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Abstract

Vision-language models (VLMs) have transformed multi-
modal reasoning, but feeding hundreds of visual patch to-
kens to LLMs incurs quadratic computational costs, strain-
ing memory and context windows. Traditional approaches
face a trade-off: continuous compression dilutes high-level
semantics like object identities, while discrete quantiza-
tion loses granular details such as textures. We chal-
lenge this by introducing HTC-VLM, a hybrid framework
that disentangles semantics and appearance through dual
channels, i.e., a continuous pathway for fine-grained de-
tails via ViT patches and a discrete pathway for symbolic
anchors using MGVQ quantization projected to four to-
kens. These are fused into a 580-token hybrid sequence
and compressed to one token via a disentanglement at-
tention mask and <voco> bottleneck, ensuring efficient,
grounded representations. HTC-VLM achieves an aver-
age performance retention of 87.2% across seven bench-
marks (GQA, VQAv2, MMBench, MME, POPE, SEED-
Bench, ScienceQA-Image), outperforming the leading con-
tinuous baseline at 81.0% with a 580-to-1 compression ra-
tio. Attention analyses show the compressed token priori-
tizes the discrete anchor, validating its semantic guidance.
https://github.com/jushengzhang/HybridToken-VLM

1. Introduction

Vision–language models (VLMs) increasingly rely on large
sets of patch-level visual tokens (N=576 for a single ViT
image) to supply rich perceptual information to a large
language model (LLM) [11, 17, 25, 28, 37, 45, 46, 53].
While effective, this dense coupling imposes a prohibitive
quadratic attention cost O((N+L)2), rapidly exhausting
GPU memory and context budgets [9, 10, 36, 44, 46]. A
natural question thus arises: Can a VLM retain semanti-
cally useful visual information when the entire image is
compressed to only a few tokens or even to a single one?

Existing attempts have split into two directions that ex-
hibit complementary failure modes [12, 18, 34, 40, 43, 48,
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Figure 1. Vision-token compression. (a) VoCo-LLaMA collapses
576 patches into one <voco> token, losing semantic structure.
(b) HTC-VLM adds 4 discrete semantic tokens and compresses all
into one <voco> token, preserving semantics and visual detail.

51, 54, 55]. Continuous compression projects the full patch
sequence into a single dense vector, reducing latency but
inevitably collapsing high-level semantics as mutual infor-
mation I(vc;S) drops. Conversely, full discretization (e.g.,
VQ codebooks) preserves categorical semantics but dis-
cards fine-grained continuous cues (pose, texture, deforma-
tion), creating a granularity gap that limits detailed reason-
ing [17, 21, 51, 53, 58]. These behaviors are often inter-
preted as an unavoidable efficiency–fidelity trade-off.

We revisit this problem from a representational perspec-
tive. By compressing all 576 ViT tokens into a single la-
tent, we expose a structural bottleneck: A one-token con-
tinuous bottleneck cannot simultaneously encode discrete
semantics and continuous visual details [36, 43]. This mo-
tivates us to examine how much structure must be pre-
served before compression. A key observation emerges:
inserting a minimal set of discrete semantic anchors prior
to the bottleneck restores the high-level scaffolding re-
quired by downstream reasoning, while continuous tokens
retain complementary fine-grained detail. This leads to
HTC-VLM, a hybrid compression architecture (Fig. 1) that
prepends a small number of discrete semantic tokens to
the continuous patch tokens and compresses them jointly
into a single <voco> latent. Unlike VoCo-style meth-
ods, which compress only continuous tokens, our approach
explicitly decomposes visual information into (i) seman-
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tic anchors (discrete) and (ii) detail carriers (continu-
ous) before fusion, following the principle that single-
token compression remains expressive only if semantics
and details are disentangled prior to compression. Em-
pirically, HTC-VLM retains 87.2% of full-model perfor-
mance across seven benchmarks—outperforming the best
continuous-compression baseline (81.0%) under the same
580-to-1 compression ratio. Attention analyses further
show that the compressed latent selectively attends to the
discrete anchors, validating their role as interpretable se-
mantic carriers.

Our main contributions are three-fold: i) Representa-
tional analysis of the bottleneck. We identify the expres-
siveness gap in single-token visual compression and show
that semantics and continuous details cannot be jointly pre-
served within a purely continuous latent; ii) Hybrid se-
mantic–detail decomposition. We introduce a principled
framework that injects a minimal number of discrete seman-
tic anchors before compression, enabling disentangled fu-
sion of discrete semantics and continuous appearance in the
hybrid latent; iii) A practical and scalable hybrid VLM
architecture. We instantiate this principle as HTC-VLM,
achieving state-of-the-art retention (87.2%) under extreme
580-to-1 compression, with analyses showing the hybrid la-
tent consistently preserves interpretable semantics and fine-
grained cues.

2. Related Work
Vision-Language Models and Token Efficiency. Mod-
ern VLMs such as LLaVA [25], Qwen-VL [2], and GPT-
4V [35] rely on hundreds of visual tokens (e.g., 576 from
ViT-L/14) to enable strong multimodal alignment. This
dense design, however, incurs quadratic attention cost and
motivates reducing the visual token budget. Existing token-
efficiency methods, including token merging [3, 5], patch
dropping [30–32, 38], and redundancy-aware selection [24,
33], operate entirely in the continuous feature space. While
they effectively reduce computation, these methods de-
grade rapidly under extreme compression (e.g., 1–4 tokens),
where continuous features collapse and lose semantic struc-
ture.

Continuous vs. Discrete Compression. A complemen-
tary direction compresses vision features after the encoder.
Continuous approaches such as pooling, attention aggrega-
tion, Q-Former [8], and VoCo-LLaMA [49] map all patches
to a single dense embedding, but often suffer from seman-
tic dilution when diverse patches are averaged into a uni-
modal vector. Conversely, discrete visual tokenizers (e.g.,
VQ-VAE [43], MoVQ [57], MGVQ [16]) produce compact
and interpretable codes that preserve high-level semantics,
but inevitably lose fine-grained appearance because quanti-
zation removes continuous variation. Neither paradigm pre-

serves both high-level semantics and low-level details under
a single-token bottleneck.

Hybrid Representation Learning. Recent studies sug-
gest separating semantic and appearance information can
improve multimodal representations, but existing ap-
proaches either require large token budgets or do not target
extreme compression [12, 17, 21, 36, 43, 53, 58]. HTC-
VLM differs by explicitly disentangling visual informa-
tion into a discrete semantic channel and a continuous de-
tail channel, and fusing them through a single-token bot-
tleneck equipped with a disentanglement attention mask.
This hybrid architecture simultaneously avoids semantic di-
lution and granularity loss, enabling one-token representa-
tions that remain structured, semantically stable, and detail-
preserving.

3. Problem Formulation

The Dilemma of Visual Representation. A vision-
language model (VLM) seeks to model the conditional dis-
tribution pθ(Y | I, T ), where an image I and a textual
instruction T jointly generate a coherent textual response
Y [4, 6]. In architectures like LLaVA, the image is decom-
posed into N = 576 patch embeddings using a pretrained
vision encoder Ev (e.g., ViT-L/14) and projected into the
LLM’s embedding space via a trainable projector Pv:

V = {v1, . . . , vN} = Pv

(
Ev(I)

)
, V ∈ R576×dmodel , (1)

where dmodel = 4096 corresponds to the embedding dimen-
sion of modern LLMs [26, 42, 46]. This representation fa-
cilitates multimodal alignment by mapping visual features
into a shared semantic space, but its high dimensionality
introduces profound computational and informational chal-
lenges, as detailed below.

3.1. The Scaling Imperative and Compression Ob-
jective

The LLM’s self-attention mechanism [1, 20], defined as
A = softmax

(
QKT

√
dk

)
V , scales quadratically with the to-

tal sequence length, O((N + L)2), where L is the text to-
ken count and dk is the attention head dimension (typically
dk = 64). For N = 576 patch embeddings, this results
in a per-layer memory complexity of Θ(N2dmodel), approx-
imately 1.07 × 109 floating-point operations for dmodel =
4096 on a single layer, rapidly exhausting GPU memory
(e.g., 24GB VRAM) and saturating context windows (e.g.,
4096 tokens). This quadratic bottleneck, exacerbated by
multi-head attention across h heads, motivates compress-
ing V to a single token, reducing the visual term to O(L2)
and yielding a theoretical speedup of 5762 ≈ 3.3 × 105 in
attention computations. The optimal compressor C is thus
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formulated as:

C⋆ = argmin
C

E(I,T,Y )∼D
[
L
(
Y,VLM

(
T, C

(
Ev(I)

)))]
, (2)

where L is typically the cross-entropy loss L =
−
∑

y∈Y log pθ(y | T, Vc), and D is the joint distribution
over (I, T, Y ). This optimization problem, however, reveals
a critical trade-off: compressing to |Vc| = 1 risks diminish-
ing the information content I(Vc;Y ), necessitating a bal-
ance between computational efficiency and representational
fidelity, as explored next.

3.2. The Representation Dilemma: Theoretical and
Practical Trade-offs

The compression challenge manifests in two paradigms,
each with distinct limitations. Continuous compression
transforms V into a single vector vc = Ccont(V ) ∈
Rdmodel , often via global pooling or attention aggregation.
Information-theoretically, this process reduces the entropy
H(V ) to H(vc), where the mutual information I(vc;S)
with high-level semantics S (e.g., object identities, spatial
relations) diminishes. This semantic dilution arises because
averaging convolves diverse patch distributions into a uni-
modal representation, lowering H(vc) below the threshold
needed for disambiguation. For instance, averaging patches
of a ‘dog” and a cat” yields vc with insufficient entropy to
distinguish species, forcing the LLM to rely on ambiguous
prior distributions, i.e., leading to errors in tasks like ob-
ject classification (see 4.1.1 for our approach to mitigate
this). In contrast, discrete compression via vector quanti-
zation maps I to indices k = argminj ∥f(I)− cj∥22, where
{cj}Kj=1 is a codebook of size K. This preserves inter-
pretability by clustering semantic modes, but introduces a
granularity gap due to quantization noise ϵ = f(I) − ck.
The mutual information I(k;D) with low-level details D
(e.g., texture gradients, pose angles) is reduced, as continu-
ous feature variance is discretized into discrete bins. Practi-
cally, this manifests when a Golden Retriever on grass and a
Poodle on sand map to the same k, erasing contextual cues
critical for fine-grained tasks like pose estimation or texture
recognition (see 4.1.2 for our hybrid resolution). Neither
paradigm optimizes the joint information I(Vc;S,D) while
minimizing redundancy I(S;D | Vc), highlighting the need
for a disentangled representation.

3.3. A Guiding Question for Disentangled Compres-
sion

The trade-off between semantic dilution and granularity gap
suggests that a compact representation must disentangle
S and D to maximize their joint contribution I(Vc;S) +
I(Vc;D) while reducing conditional dependence I(S;D |
Vc). This requires a representation where the compressed
Vc acts as a sufficient statistic for both S and D, satisfying

the Markov condition S ⊥ D | Vc. This insight frames our
central inquiry:

How can we craft an ultra-compact visual represen-
tation that disentangles high-level, discrete semantics
from low-level, continuous appearance, thereby escap-
ing both semantic dilution and the granularity gap?

This demands a hybrid framework where complemen-
tary channels encode orthogonal information, preserving
diversity across S and D. HTC-VLM, introduced in Sec-
tion 4, proposes a dual-channel architecture with a theoret-
ically grounded bottleneck to achieve this disentanglement,
as detailed below.

4. Method: Realizing Disentanglement with
HTC-VLM

HTC-VLM tackles the guiding question from 3.3 by disen-
tangling high-level semantics S (e.g., object categories, spa-
tial layouts) and low-level details D (e.g., textures, poses)
into distinct channels, fused through a disentanglement bot-
tleneck that compresses the representation into a single to-
ken. This design emerged from the dilemma in 3.2: initial
experiments compressing V (Eq. 1) to a single continuous
token revealed a collapse in mutual information I(vc;S)→
0 due to variance loss, as the entropy H(vc) ≪ H(V )
failed to capture semantic diversity. Iterative trials with dis-
crete augmentations, guided by information-theoretic met-
rics, identified that a single token from a vector quantizer
(VQ) restored I(vd;S), inspiring HTC-VLM’s architec-
ture [12, 41]. This section elucidates the theoretical un-
derpinnings, i.e., rooted in variational inference and atten-
tion dynamics, and practical implementation, validated by
enhanced information retention (cross-referenced to exper-
imental results).

Core Idea. HTC-VLM disentangles visual informa-
tion into a continuous channel for D and a discrete
channel for S, fused via a disentanglement bottleneck
to optimize the joint information I(Vc;S,D) while
minimizing redundancy I(S;D | Vc).

4.1. Exploratory Decomposition and Channel De-
sign

Our development began with a compression experiment on
V , where reducing it to one token via averaging or atten-
tion pooling diminished H(V ) to H(vc), losing seman-
tic structure as I(vc;S) ≈ 0 ( 3.2). To address this, we
explored discrete representations, evaluating multiple VQ
models. MGVQ [15], with its multi-group quantization (8
groups, 16384 codebook size, 16x downsampling), emerged
as optimal due to its ability to cluster diverse semantic
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Figure 2. Comparison of visual token compression strategies. (a) Pooling Method: visual embeddings are averaged or pooled before
being fused with text inputs. (b) VoCo-LLaMA: compresses 576 visual tokens into a single <voco> token. (c) HTC-VLM (ours):
introduces a hybrid representation with a continuous channel (D) encoding 576 patch embeddings and a discrete channel (S) generating 4
semantic tokens via MGVQ. The hybrid sequence [vd;V ] is compressed into a trainable <voco> token under the disentanglement mask
Mhy , producing latent z that preserves both semantics and fine-grained details.

modes, decomposing I into dual channels that maximize
I(V ;D) + I(q;S).

4.1.1. Continuous Channel: Encoding Low-Level Details
D

To preserve the information content I(V ;D) and counter
the granularity gap ( 3.2), we employ a pretrained vision
encoder Ev (CLIP ViT-L/14) and a trainable linear projector
Pv to generate a sequence of N = 576 patch embeddings:

V = {vi}576i=1 = Pv

(
Ev(I)

)
, vi ∈ R4096, (3)

where Pv : Rdvision → R4096 is a learned linear trans-
formation aligning patch features with the LLM’s embed-
ding space. This high-dimensional manifold captures fine-
grained details like texture gradients and pose variations,
ensuring V retains a rich representation of D with entropy
H(V ) ∝ log |MD|, whereMD is the detail manifold.

4.1.2. Discrete Channel: Encoding High-Level Seman-
tics S

To restore I(q;S) and mitigate semantic dilution ( 3.2),
we leverage MGVQ to quantize I into a feature vector
q ∈ R14112, reflecting its multi-group structure. This is pro-
jected to a sequence of discrete anchor tokens vd ∈ R4×4096

via a two-layer MLP Pd with GELU activations:

q = Q(I), vd = Pd(q) = GELU
(
W2 · GELU

(
W1 · q

))
,

(4)
where W1 ∈ R16384×14112 and W2 ∈ R16384×16384 are
weight matrices, and GELU(x) = xΦ(x) (where Φ is the
Gaussian CDF) introduces non-linearity. MGVQ’s quanti-
zation minimizes the reconstruction error E∥I−Q−1(q)∥22,
clustering S into discrete modes (e.g., ‘dog on grass”),
with vd serving as a low-dimensional anchor that preserves
I(vd;S) ≈ H(S) under codebook constraints.

4.2. Fusion and Disentanglement Bottleneck: The-
oretical Framework

The channels are fused by prepending vd to V , forming a
hybrid sequence:

Vhy = [vd;V ] ∈ R580×4096, (5)

followed by a trainable <voco> token. The Disentangle-
ment Attention Mask Mhy is defined over the full input
X = [Vhy;<voco>;W ], where W are text embeddings:

Mhy(i, j) =


0, if xi ∈W and xj ∈ Vhy,

−∞, if xi, xj ∈ Vhy and i ̸= j (self-attention within Vhy),

1, otherwise,
(6)
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This mask ensures text attends only to <voco>, while
<voco> integrates Vhy . Theoretically, this bottleneck
approximates a variational autoencoder (VAE), where
<voco> represents a latent variable z with posterior p(z |
Vhy). The objective is to minimize the Kullback-Leibler
divergence KL(p(Vhy | z)∥p(Vhy)), guided by vd to disen-
tangle S and D. The evidence lower bound (ELBO) for this
process is:

log p(Y | T, I) ≥ Eq(z|Vhy) [log p(Y | z, T )]−KL(q(z | Vhy)∥p(z)),
(7)

where q(z | Vhy) = p(<voco> | Vhy; θ) is learned, and
p(z) is a prior (e.g., N (0, I)). The compression ratio of
580-to-1 is achieved by optimizing z to maximize the mu-
tual information:

I(z;Vhy) = Ep(Vhy)

[
log

p(Vhy, z)

p(Vhy)p(z)

]
, (8)

where vd biases z toward S, and V contributes D, reducing
I(S;D | z) via Mhy’s constraint.

Disentanglement Bottleneck. The <voco> token
compresses Vhy into a latent z, with vd enforcing dis-
entangled encoding of S and D via Mhy , optimizing
I(z;S) + I(z;D).

4.3. Training Objective and Optimization Dynamics
The training objective is the expected autoregressive loss:

LHTC = −Ep(I,T,Y )

[∑|Y |
i=1 log pθ(yi | y<i,<voco>, T ;Mhy)

]
,

(9)
where Mhy shapes the gradient flow. This loss can be de-
composed into a variational lower bound, aligning with the
ELBO (Eq. 7):

LHTC ≈ −Eq(z|Vhy) [log p(Y | z, T )] +KL(q(z | Vhy)∥p(z)) + const,
(10)

where the first term is the reconstruction error, and the sec-
ond term regularizes z. The mask Mhy constrains q(z |
Vhy) to depend on <voco>, with vd acting as a prior anchor
for S. Gradient dynamics reveal that ∂L

∂vd
enhances seman-

tic clustering (e.g., maximizing I(vd;S)), while ∂L
∂V refines

D’s variance, achieving a disentangled latent space. This
optimization leverages the bottleneck to outperform single-
channel baselines by preserving I(<voco>;S,D), as vali-
dated in subsequent experiments.

Training Pressure Redirected. The mask Mhy re-
routes gradients to enforce a disentangled latent z, op-
timizing I(<voco>;S,D) via variational inference.

Algorithm 1 HTC-VLM Forward Pass

Require: Image I , Text T , components (Ev , Pv ,Q, Pd, Et,
LLLM)

1: V ← Pv(Ev(I)) ▷ Generate 576 patch embeddings
2: q ← Q(I) ▷ MGVQ quantizes to 14112 features
3: vd ← Pd(q) ▷ MLP projection to discrete embedding
4: Vhy ← [vd;V ] ▷ Construct 580-token hybrid
5: W ← Et(T ) ▷ Encode text
6: X ← [Vhy;<voco>;W ] ▷ Integrate with <voco>

token
7: Mhy ← CreateDisentanglementAttentionMask(X) ▷

Apply disentanglement mask
8: Logits← LLLM(X,Mhy) ▷ Compute logits
9: return Logits

5. Experiments
5.1. Experimental Setup
To ensure a fair and direct comparison, our experimental
setup, including the training data, architectural backbone,
and evaluation protocols, strictly follows that of VoCo-
LLaMA [49]. We evaluate our model, HTC-VLM, on a
comprehensive suite of seven popular visual understand-
ing benchmarks: GQA [14], VQAv2 [13], MMBench [27],
MME [50], POPE [22], SEED-Bench [19], and ScienceQA
(Image) [29]. The performance of the baseline models, in-
cluding the Upper Bound (the original VLM without com-
pression), the Lower Bound (compression without specific
training), Q-Former [20], and Avg. Pool [23], are directly
cited from the VoCo-LLaMA [49] study to provide a consis-
tent and comprehensive frame of reference. For fairness, we
reproduce the results of VoCo-LLaMA [49] under the same
setting. Additionally, we introduce the VQAtext [39] and
MMVet [52] benchmarks to further evaluate the model’s
performance on text and visual understanding tasks. For a
comprehensive comparison, we compare HTC-VLM with
methods such as ToMe [3], FastV [7], PDrop [47], and
SparseVLM[56].

5.2. Experiment Results
The main results, presented in Table 1, demonstrate that
our proposed Disentangled Hybrid Visual Representation
is highly effective. HTC-VLM consistently surpasses
all previous vision compression baselines, including Q-
Former [20], Average Pooling [23], and the state-of-the-art
VoCo-LLaMA [49] model. Different from VoCo-LLaMA,
which directly compresses 576 image patch tokens into a
single voco token, our method first augments the patch se-
quence with four additional discrete semantic tokens gener-
ated by a vector quantizer, and then compresses the 4+576
tokens into a single voco token. This design explicitly
supplements high-level semantics before compression. As
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Table 1. Comparison of HTC-VLM with previous vision compression approaches on common visual understanding benchmarks. All
methods reduce 576 tokens to one. ”Avg.” refers to the average of per-benchmark performance retention rates, calculated as (Result -
Lower Bound) / (Upper Bound - Lower Bound) for each benchmark. Our hybrid approach attains the best results..

Model Tokens GQA VQAv2 MMBench MMEP POPE SEED SQAI Avg. (%)

Upper Bound 576
61.1 77.7 64.0 1487.2 85.0 57.9 66.5 -

100% 100% 100% 100% 100% 100% 100% 100%

Q-Former [20] 1
51.1 63.4 51.7 1079.7 77.3 47.2 62.7 -

57.3% 70.5% 53.2% 75.2% 49.0% 34.5% 60.8% 57.2%

Avg. Pool [23] 1
52.9 65.0 55.5 1210.3 79.1 50.3 62.2 -

65.0% 79.6% 68.1% 81.0% 63.8% 25.8% 65.2% 64.1%

VoCo-LLaMA [49] 1
57.4 71.8 57.9 1241.4 81.5 48.8 66.3 -

84.2% 83.8% 85.4% 71.7% 88.7% 56.7% 96.6% 81.0%

HTC-VLM (ours) 1 (hybrid) 57.6 72.4 60.0 1265.2 82.8 49.8 67.7 -
85.0% 85.5% 90.4% 74.5% 92.9% 61.4% 120.7% 87.2%

Lower Bound 1
37.7 41.2 22.3 617.3 53.9 36.9 60.7 -
0% 0% 0% 0% 0% 0% 0% 0%

a result, HTC-VLM achieves an average performance re-
tention rate of 87.2%, establishing a new benchmark for
highly compressed visual representations. This strongly
supports our central hypothesis: the discrete token effec-
tively recovers structured, high-level semantic concepts that
are inevitably lost during continuous compression, pushing
the model’s performance closer to the uncompressed Upper
Bound. While purely continuous compression like VoCo-
LLaMA [49] is powerful, our hybrid strategy demonstrates
that explicitly disentangling and injecting semantic infor-
mation prior to compression is a superior solution.

Table 2 shows that across different token budgets (192,
128, 64 tokens), HTC-VLM consistently maintains per-
formance levels close to or above competing compression
methods. While it does not always achieve the absolute
highest average retention at 192 or 128 tokens, it remains
competitive with ToMe [3], FastV [7], PDrop [47], and
SparseVLM[56], and notably surpasses all of them at the
64-token setting, retaining 89.8% of the original perfor-
mance. The per-benchmark results indicate that HTC-VLM
performs well on both semantic-heavy tasks, such as GQA
and VQAtext, and detail-intensive tasks, like MME and
POPE, reflecting the effectiveness of the hybrid design in
preserving both high-level semantic information and fine-
grained visual details under strong compression.

5.3. Analysis of Semantic Decoupling and Compres-
sion

Representation ProbingTo quantitatively validate our core
hypothesis, i.e., HTC-VLM successfully decouples high-
level semantics (S) from low-level details (D) through its
hybrid architecture, and ultimately integrates them effec-
tively in the compression bottleneck, we design a compre-
hensive Representation Probing experiment. This experi-

ment aims to assess the model’s internal representations’
ability to encode specific types of information. Specif-
ically, we extract three different 4096-dimensional inter-
mediate representations from the trained and frozen HTC-
VLM model for probing: In this approach, we consider
three types of representations: 1) Discrete semantic repre-
sentation (vd): The four discrete semantic representations
generated by the discrete channels are averaged using pool-
ing, followed by voco encoding; 2) Continuous detail rep-
resentation (V −): The 576 continuous image block labels
are averaged using pooling, followed by voco encoding; 3)
Compressed hybrid representation (zvoco): The final vector
output by the <voco> token. To enable targeted evalua-
tion of different levels of information, we selected approxi-
mately 200 samples from each of the VQAv2 and GQA vi-
sual question answering datasets, focusing on samples with
semantic features (S class) and detail features (D class), to-
taling 776 samples. Each class of samples is accompanied
by a closed label set, allowing for representation decoding
using a linear classification head.

Table 3 shows that the compressed hybrid representa-
tion (zvoco) achieves the best performance in both task cate-
gories (30.70% for the detail task and 26.67% for the se-
mantic task), which validates that the voco compression
mechanism in HTC-VLM can retain both semantic and de-
tail information within a single token, achieving effective
information fusion. Although the discrete semantic repre-
sentation (vd) slightly underperforms the continuous detail
representation (V −) in overall accuracy, this phenomenon
is consistent with its design objective: vd is formed by only
4 tokens, carrying much less information than V −, which is
aggregated from 576 tokens. Therefore, its slightly weaker
performance in closed-set classification is expected. How-
ever, vd demonstrates stable decodability in both semantic
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Table 2. Comparison of token compression methods under varying token budgets. Vanilla, with 576 visual tokens, serves as the upper
bound for each benchmark. The table reports per-benchmark results and average performance retention (%) for different token lengths
(192, 128, 64), highlighting how compression affects performance across tasks.

Method GQA MMB MME POPE SQAI SEED VQAtext MMVet Avg.(%)

Upper Bound, 576 Tokens
Vanilla 61.9 64.6 1864 85.9 69.5 60.3 58.3 30.9 100%100% 100% 100% 100% 100% 100% 100% 100%

192 Tokens
ToMe [3] 52.4 53.3 1343 62.8 59.6 50.9 49.1 27.2 88.9%84.7% 82.4% 72.1% 73.1% 85.8% 84.4% 84.4% 88.0%

FastV [7] 52.6 61.0 1605 64.8 69.1 52.1 52.5 26.7 87.9%85.0% 94.4% 86.1% 75.4% 99.4% 86.4% 90.1% 86.4%

PDrop [47] 57.1 63.2 1766 82.3 70.2 54.7 56.1 30.5 95.9%92.2% 97.8% 94.7% 95.8% 101.0% 90.7% 96.2% 98.7%

SparseVLM[56] 59.5 64.1 1787 85.3 68.7 58.7 57.8 33.1 99.1%96.1% 99.2% 95.9% 99.3% 98.8% 97.3% 99.1% 107.1%

VoCo-LLaMA [49] 61.4 56.3 1596 84.5 66.6 51.1 50.6 27.2 90.7%99.2% 87.2% 85.6% 98.4% 95.8% 84.7% 86.8% 88.0%

HTC-VLM 62.4 59.3 1687 85.1 66.8 52.8 52.0 30.4 94.2%100.8% 91.8% 90.5% 99.1% 96.1% 87.6% 89.2% 98.4%

128 Tokens
ToMe [3] 52.4 53.3 1343 62.8 59.6 50.9 49.1 27.2 81.9%84.7% 82.4% 72.1% 73.1% 85.8% 84.4% 84.4% 88.0%

FastV [7] 49.6 56.1 1490 53.4 68.6 48.1 50.5 26.3 82.4%80.1% 86.8% 79.9% 62.2% 98.7% 79.8% 86.6% 85.1%

PDrop [47] 56.0 61.1 1664 82.3 69.9 53.3 55.1 30.8 94.3%90.5% 95.4% 89.3% 95.8% 100.6% 88.4% 94.5% 99.7%

SparseVLM[56] 58.4 64.5 1746 85.0 68.6 58.2 56.7 29.0 96.7%94.3% 99.8% 93.7% 99.0% 98.7% 96.5% 97.3% 93.9%

VoCo-LLaMA [49] 61.5 56.4 1640 84.5 66.6 50.5 51.7 29.7 92.2%99.4% 87.3% 88.0% 98.4% 95.8% 83.7% 88.7% 96.1%

HTC-VLM 61.8 60.5 1629 84.5 67.9 52.4 51.9 30.2 93.8%99.8% 93.7% 87.4% 98.4% 97.7% 86.9% 89.0% 97.7%

64 Tokens
ToMe [3] 48.6 43.7 1138 52.5 50.0 44.0 45.3 24.1 71.1%78.5% 67.5% 61.1% 61.1% 71.9% 73.0% 77.8% 78.0%

FastV [7] 46.1 47.2 1255 38.2 68.7 43.7 47.8 19.6 72.0%74.5% 73.1% 67.3% 44.5% 98.8% 72.5% 82.0% 63.4%

PDrop [47] 41.9 33.3 1092 55.9 69.2 40.0 45.9 30.7 73.4%67.7% 51.6% 58.6% 65.1% 99.6% 66.3% 78.7% 99.4%

SparseVLM[56] 53.8 60.1 1589 77.5 69.8 52.2 53.4 24.9 89.3%86.9% 93.0% 85.2% 90.2% 100.4% 86.6% 91.6% 80.6%

VoCo-LLaMA [49] 60.2 57.7 1623 83.4 67.7 50.0 51.1 24.1 89.6%97.3% 89.3% 87.1% 97.1% 97.4% 82.9% 87.7% 78.0%

HTC-VLM 60.3 59.1 1618 83.6 66.3 50.6 50.7 24.4 89.8%97.4% 91.5% 86.8% 97.3% 95.4% 83.9% 87.0% 79.0%

Task Type zvoco vd V̄

D-10 (Detail) 30.70% 25.44% 27.19%
S-10 (Semantic) 26.67% 20.83% 26.67%

Table 3. Probing Top-1 accuracy (%) of discrete (vd), continuous
(V̄ ), and hybrid (zvoco) representations on semantic (S-10) and de-
tail (D-10) tasks.

and detail tasks (20.83% and 25.44%, respectively), indi-
cating that although compact, it still possesses the ability to
jointly encode both semantic and detail information, reflect-
ing higher information compression efficiency.

Furthermore, V − slightly outperforms vd in D-10
(27.19% vs. 25.44%), which aligns with its role as the
lower-level visual path. In contrast, V − and zvoco show

similar performance in S-10 (26.67%), suggesting that se-
mantic features do permeate through the continuous chan-
nel.

Overall, these results validate the semantic decoupling
hypothesis of HTC-VLM: the discrete channel tends to en-
code high-level semantics, the continuous channel retains
low-level details, and the voco compression mechanism
strikes a balance and fusion between the two.

5.3.1. Attention Analysis
To evaluate how HTC-VLM retains high-level semantic
information while maintaining compact visual representa-
tions, we analyzed the attention patterns of the compressed
<voco> token and the performance of different compres-
sion strategies. On a subset of 16 test samples from the
MME benchmark dataset, we visualized the attention dis-
tribution of the <voco> token over the input tokens. In
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Figure 3. Comparison of compression strategies and their effect
on visual token attention. Left: Attention heatmap of the <voco>
token in HTC-VLM over 4 discrete semantic token plus the first 12
image patch tokens for 16 test samples from the MME benchmark.
Right: Attention heatmap of the <voco> token in the original
VoCo-LLaMA [49] model over the first 16 image patch tokens for
the same 16 test samples.

HTC-VLM, the input sequence consists of “4 discrete se-
mantic tokens” and the “first 12 continuous image block
tokens from the original 576 image block tokens”, with
the discrete semantic tokens located at the front of the se-
quence. In the generated heatmaps, each row corresponds
to a test sample, and each column corresponds to an input
token (the first four columns are discrete tokens, and the fol-
lowing 12 columns are image block tokens). Figure 3 (left)
shows that for the first four columns corresponding to the
discrete tokens, the attention values are consistently much
higher than those of most subsequent image block tokens.
This indicates that the <voco> token effectively utilizes
the high-level semantic information encoded in the discrete
tokens.

For comparison, Figure 3 (right) visualizes the attention
distribution of the original VoCo-LLaMA [49] model (pure
continuous compression). In this model, the <voco> to-
ken distributes attention more evenly across the image block
tokens, lacking the focused semantic guidance provided by
the discrete tokens. This contrast highlights the role of “dis-
crete semantic anchors” in guiding the compression process
and retaining critical high-level information.

5.3.2. Ablation Experiment
To validate the design of HTC-VLM and trace its perfor-
mance gains, we conduct ablations over three components:
(i) hybrid vs. non-hybrid compression, (ii) the number of
discrete tokens, and (iii) fusion strategy. Hybrid vs. Non-
hybrid. Our key hypothesis is that hybrid representations
outperform purely continuous or purely discrete ones. We
compare: (i) HTC-VLM: compressing 576 continuous to-
kens with 4 discrete semantic tokens into one <voco> to-
ken; (ii) Continuous-only: VoCo-LLaMA-style compres-
sion of 576 continuous tokens; (iii) Discrete-only: com-
pressing the 441 MGVQ-discrete tokens. As Table 4 shows,
continuous-only retains 81.0%, while discrete-only drops to
∼33.0%. HTC-VLM reaches 87.2%, confirming the advan-

Table 4. Ablation study on different configurations of HTC-VLM.
Performance retention (%) is reported relative to the full model.

Configuration Retention (%)

Hybrid vs. Non-Hybrid
Discrete-Only (441 tokens) 33.3
Continuous-Only (576 tokens) 81.0
HTC-VLM (4 + 576 tokens) 87.2

Number of Discrete Tokens (Nd)
Nd = 1 83.9
Nd = 2 84.9
Nd = 4 (ours) 87.2
Nd = 8 84.6

Fusion Strategy
Pre-fusion (ours) 87.2
Post-fusion 84.6
Mean fusion 84.6

tage of hybrid representations. Number of Discrete To-
kens (Nd). We then vary the number of discrete tokens. Us-
ing one token (Nd=1) yields 83.9%; two (Nd=2) improves
to 84.9%; the best performance is at Nd=4 with 87.2%.
Increasing to eight (Nd=8) slightly degrades performance
(84.6%), indicating that excessive discrete tokens introduce
redundancy. Thus, a small set of semantic tokens strikes the
best balance of expressiveness and compactness. Fusion
Strategy. Finally, we compare ways to fuse discrete and
continuous tokens. The default pre-fusion (placing discrete
tokens first) performs best. Post-fusion and mean fusion
alternatives both underperform, with mean fusion showing
the largest drop due to dilution of the semantic guiding sig-
nal. This verifies the design choice of positioning discrete
tokens as a semantic anchor.

6. Limitations and Conclusion

Limitations. HTC-VLM focuses on single-image compres-
sion and has not yet explored multi-image or video set-
tings, where temporal cues may interact with the hybrid
token design. In addition, the discrete semantic anchors
are produced by an external VQ tokenizer; jointly learn-
ing them with the VLM may further improve adaptabil-
ity.Conclusion.This work presents HTC-VLM, a disentan-
gled hybrid compression framework that injects a small set
of discrete semantic tokens before compressing both seman-
tic and continuous visual information into a single <voco>
token. By preserving high-level structure and low-level de-
tails, HTC-VLM achieves state-of-the-art performance re-
tention under a 580-to-1 compression ratio. Our analysis
and ablations confirm that disentangling semantics and de-
tails is key to stable, efficient visual representations. We
hope this study inspires future work on scalable and inter-
pretable multimodal token compression.
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