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Abstract

Leveraging 3D information within Multimodal Large Lan-
guage Models (MLLMs) has recently shown significant ad-
vantages for indoor scene understanding. However, exist-
ing methods, including those using explicit ground-truth 3D
positional encoding and those grafting external 3D founda-
tion models for implicit geometry, struggle with the trade-
off in 2D-3D representation fusion, leading to suboptimal
deployment. To this end, we propose 3D-Implicit Depth
Emergence, a method that reframes 3D perception as an
emergent property derived from geometric self-supervision
rather than explicit encoding. QOur core insight is the
Implicit Geometric Emergence Principle: by strategically
leveraging privileged geometric supervision through mech-
anisms like a fine-grained geometry validator and global
representation constraints, we construct an information
bottleneck. This bottleneck forces the model to maximize the
mutual information between visual features and 3D struc-
tures, allowing 3D awareness to emerge naturally within
a unified visual representation. Unlike existing approaches,
our method enables 3D perception to emerge implicitly, dis-
entangling features in dense regions and, crucially, elimi-
nating depth and pose dependencies during inference with
zero latency overhead. This paradigm shift from exter-
nal grafting to implicit emergence represents a funda-
mental rethinking of 3D knowledge integration in visual-
language models. Extensive experiments demonstrate that
our method surpasses SOTA on multiple 3D scene under-
standing benchmarks. Our approach achieves a 55% reduc-
tion in inference latency while maintaining strong perfor-
mance across diverse downstream tasks, underscoring the
effectiveness of meticulously designed auxiliary objectives
for dependency-free 3D understanding. Source code can be
found at github.com/Ch

T hanZhana /30— TNE
shanZhang/3D—-IDE.

1. Introduction

Multimodal large language models (MLLMs) have rapidly
become a unifying interface for 3D scene understanding,
thanks to their strong 2D priors and powerful reasoning
ability [1, 28, 29]. Recent work adapts MLLMs to 3D
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Figure 1. Comparison of 3D-aware designs for video-LLMs.
(a) Explicit coordinate injection fuses 2D features with coarse 3D
positional embeddings and requires 3D inputs at inference. (b)
Dual encoders separately process RGB and geometry, then fuse
their outputs, increasing complexity and latency. (¢) 3D-IDE uses
a single visual encoder trained so that 3D awareness emerges im-
plicitly, enabling efficient RGB-only inference.

through several routes: point cloud encoders that project
3D features into language-aligned spaces [10, 43], multi-
view approaches that lift 2D features to 3D representa-
tions [19, 55], and video-based methods that capture spatio-
temporal relationships in 3D scenes [30, 54]. Among these
paradigms, video-based MLLMs are especially attractive
because they naturally preserve scene continuity and lever-
age pretrained video understanding capabilities.

Within this video-based paradigm, existing methods
mainly differ in how they inject geometric awareness. As
illustrated in Fig. 1, one line of work explicitly encodes per-
pixel 3D coordinates from depth and camera poses into vi-
sual tokens, requiring additional 3D inputs such as depth
maps or camera poses at inference time [4, 24, 54]. An-
other line relies on a separate 3D foundation model whose
features are fused with those of a 2D visual encoder, form-
ing a dual-encoder design [7, 38, 46, 53]. Both strategies,
however, have fundamental drawbacks. Explicit coordi-
nate injection introduces a critical dependency on special-
ized 3D sensors and passes through aggressive downsam-
pling and quantization, which collapses fine-grained geom-
etry and lead to a “double information loss”. Dual-encoder
designs increase parameters and latency and create a repre-
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sentation gap: 2D and 3D encoders are typically frozen and

optimized under different objectives, so the language model

is forced to act as a late-stage aligner instead of focusing on
high-level 3D reasoning, ultimately limiting deployability.

This work asks a different question: can we learn a 3D-
aware representation that uses only RGB video at infer-
ence, yet retains geometry strong enough for 3D grounding
and reasoning? To answer this, we propose 3D-IDE (3D-
Implicit Depth Emergence), guided by the Implicit Geo-
metric Emergence Principle (IGEP). Rather than treat-
ing geometry as a mandatory input, we regard it as privi-
leged supervision that is available only during training. A
lightweight, training-only geometric validator and a global
3D teacher provide fine-grained and scene-level geometric
signals that push the visual encoder to embed 3D structure
directly in its tokens, without modifying the inference-time
interface or introducing any additional inputs.

Concretely, the same visual tokens that condition the
video-LLM are also required, during training, to support
dense, uncertainty-aware depth prediction, localized cross-
view consistency across neighboring frames, and alignment
with a frozen 3D foundation model [38, 46]. Because the
geometric head is deliberately low-capacity and discarded
at test time, the model cannot rely on it as a 3D expert;
instead, it must internalize geometric cues in the shared en-
coder. This implicit training pressure yields a single RGB-
only representation that is geometrically informative, avoids
explicit coordinate injection and separate 3D encoders, and
adds no latency or extra inputs at deployment. Overall our
main contributions are three-fold:

* We introduce the Implicit Geometric Emergence Princi-
ple, which views 3D awareness in video-MLLMs as an
emergent effect of training-time geometric supervision
rather than explicit 3D inputs or heavy 3D encoders.

* We realize this principle in 3D-IDE, which uses a
lightweight geometric validator and a global 3D teacher
to impose uncertainty-aware depth, multi-view consis-
tency, and scene-level constraints, while keeping infer-
ence strictly RGB-only.

* On standard 3D grounding, captioning, and QA bench-
marks, 3D-IDE outperforms prior RGB-only video-
MLLMs and remains competitive with methods using
explicit 3D inputs, achieving up to 6.36% higher 3D
grounding accuracy with 12.86% fewer parameters and
55.28% faster inference.

2. Related Work

MLLMs for 3D Scene Understanding. Adapting Multi-
modal Large Language Models (MLLMs) [1, 27, 28, 39]
for 3D scene understanding has attracted significant in-
terest. Early pioneering works focused on bridging the
modality gap between 3D representations and language.
These methods typically ingest point cloud data, which

is processed by a specialized 3D encoder (like Point-
Net [34] or its variants [35]) before being projected into
the MLLM’s embedding space. Prominent examples in
this category include PointLLM [42], 3D-LLM [19], Chat-
3D [40], LL3DA [9], and Grounded 3D-LLM [12]. While
effective for 3D-centric tasks, these approaches face two
key challenges: the scarcity of large-scale, well-annotated
3D—text datasets and a fundamental disconnect from the
rich 2D visual knowledge learned by MLLMs during large-
scale pre-training. Recent empirical studies [16, 33] have
shown that 2D pre-trained visual foundation models can
effectively extract 3D spatial representations from 2D fea-
tures, indicating that large-scale 2D pre-training inherently
encodes structural priors of 3D scenes. Building on this
insight, recent work has shifted toward video-based ap-
proaches [36, 54], which process 3D scenes as multi-view
sequences or video frames to naturally preserve scene con-
tinuity, exploit pre-trained video understanding capabilities,
and capture spatio-temporal relationships across frames.

3D-Aware Integration in Video-MLLMs. Within the
video or multi-view paradigm, contemporary work incorpo-
rates 3D priors into MLLMs along two explicit routes and
one implicit route. First, direct injection methods, exempli-
fied by Video-3D LLM [54] and its variant 3DRS [24], treat
3D scenes as videos and augment patch-level visual tokens
with global 3D coordinates computed from depth and cam-
era poses, a strategy that is also adopted by LLaVA-3D [55]
and GPT4Scene [36]. Second, explicit supervision or fu-
sion methods refine these representations through geomet-
ric feature fusion: Vid-LLM [7] aligns MLLM visual fea-
tures to those from pre-trained 3D foundation models such
as VGGT [38] and FLARE [46], while VG-LLM [53] ex-
tracts priors such as inter-frame correspondences from RGB
videos using a pre-trained 3D geometry encoder and fuses
them with 2D tokens. In contrast, 3D-IDE advances an im-
plicit route via the Implicit Geometric Emergence Principle,
where geometry serves as a form of privileged training sig-
nal for an auxiliary validator, encouraging the MLLMs to
internally emerge 3D-aware structure directly from monoc-
ular cues without relying on explicit 3D priors or any addi-
tional inference-time components.

3. Method

This section details our proposed 3D-IDE framework,
which is designed to overcome the critical limitations of
existing MLLMs in 3D scene understanding. In Sec. 3.1,
we begin by formally revisiting and analyzing the distinct
structural constraints of the two conventional paradigms,
which motivates our approach. We then introduce the key
principles of our proposed 3D-IDE framework in Sec. 3.2,
centered on the Implicit Geometric Emergence Principle.
Following this, we detail the specific architecture and com-



posite training objectives used to realize this principle in
Sec. 3.3. The overall framework is illustrated in Fig. 3.

3.1. Preliminaries

We first formalize the typical structure of 3D-aware video
MLLMs and the two dominant paradigms used to inject ge-
ometric information. Let {I; }¥_; denote a set of multi-view
images or video frames, and let fg be a visual encoder. For
each frame I, the encoder produces patch-level features

F, = fE(It) c RH’XW’xd’

where H’, W' are the downsampled spatial dimensions and
d is the feature dimension. Existing 3D-aware designs con-
struct enriched features F*P” by combining F; with 3D
cues, typically from explicit inputs or external encoders.

Table 1. Performance gap between 3D-trained models with and
without 3D inputs. On 3D VQA benchmarks, removing 3D signals
reduces accuracy to the level of zero-shot 2D MLLMs.

Scan2Cap  ScanRefer ~Multi3DRefer

Method External 3D inputs

C@0.5 Acc@0.25 F1@0.25
2D-MLLM (LLaVA-Next-Video) [48] X 31.0 - -
3D-MLLM (Video-3D LLM) [54] x 315 53.7 46.0
3D-MLLM (Video-3D LLM) [54] v 83.8 58.1 58.0
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Figure 2. Illustration of the double information loss in explicit
coordinate injection. (a) RGB frame with a 2D patch whose pix-
els are back-projected to point cloud. (b) Pooling collapses all
patch points into one token, losing local structure. (c¢) Voxelization
merges distinct 3D points into the same voxel, further degrading
fine-grained geometry and harming downstream 3D reasoning.

Explicit 3D-Input. Methods in this family rely on ex-
plicit 3D inputs, such as depth maps. This reliance is a
critical flaw, significantly limiting generalization and prac-
tical deployment in real-world scenarios where such data is
unavailable. To quantify this dependency, we ablate the 3D
ground-truth inputs during inference. As shown in Tab. 1,
we observe a substantial performance degradation when 3D
inputs are withheld. Despite being fine-tuned on 3D data,
the model’s performance collapses to a level comparable to
a 2D MLLM (Ist row) in a zero-shot setting. This con-
firms that existing models often use 3D inputs as a crutch,
failing to develop robust, generalizable 3D understanding.

This method, used by [24, 54], requires a per-pixel 3D coor-
dinate map C, € RH*W X3 ag50ciated with each image I,
computed by back-projecting the depth map using camera
parameters. These coordinates are encoded via a positional
encoding function ¢(+) and injected into the visual features:

FPP = F, + ¢(Cy) (1)

This encoding process itself is highly problematic. As vi-
sualized in Fig. 2, the coordinates C'; are heavily downsam-
pled and voxelized to align with patch-wise features. This
coarse aggregation creates an information bottleneck, caus-
ing fine-grained geometric structures to be averaged out and
rendered indistinguishable. This double information loss
prevents the model from perceiving fine-grained geometry
and exacerbates spatial ambiguity, especially when a single
patch is geometrically complex or contains multiple objects.

External 3D-Encoder. A second family of approaches
employs a dedicated geometric encoder Ky, to extract la-
tent 3D features from the input frames. Given image fea-
tures F; from the visual encoder and geometric features
Gt = Eyeo(1:), the 3D-aware representation is obtained by
a feature fusion @, which is formulated as follows:

FP =F, @G, 2)

Such geometric encoders are often large models (e.g.,
VGGT [38] has on the order of one billion parameters),
which substantially increases the overall model size and in-
ference cost and makes end-to-end optimization more de-
manding. In addition, Ej, is typically pre-trained and
kept frozen under objectives different from those of the
video MLLM, so the resulting feature spaces may be poorly
aligned. As a consequence, the language model must im-
plicitly learn to reconcile the 2D and 3D streams, limiting
the effectiveness of late fusion for 3D reasoning.

LLMs with 3D visual tokens. Regardless of the method
used to obtain F?P (Eq. (1) or (2)), given a tokenized text
instruction v, models in this dependency paradigm are op-
timized by minimizing the standard cross-entropy loss:

T
Lee =~ Z Inge(yn|y<n, {thD}z]tV:h w)v 3)
n=1

where y,, is the n-th ground-truth output token, 7 is the to-
tal length of the target sequence, and 6 denotes the set of all
trainable parameters of the entire MLLM model fy. The
analyses above highlight a critical trilemma in 3D-aware
MLLMs: existing methods either (1) rely on unavailable
ground-truth inputs, (2) destroy geometric information via
coarse encoding, or (3) depend on massive, external 3D
foundation models. These limitations motivate the need
for a 3D representation that is simultaneously lightweight,
information-preserving, and independent of ground-truth.
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Figure 3. The 3D-IDE framework. Our approach avoids the “Double Information Loss” (see Fig. 2) inherent in explicit coordinate
injection methods. Instead of injecting coarse, lossy coordinates, we use a privileged training module (green box) that is detached at
inference for zero latency. This module forces the model to learn a fine-grained 3D representation implicitly via two parallel gradient
signals (green arrows): a geometric gradient from a weak depth validator and a global gradient from a frozen foundation model guidance.

3.2. Implicit Geometric Emergence Principle

To address the trilemma of inference latency, external de-
pendency, and representation misalignment, we propose the
Implicit Geometric Emergence Principle. The core idea is
to reframe 3D perception as an emergent property derived
from privileged supervision rather than external inputs.

3.2.1. Geometric Emergence Learning

Building on the previous analysis, our objective is to obtain
a 3D-aware representation that requires only RGB inputs at
inference, yet retains sufficient geometric information for
downstream reasoning. In 3D-IDE, we treat 3D awareness
as an emergent property of the encoder features themselves.
Formally, within our unified representation learning frame-
work, we redefine the 3D-aware feature as:

F}P =, 4)

so that a single feature space must encode both 2D se-
mantics and 3D geometry, rather than being an explicit con-
catenation or addition of separate 2D and 3D streams.

To induce such an implicit 3D representation, we re-
gard geometry as privileged supervision that is only avail-
able during training. Let Y3? denote latent 3D scene vari-
ables associated with the input sequence, such as depth, lo-
cal surface structure, and multi-view consistency. Rather
than providing Y3P (or its substitutes) as explicit input to
the MLLM, we encourage the encoder to learn features

from which Y3P can be recovered by low-capacity de-
coders attached only during training. This encourages the
encoder to internalize geometric information while keeping
the inference-time interface unmodified. Concretely, 3D-
IDE attaches a lightweight, training-only privileged mod-
ule to the encoder. Given the sequence of tokens Fy, an
Auxiliary Geometric Validator fp, implemented as a com-
pact DPT-style decoder, predicts a dense depth map D, and
a pixel-wise uncertainty map ), for each frame. A geo-
metric supervision signal, denoted by Lgcomerry, Measures
the discrepancy between (D, 3;) and the available ground-
truth depth, and is designed to encourage fine-grained and
uncertainty-aware depth prediction.

The video setting provides additional structure through
multi-view geometry. We exploit this structure in a lo-
calized and a global manner. At the local level, a cross-
view term, denoted L .oss.view, enforces consistency be-
tween depth predictions across neighboring frames un-
der the known relative pose by warping and comparing
outputs. This encourages the model to learn viewpoint-
consistent geometry from sparsely sampled frame pairs,
without incurring the cost of exhaustive pairwise supervi-
sion. However, enforcing cross-view constraints densely
over all frame pairs is computationally prohibitive for long
video sequences. To extend consistency beyond the sam-
pled pairs in a lightweight manner, we therefore introduce a
complementary global constraint, denoted Lgiopa. Concep-
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tually, this constraint provides a compact scene-level reg-
ularization signal: it encourages the model to produce a
global representation of the scene that is geometrically co-
herent, thereby propagating consistency across the entire se-
quence while maintaining low computational overhead.

3.2.2. Geometric Validator Capacity and Initialization

IGEP is designed so that most of the 3D reasoning capacity
resides in the shared visual encoder. This makes the Auxil-
iary Geometric Validator fp conceptually a readout module
rather than a task-specific 3D expert. In 3D-IDE we there-
fore instantiate fp as a low-capacity decoder trained from
scratch, instead of a powerful pre-trained depth network.

Let Pyeax denote a family of lightweight validators pa-
rameterized by #p. Given an encoder fg(+;0g), the auxil-
iary geometric supervision can be abstracted as

Omien ['geometry(fP(fE(I;QE);GP)ngt)v fP € Pueak
B,0p

Because fp is restricted to Pye,x and has no pre-training,
it cannot absorb arbitrarily complex 3D reasoning. The ge-
ometric loss instead constrains the joint system (fg, fp)
and biases the optimization toward encoder representations
Fi = fg(l;0g) in which geometry is organized in a
form that such a simple validator can decode. In contrast,
a high-capacity, pre-trained validator would carry strong
task-specific priors and could account for much of the 3D
reasoning on its own, weakening the pressure on the en-
coder. From the perspective of IGEP, we therefore favor
a weak, from-scratch validator that allocates capacity and
prior knowledge primarily to the shared encoder.

Our ablation in Tab. 3 compares two instantiations of fp
that share the same architecture but differ in initialization:
a pre-trained depth model from vggt and a from-scratch
variant. The two settings achieve very similar performance
across ScanRefer and Multi3DRef, with the from-scratch
variant being slightly but consistently higher. This sug-
gests that a strong pre-trained depth head is not necessary
for IGEP to be effective, and that a weak, from-scratch val-
idator is sufficient while better matching the desired design
philosophy of keeping geometry inside the shared encoder.

3.3. Architecture and Training Objective

Our implementation adapts a standard video-language ar-
chitecture to incorporate our privileged learning framework.
The core idea is a training-only module that enables the
model to develop an implicit perception of 3D geometry.
This module is entirely detached and discarded during in-
ference, thus incurring zero latency overhead. The training
is driven by a composite objective that primarily focuses on
learning fine-grained geometry through our IGEP, while lo-
calized and global signals enforce multi-view consistency.

3D-Aware Visual Encoder. We employ a pretrained Vi-
sion Transformer backbone, SigLIP [37], which is fine-
tuned end-to-end. Given a sequence of N video frames
{I;}Y,, the encoder produces per-frame token features

Fy = fe(l;;0p) e RM*C ¢t =1,... N,

where M is the number of visual tokens and C' is the chan-
nel dimension. As defined in Eq. (4), these tokens are di-
rectly treated as the 3D-aware features F>P. After a linear
projection into the language embedding space, the sequence
{F?PYN | is used as a soft visual prompt.

Auxiliary Geometric Validator. To expose the encoder
to fine-grained geometric supervision, we attach an Auxil-
iary Geometric Validator fp to the visual tokens. For each
frame ¢, the validator takes F; as input and predicts a dense
depth map and a pixel-wise uncertainty map,

(D¢, Sp) = fr(Fy;0p),

where D, € RT*W and $p; € R¥*W are aligned with
the image resolution. The validator is implemented as a
DPT-style decoder with limited capacity (train from strath).
It is used only during training and removed at inference.

Video MLLM. We adopt a LLaVA-Next-Video [48] style
architecture with Qwen2-7B [39] as the language backbone.
The projected visual tokens derived from {F*P} are con-
catenated with textual tokens and fed into the LLM as a
soft visual prompt. The language model remains standard:
given a tokenized instruction ¢ and target token sequence
{yn}E_,, itis trained autoregressively with a cross-entropy
objective, as detailed in Eq. (3).

Geometric Objective. Let D} denote the ground-truth
depth map for frame ¢, and let {2 be the set of valid pix-
els across all frames. For each valid pixel p € €2, we define
a per-pixel loss £, that combines data fidelity, gradient con-
sistency, and uncertainty regularization:

Ep :HiD,p © (f)p - D%K)H
+ ”iD,p © (Vﬁp - VD;gyt)H ®)
—alog¥p,

where V denotes the spatial gradient operator, © is the
element-wise product, and « is a weighting hyperparame-
ter. The geometric loss is the average of this per-pixel loss:

1
Egeomelry = @ Z Ep (6)

PEQ

This loss encourages accurate and uncertainty-aware depth
reconstruction and compels the encoder features F; to carry
fine-grained geometric information.



Localized Cross-View Consistency. To exploit temporal
structure, we introduce a cross-view loss that enforces depth
consistency between neighboring frames. For a reference
frame ¢, we randomly sample a neighboring frame ¢’ and
use the known relative pose P(t' — t) to warp the predicted
depth ﬁt/ into the viewpoint of frame ¢, obtaining ﬁt/%t.
Let My s € {0,1}>W be a mask indicating valid warps,
and let €04, be the set of pixels where My _,;, = 1. The
cross-view consistency loss is:

1
Ecross»view = m Z
t'—t

PEQy 4

|Dip— Dysinll, (D

This encourages depth predictions to be stable under view-
point changes and respect multi-view constraints, as [45].

Global Scene-Level Consistency. The global regularizer
aligns the encoder’s sequence-level representation with that
of the frozen 3D foundation model fo [38]. Given the
teacher descriptor f, and the projected encoder descriptor
f» defined above, we use a cosine-distance loss:

 fals
[ fall2 [l foll2
Because f¢ is frozen and used only at training time, this

loss provides lightweight scene-level guidance without in-
troducing any additional inference latency.

Eglobal =1- COS(fa, fb) =1 (8)

Composite Training Objective. The total training objec-
tive is a sum of the primary L. and our auxiliary losses:

Etolal = ['cc + Egeomelry + ﬁcross—view + [’global (9)

At inference time, the validator fp and the 3D foundation
model f¢ are removed, and the MLLM performs 3D-aware
reasoning using only the unified encoder features {FP}
extracted from RGB video.

4. Experiments

In this section, we empirically evaluate 3D-IDE on stan-
dard 3D scene understanding benchmarks and analyze how
each component of the framework contributes to perfor-
mance. Throughout, we focus on settings where models re-
ceive only RGB inputs at inference, so that any gains stem
from the learned 3D-aware representation rather than ad-
ditional geometric inputs. Unless otherwise specified, our
core baseline is a reproduction of Video-3D LLM [54] with
its explicit geometric injection mechanism removed; we de-
note this baseline as Video-3D LLM* in all tables. We first
compare 3D-IDE with task-specific specialist models and
3D generalist MLLMs to assess its performance under fair,
depth-free conditions and its competitiveness with methods

[ 3D Grounding Task

Question: Asmall blue cabinet. there
is a chair and bed near it.

GT: [-0.475, 1.250, 0.936, 0.431, 0.347, 0.342]
Baseline: [-0.313, 1.231, 0.448, 0.645, 0.515, 0.881]

Ours: [-0.475, 1.250, 0.936, 0.431, 0.347, 0.342

{ 3D Captioning Task }

GT: It is a white pillow. the pillow is on
the left of the left bed.

Baseline: This is a black cabinet. it is to
the left of the desk. (CIDEr: 0.06)

Ours: This is a white pillow. it is on the left
side of the bed. (CIDEr: 3.36)

[3D Question Answering Task

A

Question: What is to the right of the water
bottle on the counter?

GT: Paper towel roll.
Baseline: Refrigerator.

Ours: Paper towel roll

Figure 4. Qualitative results on three 3D vision-language tasks.

that rely on explicit 3D inputs. We then analyze the learned
representation and efficiency of 3D-IDE through geometric
correspondence, surface normal estimation, and inference-
time measurements. Finally, we conduct ablation studies
that examine the impact of geometric supervision, multi-
view consistency, and validator initialization, and we pro-
vide qualitative visualizations that illustrate the emergent
3D understanding of our model.

4.1. Datasets and Evaluation Metrics

Datasets. We evaluate 3D-IDE on five standard 3D vi-
sion—-language benchmarks, all derived from the Scan-
Net RGB-D dataset [14]. For 3D visual grounding,
we use ScanRefer [5] for single-target localization and
Multi3DRefer [47] for multi-target localization. For 3D
dense captioning, we adopt Scan2Cap [13], which provides
region-level descriptions for objects in ScanNet scenes. For
3D question answering, we use ScanQA [2], which requires
reasoning about spatial relations in indoor environments. To
further probe the learned geometric representation, we use



Table 2. Performance comparison on 3D scene understanding benchmarks. Specialists are single-task methods, while generalists are

trained for multiple tasks. Bold indicates the best result. Our method belongs to the generalist group without 3D geometric.

Method ScanRefer Multi3DRefer Scan2Cap ScanQA SQA3D
Acc@0.25 Acc@0.5 Fl1@0.25 Fl@0.5 C@0.5 B-4@0.5 C EM EM
Specialists
ScanRefer [5] 37.3 24.3 - - - - - - -
MVT [23] 40.8 333 - - - - - - -
3DVG-Trans [50] 45.9 34.5 - - - - - - -
ViL3DRel [8] 479 37.7 - - - - - - -
M3DRef-CLIP [47] 51.9 447 42.8 - 38.4 - - - -
Scan2Cap [13] - - - - 35.2 22.4 - - -
ScanQA [2] - - - - - - 649 21.1 47.2
3D-VisTA [57] 50.6 45.8 - - 66.9 34.0 69.6 224 48.5
Generalists (with 3D geometric inputs)
3D-LLM(Flamingo) [20] 21.2 - - - - - 59.2 204 -
3D-LLM(BLIP2-flant5) [20] 30.3 - - - - - 69.4 205 -
Chat-3D [41] - - - - - - 53.2 - -
Chat-3D v2 [21] 42.5 38.4 45.1 41.6 63.9 31.8 87.6 - 54.7
LL3DA [10] - - - - 62.9 36.0 76.8 - -
SceneLLLM [18] - - - - - - 80.0 272 53.6
LEO [22] - - - - 72.4 38.2 1014 215 50.0
Grounded 3D-LLM [11] 479 44.1 45.2 40.6 70.6 35.5 72.7 - -
PQ3D [58] 57.0 51.2 - 50.1 80.3 36.0 - - 47.1
ChatScene [21] 55.5 50.2 57.1 52.4 77.1 36.3 87.7 21.6 54.6
Inst3D-LLM [44] 57.8 51.6 58.3 53.5 79.7 38.3 88.6 24.6 -
3D-LLaVA [15] 51.2 40.6 - - 78.8 36.9 92.6 - 54.5
LLaVA-3D [56] 54.1 42.4 - - 79.2 41.1 91.7 27.0 55.6
Video-3D LLM [51] 58.1 51.7 58.0 52.7 83.8 41.3 102.1  30.1 58.6
3DRS[24] 62.9 56.1 60.4 54.9 86.1 41.6 104.8 303 60.6
Generalists (without 3D geometric inputs)
Video-3D LLM* [51] 53.7 47.8 46.0 424 31.5 29.9 99.7 295 58.6
VG LLM-4B [53] 53.5 475 - - 78.6 40.9 - - 57.0
VG LLM-8B [53] 57.6 50.9 - - 80.0 41.5 - - 57.9
VID-LLM [7] 50.1 46.7 47.2 429 81.5 40.6 101.9 27.6 57.3
ours 60.9 54.5 59.8 54.9 79.0 40.7 102.1  29.8 59.2

NAVI [25] for two low-level tasks: geometric correspon-
dence and surface normal estimation.

Evaluation metrics. We follow the standard protocols
for each benchmark. For 3D visual grounding, we report
Acc@0.25 and Acc@0.5 on ScanRefer, and F1@0.25 and
F1@0.5 on Multi3DRefer, all based on 3D IoU thresholds
of 0.25 and 0.5. For 3D dense captioning (Scan2Cap),
we report CIDEr and BLEU-4 on predictions whose pro-
posal boxes have IoU > 0.5 with the ground-truth region,
denoted C@0.5 and B-4@0.5. For 3D question answer-
ing, we report Exact Match (EM) accuracy and CIDEr on
ScanQA, and EM on SQA3D. For representation evalua-
tion on NAVI, we follow the Probe3D protocol [17]: for
surface normal estimation we report angular RMSE (lower
is better) and mean accuracy (mAcc; higher is better) aggre-
gated over standard angular error thresholds (11.25°, 22.5°,
30°), and for geometric correspondence we report corre-

spondence recall at a 3D point error threshold of 2 cm (with
full recall-threshold curves in the appendix).

Implementation Details. Our model, 3D-IDE, is trained
end-to-end on 8 NVIDIA H100 GPUs with a batch size of
16. The training process takes around 23 hours for 1 epoch.
We use the Adam optimizer [26] with an initial learning rate
of 2e — 6 for the validator while keeping the learning rates
of other modules consistent with the baseline [54], using a
cosine decay schedule that decays the learning rate down to
zero. Following Video-3D LLM, we uniformly sample 32
frames from each scene for both training and evaluation.

4.2. Main results

As summarized in Tab. 2, we compare 3D-IDE with task-
specific specialist models that are individually fine-tuned
for each benchmark and 3D generalist models that handle



diverse multiple tasks within a single framework. Among
generalist models, we further distinguish those that require
explicit 3D geometric inputs at inference from those that
operate purely on RGB inputs. In the RGB-only generalist
setting, 3D-IDE achieves the strongest overall results across
all three task categories: it sets new state-of-the-art perfor-
mance on all 3D grounding and QA metrics, and remains
highly competitive on Scan2Cap, trailing the best caption-
ing models by less than 3 CIDEr and 1 BLEU-4. At the
same time, it is significantly more efficient than represen-
tative 3D generalist baselines that incorporate explicit ge-
ometry: compared to VG-LLM-8B [53], 3D-IDE reduces
the parameter count by 12.86% and inference latency by
55.3% while maintaining comparable accuracy, as reported
in Tab. 5. Moreover, 3D-IDE attains performance compa-
rable to other generalist models that use ground-truth geo-
metric inputs during inference, despite relying only on RGB
video. Qualitative results on ScanRefer, Scan2Cap, and
ScanQA further illustrate these gains and show that 3D-IDE
produces both accurate localizations and descriptions that
respect the underlying 3D scene context, as shown in Fig. 4

We further evaluate geometric awareness via geometric
correspondence and surface normal estimation, as reported
in Tab. 4. Compared to the RGB-only baseline without
IGEP, 3D-IDE achieves higher correspondence recall under
both overall and large-baseline settings, and improves both
normal RMSE and accuracy. These results indicate that
IGEP leads to stronger 3D-aware encoder features, which
in turn improve performance on 3D vision—language tasks.

4.3. Ablation Study

We conduct an ablation study on ScanRefer and
Multi3DRef to quantify the contribution of each IGEP
component, as summarized in Tab. 3. Starting from an
RGB-only baseline without auxiliary losses, adding only
the global loss Lgjoba brings modest but consistent gains
on both datasets, indicating that aligning the encoder’s
sequence-level representation with a frozen 3D foundation
model provides useful scene-level regularization. Introduc-
ing the geometric 10ss Lycomerry further improves perfor-
mance: with Lgopa fixed, variants with geometric super-
vision outperform the baseline by several points on both
benchmarks. Comparing the two validator initializations,
we observe that the from-scratch validator achieves perfor-
mance that is very close to, and slightly higher than, its pre-
trained counterpart across all reported metrics, showing that
IGEP does not rely on a strong pre-trained depth head and
that a weak, from-scratch validator is sufficient.

Enabling the cross-view 10ss Lerossview On top of the
global and geometric losses yields the best overall config-
uration, with monotonic improvements across all ground-
ing metrics on both datasets. This demonstrates that local-
ized multi-view consistency complements fine-grained ge-

ometric supervision and global sequence-level alignment.
Overall, the ablations confirm that each component of IGEP
contributes positively and that combining all of them pro-
duces the strongest 3D-aware encoder for downstream 3D
vision—language tasks. Notably, the full IGEP configuration
even surpasses our baseline that relies on Explicit 3D-Input,
while using only RGB inputs at inference time.

Table 3. Ablation Study. Effect of the components in our model.
V' denotes the component is enabled, x denotes it is disabled.

Components ScanRefer Multi3DRef

Global. Geometric. Cross-view. F1@0.25 F1@0.5 Acc@0.25 Acc@0.5

X X X 53.7 47.8 46.0 424
v X X 56.9 50.8 55.6 51.1
v v pretrain,g, X 59.6 532 58.7 532
v v scratch X 59.8 53.3 59.7 54.3
v v pretrain g, v 60.5 54.1 59.7 54.5
v v/ scratch v 60.9 54.5 59.8 54.9

Table 4. Geometric Representation Evaluation. We compare
our method against the baseline on the tasks of Spatial Correspon-
dences and Normal Prediction. Our method demonstrates superior
performance by consistently outperforming the baseline across all
four metrics. Detailed results are available in appendix.

Method Spatial Correspondences Normal Prediction

Recall@2cm 1 0520 1 RMSE | mAcct

Baseline [54] 40.15 21.38 32.26 52.13
Baseline + ours 42.27 23.06 31.36 53.49

Table 5. Inference Efficiency Comparison. Our model achieves
over 2x faster inference and higher generation throughput while
using less GPU memory than VG-LLM under identical settings.

Method Params(B)] Mean Time (s)] Tokens/s T Peak MemJ]
VG LLM-8B [53] 9.25 3.60 4.32 21.10 GB
ours 8.06 1.61 10.72 18.35 GB

5. Conclusion

We presented 3D-IDE, a framework that addresses the
inference-time latency and data dependencies of 3D-aware
MLLMs. Guided by the IGEP, a lightweight training-only
validator encourages a unified RGB encoder to internalize
3D structure from video. As a result, 3D-IDE matches or
surpasses state-of-the-art performance while requiring no
3D inputs or auxiliary encoders at inference and incurring
no latency overhead. This shows that 3D knowledge can be
learned implicitly within a single encoder, enabling more
practical 3D understanding models.
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6. Datasets Statistics

Training data. For fine-tuning, we adopt the same pool of
3D Understanding and Reasoning benchmarks as Video-3D
LLM [51], namely ScanRefer, Multi3DRefer, Scan2Cap,
ScanQA, and SQA3D. In total, this yields 223,128 train-
ing examples: SQA3D provides 79,445 samples (35.6% of
the corpus), Multi3DRefer 43,838 (19.6%), ScanRefer and
Scan2Cap 36,665 each (16.4% per dataset), and ScanQA
26,515 (11.9%). All datasets except SQA3D are built on
562 reconstructed scans, while SQA3D covers 518 scans.
The average question length ranges from 13 to 38 words
across datasets. Scan2Cap and ScanQA additionally of-
fer answer sentences averaging 17.9 and 2.4 words, and
SQA3D has relatively long questions (37.8 words on av-
erage) with very short answers (1.1 words).

Evaluation data. For evaluation, we use the official
validation splits of ScanRefer, Multi3DRefer, Scan2Cap,
and ScanQA, together with the test split of SQA3D.
The combined evaluation suite contains 30,890 instances:
11,120 from Multi3DRefer (36.0%), 9,508 from ScanRefer
(30.8%), 4,675 from ScanQA (15.1%), 3,519 from SQA3D
(11.4%), and 2,068 from Scan2Cap (6.7%). The average
question length in these splits varies between 13.0 and 36.3
words, while Scan2Cap and ScanQA provide answer texts
with mean lengths of 18.7 and 2.4 words, respectively;
SQA3D again features long questions (36.3 words) with
very short answers (1.1 words).

7. Additional Ablative Analysis

Geometric Representation. As shown in Tabs. 11 and 12,
both the pretrained-head and from-scratch-head variants
improve encoder probing scores compared to training with-
out any validator, confirming that geometric supervision is
beneficial. Among them, the from-scratch validator yields
the highest normal and correspondence accuracy, indicat-
ing that it encourages the encoder to internalize 3D struc-
ture more effectively than relying on a stronger pretrained
head. This outcome is consistent with the design philoso-
phy of IGEP: the geometric validator is intentionally kept
weak and low-capacity so that it cannot absorb complex 3D
reasoning on its own. To minimize the geometric loss, the
visual encoder is instead pressured to internalize 3D struc-
ture within the shared tokens so that this low-capacity val-
idator can decode it. Geometry therefore neither explicitly
injected nor disentangled, but emerges under optimization
pressure within a unified representation space. For surface
normal estimation, we follow the Probe3D [17] protocol

3D Grounding Task

Question: There is a square wooden chair
at a desk. its back is facing a microwave.

GT: [0.421,0.196, 0539, 0.638, 0.527, 0.407]
Baseline: [0.534, 1.036, 0.570, 0.594, 0.548, 0.415]

Ours: [0.421,0.196, 0.539, 0.638, 0.527, 0.407

3D Captioning Task

GT: There is a rectangular green pillow.
it is on the right side of a dark couch.

Baseline: This is a white cabinet. it is to
the left of a door. (CIDEr: 0.02)

Ours: This is a black couch. it is to the
left of a green pillow. (CIDEr: 3.71)

[SD Question Answering Task

Question: Where is the shelf located?
GT: On top of desk.
Baseline: Above desk.

Ours: On top of desk

Figure 5. More qualitative results on three 3D vision-language
tasks: language-guided object localization (top), region-level cap-
tioning (middle), and spatial question answering (bottom). In the
grounding examples, green 3D bounding boxes denote the ground-
truth targets, red boxes the predictions of the baseline, and blue
boxes the predictions of our model. Our method better aligns with
the targets and produces more accurate captions and answers.

and train linear probing heads on features extracted from
the frozen visual encoder. The reported geometry is thus
derived entirely from the implicit RGB tokens; the training-
only validator is not involved at evaluation time.

Role of Global Supervision. A natural concern is that 3D-
IDE might simply inherit 3D knowledge from the founda-

Table 6. Additional Ablation Study. Effect of Lgioba to speed-up
training. v* denotes enabled, x denotes disabled.

Components ScanRefer Multi3DRef

Global. Geometric. Cross-view. Acc@0.25 Acc@(0.5 F1@0.25 F1@0.5

X X X 53.7 47.8 46.0 42.4
v X X 56.9 50.8 55.6 51.1
X v ' 58.6 51.9 57.8 525
v v scratch X 59.8 533 59.7 54.3
v v scratch v 60.9 54.5 59.8 54.9
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=@~ w/o Global: geometric + cross-view

4 o0
51 (2-frame pair)

(oom) 50.29 /
49.88

50 49.75 4-frame pair

3-frame pair
49.06

2.frarfie pair

Performance (ACC@0.5)

6-frame pair
(oom)
X
T T T T
5 6 7 8
Training time (Hours)

48.17

Figure 6. 3D-IDE retains performance w/o global supervision, at
the cost of longer training and higher VRAM (OOM at 6-frame).

tion model fs [38] through the global supervision. To dis-
entangle this effect, we ablate Lgjoba in Tab. 6. Using only
local geometric and cross-view constraints, i.e., Lecomeiry
and Lpossview With 2-frame warping, already yields a sub-
stantial gain over the baseline and even surpasses using
Lygloba alone. This indicates that the principal source of
3D awareness arises from IGEP itself rather than being dic-
tated by fs. At the same time, combining local and global
supervision achieves the best overall performance, while
Lylobal is used at training and is entirely discarded at infer-
ence. In practice, the global term behaves as a training-time
scene-level regularizer that approximates dense multi-view
constraints whose pairwise complexity grows quadratically
with sequence length, delivering an almost “free-lunch” im-
provement in 3D consistency without any inference latency.
Importantly, fo and the geometric validator operate on dis-
tinct parts of the architecture: fs supervises only the fi-
nal VLM hidden space via Lgjobal, Whereas the geometric
validator acts solely on the upstream shared encoder via
Lgeometry aNd Leross-view- This separation avoids direct cou-
pling between the teacher and validator feature spaces, re-
ducing the risk of misaligned supervision signals. As shown
in Fig. 6, 3D-IDE retains strong performance even without
global supervision, though at the cost of longer training and
higher VRAM usage.

Extended Ablation Across All Benchmarks. To further
validate the contribution of each component, Tab. 7 extends
the ablation in the main paper to all five benchmarks by cu-
mulatively adding each objective. Each component brings
consistent improvements across tasks, and the full configu-
ration achieves the best results on all five benchmarks.

8. Detailed Comparison

Here, we conduct a thorough comparison with other meth-
ods, covering all metrics across five benchmark tasks.

RGB-Only Inference: Impact of Removing 3D Inputs
from 3DRS. A key claim of our work is that methods
relying on ground-truth depth and camera pose at infer-

Components ScanRefer ~ Multi3DRefer Scan2Cap ScanQA  SQA3D
Acc@0.251  F1@0.251 CIDErT CIDErt EM?T
Baseline 53.7 46.0 315 99.7 58.6
+ Lygiobal 56.9 55.6 71.7 100.0 57.8
~+ Lgeometry 59.8 59.7 78.7 101.9 59.0
+ Leross-view (Full) 60.9 59.8 79.0 102.1 59.2

Table 7. Extended ablation across all five benchmarks. Each row
cumulatively adds one IGEP component. The full model consis-
tently achieves the best results across all tasks.

ence time suffer a severe performance drop when those in-
puts are withheld. Tab. 8 substantiates this by comparing
3DRS [24] in its original setting (with 3D geometric inputs)
against its RGB-only variant (3DRS*, without 3D inputs)
and our method, which is RGB-only by design. Remov-
ing 3D inputs causes a sharp drop in 3DRS performance
on both ScanRefer and Multi3DRefer, whereas 3D-IDE re-
mains strong and outperforms 3DRS* by a substantial mar-
gin on all grounding metrics. This confirms that 3DRS can-
not be categorized as a generalist model without 3D geo-
metric inputs, as it requires ground-truth depth and camera
pose at inference to construct coordinate maps.

Method 3D inputs ScanRefer Multi3DRefer
Acc@0.25 Acc@0.5 Fl@0.25 Fl@0.5
3DRS [24] v 62.9 56.1 60.4 54.9
3DRS* [24] X 56.95 50.83 55.8 51.1
3D-IDE (Ours) X 60.9 54.5 59.8 54.9

Table 8. Effect of removing 3D geometric inputs from 3DRS at
inference. 3DRS* denotes the RGB-only variant. Our method
closes most of the gap to the full 3DRS while using no 3D inputs.

ScanRefer. As shown in the detailed ScanRefer [5] re-
sults in Tab. 13, our method achieves strong overall perfor-
mance, with clear improvements over the baseline on both
Acc@0.25 and Acc@0.5, indicating better fine-grained lo-
calization of the target object.

Multi3DRefer. Following [47], we evaluate all question
types, including zero-target (ZT), single-target (ST), and
multi-target (MT) cases, with and without distractors. From
Tab. 14, our approach consistently outperforms previous
methods on the ST and MT splits under both distractor
settings, demonstrating stronger robustness to spurious ob-
jects. Interestingly, the depth-free variants of Video 3D-
LLM and 3DRS obtain higher ZT scores but substantially
worse ST and MT results, indicating a bias toward predict-
ing no target once geometric cues are removed.

ScanQA. On the ScanQA validation set [2], our method
achieves better results than prior approaches on key metrics
such as EM@1 and CIDEr, and is competitive on BLEU
and METEOR, as shown in Tab. 15. These results highlight



[ 3D Grounding Task ]

Question: There is a green and wooden
chair. it is located to the left of the desk.

Baseline: [-0.361, 1.637, 0.389, 0.565, 0.661, 0.825]
GT: [-1.131, 0.631, 0.198, 0.482, 0.671, 0.490]

Ours: [-1.131, 0.631, 0.198, 0.482, 0.671, 0.490

3D Captioning Task ]

GT: A black monitor. on the left to the
" other same monitor.
A

Baseline: This is a wooden table. it is in
the middle of the room. (CIDEr: 0.01)

Ours: This is a black monitor. it is to the
left of another monitor. (CIDEr: 2.61)

[3D Question Answering Task

Question: The rectangular table is in front
of what?

GT: In front of bookshelf.
Baseline: Chairs.

Ours: In front of bookshelf.

Figure 7. More qualitative results on three 3D vision-language
tasks (continued). The three rows correspond to object localiza-
tion, region-level captioning, and spatial question answering, re-
spectively. Color coding is the same as in Figure 5. Our model
remains effective across diverse scenes and linguistic queries.

the effectiveness of our model for 3D question answering.

SQA3D. As shown in Tab. 10, our method establishes new
state-of-the-art performance on the SQA3D test split [32].
It attains the highest overall EM and consistently improves
over previous methods across most question types, indicat-
ing strong generalization to diverse question categories.

Scan2Cap. On the Scan2Cap validation benchmark [13],
we adopt the training and inference protocol of [54]. Un-
der this setting, our method substantially improves over our
baseline and attains CIDEr and BLEU-4 scores close to the
best results, while remaining competitive on METEOR and
ROUGE-L, as summarized in Tab. 9.

9. More Qualitative Results

Figs. 5 and 7 qualitatively summarize the behavior of our
model on three challenging 3D scene understanding tasks:
language-guided object localization, region-level caption-
ing, and spatial question answering. In the visual ground-
ing examples, the model must retrieve the correct object
in a cluttered 3D environment given a natural-language de-
scription. For each case we visualize three bounding boxes:
green denotes the ground-truth target, red the prediction
of the RGB-only baseline, and blue the prediction of our

@0.5

Method C B4 M R

Scan2Cap [13] 39.08 23.32 21.97 44.48
3D-VisTA [57] 66.90 34.00 27.10 54.30
ChatScene [21] 77.19 36.34 28.01 58.12
LLaVA-3D [56] 79.21 41.12 30.21 63.41
baseline [51] 31.53 29.98 24.18 57.66
VG-LLM [53] 80.00 41.50 28.90 62.60
Ours 79.02 40.76 28.79 62.13

Table 9. Performance comparison on the Scan2Cap validation set.

Method Test set Ave.

What Is How Can Which Others

3D-VisTA [57] 348 633 454 69.8 472 48.1 485
Scene-LLM [18] 409 69.1 450 70.8 472 523 542
ChatScene [21] 454 67.0 52.0 69.5 499 550 54.6
LLaVA-3D [56] - - - - - 556
Video-3D [51] 51.1 724 555 698 513 560 58.6

baseline [51] 51.8 73.1 56.5 70.1 51.0 547 585
Ours 51.8 72.7 604 683 49.0 58.0 59.2

Table 10. Performance comparison on the test set of SQA3D.

model. Our predictions align much more closely with the
intended targets, indicating that the model can reliably inter-
pret both spatial and semantic cues from language. Across
all three tasks, these qualitative results demonstrate that,
even without any 3D input during inference, our method
leverages its learned 3D-aware representation to produce
more accurate and coherent outputs than the baseline.



Table 11. Correspondence Estimation Results for NAVI. We present the NAVI correspondence estimation results for all models. The
results are presented for features extracted at different layers with performance binned for different relative viewpoint changes between
image pairs. The highest performing entry in each column is bolded.

Blockg Blocky Blocko Blocks
Model vewe 0 O oy o e om o o o oy op e oy o o o
Video-3D LLM [54] CVPR’25 75.99 38.83 20.27 10.68 80.48 5297 32.15 17.70 7536 49.26 3494 21.38 7197 46.28 3450 22.19
3DRS [24] NIPS’25 74.05 37.67 19.81 10.60 79.59 52.13 33.07 17.87 73.88 48.77 35.76 21.89 69.64 4557 34.86 22.69
3D-IDE (pretrain) - 74.63 38.07 19.99 10.69 81.60 53.64 33.03 17.33 77.04 5225 37.13 2234 7233 47.68 35.15 22.11
3D-IDE (scratch) - 7493 38.05 19.89 10.77 81.63 53.79 33.06 17.38 77.05 52.02 37.58 23.06 7246 47.97 36.16 23.21

Table 12. Surface Normal Estimation Results. We present the surface normal estimation results for all models. Higher is better for
accuracy, lower is better for RMSE. The highest performing entry in each column is bolded.

NAVI (Test)
Model Venue Acc@11.25° (%) Acc@22.5° (%) Acc@30° (%) RMSE (°)] mAcc (%) T
Video-3D LLM [54] CVPR’25 28.69 57.65 70.06 32.26 52.13
3DRS [24] NIPS’25 28.61 57.90 70.48 31.86 52.33
3D-IDE (pretrain) - 29.85 58.73 71.05 31.46 53.21
3D-IDE (scratch) - 30.15 59.01 71.32 31.46 53.49

Table 13. Performance comparison on the validation set of ScanRefer. “Unique” and “Multiple” depends on whether there are other
objects of the same class as the target object.

Method Unique Multiple Overall
Acc@0.25 Acc@0.5 Acc@0.25 Acc@0.5 Acc@0.25 Acc@0.5

ScanRefer [5] 76.3 53.5 32.7 21.1 41.2 27.4
MVT [23] 77.7 66.4 31.9 25.3 40.8 333
3DVG-Transformer [50] 81.9 60.6 39.3 28.4 47.6 34.7
ViL3DRel [8] 81.6 68.6 40.3 30.7 47.9 37.7
3DJCG [3] 83.5 64.3 41.4 30.8 49.6 37.3
D3Net [6] - 72.0 - 30.1 - 37.9
M3DRef-CLIP [47] 85.3 77.2 43.8 36.8 51.9 44.7
3D-VisTA [57] 81.6 75.1 43.7 39.1 50.6 45.8
3D-LLM (Flamingo) [20] - - - - 21.2 -
3D-LLM (BLIP2-flant5) [20] - - - - 30.3 -
Grounded 3D-LLM [11] - - - - 47.9 44.1
PQ3D [58] 86.7 78.3 51.5 46.2 57.0 51.2
ChatScene [21] 89.6 82.5 47.8 42.9 55.5 50.2
LLaVA-3D [56] - - - - 54.1 42.2
Video-3D LLM [51] 88.0 78.3 50.9 45.3 58.1 51.7
baseline [51] 82.17 73.71 45.10 40.14 52.29 46.66
3DRS* [24] 82.76 73.50 50.74 45.37 56.95 50.83

3D-IDE (Ours) 86.72 77.94 54.73 48.90 60.94 54.53




Table 14. Performance comparison on Multi3DRefer validation set. ZT: zero-target, ST: single-target, MT: multi-target, D: distractor.

Method ZTwloD ZTw/D ST w/o D STw/D MT ALL
Fl1 F1 F1@0.25 Fl@0.5 Fl1@025 Fl1@0.5 Fl@025 Fl@05 Fl1@025 Fl1@0.5

M3DRef-CLIP [47] 81.8 39.4 53.5 47.8 34.6 30.6 43.6 37.9 42.8 38.4
D3Net [6] 81.6 325 - 38.6 - 233 - 35.0 - 322
3DICG [3] 94.1 66.9 - 26.0 - 16.7 - 26.2 - 26.6
Grounded 3D-LLM [11] - - - - - - - - 452 40.6
PQ3D [58] 85.4 5717 - 68.5 - 43.6 - 40.9 - 50.1
ChatScene [21] 90.3 62.6 82.9 75.9 49.1 44.5 45.7 41.1 57.1 52.4
Video-3D LLM [51] 94.7 78.5 82.6 73.4 52.1 472 40.8 35.7 58.0 52.7
3DRS [24] 95.6 79.4 79.6 71.4 57.0 51.3 43.0 37.8 60.4 54.9
baseline [51] 98.7 91.5 60.5 54.9 36.9 33.8 359 31.6 45.9 423
3DRS* [24] 96.6 85.2 75.1 67.4 49.0 44.8 42.6 37.6 55.8 51.1
3D-IDE (Ours) 95.6 79.7 79.9 72.6 54.7 49.7 45.3 40.5 59.8 54.9

Table 15. Performance comparison on the validation set of ScanQA. EM indicates exact match accuracy, and B-1, B-2, B-3, B-4 denote
BLEU-1, -2, -3, -4, respectively.

Method EM B-1 B-2 B-3 B-4 ROUGE-L METEOR CIDEr
ScanQA [2] 21.05 3024 2040 15.11 10.08 33.33 13.14 64.86
3D-VisTA [57] 22.40 - - - 10.40 35.70 13.90 69.60
Oryx-34B [31] - 38.00 24.60 - - 37.30 15.00 72.30
LLaVA-Video-7B [49] - 39.71  26.57 9.33 3.09 44.62 17.72 88.70
3D-LLM (Flamingo) [20] 20.40 3030 17.80 12.00 7.20 32.30 12.20 59.20
3D-LLM (BLIP2-flant5) [20]  20.50 39.30 25.20 1840 12.00 35.70 14.50 69.40
Chat-3D [41] - 29.10 - - 6.40 28.50 11.90 53.20
NaviLLM [52] 23.00 - - - 12.50 38.40 15.40 75.90
LL3DA [10] - - - - 13.53 37.31 15.88 76.79
Scene-LLM [18] 2720 43.60 26.80 19.10 12.00 40.00 16.60 80.00
LEO [22] - - - - 11.50 39.30 16.20 80.00
Grounded 3D-LLM [11] - - - - 13.40 - - 72.770
ChatScene [21] 21.62 4320 29.06 20.57 14.31 41.56 18.00 87.70
LLaVA-3D [56] 27.00 - - - 14.50 50.10 20.70 91.70
Video 3D-LLM [51] 30.10 47.05 31.70 2283 16.17 49.02 19.84 102.0
baseline [51] 29.5 46.9 31.3 22.7 16.2 48.8 19.6 100.5
3DRS* [24] 29.7 47.9 325 23.8 16.9 48.3 20.2 101.3

3D-IDE (Ours) 298 475 32.9 23.7 174 48.8 20.8 102.1
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