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Abstract

Vision Language Models (VLMs) enable powerful multimodal reasoning but scale poorly: large parameter
counts, long visual token sequences, and high-bandwidth inputs make training and deployment expensive.
Meanwhile, modern compression techniques-from learned neural codecs to semantic-aware codecs-
offer new avenues to reduce computation, memory, and communication costs. This review synthesizes
recent research at the intersection of VLMs and compression, organizing work into six categories: visual
token compression, compressed-latent inputs, compressed-domain inference, semantic compression,
edge server split computing with feature compression, and VLM-guided image compression. We
analyze representative methods in each category, quantify typical trade-offs between efficiency and task
performance, and identify key challenges for robustness, generalization, and privacy. Framing the field as
a co-design problem, we argue that future progress requires jointly optimizing compression pipelines and
multimodal architectures to preserve semantic fidelity under resource constraints.

l. Introduction been marked by a shift toward multimodal learn-
ing, where models integrate information from vision

The rapid progress of artificial intelligence has and language to perform tasks such as captioning,
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retrieval, and question answering. At the center of
this shift are VLMs, which align images and text in
shared embedding spaces and enable powerful zero
-shot and few-shot reasoning capabilities [14, 9, 1],
From assistive technologies and content moderation to
healthcare and education, VLMs are increasingly de-
ployed across domains where semantic understanding
of visual and textual content is essential [10, 11].

Despite these advances, current VLMs are often
prohibitively resource-intensive, Training and in-
ference typically involve hundreds of millions or
even billions of parameters, high-resolution in-
puts decomposed into thousands of tokens, and
substantial GPU compute, making large-scale de-
ployment expensive and impractical on mobile,
embedded, or bandwidth-limited platforms [16].
Addressing these efficiency bottlenecks is criti-
cal for scaling multimodal intelligence beyond re-
search prototypes to real-world systems.

In parallel, compression has long served as a
foundational technology for efficient storage and
transmission, Traditional codecs such as JPEG and
AVC/H.264 exploit redundancy to enable scalable
sharing of images and video, while neural network
compression techniques, such as pruning, quanti-
zation, and knowledge distillation, have reduced
the complexity of deep models [3, 4]. More recently,
learned neural codecs and semantic-aware com-
pression schemes have shifted focus from pixel
fidelity toward perceptual and task-relevant pres-
ervation, opening new opportunities to align effi-
ciency with reasoning objectives [8, 13].

These developments highlight a growing conver-
gence: VLMs and compression, historically distinct

research threads, are becoming deeply interdepen-

dent, Compression enhances VLMs by reducing
computational cost through token pruning [15, 17,
18, 19], compressed-latent inputs [7, 20], and com-
pressed-domain inference [12, 2], At the same time,
VLMs are not only consumers of compressed data but
also contributors to the design of compression meth-
ods. By signaling which regions or features are most
relevant for downstream reasoning, they enable co-
decs to prioritize semantically important content and
discard less critical details, resulting in compressed
outputs that remain highly informative for multimod-
al tasks [6, 8, 13]. This two-way interaction shifts the
role of efficiency: rather than being treated purely as
a cost-saving optimization, it becomes a key mech-
anism for preserving semantic fidelity within multi-
modal intelligence. Although earlier surveys have
examined VLM architectures [10] or efficiency-
oriented strategies [10] separately, a unified account
of their intersection has not yet been developed.
This review seeks to close that gap by offer-
ing a structured synthesis of research at the inter-
face of VLMs and compression, Specifically, we:
(i) present a taxonomy of approaches spanning
token pruning, compressed-latent inputs, com-
pressed-domain inference, semantic compression,
edge-server feature compression, and VLM-guided
codecs; (ii) analyze trade-offs in accuracy, effi-
ciency, and robustness across categories; and (iii)
identify open challenges and opportunities for co-
designing VLMs and compression frameworks.
Accordingly, this review aims to provide both
a synthesis of existing work and a roadmap for
future research at the intersection of VLMs and
compression, where efficiency and semantics are

jointly optimized to enable practical, scalable, and
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intelligent multimodal systems,

Il. Background

VLMs are designed to integrate visual and tex-
tual information into a shared representational
space, supporting tasks such as zero-shot recog-
nition, captioning, visual question answering, and
multimodal retrieval. Early progress came from
large-scale contrastive training on paired image-
text datasets, which enabled strong generalization
without heavy reliance on task-specific labels [14,
5]. Building on this foundation, more advanced de-
signs combined frozen or pretrained vision encod-
ers with large language models and cross-attention
modules, giving rise to architectures capable of
richer multimodal reasoning, few-shot adaptation
(e.g., Flamingo, BLIP-2), and unified generative
systems that extend reasoning to both modalities
(e.g., GPT-4V) [1, 9, 11]. Surveys of this field em-
phasize both the speed of progress and the wide
application space, from search and retrieval to
clinical imaging, that makes scalability and effi-
ciency increasingly important considerations for
real-world deployment [10].

However, despite these successes, VLMs face
three interconnected problems when moving from
lab settings to practical systems. The first is mod-
el size and computation: state-of-the-art VLMs typ-
ically rely on hundreds of millions to billions of
parameters and demand large amounts of FLOPs
during inference, creating significant energy, la-
tency, and financial costs [10]. The second relates

to input representation: transformer-based vision

modules generate many tokens for each image
and exponentially more for video, which inflates
both memory usage and computational require-
ments, To mitigate the token explosion, methods
such as dynamic sparsification and visual-token
compression have been proposed, though they of-
ten introduce trade-offs in accuracy and general-
ization [15, 17, 18, 19]. Third, many systems split
work between edge devices and servers, making
transmission of raw or fully decoded inputs a seri-
ous bandwidth and latency concern; this motivates
compressed-domain inference and feature-level
transmission as practical alternatives to raw data
transfer [12], [2], [24].

Because these bottlenecks are both computa-
tional and semantic, compression for multimodal
systems must do more than reduce bits: it must pre-
serve the information needed for downstream rea-
soning. Promising directions include learned neural
codecs and compact latents that retain perceptual
and semantic content at far lower bitrate than pix-
els [71, [20]; compressed-domain methods that op-
erate on transform or bitstream features to avoid
decoding overhead [12], [2]; and semantic-aware or
model-guided codecs that optimize preservation of
task-relevant cues using textual or VLM feedback
(6], [8], [13]. Feature compression and lightweight
bottlenecks enable practical edge-server pipelines
by transmitting compact, task-oriented representa-
tions rather than raw images [24], [25], [21]. Overall,
the literature points to a bidirectional convergence:
on one side, compression strategies are being re-
designed to support the computational demands of
VLMs, and on the other, VLMs themselves are begin-

ning to inform how compression should prioritize
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semantic content, This mutual influence highlights
the need for a co-design approach in which codecs,
compact representations, and multimodal architec-
tures are optimized together to balance semantic
preservation, generalization, and efficiency in set-

tings with limited resources [6, 8, 16].

lll. Review of Recent VLMs with
Compression Approaches

The convergence of VLMs and compression has
become a key research focus, engaging both multi-
modal learning and efficient computing communi-
ties, Compression reduces computational, memory,
and bandwidth demands by eliminating redundan-
cy in tokens, latents, or intermediate features. In

turn, VLMs guide codecs with semantic cues, en-

suring task-relevant details are preserved even un-
der heavy compression, This two-way relationship
reframes efficiency not just as resource minimiza-
tion but as a means to sustain semantic accuracy in
practical settings. Existing surveys help frame this
discussion, for example, Nguyen et al, review VLM
progress, outlining applications and ongoing chal-
lenges [10]. Complementarily, Shinde et al. empha-
size efficiency, identifying model compression and
runtime optimization as central to deploying VLMs
in practical environments [16]. Building on this
foundation, our review turns specifically to works
that lie at the intersection of these two domains. To
this end, we organize the literature into six catego-
ries as shown in Figure 1,

The figure provides a structured view of how
compression techniques and VLMs complement

each other across different stages of the multimod-

( Vision Language Model (VLM) + Compression )

(

Visual Token
Compression

l

Compressed-
Latent Inputs

Compressed-
Domain Inference

)

Semantic
Compression

Edge-Server Split
Computing with Feature
Compression

VLM Guided Image
Compression

<Figure 1> Categorization of Vision-Language Models with Compression Techniques
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<Figure 2> General Pipeline of Visual Token Compression
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al pipeline, Each category addresses efficiency

from a distinct perspective,

1. Visual Token Compression

Visual token compression is one of the most di-
rect strategies for reducing the computational bur-
den of VLMs, In transformer-based architectures,
visual inputs such as images and videos are divid-
ed into patches or frame tokens, each processed
individually in a long input sequence, While this
representation allows fine-grained multimodal
reasoning, it also drastically increases sequence
length, driving up FLOPs, memory usage, latency,
and energy costs. Token compression addresses
this issue by pruning or merging redundant tokens
before they enter the multimodal pipeline, thereby
reducing computational overhead while striving to
preserve the semantic fidelity needed for down-
stream reasoning tasks.

Figure 2 presents a general pipeline: raw inputs
are divided into patches or frames, after which
a pruning mechanism selects or merges a subset
of tokens. The resulting compressed sequence is
then passed to the VLM for tasks such as caption-
ing, retrieval, or VQA, The motivation behind this
approach is the uneven semantic value of tokens,
Background regions or static areas often add little
to reasoning, and successive video frames typically
repeat information, Processing these tokens con-
sumes resources without boosting performance,
which drives interest in pruning strategies that re-
tain only the most informative content. The main
challenge, however, is balance such that pruning

too much risks losing subtle but important cues

needed for grounding and interpretability.

Research in this area has progressed through
several influential contributions [21]. DynamicViT
introduced adaptive sparsification that removes
tokens according to importance scores, demon-
strating notable computational savings while pre-
serving accuracy [15]. Building on this, LLaVA-Zip
proposed pruning guided by intrinsic image fea-
tures, enabling the number of tokens to adjust dy-
namically at inference without retraining [17]. For
video inputs, PruneVid addressed temporal re-
dundancy by merging static tokens across frames,
maintaining motion cues while reducing sequence
length [18]. More recently, DivPrune employed di-
versity-aware learning, ensuring that pruning pre-
serves semantically distinct tokens rather than
collapsing them into oversimplified representa-
tions [19].

Empirical studies confirm the benefits of token
compression across multimodal benchmarks. Re-
ported gains typically include notable reductions
in computation with accuracy levels close to pix-
el-based baselines [15, 17, 18, 19]. Crucially, most
methods integrate smoothly with pretrained VLMs,
requiring minimal fine-tuning and making them
feasible for existing pipelines,

However, performance is sensitive to pruning
rates: overly aggressive compression can degrade
semantic grounding, harm fine-grained reasoning,
and even induce hallucinations in generative out-
puts. As such, adaptive and task-aware pruning
strategies represent the current trend, emphasizing
robustness by modulating pruning intensity based
on input complexity and task demands.

Despite promising advances, token compres-
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sion faces persistent challenges, Over-pruning
rare but important cues, such as small objects or
subtle text, remains a significant risk, especially
in tasks that depend on fine detail [15, 19]. Gen-
eralization across tasks and domains is another
limitation, since pruning policies tuned for classi-
fication may underperform on VQA or dense-cap-
tioning tasks [17]. For video, maintaining a balance
between discarding redundancy and preserving
motion cues is non-trivial [18]. Finally, evaluation
practices remain inconsistent: many works report
FLOPs or accuracy but omit metrics such as laten-
¢y, memory usage, or robustness under pruning
variation, making it difficult to compare methods
fairly across studies [21].

Addressing these limitations requires method-
ological and evaluation improvements, On the
methodological side, pruning strategies should
increasingly become adaptive, multimodal, and
task-aware, integrating textual prompts or task
objectives when available to avoid discarding
relevant visual tokens. Diversity- and uncertainty
-aware pruning objectives can further safeguard
against losing rare but critical cues [19]. For eval-
uation, researchers should adopt standardized
benchmarking practices, reporting FLOPs, end-to-

end latency, memory footprint, and downstream

task metrics across multiple pruning rates, while
also releasing code and reproducible configura-
tions [21]. Expanding evaluations to domain-shift
and multi-task scenarios will also help assess gen-
eralization,

In summary, visual token compression provides
a foundational pathway for scaling VLMs to re-
source-constrained environments, By reducing
token-level redundancy while retaining seman-
tic relevance, these methods improve computa-
tional efficiency without substantially sacrificing
accuracy. The field is now moving toward adap-
tive frameworks that allocate attention and token
budgets dynamically according to both input char-
acteristics and task requirements, This evolution
positions token compression not just as a cost-
saving mechanism but also as an essential enabler
of practical, robust, and semantically grounded

multimodal intelligence [15, 17, 18, 19].

2. Compressed-Latent Inputs

Compressed-latent inputs offer a promising route
to improve VLM efficiency by replacing raw-pixel
inputs with compact intermediate representations
produced by neural image or video codecs. In-

stead of decoding full images and then extracting
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<Figure 3> General Pipeline of Compressed-Latent Inputs
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features for a vision encoder, the pipeline encodes
inputs into latent vectors that are both smaller and
often rich in perceptual structure. Operating on
these latents avoids the repeated decode-encode
overhead, reduces storage and transmission costs,
and can substantially lower preprocessing FLOPs
and memory usage during multimodal inference.
Figure 3 illustrates that an image or video is
first passed through a neural codec that produc-
es compact latents; a lightweight adapter or map-
per then converts those latents into an embedding
space compatible with the VLM; finally, the VLM
performs downstream reasoning such as retrieval,
captioning, or VQA directly on the adapted latents,
The central motivation for this approach stems
from advances in learned codecs that produce
highly compact representations optimized for per-
ceptual quality, These latents frequently encode
edges, textures, and higher-level patterns useful
for recognition, making them attractive as substi-
tutes for pixel-based inputs when an appropriate
alignment to VLM embeddings can be achieved.
Work in this area has proposed several effective
strategies for bridging the representation gap be-
tween codec latents and VLM input spaces. Kao et
al. developed adapter layers that map compressed
image latents directly into the input embedding
distribution of large multimodal models, allow-
ing integration without retraining the entire VLM
[71. TiTok showed that images can be distilled into
as few as 32 tokens for both reconstruction and
downstream  generation/reasoning, demonstrat-
ing that extremely compact latent encodings can
preserve semantics sufficient for multimodal tasks

[20]. Other efforts, such as text-guided neural com-

pression (TACO), condition the codec on auxilia-
ry signals so that latents better reflect task-relevant
semantics, improving downstream performance
under tight bitrate constraints [8].

Empirical results indicate that compressed-latent
pipelines can deliver marked savings in bandwidth
and memory while maintaining competitive accu-
racy on many benchmarks, provided the adapter
and latent design are well chosen. Typical gains
include reduced transmitted bits for edge-cloud
workflows and lower preprocessing FLOPs by
avoiding full pixel decoding. However, naive use
of codec latents may produce a representational
mismatch: latents optimized purely for visual fi-
delity do not necessarily emphasize the seman-
tic features a VLM requires, and this mismatch can
degrade reasoning performance., Consequently,
adapter quality, joint optimization of codec and
adapter, or task-aware latent conditioning often
determines whether compressed-latent methods
match pixel-based baselines.

Several challenges constrain current progress.
First, the representation mismatch between per-
ceptual latents and semantic embeddings remains
a core hurdle; resolving it often requires addition-
al data, compute, or co-training that may be im-
practical for many teams. Second, co-designing
codecs and VLM adapters increases engineering
complexity and reduces plug-and-play flexibility.
Third, latents tuned for one downstream task may
not generalize across tasks (e.g., detection versus
captioning), which complicates adoption in multi-
task settings. Finally, the field lacks standardized
evaluation protocols that jointly report bandwidth,

FLOPs, latency, and task metrics, making cross-
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paper comparisons difficult,

Looking forward, practical recommendations in-
clude developing lightweight adapters that align
latents to VLM embeddings with minimal fine-tun-
ing, pursuing co-design where feasible to jointly
optimize latent objectives and downstream losses,
and incorporating task-aware conditioning (e.g.,
textual prompts or labels) during encoding to bias
latents toward preserving relevant semantics [7, 8].
Researchers should also evaluate compressed-
latent pipelines across diverse multimodal bench-
marks and bitrates while reporting a consistent set
of metrics like bandwidth, latency, FLOPs, memo-
ry, and downstream accuracy to clarify real-world
trade-offs.

In summary, compressed-latent inputs integrate
modern neural codec advances into the first stage
of the VLM pipeline, offering a compact and band-
width-efficient alternative to pixel-based process-
ing. When adapters or jointly optimized codecs
align latents with multimodal semantics, these
pipelines can yield substantial practical gains in
memory, bandwidth, and compute without large
sacrifices in accuracy. Continued progress will
depend on improved co-design practices, stan-
dardized evaluation, and methods that explicitly

prioritize semantic alignment between codec la-

tents and VLM embeddings [7, 20, 8, 21].

3. Compressed-Domain Inference

Compressed-domain inference represents a
com-plementary approach to efficiency in VLM
pipelines, wherein models operate directly on
compressed representations such as JPEG frequen-
cy coefficients or video bitstreams rather than fully
reconstructed pixel images. By bypassing pixel de-
coding, these methods exploit codec-native struc-
tures that already capture essential perceptual
information, thereby reducing preprocessing cost,
memory usage, and latency during multimodal in-
ference,

Figure 4 illustrates that the system extracts com-
pressed-domain features from encoded visual data
(e.g., JPEG DCT coefficients or video motion vec-
tors) and adapts them into a representation com-
patible with the VLM, These adapted features are
then fed directly into the multimodal model for
tasks such as captioning, retrieval, or visual ques-
tion answering. The motivation for compressed-
domain inference is clear: decoding inputs at the
pixel level introduces both computational over-
head and redundancy, whereas compressed repre-

sentations already encode frequency and structural
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<Figure 4> General Pipeline of Compressed-Domain Inference
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cues sufficient for higher-level reasoning,

Several studies have demonstrated the practicali-
ty of this idea. Park and Johnson proposed RGB No
More, a vision transformer that bypasses pixel re-
construction by consuming JPEG DCT coefficients
directly [12]. Their result shows that models oper-
ating in the compressed domain can match pixel-
based accuracy while reducing data loading and
preprocessing cost. Extending this direction, Deng
and Karam presented compressed-domain recogni-
tion pipelines that employ feature adaptation lay-
ers, achieving performance close to pixel-domain
baselines at significantly lower computational ex-
pense [2]. Together, these works establish com-
pressed-domain inference as a viable and effective
route toward efficient multimodal processing.

Empirical findings reinforce these advantages.
By eliminating full pixel decoding, compressed-do-
main methods lower data transfer, memory usage,
and preprocessing latency which are key factors
for large-scale and real-time VLM applications. Im-
portantly, compressed features such as DCT coef-
ficients or motion vectors highlight structural and
perceptual patterns that align with the semantics
required for recognition and reasoning [12, 2],

At the same time, this approach faces notable
challenges. First, compressed features are tied
to specific codecs: models trained on JPEG la-
tents may not generalize well to HEVC/H.265 or
VVC/H.266 without adaptation. Second, there is
a mismatch between codec-derived features and
the embedding spaces expected by VLMs, making
adapter layers or joint training necessary. Third, al-
though compressed inputs reduce cost, they may

omit subtle semantic details essential for fine-

grained reasoning, creating trade-offs for tasks de-
manding precise grounding. Finally, the absence
of standardized benchmarks and consistent report-
ing complicates fair evaluation across codecs and
tasks.

Looking forward, promising directions may in-
clude developing codec-agnostic adapters that en-
able cross-format generalization, co-optimizing
compressed features with multimodal objectives
to close representation gaps, and adopting eval-
uation protocols that jointly report efficiency met-
rics (e.g., FLOPs, bandwidth, latency) alongside
accuracy. Embedding compressed-domain infer-
ence into larger semantic or adaptive compression
pipelines also appears valuable, allowing systems
to flexibly switch between pixel, latent, and com-
pressed-domain processing depending on the task
at hand.

In short, compressed-domain inference rethinks
the preprocessing stage of VLMs by operating di-
rectly on frequency- or block-level features inher-
ent in visual codecs. By bypassing pixel decoding,
these methods achieve meaningful savings in com-
putation and latency while preserving sufficient se-
mantic structure for downstream reasoning. Future
work lies in improving cross-codec generalization,
aligning compressed features with multimodal
embeddings, and establishing standardized eval-
uations to fully realize the potential of this efficien-

cy-oriented paradigm [12, 2],

4. Semantic Compression

Semantic compression advances the efficiency of

VLM pipelines by focusing on transmitting or stor-
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<Figure 5> General Pipeline of Semantic Compression

ing only the task-relevant information contained
in an image, rather than the full pixel-level detail.
Unlike traditional codecs, which aim to minimize
pixel distortion (e.g., PSNR or SSIM), semantic
compression prioritizes preserving meaning-rich
features such as object attributes, relationships, or
multimodal descriptors. This shift reframes com-
pression not as a low-level preprocessing step, but
as an active enabler of multimodal reasoning un-
der bandwidth- or resource-constrained environ-
ments,

Figure 5 illustrates that the visual inputs are first
processed by a semantic-aware encoder that iden-
tifies the most critical information for downstream
tasks. These compact semantic representations,
ranging from symbolic descriptors to cross-modal
embeddings are then transmitted or stored. On the
receiver or server side, a decoder-or the VLM itself-
directly leverages these representations to perform
tasks including question answering, retrieval, and
caption generation, The guiding motivation is that
reasoning tasks rarely require the full pixel grid;
instead, maintaining high-level semantics suffices
for accurate performance.

Recent work is shifting compression from pixel re-
production toward preserving meaning. Jiang et al,

introduce VLM-CSC, a cross-modal semantic com-

munication system where a vision-language model
extracts compact semantic descriptors for transmis-
sion instead of raw or densely processed images
[6]. By sending only semantically aligned infor-
mation drawn from a vision-language knowledge
base, their pipeline achieves large bitrate reduc-
tions while keeping downstream reasoning per-
formance stable. Qin et al, take a similar direction
with perceptual image compression that is guid-
ed by cross-modal side information: brief textual
cues steer the codec to preserve features most rel-
evant for interpretation, so compressed outputs re-
tain the original content’s semantic intent even at
aggressive bitrates [13].

Results from these studies indicate real practical
gains: semantic-aware methods often cut bitrate
substantially compared with pixel-centric codecs
while maintaining task accuracy. For example,
transmitting semantic descriptors alone can mark-
edly lower bandwidth requirements with little loss
in reasoning quality, and text-guided compres-
sion has been shown to boost perceptual quality
at fixed bitrates, These findings suggest that, for
multimodal reasoning, keeping the meaning mat-
ters more than reproducing every pixel.

However, several challenges remain. A major

issue is task specificity: a codec tailored for cap-
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tioning might drop cues that a detector or retriever
needs. Defining “relevant semantics” is therefore
nontrivial, since what matters depends on the task,
dataset, and user objective. Deployment common-
ly requires VLMs in the training or inference loop,
which raises system complexity and cost. Evalua-
tion practices also lag: most papers report bitrate
and task accuracy but rarely measure latency, en-
ergy consumption, or cross-task robustness.

Future progress will likely depend on adaptive
systems that can identify task-relevant features at
runtime and codecs co-designed with multimodal
objectives. Unified benchmarks that jointly evalu-
ate bitrate, compute cost, latency, and downstream
performance would enable fair comparisons.
Deeper integration of VLM signals, for example
attention maps or language cues, into the com-
pression pipeline is another promising path for al-
locating bits according to semantic priority.,

In short, semantic compression reframes the
goal from pixel fidelity to preserving the informa-
tion that matters for downstream reasoning and hu-
man understanding. By transmitting or storing only
the semantics needed for reasoning, these meth-
ods redefine compression as a core component of
multimodal intelligence. Looking forward, seman-

tic compression is poised to play a pivotal role in

scaling VLMs to real-world, bandwidth-constrained
applications while ensuring that efficiency does not

come at the cost of semantic grounding [6, 13].

5. Edge-Server Split Computing with
Feature Compression

This technique has emerged as a practical para-
digm for scaling VLMs to real-world environments
where edge devices, such as smartphones, drones,
or IoT sensors, operate under tight resource con-
straints, Instead of transmitting raw images or vid-
eos to the cloud, edge devices extract compact
feature embeddings, compress them, and send only
the reduced representations to powerful server-
side models. The cloud server then reconstructs or
adapts these features into the VLM’s embedding
space, enabling multimodal reasoning with lower
bandwidth, reduced latency, and improved priva-
cy.

Figure 6 illustrates that the edge device performs
lightweight encoding to generate intermediate fea-
tures, applies compression to reduce communi-
cation load, and transmits these features over the
network, The server, equipped with the full VLM,
processes the received features for tasks such as

captioning, question answering, or retrieval. This
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<Figure 6> General Pipeline of Edge-Server Split Computing with Feature Compression
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design balances the computational load between
edge and cloud, minimizing communication over-
head while still leveraging the full reasoning ca-
pacity of large-scale models.

Recent research underscores the effectiveness
of this strategy. Shinde et al. emphasize that fea-
ture compression and runtime optimization are
central to extending VLM deployment into mobile
and IoT contexts, where bandwidth and compute
are scarce [16]. Matsubara et al. demonstrate that
learned compression modules for edge features
can outperform conventional image transmission,
achieving better rate-distortion trade-offs and end-
to-end latency by co-designing encoders with task
objectives [24]. Complementary approaches, such
as FrankenSplit, propose shallow bottleneck mod-
ules for compressing neural features at the split
point, showing that compact embeddings can sub-
stantially reduce communication without heavily
degrading downstream accuracy [25].

Empirical evaluations validate the advantages of
split computing pipelines., Compared to transmit-
ting raw pixel data, compressed feature transmis-
sion reduces bandwidth consumption by orders of
magnitude while maintaining accuracy across vi-
sual recognition and multimodal reasoning tasks
[24, 25]. Furthermore, carefully designed feature
encoders trained with distillation or task-specific
objectives can achieve semantic fidelity sufficient
for robust reasoning, even at very low bitrates, In
latency-sensitive applications, such as robotics or
autonomous driving, edge-server split frameworks
also reduce end-to-end delays by limiting the size
of transmitted data.

Nonetheless, challenges remain for widespread

adoption. First, designing general-purpose com-
pressed features that perform well across diverse
multimodal tasks is nontrivial, as features tuned for
one task (e.g., classification) may lack information
needed for another (e.g., dense captioning). Sec-
ond, variable network conditions can sharply re-
duce effectiveness when a compression method
cannot adapt to changing bandwidth, Third, pri-
vacy remains a concern: compressed embeddings
may still reveal sensitive visual content unless they
are properly protected. Finally, tightly co-design-
ing edge encoders with server-side VLMs raises
system complexity and undermines modularity
and plug-and-play deployment,

Future research should therefore emphasize
adaptive feature-compression schemes that real-
locate bitrate on the fly according to task priori-
ties and network fluctuations, Equally critical are
privacy-preserving  solutions-for example, fea-
ture obfuscation, differential privacy, or encrypted
transmission-that retain utility while limiting in-
formation leakage. Developing codec-agnostic in-
termediate representations that generalize across
tasks and heterogeneous server setups would also
improve flexibility and interoperability, To evalu-
ate these trade-offs in realistic settings, we need
standardized benchmarks that report not only ac-
curacy but also bitrate, latency, and energy use.

In short, edge-server split computing with fea-
ture compression offers a practical, scalable route
for running VLMs under tight bandwidth and laten-
cy constraints: sending compact, semantically rich
representations reduces communication demands
while preserving multimodal reasoning capabili-

ties [16, 24, 25].
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6. VLM-Guided Image Compression

VLM-guided image compression treats a vision-
language model as an active participant in the en-
coding pipeline. Rather than compressing every
pixel uniformly, these methods steer bit alloca-
tion toward regions that are semantically important
that are identified by language prompts, attention
maps, or task objectives while compressing less
relevant areas more aggressively, In this way, low-
level encoding choices are aligned with high-level
reasoning priorities,

Figure 7 illustrates that the visual data is encod-
ed by a neural codec that incorporates signals from
a VLM, such as textual prompts, attention maps,
or task objectives, to guide bit allocation. Regions
critical for downstream reasoning (e.g., objects
mentioned in a question or caption) are preserved
with higher fidelity, while background or less rel-
evant areas are compressed at lower quality. The
resulting compressed bitstream is then transmitted
or stored, with the assurance that task-relevant se-
mantics remain intact,

Recent works illustrate the promise of this ap-
proach. Lee et al. propose TACO, a text-guided
neural codec in which short textual instructions

encourage the encoder to preserve semantically

important regions, improving both pixel fidelity
and downstream robustness [8]. Qin et al, pur-
sue a related idea by using cross-modal side in-
formation, textual cues that bias the codec toward
features important for human or machine interpre-
tation, showing that semantics can be preserved
even at low bitrates [13].

Empirical results support VLM guidance: com-
pared with conventional codecs optimized only for
distortion metrics (e.g., PSNR, SSIM), VLM-guided
codecs tend to achieve better task performance
at the same or lower bitrates. Tasks such as visu-
al question answering and captioning particularly
benefit when fine details in task-relevant regions
are retained despite overall bitrate reductions. This
evidence suggests that semantic priority, not raw
pixel reproduction, often determines success in
multimodal reasoning,

Challenges remain. Policies tuned to a specific
prompt or task may not generalize to new tasks,
Moreover, integrating VLMs into the codec intro-
duces additional computational overhead, raising
concerns about deployment in latency-sensitive or
resource-constrained environments,

Future research may include developing light-
weight VLM-guidance mechanisms that minimize

overhead while providing strong semantic align-
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<Figure 7> General Pipeline of VLM-Guided Image Compression
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ment, as well as exploring adaptive guidance that
tailors compression policies dynamically to dif-
ferent tasks or prompts. Research into joint opti-
mization frameworks, where codecs and VLMs
are co-trained to balance efficiency and seman-
tics, could further enhance performance. Addi-
tionally, expanding evaluation metrics to account
for semantic fidelity will enable more meaningful
comparisons across approaches.

In summary, VLM-guided image compression
exemplifies the bidirectional synergy between
multimodal reasoning and efficient encoding.
By allowing VLMs to guide bit allocation, these
methods ensure that compression prioritizes se-
mantics over pixel fidelity, advancing toward intel-
ligent, task-aware pipelines. While challenges of
generalization, overhead, and evaluation remain,
VLM-guided compression is poised to become a
cornerstone of future multimodal systems where
perception, communication, and reasoning are

tightly integrated [8, 13].

IV. Conclusion

The intersection of VLMs and compression re-

frames efficiency as the preservation of semantic
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