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Reasoning about the 3D world from multi-view images remains a fundamental challenge for Multimodal Large
Language Models (MLLMs). While modern MLLMs handle single-image inputs effectively, they struggle to
integrate evidence across viewpoints into a coherent 3D understanding. A growing body of work attempts to
close this gap by injecting 3D awareness into MLLMs, either by boosting fine-grained pixel-level cross-view
correspondence or by fusing features from 3D geometry foundation models, yet a substantial gap to human
reasoning persists. In this work, we revisit human spatial reasoning, which suggests that rather than relying on
fine-grained geometry cues, humans roughly identify common objects across views, infer the relative geometry
between viewpoints, and assemble a coarse 3D layout of the scene. Inspired by this process, we introduce
Imagine3D-LLM, an MLLM that learns to assemble a similar compact 3D representation of the scene and
conditions its answer on this representation. Concretely, we append a small set of learnable summary tokens
after the image tokens, decode them into a compact 3D Gaussian Splatting representation supervised by a
photometric reconstruction loss, and train jointly with the standard next-token prediction objective. Notably,
although only the summary tokens receive direct reconstruction supervision, this objective also induces stronger
cross-frame correspondence within the LLM’s underlying image features, suggesting that learning to reconstruct
propagates 3D-aware signals throughout the model. As a result, Imagine3D-LLM consistently outperforms prior
approaches across multiple spatial reasoning and 3D understanding benchmarks, suggesting that imagining
the scene can be more effective than being told its pixel-wise geometry.

1. Introduction

Reasoning about 3D structure from multi-view images is a fundamental problem in computer vision, underpin-
ning a wide range of downstream applications such as robotics (Shen et al., 2023), embodied Al (Zhao et al.,
2023), AR/VR (Brachmann et al., 2023), and scene understanding (An et al., 2026). Driven by rapid progress
in Multimodal Large Language Models (MLLMSs) (Yang et al., 2025; Bai et al., 2025; Hurst et al., 2024; Team
et al., 2024), machines can now interpret a single image or a continuous video stream at a level that often
rivals, and in some cases surpasses, human performance (Yue et al., 2024; Lu et al., 2024). However, when the
input shifts from a single viewpoint to a set of multi-view images that demand genuine 3D reasoning, even the
largest and most capable models fall short of human-level competence (Yang et al., 2024b).

A growing body of work has attempted to close this gap by injecting strong 3D priors into MLLMs. One line of
research implicitly or explicitly boosts pixel-level correspondences across views by either embedding scene
point clouds’ 3D coordinates into patch-level features (Zheng et al., 2025b; Zhu et al., 2024; Wang et al.,
2025a), augmenting images with explicit visual markers (Qi et al., 2025), distilling features with accurate
correspondences (Huang et al., 2025), or designing pretext tasks that encourage the model to align overlapping
content across frames (Wang et al., 2025a). A complementary line (Zheng et al., 2025a; Fan et al., 2025; Hu
et al., 2025) fuses MLLM image features with ones from recently developed 3D reconstruction foundation
models such as CUT3R (Wang et al., 2025¢) and VGGT (Wang et al., 2025b). While both approaches attempt to
improve 3D awareness of MLLMs with fine-grained pixel-level 3D signals, these approaches yield only incremental
gains (Yang et al., 2024b; Zhang et al., 2025b).

In this work, we take a step back and ask whether such fine-grained 3D signals are truly the most direct route to
improved 3D reasoning. To answer this, we revisit how humans actually perceive 3D structure from multi-view
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observations. Cognitive studies suggest that humans do not maintain pixel-perfect correspondences or dense
depth maps in their heads (Burgess, 2006; Shepard and Metzler, 1971). When presented with several views
of a scene, humans instead identify common objects across views, use them as anchors to infer coarse and
abstract spatial relationships between viewpoints, and mentally assemble a compact layout of the scene in
3D. Therefore, we hypothesize that the representation that supports their downstream reasoning is rather
object-level and approximate, not pixel-accurate.

Inspired by this human thinking process, we present Imagine3D-LLM, a framework that enables an MLLM to
build an analogous compact 3D reconstruction of the scene before answering. To enable this, we introduce a
compact set of learnable Gaussian summary tokens, which are appended to the sequence of image tokens
fed into the LLM. From these tokens, we decode the parameters of 3D Gaussian Splatting (3DGS) (Kerbl
et al., 2023) primitives, so that each Gaussian summary token corresponds to a small set of 3D Gaussians that
together explain a portion of the scene.

To efficiently and effectively enable MLLMs to build an abstract and compact reconstruction of the scene, our
Gaussian estimation pipeline incorporates two deliberate design choices. (1) To prevent the model from simply
copy-pasting 2D image content into image-aligned Gaussians rather than recovering the underlying geometry,
we predict the Gaussians from the dedicated Gaussian summary tokens instead of predicting them directly
from the image features. (2) We impose an information bottleneck by using fewer Gaussian summary tokens
than image tokens, which compels overlapping content across views to be merged into a shared set of tokens,
encouraging the model to reason about which objects recur across views and how they fit together within a
unified 3D layout.

We jointly train Imagine3D-LLM with a photometric reconstruction loss on the rendered Gaussians and the
standard next-token prediction loss for language modeling. Surprisingly, although only the Gaussian summary
tokens receive direct reconstruction supervision, our analysis shows that the LLM’s image features themselves
become more 3D-aware: corresponding image features show more sharp attentions, where PCA visualizations
further reveal that image features become more semantically organized, with the same object encoded con-
sistently across views. These analyses validate that requiring the model to infer the underlying structure of
the scene propagates 3D-aware signals throughout the LLM, reshaping its internal representations toward a
coherent, object-centric 3D understanding. As a result, Imagine3D-LLM achieves significant performance gains
across seven diverse spatial reasoning and 3D scene understanding benchmarks, suggesting that abstract scene
reconstruction is a powerful inductive bias for building 3D-aware MLLMs, and that imagining the scene before
answering can be more effective than being told its pixel-wise geometry.

2. Related Works

3D Scene Understanding. Grounding natural language in 3D environments is a long-standing goal of the 3D
scene understanding community, supporting tasks such as 3D visual grounding (Chen et al., 2020; Zhang et al.,
2023), 3D dense captioning (Chen et al., 2021, 2023, 2024b), and 3D question answering (Azuma et al., 2022;
Ma et al., 2022, 2026; Yang et al., 2024b). A prominent line of work distills features from 2D foundation models
(most commonly CLIP (Radford et al., 2021) or LSeg (Li et al., 2022)) into a reconstructed scene representation,
including point clouds (Yang et al., 2024a; Zhou et al., 2025a; Jatavallabhula et al., 2023), NeRFs (Kerr et al.,
2023; Engelmann et al., 2024), and more recently 3D Gaussian Splatting (Jun-Seong et al., 2025; Qin et al.,
2024; Shi et al., 2024), enabling open-vocabulary querying by matching distilled embeddings to a text prompt.
These pipelines, however, typically rely on task-specific architectures and per-scene optimization, and their
language understanding is bounded by the compositional capacity of the underlying 2D embedding model. We
instead extend the language and visual reasoning of pretrained MLLMs to multi-view inputs, allowing a single
generalist model to address these tasks through natural language without per-task or per-scene optimization.

3D Multimodal Large Language Models (MLLMs). Motivated by the success of 2D MLLMs (Bai et al., 2025;
Yang et al., 2025; Hurst et al., 2024; Li et al., 2024; Lin et al., 2024; Liu et al., 2023; Team et al., 2024; Tong
et al., 2024; Wang et al., 2024a; Yoon et al., 2025), a growing body of work extends them to 3D understanding.
Early efforts feed explicit 3D inputs to the LLM, either by lifting 2D features into 3D (Zhu et al., 2024; Hong
et al., 2023) or by training dedicated point-cloud encoders as an additional modality (Chen et al., 2024a;
Wang et al., 2023; Huang et al., 2024b; Xu et al., 2024); the scarcity of paired 3D-language data, however,
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has limited their performance on language-heavy tasks. More recent approaches retain the multi-view 2D
input format and inject 3D awareness through training objectives or auxiliary modules. One family supplies
pixel-level 3D signals to encourage cross-view correspondence: Video-3D-LLM (Zheng et al., 2025b) and
LLaVA-3D (Zhu et al., 2024) attach 3D positional embeddings derived from input point clouds, GPT4Scene (Qi
et al., 2025) renders bird’s-eye-view markers, Ross3D (Wang et al., 2025a) adds a cross-view reconstruction
pretext task, and 3DRS (Huang et al., 2025) distills features with explicit correspondence supervision. A second
family fuses MLLM image features with representations from 3D foundation models (Wang et al., 2025c¢,b) to
expose the LLM to dense, geometry-aware features, as in VLM3R (Fan et al., 2025), G?VLM (Hu et al., 2025),
and the concurrent 3DThinker (Chen et al., 2025). Despite steady progress, a substantial gap to human-level
performance on multi-view 3D reasoning benchmarks remains (Yang et al., 2024b).

Compact Scene Representations. Cognitive studies suggest that humans do not maintain pixel-accurate
reconstructions of every surface; rather, they rely on coarse abstractions that are nonetheless sufficient to
support rich spatial reasoning (Burgess, 2006; Shepard and Metzler, 1971; Lee et al., 2025). A line of work in
3D vision has correspondingly explored decomposing scenes into compact geometric primitives such as meshes,
polygons, or superquadrics (Tulsiani et al., 2017; Paschalidou et al., 2019, 2020; Fedele et al., 2025; Monnier
et al., 2023), but these methods either struggle to scale beyond a handful of primitives (Monnier et al., 2023)
or rely on off-the-shelf 3D instance segmentation (Fedele et al., 2025). More recently, C3G (An et al., 2026)
introduced a feed-forward pipeline that represents a scene compactly with 3D Gaussian Splatting (3DGS)
parameters, decoding 3D Gaussians from a small set of learnable query tokens supervised purely through
photometric rendering. Inspired by this line of work, we bring token-level Gaussian decoding inside an MLLM,
where a small set of Gaussian summary tokens learns to assemble a compact 3D representation of the scene
that the LLM conditions on when reasoning about it.

3. Methodology

3.1. Preliminaries: Multi-image MLLMs

Following prior works (Wang et al., 2025a; Zheng et al., 2025b; Zhu et al., 2024), we build our model on top
of MLLMs capable of taking multiple images as input. Here, we briefly explain the input formulation of such
MLLMs.

A multi-image MLLM is composed of a vision encoder V,;(-), a vision-language projector Py(-), and a pre-trained
large language model LMy(-), where 1, ¢, and 6 denote the corresponding parameters. Given a set of K input
frames 7 = {I;,}}£ | with I;, € RE¥*W>3 the vision encoder independently extracts patch-level features from
each frame:

7, = Vp(I) e RNV*P= 0 =1 K, €))

where N is the number of patches per frame and D, is the visual feature dimension. Each frame’s features
are then projected into the language model’s embedding space of dimension D via P,(-), yielding per-frame
visual tokens e'}f‘g = Py(z;) € RN "D where N’ may differ from N due to spatial token-reduction operations
such as bilinear pooling and per-row newline insertion that preserve the 2D spatial layout (Zhang et al., 2024).
Concatenating all K frames produces the full visual token sequence:

elme — [eilmg; eing; o ei;(ng] c REN'xD. 2)
The input text (e.g., the user instruction) is tokenized and embedded into the same space through the language
model’s embedding layer, producing textual embeddings e*** ¢ RL*P where L denotes the number of text
tokens. The language model then takes the concatenated multimodal sequence [e™¢; et*t] ¢ RIEN'+L)xD ag
input and models the causal distribution over the text tokens as:

L
po.s(eis | €™8) = [T po.o(ef™ [el, ™). )
i=1

At inference, the language model autoregressively generates text tokens conditioned on the visual tokens and
the previously generated text tokens.
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Figure 1: Overall architecture of Imagine3D-LLM. Given multi-view images of a scene and a text instruction, our model
appends a compact set of learnable Gaussian summary tokens between the image and text tokens. At an intermediate
layer ¢, the hidden states at the Gaussian summary token positions are decoded into a compact 3D Gaussian Splatting
representation that abstractly reconstructs the scene. The model is trained jointly with a standard language modeling loss
on the text output, a photometric reconstruction loss obtained by rendering the predicted Gaussians at the input viewpoints,
and a distillation loss from a pretrained compact Gaussian teacher (Veicht et al., 2026).

3.2. Imagine3D-LLM

We now describe how we equip a multi-image MLLM with the ability to perform mental 3D reconstruction
of the input scene for improved 3D reasoning. At a high level, we introduce a compact set of learnable
Gaussian summary tokens that are appended to the image tokens fed into the LLM (§ 3.2.1). These tokens
learn to summarize the multi-view observations into a compact set of 3D Gaussians, jointly trained with the
reconstruction and standard language modeling objective. Since pure photometric supervision is known to
require lengthy training schedules even for learning Gaussians alone (Chen et al., 2024d; Charatan et al., 2024;
Ye et al., 2024; Hong et al., 2024; Jiang et al., 2025a; An et al., 2026), we further introduce a distillation
objective from a pretrained Gaussian teacher model (An et al., 2026), to substantially accelerate convergence
(§ 3.2.2). Finally, we analyze how this joint training improves the MLLM’s internal representations (§ 3.3). An
overview of our method is shown in Fig. 1.

3.2.1. Mental Reconstruction via Gaussian Summary Tokens

Gaussian summary tokens. Given the visual token sequence ™8 € REN"*P produced by the vision encoder
and projector, we introduce a compact set of M learnable Gaussian summary tokens €& € RM*P where
M < KN'. These tokens are inserted between the visual tokens and the textual tokens, yielding the augmented

multimodal sequence
[elmg; egs; etext] c R(KN +M+L)><D’ 4

which is processed by the LLM via standard causal self-attention. By placing the Gaussian summary tokens after
the image tokens, each token can attend to all visual evidence and selectively retrieve the information needed
to faithfully describe a portion of the 3D scene, rather than being passively bound to local image content.

Bottleneck-induced object grouping. A central design choice is that the number of Gaussian summary
tokens is substantially smaller than the number of image tokens, M < K N’. This bottleneck prevents the
model from naively allocating one token per pixel or per patch, and instead forces overlapping content observed
across multiple views to be merged into a shared set of tokens. Under this constraint, the most efficient way
for the model to faithfully reconstruct the scene with limited Gaussians is to assign each token to a coherent
3D region or object that recurs across views. As we show in § 3.3, this bottleneck gives rise to an emergent
object-centric grouping, mirroring the way humans build object-level mental abstractions of a scene before
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reasoning about it. Since our main objective is to improve 3D reasoning rather than novel view synthesis, this
design also offers a favorable trade-off between reconstruction quality and computational cost, preventing the
input sequence length to increase substantially.

Decoding 3D Gaussians. Given the LLM forward pass over the augmented sequence [e!™8; e%°; e***!], a
natural question is from which layer the Gaussian summary tokens should be decoded. Recent analyses (Kaduri
et al., 2025; Zhang et al., 2025c; Jiang et al., 2025b; Kang et al., 2025; Yoon et al., 2025) consistently identify
that the middle layers of the LLM most actively show information flow between visual and text modalities.
Since our Gaussian summary tokens also require effectively absorbing visual information from the image
tokens, we extract the hidden states at the Gaussian summary token positions from the middle layer ¢, denoted
h&s € RM*P_ Decoding at a middle layer also leaves enough subsequent layers for the text tokens to attend to
the Gaussian summary tokens, enabling the text tokens to benefit from the scene-summarizing information
encoded by the Gaussian tokens. The effectiveness of choosing ¢ as a middle layer is further validated in Tab. 5.

The extracted hidden states h%® are further decoded into 3D Gaussian primitives through a lightweight MLP-
based Gaussian head #(-). Rather than mapping each token to a single Gaussian, we let each token decode G
Gaussians simultaneously, providing additional representational capacity per token without expanding the
LLM’s sequence length:

{Gij}5, =HMDLY), i=1,...,M, (5)

yielding a total of M x G Gaussians per scene. Each Gaussian G, ; = {pi j, 0., %, ¢ ;} is parameterized
by its 3D center u € R3, opacity o € [0, 1), covariance matrix ¥ € R3*3, and spherical harmonics coefficients
¢ € R3WsutD? that encode view- -dependent color with Lsy degrees. Together, the resulting set {G; ;}
forms a compact 3D representation of the scene that can be rendered into novel views via differentiable
rasterization (Kerbl et al., 2023).

Training objective. We jointly train the model with two losses. The standard language modeling loss L,
supervises the autoregressive prediction of text tokens conditioned on the visual and Gaussian summary tokens,
while the reconstruction loss L,.con Supervises the decoded Gaussians by rendering them at the input viewpoints
{m }< | via differentiable rasterization and comparing the resulting images to the ground-truth frames Ij:

L
Liv =~ logpgs(e™ e, ™, &), (6)
i=1
K
Lrecon Z[AMSEﬁMSE I, I) + )\LPIPSACLPIPS(Ikzlk)} (7)
k=1

where I}, is the image rendered from {G;}}, at viewpoint 7. The combined objective is £ = L1y +AreconLrecon-

3.2.2. Accelerating Convergence via Distillation from a Compact Gaussian Teacher

Although the model can in principle be trained end-to-end with the objective above, we find that pure
photometric supervision through the LLM converges slowly, requiring substantially more iterations than is
practical given the cost of MLLM finetuning. This is consistent with prior observations in the feed-forward 3D
Gaussian Splatting literature, where dedicated estimators are typically trained for hundreds of thousands of
iterations with large batch sizes to obtain reliable Gaussian predictions (Chen et al., 2024d; Charatan et al.,
2024; Ye et al., 2024; Hong et al., 2024; Jiang et al., 2025a; An et al., 2026). To circumvent this bottleneck,
we leverage a pretrained compact Gaussian estimator as a teacher model and distill its scene representation
into the LLM, providing a strong inductive signal for what the Gaussian summary tokens should encode.

Compact Gaussian teacher. We adopt ZipSplat (Veicht et al., 2026), a recent feed-forward 3DGS framework
that estimates a compact set of 3D Gaussians from multi-view images, as our teacher. Given the same multi-view
inputs Z, ZipSplat first encodes them with a geometry-grounded visual backbone (Wang et al., 2025b), and then
refines a small set of M learnable query tokens QT € RM*4r through a transformer that jointly attends over
the queries and the multi-view features, where dr denotes the teacher model’s hidden dimension. The refined
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(a) Image-to-Image Feature Attention (b) Image Feature PCA Visualization
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Figure 2: Effects of joint reconstruction training on the LLM’s image features. (a) Image-to-image attention maps
between a query point (red dot) and other input views. Our model exhibits substantially stronger cross-view correspondences
than the baseline, indicating that the Gaussian summary tokens implicitly drive the image features to align across views.
(b) PCA visualization of the LLM’s image features (first three components shown as RGB). Our features are noticeably
cleaner and more semantically structured, with corresponding objects (e.g., chairs, desks) encoded with consistent colors
across views, reflecting the emergence of object-level abstractions.

tokens QT € RM*?r are then decoded into 3D Gaussians {G[;}5_, fori = 1,..., M through a lightweight
Gaussian head. Crucially, we match the number of teacher tokens M in ZipSplat’s inference time with the
number of Gaussian summary tokens in our LLM, allowing direct token-level alignment between teacher and
student.

Distillation loss. We distill from the teacher at two complementary levels. First, we align the LLM’s hidden
states at the Gaussian summary token positions, h8* ¢ RM*P with the teacher’s refined query tokens Q™ via a
normalized cosine similarity loss with a lightweight projection layer ¢(-) that maps to the teacher’s dimension

gs AT
dr, Lioken = 37 Zf‘i L {1 - cos(ﬁgs—;”, ”gﬁ)} , where cos(+, -) denotes the cosine similarity operation and
I - || is the L2-norm. This token-level supervision provides a dense, per-token target that guides the LLM toward
representations the teacher’s Gaussian head can already decode, bypassing the slow convergence of learning
Gaussian-decodable features from photometric loss alone. Second, we additionally supervise the student’s
decoded Gaussian parameters against the teacher’s predictions with an L2 loss over all Gaussian attributes
2 . . .
Lparam = ﬁ Ziﬂi 1 HGl — GZ.T||2, where G; and GiT are taken as the concatenation of all predicted Gaussian
attributes from the student and teacher, respectively. The total distillation loss is Laistin = AtokenLtoken +

)\paramﬁparam-
Final objective. Combining the language modeling, reconstruction, and distillation losses, the full training
objective of Imagine3D-LLM is:

‘Cfull = L1M + AreconLrecon + Adistill Ldistill - ®

The teacher is kept frozen throughout training and is only used at training time.

3.3. Analysis

In this section, we further analyze the characteristics of the trained model to understand how jointly training
the model to estimate coarse reconstructions of the scene leads to improved 3D reasoning.

Joint training improves image feature representations. While our reconstruction loss is applied only at
the Gaussian summary tokens and does not directly supervise the image features, we observe that the LLM’s
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Input image

Gaussians

Figure 3: Visualization of clustered Gaussian from summary tokens. We visualize the Gaussians clustered from a set of
Gaussian summary tokens via K-means over the summary tokens (cyan indicates the Gaussians belonging to one cluster).
Similar summary tokens are mapped to the same object without any explicit clustering supervision.

image features themselves become substantially more 3D-aware after joint training. Fig. 2-(a) visualizes
the attention maps between a query point in one view (red dot) and the image features of the other input
views. Compared to the baseline, our model produces noticeably sharper and more spatially focused attention
on the corresponding region across views, indicating that the same object is now encoded with consistent
representations regardless of viewpoint. Beyond this qualitative observation, we additionally evaluate cross-view
correspondence accuracy of our model’s image features throughout training, and observe a steady improvement
as training progresses (Appendix B). Fig. 2-(b) makes the underlying structure more explicit by visualizing the
first three principal components of the image-token hidden states at the ¢-th LLM layer in RGB. While the baseline
features appear noisy and largely unstructured, our features are markedly cleaner and more semantically
organized, with corresponding regions encoded with consistent colors across viewpoints. Together, these two
effects indicate that the reconstruction objective propagates 3D-aware structure beyond the Gaussian summary
tokens into the LLM’s image features themselves, encouraging the same kind of compact, view-consistent
representation that the summary tokens are trained to produce.

Summary tokens emergently group by object. A central design choice of Imagine3D-LLM is the bottleneck
M < KN’, which compels overlapping content across views to be merged into a shared set of summary
tokens (§3.2.1). To examine whether this bottleneck actually induces object-level grouping, we cluster the
trained summary tokens via K-means and visualize, for each cluster, the 3D Gaussians decoded from its member
tokens. As shown in Fig. 3, a single cluster’s Gaussians reliably localize one object (e.g., the chair) across all
views, despite the model receiving no clustering supervision. This emergent grouping effectively validates that
learning to reconstruct the scene through a small set of summary tokens naturally guides the model toward the
abstract, object-level understanding our design aims to achieve, without requiring any explicit object-level
supervision.

4. Experiments

Implementation Details. Following prior work (Zheng et al., 2025b; Wang et al., 2025a), we build our
Imagine3D-LLM based on LLaVA-Video-7B (Zhang et al., 2024). LLaVA-Video encodes each image as 210
tokens, resulting in N’ = 210 and KN’ = 6720 tokens for most settings where we use 32 images as input. For
3DGS estimation, we choose ¢ = 14, as it is the middle layer of the base LLM. For the number of Gaussian
summary tokens, we set M = 2592, which corresponds to 81 tokens per input image and is much fewer than
the total number of image tokens K N’ = 6720. The number of Gaussians decoded per token is set as G = 32.
The Gaussian decoder head 7 (-) is a three-layer MLP. We fine-tune the entire model on the combination of
ScanNet-based datasets (SQA3D (Ma et al., 2022), ScanQA (Azuma et al., 2022), Scan2Cap (Chen et al., 2021),
ScanRefer (Chen et al., 2020), and Multi3DRefer (Zhang et al., 2023)). Motivated by recent analysis (Zhang
et al., 2025a; Zhou et al., 2025b; Zheng et al., 2025a) where training only with ScanNet-based datasets show
largely overfitted results to ScanNet rather than unlocking 3D reasoning, we also sample and add 100K subset
from SPAR-7M (Zhang et al., 2025b). The training is conducted with 16 GH200 GPUs, with an effective batch
size of 64 for 1 epoch. More detailed implementation details can be found in Appendix A.
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Table 1: Quantitative results on 3D question-answering over SQA3D (Ma et al., 2022), Real-3DQA (Ma et al., 2026),
and ScanQA (Azuma et al., 2022). “Specialists” refer to models tailored to individual tasks via task-specific decoders.
General-purpose 2D LMMs (Team, 2024; Wang et al., 2024a; Zhang et al., 2024) are reported under a zero-shot protocol.
We report values available from prior works; “~” marks entries unavailable to us.

Method SQAS3Drest Real-3DQA¢est ScanQA,

EM EM-R EM EM-R CIDEr BLEU-4 METEOR ROUGE EM
Specialists
SQA3D (Ma et al., 2022) 46.6 - - - - - - - -
ScanQA (Azuma et al., 2022) - - - - 64.9 10.1 13.1 33.3 21.1
2D LMMs
InternVL2-8B (Team, 2024) 33.0 453 - - 62.5 3.3 14.5 34.3 -
Qwen2-VL-7B (Wang et al., 2024a) 40.7 46.7 - - 53.9 3.0 11.4 29.3 -
LLaVA-Video-7B (Zhang et al., 2024) 48.5 - - - 88.7 3.1 17.7 44.6 -
3D LMMs
Scene-LLM (Fu et al., 2025) 53.6 - - - 80.0 11.7 15.8 35.9 27.2
LL3DA (Chen et al., 2024a) - - - - 76.8 - 15.9 37.3 -
LEO (Huang et al., 2024b) 50.0 52.4 - - 80.0 11.5 16.2 39.3 21.5
ChatScene (Huang et al., 2024a) 546 57.5 - - 87.7 14.3 18.0 41.6 21.6
Grounded 3D-LLM (Chen et al., 2024c) - - - - 72.7 13.4 - - -
LLaVA-3D (Zhu et al., 2024) 55.6 57.6 - - 91.7 14.5 20.7 50.1 27.0
Video-3D-LLM (Zheng et al., 2025b) 58.6 - 31.2 36.4 102.1 16.4 20.0 49.3 30.1
3DRS (Huang et al., 2025) 60.6 - - - 104.8 - - - 30.3
Ross3D (Wang et al., 2025a) 63.0 65.7 36.6 41.5 107.0 17.9 20.9 50.7 30.8
Imagine3D-LLM (Ours) 63.8 664 39.2 443 109.3 20.5 21.3 49.7 29.9

Datasets and metrics. Following prior work (Zheng et al., 2025b; Wang et al., 2025a; Zheng et al., 2025a;
Hu et al., 2025), we evaluate on seven benchmarks. Six are from ScanNet (Dai et al., 2017): SQA3D (Ma
et al., 2022), Real-3DQA (Ma et al., 2026), and ScanQA (Azuma et al., 2022) for situated and spatial rea-
soning, Scan2Cap (Chen et al., 2021) for 3D grounded captioning, and ScanRefer (Chen et al., 2020) and
Multi3DRefer (Zhang et al., 2023) for 3D object detection. We additionally evaluate on SPAR-Bench (Zhang
et al., 2025b), which assesses genuine 3D perception and reasoning across three cognitive levels: low-level
(e.g., depth estimation), medium-level (e.g., view-change inference), and high-level (e.g., spatial imagination).
Following prior work (Zhu et al., 2024; Zheng et al., 2025b; Wang et al., 2025a; Zheng et al., 2025a; Fan
et al., 2025; Hu et al., 2025), we use exact / refined-exact match (EM / EM-R) (Huang et al., 2024b; Zhu
et al., 2024; Ma et al., 2026) on SQA3D and Real-3DQA, EM together with BLEU-4 (Papineni et al., 2002),
METEOR (Banerjee and Lavie, 2005), ROUGE (Lin, 2004), and CIDEr (Vedantam et al., 2015) on ScanQA, the
same captioning metrics under IoU@0.5 on Scan2Cap, Acc@0.25/0.5 on ScanRefer and the corresponding F1
on Multi3DRefer, and accuracy per cognitive level with the overall mean on SPAR-Bench.

4.1. Quantitative Comparison

ScanNet-based datasets. On the ScanNet-based benchmarks (SQA3D (Ma et al., 2022), Real-3DQA (Ma
et al., 2026), ScanQA (Azuma et al., 2022), Scan2Cap (Chen et al., 2021), ScanRefer (Chen et al., 2020),
and Multi3DRefer (Zhang et al., 2023)), we compare Imagine3D-LLM against task-specific specialists, general-
purpose 2D LMMs, and recent 3D LMMs that differ in how they encode the 3D scene. As shown in Tab. 1, and
Tab. 2, Imagine3D-LLM significantly improves performance across benchmarks, outperforming the strongest
prior 3D LMM (Ross3D) on almost all benchmarks. Especially, state-of-the-art performance in Real-3DQA is
notable, which is a benchmark explicitly designed to validate 3D reasoning capabilities and penalize language-
shortcut overfitting (Ma et al., 2026), indicating that our improvements stem from genuine 3D reasoning.

SPAR-Bench. On SPAR-Bench (Zhang et al., 2025b), we compare Imagine3D-LLM against three categories of
models: the proprietary group (Hurst et al., 2024; Anthropic, 2025), the general-purpose 2D LMMs group (Zhang
et al., 2024; Wang et al., 2024a; Team, 2024; Bai et al., 2025), and the spatially-aware group of recent models
specifically designed for spatial reasoning (Fan et al., 2025; Hu et al., 2025; Chen et al., 2025). As shown in Tab. 3,
Imagine3D-LLM achieves state-of-the-art performance on SPAR-Bench, outperforming all competing methods
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Table 2: Evaluation of 3D dense captioning and visual grounding on Scan2Cap (Chen et al., 2021), ScanRefer (Chen
et al., 2020), and Multi3DRefer (Zhang et al., 2023).

Method Scan2Capy, (IoU@0.5) ScanRefer, Multi3DRefer,
ROUGE BLEU-4 METEOR CIDEr Acc@0.25 Acc@0.5 F1@0.25 Fl1@0.5

Specialists

Scan2Cap (Chen et al., 2021) 44.5 23.3 22.0 35.2 - - - -
3DJCG (Cai et al., 2022) 50.8 31.0 24.2 49.5 49.6 37.3 - 26.6
ScanRefer (Chen et al., 2020) - - - - 37.3 24.3 - -
M3DRef-CLIP (Zhang et al., 2023) - - - - 51.9 44.7 42.8 38.4
3D LMMs

LL3DA (Chen et al., 2024a) 55.1 36.8 26.0 65.2 - - - -
Ground 3D-LLM (Chen et al., 2024c) - - - - 47.9 44.1 45.2 40.6
LEO (Huang et al., 2024b) 58.1 38.2 27.9 72.4 - - - -
ChatScene (Huang et al., 2024a) 58.1 36.3 - 77.1 55.5 50.2 57.1 52.4
LLaVA-3D (Zhu et al., 2024) 63.4 41.1 30.2 79.2 54.1 42.4 - -
Video-3D-LLM (Zheng et al., 2025b) 62.3 42.4 28.9 83.8 58.1 51.7 58.0 52.7
VG-LLM (Zheng et al., 2025a) 62.6 41.5 28.9 80.0 - - - -
3DRS (Huang et al., 2025) - 41.6 - 86.1 - - - -
Ross3D (Wang et al., 2025a) 66.9 43.4 30.3 81.3 61.1 54.4 59.6 54.3
Imagine3D-LLM (Ours) 67.6 48.3 32.6 99.2 62.8 56.3 60.2 55.0

Table 3: Evaluation on SPAR-Bench (Zhang et al., 2025b).

Model SPAR-Bench

Avg. Low Med. High
Proprietary
GPT-40 (Hurst et al., 2024) 36.4 29.3 249 45.1

Claude-3.7-Sonnet (Anthropic, 2025) 21.8 25.4 7.3 23.3

General-purpose 2D LMMs

LLaVA-Video-7B (Zhang et al., 2024) 32.3 23.6 24.8 42.6
Qwen2-VL-7B (Wang et al., 2024a) 30.7 27.5 20.4 37.0
InternVL2.5-8B (Chen et al., 2024e) 36.3 29.5 31.9 43.8
Qwen2.5-VL-72B (Bai et al., 2025) 39.4 35.4 23.1 484

Spatially-aware

VLM3R-7B (Fan et al., 2025) 43.2 39.8 28.4 51.2
G2VLM-SR-2B (Hu et al., 2025) 54.9 60.0 36.3 56.5
3DThinker-7B (Chen et al., 2025) 63.3 - - -

Imagine3D-LLM-7B (Ours) 68.5 60.5 67.0 76.0

across every cognitive level by substantial margins. Compared to general-purpose 2D LMMs, Imagine3D-LLM
surpasses even the largest 72B-scale model (Bai et al., 2025) by over 29 points despite using a 7B backbone.
More notably, Imagine3D-LLM outperforms the strongest spatially-aware baseline, 3DThinker-7B (Chen et al.,
2025), by 5.2 points overall, with even larger margins over G?VLM-SR-2B (Hu et al., 2025) and VLM3R-7B (Fan
et al., 2025). The improvement is especially pronounced on the medium- and high-level splits, which most
directly require the object-level cross-view reasoning our reconstruction objective targets. These results validate
our central claim: equipping MLLMs to assemble a compact 3D representation of the scene before answering
substantially improves 3D reasoning.

4.2. Ablation Studies

Controlled comparison with baseline. To isolate the contribution of our mental-reconstruction objective
from the effect of the training data and recipe, we compare Imagine3D-LLM against a baseline that shares
the identical backbone, training data, and schedule but omits the Gaussian summary tokens together with
the reconstruction and distillation objectives, i.e., standard visual instruction tuning. Here, we report one
representative metric per benchmark EM score for SQA3D / ScanQA, ROUGE for Scan2Cap, Acc@25 for
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Table 4: Controlled comparison against the base MLLM. Both models share the identical backbone, training data, and
schedule; the baseline is trained with standard visual instruction tuning, without the Gaussian summary tokens or the
reconstruction and distillation objectives.

Method SQA3Des: ScanQA,, Scan2Capyy ScanRefer,, Multi3DRefery,; SPARayg.
Baseline 56.5 26.2 63.1 58.3 57.4 60.9
Imagine3D-LLM (Ours) 63.8 29.9 67.6 62.8 60.2 68.5

ScanRefer, F1@0.25 for Multi3DRefer, and average performance SPAR. As shown in Tab. 4, Imagine3D-LLM
improves over this controlled baseline on every benchmark, confirming that the gains arise from our objective
rather than from the additional training data alone. The improvement is especially pronounced on the medium-
level cross-view split of SPAR-Bench (+15.5, from 51.5 to 67.0; see Tab. 3), which most directly exercises the
object-level cross-view reasoning our reconstruction objective targets.

Layer selection for Gaussian decoding. We further ablate  Table 5: Effect of the layer ¢ from which Gaus-
the choice of the LLM layer ¢ from which the Gaussian sum- sian tokens are decoded.
mary tokens are extracted and decoded into 3D Gaussians. As

discussed in § 3.2.1, we hypothesize that the middle layer of Layer / SQA3D,,, SPAR-Bench
the LLM offers the best balance between two opposing require- 7 (early) 60.7 60.2
ments: the Gaussian tokens must accumulate enough visual 14 (middle, Ours) ~ 63.8 68.5
information to faithfully describe the scene, yet the remaining 21 (late) 61.7 64.0

layers must be sufficient to propagate this 3D-aware informa-

tion into the text tokens for reasoning. We empirically verify this by extracting from layer ¢ € {7,14, 21} of the
28-layer LLM. As shown in Tab. 5, the middle layer (¢ = 14) consistently performs best, validating our design
choice and aligning with prior findings on information flow in MLLMs (Kaduri et al., 2025; Jiang et al., 2025b;
Yoon et al., 2025).

Effectiveness of distillation. We compare our full Table 6: Effect of distillation from the compact Gaussian
model against a variant trained without the distilla- ~teacher.

tion losses (Lioken and Lparam). As shown in Tab. 6,
removing distillation (see Recon. only 1 epoch)
causes a substantial drop on both benchmarks. We Baseline (1 ep.) 56.5 60.9

Method SQA3D,.; SPAR-Bench

empirically observe that without distillation, £, econ Baseline (2 ep.) 57.2 61.5
. . Baseline (4 ep.) 52.3 55.2

remains large in scale even after 1 epoch, so a large

fraction of the gradient signal is allocated to reduc- Recon. only (1 ep.) 57.7 57.6

ing L.ccon, leaving the language modeling objective Eecon- oniy (2ep) 2:139 25'1

under-optimized. Consistent with this, the variant econ. only (4 ep.) 7 79

improves steadily with longer training (1 — 2 — 4 Imagine3D-LLM (Full, 1 ep.) 63.8 68.5

epochs) and at 4 epochs nearly matches our full

1-epoch model. In contrast, the £y\-only baseline shows only modest improvements with slightly longer
iterations (1 —2 epochs), and performance decreases after 4 epochs due to the model overfitting to the training
data and losing general reasoning performance when only trained with £y ). Together, these results indicate
that the improved 3D reasoning comes primarily from jointly learning reconstruction and understanding, with
distillation serving mainly to accelerate convergence and make training practical.

Isolating the source of the gains. Having established that reconstruction, not longer training, drives the
gains, we next ask whether the improvement truly comes from learning to reconstruct the scene (mental
reconstruction), or merely from access to the teacher’s representation, the distillation signal, or the added token
capacity. We disentangle these factors in Tab. 7. First, feeding the teacher’s query tokens directly to the LLM as
additional input (+ Teacher tokens), without asking the model to reconstruct, performs on par with the baseline.
Second, supervising the summary tokens with the distillation loss but without the reconstruction loss (+ Distill.
only) likewise fails to help. We attribute both negative results to a representational mismatch between the
teacher’s query tokens and the LLM’s own embedding space: simply injecting or distilling these tokens does not
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Table 7: Isolating the source of the gains. + Teacher tokens: the teacher’s query tokens are fed directly to the LLM as
input. + Distill. only: summary tokens supervised by Laistin but without Lyecon.

Variant SQA3D. SPAR-Bench
Baseline 56.5 60.9
+ Teacher tokens 56.4 60.8
+ Distill. only 56.6 60.5
+ Recon. (4 ep.) 63.7 67.9
Full (Ours, 1 ep.) 63.8 68.5

teach the LLM how to interpret or attend to them, and without a dedicated mechanism to compensate for this
misalignment or to explicitly force the language model to attend to the injected tokens, as in feature-fusion
approaches such as VLM3R (Fan et al., 2025) the added tokens are largely ignored, leaving performance at the
baseline level. In contrast, the reconstruction loss compels the Gaussian summary tokens to actively attend
to the image tokens and extract the visual evidence required to estimate their 3D Gaussian parameters. This
active aggregation reshapes the attention and representations within the LLM such as sharpening cross-view
correspondence and inducing object-level grouping (§3.3), which we believe iss what benefits downstream
reasoning. Together, these results indicate that the improvement arises primarily from jointly learning mental
reconstruction.

Number of Gaussian summary tokens. An important design  Table 8: Number of Gaussian summary tokens
choice of Imagine3D-LLM is that the Gaussian summary tokens M.
act as a representational bottleneck, encouraging multi-view

content corresponding to the same 3D region to be merged M SQA3Dy  SPAR-Bench
into shared tokens (§ 3.2.1). To validate this design, we ab- 1296 61.9 64.6
late the number of summary tokens M while keeping all other 2592 (Ours) ~ 63.8 68.5

components fixed. As reported in Tab. 8, we compare introduc- o184 60.3 8.4

ing roughly 40, 80, 160 tokens per image, which makes the

total number of summary tokens 1296, 2592, 5184, given 32 images. The evaluation shows that too few
tokens (1296) provide insufficient capacity, while too many tokens (5184) weaken the bottleneck that drives
object-level grouping, leading both extremes to underperform our chosen setting.

5. Conclusion

We presented Imagine3D-LLM, a framework that equips a multi-image MLLM with the ability to perform an
explicit mental reconstruction of a 3D scene before answering. We introduce a compact set of learnable Gaussian
summary tokens that are appended to the image tokens and decoded into a compact 3DGS representation,
jointly trained with the standard language modeling objective. Across challenging spatial reasoning benchmarks,
Imagine3D-LLM significantly outperforms prior approaches that rely on explicit pixel-level geometry or geometry-
foundation features, and our analyses further reveal that the reconstruction objective propagates beyond the
Gaussian summary tokens, reshaping the image features into more spatially aligned and semantically structured
representations. We believe that enabling machines to understand how the scene is structured before answering
offers a promising step toward MLLMs that perceive 3D space in a more human-like manner.
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This appendix provides additional implementation details (§ A), correspondence analysis (§ B), further
analyses (§ C), additional related works (§ D), and limitations (§ E) that complement the main paper.

A. Additional Implementation Details

Datasets and input. We use an input resolution of 384 x 384, matching the native resolution of LLaVA-Video-
7B (Zhang et al., 2024). For the ScanNet-based datasets (SQA3D (Ma et al., 2022), ScanQA (Azuma et al.,
2022), Scan2Cap (Chen et al., 2021), ScanRefer (Chen et al., 2020), and Multi3DRefer (Zhang et al., 2023)),
we uniformly sample 32 frames per scene, following prior work (Zhu et al., 2024; Zheng et al., 2025b; Wang
et al., 2025a; Fan et al., 2025; Hu et al., 2025). For SPAR (Zhang et al., 2025b), we use the 104K-sample
multi-view subset released by VG-LLM (Zheng et al., 2025a), in which each scene contains either 2, 3, or
32 views, and we feed all available views per scene to the model. We mix SPAR-7M into the ScanNet-based
training set to mitigate the language-pattern overfitting tendency previously observed when training on ScanNet
alone (Ma et al., 2026; Zheng et al., 2025a).

Compact Gaussian teacher. We build our teacher on top of ZipSplat’s (Veicht et al., 2026) open-source
codebase, where we control the number of compact tokens to 2592 to make an adequate bottleneck structure
as mentioned in § 4.2. The teacher can be readily swapped with other token-level feed-forward 3DGS
frameworks (An et al., 2026; Itkin et al., 2026; Ren et al., 2026), and is kept frozen and used only at training
time.

Training and architecture details. We train with the AdamW optimizer using a global batch size of 64
with 4 gradient accumulation steps. The peak learning rate after warmup is le—5 for the LLM and 2e—6 for
the vision encoder, and we clip the gradient norm to 1.0. For our full training objective, we set Arecon = 3.0
and Agisein = 1.0, with Amse = Aparam = Atoken = 1.0 and Arpips = 0.05. The teacher-alignment projector g(-) in
§3.2.2 is a two-layer MLP with a GeLU activation (Hendrycks and Gimpel, 2016) that maps the LLM’s hidden
dimension 3584 — 1536 to match the teacher’s query dimension dr. The Gaussian decoder head H(-) is a
three-layer MLP with SiLU activations (Elfwing et al., 2018) mapping 1536 — 736, which is the dimension
required to specify the parameters of G = 32 Gaussians per summary token. We use spherical harmonics of
degree 2 for view-dependent color.

The 3D LMMs we compare against in Tab. 1, Tab. 2, and Tab. 3 differ in how they encode the 3D scene:
Scene-LLM (Fu et al., 2025) and LL3DA (Chen et al., 2024a) consume point-cloud features; LEO (Huang et al.,
2024b), ChatScene (Huang et al., 2024a), and Grounded 3D-LLM (Chen et al., 2024c) use object-centric
representations; LLaVA-3D (Zhu et al., 2024) lifts 2D features into a 3D voxel grid; and Video-3D-LLM (Zheng
et al., 2025b), GPT4Scene (Qi et al., 2025), and Ross3D (Wang et al., 2025a) treat multi-view images as video
sequences.
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Figure 4: Layer-wise cross-view correspondence during training. We report cross-view correspondence scores for
image-token representations extracted from middle LLM layers ¢ = 11 ~ 18 on SQA3D (Ma et al., 2022) test samples.
Scores increase consistently throughout training, with pronounced gains near the Gaussian decoding layer (¢ = 14),
indicating that joint reconstruction training improves the view-consistency of intermediate image features. Shaded regions
indicate variance across SQA3D (Ma et al., 2022) test samples.

B. Additional Correspondence Analysis

Following 3DRS (Huang et al., 2025), we evaluate cross-view feature correspondence as a quantitative probe
of how 3D-aware the image-token representations have become. We voxelize the 3D coordinates associated
with image tokens with the given 3D point clouds for each scene of ScanNet (Dai et al., 2017), construct
cross-view pairs from tokens in different views that fall into the same voxel, and report the correspondence
score as the average cosine similarity between the ¢-th layer hidden states of these pairs. A higher score
indicates stronger feature consistency for image tokens describing the same 3D region across viewpoints. As
shown in Fig. 4, correspondence scores in the middle LLM layers, particularly the layers ¢/ = 11 ~ 18 that
surround the Gaussian decoding layer, improve substantially throughout training. This finding plays a dual
role. As a corollary, it confirms that reconstruction supervision propagates 3D-aware structure beyond the
summary tokens themselves into the image-token representations. We further attribute this propagation to our
compact-bottleneck design (M < KN'): with far fewer summary tokens than image tokens, each summary
token is forced to aggregate the same 3D region across multiple views, which in turn pressures the upstream
image features to encode that region consistently across viewpoints. More importantly, the result shows that
joint reconstruction delivers the kind of cross-view correspondence that prior methods such as 3DRS supply
through explicit supervision: improved correspondence emerges naturally from learning to reconstruct, without
ever being directly optimized.

C. Additional Analysis

C.1. Additional visualization of attention between images

We further visualize the attention maps across multi-view images using the same protocol as Fig. 2. As illustrated
in Fig. 5, image tokens from our model reliably focus on matching regions of the same object across different
views, demonstrating their robustness across diverse scenes.

C.2. Additional visualization of clustered Gaussian

We additionally visualize the attention maps between Gaussian summary tokens and multi-view images,
following the same protocol as Fig. 3. As shown in Fig. 6, common objects are clustered into similar Gaussian
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(a) Image-to-lmage Feature Attention (b) Image Feature PCA Visualization
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Figure 5: Visualization of attention maps between multi-view images and PCA visualizations of the image features.
(a) Image-to-image attention maps between a query point (red dot) and other input views. Our model exhibits substantially
stronger cross-view correspondences than the baseline, indicating that the Gaussian summary tokens implicitly drive the
image features to align across views. (b) PCA visualization of the LLM’s image features (first three components shown
as RGB). Our features are noticeably cleaner and more semantically structured, with corresponding objects (e.g., chairs,
desks) encoded with consistent colors across views, reflecting the emergence of object-level abstractions.
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summary tokens without any explicit supervision.
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Figure 6: Visualization of clustered Gaussian from summary tokens. We visualize the Gaussians clustered from a set of
Gaussian summary tokens via K-means over the summary tokens. Similar summary tokens are mapped to the same object
without any explicit clustering supervision.

C.3. Additional quantitative evaluation of semantic feature structuring

The PCA visualizations in Fig. 2 and the cross-view correspondence analysis in Appendix B provide qualitative
and geometric evidence that joint reconstruction training improves the LLM’s image features. To obtain a
more direct quantitative measure of whether the features become more semantically structured, we conduct an
unsupervised semantic segmentation probe following the standard evaluation methodology of (Cuttano et al.,
2026; Hamilton et al., 2022).

Specifically, on the ScanNet scenes of the SQA3D evaluation set (which provide per-image 2D semantic labels),
we extract the LLM’s image features at layer ¢ for all 32 input views and apply K-means clustering jointly over
all views’ tokens, with k set to the number of ground-truth NYU40 classes present in the scene. Since the
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Table 9: Unsupervised semantic segmentation probe. We cluster the LLM’s image features via K-means and measure
mloU against ground-truth ScanNet labels. DINOv3 (Siméoni et al., 2025) is evaluated under the same protocol as an
upper-bound reference.

Method mloU

Baseline (no summary tokens) 26.54
Imagine3D-LLM (Ours) 35.43

DINOv3 (Siméoni et al., 2025) 37.62

Table 10: Reconstruction quality on SQA3D test scenes. We compare the rendering quality of our Gaussian summary
tokens against the compact Gaussian teacher (Veicht et al., 2026) used during training. Higher is better for PSNR and
SSIM; lower is better for LPIPS.

Method PSNR (1) SSIM (1) LPIPS ({)
Gaussian teacher (Veicht et al., 2026) 20.60 0.76 0.44
Imagine3D-LLM (Ours) 17.61 0.74 0.49

resulting clusters carry no labels, we follow the standard unsupervised segmentation protocol: each cluster is
assigned to its maximally-overlapping ground-truth class via majority vote. After assignment, cluster labels are
upsampled to the label resolution and we compute mloU against the ground-truth semantic masks, aggregated
across all views of each scene. As DINOv3 (Siméoni et al., 2025) features are well-known to be semantically
structured, we additionally evaluate DINOv3 under the same protocol as an upper-bound reference.

As reported in Tab. 9, our model’s image features achieve 35.43 mloU, a substantial improvement over the
baseline (26.54) that closes much of the gap to DINOv3 (37.62). This result provides direct evidence that
the feature space itself, not only its downstream usage, becomes more semantically structured through joint
reconstruction training. Importantly, this structuring emerges as a byproduct of the reconstruction objective—
the image features are never directly supervised with semantic labels—confirming that learning to reconstruct
propagates object-level structure into the LLM’s visual representations.

C.4. Additional quantitative evaluation of reconstruction quality

While our primary goal is to improve 3D reasoning rather than novel view synthesis, here we further analyze
rendering quality on the SQA3D test scenes and compare against the compact Gaussian teacher (Veicht et al.,
2026) in Tab. 10. As expected, our reconstruction quality is somewhat below the teacher’s, since our Gaussians
are decoded from the hidden states of an LLM that is jointly optimized for language modeling and reconstruction,
trained with much fewer iterations, and without any special design to match the teacher’s rendering fidelity.
However, the primary goal of our design is not to achieve high-fidelity rendering: the reconstruction objective
serves as an inductive bias that teaches the model how the scene is structured (mental reconstruction), not as a
novel view synthesis system (§ 3.2.1).

C.5. Additional analysis between Gaussian summary token and multi-view images

To accurately reconstruct the scene, it is crucial for the Gaussian summary tokens to effectively aggregate
information from multi-view images. We conduct additional analysis to examine how Gaussian summary
tokens attend to multi-view image features when generating 3D Gaussians. As shown in Fig. 7, each Gaussian
summary token attends to corresponding regions of the same object across multiple views in the scene. This
behavior emerges because a limited number of Gaussian summary tokens are compelled to aggregate multiple
occurrences of the same object into a single representation, effectively clustering common objects without any
explicit supervision. This emergent object-centric property is reminiscent of human perception, where the same
object observed from multiple viewpoints is interpreted as a single entity to form a coherent 3D understanding
of the scene.
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Figure 7: Visualization of attention maps between Gaussian summary tokens and images. We visualize the attention
score map between a Gaussian summary token (a red dot indicating the decoded Gaussian) and the input images. Each
Gaussian token attends to corresponding regions of the same object across multiple views.
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Training setting Peak VRAM (GB)
W/O Erecon + ['distill 40
Imagine3D-LLM (full) 44

Table 11: Training-time computation cost. Peak per-GPU VRAM measured during training under
identical batch size and sequence length. The reconstruction and distillation losses introduce only
a modest memory overhead while substantially improving 3D reasoning.

Table 12: Inference cost comparison. Peak GPU memory and per-sample inference time measured on the SPAR evaluation
set. VLM3R-7B (Fan et al., 2025) additionally runs an external 3D foundation model (CUT3R (Wang et al., 2025c)) on all
input frames before fusion.

Method Peak Memory (GB) Inference Time (ms)
Baseline (7B) 17.09 112.1
VLM3R-7B (Fan et al., 2025) 25.29 344
Imagine3D-LLM (7B) 20.43 176.9

C.6. Computation cost analysis.

We further analyze the additional training-time cost incurred by our reconstruction and distillation objectives.
As reported in Tab. 11, augmenting the standard language modeling loss with L ccon and Lgisein raises the peak
per-GPU VRAM from 40 GB to 44 GB, a 10% increase under identical batch size and sequence length. This
modest overhead is a direct consequence of our design choice to keep the number of Gaussian summary tokens
compact (M = 2592, § 3.2.1). To make this concrete, pixel-aligned feed-forward 3DGS estimators (Charatan
et al., 2024; Chen et al., 2024d; Hong et al., 2024; Ye et al., 2024) predict one Gaussian per input pixel,
which for our setting of 32 images at 384 x 384 resolution would amount to roughly 4.7M Gaussians per
scene. In contrast, Imagine3D-LLM decodes only M x G = 2592 x 32 ~ 83K Gaussians, less than 1.8% of the
pixel-aligned count. This compactness keeps the rasterization, the teacher forward pass, and the gradient
buffers comparatively lightweight, allowing the reconstruction objective to fit alongside MLLM finetuning at a
manageable cost. The overhead is also confined to training, as the compact Gaussian teacher (An et al., 2026)
is discarded at inference time and the Gaussian decoder head #(-) is only invoked when reconstructions are
explicitly required. Given the substantial gains in 3D reasoning across all evaluated benchmarks (Tab. 1, 2, 3),
we view this as a favorable trade-off, indicating that imagining the scene through a compact Gaussian abstraction
is not only effective but also practically affordable.

Inference time cost. We further report peak GPU memory and per-sample inference time on the SPAR
evaluation set for three models: (a) the baseline multi-image MLLM taking only images, (b) VLM3R-7B (Fan
et al., 2025), which fuses image features with external CUT3R (Wang et al., 2025c) features, and (c) our model.

As shown in Tab. 12, Imagine3D-LLM uses 20.43 GB and 176.9 ms per sample, compared to the baseline’s
17.09 GB and 112.1 ms. The additional overhead compared to the baseline comes almost entirely from the longer
input sequence (M = 2592 additional summary tokens), as the Gaussian decoder head is only invoked when
the user explicitly requests a reconstruction and the distillation teacher is discarded after training. Importantly,
approaches like VLM3R that fuse external 3D foundation model features must run a separate model (CUT3R)
on all input frames at inference before fusion, resulting in substantially higher memory (25.29 GB) and
latency (344 ms). Our approach requires no external 3D model at inference, keeping the cost well below that
of feature-fusion alternatives while still providing substantial reasoning gains.

C.7. Visualization of estimated Gaussians.

While our main objective is improving 3D reasoning rather than achieving photorealistic novel view synthesis,
we additionally visualize the estimated Gaussians in 3D to verify that the Gaussian summary tokens indeed
acquire a coherent 3D understanding of the scene. As shown in Fig. 8, the rendered views recover the overall
layout of the scene and the rough placement of major objects (e.g., the central table surface and surrounding
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seating arrangement), confirming that even when decoded from only M = 2592 summary tokens, the model is
able to organize multi-view evidence into a spatially consistent 3D abstraction. We emphasize, however, that
the rendering quality itself is not the primary concern of Imagine3D-LLM. Unlike feed-forward 3DGS estimators
that are explicitly optimized for high-fidelity novel view synthesis (Charatan et al., 2024; Chen et al., 2024d;
Hong et al., 2024; Ye et al., 2024; Jiang et al., 2025a), our Gaussian summary tokens are trained jointly with
the language modeling objective and are bottlenecked to a small set of tokens, which inherently trades off
pixel-level fidelity for compact, object-level abstraction.

Input Images Reconstructed Gaussians

Figure 8: Visualization of reconstructed scene with estimated Gaussians. (Top): input multi-view images. (Bottom):
a view rendered from the 3D Gaussians decoded by our Gaussian summary tokens. Although the rendering is coarse
due to the compact M = 2592 token bottleneck, it preserves the overall scene layout and the placement of major objects,
indicating that the tokens encode a coherent 3D abstraction of the scene.

D. Additional Related Works

Because our framework incorporates 3D Gaussian Splatting within an MLLM, several existing directions may
appear superficially related to Imagine3D-LLM. We briefly discuss them here and clarify the key distinctions.

Feed-forward 3DGS as a feature lifter for MLLMs. SplatTalk (Thai et al., 2025) also pairs a feed-forward
3DGS estimator with an MLLM, but uses 3DGS as an external feature lifter: a frozen estimator (FreeSplat (Wang
et al., 2024b)) lifts pretrained 2D features into a 3D Gaussian field that is then fed to the LLM as visual tokens.
The MLLM itself never learns to reconstruct the scene. In contrast, Imagine3D-LLM equips the MLLM with
learnable Gaussian summary tokens that jointly learn to reconstruct the scene and support language modeling,
with no external 3DGS module at inference.

Per-scene 3DGS-based scene understanding. LangSplat (Qin et al., 2024), FMGS (Zuo et al., 2025), and
M3 (Zou et al., 2025) distill 2D foundation features into 3D Gaussians optimized per scene, enabling open-
vocabulary retrieval or segmentation. Imagine3D-LLM targets a different setting: a feed-forward generalist that
answers natural-language questions about novel scenes in a single forward pass, without per-scene optimization.

Point-cloud-input MLLMs for 3D detection. SpatialLM (Mao et al., 2025) feeds 3D point clouds to an MLLM
and outputs structured bounding-box coordinates and labels from a fixed vocabulary. Imagine3D-LLM instead
targets free-form 3D understanding—spatial QA, situated reasoning, dense captioning, and grounding—through
natural language interaction.

Latent geometric reasoning without explicit reconstruction. The most conceptually similar concurrent work
is 3DThinker (Chen et al., 2025), which also argues for “thinking with 3D” before answering spatial questions.
3DThinker aligns latent reasoning tokens with features from a frozen 3D foundation model (VGGT (Wang et al.,
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2025b)), placing it closer to methods that fuse geometry-foundation features into MLLMs (e.g., VLM3R (Fan
et al., 2025), G2VLM (Hu et al., 2025)). Imagine3D-LLM instead requires the Gaussian summary tokens to
actually reconstruct the scene through differentiable rasterization, providing a stronger inductive bias toward
3D-aware internal representations (§3.3). Empirically, Imagine3D-LLM outperforms 3DThinker-7B by 5.2
points on SPAR-Bench overall, with larger margins on the medium- and high-level reasoning splits.

E. Limitations

While Imagine3D-LLM demonstrates that abstract reconstruction is an effective inductive bias for 3D-aware
MLLMs, training efficiency remains a limitation. As discussed in § 3.2.2, our framework can learn Gaussian
summary tokens without a pretrained compact Gaussian teacher (Veicht et al., 2026), but requires more
training steps to achieve comparable downstream performance. The teacher therefore accelerates convergence
rather than being a necessary component of our framework. Improving the efficiency of teacher-free training
remains an important direction for future work.

Another limitation concerns the scope of our training scenes and the fixed representation budget. Our model is
trained on indoor scenes, where a fixed number of Gaussian summary tokens and decoded Gaussians has not
posed a major constraint in our experiments. However, larger and more complex outdoor scenes may require a
greater representation capacity, and the current Gaussian budget could be insufficient to capture their spatial
structure. Extending our framework to cover both indoor and outdoor environments, and dynamically adapting
the number of Gaussian summary tokens to the scale and complexity of each scene, are promising directions
for future work.
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