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Abstract

We present UNIALIGN, a unified model to align an arbi-
trary number of modalities (e.g., image, text, audio, 3D
point cloud, etc.) through one encoder and a single training
phase. Existing solutions typically employ distinct encoders
for each modality, resulting in increased parameters as the
number of modalities grows. In contrast, UNIALIGN pro-
poses a modality-aware adaptation of the powerful mixture-
of-experts (MoE) schema and further integrates it with Low-
Rank Adaptation (LoRA), efficiently scaling the encoder to
accommodate inputs in diverse modalities while maintain-
ing a fixed computational overhead. Moreover, prior work
often requires separate training for each extended modal-
ity. This leads to task-specific models and further hinders
the communication between modalities. To address this,
we propose a soft modality binding strategy that aligns all
modalities using unpaired data samples across datasets.
Two additional training objectives are introduced to distill
knowledge from well-aligned anchor modalities and prior
multimodal models, elevating UNIALIGN info a high per-
formance multimodal foundation model. Experiments on
11 benchmarks across 6 different modalities demonstrate
that UNTALIGN could achieve comparable performance to
SOTA approaches, while using merely 7.8M trainable pa-
rameters and maintaining an identical model with the same
weight across all tasks.

1. Introduction

Humans accomplish tasks by processing and combining
signals from different modalities [37, 53]. This gives rise
to multimodal learning, which aims to build AI models
that can extract and relate information across multimodal
inputs [97]. Recent efforts have been made to learn a uni-
fied representation space via the alignment between modali-
ties[18, 22, 39]. Though enabling extension to novel modal-
ities, existing solutions typically rely on a one-versus-one
paradigm where merely one extended modality (e.g., point
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Figure 1. Comparison of architectures between standard multi-
modal alignment methods [18, 39, 109] and UNTALIGN: (a) Ex-
isting work adopts specialized encoders tailored to each modality;
(b) UNTALIGN unifies the alignment across multiple modalities in
a single model, with one training phase across all datasets.

cloud, audio) could be aligned with the anchor modalities
(e.g., text, image) at each time (Fig. 1(a)). This presents
several drawbacks: i) one dedicated encoder is required for
each modality, leading to exponential increases in training
costand parameter count as the number of aligned modalities
grows, severely limiting scalability; ii) task-specific train-
ing for each dataset, results in multiple independent models
for different tasks; and iii) the separate alignment of each
extended modality hinders the model to leverage the full
breadth of data across all datasets to shape the shared em-
bedding space from a global view. This further impedes
cross-modal knowledge transfer where insights gained from
one modality could benefit understanding in others.

These observations prompt us to rethink: Is this one-
versus-one alignment paradigm essential? and Can we
achieve joint alignment of all modalities within one sin-
gle model? Inresponse, we propose UNTALIGN (Fig. 1(b)),
which embraces a all-in-one design to realize multimodal
alignment by constructing a foundation model that includes:
@ one base encoder to UNIfy the encoding of all anchor and
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extended modalities, and @ one training phase to ALIGN all
modalities with all samples across datasets collectively.

Concretely, to achieve @, recent work has consistently
demonstrated that Transformers pre-trained on one modality
possess exceptional generalization ability to novel modali-
ties [13, 67]. Moreover, the mixture-of-experts (MoE) [72]
schema presents a highly efficient strategy to scale model
capacity under a fixed computational cost[108]. These in-
sights motivate us to build a foundational model accommo-
dating multiple modalities upon a single pre-trained Trans-
former (e.g., CLIP[67]). Here, MoE can dynamically scale
and allocate model capacities by selectively activating ex-
perts to encode inputs across diverse modalities. We ex-
plore two strategies targeting at expert grouping and routing
mechanism to enhance the awareness of different modali-
ties within MoE. To preserve the knowledge learned from
anchor modalities, Low-Rank Adaptation (LoRA) [27] is
integrated with MoE, enabling a significant reduction in
training overhead. To fulfill ®, we propose a soft modal-
ity binding strategy, leveraging massive unpaired data sam-
ples across modalities and datasets. Specifically, given un-
paired data from diverse datasets with different modalities,
the class labels of samples are encoded into text embed-
dings to create a unified representation. The semantic sim-
ilarity between text embeddings can inform the alignment
between modalities (e.g., audio and video), by encourag-
ing the similarity between modality embeddings and tex-
tual label embeddings (e.g., audio <+ textyige, and video
> texXtygio ) to be identical as the semantic similarity (i.e.,
teXtyigeo <> t€Xtayudio). Moreover, rooted in the principles
of knowledge distillation [2, 26, 110], the alignment be-
tween extended and anchor modalities is guided by the
knowledge persisting between anchor modalities, which are
well-aligned in semantics compared to extended modalities.
To further boost the performance, we transfer knowledge
from multiple well-trained foundation models which only
contain partial modalities. Given the complexity of multi-
modal, multi-dataset joint training, a specialized batching
strategy combined with modality-aware gradient accumu-
lation is proposed, to mitigate the potential dispersion in
optimization across different modalities.

UNIALIGN enjoys several advantages: First, it sup-
ports flexible alignment between arbitrary number of an-
chor and extended modalities, while ensuring negligible in-
crease in parameter size. Second, the alignment for all
modalities is accomplished in one training session, signif-
icantly improving training efficiency. Third, unpaired data
from different modalities can be used collectively for op-
timization. Uncommon modalities with scarce data could
take full advantages of the rich resource of common modal-
ities. Fourth, benefited from soft modality binding, ex-
tended modalities are bridged for mutual boosting. Fifth,
a compact and high-performance multimodal foundational

model generally applicable to all tasks is delivered at min-
imal cost. This contrasts with existing approaches, which
typically provide multiple loosely integrated modality en-
coders tailored to specific tasks, thereby enabling broader
transferability to other domains and downstream applica-
tions [3, 8, 16, 61, 62, 95, 96, 101, 102].

By embracing the all-in-one philosophy, UNIALIGN
demonstrates remarkable efficiency in both training cost and
parameter size. After a single pre-training step without fur-
ther tuning, UNIALIGN achieves top-leading performance
on 11 benchmarks with one identical model and 7.8M train-
able parameters across 6 modalities (previous SOTA [18,
39] needing over 80M trainable parameters for each ex-
tended modality). This evidences the great potential of our
unified modality encoding and aligning strategies. We hope
this work could stimulate the community to rethink multi-
modal alignment from a universal and compact perspective.

2. Related Work

Multimodal Learning. Multimodal learning has attracted
significant attention given its ability to address a wide range
of applications by integrating information from diverse
modalities such as text, images, audio, and video[49, 51, 67,
103]. Current research in this field generally falls into three
categories: First, methods involving joint training of multi-
ple modalities aim to improve performance across different
downstream tasks, by leveraging shared representations[ 17,
78, 107]. Though incorporating multiple modalities as in-
puts, these work lacks explicit alignment between modali-
ties. Second, inspired by the successes of vision-language
alignment [67], some approaches extend this alignment to
additional modalities[18, 38, 40, 56, 59, 91, 98, 109]. These
methods typically require an independent encoder for each
modalities. Though [14, 18, 39, 90] maintain an consis-
tent architecture across tasks, they conduct separate train-
ing on individual datasets, resulting in multiple task-specific
models. Additionally, these solutions often rely on massive
paired data to achieve robust zero-shot performance across
various tasks, ignoring the usage of rich unpaired data.
Third, the integration of multimodal inputs with large lan-
guage models (LLMs) has opened new avenues for multi-
modal learning[23, 50, 52, 88, 100]. In these approaches, all
modalities are projected into the same representation space
as LLMs, without alignment among extended modalities
and supporting merely one anchor modality (i.e., text). This
leads to suboptimal performance on certain vision tasks and
limits the applications primarily to language-related fields.
In this work, we propose UNIALIGN, supporting align-
ment between an arbitrary number of anchor and extended
modalities within one model using one unified modality en-
coder. After a single training phase, UNIALIGN can han-
dle a dozen of downstream tasks without any fine-tuning.
UNIALIGN also achieves high training efficiency, utilizing
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merely 7.8M training parameters for all tasks.
Multi-Task Learning. To maximize the utilization of re-
source and improve generalization across tasks, multi-task
learning seeks to develop models that can handle multiple
tasks simultaneously [4]. Traditional methods often require
separate subnetworks for each task, which hinders scala-
bility [83]. In recent years, the mixture-of-experts (MoE)
architecture [15, 72] has gained prominence in multi-task
learning[31]. MoE leverages multiple subnetworks, or “ex-
perts”, that are selectively activated to optimize task perfor-
mance while reducing computational costs [35]. This ap-
proach proves beneficial across various domains, such as
language processing [31, 35] and vision tasks [41, 43, 69].
With the success of LoORA[27], there has been a surge to in-
tegrate MoE with LoRA, which shows promise in enhanc-
ing both computational efficiency and task adaptability in
large-scale models [11, 21, 28, 29]. However, these meth-
ods are mainly confined to text and image domains[7, 11],
and lack alignment between modalities [46]. In contrast,
UNIALIGN extends MoE to a multimodal setup, devising
modality-aware expert selection and routing mechanism.
Knowledge Distillation. Knowledge distillation [26, 34,
55] is an essential technique for model compression, en-
abling the transfer of knowledge from large, computation-
ally intensive models to smaller, more efficient ones. This
is particularly valuable for multimodal foundation mod-
els, where the computational overload is heavy[32, 45, 79,
99]. Initially, knowledge distillation focused on extracting
knowledge from individual large models, typically using the
logits or intermediate feature representations to guide the
training of student models [1, 25, 36, 63, 93]. Recent re-
search has expanded this concept to integrate capabilities
from multiple models, creating hybrid models that not only
improve task-specific performance but also broaden the
range of potential applications[68, 71, 84, 104, 105, 112].
Compared to existing work, UNTALIGN distills knowl-
edge from both well-aligned anchor modalities, and mul-
tiple well-trained foundation models specialized in partial
modalities. This allows our method to handle a broader
range of tasks that require understanding and processing in-
formation with different composition of diverse modalities.

3. Method

In this section, we first introduce the unified encoding of
all modalities within one single model (§3.1), then describe
the universal modality alignment strategy across all datasets
(§3.2), and finally present the implementation details of
UNIALIGN (§3.3).

3.1. Unified Modality Encoding

Preliminary: Mixture-of-Experts (MoE). Let X € R/*P
denote the tokenized input, where L is the sequence length
and D is the token embedding size. In vanilla Transformer,
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Figure 2. Architecture of the unified modality encoder.

each encoder block comprises a multi-head self-attention
(MSA) layer and a feed-forward network (FFN), as follows:

X' = X + FISALN(X)), (1)
, 2

where X" is the outputs and LN represents layer normal-
ization. In the mixture-of-experts (MoE) schema, an MoE
function (i.e., FM°F) is adopted to replace FN:

X// :X/ =+ fMOE(LN(X/)), (3)
Fuoe(X') =30, G(X7): FPPN(XT), ()

where FM°E jointly aggregates outputs from multiple expert
networks (i.e., FEP) according to the router G(X'); =
softmax (FRoUer( X)), to assign weights for different ex-
perts and render the predictions.

Multimodal Adaptation with MoE. We aim to unify
the encoding of multimodal inputs within one foundation
model (e.g., the image encoder of CLIP[67]). As illustrated
in Fig.2, inputs of various modalities are first converted into
sequential tokens. We follow [39, 42, 107] to preprocess
multimodal data and implement modality-specific tokeniz-
ers, with details summarized in Appendix. To adapt the en-
coding of samples from various modalities, UNIALIGN ex-
plores two modality-aware MoE strategies:

e Modality-Aware Expert Grouping divides all FE*Prt in
one MoE layer into multiple sets, where each set B contains
n experts to process inputs from a specific modality M:

B = {F 8 Faeat}. (5)

Under this setup, following [46], we construct a hierarchical
routing mechanism. In the first routing round, tokens are
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directed to a specific expert set based on the modality of
inputs. Next, within a expert set, a learnable router .F/\Rﬁ’[“‘er
for modality M assigns weights to each individual expert
conditioned on the input tokens. This separation lets each
expert set to specialize in one modality, and allows for easy
expansion to novel modalities by loading new expert sets.

e Modality-Aware Global Routing uses multiple modality-
specific routers, to direct tokens across all experts in a MoE
layer without grouping. Given the routing function FR§""
for modality M, the global weight G ¢ is computed as:

Gm(X"); = softmax(FRI™ (X)), (6)

By allowing the experts to be accessible to each router, this
strategy enables cross-modality knowledge sharing among
experts. However, since the experts are not explicitly spe-
cialized for one modality, the generalization potentially at
the expense of fine-grained modality specialization.
Modality-Aware LoRA Expert. Low-Rank Adaptation
(LoRA) [28] has demonstrated both effectiveness and effi-
ciency in fine-tuning large models [9, 81]. Therefore, to
maintain the knowledge in pre-trained foundation models,
the original feed-forward network (i.e., F*™ in Eq.2) are
preserved in a fixed state instead of being replaced during
the forward of MoE (i.e., Eq.3), resulting in:

+ FIELN(X). (D)

Here the experts in FM°E Jeverage FT™N as the base weight
for LoRA adaption, with each of them employs a specific
instance of LoRA (i.e., F-°RA) parameterized as follows:

Fvor (X)) = 2000, G(X): FRAM(XT), (8
FINX) = = BAX, ©)

where low-rank matrices A € R%"*" and B € R"*%out
are scaled by a factor o normalized by the rank r <
min(d;p,, doyt). In this way, we achieve seamless inte-
gration of LoRA with MoE, enabling efficient tuning and
knowledge preservation of the foundation models, while
supporting adaptation to inputs across various modalities.

3.2. Universal Modality Alignment

Soft Modality Binding across Datasets. Prior work [18]
reveals that modalities expressed in a joint embedding
space could be automatically aligned through an interme-
diate modality. For example, the alignment of <Audio,
Image> and <Image, Text>, could lead to the align-
ment between <Audio, Text > with Image as the bridge.
However, this approach requires massive naturally paired
samples between anchor and extended modalities, which
are often challenging and time-consuming to obtain. We
thus propose a soft modality binding strategy, which utilizes
unpaired samples across datasets with different modalities
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Figure 3. Our proposed soft modality binding strategy. Unpaired
samples from diverse datasets with different modalities are bridged
with the semantic similarity between class labels as soft guidance.

(Fig.3). Specifically, let Y = {yM, ... 7y%l} and
YM2 = M2 ,yj:,?} represent text embeddings of
class labels from two arbitrary datasets in modalities M,
and Mo, respectively. The semantic similarity of textual
labels across datasets can be computed as:

exp(y]" - y"?)
- .
Sy exp(y; ", yit2)

Similarly, given samples (1, Y; 1) from the first dataset
and (:cM2,ijz) from the second dataset, the semantic
similarity between 2!t and text embedding of labels from
the second dataset (i.e., S(xM1,y?)), as well as x>
and text embeddings of labels from the first dataset (i.e.,
S(x™M2,yM1)) could be computed. Taking the similarity
between class labels of two datasets (i.e., S (ylM1 , yJMQ))
as a soft prior for alignment, we bind modalities across
datasets by optimizing the following objective:

Lsoft bind = KL(S( )|S( ’yg ))
+KL(3(w Ly ISy u ™),

where KL refers to the Kullback-Leibler divergence. Our
soft modality binding strategy is different from [18], which
requires instance-level textual annotations for each sample.
Instead, our approach utilizes merely class labels which are
instance-agnostic and challenging for alignment.

Knowledge Distillation from Anchor Modalities. Given
multiple well-aligned anchor modalities (e.g., M and M$)
and one novel modality to be extended (e.g., M), the align-
ment performance between anchor and extended modalities
(e.g., M{, and M) is typically less effective than that be-
tween anchor modalities (e.g., M{ and M$). Therefore,

Sy, yl) = (10)

(1)

29647



Modality
Projector

Partial-modal
Foundation Model

Unified Modality Lteatalign

Encoder

Lmodal align

Figure 4. Top: Knowledge distillation from anchor modalities to
instruct the alignment of novel modalities. Bottom: knowledge
distillation from multiple partial-modal foundation models.

knowledge within the alignment between anchor modalities
(Fig.4 (Top)) could be transferred to improve the alignment
learning of extended modalities via knowledge distillation.
For instance, given a 3D point cloud sample x;, we could
obtain its tokenized input CCZ) in the extended modalities,
along with the text embedding of class label a:;r and the vi-
sual embedding of one rendered image from a specific view-
point :BZI , both in the anchor modalities. By leveraging the
similarity between anchor modalities (i.e., S(x], x7)) as
the guidance, we could optimize the alignment between the
extended modality and anchor modalities through:
Lanch_distil = KL(S(Q%P, w;r) |8(wiza w;r))
+KL(S(@],27)[S(x], 2])).
This knowledge distillation strategy is generally applicable
to most modalities, where 3D point cloud, video, and depth
data can be converted into images with class labels.
Knowledge Distillation from Partial-Modal Foundation
Models. To further boost the alignment across modalities,
we employ foundation models £ skilled in partial modali-
ties (e.g., audio <+ text[22], point cloud <> image [98]) as
teacher models to guide the learning of our unified modality
encoder &, (i.e., Fig.4 (Bottom)) from two perspectives:
e Feature Alignment aims to ensure features from our uni-
fied modality encoder to be identical as those from partial-
modal foundation models. Specifically, denoting ﬁ’iM’“ and
FiM’c as features in modality M, output by £; and &, we
use the mean squared error (MSE) to align them as:

Lieat atign = | — F |13 (13)

(12)

e Cross-Modality Knowledge Transfer aims to benefit the
learning of &, via the well-aligned representation space
across modalities shaped by large-scale paired data. Specif-
ically, given a paired sample (xZMa , x'lMe) in anchor modal-
ity M“ and extended modality M*® respectively, the align-

ment results of our unified modality encoder are encouraged
to approximate those of partial-modal foundation models:

Acmodaljlign = K]—‘(‘S"(mzj\/le 9 m;_/\/la ) ‘S(:ﬁsze ) (ﬁz/vla ))
+KL(S(@", &) s@", 21)),
where &; and x; are outputs of £¢ and &£, respectively.

In summary, the loss for knowledge distillation from
partial-modal foundation models can be formulated as:

(14)

Linodel distil = )“Cfeaullign + ['modal,aligw (15)
Following [99], we set A = 2000 to scale the magnitude.

3.3. Implementation Details

Network Configuration. We adopt CLIP [67] pre-trained
vision encoder as the base network for unified modality en-
coding. The sequence length L and channel dimension D
for tokenized inputs X are set to 196 and 768, respectively.
The LoRA configuration is defined with a scaling factor o
of 32 and a rank r of 4. For knowledge distillation from
partial-modal foundation models, we use ULIP [98] as the
teacher model for 3D point cloud inputs, VIT-LENS[38] for
depth inputs, ONE-PEACE[86] for audio and video inputs.
Batching Strategy. The batching strategies proposed
by[17, 42] sample inputs from each dataset (modality) sepa-
rately, which may lead to catastrophic forgetting[42]. To ad-
dress this, we develop a new batching strategy, which mixes
data from all modalities within each mini-batch. Further-
more, a modality-aware gradient accumulation is proposed
to perform forward pass, loss computation, and gradient cal-
culation individually for each modality. Backpropagation is
conducted only after processing all modalities.

Training Objective. Following [68], we assign an equal
weight to all training objectives:

L = Lnce+ 01 Lofi_bind + @2 Lanch_distil + 3 Lmodel distil, (16)

where ayy 233 = 1 and Lncg is the modality aligning loss
for paired data, as utilized in CLIP[67].

4. Experiments
4.1. Experimental Setup

Pre-training Datasets. We perform a joint pre-training
across multiple datasets with different modalities, includ-
ing images from ImageNet-1K [8], 3D point clouds from
ShapeNet[5], depth data from SUN RGB-D[74], audio and
video from AudioSet[16] and VGGSound [6]. To address
the differences in dataset size across modalities, we apply
repeated augmentation[17] to small datasets (such as SUN-
D) and category-balanced downsampling for large datasets
(such as AudioSet) to ensure balanced performance during
joint training. Once finished pre-training, we directly evalu-
ate our model on downstream tasks without any fine-tuning.
Training. For image and video data, we use a resolution
of 224 x224 and apply standard augmentations. For single-
view depth data, we employ the same augmentation as in
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Trainable| Top-1 Top-5 Trainable | Anchor ] ]
Model Backbone o | Aoy AXeenE T Model Backbone Frmr | il NYU-D | SUN-D
Single Task Single Task _
Swin Transformer [47] Swin-B 87.7M 83.5 96.5 G-L-SOOR [76] || D-CNN [731 . . 623 4.1
RecgNet [12] || ResNet18 [24] | 11.2M . 57.7 479
ConvNeXt [48]) ConvNeXt-B | 887M | 83.8 96.7 Depth Swin [18] Swin-B 88.2M - 764 | 69.1
DeiT III [80] ViT-B 86.9M 83.8 96.5 Multiple Tasks
Conformer [64]|| Conformer-B | 83.3M 83.8 96.7 Text Paired [18] ViTH 88 IM T 1.9 254
Hiera [70] Hiera-B+ 70.0M | 3852 973 ImageBind [18] ViT-H 88.3M I 54.0 35.1
Multiple Tasks VIT-LENS [38] ViT-L 50.9M I+T 68.5 522
UniRepLKNet [10]|{UniRepLKNet-S| 55.6M 83.9 - UNIALIGN' ViT-B 7.8M T 46.3 34.3
OMNIVORE [17] Swin-B 88.2M 85.3 97.5 UNIALIGN' ViT-B 7.8M I+T 594 45.8
MetaFormer [107] ViT-B 86.6M 85.4 974 UNIALIGN' ViT-B 7.8M +T 71.4% 58.2%*
UNIALIGNT ViT-B 7.8M 853 972 T:An identical model with the same weight across all tasks.

T:An identical model with the same weight across all tasks.
Table 1. Results for image classification on ImageNet-1K (§4.2).

Trainable | ModelNet40 | ScanObjectNN

Model || Backbone Params | Top-1 ‘Top—S Top—l‘ Top-5

Single Task
PointCLIP [106] || ResNet-50 - 193 | 34.8 | 10.5 | 30.6
PointCLIPv2 [111] ViT-B 63.6 | 85.0 | 422 | 745

CLIP2Point [30] || ViT-B 88.3M | 495 | 81.2 | 255 | 594
RECON [66] || ViIiT-B 43.6M | 612 | 78.1 | 423 | 75.6
ULIP [98] | ViT-B 43.6M | 60.4 | 84.0 | 51.5 | 80.2
Multiple Tasks
VIT-LENS [38]| ViT-B 34.1IM | 654 | 92.7 -
UNIALIGN' | VIT-B 7.8M | 559 | 84.3 | 425 | 76.3

T:An identical model with the same weight across all tasks.
Table 2. Results for zero-shot 3d shape classification on Model-
Net40 test [95] and ScanObjectNN test [82] (§4.3).

[38]. The augmentation of audio data also follows [38] ex-
cept Mix-up [94]. We train the model with a batch size
of 2048 (after gradient accumulation) for 100 epochs. An
AdamW optimizer with a initial learning rate 2e~* and a
weight decay of 0.05 is employed. For knowledge dis-
tillation from partial-modal foundation models, we cache
offline features to avoid repeatedly forwarding. The base
modality encoder remains frozen during training, with only
LoRA enhanced MoE modules and the projection head for
knowledge distillation remaining trainable. Flash-attention
is applied to reduce GPU memory cost.

Reproducibility. UNIALIGN is implemented in PyTorch
and trained on four NVIDIA Tesla A100 GPUs.

4.2. Results for Image Classification

Dataset. We evaluate UNIALIGN for image classification
on ImageNet-1K val [8] which contains 50,000 samples
across 1,000 classes, spanning objects, animals, and more.
Metric. Following previous works [47, 48, 87], we report
the count of trainable parameters, top-1 and top-5 accuracy.
Performance. As shown in Table 1, UNIALIGN demon-
strates impressive performance on image classification,
achieving a comparable performance to modality-specific
approaches (i.e., 85.3% vs. 85.2% of Hiera[70]). It is note-
worthy that our method utilizes merely 9% trainable pa-
rameters and a unified modality encoder architecture which
preserves the capability to process other modalities.

Table 3. Results for depth-only scene classification on NYU-D
test[73] and SUN-D test [74] (§4.4). *: The depth maps are
tokenized by the image tokenizer additionally.

4.3. Results for Zero-Shot 3D Shape Classification

Dataset. We evaluate zero-shot 3D shape classification on
two datasets. ModelNet40 test [95] contains 2,468 sam-
ples from 40 categories, while ScanObjectNN test [82]
consists of 581 samples distributed across 15 categories.
Metric. The top-1 and top-5 accuracy are reported.
Performance. As shown in Table 2, UNIALIGN achieves
a top-1 accuracy of 55.9% and 42.5% on ModelNet40
val, and ScanObjectNN test, respectively. Though SOTA
approaches such as ULIP [98] and ViT-LENS [38] yield
higher scores, they require a modality-specific point-cloud
encoder and an additional image encoder for alignment.

4.4. Results for Depth-only Scene Classification

Dataset. Experiments for depth-only scene classification
are conducted on SUN RGB-D test [74] which contains
4,660 samples across 19 classes, and NYU-D test [73]
which contains 653 samples across 10 semantic classes.
Metric. The top-1 accuracy is adopted for evaluation.
Performance. A detailed comparison of UNIALIGN against
several top-leading approaches for depth-only scene classi-
fication is provided in Table 3. Building on a ViT-B back-
bone and aligning extended modalities with both image and
text as anchor modalities, UNTALIGN achieves a top-1 accu-
racy of 71.4% on NYU-D test and 58.2% on SUN RGB-D
test, surpassing all competitors. Notably, aligning merely
to the text modality leads to a marked performance decline
(i.e., 71.4%—46.3% on NYU-D). This suggests that i) the
depth modality exhibits a closer alignment with image data,
and ii) UNTALIGN can effectively leverage the additional
anchor modality to enhance alignment performance.

4.5. Results for Audio Classification and Retrieval

Datasets. We evaluate audio classification on AudioSet
val [16] containing 2M samples across 527 classes, and
ESC[65] including 2K data across 50 classes. Audio-text
retrieval is evaluated on AudioCaps test [33] which in-
cludes 813 audio-text pairs. Moreover, following [107], we
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Anchor |AudioSet| ESC | AudioCaps

Method || Backbone |y q.ity | mAP | Topl [R@1|R@10

Single Task
AVFIC [57] ViT-B - - - 8.7 | 37.7
AudioCLIP [22] ViT-B I+T 259 69.4 | - -
Multiple Tasks
ImageBind-H [18]| ViT-H 1 17.6 66.9| 9.3 | 42.3
VIT-LENS [38]|| ViT-L I+T 272 |80.9(14.9| 55.2
LanguageBind [109]|| ViT-L I+T 277 |91.8|12.2| 532
UNIALIGN' | VIT-B I+T 238 [705[11.7] 49.3

T:An identical model with the same weight across all tasks.
Table 4. Results for audio classification on AudioSet val [16],
ESC[65], and audio-text retrieval on AudioCaps test [33] (§4.5).
Due to expiration of links, UNIALIGN is trained with only 0.5M

Model | Backbone E,f;gael‘l’fy] T;;‘I‘;‘Eie R@1 | R@5
Single Task

MIL-NCE [54] || ResNeXt-101 A\ 88.8M 8.6 25.8
SupportSet [60] R3D-34 \'% 93.5M 10.4 | 30.0
AVFIC [57] ViT-B A+V 86.6M 19.4 | 50.3
InternVideo [89] ViT-L \' 305M 375 | 71.3

Multiple Tasks
ImageBind [18] ViT-H A+V 89.3M 36.8 | 70.0
ViT-LENS [38] ViT-L A+V 127.6M 37.6 | 72.6
UNIALIGNT ViT-B A+V 7.8M 37.0 | 70.7

T:An identical model with the same weight across all tasks.

Table 6. Results for video retrieval on MSRVTT val[96] (§4.6).

videos from AudioSet, while methods such as ViT-Lens use 1.6M. Model || Backbone | Zero-Shot | Fine-Tuned
Single Task
Pre-train Trainable ResT [44] ResNet-101 58.7
Method Backbone Datasets g | ActionCLIP [85] ViT-B 583
Single Task X-CLIP [58] VIiT-B 72.0
AST [19] ViT-B N/A 86.9M | 926 Multiple Tasks A
AST[19] ViT-B AudioSet-20K | 86.9M | 96.2 MetaFormer [107] ViT-B - 46,6
SSAST [20] ViT-B AudioSet-2M | 89.3M | 97.8 ImageBind [18] ViT-H 64.8 98.1
Multiple Tasks UniBind [50] VIiT-H 73.7 933
MetaFormer [107] ViT-B LAION2B 1.IM 78.3 UNIALIGN' ViT-B 68.5 944
MetaFormer [107] ViT-B LAION2B 86.3M | 97.0 T:An identical model with the same weight across all tasks.
UniRepLKNet [10] || UniRepLKNet-S - 55.5M | 98.5 Table 7. Results for video classification on UCF101 val[77] (§4.6).
UNIALIGN ViT-B Joint 1.8M 974

Table 5. Results for audio classification on Speech Commands V2
vall[92]. All models are fine-tuned on the training set (§4.5).

fine-tune UNIALIGN on Speech Commands V2 train[92]
for speech recognition.

Metric. Following [18, 22, 38], we measure mAP for Au-
dioSet, top-1 accuracy for ESC and Speech Commands V2,
and Recall@k (k = {1,5}) for AudioCaps.

Performance for Audio classification. UNTALIGN achieves
promising results on AudioSet and ESC (Table 4). Though
inferior to top-leading methods, it is important to note that,
due to the expiration of links, a significant number of videos
from AudioSet can not be downloaded from YouTube (i.e.,
1.6M used in ViT-Lens[38] vs. 0.5M used in UNTALIGN).
Performance for Audio retrieval. Similarly, despite the
absence of 1.1M training data, UNIALIGN can still achieve
comparable performance, achieving 11.7 R@]1 accuracy.
Performance for Speech Recognition. As shown in Ta-
ble 5, UNTALIGN demonstrates remarkable accuracy com-
pared to existing work (e.g., 97.4% vs. 97.0% for Meta-
Transformer[107]), while utilizing significantly fewer train-
able parameters (e.g., 1.8M vs. 86.3M). When tuning a sim-
ilar number of parameters (i.e., 1.1M for Meta-Transformer,
and 1.8M for UNTALIGN), our method outperforms Meta-
Transformer by 19.1% (i.e., 97.4% vs. 78.3%).

4.6. Results for Video Classification and Retrieval

Datasets. We utilize MSR-VTT val [96] which contains
around 1,000 video-text pairs for zero-shot video-text re-
trieval, and UCF101 val [77] which contains 3,738 sam-
ples across 101 semantic classes for video classification.

Metric. Recall@Fk and top-1 accuracy are adopted as eval-
uation metrics for video-text retrieval and classification.
Performance for Video-Text Retrieval. As shown in Ta-
ble 6, UNIALIGN achieves a R@1 score of 37.0% and R@5
score of 70.7%, which are comparable to advanced methods
while using merely 7.8M trainable parameters.
Performance for Video Classification. We summarize
the results for video classification in Table 7. As shown,
UNIALIGN achieves an impressive accuracy of 68.5% on
UCF101 val[77] without any fine-tuning, and outperforms
ImageBind [18]. After fine-tuning all models on the train-
ing set of UCF101, our method achieves the second-highest
performance. This may be attributed to the differences in
backbone, as ImageBind utilizes ViT-H which could pro-
vide enhanced knowledge for downstream fine-tuning.

4.7. Qualitative Results

As shown in Fig. 5, UNIALIGN facilitates accurate cross-
modality retrieval. Moreover, modalities can be combined
to constrain attributes of the target in another modality.

4.8. Diagnostic Experiment

To evaluate the core designs of UNTALIGN and gain further
insights, we conduct a series of ablation studies. Results are
reported on SUN-D test [74] and ModelNet40 test [5].
Modality-Aware MoE Strategy. As illustrated in §3.1, we
explore two modality-aware MoE strategies: expert group-
ing and global routing. Results in Table 8§ indicate that di-
viding experts into modality-specific groups yields better
performance. Thus, we adopt it as the default MoE strategy.
Expert Network. Table 9 presents the ablation study on
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Figure 5. Qualitative results for cross-modal retrieval. Top and middle: retrieval using one single modality. Botfom: multiple modalities
can be composed to retrieve targets across different modalities (§4.7).

# | Strategies | SUN-D | ModelNet40 Lnce | Lsofiving | Lanchaistit | Lmoderaisit | SUN-D | ModeINet40
1 Expert Grouping 45.8 55.9 v X X X 40.4 38.6
2 Global Routing 45.0 55.3 N v X X 41.8 40.1
Table 8. Ablation studies on modality-aware MoE strategies. v v v X 42.3 40.9
v v v v 45.8 55.9

Top-k [ #Experts [

Init. | GPUMem | SUN-D | ModelNet40

Table 10. Ablation studies on training objectives.

1 1 rand 272G 45.0 54.8
1 1 CLIP | 272G 452 55.1 #| Pre-Training Modality || ImageNet-1K | SUN-D | ModelNet40
1 2 rand 27.4G 45.1 55.2 1 I1+D+P 84.7 34.4 31.6
1 2 CLIP | 274G 45.2 55.4 2 I[+T+D+P 84.9 39.9 38.1
2 2 rand 35.9G 45.7 55.7 3 I+T+D+P+V 85.1 40.3 384
2 2 CLIP | 359G 45.8 55.9 4| I+T+D+P+V+A 85.1 404 38.6
5| I+T+D+P+V+A* 85.3 45.8 55.9

Table 9. Ablation studies on configuration of expert network. GPU
memory is reported with a batch size of 448 on one Tesla A100.

expert network configurations. We investigate the impact
of top-k routing, the number of experts per modality, and
weight initialization. Starting with a baseline configura-
tion of one expert per modality and random initialization,
we achieve 45.0 on SUN-D test [74] and 54.8 on Mod-
elNet40 test [5], with 27.2G GPU memory consumption.
Increasing the expert number and initializing weights from
the visual encoder of CLIP both lead to improved perfor-
mance. Due to the constraints of GPU memory, we use two
experts per modality and top-2 routing for expert selection.
Training Objectives. Next we probe the impact of train-
ing objectives i.e., soft modality binding with L ping (¢f -
Eq.11), as well as knowledge distillation through L,nch_gistil
(cf., Eq.12) and Liodeldgisit (¢f-» Eq. 15). Results are sum-
marized in Table 10, where the first row refers to the base-
line that utilizes only paired data from single datasets and is
trained with the standard InfoNCE loss. It can be observed
that: First, our Ly ping Successfully bridges the learning
of multiple modalities for mutual boosting, leads to im-
proved performance on both datasets. Second, L,nch_disil
and Lpodelgisii could further boost the performance with
compelling gains. This verifies the effectiveness of our
knowledge distillation strategies, and leads UNIALIGN to
a high performance model with optimized efficiency.

Modality Scaling. Finally, we examine the robustness of
UNIALIGN to scale different numbers of modalities into a
unified model. As shown in Table 1 1, modality-independent

Table 11. Ablation studies on modality scaling. Results are re-
ported using only Lnck as the default training loss. * denotes in-
corporate Lsofi bind, Lanch.distil, a0d Lmodel disil into training. I: Tm-
age, T: Text, D: Depth, V: Video, A: Audio, P: 3D Point Cloud.

training with merely Lxcg leads to a performance degenera-
tion as more modalities integrated (i.e., row #1-4). This sug-
gests that a straightforward unification of multiple modali-
ties may yield sub-optimal performance for individual ones.
Nevertheless, soft modality binding and knowledge distilla-
tion (i.e., row #4 vs. #5) could mitigate this negative impact,
and boost performance to a level surpassing that achieved
with fewer modalities (i.e., row #1 vs. #5).

5. Conclusion

In this work, we focus on the all-in-one paradigm for multi-
modal alignment, which yields a highly efficient and effec-
tive model, UNTALIGN, to unify the alignment of all antici-
pated modalities within one network. Inspired by MoE and
knowledge distillation, we propose a modality-aware MoE
to tackle multimodal inputs, and generally applicable align-
ment strategies to utilize unpaired data across datasets. Em-
pirical results suggest that UNIALIGN achieves remarkable
performance while being efficient in both training (7.8M
trainable parameters to handle 6 modalities within a sin-
gle training phase) and inference (one identical model with
consistent weights across tasks). This work may potentially
advance the development of compact, multimodal models.
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