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Abstract

3D captioning, which aims to describe the content of 3D
scenes in natural language, remains highly challenging due
to the inherent sparsity of point clouds and weak cross-
modal alignment in existing methods. To address these
challenges, we propose 3D CoCa, a novel unified frame-
work that seamlessly combines contrastive vision-language
learning with 3D caption generation into a single architec-
ture. We design a frozen CLIP vision-language backbone
to provide rich semantic priors, a spatially-aware 3D scene
encoder to capture geometric context, and a multi-modal
decoder to generate descriptive captions. Unlike the prior
two-stage methods that rely on explicit object proposals, 3D
CoCa jointly optimizes contrastive and captioning objec-
tives in a shared feature space, eliminating the need for ex-
ternal detectors or handcrafted proposals. This joint train-
ing paradigm yields stronger spatial reasoning and richer
semantic grounding by aligning 3D and textual representa-
tions. Extensive experiments on the ScanRefer and Nr3D
benchmarks demonstrate that 3D CoCa significantly out-
performs current state-of-the-arts by 10.2% and 5.76% in
CIDEr@0.510U, respectively. Code will be available at
https://github.com/AIGeeksGroup/3DCoCa.

1. Introduction

In recent years, 3D learning research has been increasing,
driven by various practical applications such as robotics, au-
tonomous driving, and augmented reality [13, 14, 21, 36].
Within this burgeoning field, the intersection of computer
vision (CV) and natural language processing (NLP) has
prompted researchers to strive to bridge the gap between
visual perception and language expression, thus promot-
ing the rise of cross-modal tasks such as visual caption-
ing. The emergence of large-scale vision-language mod-
els has brought unprecedented breakthroughs in the gener-
ation of captions for 2D images. With the development of
3D vision-language datasets, 3D captions have also shown

3Xiamen University

iCorresponding author: bjdxtanghao@gmail . com

3D Captioning Performance
(w/ additional 2D, loU=0.50)
CIDEr
3D Scene
Encoder

‘ <
SRS
Contrastive’ 3 &

) oz ROUGE-L 20\ a0 s 0BLEU-4
Learning 29
A comfortable = G

living room setup Text
with two leather

Encoder Output
sofas. Caption METEOR

Scan2Cap — 3D-VLP Vote2Cap-DETR++
Ca(Ours)

Description 30)CG Vote2Cap-DETR 3D CoCal
Figure 1. Overview of the 3D CoCa framework and its cap-
tioning performance. Left: The 3D CoCa model unifies con-
trastive learning and multimodal captioning in one framework.
Right: Radar chart comparison of 3D CoCa and previous methods
Scan2Cap [6], 3DJCG [3], 3D-VLP [40], Vote2Cap-DETR [11],
Vote2Cap-DETR++ [12] on the ScanRefer [8] benchmark.

promising prospects. 3D captioning extends 2D image cap-
tioning and aims to accurately perceive the 3D structure of
objects and generate reasonable descriptions by leveraging
a comprehensive set of attribute details and contextual inter-
action information between objects and their surroundings.
However, due to the sparsity of point clouds and the clut-
tered distribution of objects, describing objects within a 3D
scene remains a particularly challenging endeavor.

Early approaches to 3D captioning adopted a two-stage
“detect-then-describe” paradigm, in which object propos-
als were first detected from point clouds and then described
individually. For example, Scan2Cap [6] is the first at-
tempt to integrate 3D object detection and caption gener-
ation into 3D scenes in a cascade manner. [18] introduced a
novel 3D language pre-training approach that uses context-
aware alignment and mutual masking to learn generic rep-
resentations for 3D captioning tasks. Although effective, a
two-stage pipeline can suffer from significant performance
degradation. First, the detection stage usually produces
redundant bounding boxes; thus, careful tuning using the
Non-Maximum Suppression (NMS) [26] operation is re-
quired, which introduces additional hyperparameters and
increases computational overhead. Second, the cascade de-
sign of the “detect-then-describe” process makes caption
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generation highly dependent on the quality of the detec-
tion stage. In this context, the exploration of one-stage
end-to-end 3D captioning models has attracted widespread
attention. Vote2Cap-DETR [11] and its advanced version
Vote2Cap-DETR++ [12] are notable examples that use the
Transformer framework to simultaneously locate and de-
scribe objects during inference in a single forward pass,
improving both efficiency and performance. Other recent
approaches, such as BiCA [20], introduced a Bi-directional
Contextual Attention mechanism to disentangle object lo-
calization from contextual feature aggregation in 3D scenes.
The See-It-All (SIA) model [19] adopted a late aggrega-
tion strategy to capture both local object details and global
contextual information with a novel aggregator. Moreover,
TOD3Cap [17] employed a Bird’s Eye View (BEV) repre-
sentation for the generation of object proposals and inte-
grated the Q-Former Relation with the LLaMA-Adapter to
generate descriptive sentences, particularly for outdoor en-
vironments.

Despite progress, 3D captioning remains very challeng-
ing, especially in modeling spatial relations and aligning 3D
visual data with textual semantics. Describing complex spa-
tial arrangements requires the model to understand 3D ge-
ometry and relative object positions, which is non-trivial to
encode and reason about. Bridging the gap between the 3D
modality and language is also challenging. Existing meth-
ods treat vision and language as separate stages, with weak
cross-modal interactions. This leads to suboptimal align-
ment between visual and textual representations.

These challenges point to the need for a unified frame-
work that can enhance spatial reasoning and cross-modal
alignment using strong visual-linguistic priors. Founda-
tion models in vision-language research CoCa [37] have
shown that contrastive pre-training on large image-text cor-
pora yields representations with rich semantics and excel-
lent alignment between modalities. Inspired by this, we
hypothesize that incorporating such powerful priors into
3D captioning will significantly improve performance and
generalization. This insight motivates us to design a 3D
captioning approach that jointly learns spatially-grounded
captions and visual-text alignments within a single end-to-
end model, leveraging knowledge from large-scale vision-
language training.

In this paper, we introduce 3D CoCa (Contrastive Cap-
tioner for 3D), as illustrated in Figure 1, a novel approach
that integrates contrastive learning and caption generation
into a unified model for 3D scenes. The core idea is to
train a 3D scene encoder and a text encoder together with a
shared contrastive learning objective, while simultaneously
training a multi-modal decoder to generate captions. By
coupling these tasks, 3D CoCa learns a joint feature space
where 3D representations and captions are deeply aligned.
The model leverages rich semantic knowledge from large-

scale pre-training: we build on a vision-language backbone

initialized with learned visual and linguistic features, inject-

ing strong priors about objects and language into the 3D do-
main. This allows the model to recognize a wide range of
concepts in the scene and associate them with the correct
words. Furthermore, 3D CoCa is designed to be spatially
aware-the 3D scene encoder preserves geometric structure,
and the decoder’s attention mechanism can attend to spe-
cific regions when wording the description. As a result,
the generated captions capture not only object attributes,
but also their precise spatial context, directly addressing
the core difficulty of 3D captioning. In essence, our ap-
proach marries a powerful contrastive learner with a cap-
tioning model, demonstrating that contrastive learners are
effective 3D captioners.

In summary, the main contributions of this work include:

* We present 3D CoCa, an end-to-end framework that com-
bines contrastive vision-language learning with 3D cap-
tioning. It jointly learns to localize and describe objects
from point clouds, removing reliance on external detec-
tors.

* We design a 3D captioning framework that incorporates
strong visual-linguistic priors from large-scale image-
text pretraining. By introducing a contrastive alignment
objective, the model enhances semantic grounding and
cross-modal alignment, enabling more accurate and de-
scriptive captions for complex 3D scenes.

» Extensive evaluations on benchmark datasets show that
3D CoCa achieves state-of-the-art captioning perfor-
mance on Nr3D [1] (52.84% C@0.5) and Scanrefer [8]
(77.13% C@0.5).

2. Related Work

3D captioning. 3D captioning involves localizing objects in
a 3D scene and describing them in natural language. Early
work like Scan2Cap [6] pioneered this task by leveraging
point cloud data with spatial reasoning, marking a departure
from conventional 3D detection pipelines focused only on
classification and bounding boxes [4, 5, 41, 42]. Subsequent
methods were built on this foundation with improved rela-
tional modeling. For example, the Multi-Order Relation Ex-
traction (MORE) framework [16] introduced higher-order
relationship reasoning, showing that richer spatial context
leads to more informative and accurate captions.

The introduction of Transformer architectures has fur-
ther accelerated progress in 3D captioning. SpaCap3D [33]
employed a Transformer-based encoder—decoder with a
spatially guided encoder to capture geometric context and
an object-centric decoder for attribute-rich descriptions. x-
Trans2Cap [39] extended this idea by distilling knowledge
from 2D vision-language models into a 3D captioner, ef-
fectively transferring semantic understanding from images
to point clouds. Recent works strive for unified architec-
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Figure 2. Pipeline of 3D CoCa. The input point cloud and textual description are processed by CLIP Vision and Text Encoders, respec-
tively. Cross-attention mechanisms fuse these features within a Multi-Modal Decoder, enabling the generation of descriptive captions. The
model training is guided by contrastive and captioning losses, promoting effective alignment between visual and textual modalities.

tures that handle multiple tasks: 3DJCG [3] uses shared
Transformers to jointly optimize 3D captioning and visual
grounding, and UniT3D [7] demonstrates that pre-training a
Transformer on large-scale point cloud—text pairs can yield
state-of-the-art results across diverse 3D scene understand-
ing benchmarks.

Despite these advances, most approaches still follow a
two-stage “detect-then-describe” paradigm [3, 6, 33, 39],
where an object detector provides regions that are then
described. This separation can cause error propagation
and misalignment between the vision and language com-
ponents. To overcome this limitation, end-to-end paradigms
have been explored. Vote2Cap-DETR [11] and its improved
variant Vote2Cap-DETR++ [12] reformulate dense caption-
ing as a direct set-prediction task, similar to DETR in 2D vi-
sion. They jointly localize and caption objects in one stage,
eliminating dependence on pre-trained detectors. Through
a Transformer encoder—decoder with learnable queries and
iterative refinement, these one-stage models achieve com-
petitive performance while simplifying the pipeline.
3D pre-training and vision-language model. Another line
of work has focused on pre-training 3D representations to
provide stronger foundations for downstream tasks. Unsu-
pervised 3D representation learning techniques can be cat-
egorized into global contrastive methods [25, 32] that learn
holistic point cloud embeddings, local contrastive meth-
ods [34, 35] that distinguish fine-grained geometric struc-

tures or multi-view correspondences, and masked point
modeling approaches [27, 38] that adapt masked auto-
encoding to 3D data. These approaches learn powerful geo-
metric features; however, they operate purely on 3D geom-
etry and lack grounding in natural language semantics.

To bridge this gap, researchers have explored 3D vision-
language pre-training. For example, 3D-VLP [40] uses con-
trastive learning to align point cloud segments with text de-
scriptions, producing representations that improve 3D cap-
tioning and visual grounding performance by injecting se-
mantic knowledge. Similarly, UniT3D [7] showed that
training on large-scale point cloud—caption pairs endows a
unified model with strong multi-task 3D understanding ca-
pabilities. Such findings underscore the value of learning
joint 3D language representations as a foundation for cap-
tioning.

3. The Proposed Method
3.1. Overview

In this section, we present 3D CoCa, a unified framework
designed to bridge the gap between 3D point cloud repre-
sentation and natural language understanding for caption-
ing. The framework integrates contrastive alignment with
multimodal captioning, drawing inspiration from CLIP-
style image-text models [30] and the Contrastive Captioner
(CoCa) paradigm [37]. As shown in Figure 2, 3D CoCa is



composed of four main components: 3D Scene Encoder,
Text Encoder, Contrastive Learning module, and Multi-
Modal Fusion Decoder.

Unlike prior approaches that rely solely on either 2D im-
ages or 3D data, 3D CoCa transfers knowledge from large-
scale 2D image-text pretraining and adapts it to the com-
plexities of 3D point cloud understanding. To retain the
strong visual and linguistic priors from CLIP, most of its
pre-trained weights are kept frozen, with only lightweight
3D-specific modules introduced. The following subsections
detail each component of the framework, followed by the
joint training objectives that integrate them into a unified
captioning model for 3D scenes.

3.2. 3D Scene Encoder

The role of the 3D scene encoder is to transform an unstruc-
tured point cloud into a set of latent tokens that capture the
geometric and semantic content of the scene. The scene
encoder integrates point-based 3D processing with a frozen
2D CLIP visual backbone to effectively capture geometric
and semantic information. It comprises three components:
(i) a point cloud tokenizer that partitions raw point clouds
into patch tokens, (ii) a set of learnable task tokens that in-
ject 3D captioning context, and (iii) a frozen CLIP Vision
Transformer that encodes the concatenated token sequence.
As shown in Figure 2 (top-left), the encoder transforms the
unstructured 3D input into a structured representation suit-
able for multimodal reasoning.

Point cloud tokenizer. Given an input point cloud P €
RN*(3+F) where each of the N points is described by 3D
coordinates (x,y, z) and F additional features (e.g., color,
normals, height, or multiview descriptors), we first convert
the point cloud into a discrete token sequence suitable for
transformer-based processing. To ensure spatial coverage,
we use farthest point sampling (FPS) to select M repre-
sentative points as patch centers. FPS promotes uniform
sampling by reducing redundancy in dense regions while
preserving structure in sparse areas. For each center, we
gather its nearest neighbors K to construct a local patch,
resulting in M patches { Py, P, ..., Py}, each containing
K spatially adjacent points. Each patch is passed through a
lightweight point-wise encoder, a series of multi-layer per-
ceptrons (MLPs), to extract local geometric and appearance
features. This yields a sequence of M point tokens, each
represented as a D)-dimensional embedding:

EP(P) = [ep17ep27"’7epM] € RMXDpv (D

where e, denotes the embedding of the ¢-th patch. This to-
kenization strategy effectively transforms the unstructured
3D input into a structured sequence, balancing local detail
(within each K -point patch) and global coverage (across the
M sampled patches), enabling efficient downstream pro-
cessing by the transformer backbone.

Task token. Although point tokens encode local visual
features, they lack explicit task awareness. To guide the
model toward 3D captioning, we introduce a set of learn-
able task tokens, embedding vectors that are prepended to
the point token sequence. Inspired by prompt tuning [23],
these task tokens are initialized with distinct fixed values
(e.g., indexed embeddings) and are updated during training.
Performing as high-level prompts, the task tokens condi-
tion the model for the captioning objective. Through self-
attention, they aggregate global semantic cues from the en-
tire point cloud, such as scene layout and salient objects,
which are critical for generating descriptive language. Ef-
fectively, they serve as a shared contextual anchor that bi-
ases the encoder toward language-relevant features in the
3D scene.

Frozen CLIP vision encoder. After obtaining the M point
tokens and m; task tokens, we concatenate them into a uni-
fied input sequence:

[ep17"'aepM;tla-"at’ﬂLt]v (2)

where t; denotes the j-th task token embedding. This se-
quence of length M + m; is then fed into a frozen CLIP Vi-
sion Transformer [30], adapted from the original CLIP im-
age encoder architecture. We keep all CLIP weights frozen
to preserve their pre-trained visual representations and pre-
vent catastrophic forgetting during training. This not only
stabilizes optimization but also significantly reduces mem-
ory and computational overhead, as the majority of param-
eters remain fixed.

The CLIP encoder processes the token sequence and out-
puts a series of latent embeddings that jointly capture 3D
geometry and task context. From these, we extract a global
scene representation fe,. € RP, which serves as a seman-
tically rich embedding of the 3D scene conditioned on the
captioning objective. This feature vector is used in the sub-
sequent contrastive alignment with text representations.

3.3. Text Encoder

While the 3D scene encoder extracts visual features from
point clouds, the text encoder transforms natural language
descriptions into a semantically aligned embedding space.
We adopt the Transformer-based CLIP text encoder [30]
and keep its weights frozen to retain the rich linguistic
knowledge acquired during large-scale pre-training. Freez-
ing the text encoder ensures that all captions are assigned
in the same semantic space as the CLIP visual representa-
tions, enabling effective alignment with the 3D scene em-
beddings.

Text tokenizer. Given an input sentence 71, we tokenize
it into a sequence of L subword tokens using a subword
tokenizer, which ensures robustness to out-of-vocabulary
words by decomposing them into known units. Each token
w; is assigned to an embedding D;-dimensional vector via a



learned embedding table, yielding the text token sequence:

E(T) = [es,, ey, .-, €4,,) € REXDr 3)
where e;, denotes the embedding of the i-th token. A spe-
cial beginning-of-sequence token is prepended to serve as a
sentence-level aggregator. We further add positional encod-
ings to preserve word order, which is essential for capturing
the syntactic and semantic structures in natural language.
Frozen CLIP text encoder. The sequence of text embed-
dings F(T) is processed by the CLIP text Transformer
encoder, which consists of V. layers of multi-head self-
attention and feed-forward networks. Let H? = E;(T) be
the input; the hidden states are updated as:

H' = TransformerBlock! (H' ™), 1 € [1,...,N¢], (4)

where each block includes self-attention, layer normaliza-
tion, and MLP sublayers. All weights in the text encoder
are kept frozen to preserve the linguistic knowledge ac-
quired from large-scale image-text pretraining. This also
helps prevent overfitting, especially given the limited size
of 3D captioning datasets.

From the final layer, we extract the hidden state corre-
sponding to the special [CLS] token as the global text rep-
resentation: f%_ € RPt. This vector encodes the overall se-
mantics of the caption and serves as the language-side em-
bedding in the contrastive learning module. By leveraging a
fixed CLIP text encoder, f _ resides in the same embedding
space as the CLIP visual features, enabling direct alignment
with the 3D scene embedding fepc-

3.4. Contrastive Learning Paradigm

To align the heterogeneous modalities of 3D point clouds
and text, we employ a contrastive learning objective that
maps both the 3D scene feature f.,. and the text feature
fi. into a shared embedding space. In this space, the
matched 3D-text pairs are pulled closer, while mismatched
pairs are pushed apart. This strategy mirrors the CLIP train-
ing paradigm, promoting cross-modal association through
discriminative alignment. In the following, we detail the
projection and normalization steps used to embed features
in the shared space, followed by the formulation of the con-
trastive loss.

Feature alignment. Before computing similarity, we
project the 3D scene feature fe,. and the text feature f7 .
into a shared embedding space using learnable projection
heads. Specifically, we apply two parallel two-layer MLPs:

fenc = MLPU (fenc) ) fsnc = MLPt (fetnc) ) (5)

where MLP,, and MLP; denote the projection heads for the
3D and text modalities, respectively. Each component con-
sists of a linear layer, a ReLU activation, and a second linear

layer. These modules not only unify the feature dimension-
ality, but also adapt the embeddings for optimal cross-modal
alignment. To facilitate similarity computation, we apply
L2 normalization to both projected vectors:

fenc = ‘fnc ’ Aetnc = ‘ fgnc . (6)

enc

2 2

This ensures that the features lie on the unit hypersphere,
allowing their similarity to be computed as the cosine of
the angle between them, which is an essential step for con-
trastive loss.

Contrastive loss function. With the projected and normal-
ized features, we apply a contrastive learning objective to
align paired 3D scenes and captions. Following the In-
foNCE formulation popularized by CLIP, we consider a
training batch of IV 3D-text pairs and compute pairwise co-
sine similarities between all scene—caption combinations.
For the i-th scene and the j-th text in the batch, the simi-
larity is defined as:

fenc,i "fetnc,j ’7 %

which corresponds to the dot product of unit-normalized
vectors. The contrastive loss maximizes the similarity be-
tween matching pairs (¢ = j), while minimizing it for mis-
matched pairs (i # j). For each scene 14, the loss is given
by:

: £ .t —
sun (fenc,i7 fenc,j) T o
enc,j

enc,?

exp (Sim (fenc,ﬁfctnc,i) /T)
Sy exp (sim (foisf ;) /7)

where 7 is a learnable temperature parameter that controls
the sharpness of the softmax distribution. This loss encour-
ages the model to assign high similarity to correct 3D-text
pairs while suppressing alignment with incorrect matches.
By training with this objective, the model learns a shared
embedding space in which 3D scenes and their correspond-
ing captions are closely aligned, facilitating effective cross-
modal understanding.

3.5. Multi-Modal Fusion Decoder

»CCon = _% sz\;l log ) (8)

The last component of 3D CoCa is the multi-modal fusion
decoder, which is responsible for generating natural lan-
guage descriptions conditioned on the input 3D scene. It
is implemented as an autoregressive Transformer decoder
equipped with cross-attention mechanisms that integrate 3D
scene context at each generation step.

Performing as a conditional language model, the decoder
generates captions token by token. It begins with a spe-
cial start-of-sequence token and, at each time step ¢, con-
ditions on previously generated tokens y.; through causal



self-attention to model intra-sentence dependencies. Simul-
taneously, it attends to the 3D scene embedding via cross-
attention, enabling it to incorporate visual context into each
prediction: P(y; | y<t, fenc). By leveraging the seman-
tically aligned 3D features obtained from the contrastive
stage, the decoder produces descriptions that are not only
grammatically coherent but also faithful to the 3D content.
The integration of causal and cross-modal attention ensures
that the output is linguistically fluent and visually grounded.
Cross-Attention mechanism. To integrate 3D visual con-
text into the captioning process, the decoder incorporates
cross-modal attention layers. In each decoder block, a
cross-attention module enables the decoder to attend to the
encoded 3D scene tokens produced by the scene encoder
(Section 3.2). Formally, let Qx denote the query matrix
from the decoder’s current hidden states, and K, Vicene
be the key and value matrices derived from the 3D scene
embeddings. The cross-attention is computed as:

1 2 KII
Attention (Quex Kk, Viene) = softmax (22588 ) Vi, (9)

where dj, is the key dimensionality. This operation enables
each position in the decoder to selectively incorporate rel-
evant 3D information, guided by the attention weights. By
conditioning the decoder on the scene features at every gen-
eration step, the cross-attention mechanism ensures that the
output captures both global context and fine-grained spa-
tial details from the 3D input. The resulting captions are
grounded in the visual content and reflect the structural lay-
out of the scene.

To support both linguistic coherence and visual ground-

ing, the cross-attention layers are interleaved with self-
attention layers within the decoder. This design allows for a
dynamic interplay between textual dependencies and visual
context, enabling the model to generate fluent and semanti-
cally accurate descriptions.
Training objectives and joint optimization. We train the
multi-modal decoder using a combination of contrastive
loss and captioning loss, jointly optimizing both to enforce
cross-modal alignment and improve generation quality. The
contrastive loss Lcon (Eq. (8)) is applied at the encoder
level to align 3D and text features in a shared embedding
space. This alignment provides a strong initialization for
the decoder and guides its cross-attention to focus on se-
mantically relevant visual regions.

The decoder itself is supervised with a standard cross-
entropy loss over the captioning task. Given a predicted
caption = (41,---,4r) and the corresponding ground-
truth sequence Y = (y1, ...,y ), the captioning loss is de-
fined as:

L
Lcap = _ZIOgP@t =Yt | G<ts fenc),  (10)

t=1

Algorithm 1: 3D CoCa Algorithm

Require: Point cloud data P, Text input 1"

Ensure: Generated caption c
1: Point Cloud & Text Input Processing:
2: E, + Point cloud tokenizer(P) {Tokenize input point cloud
into sequence}

: E; < Text tokenizer(7T") {Tokenize input text into sequence}

: Feature Encoding via Frozen CLIP Encoders:

¢ fene < CLIPyigual (Ep) {Frozen CLIP visual encoder}

. £l < CLIPyx(E;) {Frozen CLIP text encoder}

: Feature Alignment & Contrastive Learning:

: (f'enc, fetnc) < Feature alignment & Normalize(fenc, fetnc)

: Lcon < InfoNCE (f'enc, f'etm) {Contrastive loss for matching
vs. non-matching pairs }

10: Update alignment layers using Lcon

11: Multi-modal Decoding & Caption Generation:

12: C' < TransformerDecoder(f.,.) {Cross-attention over fup,

autoregressive generation }

13: Joint Optimization Objective:

14: Lcap « CrossEntropy (C', Cy¢ ) {Caption generation loss}

15: Lrotal < ﬁCap + A Lcon

where fe is the global 3D scene embedding used to condi-
tion the decoder via cross-attention.
The overall training objective combines both losses:

ETotal = [:Con +A- ECap7 (11)

where )\ is a weighting hyperparameter that controls the
trade-off between alignment and generation. In practice,
we set A to assign approximately equal importance to both
objectives.

This joint training scheme creates a mutually reinforc-
ing learning signal: contrastive alignment ensures that the
encoder produces scene features that are accessible and in-
formative for the decoder, while caption supervision en-
courages the encoder to capture fine-grained, text-relevant
details. As a result, 3D CoCa learns to generate captions
that are not only fluent and descriptive but also precisely
grounded in the 3D scene content, as summarized in algo-
rithm 1.

4. Experiments
4.1. Datasets and Evaluation Metrics

Datasets. We evaluate 3D captioning performance on two
widely used benchmarks: ScanRefer [8] and Nr3D [1], both
of which contain human-annotated descriptions of 3D ob-
jects and scenes. ScanRefer comprises 36,665 descriptions
for 7,875 objects across 562 scenes, while Nr3D includes
32,919 descriptions for 4,664 objects in 511 scenes. Both
datasets are derived from ScanNet [15], which provides a
large-scale collection of 1,201 indoor 3D scenes. For evalu-
ation, we use the standard validation splits: ScanRefer con-



Table 1. Comparison of various methods on the ScanRefer dataset [8]. We evaluate the performance of each method, with and without
additional 2D input, at IoU thresholds of 0.25 and 0.5. Metrics include CIDEr (C) [31], BLEU-4 (B-4) [28], METEOR (M) [2], and
ROUGE-L (R) [22]. Our proposed 3D CoCa achieves state-of-the-art results across all settings.

w/o additional 2D input

w/ additional 2D input

Method ToU =025 ToU = 0.50 ToU=025 ToU = 0.50
Ct  B4T M RT Ct  B47 M RI Ct  B4T M RT Ct  B4F M RT

Scan2Cap [6] 5373 3425 26.14 5495 3520 2236 2144 4357 56.82 34.18 2629 5527 39.08 2332 2197 44.78
MORE [16] 58.89 3541 2636 5541 3898 2301 21.65 4433 6291 3625 2675 5633 40.94 2293 21.66 44.42
SpaCap3d [33] 58.06 3530 26.16 55.03 4276 2538 2284 4566 6330 3646 2671 5571 4402 2526 2233 4536
3DICG [3] 60.86 39.67 2745 59.02  47.68 31.53 2428 51.80 6470 40.17 27.66 59.23 4948 31.03 2422 50.80
D3Net [9] - - - - - - - - - - - - 46.07 3029 2435 51.67
3D-VLP [40] 64.09 39.84 27.65 58.78 5002 31.87 2453 51.17 7073 41.03 28.14 5972 5494 3231 2483 5151
Vote2Cap-DETR [11] 7145 3934 2825 59.33 61.81 3446 2622 5440 7279 39.17 28.06 59.23 59.32 3242 2528 52.53
Unit3D [7] - - - - - - - - - - - - 46.60 2722 2191 4598
Vote2Cap-DETR++ [12] 7636 4137 2870 60.00 6758 37.05 2689 5564  77.03 4099 2853 5959 6432 3473 2604 53.67
BiCA [20] 7842 4146 28.82 60.02 6846 3823 2756 5856 7835 4120 28.82 59.80 6647 36.13 2671 54.54
See-Tt-All [19] 7868 4325 2921 63.06 7322 4091 28.19 6046  78.05 42.16 2874 6170  69.86 37.89 27.04 57.33
3D CoCa (Ours) 8542 4556 3095 6198  77.13 4123 2852 5740 8612 4479 3075 6145 7452 3842 28.03 5523

Table 2. Comparison on Nr3D [1] at IoU=0.5. Our model out-
performs existing methods, demonstrating higher CIDEr (C) [31],
BLEU-4 (B-4) [28], METEOR (M) [2], and ROUGE-L (R) [22]
scores.
Method

C@0.571 B-4@0.57 M@0.57 R@0.57

Scan2Cap [6] 27.47 17.24 21.80 49.06
SpaCap3d [33] 33.71 19.92 22.61 50.50
D3Net [9] 33.85 20.70 23.13 53.38
3DJCG [3] 38.06 22.82 23.77 52.99
Vote2Cap-DETR [11] 43.84 26.68 25.41 54.43
Vote2Cap-DETR++ [12]  47.08 27.70 25.44 55.22
BiCA [20] 48.77 28.35 25.60 55.81
3D CoCa (Ours) 52.84 29.29 25.55 56.43

tains 9,508 descriptions for 2,068 objects in 141 scenes,
while Nr3D contains 8,584 descriptions for 1,214 objects in
130 scenes. All evaluation scenes are drawn from the 312
3D scenes in the ScanNet validation set. This setup ensures
a consistent evaluation protocol across both datasets.
Evaluation metrics. We evaluate model performance us-
ing four standard metrics: CIDEr [31], BLEU-4 [28], ME-
TEOR [2], and ROUGE-L [22], denoted C, B-4, M, and
R, respectively. Following prior works [3, 6, 11, 16, 33], we
apply Non-Maximum Suppression (NMS) to filter duplicate
object proposals before evaluation. To assess the quality of
generated captions while accounting for localization accu-
racy, we adopt the m@EkIoU metric [6]. Given a total of N
annotated objects, it is defined as:

m@KIOU = £ SN m (6, C) - T {IoU (bb) > k} . (12)

where ¢; and C; denote the predicted and ground-truth
captions, b; and b; are the predicted and ground-truth 3D
bounding boxes, and m(-) is any captioning metric (e.g.,
CIDEr, METEOR, BLEU-4, ROUGE-L).

4.2. Implementation Details

We detail the implementation settings for our model and
the baselines. The input point cloud P € R#0:000x10 ¢op_
sists of 40,000 points, each represented by its absolute 3D

position and additional per-point features. In the “w/o addi-
tional 2D” setting, these features include color, normal, and
height, while in the “w/ additional 2D” setting, the color
channel is replaced by 128-dimensional multiview features
extracted from 2D images using ENet [10], following the
protocol in [6].

We train all models for 1,080 epochs on ScanRefer [§8]
and Nr3D [1] using a combination of cross-entropy loss
and contrastive loss. Optimization is performed using
AdamW [24] with a learning rate of 0.1, a batch size of
4, and a cosine annealing learning rate schedule. All exper-
iments are conducted on a single NVIDIA RTX 4090 GPU.

4.3. Comparative Study

We evaluate our method on ScanRefer and Nr3D using four
standard captioning metrics: CIDEr (C) [31], METEOR
(M) [2], BLEU-4 (B-4) [28], and ROUGE-L (R) [22]. Eval-
uation follows the IoU thresholds of 0.25 and 0.5 for Scan-
Refer (Table 1) and 0.5 for Nr3D (Table 2); the dashed (“-
) indicates that results are not reported in the original or
follow-up works.

Scanrefer. As shown in Table 1, our model consistently
outperforms existing approaches across all settings and IoU
thresholds, demonstrating stronger spatial understanding
and linguistic expressiveness.

Nr3D. On Nr3D (Table 2), 3D CoCa achieves notable gains
in CIDEr and BLEU-4, reflecting improved reasoning over
natural, free-form descriptions.

Qualitative results. Figure 3 provides qualitative com-
parisons on ScanRefer, where our method generates more
fluent and semantically grounded captions than Vote2Cap-
DETR++ [12], aligning better with ground-truth descrip-
tions.

4.4. Ablation Study

Contrastive learning loss impact analysis. We first study
the effect of incorporating contrastive learning and analyze



Table 3. The impact of contrastive learning loss weight \ on
ScanRefer. When A=1, the performance is the best, indicating the
role of contrastive learning.

A C@0.25t B-4@0.251 M@0.257 R@0.251

0.0 74.12 40.98 27.45 58.76
0.1 77.30 41.80 28.10 59.60
0.5 79.55 42.55 28.75 60.40
1.0 85.42 45.56 30.95 61.98
2.0 76.89 41.50 28.00 59.30

Table 4. The impact of different caption generation decoders.
Comparison of the description indicators of the original GPT-2
generator and the CoCa-style multimodal decoder in this paper
under the same visual features.
Caption Decoder C@0.25t B-4@0.25t M@0.257 R@0.25t
GPT-2 Captioner (Baseline)  76.20 41.00 27.80 59.50
CoCa Transformer (Ours) 85.42 45.56 30.95 61.98

Table 5. Comparison of the impact of different 3D point cloud
encoder architectures on description performance.

C@0.251 B-4@0.251 M@O0.257 R@0.251
PointNet++ (Baseline) 72.48 38.95 26.80 56.30
3D CoCa (Ours) 85.42 45.56 30.95 61.98

Encoder Architecture

the model sensitivity to different values of the weighting co-
efficient A. Specifically, we vary A € {0,0.1,0.5,1.0,2.0}
to control the strength of the contrastive objective. As
shown in Table 3, the model without contrastive loss (A =
0) yields the weakest performance across all metrics. In-
troducing contrastive supervision significantly improves re-
sults: for instance, CIDEr increases from 74.12 to 79.55 as
A increases from 0 to 0.5, with the best overall performance
achieved at A = 1.0. When the weight increases to A = 2.0,
the performance decreases slightly, although it still sur-
passes the baseline without contrastive learning. These re-
sults suggest that a moderate contrastive objective enhances
cross-modal alignment and semantic grounding, thus im-
proving the quality of 3D scene descriptions. Overempha-
sizing the contrastive loss, however, may hinder generation
fluency due to overly constrained representations.

Decoder architecture comparison. Then, we evaluate the
impact of the captioning decoder architecture while keep-
ing the visual encoder output fixed. As shown in Table 4,
this substitution leads to a notable drop in captioning per-
formance across all metrics. The results highlight the ef-
fectiveness of the CoCa-style decoder in integrating con-
trastively aligned visual features during generation. Its
cross-attentional design enables tighter coupling between
visual context and textual output, producing descriptions
that are more semantically informative and better grounded
in the 3D scene content.

Point cloud encoder analysis. Finally, we compare the
proposed EPCL-based point cloud encoder against the con-
ventional PointNet++ [29] encoder under identical settings.
As shown in Table 5, our EPCL-based encoder yields con-

Vote2Cap-DETR++: A room with
several rectangular tables and
various items on them.

Vote2Cap-DETR++: Aroom
with a few tables, cluttered
items on top, and several
chairs nearby.

Ve

Ours: An open space designed
for work or study, with multiple
tables and chairs arranged to

form a collective workspace, and
ample floor space around them.

/0urs: A messy workspace, )
with various documents or
tools scattered on the tables
and a few chairs and
electronic devices placed

) \around. )

GT: A spacious indoor setting
with several parallel tables and
chairs, offering walking and
working areas on all sides. The

"\ (GT: An office area, where N

tabletops are covered with
multiple items and documents.
Chairs and computer
accessories are set around the

\layout resembles a classroom.

/ QOOm. /
Figure 3. Qualitative results on ScanRefer [8]. A visual com-
parison on the ScanRefer [8] dataset showcasing indoor scenes de-
scribed by Vote2Cap-DETR++ [12], our method (Ours), and the
ground truth (GT), highlighting differences in descriptive accu-
racy and style.

sistently superior performance. These results demonstrate
that the EPCL framework, when combined with pre-trained
CLIP features, significantly enhances both the semantic rep-
resentation and spatial modeling of 3D scenes. The richer
and more structured scene understanding enables the model
to generate captions that are more accurate, detailed, and
better grounded in the visual context.

5. Conclusion

In this work, we propose 3D CoCa, a unified contrastive-
captioning framework for 3D vision-language tasks. By
jointly learning contrastive 3D-text representations and cap-
tion generation within a single model, 3D CoCa elimi-
nates the need for any explicit 3D object detectors or pro-
posal stages. This unified approach enables direct 3D-to-
text alignment in a shared feature space, leading to im-
proved spatial reasoning and more precise semantic ground-
ing compared to previous methods. Experiments on two
widely used datasets validate that our proposed 3D CoCa
model significantly outperforms existing methods across
standard captioning metrics and demonstrates the bene-
fits of our contrastive learning strategy. We believe that
3D CoCa establishes a strong foundation for future research
on unified 3D vision-language models and open-world spa-
tial understanding.
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