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Abstract. Mainstream 3D asset retrieval relies predominantly on category-
level matching, overlooking intra-class variations in geometry, style, and
texture critical for real-world applications. To address this, we redefine
retrieval from binary categorical matching to intra-class graded relevance
estimation, treating relevance as a continuous variable to capture fine-
grained semantic nuances. We propose a tri-modal encoder incorporating
a Semantic Conditioned Interaction module for cross-modal fusion and a
Query-Guided Mixture-of-Experts module for dynamic modality weight-
ing. This design explicitly decouples intra-class variations and prevents
semantic collapse via a re-parameterization mechanism. Furthermore,
we introduce an automated, scalable benchmark generation framework
driven by a Multimodal Large Language Model to synthesize high-quality
soft relevance labels, proposing a new benchmark: INGRE. Extensive ex-
periments demonstrate our method achieves state-of-the-art results on
INGRE while maintaining superior performance and robustness on stan-
dard classification tasks.
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1 Introduction

3D asset retrieval plays a pivotal role in augmented reality, virtual reality, dig-
ital content creation, and 3D e-commerce [1,38,/40,/57], where efficient asset
discovery directly dictates user immersion and pipeline productivity. To address
large-scale cross-modal retrieval, mainstream models predominantly adopt rep-
resentation learning, encoding multi-modal assets into a shared feature space
and employing distance metrics for retrieval |116}[35,38,}40L/45,/47]. While this
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Fig.1: Paradigm Shift from Binary Categorical Matching to Intra-Class
Graded Relevance Estimation. Based on multimodal user queries, we encode them
to embeddings for retrieval. While CLIP-based methods rely on binary categorical
matching, our approach models continuous intra-class relevance to capture fine-grained
variations, enabling precise ranking.

paradigm drives benchmark performance, it overlooks a critical characteristic
of real-world scenarios: assets within the same semantic category exhibit sig-
nificant intra-class variance in geometry, style, texture, and functionality. Users
typically seek results ranked by fine-grained similarity rather than mere category-
level matching. This misalignment between task formulation and practical needs
imposes an intrinsic ceiling on performance.

To surmount this limitation, we transition the 3D asset retrieval paradigm
from categorical matching to intra-class graded relevance estimation. Ex-
isting approaches typically define relevance as a binary attribute at the category
level, where an asset is deemed relevant if it shares the semantic class with the
query [547HIL37]. This discrete setting implicitly assumes intra-class homogeneity.
As illustrated in Figure[I] under our proposed perspective, relevance is reformu-
lated as a continuous variable designed to reflect structured relationships within
semantic categories. The objective extends beyond inter-class discrimination to
intra-class ranking, requiring the embedding space to distinguish categories while
preserving subtle feature nuances.

Guided by this definition, we propose ReMU3D, a Reparameterized Mul-
timodal Unified representation encoder for Intra-class Graded Relevance 3D
Asset Retrieval. As attributes like style, material, and context are often am-
biguous in raw 3D geometry, while image and text offer rich details, effective
intra-class modeling requires structured cross-modal fusion. Furthermore, prac-
tical experimentﬂ show that simply averaging embeddings from two modalities
outperforms single-modality retrieval, motivating our multimodal joint-encoding
adoption. Specifically, we introduce a Semantic Conditioned Interaction (SCI)
module using image and text features to condition point cloud tokens via at-
tention, facilitating deep integration. Subsequently, a Query-Guided Mixture-
of-Experts (Q-MoE) module identifies input modality combinations via gating,

! Detailed experimental settings and results are provided in the supplementary mate-
rial.
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dynamically adjusting expert weights. Unlike prior methods relying on simple
alignment [3H5,/10H13L|47], our framework supports mixed-modality training. By
re-parameterizing the pre-aligned semantic space, we explicitly decouple intra-
class variations and enhance discriminative power.

To rigorously evaluate graded intra-class relevance, we construct an auto-
mated, scalable, and transferable benchmark generation framework. Specifically,
we engineer a refinement system driven by a Multimodal Large Language Model,
which synthesizes multi-dimensional attributes of 3D assets to generate soft la-
bels that align closely with human preferences. Furthermore, we adapt tradi-
tional retrieval metrics to accommodate intra-class graded relevance estimation.
Using this pipeline, we build a new benchmark named INGRE. Extensive exper-
iments demonstrate that our method not only excels on standard inter-class 3D
classification benchmarks [1,/14,[15] but also achieves state-of-the-art results on
our proposed INGRE. The framework exhibits superior precision and robustness
compared to existing methods.

In summary, the main contributions of this work are as follows:

— We redefine 3D asset retrieval from binary classification to intra-class graded
relevance estimation, emphasizing fine-grained semantic differences for high-
quality retrieval.

— We propose a novel tri-modal encoder utilizing reparameterization to pre-
vent intra-class semantic collapse while ensuring robustness against missing
modalities.

— We introduce the first open-source framework for graded relevance bench-
marks; employing automated annotation, we constructed INGRE to fill the
gap in refined evaluation standards.

2 Related Work

2.1 Single-Modal 3D Asset Retrieval

Single-modality 3D asset retrieval has progressed from handcrafted descriptors
to deep geometric encoders. Early methods focused on invariant shape signatures
for rigid matching: Shape Distributions |7] and spherical-harmonic representa-
tions 8] modeled global geometry statistics, while the Light Field Descriptor [37]
leveraged multi-view projections. Although effective on clean CAD data, these
descriptors are sensitive to deformation, topology noise, and intra-class appear-
ance variation [52|. Deep learning shifted the paradigm to data-driven repre-
sentation learning. View-based pipelines such as MVCNN [16], GVCNN |17],
and RotationNet [18] improved discriminability by aggregating rendered views.
Voxel and point-based models then became dominant for native 3D input, in-
cluding volumetric learning [14], PointNet/PointNet++ [19,20], and dynamic-
graph modeling [21]. More recently, Transformer pretraining on point clouds
(e.g., Point-BERT [56] and [50]) further improved generalization and robust-
ness [51,/56].
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2.2 Multimodal Representation Learning for Cross-Modal 3D
Retrieval

Despite strong geometric retrieval performance, single-modality methods are
inherently limited when user intent depends on textual semantics or visual
style cues, motivating cross-modal retrieval frameworks [22,38}43|. CLIP [10]
established large-scale image-text alignment and inspired 3D transfer. Early
approaches such as PointCLIP and CLIP2Point [5,/12] projected point clouds
into depth-like images and reused frozen vision-language encoders. Subsequent
methods moved to joint multimodal optimization with explicit 3D supervision.
ULIP/ULIP-2 [3,|13], OpenShape [47], and Uni3D [4] scale triplet-style align-
ment with large image-text-3D corpora, improving open-vocabulary retrieval
and transfer across datasets. Recent work further enhances cross-modal geom-
etry fusion [23}[24,[58]. In parallel, multimodal retrieval is being extended to
compositional and scene-aware settings [25/49]; rendering-centric retrieval align-
ment with Gaussian representations is also actively explored [55|. For open-set
3D object retrieval, recent CLIP-enhancement strategies include hypergraph-
based multimodal representation learning [39], DAC [54] and CLIP-AdaM [42].
Overall, multimodal representation learning has shifted 3D retrieval toward se-
mantically rich, query-flexible retrieval in open-world settings.

2.3 Evaluation for 3D Asset Retrieval

Benchmarks drive algorithmic iteration. The Princeton Shape Benchmark (PSB)
|26] laid the foundation, while ModelNet [14] and ShapeNet [27] dominate the
deep learning era. However, synthetic datasets lack real-world complexity. ScanOb-
jectNN [15] addresses this with real-world scans containing noise and occlu-
sions, challenging model robustness. Meeting large model data needs, Obja-
verse [1] offers over 800,000 high-quality models, becoming a standard for next-
generation tasks. OmniObject3D [28] provides vast real-world scans, mitigat-
ing the synthetic-real domain gap. Xu et al. [36] introduced TexVerse, a large-
scale dataset with detailed textures for texture-aware tasks. PartNet [29] and
3D-Future [40] are only manually annotated resources for part-level geometry
and furniture attributes rather than query-conditioned graded relevance. Future
research requires challenging fine-grained standards to reflect practical perfor-
mance discrepancies [9}30].

3 Method

3.1 Problem Definition

Let X be a 3D asset set and ¢ be a query that may contain any subset of modal-
ities (text, image, point cloud). Conventional retrieval defines binary relevance
y(gq,z) € {0,1}, which treats all in-class assets as equivalent. This binarization
compresses the underlying continuous similarity manifold into a coarse supervi-
sion signal and overlooks the model’s ability to capture fine-grained similarity
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Fig. 2: Overall architecture of ReMU3D and the intra-class graded-relevance retrieval
pipeline.

gradients; e.g., two chairs can share the same label but differ substantially in
style or intended usage.

We redefine retrieval as intra-class graded relevance estimation by predicting
a continuous relevance score s(g, ) € [0,+00) for each candidate z € X. Given
a query ¢, the goal is to learn an embedding function f(-) such that the induced
ranking m, over candidates maximizes agreement with the graded relevance or-
dering defined by s(g, x). Formally, for any x;,z; € X, s(q, ;) > s(g, z;) should
imply (f(q), f(x:)) > (£(a), ().

We retain a standard cross-modal contrastive learning objective because the
contrastive mechanism itself encourages the model to capture differences among
assets within the same class. Although each batch only provides binary positive
and negative pairs, with sufficiently large training data and batch sizes the model
naturally distinguishes “hard negatives” from “easy negatives.” Coupled with our
architecture, this is sufficient to achieve the desired graded relevance behavior.
Our training objective is as follows:

_ 1 N exp(e -e! /T) - exp(e -e} /7) exp(e ‘e /-r) exp(e e /T)
L=—ar Xin <1 8, exn(eroT/7) T OB S exp(aT0/m) T OB 5 expl(erel/r) T %8 5, exp(elofim) | (1)

Here, A;, I;, and T; denote the asset (3D), image, and text inputs in the i-
th triplet; fa, fr, and fr are the corresponding encoders; and ef‘ = %,

I  f1() T _  fr(Ti)

e = Trn € = Trem e their ¢3-normalized embeddings.

3.2 Overview of ReMU3D

Figure [2| summarizes the proposed ReMU3D and its execution flow. The SCI
module re-parameterizes the original CLIP space and deeply fuses the three
modalities to produce detail-preserving embeddings, while Q-MoE supports ar-
bitrary modality combinations and improves robustness via modality-adaptive
aggregation. With these two modules, our ReMU3D can address the graded
relevance estimation objective in Equation
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3.3 Semantic Conditioned Interaction (SCI)

To effectively model fine-grained intra-class variations, we design a Semantic
Conditioned Interaction (SCI) module that enables structured cross-modal
integration among image, text, and point cloud representations. The goal of
SCI is not simple semantic alignment, but leveraging high-level appearance and
linguistic cues to guide geometric representation learning.

Given an asset, we extract image features Fy,, € RELixd text features Fiyy €
RE*4 and point cloud tokens F,. € RErxd where L;, L;, and L, denote the
token lengths of each modality and d is the shared embedding dimension. In our
work, we choose L; and L; as 1. We concatenate the three modalities along the
token dimension to form a joint sequence:

FO = [Fimg; Fra; Fpc| € RUHEr R, (2)

We assume simply aligning 3D representations with the pretrained CLIP space is
insufficient to capture all attributes, as the 3D modality conveys far richer infor-
mation than image and text, particularly in texture, structure, and functionality.
Direct alignment can therefore cause modality information collapse [44,/461[53].
Specifically, same-class assets with subtle differences remain indistinguishable
in the pretrained CLIP space, mapping to the same point. To avoid this, we
defer alignment to the unified multimodal semantic space after SCI encoding.
Modality-specific encoders project outputs into a unified feature space, feed-
ing the concatenated sequence into a Transformer with N stacked self-attention
blocks. Each block applies global Multi-Head Self-Attention (MHSA) over con-
catenated tokens, then splits by modality for FFNs with residual connections
and layer normalization:

H' = MHSA(F'),
Hl — {Hl HézhHlpc}’

img’

FIH' = LN(H,, + FFN(H.))), m € {img, tat,pc},

m

F'*! = Concat(Fi}! Fit! FLEY), 1=0,...,N—1.

img’

(3)

Unlike asymmetric cross-attention designs that explicitly separate query and
key roles, SCI adopts a unified self-attention mechanism over the full multi-
modal sequence. This formulation allows every token to attend to all others, en-
abling global interaction across modalities. Within this shared space, image and
text tokens primarily function as semantic conditions. Image features inject fine-
grained appearance cues such as style, material, and color, while text features
provide high-level semantic descriptors and contextual constraints. Through self-
attention, these semantic tokens modulate the attention distribution over point
cloud tokens, guiding geometric representations to emphasize semantically rele-
vant attributes. Consequently, cross-modal interaction acts as a semantic refine-
ment process rather than simple feature aggregation.

Meanwhile, point cloud tokens undergo deep intra-modal fusion across lay-
ers, progressively integrating structural information with injected semantic cues.
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After N layers of interaction, the updated point cloud tokens encode a holistic
representation that jointly captures geometry, appearance, and semantic context
in a unified embedding space. This design preserves subtle intra-class differences,
ultimately producing semantically enriched geometric embeddings suitable for
intra-class graded retrieval.

Additionally, this structure naturally accommodates missing-modality set-
tings: when any one or several modalities are absent, the SCI module can still
perform fusion over the available tokens without changing its formulation.

3.4 Query-Guided Mixture-of-Experts (Q-MoE)

After the SCI module performs deep cross-modal interaction, inspired by [41], we
further introduce a Query-Guided Mixture-of-Experts (Q-MoE) module
to achieve modality-adaptive feature aggregation and robust embedding gener-
ation.

Specifically, given the fused token sequence Fgcr produced by SCI, we ap-
pend a fixed number M of learnable query tokens Q € RM*4 to the sequence:

Fuor = [Fser; QJ, (4)

where Q is randomly initialized and optimized jointly with the entire network.
These query tokens act as task-oriented aggregators, progressively extracting
information relevant to retrieval from the fused multimodal features.

The augmented sequence is then processed by a Mixture-of-Experts (MoE)
layer. Concretely, we maintain a set of K expert networks {€;}£_ |, each im-
plemented as a lightweight feed-forward transformation. A router function R(:)
analyzes the global feature context and infers the active modality set of the
current input. Based on this inference, it produces routing weights w € R¥
satisfying 25:1 wg = 1, which are used to combine expert outputs:

H: Zwk gk(F]\/[oE)~ (5)
k=1

Through this dynamic routing mechanism, the model adaptively adjusts expert
contributions according to the modality composition and query characteristics,
enabling flexible handling of full-modality and missing-modality scenarios within
a unified framework.

After expert aggregation, we extract the updated representations correspond-
ing to the M query tokens and apply a pooling operation (e.g., mean pooling)
to obtain the final embedding. Then we apply ¢5 normalization to produce a
unit-length representation, which is used for cosine-similarity-based retrieval:

£(@) = Pool(Hguery), f(q) = Hff((‘;]))”27 :

where Hyyery € RM>*d denotes the output features of the query tokens.
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By combining query-guided aggregation with modality-aware expert routing,
Q-MokE enables adaptive feature integration while maintaining a compact and
stable embedding space. This design enhances robustness in fine-grained intra-
class graded relevance ranking tasks while missing modalities.

4 Benchmark Construction

To make evaluation consistent with the proposed paradigm and model design, we
construct a scalable pipeline for generating intra-class graded relevance labels.
The framework is driven by a Multimodal Large Language Model (MLLM) and
is designed to produce preference-aligned soft labels without manual annotation.
In addition, the pipeline is modular and transferable across datasets. More imple-
mentation details of benchmark construction are provided in the supplementary
material.

4.1 Soft Label Generation Strategies

Considering the diversity of 3D datasets, we use two complementary label gen-
eration strategies: one for geometry-dominant assets (often without RGB) and
one for large-scale complex assets.

Strategy I: Structured Case-Based Grading for Geometry-Dominant Assets. For
clean geometry with limited appearance cues, we build category-wise query cases
and score candidates with a fixed hierarchy of dimensions (e.g., color, function,
and texture). The MLLM outputs structured graded relevance scores, and we
add inter-class distractors to preserve retrieval difficulty.

Strategy II: Adaptive Multi-Step Grading for Large-Scale Complex Assets. For
large-scale and heterogeneous datasets such as Objaverse |1], we introduce a
multi-step adaptive scoring framework. Due to the scale and varying data qual-
ity, we first curate a set of 10,742 high-quality gold-standard assets to ensure
reliable evaluation. First, given a query object, the MLLM analyzes its intrin-
sic characteristics and infers the most appropriate evaluation focus, including
relevant comparison dimensions and potential application scenarios. From a pre-
defined dimension bank, it selects the five most critical dimensions and assigns
a weight to each, forming a query-specific rubric. Next, the MLLM generates
detailed multi-dimensional descriptions for all candidate assets according to the
selected dimensions. Together with the previously determined dimension weights,
the model computes dimension-wise scores and aggregates them into a final com-
posite relevance score. A consistency verification step is then performed to ensure
that the generated ranking is logically coherent and semantically reasonable.

4.2 Overview of Benchmark: INGRE

Through the above two strategies, we construct a comprehensive benchmark
dedicated to evaluating intra-class graded relevance in 3D asset retrieval, IN-
GRE. As summarized in Fig. 3] INGRE covers diverse datasets with unified
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Fig. 3: Overview of INGRE, including (a) category distribution over all source datasets,
(b) source datasets and their proportion, and (c) category distribution in Objaverse
subset.

graded-relevance annotation. It integrates data from ESB [9], NTU [15]|, Mod-
elNet40 [14], GSO [31], and Objaverse [1], covering both geometry-only and
RGB-enhanced assets. In total, INGRE spans over 70 semantic categories, in-
cluding characters, weapons, animals, clothing and accessories, industrial parts,
and other common asset types encountered in practical retrieval applications. All
annotations are generated through our automated MLLM-driven pipeline, en-
suring scalability and transferability. We fully open-source the benchmark and
its construction framework, facilitating future research.

5 Experiments

5.1 Experimental Setup

Evaluation Metrics Standard retrieval metrics include Recall, mAP, NDCG,
and ANMRR, with the latter three considering ranking positions. However, their
typical binary relevance (0 or 1) ignores similarity variations within semantic
categories. To address this, we replace binary labels with continuous relevance
from our annotation pipeline and calculate NDCG. Specifically, for a ranked list
of length K, we use:

K
orel; _ 1 DCGQK
DCGQK = ; a1’ NDCGQK = DOGGER’ (7)

where rel; is the graded relevance of the item at rank ¢, and IDCGQK is the max-
imum possible DCG obtained by an ideal ranking. We primarily report NDCG@Q5
and NDCGQ@10, since real-world retrieval applications focus more on a small
number of top-ranked 3D assets. In addition, we introduce Kendall’s Tau [32]
and Spearman’s Rho [33| to further evaluate the quality of relative ordering
among objects within the same semantic class. We augment ground-truth lists
with zero-relevance objects from different categories. Consequently, our protocol
simultaneously measures intra-class ranking quality and inter-class separability.
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Table 1: Main results on INGRE. Higher is better for all metrics. The best results are
bolded, and the second-best results are underlined. To clearly highlight the advantages
of our model, we report the best-performing version of each baseline method.

Method | NDCG@5 NDCG@10 NDCG@20 NDCG@50 | Kendall's 7 Spearman’s p
ULIP {3] 0.69 0.71 0.72 0.88 0.22 0.30
OpenShape [47] | 0.76 0.76 0.79 0.88 0.30 0.41
Uni3D f4] 0.71 0.73 0.75 0.88 0.32 0.43
ReMU3D 0.94 0.93 0.92 0.91 0.39 0.52

Model and Implementation Details Our ReMU3D builds upon Uni3D [4]
to support arbitrary combinations of image, point cloud, and text modalities.
The SCI module has 4 Transformer layers (16 heads, RoPE, MLP ratio 4.0), and
Q-MoE uses 3 experts (8 blocks each, 16 heads) plus 30 learnable query tokens
per modality combination. Fused features are mean-pooled and projected to the
CLIP embedding space with a two-layer MLP.

During training, we train with precomputed CLIP embeddings for efficiency
and optimize Eq. [1] The temperature is initialized as In(1/0.07) ~ 2.66. Benefit-
ing from our SCI and Q-MoE modules, we dynamically adjust the proportion of
different combinations based on the model’s performance on the validation set.
Meanwhile, combinations that include point clouds are assigned higher sampling
ratio. AdamW, cosine decay, and 500-step warmup are used. The base learning
rate is 1x107%, with weight decay 0.1 and layer-wise decay 0.95 for the point
encoder. We use batch size 36 per GPU, 8-step accumulation on 8 NVIDIA
RTX H20 GPUs (effective batch size 2,304), and DeepSpeed ZeRO-2 [34] with
checkpointing. ReMU3D contains 589M trainable parameters. By precomputing
frozen features, the online encoding cost is reduced to 167-210 GFLOPs (0.03 s
per query), while substantially improving retrieval quality (e.g., NDCG@Q10 from
0.76 to 0.93). Please see more details in supplementary materials.

5.2 Intra-Class Graded Relevance Estimation

As discussed previously, we reformulate the 3D asset retrieval task as an intra-
class graded relevance estimation problem and construct a rigorous benchmark,
INGRE. We conduct comprehensive experiments on INGRE and evaluate per-
formance using our enhanced ranking-oriented metrics.

Quantitative Comparisons As shown in Table [1} ULIP [3|, OpenShape [47]
and Uni3D [4] reflect the current frontier of 3D embedding methods, providing
a strong basis for comparison. On INGRE, ReMU3D consistently outperforms
SOTA. Notably, it achieves 0.94 on NDCG@5 and 0.93 on NDCG@10, substan-
tially surpassing the runner-up OpenShape (0.76). These margins highlight its
capability to distinguish fine-grained semantics. In addition, ReMU3D also excels
in global ranking, achieving Kendall’s 7 of 0.39 and Spearman’s p of 0.52, sur-
passing Uni3D by 0.07 and 0.09. Moreover, it reaches 0.91 on NDCG@50 while
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ULIP and OpenShape plateau at 0.88, validating its effectiveness in broader
search scopes.

Qualitative Comparisons Beyond quantitative results, we choose OpenShape
as the primary baseline for qualitative comparisons. To provide a concrete evalu-
ation, we select two representative cases for comparative analysis. The first case
involves an industrial component lacking color information, where retrieval relies
strictly on geometry. Compared to OpenShape, ReMU3D demonstrates superior
structural discrimination by successfully suppressing the rankings of candidates
at positions 14, 15, and 18, which exhibit significant morphological discrepancies
from the query. In the second scenario focusing on daily necessities, ReMU3D
effectively balances semantic and visual attributes; it assigns lower rankings to
bags with distinct color mismatches while successfully recalling a correct bag
instance at rank 20. Conversely, OpenShape exhibits semantic drift in the lower
rankings, retrieving pencil cases instead of the queried large bags at ranks 18, 19,
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Table 2: Zero-shot classification on Objaverse-LVIS |1|, ModelNet40 |14] and ScanOb-
jectNN [15]. Best results are bold, second-best are underlined. *ReMU3D supports
arbitrary combinations of modalities, so we report the best results among all combina-
tions.

Input | Objaverse-LVIS |1] | ModelNet40 [14] |ScanObjectNN [15]

Method Mod. |[Top-1 Top-3 Top-5|Top-1 Top-3 Top-5|Top-1 Top-3 Top-5

PointCLIP v2 [5] P 1.7 95 129 | 63.6 77.9 850 | 7.3 120 148
CLIP2Point [12] P 2.7 58 7.9 | 495 713 81.2 | 7.5 142 182
ReCon [23] P 1.1 27 37 | 612 739 781|100 168 196
ULIP [3] P 6.2 136 17.9 | 60.4 79.0 84.4 | 7.6 151 19.7
OpenShape [47] P 30.1 60.8 689 | 85.3 96.2 97.4 | 47.2 724 847
ULIP-2 [13] P 463 - 750 | 840 - 972 | - -
Uni3D [4] P 47.2 68.8 76.1 | 86.8 97.3 98.4 | 66.5 83.5 90.1
PointCLIP v2 [5] I 24.9 409 47.6 | 50.7 69.1 746 | - - -

OpenView [58] P +1 52.7 74.6 81.1 | 87.5 97.0 98.5 - -
ReMU3D* Agnostic| 53.2 76.2 83.5 | 89.3 98.6 98.9 | 68.1 1.7 90.5

and 20. These differences ultimately lead to improvements across all evaluation
metrics for ReMU3DEL

5.3 Zero-Shot 3D Asset Classification

To demonstrate the generalization ability of our method, and to show that im-
proving intra-class fine-grained ranking does not sacrifice general recognition
performance, we evaluate ReMU3D on the zero-shot shape classification task.
Experiments are conducted on three benchmark datasets: Objaverse-LVIS |[1],
ModelNet40 [14], and ScanObjectNN [15]. ModelNet40 and ScanObjectNN are
widely used datasets containing 40 and 15 common categories, respectively, while
Objaverse-LVIS is a labeled and curated subset of Objaverse with 46,832 shapes
across 1,156 LVIS categories [1]. We compare ReMU3D against prior state-of-
the-art methods in the zero-shot shape classification task, as shown in Table
According to the corrected results in Table [2, ReMU3D remains competitive
across all datasets. These results indicate that our modality-agnostic design im-
proves recognition robustness overall, especially in Top-1 accuracy.

5.4 Ablation Study

To validate the design choices in ReMU3D, we conduct controlled ablations
on module composition, training strategy, expert count, and pooling operator.
Quantitative results are summarized in Table [3] and visual trends for pooling
and expert count are shown in Figure

Modules of ReMU3D Table [3| shows that removing either core component
causes a substantial performance drop. The full model reaches 0.94/0.93 on

2 We further compare our method with other SOTA models, with detailed qualitative
results provided in the supplementary materials.



Beyond Categorical Matching 13

NDCG@5/10, while removing SCI reduces them to 0.57/0.61; removing Q-MoE
yields 0.66/0.70. The same trend appears for rank-correlation metrics (7, p),
confirming that SCI and Q-MoE are both essential for preserving intra-class
ordering.

Training Strategies We compare our joint training scheme against two alter-
natives: two-stage training and fixed-ratio optimization. Two-stage means the
training process is divided into two distinct phases: initially training the SCI with
a frozen Q-MoE, and subsequently optimizing the Q-MoE while keeping the SCI
parameters fixed. In the fixed-ratio setting, we utilize predefined, constant ra-
tios for modality combination, rather than optimizing them dynamically during
training. As reported in Table [3] two-stage training performs worst, indicating
that training them independently disrupts the continuity of the embedding space
and consequently degrades the consistency of the learned representations. Fixed-
ratio training is stronger but still clearly inferior to the full strategy, showing
that adaptive sampling strategy is important for robust and diverse alignment.

Number of Experts and Pooling Strategy Figure [a studies the impact of
expert count in Q-MoE. Performance improves from a small number of experts
to a moderate scale, then saturates when too many experts are used. This trade-
off indicates that a moderate expert count offers the best balance between model
capacity and optimization stability. Figure [b] compares different pooling oper-
ators under the same model and training setup. The selected pooling strategy
consistently provides stronger ranking metrics.

Effect of Soft-label Supervision. Although INGRE provides graded rele-
vance scores, ReMU3D is intentionally trained without directly regressing these
labels in order to evaluate its zero-shot graded-relevance retrieval capability.
To investigate whether explicitly fitting the soft labels is beneficial, we addi-
tionally incorporate two common soft-label objectives, namely MSE loss and
KL divergence, on top of the original InfoNCE objective. As shown in Table [5]
neither variant yields further improvement over the original training objective,
with both even exhibiting slight performance degradation. These results sug-
gest that the performance gains of ReMU3D do not arise from directly fitting
the MLLM-generated relevance scores, but rather from learning discriminative
representations through contrastive supervision.

5.5 Visualization Analysis

Cross-modal Retrieval Visualization Experimental results on INGRE-Objaverse,
evaluated via NDCG@5 and NDCG@10 in Figure [6] highlight modality align-
ment dominance, where diagonal elements yield the highest scores. Notably,
V—to—Vﬂ retrieval peaks at 0.93, surpassing I-to-I (0.89) and T-to-T (0.85) base-
lines. While single-modal retrieval faces significant semantic gaps, exemplified

3 For notational simplicity, we denote the point cloud by v.
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NDCG NDCG | Kendall’s Spearman’s
10

Method Q@5 Q T 2 —. [
ReMU3D | 0.94 093 | 041 0.54 ) . B B ;
w/o SCI 0.57  0.61 0.15 0.22 i P ™ N
w/o Q-MoE| 0.66  0.70 0.24 0.35 I i
two-stage 0.41 0.47 0.04 0.07 - T e - T e -
fixed ratio 0.68 0.70 0.18 0.26

(a) Number of experts. (b) Pooling strategy.

Table 3: Ablation results and training- Fig. 5: Ablation visualizations.
strategy comparison.

Before Reparameterization After Reparameterization
NDCG@S on INGRE-Objaverse NDCG@10 on INGRE-Objaverse @ ®

rEE - = -
R - -
- - EEe ‘
BE - BER
=i -
(a) 2D heatmap of (b) 3D surface plot of _. ) o
NDCG@5. NDCG@10. Fig. 7: t-SNE visualization of the em-
bedding spaces before and after repa-
rameterization.

Fig. 6: Visualization of cross-modal retrieval.

by the low T-to-I score of 0.47, multi-modal fusion effectively bridges these dis-
parities. Specifically, multi-modal queries outperform single-modal counterparts;
for instance, the fused I+T query scores 0.64 when retrieving V, substantially
improving over the single Image query (0.49). This trend culminates with the
I+ V4T alignment (0.87), confirming that integrating complementary modalities
mitigates single-modal limitations and enhances robustness.

Extending evaluation to NDCG@10 provides a topological perspective cor-
roborating NDCG@5 heatmap findings. The 3D surface plot exhibits a distinct
diagonal ridge, confirming optimal alignment when query and gallery modali-
ties match. Notably, V-to-V retrieval maintains a peak score of 0.93, identical
to NDCG@5 performance. This stability across retrieval depths (k=5 vs. k=10)
indicates the model concentrates highly relevant results at the top, maintaining
consistent trends for both top-5 and top-10 candidates. Furthermore, surface
topology illustrates multi-modal fusion enhancements; while pure cross-modal
retrieval (e.g., Text-to-Image) occupies lower regions, fusion combinations (e.g.,
VT, IVT) create transitional slopes significantly elevating performance above
single-modal baselines, reinforcing fusion robustness.

Visualization of Embedding Space Evolution To intuitively illustrate the
impact of reparameterizing the pretrained CLIP semantic space, we employ t-
SNE to visualize the embedding distributions of 20 randomly selected sam-
ples from four distinct categories: Character, Building, Weapon, and Vehicle.
As shown in Figure m (a), the original representation exhibits highly condensed
clusters, where samples within the same category are densely grouped and oc-
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cupy a limited volume of the feature space. In contrast, Figure [7] (b) reveals
a significant shift following reparameterization: the spatial distribution of each
category expands substantially, resulting in a more dispersed arrangement of in-
dividual samples. This increased intra-class variance suggests that the proposed
method effectively mitigates the issue of semantic collapse, enabling the capture
of fine-grained distinctions among intra-class instances while preserving clear
inter-class separability.

Table 4: Label reliability. Table 5: Soft-label loss ablation.
Comparison T Objective Nas N@10
Human-Human 0.76 InfoNCE 0.94 0.93
MLLM-Human 0.68 + MSE 0.93 0.93
Cross-MLLM 0.58 + KL 0.92 0.91

5.6 Reliable analysis of INGRE

To evaluate the reliability of the generated labels, we further conduct a con-
sistency study. Specifically, two independent 3D experts manually annotated a
stratified random subset of 100 query-centered candidate lists. We additionally
regenerated labels using a different MLLM (Claude Sonnet 4.6) with the identical
prompts. As reported in Table[d] the agreement between the MLLM and human
experts (7 = 0.68) is close to the inter-human agreement (7 = 0.76), indicating
that the INGRE annotations are well aligned with expert judgments. Further-
more, the positive agreement between different MLLMs (7 = 0.58) demonstrates
that the generated labels remain reasonably consistent when the labeling model
changes. Finally, as shown in Sec ReMU3D also achieves strong performance
on mainstream zero-shot embedding benchmarks, providing additional evidence
that the proposed benchmark enables effective model learning.

6 Conclusion

We redefine cross-modal 3D retrieval as intra-class graded relevance estimation
and present ReMU3D, a reparameterized multimodal unified 3D encoder employ-
ing SCI and Q-MoE for structured fusion and dynamic aggregation. Our method
achieves strong discriminability for fine-grained ranking while preserving robust
generalization. Leveraging an automated MLLM-driven pipeline, we introduce
INGRE, showing state-of-the-art graded retrieval performance and competitive
results on conventional benchmarks.
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