energy of each frequency
component by averaging the absolute values across all hidden dimensions. As
shown in Fig. [, the energy of these visual representations exhibits a strong
concentration in low-frequency components across all hidden dimensions.

The prominence of this pattern varies across images of di erent types, suggest-
ing that the frequency-domain energy distribution inherently encodes structural
and semantic information. Importantly, as

illustrated in Fig. If] the averaged fre-

quency pattern of visual representations

closely resembles that of the correspond-

ing raw images, which motivates our ex-

ploration of frequency-domain compres-

sion, analogous to JPEG |[28], for design-

ing more e ective and e cient visual to-

ken compression strategies.

Image Perturbation. For a xed in-
put image, we apply four types of per-
turbation: (a) Replace, where a fraction Fig.2: Cosine similarity of perturbed
of pixels are replaced with uniform pixel Vversus original visual representations
values; (b) Noise, adding zero-mean Gaus- for four types of perturbation.
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