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Abstract

Open-set 3D object retrieval (3DOR) is an emerging
task aiming to retrieve 3D objects of unseen categories be-
yond the training set. Existing methods typically utilize
all modalities (i.e., voxels, point clouds, multi-view im-
ages) and train specific backbones before fusion. How-
ever, they still struggle to produce generalized represen-
tations due to insufficient 3D training data. Being con-
trastively pre-trained on web-scale image-text pairs, CLIP
inherently produces generalized representations for a wide
range of downstream tasks. Building upon it, we present
a simple yet effective framework named Describe, Adapt
and Combine (DAC) by taking only multi-view images
for open-set 3DOR. DAC innovatively synergizes a CLIP
model with a multi-modal large language model (MLLM)
to learn generalized 3D representations, where the MLLM
is used for dual purposes. First, it describes the seen
category information to align with CLIP’s training ob-
jective for adaptation during training. Second, it pro-
vides external hints about unknown objects complemen-
tary to visual cues during inference. To improve the syn-
ergy, we introduce an Additive-Bias Low-Rank adaptation
(AB-LoRA), which alleviates overfitting and further en-
hances the generalization to unseen categories. With only
multi-view images, DAC significantly surpasses prior arts
by an average of +10.01% mAP on four open-set 3DOR
datasets. Moreover, its generalization is also validated on
image-based and cross-dataset setups. Code is available
at https://github.com/wangzhichuan123/DAC.

1. Introduction
Retrieving 3D objects from a given large 3D repository is an

important task in 3D computer vision, whose applications

include virtual reality [40], computer-aided design [16], and
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Figure 1. We empower CLIP encoders with an MLLM model

(e.g., InternVL [8]) for open-set 3D object retrieval, which sig-

nificantly outperforms previous state-of-the-art HGM2R [15] (a).

Unlike HGM2R, which utilizes all modalities (point cloud, voxel,

and view images) and involves test data for training, our method

relies solely on multi-view inputs and eliminates test data (b).

3D cultural heritage preservation [31]. Existing 3D object

retrieval (3DOR) algorithms [2, 12, 22, 28, 37, 42, 49, 58,

59] usually learn discriminative representations on various

3D data formats (e.g., view images [51], voxels [60], and

point clouds [45]). Despite progress, the recent SHape RE-
trieval Contest (SHREC) 2022 competition [14] has shown

that these methods have great difficulties in open-set sce-

narios, where the test labels are unseen during training. Re-

cently, HGM2R [15] uses all modalities and incorporates

test data for training. Although improvement is achieved, it

is complex and impractical in real-world applications.

The challenges of open-set 3DOR are twofold. First, ex-
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isting methods typically assume the same domain and cat-

egory shared by training and testing data, resulting in low

performance in open-set scenarios. Second, these methods

tend to overfit a handful of known categories due to the lim-
ited 3D data, leading to poor generalization to unseen ones.

To tackle the issue, we are motivated by the fact that ex-

isting pre-trained large vision and language models, such

as CLIP, can produce generalized and effective embeddings

for a variety of data-scarce downstream tasks [17, 26, 48].

We thus first establish a multi-view CLIP baseline to in-

vestigate its potential by plainly aggregating view-wise fea-

tures from CLIP image encoder. This simple baseline em-

pirically gives promising results, as shown in Figure 1.

But imagine how humans react when faced with a 3D ob-

ject of an unknown category. Typically, we examine it from

various angles to collect visual cues for inference. Yet, in

addition to visual analysis, we can articulate descriptions of

the object using language, thereby engaging in textual rea-

soning. For instance, “a horse-like animal but with black

and white stripes”, these descriptive sentences provide im-

portant attributes and greatly facilitate inference (feature

matching) of unknown categories. This fact encourages us

to further involve textual descriptions of unknown 3D ob-

jects to visual features.

In this paper, therefore, we introduce Describe, Adapt,

and Combine (DAC), a novel framework empowering CLIP

encoders for open-set 3DOR by combining Multi-Modal

Large Language Models (MLLM). Specifically, inputting

multi-view images, DAC consists of a three-step process:

1) Describe: We utilize a pretrainned MLLM model

(e.g., InternVL [8]) to acquire textual information. During

training, the MLLM is used to derive expressive category

descriptions about the objects, which better aligns with the

training objective of CLIP in adaptation. During inference

time, we only use it to describe the appearance and semantic

cues encoded in the multi-view images, thereby obtaining

out-of-box textual knowledge for the feature combination.

2) Adapt: Paired multi-view images with enriched

descriptions of seen categories, we introduce Low-Rank

Adaptation (LoRA) in both text and visual encoders for ef-

ficient adaptation. This step effectively mitigates the do-

main gap between view projections and natural images with

which CLIP is trained. However, we observed that LoRA

always easily overfits the seen categories. We analyze it (see

Sec. 3.2) and further introduce an additive bias, which effec-

tively enhances the generalization to unseen categories.

3) Combine: After CLIP adaptation, we combine both

the multi-view image and textual features for shape re-

trieval. Thanks to the aligned feature space of CLIP for

image and text inputs, we can directly embed the acquired

descriptions via CLIP encoder and fuse the visual and tex-

tual cues in CLIP space via simple operations like addition.

DAC demonstrates strong performance across four exist-

ing open-set 3DOR benchmarks on five retrieval tasks. In

particular, it surpasses state-of-the-art by over +10% mAP

on average in open-set 3D object retrieval.

In summary, we make the following contributions:

• We propose a simple yet effective framework named DAC

for open-set 3DOR. To our best knowledge, it repre-

sents the first attempt at synergizing an existing pretrained

vision-language model and a multi-modal large language

model to effectively address 3D data scarcity and un-

known category challenges in open-set 3DOR.

• To maximize its potential, we introduce a scheme for

multi-view image adaptation. It makes use of enriched

category descriptions to enhance text-image alignment

through contrastive learning. Furthermore, we insert an

additive bias to LoRA for better adaptation, effectively

improving the generalization to unseen test categories.

• DAC performs remarkablely in open-set 3DOR with lim-

ited 3D data. In addition, it also effectively extends to var-

ious other 3DOR tasks like cross-dataset, single-image-

based, and even zero-shot point cloud retrieval.

2. Related Work
3D Object Retrieval. 3D object retrieval is a long-standing

task in computer vision [52]. While early research focused

on hand-crafted descriptors [5, 6, 30], modern works gen-

erally center around learning representations upon 3D data

collections. One group learns based on raw 3D formats, in-

cluding voxel grids [41, 53, 60], point clouds [9, 18, 38, 45,

46, 56, 65], or meshes [13, 33]. Although they can lever-

age 3D geometric information, they often face computation

challenges, e.g., cubic computation complexity for voxels

and the irregular and unordered issue of point clouds and

meshes. Another group [10–12, 19–21, 29, 32, 51, 57] fo-

cuses on learning to aggregate multi-view features, exhibit-

ing superior potential than 3D methods. Besides, images

are 2D grid data, which is more computationally efficient.

Despite great progress, all above methods concentrate on

closed-set conditions and do not generalize well to open-

set settings involving unseen 3D object categories, as per

SHREC’22 [14]. Subsequently, Feng et al. [15] proposed

jointly learning multi-modal embeddings, including multi-

view images, point clouds, and voxels, and utilizing hyper-

graphs to connect seen and unseen category data. Although

it leads to improved generalization, involving multi-modal

and test set data brings extra complexity. In this work, we

take a different route. By leveraging current large vision and

language models, we address the generalization challenges

in open-set 3DOR, solely based on multi-view images.

Transfering Vision-Language Models in 3D. Pre-trained

by large-scale image-text pairs, large vision-language mod-

els (VLM) (particularly CLIP [47]) can be utilized to pro-

duce discriminative representations for 2D depth/view im-
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Figure 2. Overview of DAC. Given a 3D object, we first project it into multi-view images and utilize a pretrained MLLM (e.g., InternVL)

to describe the shape information. Next, we efficiently finetune a pretrained CLIP ViT model with a additive-bias LoRA to adapt to the

multi-view projections. Finally, we combine the textual and multi-view embeddings to derive 3D descriptors for retrieval.

ages of 3D objects. One simple way is to use these pre-

trained models directly in a zero-shot manner. For in-

stance, MV-CLIP [50] directly extracts multi-view features

with pretrained CLIP’s visual encoder, while works like

ULIP [61] and ULIP-2 [62] incorporate unified embeddings

that align language, image, and point data to improve 3D

shape analysis across modalities. OpenShape [36] builds

on CLIP-based embeddings to jointly learn image, text, and

3D shape features, facilitating robust cross-modal retrieval

in open-set scenarios. Some works [26, 64, 70] apply CLIP

to process 2D depth maps of point clouds, reaching promis-

ing results. Even so, these methods are still restrained in

performance by the amount of 3D data.

When a certain amount of downstream training data

is available, it is always desirable to finetune the pre-

trained models to adapt to the downstream tasks for op-

timized results. Some works, e.g., CoOp [69], CLIP-

Adapter [17], and Tip-Adapter [63], learn a minuscule

adapter while keeping the pretrained main model frozen.

CG3D [23] replaces the handcrafted prompts with learn-

able ones. In this paper, we propose to use Low-Rank

Adaptation (LoRA) [24] but add a simple bias term, en-

abling efficiently adapts to multi-view projection images of

known categories with reduced overfitting risk. In addition,

it brings negligible testing latency after merging.

Multi-model Large Language Models. Multi-model

Large Language Models (MLLMs) [1, 3, 4, 7, 8, 34, 35,

39, 44, 54, 55] possess excellent reasoning abilities on vi-

sual content, driving progress in generic visual-linguistic

tasks, such as image captioning, visual question answer-

ing (VQA), and visual dialogue. Over the past few years,

many commercial and open-source MLLMs have been in-

troduced, e.g., GPT-4 [1], LLaVA series [34, 35, 39] and

many others [4, 7, 44, 54, 55]. In particular, InternVL [8]

has made significant strides in enhancing the interaction be-

tween visual and language components, which is essential

for tasks that require detailed object understanding. For

open-set 3D object retrieval, the ability of MLLMs to gen-

erate high-level semantic descriptions is particularly bene-

ficial. By combining these descriptions with fine-grained

visual features, our model can generalize better to unseen

categories, addressing the key challenge in open-set 3DOR.

3. Method

In open-set 3D object retrieval, our goal is to learn dis-

criminative, more importantly, generalizable embeddings

for 3D objects of unseen categories. Formally, let Dtrain =
{(xi, yi)}Nt

i=1 be a training set consisting of Nt 3D objects.

Here xi represents i-th 3D object, yi are the corresponding

known labels. Based on it, we aim to train an embedding

network E(·) to produce generalizable embeddings for a re-

trieval set Dret = {(xi, ŷi)}Nr
i=1, which consists of Nr 3D

objects belonging to unseen categories. The retrieval set

Dret is further split into the query and target sets, denoted

by Dquery and Dtarget. Note that the label ŷi from Dret and yi
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from Dtrain are drawn from disjoint label sets.

Existing works [14, 15] deal with this task by taking

advantage of multi-modal inputs of 3D objects (voxels,

point clouds, multi-view images). By contrast, our ap-

proach simplifies the paradigm by only utilizing view im-

ages. We first project each 3D object xi into a set of 2D

view images from different viewpoints following the same

scheme as HGM2R [15]. We produce M 2D grey-scale im-

ages {Ii,m ∈ R
1×H×W }Mm=1, where H and W represent

the height and width of the view image Ii,m, respectively.

These multi-view projections comprehensively capture the

object from various angles, ensuring the 3D structure is

well-represented. Based solely on multi-view images, we

present a simple yet effective framework named Describe,

Adapt, and Combine (DAC) (Figure 2), which takes advan-

tage of existing large multi-modal models and turn them

into a strong 3D embedding learner for open-set 3D ob-

ject retrieval. DAC offers a new alternative paradigm for

open-set 3D representation learning, structured as a three-

step process: Describe, Adapt, and Combine. In the follow-

ing, we describe each part in detail.

3.1. Describe: Describe 3D objects
For this step, we utilize an MLLM to generate text de-

scriptions. Note that any off-the-shelf MLLM can be used

(see Appendix I for more choices). Here we mainly use

InternVL [8] due to its superior instruction-following abil-

ity in open-ended tasks like visual question answering. We

leverage the MLLM for dual purposes.

To better align with CLIP’s contrastive pretraining ob-

jective on image-text pairs, we first use the MLLM to en-

rich the category with detailed descriptions. For a training

set Dtrain with L classes {li}Li=1, we use prompt: “Describe

in one sentence what [cls] should look like”, replacing [cls]

with each of the L categories, to obtain L sentences {ti}Li=1.

Each sentence serves as a description of the category, in-

volving in the Adapt step to fine-tune CLIP to align with the

multi-view images. Compared with handcrafted prompts

using templates “a photo of [cls]”, using detailed descrip-

tions is conducive to producing more generalized represen-

tations reflecting fine-grained aspects of categories.

We further enhance the inference stage by integrat-

ing MLLM-generated sentences as external hints. Given

multi-view images, we feed them into pretrained InternVL

models [8] together with multi-view information-gathering

prompt: “There are images of an object from different an-

gles. Describe this object in one sentence.” The prompt

instructs the models to generate descriptions si to summa-

rize the object’s appearances and semantic features across

all views. They are further processed by the adapted CLIP

to generate textual embeddings, further improving general-

ization to unseen categories.

By integrating textual guidance from the MLLM dur-

(b) Additive-Bias LoRA(a) LoRA

L L

Figure 3. Comparison of LoRA and Additive-Bias LoRA.

ing both training and inference, we effectively combine the

strengths of MLLM and CLIP for open-set 3DOR, avoiding

somewhat impractical usage of test data for training [15].

3.2. Adapt: Adapt CLIP to Multi-view Images
The next step is to embed the multi-view images and the

attached category descriptions for retrieval. To achieve this

goal, we build upon the released CLIP model [47] which

naturally supports multimodal inputs and embeds them into

aligned and discriminative feature space.

Nevertheless, CLIP is primarily pretrained on natural im-

ages, which are quite different from multi-view projections.

To extract suitable 3D representations, it is essential to adapt

to the new distributions. To this end, we first introduce Low-

Rank Adaptation (LoRA) [24] with additive bias and insert

them into the fixed CLIP model in DAC for adaption.

A Revisit to LoRA. Low-Rank Adaptation (LoRA) [24]

rewrites the updates (ΔW) to the pretrained weight ma-

trix Wo ∈ R
d1×d2 of a linear layer into a product of

two small low-rank matrices, denoted by A ∈ R
r×d2 and

B ∈ R
d1×r: Wo + γΔW = Wo + γBA. Here A

and B forms a LoRA module (see Figure 3 (a)), the rank

r << min(d1, d2), and γ is a scaling factor. Note that

we only train A and B and keep Wo frozen. A and B
can also be viewed as a reparametrization and merged into

Wo readily. Given the input z ∈ R
d2 , then the output

o ∈ R
d1 to a linear layer with LoRA is formulated as:

o = Woz+ γΔWz = Woz+ γBAz.

Additive-bias LoRA. For open-set 3DOR, we face a severe

risk of overfitting on seen categories due to limited train-

ing data, which often causes poor generalization to testing

unseen categories. To alleviate it, we rethink LoRA and

propose to inject a “bias” inside, which has been widely

overlooked but has unreasonable effectiveness for improv-

ing unseen category generalization. Given loss L, the gradi-

ent with ΔW as a whole is: ∂L
∂ΔW = γ

(
∂L
∂o

)
zT . Following

the SGD update rule: ΔW ← ΔW−η(γ
(
∂L
∂o

)
zT ), where

η is the learning rate. Note that ΔW directly accumulates

information from z, which comes from seen categories. To
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break this tight linkage, we add a bias term Φ ∈ R
d1 to pre-

vent the model from being overfitted quickly and maintain

generalization to unseen categories as much as possible:

o = Woz+ γBAz+Φ. (1)

To initialize, we use a standard normal distribution for A
and set B and Φ to zero, which ensures that the model starts

without perturbations to the original pre-trained weights.

In our architecture, we use this LoRA variant in both

the textual and visual encoders of CLIP ViT models (see

Figure 3 (b)). Following LoRA [24], we limit LoRA

modules to the weights of the self-attention modules (i.e.,
Wquery,Wkey,Wvalue).

Training Objective. We train both textual and visual en-

coders in CLIP with contrastive learning, enabling better

alignment between multi-view images and their associated

category descriptions, with the limited 3D training data.

Given L sentences {ti}Li=1 from the first step, we generate

L classification weights by forwarding each into the CLIP

textual encoder:

ci = T (ti) ∈ R
d, i = 1, ..., L. (2)

Next, we feed the multi-view images {Ik,m}Mm=1 of 3D

object xk into CLIP visual encoder V(·):

fk,m = V(Ik,m) ∈ R
d, (3)

This will give us M view-wise representations {fk,m}Mm=1.

We further aggregate them into a global compact descriptor

for the 3D object via mean-pooling:

gk =
1

M

M∑

m=1

fk,m. (4)

Finally, we apply cross-entropy loss to supervise the

training process of LoRA, ensuring that the global features

{gk} are aligned with their corresponding text descriptions

{cy} closely in the embedding space:

LCE = − 1

Nt

Nt∑

k=1

log
exp(gk · cy/τ)∑L
i=1 exp(gk · ci/τ)

. (5)

where τ is the temperature, and y is the ground-truth cat-

egory. By efficiently fine-tuning additive bias LoRA with

limited 3D training objects, we adapt pre-trained CLIP ViT

models to multi-view projections with minimal effort, while

demonstrating excellent performance.

3.3. Combine: Combine Textual-Visual Features
After the processes of description and adaptation, we pro-

ceed to combine textual and visual embeddings to form dis-

criminative and generalized descriptors for 3D objects. For

this, we utilize the finetuned CLIP model in Sec. 3.2 to per-

form feature extraction for the two modalities (i.e., descrip-

tive text and multi-view images).

With the generated description s and multi-view images

{Im} of 3D objects, we easily derive each modality’s global

representations by forwarding them to the adapted CLIP

ViT models: ft = T (s), fm = T (Im). Here we aggregate

the multi-view representations into g with a simple mean-

pooling layer. Then, we propose a weighted fusion scheme,

which balances visual and textual features with a scalar and

then normalizes to enhance discriminativeness:

h = tanh(g + αft). (6)

where α ∈ [0, 1] is a weighting factor. The tanh activation

function is applied for normalization after the fusion of g
and ft. Finally, h ∈ R

d represents the final descriptor for

the 3D object. Without bells and whistles, this simple fu-

sion method gives us surprisingly good performance. For

retrieval, we adopt cosine similarity as the metric function.

3.4. Discussions
Why not directly use InternVL for retrieval? While In-

ternVL excels at multi-modal generative tasks, its pretrain-

ing is not specifically geared toward producing discrimina-

tive features suitable for retrieval. In contrast, CLIP’s en-

coder is designed to produce more discriminative features,

which are crucial for distinguishing between categories in

open-set scenarios. Empirical evidence from OS-ESB-core

shows that using InternVL’s embeddings led to an inade-

quate 38.20% mAP, much lower than CLIP’s 53.93% mAP.

Extending to other 3DOR. DAC indeed represents a gen-

eral framework and can be easily extended to a variety of

3DOR problems such as cross-domain retrieval. By lever-

aging semantic descriptions from an MLLM and fine-tuning

discriminative models like CLIP, DAC can even handle sce-

narios where domain shifts present. This simple synergy

showcases strong performance with minimal complexity,

making it a versatile solution for various 3D retrieval tasks.

4. Experiments
4.1. Experimental Setup
Datasets and Evaluation Metrics. We conduct extensive

experiments on four public open-set 3DOR datasets [15]:

OS-ESB-core, OS-NTU-core, OS-MN40-core, and OS-

ABO-core. Each dataset is divided into training, probe,

and gallery sets. The training set consists of seen categories

for model training, while the probe and gallery sets contain

unseen categories for evaluation. Following HGM2R [15],

we adopt mean Average Precision (mAP), Normalized Dis-

counted Cumulative Gain (NDCG) and Average Normal-

ized Modified Retrieval Rank (ANMRR) metrics to re-

port the retrieval performance. For both mAP and NDCG,

higher values are better; while for ANMRR, lower is better.
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Method Modality
OS-ESB-core OS-NTU-core OS-MN40-core OS-ABO-core

mAP↑ NDCG↑ ANMRR↓ mAP↑ NDCG↑ ANMRR↓ mAP↑ NDCG↑ ANMRR↓ mAP↑ NDCG↑ ANMRR↓
Zero-shot Setup

OpenShape (PB-CLIP B/32) [36] P. 37.64 18.38 65.57 25.53 15.41 74.51 30.31 46.34 67.01 40.29 46.09 59.42

OpenShape (PB-CLIP L/14) [36] P. 38.58 18.81 65.10 24.71 15.02 75.18 29.64 44.79 67.64 38.65 45.56 60.90

ULIP-2 (PB-CLIP G/14) [62] P. 45.14 21.00 59.15 31.50 17.89 68.99 32.76 48.92 65.22 44.26 49.04 55.64

Uni3D (Uni3D-Giant) [68] P. 44.42 20.92 59.96 32.02 18.04 68.49 33.21 50.51 65.11 45.92 49.79 53.96

MV-CLIP‡ (CLIP B/32) [50] I. 46.74 21.72 57.34 47.78 23.69 54.48 52.46 66.24 48.33 52.55 54.95 48.33

MV-CLIP‡ (CLIP L/14) [50] I. 49.81 22.75 53.71 57.71 26.46 45.25 63.74 74.85 37.80 63.07 59.18 38.67

Our DAC (CLIP B/32) I. 56.16 23.58 48.39 55.03 25.70 48.32 55.39 68.08 45.96 60.77 56.28 41.44

Our DAC (CLIP L/14) I. 56.60 23.94 47.61 61.33 27.53 41.96 59.77 72.08 41.46 65.93 59.04 36.60

Open-set Setup
TCL [20] P., I., V. 49.31 21.89 52.68 39.37 21.23 61.00 48.11 63.83 52.30 49.33 53.86 51.05

SDML [25] P., I., V. 49.59 21.75 52.36 40.16 21.52 60.49 50.75 65.70 50.22 47.44 52.79 52.42

CMCL [28] P., I., V. 50.01 21.97 53.06 41.08 21.72 59.43 51.38 65.98 49.75 49.83 50.89 50.24

MMSAE [59] P., I., V. 49.88 22.06 53.69 40.85 21.70 59.99 52.08 66.57 49.00 50.51 53.80 50.49

MCWSA [66] P., I., V. 49.48 21.34 53.75 39.22 20.69 62.14 48.78 63.85 51.95 45.61 51.05 54.70

PROSER [67] P., I., V. 48.69 21.13 53.95 39.47 21.24 60.96 49.00 64.54 51.66 50.33 53.27 50.34

InfoNCE [43] P., I., V. 50.26 21.91 52.63 40.03 21.19 61.09 47.37 63.31 53.02 46.83 52.14 53.50

HGM2R [15] P., I., V. 51.74 22.73 51.28 44.88 22.81 56.67 64.20 72.91 38.27 63.39 57.96 37.96

Our DAC (CLIP B/32) I. 58.70 24.27 45.67 59.21 27.06 44.58 62.40 72.63 39.82 66.10 59.01 36.12

Our DAC (CLIP L/14) I. 57.80 24.36 47.44 65.83 28.78 37.46 68.98 77.59 33.87 70.74 60.87 32.14

Table 1. Performance comparisons (%) on open-set 3DOR benchmarks. Bold and underline indicate the best and second best results,

respectively. ‡ in gray means we provide ground-truth category sets for the view selection process in MV-CLIP, which is impractical, as

category information for unseen classes is unknown in open-set scenarios. PB-CLIP refers to PointBERT-CLIP, while P., I., and V. stand

for Point Cloud, Multi-view Images, and Voxel, respectively.

Implementation Details. For a fair comparison, we follow

the same rendering scheme as HGM2R [15] and project 24

view images of size 256 × 256 for each 3D object, for all

the experiments. We experiment on pretrained CLIP mod-

els [47] with ViT-B/32 and ViT-L/14 as the backbone, re-

spectively. Empirically, we set the rank r of AB-LoRA

to 8 by default. We also regularize its input by a dropout

layer with p = 0.25. To train, we utilize Stochastic Gra-

dient Descent (SGD) with a learning rate of 2 × 10−4, a

batch size of 4, and a cosine learning rate scheduler. The

model is trained for 30 epochs on two NVIDIA RTX 4090

GPUs. For the MLLM, we primarily use InternVL-4B [8].

For more dataset and implementation details, please refer to

Appendix A.

4.2. Intra-dataset Open-set 3DOR
Compared Methods. For comprehensive comparisons, we

select twelve representative methods, which can be cate-

gorized into four groups: 1) Vision-language-based meth-

ods, i.e., Uni3D [68], ULIP-2 [62] and OpenShape [36],

which leverage CLIP for 3D learning 1. We also re-

implement a superior zero-shot method MV-CLIP [50],

which requires a ground-truth set for view selection. 2)

Previous excellent 3DOR methods including TCL [20],

1We directly evaluate released models from them in a zero-shot manner.

Yet, we observe worse results after fine-tuning in the open-set setup.

SDML [25], and CMCL [28]). They have shown strong per-

formance in close-set settings and are now extended to this

challenging setup. 3) Auto-encoder-based methods (MM-

SAE [59], MCWSA [66]), which aim to learn compressed

representations in an unsupervised manner. 4) Specially-

designed open-set methods (PROSER [67], InfoNCE [43]

and HGM2R [15]), which is specifically crafted to handle

open-set scenarios.

Result Analysis. Table 1 compares open-set retrieval per-

formance between our DAC and other representative meth-

ods. We conduct experiments under two settings: Zero-shot

and Open-set. In the zero-shot setup, DAC achieved the best

results across the OS-ESB-core, OS-NTU-core, and OS-

ABO-core datasets, notably surpassing the previous state-

of-the-art by over 6% on the OS-ESB-core dataset. Al-

though MV-CLIP achieved better results on the OS-MN40-

core dataset, it cannot be directly applied to open-set tasks.

In MV-CLIP’s view selection process, category information

must be provided, which is incompatible with open-set sce-

narios where category labels are inherently unknown in ad-

vance. In open-set setup, as shown, DAC is better on OS-

ESB-core which only has 98 training objects, while much

worse on the remaining three larger benchmarks. Among

existing methods, HGM2R is the previous state-of-the-art.

However, DAC with ViT-B/32 and ViT-L/14 surpass it sig-

nificantly by over 6.9% and 6.0% in mAP on OS-ESB-

21031



Backbone InternVL AB-LoRA OS-ESB-core OS-NTU-core OS-MN40-core OS-ABO-core

CLIP ViT-B/32

� � 53.93 / 23.00 / 49.70 49.35 / 23.70 / 53.03 49.60 / 65.71 / 50.88 47.64 / 51.55 / 52.47

� � 56.16 / 23.58 / 48.39 55.03 / 25.70 / 48.32 55.39 / 68.08 / 45.96 60.77 / 56.28 / 41.44

� � 57.45 / 23.96 / 47.13 54.57 / 25.80 / 49.08 59.35 / 71.89 / 42.72 56.45 / 55.91 / 45.33

� � 58.70 / 24.27 / 45.67 59.21 / 27.06 / 44.58 62.40 / 72.63 / 39.82 66.10 / 59.01 / 36.12

CLIP ViT-L/14

� � 54.68 / 23.39 / 48.67 57.29 / 26.24 / 45.47 55.01 / 70.55 / 45.72 57.35 / 56.13 / 44.42

� � 56.60 / 23.94 / 47.61 61.33 / 27.53 / 41.96 59.77 / 72.08 / 41.46 65.93 / 59.04 / 36.60

� � 56.72 / 23.96 / 48.18 62.77 / 28.03 / 40.34 65.84 / 76.10 / 36.65 62.92 / 58.48 / 38.69

� � 57.80 / 24.36 / 47.44 65.83 / 28.78 / 37.46 68.98 / 77.59 / 33.87 70.74 / 60.87 / 32.14

Table 2. Effectiveness of the designed modules. Values are presented in mAP/NDCG/ANMRR format.

core, respectively. We further observe DAC with both

backbones demonstrates remarkable performance on OS-

NTU-core, bringing over 14% and 20% higher mAP than

HGM2R, respectively. OS-MN40-core and OS-ABO-core

have larger training sets. With more 3D objects for training,

HGM2R exhibits promising outcomes by connecting seen

and unseen categories with hypergraphs. In contrast, DAC

with ViT-B/32 shows inferior results on OS-MN40-core and

comparable performance on OS-ABO-core. It is notewor-

thy that, Unlike HGM2R, we do not 1) utilize test data for

training and 2) solely make use of multi-view images rather

than multi-modality (voxels, point clouds, multi-view im-

ages). DAC with stronger ViT-L/14 further enhances the

performance, surpassing HGM2R greatly.

4.3. Analyses

In this section, we study the core design choices of DAC.

More ablation studies are induced in Appendix B .

Impact of InternVL. We first thoroughly assess the impact

of InternVL [8] (see Appendix I for more choices) on all

four datasets with both CLIP ViT-B/32 and CLIP ViT-L/14.

The multi-view features extracted by CLIP after AB-LoRA

fine-tuning (DAC w.o InternVL) serve as our baselines. As

shown in Table 2, incorporating InternVL predictions for

text embeddings leads to consistent improvements across

all datasets, regardless of backbones. As shown, on the

challenging real-world OS-ABO-core dataset, we siginantly

improve mAP and ANMRR by +9.65% and +9.21%, re-

spectively, when adopting CLIP ViT-B/32 as the backbone.

Similar encouraging observations are shown on OS-MN40-

core and OS-NTU-core, regardless of the backbones. We

also note that on OS-ESB-core, incorporating InternVL re-

sults in less pronounced improvements. For instance, when

adopting CLIP ViT-B/32, we increase mAP from 57.45 to

58.70. It can be attributed to the nature of OS-ESB-core,

which contains high-genus objects [27], such as mechani-

cal parts, posing great difficulties for InternVL in producing

semantic descriptions. The above experiments show that in-

corporating InternVL can offer an effective solution to en-

hance DAC for open-set 3DOR.

Impact of Adaptation. AB-LoRA enables efficient adap-

tation of CLIP to the multi-view projection image distri-

bution. Table 2 studies the impact of adaptation on all

four datasets. As shown, incorporating it yields signif-

icant performance gains, particularly on OS-MN40-core,

which shows +7.01% mAP improvement using ViT-B/32

and +9.21% using ViT-L/14. DAC incorporates a variant of

LoRA for efficient adaptation but introduces negligible test-

ing costs. These excellent results shows robustness, gener-

alization, and versatility of our DAC.

AB-LoRA v.s LoRA. Open-set 3DOR requires learning ro-

bust representations from known categories in the training

set to achieve generalization to unknown categories, mak-

ing it highly susceptible to overfitting on known classes. To

mitigate this, we introduce bias into LoRA during training.

We conduct experiments on OS-MN40-core to evaluate the

impact of introducing bias. As shown in Table 3, compared

with LoRA without bias, AB-LoRA increases the perfor-

mance by +2.55% mAP. This empirical evidence validates

the surprising effectiveness of a simple bias in enhancing

the model’s generalization to unknown categories.

Method mAP↑ NDCG↑ ANMRR↓
Without LoRA 55.39 68.08 45.96

LoRA 59.85 70.25 41.75

AB-LoRA 62.40 72.63 39.82

Table 3. Ablations of Additive Bias LoRA.

Analysis on Fusion Scheme. We analyze two common

parameterless fusion schemes for integrating textual and

multi-view features: concatenation (Concat.) and element-

wise addition (Add.). As shown in Table 4, the Add. method

consistently outperforms the Concat. method across all

metrics and backbones by a large margin. For the ViT-B/32

backbone, Add. improves mAP from 55.30 to 62.40. Like-

wise, for the ViT-L/14 backbone, Add. achieves the best

results with a mAP of 68.98, NDCG of 77.59, and ANMRR

of 33.87. It implies that element-wise addition can more

effectively utilize the two modalities to generate more dis-

criminative representations for retrieval.
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Backbone Fusion Method mAP↑ NDCG↑ ANMRR↓

ViT-B/32
Concat. 55.30 65.12 46.11

Add. 62.40 72.63 39.82

ViT-L/14
Concat. 56.74 66.08 45.04

Add. 68.98 77.59 33.87

Table 4. Impact of fusion Schemes on different backbones.

4.4. Cross-dataset Open-set 3DOR

Setup. To evaluate DAC on cross-dataset generalization ca-

pacity, We train all the models on OS-MN40-core and eval-

uate them on OS-ABO-core.

Results. The results are summarized in Table 5. It can be

observed that DAC outperforms the other compared meth-

ods impressively. Specifically, with the ViT-L/14 back-

bone, our approach surpasses the previous state-of-the-art

by +12.31% mAP. This substantial improvement highlights

the effectiveness of our method in cross-dataset scenarios,

showcasing its strong ability to process instances of un-

known categories from an entirely distinct domain.

Method
OS-MN40-core → OS-ABO-core

mAP↑ NDCG↑ ANMRR↓
CMCL [28] 53.90 53.79 47.28

MMSAE [59] 52.83 52.80 48.02

MCWSA [66] 49.20 50.99 51.11

PROSER [67] 50.80 52.37 49.73

InfoNCE [43] 51.63 52.75 49.16

HGM2R [15] 57.55 54.14 45.35

Ours (ViT-B/32) 63.45 57.34 38.48
Ours (ViT-L/14) 69.86 60.13 32.42

Table 5. Comparisons (%) on cross-dataset retrieval.

4.5. Single Image based Open-set 3DOR

Setup. Recall that OS-MN40-core contains synthetic 3D

objects, whereas OS-ABO-core includes real-world 3D ob-

jects, each with an attached real-world image. Here we only

utilize one projected image (Prj.) or one real image (Rel.)
depicting each 3D object. We alternate the two datasets for

training and retrieval, yielding two setups: MN40 → ABO
and ABO → MN40. In each setup, we have two subsettings:

Prj. → Rel. (or Rel. → Prj.) and Prj. → Prj..
Results. The results are summarized in Table 6. Encourag-

ingly, DAC still has the best generalization ability despite

the great domain gap between real and synthetic data: We

note that the results under the Prj. → Rel. setting are better

than the Prj. → Prj. setting. This can be attributed to both

CLIP and InternVL being pre-trained on real images, allow-

ing it to generalize well to real-world 3DOR. It highlights

DAC’s potential in the challenging real-world 3DOR.

Method
MN40 → ABO ABO → MN40

Prj. → Rel. Prj. → Prj. Rel. → Prj. Prj. → Prj.

CMCL [28] 34.92 45.58 40.41 41.40

MMSAE [59] 35.91 45.24 40.12 41.80

MCWSA [66] 32.63 44.35 38.78 41.14

PROSER [67] 33.65 44.32 39.62 41.14

InfoNCE [43] 33.48 44.22 39.63 41.12

HGM2R [15] 43.59 50.68 48.93 49.77

Ours (ViT-B/32) 55.59 55.00 49.34 49.71
Ours (ViT-L/14) 63.96 60.12 52.92 56.24

Table 6. Comparisons (mAP) on single image based open-set
3DOR. Prj. denotes Projected Image, and Rel. denotes Real Im-

age. A → B denotes adopting A for training and B for retrieval.

4.6. Visualization and Discussions on Limitations

Figure 4 presents some retrieval examples. Our method can

faithfully retrieve related 3D assets for the query. Neverthe-

less, DAC has the following possible limitations. 1) Incor-

porating MLLM at inference increases costs. Yet, note that
DAC already outperforms prior art HGM2R even without it
during inference (see Table 2), e.g., 65.84 v.s. 63.74 mAP

on OS-MN40-core. We plan to explore more training strate-

gies like providing region-level descriptions with MLLM

to enhance the training and remove the reliance. 2) DAC

only fuses global textual and visual embeddings, which

fails in some cases when the query and sample have similar

global shapes but from hard category pair (e.g., wardrobe

and bookshelf) (see Appendix H). We plan to adopt more

fine-grained discriminative features to address this issue.

Query Retrieved 3D Objects（Top 10）

Uni3D

dresser dresser dresser dresser dresser dresser dresser tv_stand dresser radio radio

dresser guitar plant bed sofa car chair chair desk bottle bookshelf

dresser mantel mantel mantel dresser mantel dresser dresser mantel dresser dresser

dresser dresser dresser dresser dresser dresser dresser dresser dresser dresser dresser

HGM2R

CLIP

Ours

Figure 4. Retrieval example comparisons with other methods on

OS-MN40-core. Incorrect matches are in red boxes.

5. Conclusion

In this paper, we have presented a simple yet effective

framework named DAC for open-set 3D object retrieval.

In contrast to previous methods, we make the first attempt

to synergize generative and discriminative large VLLMs to

derive discriminative and generalized embeddings for open-

set 3D object retrieval. We also showed that adapting CLIP

with LoRA based on multi-view images can greatly boost

performance. Finally, we extended it to other challenging

3D representation learning tasks such as cross-dataset and

zero-shot retrieval, further validating its strong generality.
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