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Abstract

Multimodal representation alignment is piv-
otal for large language models and robotics.
Traditional methods are often hindered by
cross-modal information discrepancies and
data scarcity, leading to suboptimal align-
ment spaces that overlook modality-unique
features. We propose CodeBind, a frame-
work that optimizes multimodal representa-
tion spaces through a modality-shared-specific
codebook design. By incrementally aligning
target and bridging modalities, CodeBind by-
passes the need for fully paired data. Unlike
traditional hard alignment, CodeBind decom-
poses features into shared components for se-
mantic consistency and specific components for
modality-unique details. This design utilizes
a compositional vector quantization scheme,
where a shared codebook bridges modality
gaps and modality-specific codebooks miti-
gate representation bias by preventing dom-
inant modalities from overshadowing others.
Validated across nine modalities (text, image,
video, audio, depth, thermal, tactile, 3D point
cloud, EEG), CodeBind achieves state-of-the-
art performance in multimodal classification
and retrieval tasks. Project page: https://
visual-ai.github.io/codebind

1 Introduction

Multimodal representation alignment enables
Large Language Models (LLMs) to interact with
the physical world through diverse sensory in-
puts (Alayrac et al., 2022; Liu et al., 2023; Li et al.,
2022a, 2023). In complex multi-sensor systems
like robotic perception, aligning specialized modal-
ities, including audio, depth, thermal, and point
clouds, with the established vision-language space
is essential for achieving advanced cross-modal
intelligence.

*Equal contribution.
†Corresponding author.
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Figure 1: Multi-modal alignment via codebook. Tar-
get modalities are partially aligned with bridging modal-
ities via codebooks, resulting in a shared space. Unique
features from both bridging and target modalities are
preserved in specific space.

Scaling alignment beyond the mature vision-
language domain presents two critical challenges
that hinder practical deployment. First, intrinsic
information gaps exist between modalities (Liang
et al., 2022; Shi et al., 2023; Ramasinghe et al.,
2024). Compressing heterogeneous data into a
shared space often results in a “least common de-
nominator” effect. Such suboptimal alignment un-
derperforms on datasets rich in modality-unique
features, a frequent bottleneck in robotic manipula-
tion tasks (Tjandrasuwita et al., 2025; Jiang et al.,
2023). Second, multimodal data imbalance induces
significant representation bias. Unlike web-scale
image-text pairs, specialized modalities often have
limited data availability, causing the alignment pro-
cess to bias heavily toward dominant modalities
like vision (Wang et al., 2024; Lyu et al., 2024a).
This weakens inter-modal interaction and causes
rare modalities to be overshadowed by dominant
ones (Lin et al., 2025). Such bias is particularly
detrimental in multi-sensor systems, where the
unique contributions of rare sensors must be pre-
served rather than overwhelmed by visual sensors.

Current efforts to enhance multimodal align-
ment typically rely on training on massive paired
datasets, including multimodal data crowdsourcing
approaches (Zhu et al., 2024a; Han et al., 2024) or
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projecting multimodal data into a shared space an-
chored by vision-language alignment models (Gird-
har et al., 2023; Lei et al., 2024). However, such
hard alignment forces entire feature vectors into
narrow subspaces and often fails to protect the dis-
tinctive richness of individual modalities, leading
to degraded performance in multimodal understand-
ing, especially when certain modalities are infor-
matively weak or data-scarce (Jiang et al., 2023;
Tjandrasuwita et al., 2025).

To address these challenges, we propose Code-
Bind, a framework that reframes multimodal align-
ment via discrete vector quantization (VQ). Our
core innovation, the modality-shared-specific code-
book design, optimizes the multimodal feature
space and preserves representational fidelity.

To alleviate suboptimal alignment brought by
intrinsic modality gap, we decompose representa-
tions into shared components (capturing modality-
agnostic invariants) and specific components (pre-
serving modality-unique details). Unlike conven-
tional hard alignment approaches (Radford et al.,
2021; Ilharco et al., 2021; Girdhar et al., 2023; Lei
et al., 2024; Lyu et al., 2024b; Guzhov et al., 2022),
this approach ensures semantic alignment without
sacrificing unimodal representational fidelity, em-
powering intra-modality tasks like fine-grained re-
trieval. To mitigate the representation bias, we em-
ploy VQ as a distribution-agnostic feature base. By
mapping features from different modalities to the
same set of discrete semantic centers, VQ provides
a structure that prevents dominant modalities from
overwhelming the latent space, thereby ensuring
feature consistency across unbalanced datasets.

Building on this, our modality-shared-specific
codebook utilizes a shared codebook for cross-
modal consistency and specific codebooks for
modality-unique subspaces. By integrating compo-
sitional VQ, we exponentially expand representa-
tional capacity using a compact set of codevectors,
ensuring high efficiency and utilization without the
computational overhead of traditional large-scale
codebooks.

Our contributions are summarized as follows:
• We propose a novel representation decoupling

approach that disentangles modality-shared and
-specific components, preventing semantic inter-
ference and enhancing cross-modal alignment
consistency.

• We introduce a modality-shared-specific code-
book design using compositional vector quanti-
zation, resulting in a unified alignment space and

maintaining high representational capacity.
• We demonstrate the scalability of our approach

across nine modalities (text, image, video, au-
dio, depth, thermal, tactile, 3D point cloud, and
electroencephalogram (EEG)), achieving state-
of-the-art (SOTA) results in cross-modal classifi-
cation and retrieval while preserving fine-grained
details.

2 Related Work
Multimodal alignment Building on vision-
language pretraining (Radford et al., 2021; Zhai
et al., 2023), multimodal alignment has expanded
to audio (Guzhov et al., 2022; Wu et al., 2022), 3D
point clouds (Zhang et al., 2022; Dharmasiri et al.,
2024; He et al., 2024), and neural signals (Chen
et al., 2024; Yang et al., 2024). Current strategies
follow three paradigms. First, unified architectures
employ a universal encoder with modality-specific
projectors to create a shared space (Zhang et al.,
2023; Han et al., 2024; Faye et al., 2024). These
methods often lack scalability by requiring full-
scale retraining when incorporating new modalities.
Second, bridging methods align various modalities
via bridging modalities (text and image) (Girdhar
et al., 2023; Zhu et al., 2024a; Lei et al., 2024; Lyu
et al., 2024b; Fu et al., 2024) or by overlapping
pretrained bi-modal models (Wang et al., 2023,
2025a).

Though they show strong scalability (Han et al.,
2023; Su et al., 2023), forcing alignment of
semantic-scarce modalities to semantic-rich an-
chors often suppresses modality-unique features,
leading to sub-optimal representation. Third,
Mixture-of-Experts (MoE) strategies dynamically
fuse modality encoders through routers (Lyu et al.,
2024a; Zhou et al., 2025). While efficient, they are
prone to modality collapse under multimodal data
imbalance. While recent works attempt to mitigate
data scarcity by generating pseudo-paired multi-
modal data (Wang et al., 2025a, 2024, 2025b), intro-
ducing synthetic datasets (Zhu et al., 2024a), or de-
signing regularization to maintain performance un-
der limited paired data (Gröger et al., 2025), these
approaches are often labor-intensive and suscepti-
ble to semantic noise. Our approach bypasses these
limitations by optimizing the bridging method via
partial alignment. We utilize codebook as a univer-
sal feature base to accommodate the expression of
individual modalities regardless of data imbalance.

Multimodal representation learning Recent
studies highlight a persistent modality gap in con-
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trastive learning (Liang et al., 2022; Zhang et al.,
2024b), suggesting that pursuing hard alignment of-
ten degrades performance by neglecting modality-
specific features (Jiang et al., 2023; Tjandrasuwita
et al., 2025). However, such features remain vital
for multimodal retrieval and tasks such as sentiment
analysis (Zeng et al., 2025; Yang et al., 2023). To
balance multimodal consistency with heterogene-
ity, existing methods utilize inter/intra-modality
regularization or causal components decomposi-
tion to disentangle task-related information from
redundant noise (Jiang et al., 2023; Liu et al., 2025;
Yang et al., 2023). Others, like InfoBridge (Li
et al., 2025), modify the InfoNCE loss to provide
a protective margin that prevents over-alignment.
However, these strategies are primarily validated on
data-rich image-text benchmarks and often focus
on modality fusion rather than alignment. Conse-
quently, the efficacy of decoupled features remains
under-explored, particularly the alignment robust-
ness of shared components and the informative-
ness of specific components in data-scarce scenar-
ios. In contrast, CodeBind decouples embeddings
into shared and specific components to achieve ro-
bust partial alignment while explicitly safeguarding
intra-modal features, validated on diverse and un-
common modalities like tactile and EEG.

Codebook-based unified representation space
VQ has demonstrated remarkable efficacy in both
unimodal and cross-modal representation learn-
ing (Van Den Oord et al., 2017a; Esser et al.,
2021; Zheng et al., 2022; Sargent et al., 2023; Li
et al., 2022b). Recent studies have extended joint
codebook architectures from vision-language align-
ment (Zheng et al., 2024; Duan et al., 2022) to
broader multimodal scenarios (Liu et al., 2022; Xia
et al., 2024), with CMG (Xia et al., 2024) and
FCID (Huang et al., 2025) notably employing dual-
disentanglement for fine-grained decomposition
and alignment across audio, vision, and text. How-
ever, existing codebook designs prioritize unified
representation spaces, leaving their effectiveness
in modality-specific information preservation unex-
plored. Furthermore, traditional large-scale code-
books frequently suffer from modality collapse and
training inefficiencies (Zheng et al., 2024; Duan
et al., 2022). To bridge these gaps, we propose a
modality-shared-specific codebook design powered
by compositional VQ to effectively scale codebook
capacity across modalities.
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Figure 2: Alignment across modalities. Embeddings
from bridging and target modalities are decoupled and
quantized into shared and specific components, where
shared ones are aligned within a unified space.

3 Method

CodeBind facilitates scalable multimodal align-
ment without exhaustive pairings by aligning text
and vision as bridging modalities with diverse tar-
get modalities (Sec. 3.1). As shown in Fig. 1, our
framework decouples representations from bridg-
ing and target modalities into shared semantic in-
variants and modality-unique features (Sec. 3.2),
which are then discretized via modality-shared-
specific codebook with compositional VQ for effi-
ciency (Sec. 3.3).

3.1 Architecture

Following ImageBind (Girdhar et al., 2023) and
ViT-Lens (Lei et al., 2024), we align target modal-
ities to a unified space using a frozen vision-
language foundation model (e.g., OpenCLIP (Rad-
ford et al., 2021; Ilharco et al., 2021)) as seman-
tic bridge as shown in Fig. 2. To decouple cross-
modal semantics from modality-unique features,
encoder outputs are projected into a shared em-
bedding zMshared and a specific embedding zMspec,
where only the shared part is used for alignment.
To mitigate representation bias, we propose a
modality-shared-specific codebook using composi-
tional VQ. A universal shared codebook quantizes
zMshared while specific codebooks handle modality-
specific features. Finally, a Transformer decoder
reconstructs the original data from the joint embed-
ding [zMshared, z

M
spec] to ensure information retention.

Our plug-and-play design allows target modality
encoders to be resumed from bridging methods
like ImageBind and finetuned via LoRA (Hu et al.,
2022).
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their own specific codebooks. (b) The standard VQ
matches each input embedding to a single codevector.
(c) Compositional VQ utilizes a combination of multiple
low-dimensional codevectors to reconstruct a complete
embedding.

3.2 Decoupled Representations

Multimodal alignment traditionally maximizes
I(zM1 , zM2) to synchronize mutual information
between shared semantics y and modality em-
bedding: I(y; zM1) and I(y; zM2). However,
this often leads to over-alignment, where aligning
modality-specific noise sacrifices unique semantic
richness. We posit that unimodal feature decou-
pling is a prerequisite for high-quality cross-modal
alignment. Each modality’s embedding is decou-
pled into two orthogonal components. Shared
components (zMshared) capture cross-modal semantic
invariants (e.g., the concept of a “cat”) to facili-
tate high-level tasks like cross-modal classification
and retrieval. Specific components (zMspec) encode
modality-unique details (e.g., cat color or fur tex-
ture, which may be absent in audio or depth). En-
forcing orthogonality and constraining zMspec to a
uniform distribution (Jiang et al., 2023) can satisfy
I(y; zM) ≈ I(y; zMshared). Consequently, the objec-
tive shifts to maximizing I(zM1

shared; z
M2
shared). This

ensures robust semantic alignment while preserv-
ing the specific part for fine-grained retrieval and
high-fidelity reconstruction.

3.3 Modality-Shared-Specific Codebook

Preliminary: vector quantization In standard
VQ, a quantizer Q(·) discretizes an input embed-
ding z ∈ RD by mapping it to the nearest codevec-
tor ck ∈ RD within a codebook C,

Q(z; C) = min
k

{∥z − ck∥}, C = {ck}Kk=1

VQ provides two key advantages in multimodal
alignment: (1) Mapping heterogeneous embed-
dings into a discrete, shared codebook space en-
sures uniform data treatment. This alleviates rep-
resentation bias and prevents dominant modalities
from overwhelming the alignment space. (2) Code-
vectors serve as learnable feature bases represent-
ing core semantic concepts, ensuring the aligned
space is grounded in consistent semantic centers.

Compositional codebook Existing VQ-based
multimodal alignment faces two critical limitations.
(1) feature entanglement, where shared and spe-
cific information are mixed or inadequately quan-
tized (Zheng et al., 2024; Xia et al., 2024), lead-
ing to noise leakage and distribution bias; and (2)
scalability issues, where increasing codebook size
to capture rich details triggers high computational
overhead and codebook collapse (Zhu et al., 2024b;
Zheng and Vedaldi, 2023).

To overcome these, we propose a modality-
shared-specific codebook design (Fig. 3) that uti-
lizes a universal codebook Cshared to capture the se-
mantic core for alignment and distinct codebooks
CM

spec for modality-specific features. For instance,
the concept ’striking’ can be quantized in the shared
space as the general act of hitting, while specific
codebooks capture its modality-dependent mean-
ings: the sharp crack in audio, the high-speed mo-
tion in video, or the physical pressure in touch. To
enhance the expressiveness of such features with-
out expanding the codebook size, we implement
compositional VQ. In this design, a d-dimensional
embedding is partitioned into m sub-vectors, each
of dimension d∗ = d/m, which are then indepen-
dently quantized. This approach exponentially ex-
pands the representation space to Km combina-
tions, forming high-fidelity representations from
a compact set of codevectors while maintaining
computational efficiency.

3.4 Implementation

Training objective The training of CodeBind is
guided by a multi-task objective that harmonizes
semantic alignment, feature decoupling, and code-
book stability. We use InfoNCE loss (Lalign ) for
cross-modal alignment, complemented by orthog-
onal (Lorth), reconstruction (Lrecon), and uniform
(Luni) losses to ensure effective feature disentan-
glement and representational integrity. To main-
tain codebook robustness, we utilize Exponential
Moving Average (EMA) updates (Van Den Oord
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et al., 2017b) with commitment loss (Lcommit),
alongside dynamic reinitialization and specialized
codevector-level regularizations (Lcctr, Lcuni) to
prevent collapse and enhance semantic distinctive-
ness. Furthermore, a Cross-Modal Code Matching
loss (Lcm) is integrated to refine the shared code-
book’s alignment by synchronizing distance distri-
butions across paired modalities (Liu et al., 2022).
To eliminate manual tuning costs and stabilize
multi-objective learning among different modal-
ities, we design an adaptive loss balancing strat-
egy. By maintaining a running estimate of each
loss magnitude via EMA, the weights of other loss
functions are dynamically rescaled to match the
scale of Lalign.To further smooth the optimization
landscape, update intervals for these weights are
increased linearly throughout the training process.
See App. A.1 for details.

Scalable multi-path alignment Our framework
employs a multi-path alignment strategy where
each target modality (e.g., audio) is concurrently
aligned with multiple bridging modalities (e.g.,
audio-text and audio-image pairs). To ensure a
cohesive unified space, we further enforce inter-
nal alignment within the bridging modalities (e.g.,
image-text). Unlike naive pairwise methods, this
joint alignment paradigm utilizes distinct code-
books for different target-bridging paths to effec-
tively decouple modality-specific features while
maintaining global semantic consistency. This de-
sign also enables efficient scaling: new datasets for
trained modalities benefit from transfer learning via
pre-trained codebooks, while new modalities are
integrated by training new codebooks. During infer-
ence, cross-modal alignment only requires shared
embeddings, allowing specific parts to be discarded
for a more lightweight pipeline. These components
can be enabled to facilitate fine-grained intra-modal
tasks. In both scenarios, the reconstruction module
is omitted to ensure efficiency.

4 Experiments
We evaluate CodeBind on 9 modalities, includ-
ing text, image, video, audio, depth, thermal, 3D
point cloud, tactile, and EEG. Tab. 1 summarizes
the datasets (App. B.1 for details). Our codebook
design and training objectives are integrated into
two SOTA baselines, ImageBind (Girdhar et al.,
2023) and ViT-Lens (Lei et al., 2024), resulting in
CodeBind-IB and CodeBind-VL. We employ com-
positional VQ with 1024 shared and 256 specific

Modality Dataset #Cls Metric #Test

Image
IN1K (Russakovsky et al., 2015) 1000 Acc 50000
P365 (Zhou et al., 2014) 365 Acc 36500

Video
K400 (Kay et al., 2017) 400 Acc 19759
MSR-VTT (Xu et al., 2016) - Acc 2990

Depth
NYU-D (Silberman et al., 2012) 10 Acc 654
SUN-D (Song et al., 2015) 19 Acc 4660

Audio

Audioset (Gemmeke et al., 2017) 527 Acc 17132
ESC (Piczak, 2015) 50 Acc 2000
Clotho (Drossos et al., 2020) - Recall 1046
AudioCaps (Kim et al., 2019) - Recall 813
VGGS (Chen et al., 2020) 309 Acc 15434

Thermal
LLVIP (Jia et al., 2021) 2 Acc 16604
FLIR_v2 (FLIR, 2018) 10 Acc 1521

Tactile

TAG-M (Yang et al., 2022) 20 Acc 29879
TAG-H/S (Yang et al., 2022) 2 Acc 29879
TAG-R/S (Yang et al., 2022) 2 Acc 8085

EEG IN-EEG (Spampinato et al., 2017) 40 Acc 1997
3D ModelNet40 (Wu et al., 2015a) 40 Acc 2468

Table 1: Dataset Statistics across nine aligned modali-
ties.
codevectors, each with a dimensionality of 8. Train-
ing is initialized using pre-trained ImageBind and
ViT-Lens, with a learning rate of 5× 10−4 on eight
NVIDIA RTX 3090 GPUs (App. B.2 for details).

4.1 Main Comparison

Similar to ImageBind and ViT-Lens, we evaluate
our method on multimodal classification and re-
trieval tasks. Tab. 2 demonstrates consistent im-
provements with our approach compared to base-
lines.

Multimodal classification We extract aligned
feature of any modality and assign it to the
class with the highest similarity to the textual
prompt embeddings defined by Radford et al.
(2021). In image and video classification (Ima-
geNet Russakovsky et al., 2015, Placese365 Zhou
et al., 2014, Kinetics400 Kay et al., 2017), Im-
ageBind maintains parity with OpenCLIP (Ilharco
et al., 2021) while our plug-in codebooks yield
consistent gains. In depth scene classification,
CodeBind-IB achieves a notable improvement
of +5.3%/+10.6% on NYU-D (Silberman et al.,
2012) and SUN-D (Song et al., 2015). In au-
dio classification, we outperform ImageBind by
+3.5%/+2.7%/+4.1% across three audio datasets
(AudioSet Gemmeke et al., 2017, VGGSound Chen
et al., 2020, ESC Piczak, 2015). In thermal classi-
fication, CodeBind-IB achieves substantial boosts
(+32.1% on LLVIP (Jia et al., 2021), +50.6% on
FLIR_v2 (FLIR, 2018)). Furthermore, we observe
remarkable improvement in Tough-and-go (Yang
et al., 2022) and ImageNet-EEG (Spampinato et al.,
2017) for tactile and EEG visual concept classifica-
tion. In Tab. 2 (b), CodeBind-VL achieves consis-
tent performance gains across tasks. In point cloud
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Image Video Depth Audio Thermal Tactile EEG

IN1K P365 K400 MSR-VTT NYU-D SUN-D Audioset VGGS ESC Clotho AudioCaps LLVIP FLIR_v2 TAG-M TAG-H/S TAG-R/S IN-EEG

ImageBind 77.7 45.4 50.5 36.1 54.0 35.1 17.6 27.8 66.9 6.0/28.4 9.3/42.3 63.4 46.6 24.2 65.7 69.8 18.4

CodeBind 79.3 55.5 54.4 37.8 59.3 45.7 21.1 30.5 71.0 6.9/28.6 13.3/53.8 95.5 97.2 42.6 83.9 78.2 33.1

(a) CodeBind-IB integrates our method into ImageBind. For retrieval, Recall@1 is reported on MSR-VTT and ESC, and
Recall@1/Recall@10 are reported on Clotho and AudioCaps. For classification, Acc@1 is reported on all other datasets, except
for AudioSet, where mAP is reported.

Depth Audio Tactile EEG 3D

NYU-D SUN-D Audioset VGGS ESC Clotho AudioCaps TAG-M TAG-H/S TAG-R/S IN-EEG ModelNet40

ViT-Lens 68.5 52.2 26.7 31.7 75.9 8.1/31.2 14.4/54.9 65.8 74.7 63.8 41.8/42.7 70.6/94.4

CodeBind-VL 71.1 54.8 29.2 39.5 78.8 8.5/32.8 15.6/55.0 67.6 76.1 72.8 54.5/54.1 78.3/96.5

(b) CodeBind-VL integrates our method into ViT-Lens, and classification results from EEG and 3D point clouds are included.

Table 2: Multi-modal classification and retrieval results on diverse benchmarks. CodeBind-IB (a) and CodeBind-
VL (b) maintain the dataset and modality setting with ImageBind and ViT-Lens respectively, for comparison fairness.
The results highlight our model’s superior alignment capabilities across nine modalities.

Video Depth Audio Thermal 3D

Method MSR-VTT NYU-D SUN-D AudioSet VGGS ESC Clotho AudioCaps LLVIP FLIR_v2 ModelNet-40

FreeBind – – – 19.7 – 93.6 13.7/– 29.2/– – – –
OmniBind – – – 25.1 – 93.5 23.3/49.5 46.7/79.7 – – –
LanguageBind 44.8 – – 30.0 38.6 94.0 16.7/52.0 19.7/67.6 87.2 48.0 –
OneLLM-D – 50.9 29.0 – – – – – – – –
OneEncoder – – 28.4 – 80.1 – – – – –
UNIALIGN 37.0 71.4 58.2 23.8 – 70.5 – 11.7/49.3 – – 55.9/84.3

CodeBind-IB 37.8 59.3 45.7 21.1 30.5 71.0 6.9/28.6 13.3/53.8 95.5 97.2 –
CodeBind-VL – 71.1 54.8 29.2 39.5 78.8 8.5/32.8 15.6/55.0 – – 78.3/96.5

Table 3: Compared to other strong SOTA methods that use different data crowdsourcing approaches, our method is
comparable without such approaches.

classification using ShapeNets (Wu et al., 2015a)
for training and evaluation on ModelNet40 (Wu
et al., 2015b), it improves Acc@1 by +7.7% and
Acc@5 by +2.1% over ViT-Lens.

Multimodal retrieval In video and audio re-
trieval, CodeBind-IB consistently outperforms
the baseline, yielding a +1.7% gain on MSR-
VTT (Xu et al., 2016) and notable improvements
on Clotho (Drossos et al., 2020) (+0.9% Recall@1,
+0.2% Recall@10). These gains are even more pro-
nounced on AudioCaps, with substantial increases
of +4.0% and +11.5%. CodeBind-VL further con-
firms the consistent enhancement of our method.

Comparison with other strong SOTA methods
FreeBind (Wang et al., 2024) and OmniBind (Wang
et al., 2025b) generate pseudo-data pairs retrieved
from pre-trained bi-modal expert models to bridge
disparate spaces. LanguageBind (Zhu et al., 2024a)
scales up to 10M dataset, including synthetic data
for scarce modalities like thermal. Unified architec-
tures like OneLLM (Han et al., 2024) and OneEn-
coder (Faye et al., 2024) forcibly align all modal-
ities into a single encoder, exacerbating the risk

of catastrophic forgetting and sub-optimal align-
ment. UNIALIGN (Zhou et al., 2025) achieves
extreme parameter efficiency (7.8M) through a
modality-aware MoE schema but overlooks fine-
grained, modality-specific details. In contrast,
our codebook-based alignment leverages naturally
paired data rather than labor-intensive or synthetic
data expansion. By utilizing compositional VQ to
represent shared and specific features, our method
achieves comparable performance with efficient
parameterization (∼50M), as shown in Table 3.

4.2 Embedding Space Optimization
We qualitatively evaluate the reduction in modality
gap through t-SNE visualization (Van der Maaten
and Hinton, 2008) of embedding distributions. In
Fig. 4, while ImageBind exhibits a clear inter-
modal gap, our shared embeddings are closely clus-
tered and mixed, directly correlating with our im-
proved alignment accuracy. Furthermore, we visu-
alize the distribution of shared and specific com-
ponents to validate their decoupled properties. As
illustrated in Fig. 5, our method effectively sepa-
rates shared semantics from modality-specific fea-
tures in both thermal and vision domains. Detailed
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Vision shared Audio shared

Figure 4: Visualization of embeddings in unified
space. T-SNE visualization of sampled embeddings
by ImageBind (left) and CodeBind-IB (right) using Au-
dioSet (Gemmeke et al., 2017). The paired embeddings
are linked by a grey line.

Vision shared
Vision specific

Thermal shared
Thermal specific

Vision specific
Thermal specific

(a) (c)(b)

Figure 5: Visualization of decoupled embeddings of
image and thermal from FLIR_v2 (FLIR, 2018).

codevector-level analysis is available in App. C.1.

4.3 Retention of Modality-Unique
Information

To assess the retention of modality-unique informa-
tion, we conduct fine-grained intra-modal retrieval
and linear probing to distinguish shared semantics
from fine-grained modality-unique details.

Fine-grained intra-modal retrieval To evaluate
fine-grained details within our decoupled embed-
dings, we perform an image-to-image retrieval on
fine-grained datasets, Stanford Dogs (Khosla et al.,
2011) and Oxford-IIIT Pet (Parkhi et al., 2012).
In Tab. 4, our concatenated embeddings surpass
ImageBind in average Top-10 recall, validating
that the fusion of shared and specific components
enhances intra-modality information preservation.
Notably, our specific embeddings alone achieve
performance comparable to ImageBind, highlight-
ing their representational utility. Qualitative results

Dataset Stanford Dogs Oxford Pet Cats Oxford Pet Dogs
Sample Size 6000 2371 4978

ImageBind 50.4 87.0 92.2

Ours
Specific 48.9 83.7 91.1
Shared 63.5 88.3 94.6

Concatenated 60.2 88.4 94.4

Table 4: Fine-grained retrieval recall. The best result
is bolded, and the second best result is underlined. Our
decoupled components achieve higher accuracy on fine-
grained tasks.

Ragdoll

Concatenated (shared & specific) embedding retrieval

Shared-embedding retrieval

Figure 6: Fine-grained retrieval results. Source image
‘ragdoll’ and retrieval results with incorrect matches in
red boxes.
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Figure 7: Linear probing for category names and fine-
grained details using shared and specific embeddings
from ImageNet (Russakovsky et al., 2015) samples.

in Fig. 6 further confirm that specific embeddings
refine visual similarity, effectively complementing
shared semantics with fine-grained details.

Linear probing for fine-grained details We fur-
ther conduct linear probing on both semantic and
fine-grained attributes. Specifically, we leverage
a vision language model (VLM), Qwen2.5-VL-
72B (Bai et al., 2025b), to curate a fine-grained
attribute taxonomy for ImageNet, extracting non-
semantic properties, such as lighting, texture, and
background color, that are decoupled from category
labels. We then train independent linear probes to
classify the semantic labels and the fine-grained
labels. A probing swap is then performed to assess
cross-component predictive power. Fig. 7 shows
that specific embeddings achieve superior accuracy
and faster convergence in fine-grained attribute pre-
diction, validating their proficiency in encoding
physical nuances. Interestingly, the comparable
performance of specific embeddings in semantic
classification suggests a natural coupling between
category and fine-grained attributes, a phenomenon
further corroborated by our mutual information
analysis (in App. C.2).
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Configuration Space Accuracy (%)
Method Text Density Shared Spec. Concat Sum

ImageBind Category — — 94.4 89.0

CodeBind-IB Category " " 95.7 91.6
" % 95.5 89.8

CodeBind-IB Dense " " 97.3 94.0
" % 96.0 92.8

Table 5: Multimodal fusion for event classification on
AVE dataset (Tian et al., 2018) Event category clas-
sification accuracy is reported for shared embeddings
alone versus fusion with specific embeddings (concate-
nation/summation). The impact of text density during
the multimodal alignment training stage is further in-
vestigated by comparing concise event categories with
VLM-generated dense descriptions as text embeddings.

Multimodal fusion To directly examine the uti-
lization of complementary cross-modal cues, we
conduct multimodal fusion experiments on the
AVE dataset (Tian et al., 2018) for audio-visual
event classification. We compare CodeBind-IB
against ImageBind using straightforward fusion
strategies, namely concatenation and summation.
To further explore the impact of language den-
sity, we leverage Qwen3-VL-4B (Bai et al., 2025a)
to generate dense, descriptive captions for video
frames, moving beyond coarse category labels.
More details are in App. C.2. As shown in Tab. 5,
integrating the video and audio specific embed-
dings alongside the shared ones consistently out-
performs the use of shared embeddings in isola-
tion. This gain is further amplified when employ-
ing VLM-generated dense descriptions as text em-
beddings during alignment, achieving an accuracy
of 97.3%, a significant margin over ImageBind’s
94.4%. This empirically validates that our specific
embeddings successfully capture and supply non-
redundant cross-modal cues that directly benefit
multimodal fusion tasks.

4.4 Ablation Study

Our ablation study examines: (1) the effects of the
codebook modules, the decoupling strategy, and
the reconstruction modules; (2) codebook settings,
including the advantages of compositional VQ over
standard VQ, codebook size, and dimension; (3)
the contribution of various loss terms.

Codebook, decoupling and reconstruction Ta-
ble 6 shows that incorporating codebook design
improves modality alignment, yielding gains of
+3.6%/+11.8%/+33.9% on NYU-D, SUN-D and
FLIR_v2 over ImageBind. This confirms the

Components Datasets
Codebook Decoupled Reconstruction NYU-D SUN-D FLIR_v2

% % % 54.0 35.1 46.6
% " " 54.1 39.7 94.5
" % % 57.6 46.9 80.5
" " % 56.7 45.3 97.7
" " " 59.3 45.7 97.2

Table 6: Effectiveness of each component. Our code-
book enhances performance; decoupling and reconstruc-
tion provide extra improvement.

Codebook Config. Datasets
Shared Compositional NYU-D SUN-D FLIR_v2

" % 48.5 40.7 81.1
% " 56.1 45.7 90.3
" " 59.3 45.7 97.2

Table 7: Different codebook settings with
shared/separated codebooks and composi-
tional/conventional VQ.

shared codebook’s efficacy in facilitating robust
alignment in a unified space. Furthermore, rep-
resentation decoupling into shared and specific
streams delivers substantial performance leaps (up
to +48.0%), validating the necessity of isolating the
semantic core from modality-specific nuances. No-
tably, the codebook and decoupling modules alone,
before adding the reconstruction module, already
deliver substantial gains.

Loss functions Tab. 8 shows training objectives
building upon one another. Our regularization
losses significantly enhance representation disen-
tanglement and informativeness while achieving su-
perior alignment performance (details in App. C.4).

Codebook design and size In Tab. 7, the shared
codebook approach outperforms separate code-
books, showing improvements of +3.2%/+6.9%
on NYU-D/FLIR_v2. Compared to standard VQ,
our compositional VQ significantly improves align-
ment by +10.8%, +5.7%, and 16.1% on three
datasets. The main advantage is its expanded ca-
pacity, which can accommodate more information
without the need for codebook expansion.

Fig. 9 shows that codebook size controls the

Lalign Lcm
Lcctr,
Lcuni

Lorth,
Luni

Lrecon NYU-D SUN-D FLIR_v2

" % % % % 54.0 35.1 46.6
" " % % % 56.4 46.0 98.7
" " " % % 56.7 45.3 97.7
" " " " % 57.6 46.9 80.6
" " " " " 59.3 45.7 97.2

Table 8: Ablation on loss functions building upon one
another.
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Figure 8: Several applications utilizing alignment space of CodeBind. (A) Semantic aligned embeddings from
depth, audio, and 3D point cloud are retrieved using the image bounding box region as vision proposals. (B)
By replacing the image encoder with any modality encoder in Stable unCLIP, we achieve any-modal-to-image
generation.

(a) Number of shared codevectors (b) Number of specific codevectors

C
ro

ss
-m

o
d
al

 C
ls

. A
cc

 (
%

)

C
ro

ss
-m

o
d
al

 C
ls

. A
cc

 (
%

)

F
ID

 S
co

re

F
ID

 S
co

re

Acc (alignment) FID (reconstruction)

Figure 9: Impact of codebook size on alignment and
reconstruction. (a) Varying shared codebook size when
fixing specific codebook size at 256 (b) Varying specific
codebook size when fixing shared codebook size at 1024.
Cross-modal classification accuracy and FID of recon-
structed images are compared using NYU-D (Silberman
et al., 2012) with codevector dim=128.

trade-off between cross-modal alignment efficacy
and intra-modal reconstruction fidelity. Expanding
the shared codebook boosts cross-modal alignment.
The specific codebook size primarily modulates
reconstruction quality without notable impacts on
alignment. These results confirm our codebooks’
role as information moderators: the shared one
extracts cross-modal invariants, while the specific
ones retain modal-unique features. Furthermore,
while the reconstruction module adds training over-
head, it is discarded during inference without com-
promising alignment (Tab. 6). Its inclusion re-
mains vital, however, to ensure the representational
integrity of modality-specific information. (See
App. C.3 for more analysis.)

4.5 More Applications

CodeBind enables zero-shot cross-modal object lo-
calization and any-modal-to-image generation by
seamlessly integrating diverse modalities into estab-

lished vision-language and generative frameworks
(e.g., GroundingDINO (Liu et al., 2024) and Stable
unCLIP (Rombach et al., 2022)) without additional
training.

5 Conclusion

This paper proposes CodeBind, a novel multi-
modal alignment framework that effectively aligns
diverse modalities without requiring large-scale
fully-paired datasets, thereby delivering enhanced
practicality and scalability. Through decoupled rep-
resentations and a shared-specific codebook mech-
anism, CodeBind significantly enhances cross-
modal compatibility while preserving distinct
modality characteristics. Extensive experiments
consistently demonstrate the superiority of Code-
Bind in cross-modal classification and retrieval
tasks. It optimizes the representation space by re-
ducing modality gaps while preserving informative
modality-unique details, revealing its great poten-
tial in various downstream tasks.

Limitations

In our experiments, while modality-specific in-
formation in visual embeddings is validated via
text-anchored interpretability provided by VLM,
extending this to uncommon modalities (which
lack strong foundational spaces) is currently chal-
lenging. Nevertheless, our decoupled architecture
provides the structural prerequisite for future ex-
plorations of the modality-specific information in
complex multimodal reasoning tasks like sentiment
analysis. In addition, though we primarily utilize
category names rather than detailed descriptions
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during alignment for fair comparison, incorporat-
ing LLM-generated dense semantic descriptions,
as suggested by recent findings (Fan et al., 2024),
could further unlock the potential of our decoupled
space. Finally, our plug-and-play design enables in-
tegration into MLLMs for “on-demand” fusion. Fu-
ture work can employ gated mechanisms to dynam-
ically switch between cross-modal consistent con-
cepts and modality-unique cues, adapting to vary-
ing scenario requirements. Moving forward, our
shared-specific decoupling fosters safer and more
interpretable multimodal systems. In robotics, iso-
lating modality-specific signals shields the shared
semantic core from sensor interference. In medical
diagnostics, this transparency enables clinicians to
trace decisions to specific modality cues, ensuring
clinical accountability.
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A More Details of CodeBind framework

A.1 Loss Function
In Sec. 3.4 of the main paper, we present an
overview of our training objective, which incor-
porates multiple loss functions to optimize multi-
modal representation for alignment. This section
provides details of each loss function and its func-
tionality when applied to decoupled embeddings
and the modality-shared-specific codebook.

InfoNCE loss The InfoNCE loss aligns shared
embeddings between target modalities T and bridg-
ing modalities A. The target modality T is charac-
terized by data XT = {xT1 , · · · , xTN} with shared
embeddings {zTshared,1, · · · , zTshared,N}, whereas
the bridging modality A is defined by data
XA = {xA1 , · · · , xAN} with shared embeddings
{zAshared,1, · · · , zAshared,N}. ẑTshared,i = Q(E(xTi ))
and ẑAshared,i = Q(E(xAi )) refer to the quantized
shared embeddings of data xTi and xAi . The In-
foNCE loss is defined as,

LXA,XT = − log
exp(ẑTshared,i · ẑAshared,i/η)∑
j exp(ẑ

T
shared,i · ẑAshared,j/η)

(1)
where η is a scalar temperature parameter, and j
refers to negative observations. Following Girdhar
et al., 2023, we consider each example j ̸= i in
a batch as a negative instance. This loss function
aims to bring embeddings ẑTshared,i and ẑAshared,i
closer in the unified space, promoting multimodal
alignment. Practically, we apply the alignment to
shared embeddings of [CLS] token from encoded
data, and employ a symmetric loss to enhance the
alignment: Lalign = LXA,XT + LXT ,XA . When
multiple bridging modalities are involved, we calcu-
late the InfoNCE loss separately for each bridging
modality.

Reconstruction loss The shared embedding and
the specific embedding are concatenated in the
modality decoder to reconstruct the original input
for each modality. The reconstruction retains the
embedding information, including both the shared
information across modalities and the unique in-
formation within each modality. Both [CLS] and
patch token embeddings are quantized and input
into the reconstruction module. Specifically, the
vector quantized concatenated embeddings of the
input data xMi , concat(ẑMshared,i, ẑ

M
spec,i) are passed

through a decoder network D(·) to reconstruct
x̂Mi . Reconstruction is applied both to the bridging

modalities and target modalities. Note that in this
paper, the text modality only has shared embedding
without additional specific embedding and is there-
fore not reconstructed. The reconstruction loss is
defined as,

Lrecon =
∥∥xMi − x̂Mi

∥∥2 , x̂Mi = D(Q(E(xMi )))
(2)

Orthogonal loss We use orthogonal loss Lorth

to encourage the shared and specific embeddings
of the data xMi from any modality M ∈ {A, T }
to capture disentangled information. Given the
quantized embeddings, ẑMshared,i and ẑMspec,i, we
minimize their inner product, encouraging them
to contain complementary information. Lorth is
further averaged among bridging modalities and
target modality. The orthogonal loss is defined as,

Lorth =
1

N

N∑

i

⟨ẑMshared,i, ẑMspec,i⟩2 (3)

Uniform loss Uniform loss is used Luni to ensure
that specific embeddings are evenly distributed in
the feature space, enabling them to differentiate
between samples effectively. This loss comple-
ments the reconstruction loss by encouraging spe-
cific embeddings to preserve essential information.
Following Jiang et al., 2023, the uniform loss is
defined as the logarithm of the averaged Gaussian
potential among all pairwise combinations of quan-
tized specific embeddings (ẑMspec,i, ẑ

M
spec,j) within

a modality M, and is further averaged across all
modalities. We apply uniform loss only to the spe-
cific embeddings of [CLS] tokens encoded from
pairwise data for computational efficiency. Also,
the loss is averaged among bridging modalities and
target modality. The uniform loss is defined as,

Luni = log
1

N

N∑

i,j

exp (−||ẑMspec,i − zMspec,j ||2)

(4)

Codevector commitment loss Commitment loss
is used during codebook learning for the encoder
embeddings zMi = E(xMi ) to be similar to its
quantized embeddings ẑMi = Q(zMi ) The commit-
ment loss is,

Lvq = β
∥∥zMi − sg

[
ẑMi

]∥∥2
2

(5)

where sg(·) denotes the stop-gradient operation, β
is the weighting factor.
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Codevector cross-modal code matching
(CMCM) loss We also adopt CMCM loss (Liu
et al., 2022) to further enhance the codevectors
alignment across paired modalities. Given paired
data from bridging and target modalities, (xAi , x

T
i ),

the calculation is based on the probability dis-
tribution of codevector usage within the shared
embeddings of [CLS] tokens of relevant paired
data. Here, the probability distribution of a code-
vector ek given a sub-vector zMi,h ∈ [zMi,1 , · · · , zMi,m]
segmented by our compositional codebook ap-
proach from the original embedding zMi , is defined
as the softmin function over their Euclidean
distance, i.e., P (ek|zMi,h) =

exp (−||zMi,h−ek||2)∑
l exp (−||zMi,h−el||2) .

This loss ensures that the codevector distributions
of data from the bridging modality and target
modality in positive pairs are similar, while distri-
butions from negative pairs are distinct. Positive
pairs are defined as (zAi,h, z

T
i,h) and negative pairs

as (zAi,h, z
T
j,h), with the sub-vectors corresponding

to the same segmented position of the original
embeddings zAi and zTi . The codevector CMCM
loss is defined as,

Lcm = − 1

N +m

N,m∑

i,h

log
expScode(z

A
i,h, z

T
i,h)∑

j expScode(z
A
i,h, z

T
j,h)

(6)

Scode(z
A
i,h, z

T
i,h) =

∑

k

P (ek|zAi,h) logP (ek|zTi,h)+
∑

k

P (ek|zTi,h) logP (ek|zAi,h)

Codevector regularization loss The codevector
regularization loss, comprising contrastive (Lcctr)
and uniform (Lcuni) components, ensures codevec-
tors remain semantically distinguishable. Specifi-
cally, the codevector contrastive loss Lcctr fosters a
non-uniform distance distribution by widening the
gap between sub-vectors and their corresponding
codebook entries. Given a sub-vector zi,h, we de-
fine positive distance as the mean distance to the
top 10% closest codevectors (Cpos) and negative
distance as the distance to the furthest 50% (Cneg).
By averaging this contrastive objective across all
partitioned sub-vectors and modalities, codevec-
tors are encouraged to encode diverse, meaningful
semantics. This loss is formulated as follows:

Lcctr =

1
|C(pos)|

∑
ek1∈C(pos)

d(ek1 , zi,h)∑
ek2∈C(neg)

d(ek2 , zi,h)
(7)

The codevector uniform loss, Lcuni, mirrors the
Luni term used for specific embeddings, aiming to
promote balanced codevector utilization and pre-
vent individual entries from being overused or un-
derrepresented. This loss is applied independently
to both shared and specific codebooks. By en-
couraging an even distribution of codevector usage,
Lcuni maintains semantic diversity and mitigates
redundancy within the learned representation space.
This loss is formulated as:

Lcuni = log
1

|C|
∑

em,en∈C
exp (−||em − en||2) (8)

A.2 Codebook Update Policy
The shared codebook is initialized by K-Means on
text sub-vectors and updated via batched shared
embeddings from bridging and target modalities.
Specific codebooks undergo a similar K-Means
initialization and refinement process using their re-
spective target embeddings. For numerical stability
and faster convergence, all sub-vectors and code-
vectors are normalized to unit magnitude to ensure
consistent scaling.

Update by EMA We update the codebook us-
ing Exponential Moving Average (EMA) (Van
Den Oord et al., 2017b). For a codevector
ek ∈ C and its associated feature cluster Z =
{zi|minv dist(zi, ev) = ek}, the update process
at training step t is as follows with a decay factor
γ = 0.99:

N
(t)
k = γN

(t−1)
k + (1− γ)|Z|

f
(t)
k = γf

(t−1)
k + (1− γ)

∑

z∈Z
z

e
(t)
k =

f
(t)
k

N
(t)
k

(9)

N0
k = 0, and f0

k are initialized per cluster as de-
scribed previously. This approach ensures that the
codebook evolves adaptively with the data distribu-
tion during training.

Reinitialization We follow the approach in
Zheng and Vedaldi, 2023 to adjust less-used or
unused codevectors when learning the codebook.
We start by accumulatively counting the average
usage of codevectors in each training mini-batch.
At each training step t, a decay value α

(t)
k is calcu-

lated for each codevector entry e
(t)
k based on the
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accumulated average usage. Then, feature anchors
are randomly selected from the encoded features in
a mini-batch. Unused or low-used codevectors are
then reinitialized as,

e
(t)
k = e

(t−1)
k · (1− α

(t)
k ) + ẑ

(t)
k · α(t)

k (10)

where ẑ
(t)
k is the sampled feature anchor. Notably,

this is specifically applied to reinitialize unused
or low-used codevectors, rather than updating the
active ones.

A.3 Architecture
We utilize a two-tower Transformer to align bridg-
ing modalities (text, vision) with target modalities
(audio, depth, thermal, etc.) pair-wise. Modality
embeddings are decoupled into shared and spe-
cific components via trainable projection heads
and quantized using respective codebooks. Cross-
modal alignment relies on shared embeddings,
while the full concatenated representation is used
for reconstruction. Notably, for text embeddings,
we do not perform this decomposition and assume
that they only contain shared components. This
is because text modalities generally capture high-
level, coarse semantic meanings, and the shared
components are sufficient to represent such infor-
mation in a compressed form.

Modality encoder Our main experiments use Im-
ageBind (Girdhar et al., 2023) and ViT-Lens (Lei
et al., 2024) as baselines, employing a Transformer
architecture for all modality encoders. Following
the configurations used in ImageBind and ViTLens,
in CodeBind-IB and CodeBind-VL, the encoders of
bridging modalities are extracted and frozen using
OpenCLIP ViT-H and Vit-B/16 respectively (Cherti
et al., 2023; Ilharco et al., 2021). For other modal-
ities, the checkpoints of trained modality-specific
encoders in ImageBind and ViT-Lens are resumed
to develop our CodeBind-IB and CodeBind-VL. To
improve the alignment of each target modality and
facilitate the learning of our integrated modality-
shared-specific codebooks, the encoders of target
modalities are finetuned using LoRA (Hu et al.,
2022) with rank 4 on the final 6 layers of the Trans-
former structure, along with trainable projection
heads.

Reconstruction decoder The reconstruction is
used to impose constraints on the specific embed-
dings to preserve the comprehensive information

of the initial data, in conjunction with the shared
embeddings. The reconstruction decoder consists
of a ViT structure with 8 transformer layers. They
are applied to each trained modality, except for text,
which does not have specific embeddings.

B Implementation Details

B.1 Datasets
Audio datasets: AudioSet (Gemmeke et al.,
2017) is used for both training and evaluation, in-
cluding 10-second videos sourced from YouTube
that have been annotated into 527 classes. We
do not use the unbalanced training split with 2M
clips. Instead, we employ the balanced training
split, which includes about 20K videos. And we
use the test split of around 18K videos for evalua-
tion. The prepared data from Lei et al., 2024 is used
instead of processing it from scratch. The number
of datasets utilized is slightly lower than the origi-
nal due to some unavailable data. Textual descrip-
tions for each class are generated using the class
names and predefined templates from CLIP (Rad-
ford et al., 2021). VGGSound(VGGS) (Chen et al.,
2020) consists of about 200K video clips, with
about 15K in the test split and others in the training
split. These clips are 10 seconds in length and are
labeled with 309 sound classes, including human
actions, sound-emitting objects, and human-object
interactions. AudioCaps (Kim et al., 2019) in-
cludes about 46K audio clips to human-written text
pairs collected via crowdsourcing on the AudioSet
dataset. We use it for both training and evaluation.
The test split is form (Lei et al., 2024), which has
813 clips for evaluation. ESC (Piczak, 2015) is for
the Environmental Sound Classification (ESC) task,
which consists of 2K 5s audio clips classified into
50 classes. It is only used for evaluation, employ-
ing a predefined 5-fold evaluation, each with 400
test audio clips. We compute predictions on the
evaluation set for each fold and report the 5-fold
average performance.

Depth datasets: SUN-D (Song et al., 2015)
and NYU-D (Silberman et al., 2012) are RGB-D
datasets used for scene classification, which con-
tain registered RGB and Depth maps. SUN-D is
used for both training and testing, while NYU-D is
used only for testing. For depth map preprocessing,
we follow ImageBind and Vit-Lens, utilizing in-
filled depth values and converting them to disparity
for scale normalization. In our experiments, we
also follow ImageBind and Vit-Lens to map scene
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class names to 10 categories and employ the same
evaluation method.

Thermal datasets: LLVIP (Jia et al., 2021)
dataset consists of RGB image and thermal (in-
frared low-light) image pairs captured with fixed
cameras observing outdoor street scenes. The train
set comprises 12,025 RGB and thermal pairs, while
the test set contains 3,463 pairs We follow Image-
Bind to convert the original detection dataset into a
binary classification dataset. This process involves
cropping out pedestrians from bounding boxes and
creating random bounding boxes to ensure a bal-
anced distribution of samples for the categories
‘person’ and ‘background’, each containing about
8K samples. For evaluation, we use the follow-
ing class names for the ‘person’ class - [‘person’,
‘man’, ‘woman’, ‘people’], and [‘street’, ‘road,
‘car’, ‘light’, ‘tree’] for the ‘background’ class.
FLIR_v2 (FLIR, 2018) dataset consists of a to-
tal of 9,711 thermal and 9,233 RGB images for
object detection, with a 90%/10% train/validation
split. We utilize paired RGB-thermal images and
crop images of each category based on bounding
boxes to prepare them for a classification task. Cat-
egories with very few instances are removed, and
the dataset is filtered to retain the following 10 cat-
egories: [‘car’, ‘person’, ‘sign’, ‘motor’, ‘truck’,
‘light’, ‘bike’, ‘hydrant’, ‘dog’, ‘other vehicle’].

Tactile datasets: The tactile data is sourced from
Touch-and-go (Yang et al., 2022) dataset, which
includes tactile data collected by human data col-
lectors probing objects in natural environments
using tactile sensors. Simultaneously, egocen-
tric videos are recorded to obtain the correspond-
ing images. The dataset includes annotations for
20 different material classes and offers labels for
hard/soft (H/S) and rough/smooth (R/S) character-
istics. This results in three versions of the tactile
dataset: one for material classification (TAG-M),
one for hard/soft classification (TAG-H/S), and one
for rough/smooth classification (TAG-R/S). Fol-
lowing ViT-Lens, our model is trained using the
TAG-M dataset and evaluated on all three datasets.

Electroencephalography (EEG) datasets:
For the visual concept classification task, the
ImageNet-EEG (IN-EEG) (Spampinato et al.,
2017) dataset is utilized, consisting of EEG
recordings obtained from six human subjects
using a 128-channel human brain activity record-
ing system. Each subject is exposed to 2,000

images from 40 categories sourced from the
ImageNet (Russakovsky et al., 2015) dataset.
With each category comprising 50 unique images,
a total of 12,000 EEG sequences are recorded.
We conducted experiments on a test set of 1,997
samples to compare with ImageBind. Additionally,
we utilized both the validation set (1,998 samples)
and the test set to compare with ViT-Lens.

3D Point cloud datasets: For the 3D classifica-
tion task, we use ShapeNet55 (Wu et al., 2015a)
for training and ModelNet40 (Wu et al., 2015b) for
evaluation. Following VitLens (Lei et al., 2024),
we also employ the processed ShapeNet55 dataset.
This dataset consists of approximately 52.5K 3D
point clouds generated from CAD models, along
with corresponding images created using virtual
cameras and text data obtained by filling meta-
data into a predefined template. The ModelNet40
dataset is a popular benchmark for 3D shape classi-
fication. This dataset contains 12,311 CAD models
across 40 categories, with 9,843 training samples
and 2,468 testing samples. Each object is repre-
sented as a 3D point cloud and manually annotated
with its category, including everyday items like
chairs, tables, desks, and household objects. We
evaluate our model’s performance in 3D classifica-
tion using only the test set in our experiments.

B.2 Training

CodeBind-IB and CodeBind-VL share similar train-
ing hyperparameters with ImageBind and Vit-Lens,
respectively. Bridging modalities are paired with
one target modality at a time to train a unique set
of shared and specific codebooks. Each bridg-
ing–target modality pair uses a distinct set of
codebooks (e.g., image-text-audio vs. image-text-
depth), and codebooks are not unified or fixed
across different target modalities. Different batch
sizes are used for different modalities to optimize
GPU memory utilization. Additionally, different
loss functions are assigned varying weights de-
pending on the modalities to be aligned to main-
tain a balanced loss composition. Details of
these hyperparameters and the number of train-
able parameters for CodeBind-IB are in Tab 1.
We further implement an adaptive loss balanc-
ing strategy to dynamically assign weights for
Lvq,Lcctr,Lcuni,Lcm,Lorth,Luni based on their
relative magnitudes with respect to Lalign. By de-
fault, the weights for Lalign and Lrecon are fixed
at 1. Table 2 presents an ablation study compar-
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Modality
Image Video Depth Audio Thermal Tactile EEG

Batch Size IN1K: 16
p365: 10 6 8 6 8 6 6

Loss λ

Lvq 10 10 1000 50 1000 1000 10
Lcctr,Lcuni 0.01 0.01 0.01 0.01 0.05 0.01 0.01
Lcm 0.05 0.05 0.1 1.0 1.0 0.1 0.1
Lorth 0.1 0.1 0.1 0.1 1.0 0.05 0.05
Luni 1.0 1.0 1.0 1.0 1.0 0.1 0.1
Lrecon 1.0 1.0 1.0 1.0 1.0 1.0 1.0

LoRA (Layers) – – 7–12 7–12 7–12 7–12 4–6
# Trainable Params. 32.4M 29.9M 59.6M 56.7M 61.6M 58.5M 34.1M

Table 1: Training Hyper-parameters across Modalities in CodeBind-IB. This table details the batch size per
GPU, loss function weights (λ), LoRA inserted modality encoder layers, and the number of trainable parameters for
aligning bridging modality to each target modality. Modality encoders of depth, audio, thermal, and tactile have 12
transformer blocks in total, while modality encoder of EEG has 6 blocks in total. Modality encoder of image and
video is frozen and LoRA is disabled.

SUN-D NYU-D FLIR_v2

manual loss weights 45.7 59.3 97.2

adaptive loss weights 46.0 57.5 97.2

Table 2: Comparison between manual and adaptive
loss weights across different datasets.

Vision high-usage
Depth high-usage

Both high-usage
Both low-usage

SharedVision-specific
Depth-specific

(a) (b)

Figure 1: (a) Distribution of codevectors from the
shared, vision-specific, and depth-specific codebooks.
(b) Distribution and usage rates of codevectors in the
shared codebook for shared embeddings from vision
and depth modalities.

ing this adaptive approach against the predefined
hyperparameter configurations detailed in Table 1.
Notably, the adaptive strategy yields performance
comparable to our manually tuned settings across
both depth and thermal modalities. These results
demonstrate the robustness and scalability of our
framework, as it effectively accommodates low-
resource modalities while eliminating the burden
of exhaustive hyperparameter searching.

C Additional Experiment Results

C.1 Analysis of Codebook’s Feature Space

Codebook distribution We utilize t-
SNE (Van der Maaten and Hinton, 2008) to
visualize the shared codebook and the specific

Audio shared
Audio specific

Audio specific
Vision specific

Vision shared
Vision specific

(a) (c)(b)

Figure 2: 2D t-SNE visualization of sampled embed-
dings from AudioSet (Gemmeke et al., 2017).

codebooks from different modalities. We use
a conventional codebook design to facilitate
observation, where each codevector has the same
dimension as the input embedding. Specifically,
the shared codebook contains 256 codevectors,
while specific codebook for each modality contains
64 codevectors. As shown in Fig. 1(a), the varying
distributions of specific and shared codebooks
highlight modality-specific distinctions and
their complementary roles in the feature space.
This is consistent with observations in Fig. 2.
Furthermore, t-SNE visualizations (Fig. 2) of 384
samples from AudioSet (Gemmeke et al., 2017),
extracted via random batch sampling, reaffirm the
pattern of decoupled representations. Consistent
with previous analyses, these 2D projections
contrast our compositional codebook with Image-
Bind (Girdhar et al., 2023) to demonstrate superior
modal separation.

Shared codebook usage across modalities We
visualize the distribution of codevectors within the
shared codebook, color them by modality, and mark
them based on their usage rate. The usage rate
of codevectors is calculated in the validation set
of the depth-image paired dataset NYU-D (Silber-
man et al., 2012), categorizing those with usage
rates above 75% as high-usage and below 10% as
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Figure 3: Visualization of codevectors usage fre-
quency distributions of image-depth pairs in NYU-D
dataset among various categories. Similar distribution
patterns across two modalities indicate semantic consis-
tency in our shared codebook.

low-usage. The usage rates of all codevectors in
the shared codebook are then aggregated across
different modalities (i.e., vision and depth). In
Fig. 1(b), it is evident that most codevectors are
used by both modalities, indicating effective uti-
lization of the shared codebook. A small propor-
tion of codevectors, however, are primarily used by
only one modality, suggesting some remaining dif-
ferences in representations between the modalities.
Additionally, a few codevectors exhibit low usage
rates in either modality, reflecting the presence of
less common information due to uneven sample
distributions.

Codevector-level alignment We further inves-
tigate the alignment of shared embeddings from
different modalities (e.g., image and depth) at the
codevector level. First, the usage rate of codevec-
tors in the shared codebook is calculated based on
the shared embeddings from paired data samples
within each category. Then, the top-20 most fre-
quently used codevectors are selected, and their
usage rates are standardized across categories, with
their distribution visualized using different colors
in Fig. 3. The paired rows, where distributions from
two modalities within the same category exhibit
similar patterns of highlighted grids, demonstrate
the fine-grained alignment between the shared em-
beddings from two modalities. In paired columns
representing different modalities, similar patterns
of highlighted grids can be noticed. This sug-

gests that our learned shared codevectors capture
modality-invariant semantic information. Distinct
patterns are evident between columns at different
positions, indicating that each codevector captures
unique semantic information.

C.2 Analysis of Specific Embeddings

Fine-grained
Attribute Specific Categories

Lighting
illumination

natural diffused, artificial directional
ambient even, harsh shadowed

Camera
geometry

eye level close up, elevated wide angle,
ground level perspective, top down view

Texture
surface

smooth fine, coarse grainy,
patterned structured, mixed textures

Scene
environment

blurred background, structured setting,
open space, indoor context

Color
tone

warm natural, cool balanced,
neutral muted, vibrant saturated

Table 3: Fine-grained labels derived by VLM for
linear probing.

Attribute NMI with category

lighting illumination 0.2093
camera geometry 0.1907

texture surface 0.3145
scene environment 0.3303

color tone 0.2759

Average NMI 0.2641

Table 4: Mutual information analysis between cate-
gory labels and fine-grained labels. Normalized Mu-
tual Information (NMI) between the VLM-curated fine-
grained attributes and semantic class names on samples
from ImageNet (Russakovsky et al., 2015). The low av-
erage NMI (0.2641) indicates that the extracted physical
nuances are significantly disentangled from category-
level semantics.

Fine-grained intra-modality retrieval We ob-
serve that 61.7% (3699/6000), 84.6% (2005/2371),
and 90.3% (4496/4978) of retrieval samples
achieved higher or equivalent top-10 recall using
concatenated embeddings rather than shared em-
beddings on the Stanford Dogs and Oxford-IIIT
Pet datasets (cats and dogs, respectively). Fig. 4
provides additional examples with corresponding
retrieved images where this improvement is evi-
dent.

Linear probing for shared and specific embed-
dings We use Qwen2.5-VL (Bai et al., 2025b),
a vision-language model (VLM), to annotate sam-
ples from 1000 images from ImageNet through
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(a) Examples in Stanford Dogs dataset.

Abyssinian

Concatenated (shared & specific) embedding retrieval
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(b) Examples in cat images in Oxford-IIIT Pet dataset.

Bulldog

Concatenated (shared & specific) embedding retrieval

Shared-embedding retrieval

(c) Examples in dog images in Oxford-IIIT Pet dataset.

Figure 4: Additional results for fine-grained retrieval.
By utilizing the concatenation of shared and specific
embeddings, our method retrieves more correct images
featuring the same cat or dog breed, outperforming sce-
narios that rely solely on shared embeddings.
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Figure 5: Heatmap between fine-grained attributes
and category names. Texture surface and scene
environment are selected fine-grained attributes sum-
marised by VLM. 20 categories are selected from Ima-
geNet1K (Russakovsky et al., 2015) for display.

a systematic three-stage approach. (1) Detailed
description generation: The VLM generates ex-
haustive descriptions of fine-grained features for
sampled images. The prompts are specifically en-
gineered to isolate distinctive details (as shown
in Tab. 10), ensuring these features are decoupled
from the common category-level information used
in cross-modal sharing. (2) Keyword extraction:
The VLM analyzes the detailed descriptions from
Stage 1 to extract four key terms across five major
fine-grained dimensions. This stage distills raw text
into structured keywords optimized for classifica-
tion. The keywords for each fine-grained attribute
are shown in Fig. 3 (3) Fine-grained image labeling:
Using the finalized keywords as a reference, the
VLM performs the final annotation for each image,
mapping specific visual features to the correspond-
ing keywords.

Tab. 4 presents the Normalized Mutual In-
formation scores (NMI) between semantic cate-
gory labels and our VLM-derived fine-grained
physical labels. Additionally, Fig. 5 visu-
alizes the conditional probability distribution,
P (physical attribute|category label), via a normal-
ized heatmap. The analysis reveals a notable associ-
ation with an average NMI score of 0.26, indicating
that semantic categories account for approximately
26% of the variance in fine-grained physical at-
tributes. This observation exemplifies the natural
coupling inherent in real-world datasets. For spe-
cific classes, fine-grained features, such as back-
ground color or unique textures, serve as physical
fingerprints that are strongly correlated with se-
mantic identities (e.g., a “polar bear” is statistically
intertwined with a “snowy background”). Conse-
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quently, specific embeddings capture these corre-
lated physical priors, which enable them to support
category discrimination as effectively as shared em-
beddings. Nevertheless, the heatmap demonstrates
that while certain species exhibit strong ties to spe-
cific attributes, most physical properties maintain
a broad distribution across the entire dataset. This
suggests that our VLM-derived labels capture criti-
cal variance that semantic categories alone cannot
account for. Through our decoupled architecture,
specific embeddings exhibit superior sensitivity in
distinguishing these physical properties compared
to their shared counterparts, particularly in terms
of convergence speed and discriminative precision.

This video belongs to the category
‘{c_name}’. Describe the appearance and
action of {c_name} in one short sentence.
Focus on the segment from {s_t}s to {e_t}s.
Use direct subject-verb-object structure. No
filler words. Max 15 words. Do not use
introductory phrases like ‘In this video’.

Table 5: Text prompt for VLM-based dense text cap-
tion. Category names (c_name), and time minutes (s_t,
e_t) are extracted from AVE dataset annotations.

Multimodal fusion on AVE event classification
We employ Qwen3-VL (Bai et al., 2025a) to gen-
erate dense textual captions by conditioning on
the event category names and their corresponding
video frames, using the prompt template detailed in
Tab. 5. During the multimodal alignma text encoder
by using the category names and text captions, re-
spectively, for multimodal alignment training to
align with vision and audio representations. Post-
training, the modality encoders and their respective
codebooks are frozen. A single-layer MLP classifi-
cation head is then trained on the fixed embeddings
to predict event categories. We evaluate three em-
bedding configurations: (1) shared embeddings in
isolation, (2) concatenation of video and audio fea-
tures, and (3) their summation. For the latter two
fusion strategies, modality-specific embeddings are
concatenated with the shared embeddings for each
respective modality. The classification head is op-
timized with a learning rate of 5 × 10−3 over 10
epochs.

C.3 Ablation on Codebook Size and
Dimension

Dimension of codevectors We conduct addi-
tional experiments to explore the impact of varying
the dimensions of codevectors in our compositional

Codebook Config. Accuracy (%)
Number (K) Dimension (d) SUN-D FLIR_v2

1024 1024 40.7 81.1
1024 512 41.9 90.5
1024 128 44.3 92.5
1024 32 45.4 93.0
1024 8 45.7 97.2

Table 6: Effectiveness of compositional codebook
with varying codevector dimensions. Results show im-
proved effectiveness as codevector dimension decreases,
indicating enhanced performance with richer combina-
tions.

Codebook Config. FLIR_v2 Accuracy (%)

Number (K) Conventional
(dim=1024)

Compositional
(dim=8)

64 58.6 86.2
128 65.4 91.2
256 76.6 94.0
512 81.9 93.2
1024 81.1 97.2

Table 7: Impact of varying codevector numbers on
accuracy. Results show decreased accuracy with fewer
codevectors. Our approach exhibits greater tolerance to
this reduction compared to conventional codebooks due
to its compositional structure.

codebook on its effectiveness. A series of exper-
iments are carried out using a consistent number
of codevectors (1024) while varying the dimen-
sions, explicitly using codevector dimensions of
{8, 32, 128, 512, 1024}. Tab. 6 shows that align-
ment improves as the dimension of the codevector
decreases. Reducing the dimension of codevectors
increases the number of combinations required to
reconstruct an input embedding, thereby enhancing
the combinatorial richness of the quantized output
and leading to improved performance.

Number of codevectors To accommodate more
information across various modalities in standard
VQ, the conventional approach expands the code-
book by introducing more codevectors, leading
to a much increased codebook size. In contrast,
our method maintains a compact codebook size
by leveraging a compositional codebook design,
achieving substantial more capacity even with a
limited number of codevectors. We further ex-
plore the impact of reducing the number of code-
vectors while maintaining the same codevector di-
mension. The cross-modal classification perfor-
mance using conventional codebooks (dim=1024)
and our compositional codebook (dim=8) ap-
proaches are compared on FLIR_v2 (FLIR, 2018)
dataset, using different numbers of codevectors
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{64, 128, 256, 512, 1024}. As shown in Tab. 7, de-
creasing the codevector number results in a drop
in accuracy. However, our approach demonstrates
greater robustness to this reduction compared to
conventional codebooks, owing to its composi-
tional structure. The largest codebook size is lim-
ited to 1024, as in this case our partitioned code-
book design (detailed in Sec. 3.3 in the main paper)
allows for an enormous combinatorial capacity of
1281024 possible sub-vector compositions, which
is sufficiently expressive.

Config. Usage (%) ↑ Perplexity ↓
shared vision thermal shared vision thermal

Conv. 75.6 80.9 93.8 90.8 106.7 127.3
Comp. 100 100 100 661.4 87.9 73.6

Table 8: Codebook usage and perplexity with compo-
sitional/conventional configurations on FLIR_v2. The
modality-shared codebook size is set to 1024, while the
specific codebooks for vision and thermal modalities
are set to 256. Results indicate full utilization of both
modality-shared and specific codebooks following the
implementation of the compositional design.

Codebook collapse prevention Benefiting from
the reinitialization strategy in CVQ (Zheng and
Vedaldi, 2023) and the EMA update method de-
scribed in Sec. A.2, the proposed compositional
codebook achieves high usage efficiency. As shown
in Tab 8, the shared codebook usage increases from
75.6% to 100%, accompanied by a significant in-
crease in perplexity. Although the perplexity of the
specific codebook decreases, this is probably due
to the relatively small number of data categories
compared to the overall codebook capacity.

C.4 Ablation on Loss Functions
Orthogonal and uniform loss The effectiveness
of Luni and Lorth is evaluated on SUN-D (Song
et al., 2015) by analyzing the intra-class average
similarity scores of shared and specific embeddings
both in image and depth before and after applying
these losses. Within each modality, the cosine sim-
ilarity scores among all shared embeddings (i.e.,
intra-shared embedding similarity), specific em-
beddings (i.e., intra-specific embedding similarity),
and paired shared and specific embeddings of the
complete modality representation (i.e., inter-shared-
specific embedding similarity) are computed within
each category and then averaged. In Fig 6, before
applying Luni, specific embeddings exhibited high
similarity within each semantic category, indicating
an overlap in encoded information. However, Luni
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Figure 6: Visulization of intra-class average similar-
ity scores among shared and specific embeddings.
The intra-class average similarity scores are calculated
on SUN-D (Song et al., 2015), with and without or-
thogonal loss Lorth and uniform loss Luni. The results
demonstrate a substantial reduction in similarity among
specific embeddings after applying these losses, indicat-
ing that they effectively encourage specific embeddings
to encode distinct fine-grained information, while re-
maining within the same general semantic category, in
contrast to shared embeddings.

significantly reduces the similarity between spe-
cific embeddings of depth from 0.98 to 0.25, ensur-
ing that specific embeddings capture fine-grained,
modality-specific details rather than aligning with
broader semantic categories. Meanwhile, shared
embeddings in depth, which encode category-level
information aligned with text embeddings, main-
tain a higher similarity of 0.57 within each class.
Additionally, Lorth further decreases the similarity
between shared and specific embeddings in depth
from an already low level to 0.02, reinforcing the
separation of information, as the two embeddings
are initialized in distinct codebook spaces. Similar
patterns can be found in the embeddings of vision
modality.

Codebook regularization loss CMCM loss Lcm,
orthogonal loss and uniform loss Lorth,Luni have
been discussed in Liu et al., 2022 and Xia et al.,
2024; Jiang et al., 2023, respectively. We assess
the efficacy of the proposed codevector contrastive
loss Lcctr and codevector uniformity loss Lcuni

in enhancing the distinction capability of code-
vectors. To facilitate clear observation, a conven-
tional codebook design is employed without di-
viding the embeddings, and the size of the shared
and specific codebooks is reduced to 256 and 64,
respectively. The cosine similarity of the spe-
cific embeddings from the sampled data in the
FLIR_v2 (FLIR, 2018) and NYU-D (Silberman
et al., 2012) datasets with all codevectors in the
specific codebooks is calculated. A probability
distribution of these similarities is then created
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using the softmax function. Fig. 9 displays the
similarity distributions for paired vision-thermal
and paired vision-depth data. Without Lcctr,Lcctr,
the distribution is more uniform, suggesting that a
specific embedding interacts similarly with most
codevectors, indicating less discriminative informa-
tion. With Lcctr,Lcctr, the distribution becomes
significantly uneven, showing that the specific em-
beddings align strongly with specific codevectors
while neglecting others. This result confirms that
the codevectors within a specific codebook are in-
herently distinct and can offer easily distinguish-
able information for the specific embeddings. This
distinctiveness is further boosted by the application
of our codevector regularization loss.

C.5 Additional CodeBind Applications
Cross-modal object localization We use the
Recognize Anything Model (RAM) (Zhang et al.,
2024a) to generate object tags from selected im-
ages in MS-COCO (Lin et al., 2014), and then
apply GroundingDINO (Liu et al., 2024) to obtain
the corresponding object bounding boxes, which
serve as our vision proposals. Fig. 10 displays ad-
ditional retrieval results from depth, audio, thermal,
3D point cloud, and tactile modalities, based on vi-
sion proposals predicted by GroundingDINO (Liu
et al., 2024). In this process, shared embeddings
of the [CLS] token from the proposal image and
another modality are used to compute cosine simi-
larity, enabling the selection of the top-1 retrieval
data from the other modality for display. These
vision proposals are aligned in our CodeBind space
with matching embeddings from depth, audio, and
3D point clouds, sharing similar semantic mean-
ings.

Modality Sim (egen, econd) Sim (egen, etext)

Audio 0.3693 0.1749
Depth 0.4119 0.1792

Table 9: Embedding similarity analysis between the
image embeddings of generated images (egen), the in-
put modality embeddings (econd), and text embeddings
(etext).

Any-modality-to-image generation We replace
the image encoder in Stable unCLIP (Rombach
et al., 2022) with our aligned audio, depth, and
thermal encoders to unlock its ability to generate
semantically related images. Specifically, we use
the shared embeddings of the [CLS] token from au-
dio, depth, and thermal modalities. Fig. 7 presents

car engine knocking people booing people humming bowling impact duck quacking

bedroom computer room dining area office study space

Audio

Depth

Thermal

car truck person light motor

Figure 7: Additional results for any-modal to im-
age generation. Semantically related images can be
generated by pretrained diffusion model, using embed-
dings from audio, depth, and thermal modalities, which
are effectively aligned with image and text embeddings
through our CodeBind approach.

more generated images with their semantic cate-
gories from related modalities. To improve genera-
tion quality during inference, we apply a negative
prompt to reduce unwanted artifacts: "lowres, text,
error, cropped, worst quality, low quality, jpeg ar-
tifacts, ugly, duplicate, morbid, mutilated, out of
frame, extra fingers, mutated hands, poorly drawn
hands, poorly drawn face, mutation, deformed,
blurry, dehydrated, bad anatomy, bad proportions,
extra limbs, cloned face, disfigured, gross propor-
tions, malformed limbs, missing arms, missing legs,
extra arms, extra legs, fused fingers, too many fin-
gers, long neck, username, watermark, signature".

Without any retraining of the diffusion model or
additional text prompts, semantic concepts from
other modalities can be seamlessly integrated into
the generated images. Additionally, a quantitative
evaluation of the any-to-image generation is con-
ducted. Specifically, we compute the embedding
similarity between the vision embeddings of gen-
erated images (egen) and two references: (1) the
input modality embeddings (used as diffusion con-
ditions) (econd), and (2) the text embeddings of their
corresponding semantic categories (etext). Based on
nearly 3,000 samples across all categories, respec-
tively from the VGGSound and SUN-D datasets,
the average similarity scores are summarized in
Tab 9.
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image

depth

thermal

Figure 8: Visulization of reconstructed images, depth
and thermal images. For each modality, the first row
displays the sampled ground truth images, while the sec-
ond row shows the corresponding reconstructed images.

C.6 Visualization of Reconstruction Results
We present visualizations of reconstructed RGB im-
ages, depth images, and thermal images from the
Place365 (Zhou et al., 2014), NYU-D (Silberman
et al., 2012), and FLIR_v2 (FLIR, 2018) datasets,
respectively, in Fig 8. These results demonstrate
that the concatenated embeddings effectively cap-
ture enough information for the decoder to accu-
rately restore the original modality inputs.
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(a) codevector distribution for specific embeddings selected in FLIR_v2 (FLIR, 2018)
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Figure 9: Visualization of codevector similarity distribution. The left column shows distribution without
codevector regularizaiton loss Lcctr and Lcuni, while the right column presents the distribution with these losses
applied. The codevector regularizaiton loss clearly encourages an uneven distribution of codevectors. This
enhancement promotes better discriminativeness of codevectors, ensuring each codevector effectively represents
distinct features.
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Stage Prompt Content

Stage 1 Please provide a comprehensive structural analysis of this image. Your output MUST be a
valid JSON object with the following structure:
{
"class_name": "The category of the object for reference",
"semantic_content": "Briefly identify the main objects and their categories.",
"physical_nuances": {

"lighting_illumination": "Describe source direction, intensity, shadows, and
contrast.",

"camera_geometry": "Describe specific viewpoint, lens perspective, and distance.",
"texture_surface": "Describe visual frequency, graininess, or smoothness (strictly

avoiding naming the object).",
"scene_environment": "Describe background relationship, bokeh depth, or clutter level.",
"color_tone": "Describe dominant color temperature, saturation, and chroma

distribution."
}

}
STRICT CONSTRAINT: In the ‘physical_nuances’ section, do not use words that identify the
specific species or category of the object. Focus purely on the imaging properties.

Stage 2 I will provide you with a collection of physical descriptions of images from various
categories. Your task is to analyze these descriptions and synthesize a “Universal Physical
Attribute Taxonomy”.
CORE GOALS:
(1) Disentanglement: The categories must represent ‘Intra-class variance’ (physical imaging
properties) rather than ‘Inter-class semantics’ (object identity).
(2) Structure: Define exactly 5 independent categories (e.g., Lighting, Camera Geometry,
Scene Context, etc.).
(3) Discreteness: For each category, provide exactly 4–5 mutually exclusive and clear options
(labels).
(4) Semantic-free: Ensure these labels do not mention specific object names like ‘dog’ or
‘fur’.
INPUT DESCRIPTIONS: {xxxx}
OUTPUT FORMAT (Strict JSON):
{ "taxonomy": { "category_name_1": ["option1", "option2", "option3", "option4"],
"category_name_2": ["option1", "option2", "option3", "option4"], ... }, "logic": "Briefly
explain why these 5 categories were chosen for representation disentanglement." }

Stage 3 You are a high-precision image attribute annotator. For the provided image, you must select
exactly ONE option from each category below.
STRICT CONSTRAINTS: 1. DO NOT mention the name of the object. 2. Output MUST be a valid
JSON object.
CATEGORIES AND OPTIONS: {options_str}
OUTPUT JSON FORMAT:
{
"Lighting_Illumination": "selected_option",
"Camera_Geometry": "selected_option",
"Texture_Surface": "selected_option",
"Scene_Environment": "selected_option",
"Color_Tone": "selected_option"

}

Table 10: Multi-stage prompts for VLM-based fine-grained attribute annotation.
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driving buses

police car 
(siren)

3D printing 
machineLiving room

cat meowing 
vacuum cleaner cleaning floors 

playing bass guitarlip smacking

3D piano

3D car
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(e)

male singing
toilet flushing
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fan running concrete
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Figure 10: Additional results for cross-modal object localization. Semantically or geometrically related items
from audio, depth, thermal, 3D point cloud, and tactile modalities can be effectively retrieved given several visual
proposals in the images.
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