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Abstract

Large Vision-Language Models (VLMs) have been extended
to understand both images and videos. Visual token com-
pression is leveraged to reduce the considerable token
length of visual inputs. To meet the needs of different
tasks, existing high-performance models usually process
images and videos separately with different token compres-
sion strategies, limiting the capabilities of combining im-
ages and videos. To this end, we extend each image into
a “static” video and introduce a unified token compres-
sion strategy called Progressive Visual Token Compression
(PVC), where the tokens of each frame are progressively
encoded and adaptively compressed to supplement the in-
formation not extracted from previous frames. Video tokens
are efficiently compressed with exploiting the inherent tem-
poral redundancy. Images are repeated as static videos,
and the spatial details can be gradually supplemented in
multiple frames. PVC unifies the token compressing of im-
ages and videos. With a limited number of tokens per frame
(64 tokens by default), spatial details and temporal changes
can still be preserved. Experiments show that our model
achieves state-of-the-art performance across various video
understanding benchmarks, including long video tasks and
fine-grained short video tasks. Meanwhile, our unified to-
ken compression strategy incurs no performance loss on
image benchmarks, particularly in detail-sensitive tasks.
Code is released at hitps://github.com/OpenGVLab/PVC.

1. Introduction

Recently, large Vision-Language Models (VLM) [1, 3, 7,
8, 18,24, 25, 38, 39, 48, 49, 52] have achieved remarkable
success in various image-text tasks, demonstrating strong
general capabilities. Further studies have extended these
models to handle both images and videos. While videos can
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Figure 1. Comparison of token encoding and compression in
VLMs. (a) Existing VLMs compress image and video tokens sep-
arately, leading to inconsistency: more tokens per image benefit
image spatial perception, while videos tend to sacrifice some to-
kens per frame to accommodate more frames. (b) Our progressive
compression (PVC) achieves unified compression of images and
videos, allowing for the continuous supplementation of image de-
tails and temporal dynamic information in subsequent frames.

be seen as a natural extension of images over time, the ad-
ditional temporal dimension poses new challenges. VLMs
typically use visual tokens to represent visual information.
A single image often requires hundreds or even thousands
of tokens. If each frame of a video is encoded in the same
way, a 100-frame video would generate over tens of thou-
sands of tokens, causing a significant computational burden
during training and inference. To address this, VLMs use
a technique called visual token compression [7, 18, 52] to
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reduce the number of tokens and lower computational com-
plexity. The key challenge is finding a way to reduce the
number of tokens while retaining essential information.

As shown in Fig. | (a), many high-performance VLMs
usually process images and videos separately, using differ-
ent visual token compression methods to meet the specific
needs of each. For images, the models need to preserve
fine-grained spatial details to support detail-intensive im-
age tasks (e.g., OCR). For videos, current tasks often fo-
cus more on capturing dynamic changes over time and re-
quire fewer spatial details. This allows for fewer tokens
per frame, sacrificing some spatial details to accommodate
more frames. For example, Qwen2-VL [52] and LLaVA-
OneVision [18] reduce the number of tokens per frame
for videos compared to tokens per image to handle more
frames. However, treating images and videos separately can
hinder their combined capabilities, such as limiting the abil-
ity of video to recognize spatial details.

An ideal visual token compression method should sup-
port unified image and video processing, effectively captur-
ing spatial details and temporal changes. To achieve this, as
illustrated in Fig. 1 (b), we extend each image into a static
video and introduce the concept of “progressive compres-
sion” for videos: the current frame only encodes new infor-
mation not extracted from previous frames. This effectively
reduces representation redundancy and lowers the number
of tokens required for each frame. For the video modality,
adjacent frames are often similar and naturally have tempo-
ral redundancy. Encoding each frame independently results
in repeated information and wasted tokens. By applying
progressive compression, token redundancy is minimized,
and temporal changes can be captured efficiently. For the
image modality, a single image is repeated into multiple
frames to form a static video. Progressive compression can
then be applied to these frames, allowing spatial details to
be gradually supplemented in subsequent frames. This ap-
proach unifies the processing of images and videos. Even
with a limited number of tokens per frame, spatial details
and temporal changes can be preserved.

Specifically, our proposed Progressive Visual Token
Compression (PVC) strategy is achieved with the follow-
ing architectural designs: (1) We standardize VLM inputs as
videos. Each image is repeated multiple times (4 by default)
to form a “static” video. (2) A progressive encoding module
is introduced to the vision encoder. This module consists
of a causal temporal attention to avoid redundant informa-
tion and progressively extract information complementary
to the representations of previous frames. An AdaLN op-
erator injected with timestep information is adopted to dif-
ferentiate different frames and avoid redundant encoding.
(3) An adaptive compression module is introduced to com-
press the visual tokens without redundancy. Based on Pix-
elShuffle [46] with shared MLP (i.e., the token compression

method used by the open-source VLM InternVL [7, 49]),
we incorporate an additional AdalLN operator to extract dif-
ferent spatiotemporal information at different time steps.
We evaluate our model on a wide range of multi-modal
benchmarks. Our model achieves state-of-the-art results
across various video understanding benchmarks, including
long video tasks (e.g., VideoMME [13], MLVU [68]) and
fine-grained short video tasks (e.g., MVBench [22]). Mean-
while, on image understanding benchmarks, especially for

detail-intensive tasks (e.g., DocVQA [36], InfoVQA [37]),

our method incurs no performance loss. This demonstrates

that unifying visual inputs into video format and leveraging
temporal-based token encoding and compression enables
large VLMs to better handle diverse visual tasks.

Our contributions can be summarized as follows:

* To address the limitations of separate image and video
processing in existing VLMs, we propose Progressive Vi-
sual Token Compression (PVC) that unifies visual inputs
as videos, which allows spatial details and temporal dy-
namics to be preserved across different modalities.

* We introduce a novel progressive encoding module and
an adaptive compression module to progressively encode
complement information in visual tokens. This effec-
tively minimizes temporal redundancy while capturing
essential spatiotemporal information, allowing a lower
token-per-frame in our model.

* With the proposed progressive token compression, our
model achieves state-of-the-art results across long video
and fine-grained short video benchmarks. Meanwhile, it
incurs no performance loss on image benchmarks, partic-
ularly in detail-sensitive tasks.

2. Related Work

Vision-Language Models for Images and Videos. In
the realm of large vision-language models (VLMs), pro-
prietary models [1, 38, 39, 48] and open-source mod-
els[3,7,8,18,19, 24, 25,49, 52, 64] have demonstrated ex-
ceptional performance across a variety of visual scenarios,
including single-image, multi-image, and video contexts.
Large VLMs typically represent an image with hundreds
or thousands of visual tokens, but the additional temporal
dimension in videos leads to a considerable number of to-
kens, posing a great challenge. Some methods [26, 53, 65]
extent the context length of the large language model to
process more tokens, but this causes a huge computational
burden during training and inference. Other methods uses
token compression techniques to reduce the number of to-
kens [18, 31, 52]. For instance, LLaVA-OneVision [18]
spatially down-samples the video tokens by 2 x 2; Oryx
MLLM [31] designs a dynamic compressor for different
types of inputs, where videos are down-sampled to a smaller
scale; Qwen2-VL [52] leverages pixel shuffle and 3D convs
to down-sample vision tokens spatially and temporally, and
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reduces the resolution of video frames for long videos.

As mentioned above, existing methods usually compress
image and video tokens with different strategies to meet the
needs of different tasks, such as detailed images and long
videos. Furthermore, the simple spatial or temporal down-
sampling does not take full advantage of the temporal re-
dundancy in videos, leading to an inefficient compression.
Our approach, otherwise, unifies the inputs into videos and
compresses tokens by exploiting the temporal redundancy.

Vision Transformer with Temporal Attention. Mod-
ern video encoders typically enhance the basic image en-
coder (e.g., Vision Transformer, ViT [10]) with tempo-
ral attention to account for the temporal correlations in
videos. Video Swin Transformer [30] applies joint spatio-
temporal attention within localized 3D windows. TimeS-
former [5], ViViT [2], TESTA[42] and EVLGen [15] ap-
ply self-attention mechanism along the spatial and temporal
dimensions, respectively. We also introduce an additional
temporal attention module to ViT layers, but the attention
is causal to realize progressive feature encoding. Besides,
we replace the Layer Normalization with Adaptive Layer
Normalization (AdaLN) injected with timestep conditions
to avoid redundant encoding for different input frames.

Visual Token Compression. Visual token compression
is commonly used in VLMs to reduce the number of vi-
sion tokens to fit in the context length of LLMs and re-
duce computational overhead. Applying pooling [33, 66],
down-sampling [18, 58], or convolution [9] along the spatial
and temporal dimensions is straightforward but may cause
information loss. Many other works [3, 11, 21, 22, 27,
60, 63] employ Q-Former [20] that aggregates visual fea-
tures into a fixed number of tokens with learnable queries.
However, learning a cross-attention layer is more difficult,
and the compressed tokens may lose spatial and tempo-
ral awareness. Current high-performance VLMs such as
InternVL2 [49] and Qwen2-VL [52] leverage PixelShuf-
fle that aggregates a local grid of tokens into a single one
by concatenating along the feature dimension. Meanwhile,
some works also devise token compression modules specif-
ically for video inputs, for instance, spatio-temporal atten-
tional pooling [43], and token selection based on the sim-
ilarity with text queries [23, 45]. Nevertheless, these ap-
proaches are not applicable to general image and video un-
derstanding tasks. Our progressive compression is based on
the PixelShuffle module and incorporates AdaLN to avoid
redundant representation.

3. Method

3.1. Standardize Vision Inputs of VLMs as Videos

Current high-performance VLMs typically use different
methods to compress image and video tokens. Due to
limited computational budget, allocating more tokens per

image is beneficial for understanding image spatial de-
tails, whereas video processing often involves sacrificing
the number of tokens per frame to include more frames.

To address this dilemma, we standardize vision inputs of
VLMs as videos, and apply the proposed progressive visual
token compression for all videos. Specifically, each image
is repeated into multiple frames to create a “static” video.
Then, progressive compression allows LLMs to revisit the
image multiple times and capture richer spatial information
in subsequent static frames. This approach enables a unified
visual token compression for images and videos, balancing
the distinct needs of both modalities. Even when the num-
ber of tokens per frame is limited, the necessary spatial de-
tails and temporal dynamics can be gradually supplemented
in subsequent frame tokens.

For each image x in the inputs, we repeat it Ti, times
to form a static frame sequence [z, z,...,z] (by default
Timg = 4). For each native video input, we uniformly sam-
ple T' frames, where 7' is randomly chosen from the range
of [16,96] by default during training. In scenarios where
dynamic resolution [7] is used, it is applied to every frame
of both static and native videos.

3.2. Network Architecture

The architecture of our proposed PVC is outlined in Fig. 2,
comprising a Vision Transformer (ViT) with Progressive
Encoding, an Adaptive Token Compression module, and a
Large Language Model (LLM). To fully leverage the redun-
dancy between video frames, we integrate temporal atten-
tion mechanism into the ViT for progressive encoding. Ad-
ditionally, the adaptive compression module is introduced
to effectively reduce the number of visual tokens per frame.

Vision Transformer with Progressive Encoding. To avoid
redundant encoding of video frames and give the current
frame the potential to only encode new information not ex-
tracted from previous frames, we add a temporal attention
module within the ViT. To minimize overhead, temporal at-
tentions are applied only in the last L layers of the ViT (with
L layers in total). Let x be the video feature with dimen-
sions [B, T, N, C], where B is the batch size, T is the
number of frames, IV is the number of patches per frame,
and C' is the hidden dimension. The ViT layer with pro-
gressive encoding is defined by:

x =z + S-MHA (LayerNorm(z)), (1)
z =+ a® T-MHA(AdaLN(z;x + TE)),  (2)
x = 2 + FFN(LayerNorm(z)). 3)

Spatial Multi-Head Attention (S-MHA) is the original
multi-head self-attention [50] in ViT, which is applied on
the patch tokens of each frame respectively. x is reshaped to
dimensions [B x T', N, C] when input into S-MHA, where
N is the sequence length here.

24941



response v

Temporal

‘h‘ Embedding

Large Language Model @
compressed text
visual tokens - . extauery 31‘
w" Adaptive Compression i
Module N
D
L x
ViT with Progressive Encoding learnable
gate at

Standardize vision inputs as videos

FIEIEIE &

repeat Timg times

sample T frames Spatial

Adaptive
LayerNorm

Multi-Head Attention
- ! E LayerNorm
image video xl-1

Figure 2. Network architecture of progressive visual token compression (PVC). The inputs are standardized as videos, with images
repeated to form static videos. A causal temporal attention and an AdaLN layer are incorporated into the ViT layers to progressively encode
visual tokens across timesteps. The adaptive compression module, based on PixelShuffle, includes an AdaLN layer to reduce redundancy

in visual tokens.

Temporal Multi-Head Attention (T-MHA ) is an additional
causal multi-head self-attention [50] applied on the tempo-
ral dimension of the video feature. Each patch token attends
to the tokens at the same spatial position in the previous
frames. Specifically, x is rearranged to dimensions [B x NN,
T, C] when input into T-MHA, where T is the sequence
length here.

Temporal Embedding (TE) is added to encode temporal
position information. First, we use relative timestamps to

1 T-2
YT 10 T—1 1,1:| Then

we encode all timestamps by a 256-dimension sinusoidal
position embeddings [50], denoted as t € RT*256_ After
that, we obtain the temporal embedding via an MLP:

indicate the video frames: ¢t = [O

TE = W, - SiLU (W) )

where W7 and W5 are learnable parameters, SiLU refers to
Sigmoid Linear Unit [14].

Adaptive Layer Normalization (AdaLN) was first pro-
posed by [41] and is now widely used to adjust the normal-
ization parameters according to given conditions, making
the model more adaptable to different task requirements. In
order to adapt to the “static”” videos where different frames
are the same, we use AdaLLN here so that the network can

extract different spatial information at different time steps
and avoid redundant encoding. AdaLN(z; z) normalizes the
input z and applies an affine operation with the coefficients
conditioned on z:

AdaLN(z; z) = v(z) ® LayerNorm(z) + 8(2).  (5)

The affine scale y(z) and bias 3(z) are obtained via:
V(z) = Wy - SILU(Wsz), B(z) = W - SILU(W52), (6)

where W3, Wy, W5 and Wy are learnable parameters.
Additionally, a learnable gate o € R is introduced to

scale the output of T-MHA. It is zero-initialized to make

sure that the ViT is initialized as the pre-trained checkpoint.

Adaptive Compression. To reduce the computational bud-
get, current VLMs [7, 18, 52] commonly shorten the se-
quence length by compressing visual tokens. For instance,
InternVL-1.5 [7] employs a PixelShuffle [46] operation '
followed by an MLP, reducing the visual token length by a
factor of 4. However, this relies on a shared MLP to com-
press different visual sequences, which hinders reducing the
representation redundancy between different frames.

!Originally from the super-pixel area [46]; here, it refers to concatenat-
ing 4 tokens from each adjacent 2x 2 region along the channel dimension
to form a single token.
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To this end, we introduce an adaptive compression mod-
ule by integrating an AdaLN [41] layer before the shared
MLP. The reason for using AdaLLN here is the same as in the
progressive encoding module, allowing the network to ex-
tract different spatiotemporal information at different time
steps to avoid redundant representation. The input of token
compression is the output video tokens x with dimensions
[B, T, N, C] from the ViT. It compresses the number of
tokens per frame from N to M as follows:

i = PixelShuffle(z) € REXT*Mx(57-C) 7)
v = MLP(AdaLN(Z; Z + TE)). (8)
where AdaLLN and TE is the same as mentioned above.

We set M = %N , and correspondingly, the kernel size
for PixelShuffle is 4 x 4, i.e., it aggregates a 4 x 4 grid of to-
kens into a single token by concatenating along the feature
dimension. The compression ratio of 16 is higher than that
of previous approaches (typically 4). For the image modal-
ity, we repeat each image Tiy,, = 4 times by default, so the
total number of visual tokens remains the same for image
input. See Appendix C for the ablations of these settings.

3.3. Training Strategies and Data

Training Strategies. Following common practices from
previous VLMs [3, 7, 18, 25, 49, 52], the training of
PVC consists of two stages: the pre-training stage and the
instruction-tuning stage. The main difference is that all pa-
rameters of PVC are jointly trained in both stages, without
freezing ViT or LLM as in previous approaches [3, 7, 18,
25,49, 52]. We empirically find that this strategy works bet-
ter for PVC (see Appendix C for ablation experiments). Ad-
ditionally, in the pre-training stage, we use a larger learning
rate (10x) for randomly initialized parameters compared to
pre-trained parameters.

Pre-training Data. The pre-training data used in PVC
comprises two parts: (1) 45M image-text pairs used in In-
ternVL2’s [49] pre-training stage, including LAION [44],
COYO [6], etc. (2) 23M video-text pairs, including Intern-
Vid [54], WebVid [4], etc. The sampling ratio of image-text
to video-text data is set to 1:1.

Instruction Tuning Data. The instruction tuning data
used in PVC consists of two parts: (1) 7.2M image-text
and video-text data used in InternVL2’s [49] fine-tuning
stage. (2) 3.4M video-text data collected and refined from
Vript [59], LLaVA-Video [67], etc. The sampling ratio of
image-text to video-text data is set to 3:1.

The details of training data are provided in Appendix B.

4. Experiment

4.1. Experiment Settings

Our implementation mainly follows InternVL2 [49], re-
ferred to as PVCpyemvi2. The progressive encoding is in-

troduced in the last 8 layers of the 24-layer ViT (i.e., L=38
and L = 24).0ur model is pre-trained on 50M samples and
fine-tuned for 1 epoch. More implementation details are
provided in Appendix A.

Evaluation Benchmarks. The image-language bench-
marks include AI2D [16], ChartQA [35], DocVQA [36],
InfoVQA [37], SQA [32], TextVQA [47], MMB [29],
MME [12], MMMU [62], SEED-I [17], and OCR-
Bench [28]. For video-language benchmarks, we
use MVBench [22], VideoMME [13], MLVU [68],
LongVideoBench [56], NextQA [57], Egoschema [34], Per-
cepTest [40], and ActNet-QA [61].

4.2. Comparison with State-of-the-art Methods

We compare our PVC with state-of-the-art VLMs within
8B parameters, including commercial VLMs [38, 39, 48],
open-source general VLMs [18, 31, 49, 52, 64, 65], and
open-source video VLMs [9, 11, 22, 26, 43, 45, 51, 55, 58,
67]. As shown in Tab. | and Tab. 2, PVC achieves superior
performance on long video tasks (e.g., VidleoMME, MLVU)
and fine-grained video tasks (e.g., MVBench), while main-
taining very competitive performance on image tasks.

Video-Language Benchmarks. The results on video-
language benchmarks are presented in Tab. I, which can
be summarized as the following:

(1) Our PVCiyemviy utilizes 64 tokens per frame, fewer
than most existing methods (e.g., LLaVA-Video [67] uses
169 tokens, InternVL2 [49] uses 256 tokens), while it still
achieves strong performance on all video tasks. In con-
trast, previous approaches such as LongVU [45] and Video-
CCAM [11] also reduce tokens per frame to 64 but ex-
hibit lower performance on fine-grained video tasks, e.g.,
MVBench. This shows that our PVC can effectively main-
tain detailed information and exploit temporal redundancy.
(2) Our PVCiyemvi2-8B attains superior performance on
MVBench, VideoMME, MLVU, and LongVideoBench,
demonstrating its strong capability in both fine-grained
and long video understanding. Notably, PVCiyeernvio-8B
reaches 73.8 on MVBench, significantly surpassing the pre-
vious best accuracy of 69.1 among open-source models
within 8B parameters, set by IXC-2.5 [64].

(3) Our PVCiyemvi2-8B also obtains the best results in Nex-
tQA and ActNet-QA among image-video general VLMs.
On Egoschema and PercepTest, our model is inferior to
some existing models, which may be caused by the lack
of training data in some specific domains.

(4) For a fair comparison, we implement the “+ PVC arch.
only” setting where InternVL2 is integrated with our PVC
architecture and its training data remains unchanged. Our
PVC outperforms InternVL2 by a large margin, especially
for long video tasks (e.g., VidleoMME and MLVU). Mean-
while, incorporating new video-text data leads to significant
improvements, since high-quality video data is relatively
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Table 1. Video-language benchmark results. Our proposed PVC is compared with image-video general VLMs and video VLMs.
“LongVideo.” refers to LongVideoBench. The results of VideoMME are reported as “without subscript/with subscript”. The best results
among image-video general VLMs are bold, and the best results among all open-source VLMs are underlined. * Native resolution is used
without fixed # token/frame. 1024 tokens in total, with 16 or 96 frames used for different tasks. “+ PVC arch. only”: only introduce the

model architecture of PVC in InternVL2 while keeping the training data unchanged.
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48
38
39

Video VLMs:
Video-CCAM [11] 4B 64/10.77 | 62.8 50.1/512 565 - - - - 58.0
BLIP-3-Video [43] 4B 16 - - - - 77.1 - - 56.9
VideoChat2 [22] 7B 96 60.4  39.5/43.8 479 - - 54.4 - 49.1
PLLaVA [58] 7B 144 46.6 - - - - 54.5 - 56.3
VideoLLaMA2[9] 7B 72 546  47.9/50.3 48.5 - - 51.7 514 50.2
Tarsier [51] 7B 576 62.6 - - - 71.6 49.9 59.5
LongVU [45] 7B 64-144 66.9 -160.6 654 - - 67.6 - -
LLaVA-Video [67] 7B 169 58.6  63.3/69.7 70.8 58.2 83.2 57.3 67.9 56.5
Kangaroo [26] 8B 1024 61.1 56.0/57.6 61.0 54.8 - 62.7 - -
InternVideo2 [55] 8B 96 67.2 - - - - 60.0 63.4 -
Video-CCAM [11] 9B 64/10.77 | 64.6 50.3/52.6 585 - - - - 59.7
Image-video general VLMs:
Qwen2-VL [52] 2B - 632 55.6/60.4 @ - - - 54.9 53.9 -
InternVL2 [49] 2B 256 60.2 45.0/47.3 504 - - 46.7 49.9 -

+ PVC arch. only 2B 64 62.0 47.7/49.8 54.1 46.3 67.6 47.5 54.2 49.5
PVCinteraviz (Ours) 2B 64 69.4  54.5/56.7 63.4 51.6 73.4 49.8 62.9 52.8
LongVA [65] 7B 144 - 52.6/54.3 56.3 - 68.3 - - 50.0
IXC-2.5 [64] 7B 400 69.1 55.8/58.8 58.8 - 71.0 - 344 52.8
LLaVA-OV [18] 7B 196 56.7 58.2/61.5 64.7 56.5 79.4 60.1 57.1 56.6
Oryx MLLM [31] 7B =¥ 63.9 58.3/62.6 67.5 55.3 81.9 - 68.6 -
Qwen2-VL [52] 7B - 67.0 63.3/69.0 - - - 66.7 62.3 -
InternVL2 [49] 8B 256 664  54.0/56.9 52.0 - - 55.0 52.0 -
PVCternvr2 (Ours) 8B 64 73.8 64.1/69.7 72.4 59.2 82.0 59.6 68.4 571

scarce in the original dataset of InternVL2.

Image-Language Benchmarks. The results on image-
language benchmarks are presented in Tab. 2 and can be
summarized as follows:

(1) In a fair comparison (InternVL2 vs. + PVC arch. only),
our PVC does not compromise performance on image tasks,
even on OCR-related tasks (e.g., DocVQA, InfoVQA, etc.)
that heavily depend on spatial details (as shown in Tab. 4,
directly reducing the tokens per patch would significantly
hurt performance on DocVQA and InfoVQA). This vali-
dates that PVC can progressively encode spatial informa-

tion from repeated images and effectively compress the vi-
sual tokens to fully preserve spatial details. Meanwhile, ap-
pending new video-text pairs in our training data does not
have significant impacts on these image tasks.

(2) Compared to Qwen2-VL-7B [52], our PVCiyermvi2-8B
achieves comparable or better performance on AI2D (+0.8),
ChartQA (+1.1), and MMB (+0.9), but lags behind on
DocVQA (-2.0), InfoVQA (-1.5), TextVQA (-4.3), MME (-
45), MMMU (-3.2), and OCRBench (-59). The benchmarks
where Qwen2-VL excels are primarily OCR-related (4 out
of 6), which are highly sensitive to OCR-specific training
data. Given the differences in model architecture and train-
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Table 2. Image-language benchmark results. We compare our PVC with VLMs that support both image and video inputs. * Native
resolution is used without fixed # token/image tile. “+ PVC arch. only”: only introduce the model architecture of PVC in InternVL2 while

keeping the training data unchanged.

Model Size #token |AI2D ChartQA DocVQA InfoVQA SQA TextVQA MMB MME MMMU SEED-I OCRBench
/image tile| test test test test test val en-test sum val - -
48

38

39
Image-video general VLMs:
Qwen2-VL [52] 2B - 747 735 90.1 65.5 - 79.7 749 1872 41.1 - 809
InternVL2 [49] 2B 256 74.1 762 86.9 589 940 734 732 1877 343 71.6 784

+PVC arch. only 2B 64 75.8  78.8 87.8
PVCiternviz (Ours) 2B 64 763 789 87.7

596 941 763 753 1967 35.6 72.8 791
599 949 762 75.8 1960 36.9 73.2 796

LongVA [65] 7B 144 70.7  70.4 80.8
IXC-2.5 [64] 7B 400 81.5 822 90.9
LLaVA-OV [18] 7B 729 81.4  80.0 87.5
Oryx MLLM [31] 7B -* 78.5 - 89.0
Qwen2-VL [52] 7B ¥ 83.0 83.0 94.5
InternVL2 [49] 8B 256 838 833 91.6

PVCremviz (Ours) 8B 64 | 838 84.1 925

49.4 - - - - 42.6 - -
69.9 - 78.2 822 2229 429 75.4 690
68.8  96.0 - - 1998  48.8 75.4 -
- - 75.0 81.4 - 43.9 - 672
76.5 - 84.3 83.0 2327 541 - 866

748 971 774 81.7 2210 493 76.2 794
750 97.7 800 839 2282 509 77.2 807

ing data, a direct comparison is challenging. However, our
PVC is orthogonal and complementary to the advances in
model architecture and training data. The ablation studies
in Tab. 4 show the effectiveness of our PVC.

4.3. Ablation Study

Tab. 4 ablates the key components of our PVC, where set-
ting (a) is the baseline corresponding to InternVL2 . Tab. 3
ablates the conditions used in AdaLN layers. Ablation stud-
ies of the number of tokens per frame and the number of
progressive encoding layers are provided in Appendix C.

Standardize Vision Inputs as Videos. The standardization
reduces tokens per image from 256 to 64 while maintaining
the overall number of visual tokens by repeating each im-
age and increasing the number of video frames. As shown
in settings (a) and (b) of Tab. 4, directly standardizing vi-
sion inputs as video significantly reduces performance on
OCR-related image tasks (DocVQA -3.7 and InfoVQA -
6.5) and fine-grained video tasks (MVBench -3.9). This
performance drop occurs because repeating the image four
times for the vanilla ViT and vision compression module
only produces four groups of identical visual tokens, with
repeated information encoded. Consequently, spatial details
are lost compared to using 256 distinct visual tokens. How-
ever, long-video understanding tasks (VideoMME +1.1 and
MLVU +2.5), which do not require as much visual detail,
can benefit from the increase in video frames.

Progressive Encoding. Progressive encoding involves

Table 3. Ablation of AdaLN conditions. The ablation is con-
ducted on 2B model with shortened pre-training on 10M samples.

Ada.L.N MVBench VideoMME | InfoVQA MMB
condition
- 59.2 46.4 54.0 73.7
TE 62.0 46.5 57.8 74.6
z+TE 62.4 46.7 58.5 74.9

adding temporal causal attention in ViT. As shown in Tab. 4,
settings (b) and (c) demonstrate that adding temporal atten-
tion in ViT mitigates the information loss observed in set-
ting (b) and maintains comparable performance with setting
(a) on tasks requiring spatial details (MVBench, DocVQA,
and InfoVQA). Furthermore, temporal attention signifi-
cantly boosts performance on long video tasks (MLVU +1.2
and VideoMME +0.5). These results validate that our pro-
posed progressive encoding techniques can effectively en-
code both spatial details and temporal correlations.

Adaptive Compression. As shown in Tab. 4 setting (c)
and PVC, the performance on all tasks is further improved
by adding the adaptive compression module, especially on
long video tasks (e.g., MLVU +0.9). This demonstrates
our proposed adaptive compression mechanism can better
exploit representation redundancy within video frames and
model long-term temporal correlations.

AdaLN Conditions. As shown in Tab. 3, without any con-
dition, AdaLLN degrades to LN where repeated frames are
redundantly encoded, leading to poor results. Using tempo-
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Table 4. Ablation of key components in PVC. The ablation study is conducted on 2B model with shortened pre-training on 10M samples.
“Adapt. compress” refers to adaptive compression. VideoMME is tested under “without subscript” setting.

Settings |  tokens  # image # video Progressive  Adapt. |y iyp o b VideoMME MLVU | DocVQA InfoVQA MMB
perimage repeat frames encoding compress
() 256 1 16 61.9 449 505 | 864 591 751
(b) 64 4 64 58.0 46.0 53.0 | 827 526 731
© 64 4 64 v 61.8 46.5 542 | 859 58.1 748
PVC 64 4 64 v v 62.4 467 551 | 867 585 749
MVBench VideoMME InfoVQA MMB
—e— baseline 39 —e— baseline %9 —e— baseline %3 —e— baseline ja %
—— PVC 630 —— PVC 467 —— PVC —— PVC

61

59

570 581 58.0

57,

8 16 32 64 16 32 64 96
# video frames # video frames

1 2 3 4 1 2 3 4
# image repeats # image repeats

Figure 3. Analysis of progressive compression. We compare our PVC model with the baseline without progressive compression (setting
(b)) in Tab. 4. For video tasks (MVBench and VideoMME), we test different number of input frames. For image tasks (InforVQA and

MMB), we test different repetition times of the image.

ral embedding (TE) as the condition significantly boosts the
performances. Adding the feature = provides further im-
provements. x contains temporal information aggregated
from previous layers, which helps better extract comple-
mentary information and minimize redundancy.

4.4. Analysis

Effectiveness of Progressive Compression. We evaluate
our model by gradually increasing the number of video
frames and image repetitions. We use the model in Tab. 4
setting (b) (without progressive compression) as the base-
line. The results are shown in Fig. 3.

For MVBench, which mainly contains videos shorter
than one minute with fine-grained queries, the baseline
model’s score plateaus after increasing to 16 frames, while
our model still gets better with complement information en-
coded. For the long-video task VideoMME, the scores of
both models increase with the number of frames. Still, our
model grows faster, indicating that it is better at removing
temporal redundancy and capturing temporal dynamics.

On image tasks, increasing the number of image rep-
etitions does not boost the baseline model’s performance
since its repeated visual tokens do not provide more infor-
mation. On the detail-sensitive task InfoVQA, our model
performs poorly when the image is repeated only once be-
cause only part of the information is extracted. When the
image is repeated more times, the detailed information is
supplemented, so the results get substantially better. For
MMB, the images contain less spatial details, so the gain
from repeating more times is relatively small for our model.

Table 5. Speed of image repetition and progressive encoding.
We report the FLOPs and FPS (samples per second) for processing
samples containing a 448 <448 image and 2048 text tokens, mea-
sured on an NVIDIA A100.

Model # tqkens #image Pro gres sive FLOPs FPS
per image repeats encoding
InternVL2-8B 256 1 13.3T 4.8
PVCiemvi2-8B 64 4 v 14.1T 45
Arelalive - - - +6.0% -6.3%

Speed of Image Repetition and Progressive Encoding.
As shown in Tab. 5, for the 8B model, repeating images in-
troduces only a marginal overhead (+6.0% FLOPs relative,
-6.3% FPS relative), since the visual feature computation
can be partially reused and the main computational load is
in the LLM. Thus, the inference speed of our PVCpyemvio
on image tasks remains similar to that of InternVL2.

5. Conclusion

In conclusion, we introduce Progressive Visual Token Com-
pression (PVC), a unified approach for effectively pro-
cessing images and videos within large Vision-Language
Models (VLMs). It standardizes visual inputs as videos,
along with a progressive encoding module and an adaptive
compression module. Extensive empirical analysis demon-
strates that it can gradually capture both spatial details and
temporal dynamics from the sequence of image repetitions
and video frames. Our PVC not only achieves state-of-the-
art performance on fine-grained short video tasks and long
video tasks but also maintains accuracy on image bench-
marks, particularly in detail-sensitive tasks.
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