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Abstract. Vision Language Models (VLMs) face significant challenges
with ultra-long, interleaved image-text sequences due to the quadratic
complexity of self-attention. Current solutions either resort to aggres-
sive token pruning, risking irreversible information loss, or adopt effi-
cient but less precise architectures, while largely ignoring the equally
vital textual component. We introduce VLZip, a framework that uni-
fies visual and textual compression for high-fidelity reasoning within a
pure Transformer. At its core, VLZip hierarchically distills visual and
textual segments into compact, layer-specific "soft prefixes" and injects
them into each decoder layer’s hidden states, drastically shortening the
attention sequence while preserving fine-grained global context. To ad-
dress deficient evaluations in the field, we also introduce LongVLBench,
a new benchmark derived from video narratives that demands holistic,
narrative-level reasoning. Extensive experiments show VLZip achieves
leading performance on long-context multimodal reasoning, enabling train-
ing up to 120K tokens—a 6x increase over the baseline—and inference
beyond 280K tokens with significantly reduced memory, while demon-
strating the memory scalability to handle up to 2M tokens. By excelling
at extreme context lengths where existing methods collapse, VLZip es-
tablishes an efficient and powerful new standard for long-context mul-
timodal AI. Code is available at https://github.com/ShareLab-SII/
VLZipl

Keywords: Long-Context Vision-Language Models - Multimodal Token
Compression - Interleaved Image-Text Reasoning

1 Introduction

The celebrated success of VLMs [1,/13,/16,/17] has been largely confined to a
world of snapshots, not narratives. While highly proficient at processing single
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images, they struggle with the ultra-long, interleaved sequences of images and
text that define complex real-world activities. These applications span a wide
spectrum—from following detailed illustrated manuals and analyzing a patient’s
comprehensive visual medical history, to evaluating long-form video narratives
and powering multimodal GUT agents that autonomously operate over extended
horizons. Across all these domains, the next frontier for AI is not merely to
process more tokens, but to unlock a new class of long-context intelligence
capable of holistic, narrative-level understanding.

However, this critical domain remains largely underexplored. Progress is
stalled by two fundamental, interconnected hurdles: the first is architectural,
with the quadratic scaling of self-attention [27] making long sequences computa-
tionally prohibitive; the second is evaluative: the benchmarks used to measure
progress are poorly suited to narrative reasoningﬂ which steers the research
community away from solving the real problem.

On the architectural side, existing
approaches typically address this chal-

lenge by accepting a trade-off between Performance vs. Efficiency by Token Length
efficiency and fidelity (as shown in S * Models
* *  VLZip-3B (Ours)

>128k

Fig. . One path involves aggressive in- o
put pruning [35], a strategy that irre-
versibly discards tokens—almost exclu-
sively from the visual modality—risking
significant information loss. A second )
path attempts an architectural over- L
haul, replacing the Transformer with q °
more efficient but potentially less ex- ’ P mgierenceTme(s)
pressive backbones like State Space
Models [29}33], which can compromise
the precise reasoning at which Trans-
formers excel. A third, data-centric
strategy 9] improves reasoning through
high-quality data but fails to address
the computational bottleneck. Yet none
offers a principled path to simultane-
ously high efficiency and high-fidelity reasoning within a pure Transformer.

On the evaluation side, the few existing long-context multimodal benchmarks
are equally unsatisfying. Some, such as Mantis-Eval [9] and MileBench [26],
are built by repurposing short-context datasets, leading to imbalanced image-
to-text ratios or insufficient context lengths. Others rely on artificial "needle-
in-a-haystack" (NIAH) retrieval tasks, as seen in MM-NIAH [28] and MM-
LongCite [37], which test for simple fact recall rather than holistic comprehen-
sion. MMLongBench [30], for instance, creates length by padding with irrelevant
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Fig. 1: A comparison of performance and
efficiency for VLZip(Ours, red star) and
baseline models. Performance across con-
text lengths is indicated by the color in-
tensity of the points.

!Throughout this paper, we use the term reasoning to refer to the model’s broad
capacity for interpreting and synthesizing multimodal information, as distinct from
explicit chain-of-thought or deliberative "thinking" paradigms.
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filler documents, introducing noise and risking data contamination. This creates
a self-perpetuating limitation: models are not designed for genuine narrative
intelligence because the benchmarks do not demand it.

We argue that true progress requires a unified solution that addresses both
modeling and evaluation. In this paper, we introduce VLZip, a framework that
redefines the efficiency-fidelity curve by introducing a more intelligent trade-off.
Instead of sacrificing reasoning or irreversibly discarding information, VLZip
trades a small, one-time compression cost for massive, sustained efficiency gains
within a pure Transformer architecture. At its core, VLZip operates on a prin-
ciple of hierarchical context distillation and multi-layer injection. It first distills
extensive image and text segments into compact, information-rich "soft prefixes",
and then injects these prefixes into the hidden states of every decoder layer. This
provides the model with a constant, fine-grained stream of global context, al-
lowing it to maintain a high-fidelity understanding of the entire narrative while
operating on a drastically shortened sequence. As a preview of our results, Fig. [I]
illustrates how VLZip substantially improves the existing performance-efficiency
trade-off, achieving state-of-the-art accuracy while being over an order of mag-
nitude faster than baselines on ultra-long contexts.

To properly validate VLZip and address the field’s evaluation gap, we also
construct a new, challenging benchmark, LongVLBench, derived from video
narratives. This benchmark provides long, chronologically coherent sequences
that force models to move beyond simple retrieval and engage in authentic
narrative-level reasoning. Our extensive experiments demonstrate that VLZip
achieves strong performance on MMLongBench—particularly excelling on in-
context learning tasks at extreme lengths—and sets a new state-of-the-art on our
narrative-focused LongVLBench where other methods falter. It enables training
on sequences up to 120K tokens on standard hardware—a 6x improvement over
the baseline—while drastically reducing computational and memory costs.

In summary, the contributions of this paper are:

e We introduce VLZip, a unified visual-textual compression framework that en-
ables training on sequences up to 120K tokens and inference beyond 280K
tokens, while demonstrating a memory-efficient design that shows a clear path
to scaling to 2M tokens within a pure Transformer architecture.

e We propose hierarchical context distillation with multi-layer injection that, for
the first time, unifies the compression of both visual and textual modalities
into layer-specific "soft prefixes" injected into every decoder layer.

e We construct a benchmark, LongVLBench, for evaluating long-context narra-
tive understanding. Derived from video, it provides chronologically coherent
interleaved sequences that address the shortcomings of existing benchmarks
(e.g., artificial tasks, imbalanced contexts) and require narrative reasoning.

e We empirically demonstrate that VLZip both sets a new state-of-the-art (SOTA)
on long-context multimodal reasoning benchmarks and enables training on se-
quences up to 120K tokens on standard hardware—a 6-fold improvement over
the baseline—establishing a practical standard for long-context Al
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2 Related Works

The pursuit of long-context VLMs is an emerging field, with progress confronting
challenges in both model architecture and evaluation. A detailed review is pro-
vided in the supplementary material; here, we contextualize our work by briefly
surveying the dominant strategies.

Architectures. Current long-context VLM architectures have largely centered
on three strategies, each forcing a compromise between performance and effi-
ciency. The first, Input Pruning [32}|35], permanently discards visual tokens to
shorten sequences, risking irreversible information loss while ignoring the equally
vast textual information present in interleaved multimodal sequences. A second
path, Architectural Overhaul [29,33], replaces the Transformer’s attention mech-
anism with more scalable backbones like State Space Models, but can sacrifice
the precise, non-local reasoning capabilities at which Transformers excel. A third,
Data-Centric approach [9] enhances multi-image reasoning with high-quality
data but does not resolve the computational bottleneck for long sequences. Our
work is inspired by a promising alternative from the NLP domain: Soft Prompt
Compression [5({7},/15]. Methods such as GIST [23] and the In-Context Autoen-
coder [7] demonstrate that long textual contexts can be effectively distilled into
compact, information-rich soft prompts, offering efficiency without aggressive
pruning. However, their application has been confined to the text modality and
typically involves a simple, single-layer injection. Concurrently, DeepStack [22]
explores multi-layer stacking for visual tokens but does not address textual com-
pression or interleaved multimodal contexts. VLZip bridges these two lines of
work by unifying both visual and textual compression with multi-layer injection
in a single framework, preserving high-fidelity context throughout decoding.
Evaluations. Paralleling the architectural challenges, existing multimodal long-
context benchmarks also exhibit shortcomings. Many are constructed by repur-
posing short-context datasets [9}26], relying on artificial ‘needle-in-a-haystack’
retrieval tasks [28,[37], or padding with irrelevant filler documents [30]. These
limitations motivate our development of LongVLBench, a benchmark built from
the ground up with chronologically coherent, narrative-driven sequences to en-
able a more authentic evaluation of holistic reasoning.

3 Method

We introduce VLZip, a unified compression framework for efficient, high-fidelity
reasoning over long interleaved image-text sequences. A complete input sequence,
formally expressed as X = {S,C, Q}, comprises a system prompt S, a question
9, and the lengthy interleaved context C. To reduce this cost, VLZip compresses
only the context C, leaving the prompt and question untouched. Instead of feed-
ing the full context to the VLM, it represents each image and text segment with
compact placeholder tokens, drastically shortening the effective input length.
The interleaved context C = {to,vo,...,tn—1,Vn_1, tn}, where t; are text
segments and v; are images, is processed externally by modality-specific com-
pressors. These hierarchical compressors distill each image and text segment
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Fig.2: Overview of VLZip Architecture. VLZip compresses interleaved image-
text sequences via modality-specific hierarchical modules. The visual module partitions
each image into chunks and compresses each into M, layer-specific tokens via a shared
Q-Former. The textual module partitions each text segment into chunks, encodes each
chunk with a lightweight text encoder, and compresses each into M; layer-specific
tokens via a shared QQ-Former. Compressed features are injected into each LLM decoder
layer via element-wise addition. T-P and I-P denote text and image placeholders.

into compact, layer-specific soft-prefix features. Rather than being appended
to the input as additional tokens, these features are injected at the positions
held by placeholder tokens during decoding. Critically, at each decoder layer,
the corresponding compressed features are injected into the hidden states of
the placeholders, ensuring continuous, fine-grained access to global context and
overcoming information loss from single-step pruning or shallow injection.

3.1 Architecture

Ag illustrated in Figure [2] the VLZip framework is built upon a standard VLM
backbone and comprises three key components: (1) a Hierarchical Visual
Compressor that encodes each image into a set of layer-specific feature vec-
tors; (2) a Hierarchical Textual Compressor that similarly distills long text
segments into layer-specific features; and (3) an Information Injection Mech-
anism that injects the compressed features into dedicated placeholder tokens at
every decoder layer. The placeholder tokens preserve the compact sequence struc-
ture, while the layer-specific soft-prefix features carry the semantic information
of the original context.
Hierarchical Visual Compression Module. In a conventional VLM, each
image v; is passed through a vision encoder and a projection adapter to produce a
sequence of visual tokens F,, ; € RN+s*4 where d is the VLM’s hidden dimension
and the token count N, ; can be hundreds or thousands. To avoid this bottleneck,
we adaptively compress these IV, ; tokens into a smaller set of Né)j tokens.
Specifically, each image is uniformly partitioned into chunks of size C,, with
each independently processed by a shared image compressor that generates M,
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compressed visual tokens per decoder layer. The total number of compressed
tokens per image is thus N, ; = [N, ;/Cy| x M,.

To avoid irreversible information loss, the image compressor employs a hierar-
chical strategy by producing layer-specific compressed features for all L decoder
layers simultaneously. It utilizes a Q-Former architecture with a shared set of
L x M, learnable queries q, € RZEM)xd allowing all layer-specific tokens to be
generated in a single forward pass. For a given image chunk F, ; , € R% >4 (the
p-th chunk of image v;), the compression process is:

Q, = LN(qv)§ K, = LN(FU,J'W + PE(Fv,jm))? V, = LN(Fv,j,p) (1)
Zv7j1p = MHA(QUa K'uv Vv) (2)

Here, LN(-) denotes Layer Normalization, PE(-) denotes Positional Encoding,
and MHA(-) denotes Multi-Head Attention. The output Z, ;, € R(E-Mo)xd jg

reshaped into REXMoxd where the I-th slice Z(l) , € RMvxd gives the M, com-
pressed visual tokens for chunk p tailored for decoder layer .

Hierarchical Text Compression Module. Long text segments present a sim-
ilar computational burden. For a given text segment ¢; with IV; ; tokens, we first
uniformly partition it into K; = [N, ;/C}] chunks of size C;. Each chunk is then
independently encoded by a lightweight text encoder F(-) to obtain chunk-level
hidden states Fy;, = E(tix) € R+ *de  Each chunk is then processed by the
text compressor, which projects it to the VLM’s hidden dimension d and com-
presses it into M; tokens for each of the L decoder layers. The text compressor
utilizes a Q-Former architecture with a shared set of L x M; learnable queries
qr € REM)Xd 6 generate all layer-specific tokens in a single forward pass. The
compression of a single chunk Fy ; ;, is:

t ik — Ft % kWprOJ (3)
Q: =LN(q); K;=LN(F,,, +PE(F;,,)); V.=LN(Fi,;) (4)
Z;;r = MHA(Q, K¢, Vy) (5)

where W,.q; € R4 is a projection matrix mapping from the text encoder’s
hidden dimension d. to the VLM’s hidden dimension d. The output Z,;; €

R(-Mi)xd s reshaped into REXMexd where the [-th slice Z( ) i € RMxd gives
the M; compressed text tokens for chunk & tailored for decoder layer .

Information Injection. The VLM decoder operates on a compact sequence
consisting of the system prompt S, the question Q, and a placeholder sequence
‘P representing the compressed image and text segments. For each image chunk
F, ;p, P contains M, visual placeholders, while for each text chunk Fy;j, it
contains M, textual placeholders. At decoder layer [, the hidden states of these
placeholders are augmented with the corresponding compressed features before
self-attention. Let H(l)jp € RMvxd gand H(l 1x € RM*? be the hidden states
of the placeholders for the p-th chunk of i 1mage v; and the k-th chunk of text
segment, t;, respectively. The injection is:

HO —g® 470

v,J,p v,],P v,J,p’

o (1 !
ngk = H( 2 T Z( ) (6)
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This element-wise addition fuses the distilled global context directly into the
model’s processing pipeline at every layer. The full sequence of updated hidden
states is then fed into the layer’s self-attention module. This allows the VLM to
reason with a complete understanding of the long context while the attention
mechanism operates only on a short, computationally feasible sequence.

3.2 Training Pipeline

To effectively train the various components of VLZip, we design a four-stage
progressive training pipeline. This curriculum enables the model to first mas-
ter modality-specific compression and then learn to integrate these compressed
representations for complex, long-context reasoning.

Stage 1: Visual Compressor Pre-training. We train the visual compressor
on large-scale single-image instruction data (e.g., LLaVA-OneVision [11] single-
image data). Only the projection adapter and vision Q-Former parameters are
trainable. This stage teaches the compressor to distill visual tokens into compact,
layer-specific representations Zf)lv)j.

Stage 2: Textual Compressor Pre-training. We pre-train the textual com-
pressor using a reconstruction task on text-only long-document corpora (e.g.,
ChatQA2 [31]). The model learns to compress each text chunk into tokens Z; ; &
and reconstruct the original text. Only the text compressor parameters (the
lightweight encoder, Wy, and text Q-Former) are trained. This self-supervised
objective ensures the compressed tokens preserve semantic completeness.
Stage 3: Joint Interleaved Fine-tuning. With both compressors pre-trained,
this stage aims to teach the VLM how to fuse and reason over compressed
information from both modalities simultaneously. We use datasets containing
interleaved sequences of multiple images and texts. In this stage, we keep the
compressors trainable and unfreeze the LLM decoder. This step is crucial for
harmonizing the independently trained modules within the unified architecture.
Stage 4: Long-Context Consolidation. Building on previous stages, we con-
tinue training on long-form textual data with all Stage 3 components remaining
trainable. This final stage adapts the model’s reasoning strategies to ultra-long
contexts, ensuring robust performance across extensive image-text sequences.
Complete hyperparameters are provided in the supplementary material.

4 LongVLBench: A Narrative-Driven Benchmark for
Long-Context Evaluation

As discussed in Sections 1 and 2, existing long-context multimodal benchmarks
are limited by several notable shortcomings. They often repurpose disconnected,
short-context data, rely on artificial "needle-in-a-haystack" (NIAH) retrieval
tasks that test recall over reasoning, or pad sequences with irrelevant filler doc-
uments. These shortcomings create a landscape where models are not evalu-
ated on—and therefore not optimized for—genuine narrative-level understand-
ing. To address this critical evaluation gap, we introduce LongVLBench, a new
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Fig. 3: Overview of our four-stage dataset creation pipeline. The process be-
gins with (1) extracting semantic keyframes from videos using CLIP-based similar-
ity comparison. Next, (2) ShareGPT4Video generates detailed, transitional, and sum-
mary captions for the frames. These captions are then (3) rigorously refined through
a prompt-guided LLM and human review to eliminate redundancy and ensure factual
fidelity. Finally, (4) the cleaned captions and their corresponding keyframes are assem-
bled into the final long-context, interleaved dataset.

benchmark constructed from the ground up to provide a rigorous and authentic
testbed for long-form multimodal intelligence. Sourced from video narratives,
our systematic pipeline (Figure [3) is purpose-built to generate genuinely long,
chronologically coherent, and densely interleaved sequences that demand holistic
comprehension. The process consists of four key stages.

Semantic Keyframe Extraction. To keep the true visual continuity, our
pipeline begins by converting video into a discrete sequence of keyframes. Unlike
methods that stitch together unrelated images, we employ a semantically aware
extraction algorithm using CLIP embeddings [24]. A new keyframe is selected
only when a significant visual change is detected, ensuring the resulting image
sequence captures the video’s core narrative arc. This process yields a chrono-
logically coherent visual story, overcoming the limitations of benchmarks built
from repurposed, disjointed data.

Hierarchical Narrative Captioning. To create a context where text is an
integral part of the story rather than just filler, we generate a rich, multi-layered
textual narrative for the keyframes. Using a powerful video language model
(ShareGPT4Video) [3], we produce three levels of description: First, it generates
a detailed caption for each individual keyframe. Then, by providing context from
previous frames, it creates transitional descriptions that highlight the progression
between them. Finally, a comprehensive summary caption is generated for the
entire keyframe sequence to capture the video’s overarching theme.

Rigorous Refinement for Factual Fidelity. To ensure LongVLBench is a
reliable benchmark, all auto-generated captions undergo stringent, hybrid re-
finement. We use a SOTA LLM (Gemini 2.5 Pro) guided by strict principles to
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eliminate redundancy, normalize style, and enhance fluency. Most importantly,
the process is explicitly constrained to prevent the model from hallucinating facts
or inferring details not present in the source material. Human review provides
a final layer of quality control, guaranteeing that the final textual narrative is
coherent, concise, and factually grounded in the visual evidence.

Final Interleaved Data Construction. One crucial step is designing tasks
that measure holistic reasoning, not simple fact retrieval. For each long-form
document, we generate QA pairs that explicitly require synthesizing information
across long spans of interleaved text and images. Questions are designed to be
unanswerable by observing a single frame or reading a single caption, compelling
the model to understand plot

progression, character inter-

actions, and evolving context. 1000 2004

The refined, interleaved nar- 8000 wors

ratives and corresponding QA so 5598

pairs are assembled into final o

documents. From this collec- 2= o
tion, we constructed a high- o & o - & -
quality test set of 140 sam- ° A R A

ples, carefully selected to rep-
resent a diverse distribution Fig-4: Token length distribution of the interleaved

of token lengths (Fig. [) and dataset. The histogram shows the frequency of
the 26,164 generated documents across seven token

provide a challenging test for length bins,

ultra-long multimodal reason-
ing.

5 Experiments

5.1 Experiment Setup

Implementation Details. Our model uses the Qwen2.5-VL-Instruct-3B back-
bone . Both image and text inputs are segmented into chunks of 100 tokens,
each compressed into 4 tokens per decoder layer via modality-specific Q-Former
compressors. Text chunks are encoded by Qwen2.5-0.5B prior to compression.
The model is trained over four stages on 32xA100 or 32xH20 GPUs. Additional
hyperparameters are detailed in the supplementary material.

Evaluation Benchmarks. We assess long-context understanding using our pro-
posed LongVLBench and the established MMLongBench , featuring in-
put lengths from 8K to 128K tokens. To assess foundational abilities, we also test
on several short-context VQA benchmarks via the LMMs-Eval framework .
Baselines. We compare our approach against models with distinct architectural
strategies: dedicated long-context models (LongLLaVA , Long-VITA ),
interleaved reasoning models (Mantis IEII, InternVL2.5 , Ovis2 ), and other
compression methods (GlimpsePrune , VisionZip ) For a fair comparison,
the compression-based methods are implemented on the same Qwen2.5-VL-3B
backbone. The unmodified base model is used as a reference.
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Table 1: LongVLBench performance across different context lengths. Colored numbers
indicate the inference success rate (100% denotes full success, lower rates indicate OOM
or no responses). The overall average is computed as the total score divided by the
total number of samples across all length ranges and scaled to 0-100 range. Bold and
underline indicate the best and second best performance respectively.

Model Size 0-4k 4k-8k 8k-16k 16k-32k 32k-64k 64k-128k >128k Avg

Long—VITA 4B 525,007 6101007 6.94500 3.80750 5.78u% 533150  0.0005  33.1
LongLLaVA

9B 4.70 100% 5.15 100% 4.95 100% 4.20 100% 6.10 100% 5.20 100% 1.20 100% 45.0

Mantis@ 8B 0.701000 2001000 1.88555 0.00105  2.0054  0.000;  0.000y  6.30
Qwen2.57VL 7B 4.90 000 5551007 5801000 5251000 5.70100% 4251000 1.58gsy 471
InternVL2.5 4B 495,000 5.051000 5851000 4901000 3151000 290100  0.95055  39.1
Ovis2 4B 485,00 6.251000 6251000 4351000 5951000  04100% 055000 408

GlimpsePrune 3B 5.35,000 470100 6.20100% 4451000 5101005  2.21es  0.0045%  39.9
VisionZip 3B 4.95,00% 4701007 689007 3750w 20055 400150  0.000y  24.7
Qwen2.5-VL 3B 5.35,000 4901000 6201000 4301000 5.601000 258050 01605 41.4

VLZip (OUTS) 3B 4.60100% 5.65100% 5.75100% 5.60100% 6.70100% 7.45100% 7.60100% 61.9

5.2 Main Results

Results on LongVLBench. On our challenging LongVLBench, designed to
test authentic narrative-level reasoning, VLZip sets a new state-of-the-art with
an average score of 61.9, a 31.4% relative improvement over the next-best model
(Tab. . This success stems from our unified compression, which enables robust
processing of all test samples at 100% inference success rate across all length
ranges. Despite being 3x smaller, our 3B model consistently outperforms the 9B
LongLLaVA. The advantage is starkest at extreme lengths: while the baseline
Qwen2.5-VL-3B model nearly fails on inputs exceeding 128k tokens (scoring only
0.16), VLZip maintains strong performance at 7.60, an absolute improvement
of 7.44 points, highlighting that unified compression is critical for sustaining
narrative comprehension at ultra-long scales.

Results on MMULongBench. To further validate generalization, we evaluate
on three MMLongBench tasks: visual retrieval-augmented generation (VRAG),
needle-in-a-haystack (NIAH), and many-shot in-context learning (ICL). While
showing a modest performance trade-off on shorter-context retrieval tasks com-
pared to the baseline—a characteristic of its specialization, which we analyze in
the sequel—Tab. [2| demonstrates that VLZip’s advantages become increasingly
pronounced at extreme context lengths. At 128k tokens, where most models
degrade severely, VLZip achieves 23.3 on VRAG and 25.3 on NIAH, rank-
ing first among all models of comparable scale (<7B parameters) and greatly
outperforming other compression methods like GlimpsePrune and VisionZip.
Most strikingly, VLZip achieves 58.8 on ICL-128k, substantially outperforming
all competing models including Qwen2.5-VL-7B (44.0)—a model twice its size.
This exceptional ICL performance directly validates our multi-layer injection
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Table 2: Comparison on VRAG, NIAH, and ICL tasks of MMLongBench. *Text
segments shorter than 100 characters are passed through without compression, as such
short segments yield minimal efficiency gains while compression may discard critical
information. Bold and underline indicate the best and second best.

Metric | Large Scale Models (>=7B) | Small Scale Models (<7B)
Size Long-VITA-128K LongLLAVA Qwen2.5-VL|InternVL2.5 Ovis2 GlimpsePrune Qwen2.5-VL VisionZip VLZip*
(Params) 14B 9B 7B 4B 4B 3B 3B 3B 3B
8k 50.3 31.9 48.3 40.9 35.0 40.6 43.4 41.7 25.2
16k 50.9 31.3 45.3 38.6 30.7 37.4 38.1 38.7 28.1
VRAG 32k 41.8 28.1 43.9 30.5 29.4 33.2 34.4 35.3 26.3
64k 46.5 27.1 35.1 30.9 3L.7 28.7 34.6 33.6 27.0
128k - 18.9 31.1 21.3 4.7 8.2 10.8 8.6 23.3
8k 63.1 48.7 56.1 59.0 49.0 56.2 55.3 52.3 35.7
16k - 47.6 52.1 55.2 37.9 51.7 50.5 - 32.1
NIAH 32k - 42.4 45.6 49.2 29.5 42 43.3 - 30.8
64k - 39.5 33.8 41.8 26.9 34.3 35.2 - 28.5
128k 36.5 27.0 254 13.2 13.5 13.4 - 25.3
8k - 76.5 97.5 93.1 64.8 90.6 93.1 91.2 94.1
16k - 52.4 91.2 78.6 13.8 55.3 68.1 - 87.5
ICL 32k - 39.3 81.5 51.0 5.5 16.5 20.0 - 79.8
64k 16.8 57.5 8.8 0.5 4.8 7.3 - 63.0
128k - 44.0 0.8 0.5 6.8 7.5 - 58.8

Peak GPU Memory vs. Token Length Inference Time vs. Token Length

Model
80 o VLZip-3B (ours)
Qwen2.5-VL-38

Model
VLZip-3B (ours)
Qwen2.5-VL-3B

70 Qwen2.5-VL-7b Qwen2.5VL-7b
VisionZip-38 250 VisionZip-38
6 GlimpsePrune-38

GlimpsePrune-38
InternVL2.5-48
LongLLaVA
Long-VITA-128K

InternVL2.5-48
LongLLaVA
Long-VITA-128K

g

Peak Memory (GB)
Inference Time (seconds)

20 . o e . 50
10 O . ee 0
o st o ot s ot o o o o ot o ot o+
Input Token Length Input Token Length
(a) The peak GPU memory usage versus input (b) The inference time versus input token length
token length on the LongVLBench dataset. on the LongVLBench dataset.

Fig. 5: Analysis of resource consumption (memory and time) versus input token length
on the LongVLBench dataset.

design: by continuously providing fine-grained global context to every decoder
layer, VLZip retains the ability to leverage long-range in-context examples even
at extreme lengths where other methods collapse.

Inference Efficiency and Scalability. Our architectural design translates di-
rectly into major computational gains. As shown in Figs. [fa] and [5b] peak GPU
memory scales significantly more favorably, enabling the processing of sequences
over 280k tokens on a single A100-80GB GPU-—a scale unattainable by base-
lines. Inference speed similarly benefits, with VLZip running 23.6x faster than
the base model at extremely long context lengths. To further isolate memory
scaling behavior, we measure prefilling peak memory on synthetic interleaved
sequences with a 1:1 image-to-text token ratio across lengths from 32K to 2M to-
kens (Fig. |§[) All baselines exhibit steep memory growth: Long-VITA exceeds the
80GB A100 limit before 128K tokens, GlimpsePrune surpasses it near 256K, and
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Table 3: Performance on short-context VLM benchmarks: MMBench [18], GQA 8],
POPE [14], AI2D {10}, MMMU [34], SEED-Bench-Image (SEED™®) [12], ScienceQA-
Image (SQA'™®) [19], and OKVQA [21].

Model |MMBench GQA POPE AI2D MMMU SEED'™& SQA™E OKVQA

Qwen2.5-VL-3B 78.4 60.0 87.6 786 46.9 74.8 81.1 42.5

VLZip-3B 72.9 53.8 834 71.6 43.1 67.9 79.2 51.1
LongLLaVA reaches the limit around Inference Peak Memory
512K tokens. The uncompressed base- %:
line (Qwen2.5-VL) similarly runs out of &
memory beyond 256K tokens. In con- (:550 P
trast, VLZip’s memory curve flattens af- >4

(=}

ter 512K tokens by batch-processing im- § 30 e T
ages through the visual compressor be- % T i seprune
fore decoding, amortizing the visual en- & DN
coding cost. This allows VLZip to scale O @K LK 25K Sk M 2w

. Total Input Tokens
to 2M tokens—an order of magnitude

beyond all baselines—while keeping peak pig, 6: Prefilling peak memory vs. input
memory under 50GB on a single card. token length.

Together, the minimal memory overhead

and fast inference establish VLZip as a

practical solution for long-context applications.

Short-Context Performance. To assess the impact of our specialization, we
evaluated VLZip on standard short-context benchmarks (Tab. . Since these
benchmarks involve only short textual queries, text compression is not activated,
and only visual compression is applied. As anticipated, and consistent with the
trade-offs observed on shorter-context MMLongBench tasks, the compression-
focused design introduces a moderate trade-off on perception-heavy tasks such
as GQA and AI2D, while performance remains competitive on knowledge-heavy
VQA tasks, with VLZip even surpassing the baseline on OKVQA. Overall, VL.Zip
retains over 90% of the baseline’s performance across most benchmarks, confirm-
ing that long-context compression capability is achieved without fundamentally
compromising core vision-language abilities.

5.3 Ablation Studies

Next, we conduct a series of ablation studies to dissect VLZip’s core components
and validate our key design choices.

Necessity of Unified Compression. We validated the necessity of our com-
pression modules by measuring the maximum trainable sequence length on 8 x A100
GPUs with DeepSpeed ZeRO-2, tested in steps of 10K tokens (Table . The
uncompressed baseline model fails beyond 20K tokens due to Out-of-Memory
(OOM) errors. Compressing a single modality offers only partial relief: visual
compression alone extends the limit to 50K tokens, while textual compression
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Table 5: Ablation study on training stages. We report both average and 128k scores
on four tasks to show each stage’s contribution. The full pipeline is marked with gray .
Bold indicates the best.

Training Stage VRAG NIAH ICL LongVLBench
S1 S2 S3 S4| avg 128k | avg 128k ‘ avg 128k ‘ avg  >128k
v V v X 227 228|309 28.1|71.8 46.8 | 594  7.05
v /V X vV |26.4 228|258 229|247 43 |59.1 6.25
X X Vv V|236 222|294 247|731 478 | 58.6 7.60
v Vv Vv /|20 233|305 253|76.6 58.8|61.9 7.60

reaches 40K tokens, indicating that
both modalities contribute significantly Table 4: Impact of compression mod-
to memory pressure in ultra-long multi- ules on maximum trainable sequence
modal sequences. In stark contrast, our length before OOM (K = 1024 tokens).
unified approach expands this limit to Compression Max. Len.

120K tokens—6-fold the baseline capac- Visual Textual | (K tokens)

ity. This demonstrates that compressing

X X 20
both modalities in unison is not merely v/ X 50
beneficial but essential for enabling direct X v/ 40
training on ultra-long contexts. v/ v 120

Training Curriculum Analysis. Tab.
reveals the distinct role of each stage.
Comparing Rows 1 and 4, adding Stage
4 (long-context consolidation) substantially improves ICL-128k and LongVL-
Bench average, confirming its importance for ultra-long reasoning. Row 2 shows
that skipping Stage 3 (joint interleaved fine-tuning) causes ICL to collapse, in-
dicating joint fine-tuning is essential for harmonizing both modalities. Row 3
demonstrates that even without compressor pretraining (Stages 1&2), the model
achieves competitive LongVLBench scores, but the full pipeline (Row 4) yields
the best overall balance across all tasks.

Ablation on Chunk Size and Tokens per Chunk. To reduce the hyper-
parameter search space, we tie the image and text parameters throughout this
ablation, setting C',=C;=C and M,=M;=M , leaving asymmetric configurations
as future work. We ablate C' € {25,50,100} and M € {2,4,8} under the full-
layer injection strategy. Results are shown in Tab. [6] Fixing M =4 and varying
C, we observe that smaller chunk sizes (C' = 25) tend to improve performance
on retrieval-centric tasks (VRAG and NTAH), as finer-grained compression pre-
serves more local retrieval cues within each chunk. However, this advantage
reverses at ultra-long contexts: C'=100 achieves the best LongVLBench >128k
score (7.60) and by far the highest ICL-128k score (58.8). We attribute this
to the fact that larger chunks capture broader contextual patterns within each
compressed unit, which is critical for tasks requiring global sequence understand-
ing at extreme lengths. Fixing C'=100 and varying M, we find M =4 to be the
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Table 6: Ablation on chunk size and tokens per chunk. We set C, = C; = C and
M, = M; = M across all configurations, and fix the full-layer injection strategy. The
default configuration (C=100, M =4) is marked with gray . Bold indicates the best.

VRAG NIAH ICL LongVLBench
avg 128k | avg 128k | avg 128k | avg >128k

Varying tokens per chunk M (fired C=100)

100 2 | 28.7 29.0| 27.8 25.0 | 69.1 39.3 | 58.8 7.45
100 4 | 26.0 233|305 25.3|76.6 58.8| 619 7.60
100 8 | 26.7 23.1|31.1 25.0 | 64.1 20.5|60.3 7.15

Varying chunk size C (fized M=4)

25 4 130.7 280|314 245|588 128 [63.3 7.05
50 4 | 26.6 25.1 |32.8 24.0 | 59.7 22.8 | 59.4 6.05
100 4 | 26.0 233|305 25.3|76.6 58.8| 619 7.60

cC M

Joint varitation

50 8 | 29.7 27.2 | 31.6 23.4‘49.0 7.5 | 62.1 7.00

Table 7: Injection layer strategy ablation for C=100, M =4. Bold denotes the best.

VRAG NIAH ICL LongVLBench
avg 128k | avg 128k | avg 128k | avg >128k

First-layer | 31.2 31.3 | 31.3 27.8 | 75.8 55.5 | 59.6 8.00
First-half | 30.0 28.0 | 28.9 27.1| 70.2 42.3 | 60.6 7.65
Interval-2 | 289 27.8 | 30.6 27.2 | 70.8 39.3 |61.8 8.25
Full-layer | 26.0 23.3 | 30.5 25.3 | 76.6 58.8 |61.9 7.60

Strategy

optimal choice across all ultra-long metrics. Increasing to M=8 does not fur-
ther improve performance and degrades ICL-128k significantly (20.5 vs. 58.8),
while decreasing to M =2 reduces NIAH average (27.8 vs. 30.5) and ICL-128k
(39.3 vs. 58.8), suggesting insufficient capacity to represent compressed chunk
information. We also examine a joint variation (C'=50, M=8), which maintains
a higher compression rate than our default, but yields noticeably worse ICL
performance (ICL avg: 49.0, ICL-128k: 7.5), further confirming that C' and M
have independent effects that cannot be captured by compression rate alone. We
therefore adopt C=100, M=4 as our default configuration.

Injection Layer Strategy. Tab.[7]compares four injection strategies under our
default C=100, M =4 setting. First-layer injection yields the strongest retrieval
performance (VRAG avg: 31.2, NIAH avg: 31.3), as concentrating compressed
features at the earliest layer provides rich context at the input stage. However,
full-layer injection achieves the best ICL scores (ICL avg: 76.6, ICL-128k: 58.8)
and LongVLBench average (61.9). While other strategies show competitive point
scores in the longest bin, the superior average and ICL performance of full-layer
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Table 8: Ablation on compressor architecture (fixed C=100, M=4, full-layer injection).
The Q-Former compressor is marked with gray . Bold indicates the best.

Compressor VRAG NIAH ICL LongVLBench

P avg 128k | avg 128k | avg 128k | avg 128k
Avg Pooling | 32.4 32.1]26.3 250|358 6.0 |538 6.85
Q-Former | 26.0 23.3 | 30.5 25.3|76.6 58.8|61.9 7.60

injection confirms its robustness. We attribute this to the holistic nature of these
tasks: ICL requires inferring patterns from interleaved multimodal examples dis-
tributed across the entire context, while LongVLBench emphasizes comprehen-
sive reasoning over long sequences. Both demand global context understanding
that benefits from compressed representations being continuously available at
every decoder layer, rather than concentrated at early layers alone.
Compressor Architecture. Tab. |8 compares our Q-Former compressor with
a simpler average pooling baseline. Average pooling achieves stronger VRAG re-
trieval scores, as averaging preserves distributional cues beneficial for matching-
based tasks. However, it severely underperforms on ICL and LongVLBench, indi-
cating that average pooling lacks the capacity to selectively preserve structured
information essential for reasoning over long contexts.

6 Conclusion

We introduced VLZip, a unified compression framework that enables efficient,
high-fidelity reasoning over ultra-long multimodal sequences within a pure Trans-
former architecture. By hierarchically distilling visual and textual information
and injecting it across all decoder layers, VLZip enables training on sequences up
to 120K tokens—a 6 x improvement—and processes contexts exceeding 280K to-
kens during inference. Its memory efficiency further enables scaling to 2M-token
contexts, a scale infeasible for most comparable methods.
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