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Abstract. Spatial reasoning is a critical capability for intelligent robots,
yet current vision-language models (VLMSs) still fall short of human-level
performance in video-based spatial reasoning. This gap mainly stems
from two challenges: a semantic-geometric misalignment that prevents
consistent 3D understanding, and the absence of persistent memory to
retain 3D representation and understanding across frames. To address
these limitations, we present VLM?, a Vision-Language Model with per-
sistent Memory for spatial reasoning with a view-consistent, 3D-aware
representation purely from 2D videos. Specifically, we incorporate a dual-
memory module consisting of a working memory that operates as a slid-
ing window to focus on immediate context, and an episodic memory that
consolidates and stores critical information across frames. This design
enables bounded and efficient spatial reasoning under a fixed computa-
tional cost. Extensive experiments on multiple benchmarks show that
VLM? achieves state-of-the-art performance among video-based models,
significantly advancing the frontier of visual-spatial intelligence.
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1 Introduction

Spatial reasoning is a fundamental capability of intelligent robots, enabling
them to perceive, localize, and reason about spatial relationships in the physical
world. Recent advances [8,[151/2738]/51,75] have sought to enhance this ability in
vision-language models (VLMs) [3131}/341[37}/73|, for instance by incorporating
3D information such as point clouds and depth maps to enhance spatial aware-
ness. Despite these efforts, current VLMs still fall short of human-level spatial
reasoning [7,/64]. As in Fig. |1} existing models often fail to answer simple ques-
tions like “How many chairs are there in this room?”. One reason is that such
questions require consistent feature alignment across multiple views (recogniz-
ing the same chairs across viewpoints) and memory across frames (maintaining
an accurate count as views change). However, existing VLMs rarely address the
two issues simultaneously. In practice, they often exhibit (1) semantic-geometric
feature misalignment and (2) the absence of persistent memory.
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Fig.1: VLM? is a Vision-Language Model with Memory for spatial reason-
ing that constructs view-consistent 3D-aware representations from monocular video
and supports consistent reasoning across viewpoints. Such capabilities are critical for
questions like “How many chairs are in this room?”, which require consistent cross-view
alignment and reasoning over previously observed content.

First, while existing methods that leverage semantic features from 2D en-
coders provide strong categorical understanding, they lack metric grounding and
positional awareness [16}/30,/69,[75], making it challenging to maintain spatial co-
herence across viewpoints. For instance, when moving from the living room to the
kitchen, a model may incorrectly associate distinct chairs at different locations as
the same instance, causing spatial inconsistency. In contrast, geometric features
from 3D visual geometry models offer reliable structural cues; however, naively
fusing them with semantic representations often produces view-dependent insta-
bilities [6}/35}/36}/43], causing global spatial inconsistencies under camera motion.

Moreover, directly using predicted 3D point clouds as explicit inputs does not
inherently establish semantic-geometric correspondence across views. Although
they provide structural cues, point-level predictions are not naturally aligned
with semantic tokens, thus requiring additional alignment mechanisms.

The second challenge lies in the absence of persistent memory, although
memory mechanisms have been explored in computer vision for decades .
Mobile robots experience viewpoint changes and occlusions, where objects may
temporarily disappear and reappear as the viewpoint shifts . Existing
VLMs rely on token-based context windows that struggle to preserve
coherent spatial representations across frames . As new visual inputs ar-
rive, previously observed information may be overwritten, preventing consistent
spatial reasoning across the video sequence. For example, when the viewpoint
shifts and later revisits a previously observed area, a chair initially seen at the
entrance may no longer be recalled, leading to failures in tasks such as object
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counting. This highlights the need for an explicit memory mechanism capable of
preserving and updating 3D-aware representations across frames and viewpoints.

To solve these challenges, existing approaches have explored several direc-
tions. Early works [8}/151/27.38./51,/75] fine-tuned VLMs with additional 3D data,
yet progress was constrained by limited dataset scale and diversity. More recent
methods [17}[58l|76] leverage geometric priors from 3D visual geometry founda-
tion models [53H55], but their reliance on simple feature fusion neither explicitly
addresses semantic-geometric misalignment nor provides a dedicated mechanism
to preserve representations across frames. As a result, achieving coherent 3D-
aware representations across views remains challenging.

In this paper, we present VLM?2, a Vision-Language Model with persistent
attention-based Memory for spatial reasoning. First, we construct a 3D-aware
representation from visual observations by enforcing the alignment between the
semantic and geometric features before fusion. To this end, we introduce a
viewpoint-aware geometry alignment module to align geometry tokens with their
view tokens, ensuring geometric features from different viewpoints are distinct
even if their geometry is similar. Furthermore, we inject the predicted 3D co-
ordinates into their corresponding visual tokens to ensure geometric awareness.
To avoid potential spatial inconsistency, we introduce a learnable gate to de-
cide which of these 3D points are useful, allowing the model to be “adaptive.”
These designs unlock the model’s ability to perform spatial reasoning, yielding
view-consistent 3D-aware representations under camera motion.

Additionally, some models like |75] require both 2D videos and accurate depth
labels (or 3D point clouds) as inputs. This requirement limits their applicability
in real-world scenarios, where reliable depth measurements are often unavail-
able. Although depth maps can be estimated using monocular depth estimation
models, our empirical observations show that directly using such noisy depth
predictions can significantly degrade model performance. In contrast, our exper-
iments demonstrate that our proposed view-consistent 3D-aware representation
effectively addresses these issues without relying on accurate depth inputs.

To equip the model with persistent memory, we introduce an attention-based
dual-memory to preserve and update 3D-aware representations across frames
and viewpoints. It comprises (1) a working memory that functions as a sliding
window over recent frames to capture immediate context, and (2) an episodic
memory that serves as a fixed-capacity bank for recall across frames. We de-
sign gated fusion and similarity-based update mechanisms to retain informative
observations while preventing redundant accumulation, enabling coherent spa-
tial reasoning across frames under bounded computation and storage. We note
that 3DLLM-Mem [25] augments VLMs with memory mechanisms. In contrast
to memory architectures that grow stored representations over time, our dual-
memory design integrates a sliding-window working memory for recent context
with a fixed-capacity episodic memory that performs gated fusion. This design
ensures bounded memory usage while preserving reliable spatial reasoning.

We evaluate VLM? on multiple spatial reasoning and 3D understanding
benchmarks, including VSI-Bench [64], VSTI-Bench [17], ScanQA [1], and SQA3D
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[41]. VLM? achieves superior performance among video-based models and sur-
passes open-source VLMs and spatial-enhanced models [3}/17,/58,/74,/76], advanc-
ing the frontier of visual-spatial intelligence. Our main contributions include:

— We introduce VLM?, a vision-language model, integrating a semantic-geometric
consistent representation with a persistent dual-memory, enabling spatial
reasoning from video. VLM? achieves state-of-the-art performance on multi-
ple benchmarks, including VSI-Bench, VSTI-Bench, ScanQA, and SQA3D.

— We develop a 3D-aware representation for spatial reasoning that resolves
semantic-geometric misalignment by grounding visual features into 3D space
and enforcing cross-view consistency for coherent understanding. We also de-
sign a dual-memory module that couples a sliding-window working memory
with a fixed-capacity episodic memory, achieving efficient spatial reasoning.

2 Related Work

2.1 3D Large Language Models

Recent efforts have focused on enabling 3D large language models to under-
stand 3D scenes by introducing explicit 3D modalities |8})9.23//26,28,/51,5775/77].
Early work LL3DA [8] employs a point cloud encoder for scene-level repre-
sentations, while Chat-3D [57], LEO [28|, and Chat-Scene [26] segment ob-
jects and aggregate object-level 3D features for scenes. 3D-LLM [23] recovers
3D cues from rendered multi-view images via a 3D feature extractor, while
LLaVA-3D [77] injects 3D position to form 3D-aware patch aggregation. More
recently, Video-3D LLM |[75| encodes 3D position into the visual representa-
tion. Ross3D [51] leverages reconstruction-based supervision to learn 3D-aware
features. GS-Reasoner |9 constructs a 3D scene representation by integrating
geometric features extracted from a point cloud encoder. These approaches
demonstrate the effectiveness of incorporating explicit 3D information for 3D
understanding. In contrast, our framework focuses on learning 3D-aware repre-
sentations from 2D inputs, requiring no additional 3D data or supervision.

2.2 Spatial Reasoning in VLMs

Equipping VLMs with spatial reasoning capabilities has recently emerged as
a significant area of research [5}7/12}/40,/44,63,|65]. However, previous work has
mainly focused on spatial understanding from 2D static images, leaving video-
based spatial reasoning as an underexplored domain. To address this gap, VSI-
Bench [64] introduces a video-based benchmark to evaluate how effectively VLMs
can understand spatial relationships. Recent studies [17}/30/58(76] have sought to
enhance VLM spatial reasoning by incorporating geometric priors from 3D Vi-
sual Geometry Foundation Models (VGFMs). For instance, Spatial-MLLM [58]
and VG-LLM [76] leverage VGFMs (e.g. VGGT [53|) as spatial encoders to ex-
tract geometric features. Similarly, 3DRS [30] introduces supervision signals from
pretrained VGFMs, although this approach relies on additional 3D data to com-
pute position information. VLM-3R [17] incorporates implicit 3D tokens from
pretrained VGFMs (e.g., CUT3R [54]) and further proposes the VSTI-Bench
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to evaluate the comprehension of spatial relationships evolving over time. De-
spite these advances, a common limitation of these methods is their tendency to
simply fuse geometric features with semantic cues. Without explicitly addressing
the potential semantic-geometric misalignment, their performance improvements
remain constrained. In contrast, our work introduces an explicit alignment mech-
anism to learn a view-consistent 3D-aware representation, which more effectively
integrates semantic and geometric cues for spatial reasoning.

2.3 Memory for Spatial Reasoning

Memory mechanisms have been adopted in vision tasks that depend on long-
range temporal or spatial information. Their applications include video under-
standing |20,45.|71], video generation [29,/59,/68|, 3D reconstruction [11}52,/60],
and robotic memory [48-5062|. This paradigm has also been explored for lifelong
navigation in embodied agents [32], where memory representations are critical.
Within this embodied context, several works focus on building spatial memo-
ries. For instance, MTU3D |[79] maintains a dynamic spatial memory bank for
grounding and exploration, while 3D-Mem [66] constructs a 3D scene memory
from multi-view images for exploration and reasoning. More recently, 3SDLLM-
Mem [25| equips 3D LLMs with long-term memory to support diverse embodied
tasks. However, this approach has limitations: its unpruned memory accumulates
redundant entries and incurs high computational cost on long videos. In contrast,
our work introduces a bounded dual-memory module to address these challenges.
This module couples a sliding-window working memory with a fixed-capacity
episodic memory, preserving salient information for efficient spatial reasoning.

3 Method

Overview We introduce VLM?, a vision-language model that takes a monocular
video V = {I;}}¥; and a language instruction @ as input, and generates answers
by using a memory mechanism built directly upon view-consistent 3D-aware
representations. An overview of our architecture is shown in Fig. 2] Our method
is built on two technical key innovations. First, to address semantic-geometric
misalignment, we explicitly align visual, geometry, and view tokens into a view-
consistent 3D-aware representation (Sec. that maintains spatial consistency
under camera motion. Second, building on this consistent 3D-aware representa-
tion, we introduce a dual-memory module (Sec. that enables reasoning over
both immediate and earlier observations. This allows the model to reason about
spatial layouts and objects no longer in view, supporting temporally aware and
consistent spatial reasoning. We implement VLM? on top of LLaVA-Video |74].
The 3D-aware, memory-enhanced representations are concatenated with the in-
struction embeddings and fed into the language backbone to generate answers.

3.1 View-Consistent 3D-Aware Representation

Given a video, the goal is to produce a view-consistent, globally coherent
3D-aware representation built from varying viewpoints, in which local semantic
and geometric information is aligned for improved spatial reasoning. First, we
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Fig. 2: Overview of the VLM? Architecture. Our model constructs a view-
consistent 3D-aware representation via adaptive 3D position injection, viewpoint-aware
geometry alignment and semantic-geometric fusion. A dual-memory module with a
sliding-window working memory and a fixed-capacity episodic memory maintains these
representations over time, supporting temporally aware spatial reasoning.

uniformly sample N frames {I;}¥ ; from the input video, where I, € RF*Wx3,

From each frame I,, we extract visual tokens F, € R"*%X¢ capturing seman-
tic information from a pretrained vision encoder, and geometric priors from
a 3D foundation model (73 ): geometry tokens Gy € RP*“*¢  view tokens
Z; € Rh*wxev and per-pixel point maps X, € RE*W>3 However, directly fusing
these features suffers from a core semantic-geometric misalignment: the visual
tokens F} lack spatial grounding, while the geometry tokens G; are viewpoint-
ambiguous. We introduce three core modules to address this issue: (1) Adaptive
38D Position Injection injects predicted 3D coordinates into visual tokens while
handling noisy predictions; (2) Viewpoint-Aware Geometry Alignment aligns ge-
ometry tokens with their corresponding view tokens to resolve view ambiguity;
and (3) Semantic-Geometric Fusion fuses these aligned features into a 3D-aware
representation that enables spatial reasoning consistent across camera motion.

Adaptive 3D Position Injection. Recent works such as Video-3D LLM
enhance spatial awareness by injecting ground-truth 3D points (obtained from
ground-truth depth maps and camera parameters) into the model. This require-
ment limits their applicability in real-world scenarios, where reliable depth labels
are often unavailable. Moreover, we find that directly injecting predicted 3D co-
ordinates (from a monocular depth estimation model) may introduce noise and
inaccuracies, potentially affecting performance. To address this, we introduce an
adaptive gating mechanism that selectively incorporates reliable and useful 3D
position cues (e.g. chairs instead of walls) while filtering out noisy or irrelevant
predictions. We first obtain per-patch 3D coordinates C; € R"*%*3 by pooling
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the predicted point maps X; from a 3D foundation model, then encode them
into 3D position embeddings C] € R"***¢ via a sinusoidal position encoding
and a two-layer MLP ¢ : R® —R¢. The core of our adaptive design is a learnable
gate a; that modulates the injection:

Ftpa = Ft + o © d)(C’t), o € [O, 1]h><w><1’ (1)

where ® denotes element-wise multiplication. This produces position-aware vi-
sual tokens F* grounded in 3D, while mitigating the impact of prediction noise.
Viewpoint-Aware Geometry Alignment. Direct fusing visual and geometric
features presents a crucial challenge: the geometric features alone are viewpoint-
ambiguous (e.g., a chair’s front and back legs produce similar features). To make
the geometric feature viewpoint-aware, we infuse geometry tokens with both
patch-level and frame-level perspective cues. First, to disambiguate local geo-
metric patterns, we enrich geometry tokens with the corresponding view tokens,
projected via a linear layer v, : R® — R to produce Z,. This fusion produces
viewpoint-aware features Gy* that make patch-level geometry less ambiguous.

G}* = MLP( Concat[G; ; Zi]). (2)

Second, to provide global viewpoint context, we append a global view descriptor
Z, € RYXX¢v obtained by pooling view tokens Z; and projecting via a linear
layer 14 : R® —+R®. This provides a frame-level signal of the camera viewpoint.

G}° = Concat[ Gy*; Z7] € RUwHbxes, (3)

Infused with both patch-specific and frame-level viewpoint information, the re-
sulting geometrc tokens G}¢ are now viewpoint-aware across different viewpoints.
Semantic-Geometric Fusion. To form the final 3D-aware representation for
each frame I;, we fuse the position-aware visual tokens and viewpoint-aware ge-
ometry tokens through cross-attention. We use the position-aware visual tokens
FP* as queries and the viewpoint-aware geometry tokens Gy¢ as keys and values:

Hy = Attn(Q(EP™), K(GY), V(GY°)). (4)

The output H; is a sequence of powerful 3D-aware tokens for frame I; that
bind visual semantics to consistent geometric structure, resolving the semantic-
geometric misalignment and producing a coherent 3D-aware representation that
supports reliable spatial reasoning across views.

3.2 Dual-Memory Module

Inspired by CUT3R [54], which maintains a continuously updating state for
3D reconstruction, we propose a dual-memory module that stores and updates
3D-aware representations, enabling temporally spatial reasoning across frames.
Working Memory for Immediate Retrieval. An agent’s immediate envi-
ronment is dense with information, but not all recent observations are equally
relevant. To focus on important short-term context, we design a sliding-window
working memory W; to store the most recent L,, representations. Our key insight
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is that the model should retrieve only what is relevant rather than treating all
information equally. We achieve this selective retrieval by using the current rep-
resentation H; as queries to attend over the working memory via cross-attention:

Mtw = Attn(Q(Ht)vK(Wt)aV(Wt))' (5>

The resulting feature M;” is an enhanced representation of the current state,
enriched with relevant context from the immediate past and recent observations.
Episodic Memory for Recall Across Frames. While the working memory
captures recent context, it cannot retain crucial information beyond the imme-
diate window, limiting spatial reasoning that depends on earlier observations.
For instance, the chair counting example in the introduction requires retrieving
observations no longer stored in the sliding window. To overcome this, we intro-
duce an episodic memory & = {Ey, Es, ..., ELe}iLzel, a fixed-capacity bank that
stores the most salient observations across frames. Through end-to-end training
on QA tasks, the model implicitly learns what constitutes a “task-relevant” mem-
ory, guiding it to preserve representations useful for spatial reasoning. Similar
to the working memory, we use the current representation H; to query episodic
memory via cross-attention, yielding an episodic-enhanced representation M.
Memory Fusion and Update. The working-enhanced representation M;"
is fused with the episodic-enhanced representation M to produce the final
memory-enhanced feature for the current step. We employ a learnable gate ;
to control the combination of these two information streams:

~¢ = o (MLP(Concat[M;"; M])), (62)
My =7 © My + (1 =) © My o

This produces the final memory-enhanced representation M;. To maintain a
diverse and non-redundant episodic memory bank, we replace the most similar
existing entry with current memory-enhanced representation M;. Specifically, we
identify the most similar entry F: in episodic memory and update it with M.

iy = argmax;cqy . r,3cos(My, Ey). (7)

This similarity-based update mechanism ensures episodic memory remains bounded
and diverse, supporting temporally aware spatial reasoning across frames.

4 Experiments

Implementation Details. Our model is built on LLaVA-Video-7B [74], a video
LLM based on Qwen2-7B |46, and uses 3 |56] as the 3D foundation model. We
train for one epoch on a mixed dataset using the same learning objective as
VLM-3R [17]. We use the AdamW optimizer with a batch size of 128 and a peak
learning rate of le-5 for the LLM during the warmup phase. For fine-tuning, we
apply Low-Rank Adaptation (LoRA [24]) with a rank of 128 and a scaling factor
of 256. Both the vision encoder and 3D foundation model are kept fully frozen
during training. All experiments are conducted on 8 NVIDIA H200 GPUs.
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Table 1: Evaluations on VSI-Bench [64] for 3D spatial reasoning tasks. We
compare against proprietary models, open-sourced VLMs, and spatial-enhanced models
specifically designed for spatial reasoning. Bold indicates the best performance.

‘ ‘ Numerical Qusetion Multiple-Choice Question
Methods Rank Avg.
‘ ‘Obj. Cnt. Abs. Dist. Obj. Size Room Size Rel. Dist. Rel. Dir. Route Plan Appr. Order

Proprietary Models (API)

GPT-40 ‘ 4 34.0 46.2 5.3 43.8 38.2 37.0 41.3 31.5 28.5
GPT-5 1 55.0 53.3 34.5 73.3 47.5 63.7 48.7 50.3 68.9
Gemini-2.5-Pro 3 51.5 43.8 349 64.3 42.8 61.1 47.8 45.9 71.3
Gemini-3-Pro 2  525| 380 37.8 2.7 44.1 59.9 55.7 45.9 66.0
Open-sourced VLMs

LongVA-7B 13 29.2 38.0 16.6 38.9 22.2 33.1 43.3 25.4 15.7
InternVL2-8B 9 34.6 23.1 28.7 48.2 39.8 36.7 30.7 29.9 39.6
InternVL2-40B 7 36.0 34.9 26.9 46.5 31.8 42.1 32.2 34.0 39.6
LongVILA-8B 15  21.6 29.1 9.1 16.7 0.0 29.6 30.7 32.5 25.5
VILA-1.5-8B 14 289 17.4 21.8 50.3 18.8 32.1 34.8 31.0 24.8
VILA-1.5-40B 12 31.2 22.4 24.8 48.7 22.7 40.5 25.7 31.5 32.9
Qwen2.5VL-7B 10 33.0| 409 14.8 43.4 10.7 38.6 38.5 33.0 29.8
Qwen2.5VL-72B 6 37.0 25.1 29.3 54.5 38.8 38.2 37.0 34.0 28.9
Qwen3-VL-2B 3 50.4 62.2 40.3 71.5 49.8 52.3 42.0 30.4 54.5
Qwen3-VL-8B 1 57.9 67.6 47.0 76.3 61.9 58.0 51.0 35.1 66.3
Qwen3.5-4B 2 53.6 56.5 36.5 67.5 53.8 60.3 57.5 34.0 62.3
LLaVA-OneVision-7B 11 324 47.7 20.2 47.4 12.3 42.5 35.2 29.4 244
LLaVA-OneVision-72B 5 40.2 43.5 23.9 57.6 37.5 42,5 39.9 32.5 44.6
LLaVA-NeXT-Video-7B 8 35.6 48.5 14.0 47.8 24.2 43.5 42.4 34.0 30.6
LLaVA-NeXT-Video-72B| 4  40.9 48.9 22.8 57.4 35.3 42.4 36.7 35.0 48.6
Spatial-Enhanced Models

VG-LLM-4B ‘ 5 47.3 66.0 37.8 55.2 59.2 44.6 45.6 33.5 36.4
VG-LLM-8B 3 50.7 67.9 37.7 58.6 62.0 46.6 40.7 32.4 59.2
Spatial-MLLM-4B ‘ 4 484 65.3 34.8 63.1 45.1 41.3 46.2 33.5 46.3
VLM-3R-7B 2 609 70.2 49.4 69.2 67.1 65.4 80.5 454 40.1
VLM?-7B (Ours) 1 68.8 725 59.6 70.8 69.9 69.0 87.8 52.6 68.3
Improve 1 - 7.9 2.3 10.2 1.6 2.8 3.6 ) (2 28.2

4.1 Spatial Reasoning Benchmarks

Datasets and Metrics. We evaluate our model’s spatial reasoning perfor-
mance on VSI-Bench [64], which contains over 5,000 QA pairs collected from
egocentric videos in ScanNet [14], ScanNet++ [67], and ARKitScenes [4]. We
further report results on VSTI-Bench [17], which is built on the same video
sources and comprises approximately 6,000 QA pairs. This benchmark evaluates
the model’s ability to interpret spatial layouts and reason about camera-object
interactions under viewpoint changes in monocular videos. For Multiple-Choice
Answer (MCA) tasks, we report standard Accuracy [18{21})70], and for Numerical
Answer (NC) tasks, we report Mean Relative Accuracy |64].

Baselines. We compare our model with a diverse set of proprietary and open-
source VLMs (e.g., GPT-40 |31, Gemini-2.5 Pro |13|, LLaVA-NeXT-Video |73],
Qwen2.5-VL [3], Qwen3-VL [2]). We also include recent spatial-enhanced models,
including SPAR 72|, VG-LLM |[76|, Spatial- MLLM [58], and VLM-3R [17].
Results on VSI-Bench. Table [I] presents the quantitative results on VSI-
Bench. Our method consistently outperforms proprietary and open-source VLMs
across all task categories. The performance gains are particularly pronounced on
Absolute Distance and Relative Direction, as these tasks demand strong spa-
tial awareness and fine-grained 3D understanding. This suggests that our model
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Table 2: Evaluations on VSTI-Bench [17] for 3D spatial-temporal reasoning
tasks. Abbr.: CO-AbsD = Cam-Obj Abs. Dist.; CDisp = Cam. Displace.; CMDir =
Cam. Mov. Dir.; OO-RelP = Obj-Obj Rel. Pos.; CO-RelD = Cam-Obj Rel. Dist. Bold
indicates best performance in each model category.

‘A ‘Numerical Question Multiple-Choice Question
vg.

‘ ‘CO—AbsD CDisp  CMDir OO-RelP CO-RelD
Proprietary Models (API)

Methods

GPT-40 38.2 29.5 23.4 37.3 58.1 42.5
GPT-5 44.1 24.3 11.1 41.9 85.8 57.3
Gemini-2.5-Pro 42.4 29.2 8.0 30.0 84.0 60.7
Gemini-3-Pro 43.3 30.7 9.7 35.6 82.5 58.1
Open-sourced VLMs

LongVA-7B 32.3 13.5 5.1 43.7 57.9 41.2
InternVL2-8B 43.5 32.9 13.5 48.0 68.0 55.0
InternVL2-40B 43.2 11.9 34.9 33.3 63.8 72.2
LongVILA-8B 30.5 20.0 11.6 35.4 52.3 33.4
VILA-1.5-8B 37.3 30.1 27.3 42.2 50.4 36.7
VILA-1.5-40B 38.2 28.2 15.7 28.8 65.4 53.0
Qwen2.5VL-7B 38.2 22.9 4.9 47.4 65.9 49.9
Qwen2.5VL-72B 40.3 18.0 10.0 41.0 74.2 58.4
Qwen3-VL-2B 45.4 30.2 35.0 37.9 65.0 59.0
Qwen3-VL-8B 47.0 26.1 31.8 37.1 79.7 60.1
Qwen3.5-4B 32.7 26.0 24.8 24.9 71.9 16.0
LLaVA-OneVision-7B 41.7) 299 19.3 47.5 62.1 49.8
LLaVA-NeXT-Video-7B | 40.0 28.2 1.8 49.8 64.7 55.6
LLaVA-NeXT-Video-72B| 44.0 32.3 10.5 48.1 78.3 50.9
Spatial-Enhanced Models

VLM-3R-7B 58.8 39.4 39.6 60.6 86.5 68.6
VLM?2-7B (Ours) 65.3| 43.1 44.1 76.8  87.7 74.9
Improve 1 |+6.5] +3.7 +45 4162  +1.2 +6.3

learns view-consistent and spatially-aware representations that effectively cap-
ture geometric cues. Moreover, our method attains state-of-the-art results on
Route Plan and Appearance Order. These tasks involve reasoning over chang-
ing viewpoints and maintaining consistent object relationships, highlighting the
effectiveness of our representation and dual-memory module design.

Results on VSTI-Bench. As shown in Table [2] we evaluate our model on
VSTI-Bench, which assesses spatial reasoning under temporally evolving dy-
namics in monocular videos. Our method achieves state-of-the-art performance
across all tasks, with an overall accuracy of 65.3, a relative improvement of
11.1% over the previous best method VLM-3R (58.8), reflecting consistent gains
on both spatial and temporal reasoning categories. We attribute these gains
to our view-consistent 3D-aware representation and dual-memory design, which
support reasoning about camera motion and object interactions across frames.

4.2 3D Scene Understanding Benchmarks

Datasets and Metrics. We further evaluate our approach on 3D question an-
swering benchmarks. We evaluate on ScanQA [1] for 3D spatial reasoning and
SQA3D [41] for situated reasoning, both built on the ScanNet [14]. We follow the
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Table 3: Evaluation on ScanQA [1] and SQA3D |41]| for 3D understand-
ing tasks. “C” stands for “CIDEr”, “B-4” for “BLEU-4”, “M” for “METEOR”, “R” for
“ROUGE”, and “EM-1”" for top-1 exact match. Bold and underline denote the best-
performing and second-best performing models in each category, respectively.

Methods ‘ };133::) ‘ ScanQA (val) ‘ SQA3D (test)
| | ¢ B4 M R EM-I| EM-1
Task-Specific Models
ScanQA 1 X | 649 101 131 333 21.1 47.2
SQA3D [41] X - 11.2 135 345 - 46.6
3D-VisTA 78| X 69.6 10.4 13.9 35.7 224 48.5
3D /2.5D-Input Models
3D-LLM |23] X 69.4 12.0 14.5 357 20.5 -
Chat-3D v2 |27 X 87.6 14.0 - - - 54.7
LL3DA [8] X 76.8 13.5 15.9 373 - -
ChatScene |26] X 87.7 14.3 18.0 41.6 21.6 54.6
LLaVA-3D |77 X 103.1 16.4 20.8 49.6 30.6 60.1
Video-3D LLM |75] X 102.1 16.4 20.0 49.3 30.1 58.6
3DRS [30] X 104.8 17.2 20.5 49.8 30.3 60.6
Ross3D |[51] X 107.0 17.9 20.9 50.7 30.8 63.0
Video-Input Models
InternVL2-8B |10] v 62.5 3.3 14.5 34.3 - 33.0
Qwen2-VL-7B 3] v 53.9 3.0 11.4 293 - 46.5
Qwen2-VL-72B |3] v 66.9 12.0 13.0 35.2 - 47.0
LLaVA-Video-7B |74| v 88.7 3.1 17.7 44.6 48.5
Oryx-34B [39] v 72.3 - 15.0 373 - -
Spatial-MLLM-4B [58| v 91.8 14.8 184 45.0 - 55.9
VLM?-7B (Ours) v/ |105.5 17.7 20.5 50.3 30.7 60.4
Improve \ | +13.7 +2.9 +2.1 453 - 4.5

standard evaluation settings for each benchmark and use widely adopted evalu-
ation metrics to assess answer quality in a consistent manner. For ScanQA, we
report exact match accuracy (EM), CIDEr, BLEU-4, METEOR, and ROUGE-L.
For SQA3D, we evaluate performance using exact match accuracy (EM).
Baselines. We compare against models covering different input settings and task
specializations. Task-specific models including ScanQA [1], SQA3D [41], and 3D-
VisTA |78] are designed for 3D question answering tasks. We also compare with
methods that operate on explicit 3D or 2.5D inputs, such as point clouds or depth
maps, including Video-3D LLM [75], 3DRS [30], and Ross3D [51]. In addition, we
compare with video-based models such as SPAR [72| and VG-LLM |76|, which
process multi-view video observations.

Results. We present the quantitative results on the ScanQA and SQA3D bench-
marks in Table Our method achieves state-of-the-art performance among
video-based models on both benchmarks and also outperforms task-specific mod-
els. Compared with approaches that leverage explicit 3D or 2.5D inputs, Ross3D
achieves better performance, as it exploits additional point clouds to render BEV
images for reconstructive supervision. Our approach surpasses other 3D/2.5D in-
put models, such as Video-3D LLM and 3DRS. We attribute these gains to our
model’s ability to explicitly address semantic-geometric misalignment when con-
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Table 4: Zero-shot generalization on CV-Bench [47|, SPAR-Bench |72], and
BLINK |19]. We report accuracy without additional fine-tuning.

| | CV-Bench SPAR-Bench BLINK
Methods Avg.

‘ ‘ 2D 3D Avg. Low Medium High Avg. Avg.
GPT-4o |31] 573 | 69.4 81.3 754 29.3 24.9 45.1 364 60.0

Qwen2.5VL-3B 3] | 47.3 | 69.1 722 70.6 153 264 322 246  46.6
Qwen2.5VL-7B 3| | 55.0 | 75.0 83.1 79.0 17.5 295 41.8 302  55.9
VG-LLM-8B [76] 62.4 | 72.2 91.1 81.7 39.6 540 717 540 515
VLM?-7B (Ours) | 71.1 | 73.6 852 794 58.6 71.2 78.8 66.8 67.2

structing 3D-aware representations from video. Our viewpoint-aware geometry
alignment and adaptive 3D position injection jointly enforce alignment between
visual and geometry tokens, leading to view-consistent 3D-aware representations.

4.3 Analysis and Ablation Studies

In this section, we provide further analysis of VLM?, including its zero-shot
generalization, performance across video durations, and detailed ablation stud-
ies. We first evaluate it on additional benchmarks without fine-tuning, then
analyze model performance across varying video durations, and finally examine
the contribution of key components and memory configurations.

Zero-Shot Generalization. To evaluate zero-shot generalization, we assess
VLM? on three additional benchmarks: CV-Bench [47], SPAR-Bench |72|, and
BLINK [19]. Importantly, we do not perform any additional fine-tuning on these
benchmarks. As shown in Table 4] VLM? achieves competitive performance
across all three benchmarks and attains the highest average results. These results
suggest that the proposed design learns transferable 3D-aware representations
that generalize effectively beyond specific spatial reasoning benchmarks.
Performance Across Video Durations. To analyze how performance varies
with video duration, we partition the input videos in VSI-Bench [64] and VSTI-
Bench [17] into three groups based on length: Short (< 1 min), Mid (1-2 min),
and Long (> 2 min). Tableshows the comparisons. On VSI-Bench, VLM-3R’s
performance degrades as video length increases, indicating challenges in main-
taining consistent spatial reasoning under longer sequences, whereas our model
shows more stable performance across durations. On VSTI-Bench, while VLM-
3R’s performance remains relatively stable across lengths, our model achieves
higher accuracy in all groups, with larger gains on long videos. Overall, VLM?
improves average accuracy by +6.2 and +5.9 points on VSI-Bench and VSTI-
Bench, respectively, with the larger gains on long videos. These results suggest
that our view-consistent 3D-aware representation and dual-memory design con-
tribute to reliable spatial reasoning across varying video durations.

Overall Component Analysis. Our component ablation studies are summa-
rized in Table [f] We establish a strong baseline by fine-tuning LLaVA-NeXT-
Video-7B [73] with the same language backbone, training schedule, and com-
pute budget for all variants. Incorporating our 3D-aware representation into the
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Table 5: Spatial reasoning performance on VSI-Bench [64] and VSTI-
Bench [17] across varying video durations. Videos are grouped into Short (< 1
min), Mid (1-2 min), and Long (> 2 min).

| VSI-Bench | VSTI-Bench
‘Avg. Short  Mid Long‘ Avg. Short Mid Long

Methods

Open-sourced VLMs

Qwen2.5VL-7B |3] 29.5 343 28.3 284 | 459 433 484 455
Qwen2.5VL-72B |3] 36.3 39.2 36.6 34.7 | 494 451 50.8 55.2
LLaVA-NeXT-Video-7B |73| | 36.8 38.5 37.3 355 | 46.4 43.0 479 50.1
LLaVA-NeXT-Video-72B |73| | 41.1 41.3 40.7 414 | 51.3 47.6 51.9 57.6

Spatial-Enhanced Models

Spatial-MLLM-4B [58| 481 498 483 472 | - - - -
VG-LLM-4B |76] 474 491 487 452 | - - - -
VG-LLM-8B 76| 505 519 49.7 50.6 | - - - -
VLM-3R-7B |17] 632 67.1 647 60.0 | 63.6 61.1 64.7 664
VLM?-7B (Ours) 69.4 71.0 70.0 68.1|69.5 65.9 70.6 74.6
Improve 1 | +6.2 +3.9 (453 [FESHl +59 +48 (159 [FSE2

Table 6: Ablation of model components. We evaluate the effect of 3D-aware
representation, working memory, and episodic memory. Each module contributes com-
plementary improvements, and combining all yields the best overall performance.

3D-Aware Work. Epis. ‘ ‘Numerical Question Multiple-Choice Question
vg.
Rep. Mem. Mem. ‘ ‘ Abs. Dist. Room Size Rel. Dist. Rel. Dir. Route Plan
X X X 55.2 43.3 62.4 62.1 67.8 40.2
v X X 63.8 52.9 67.5 65.6 84.8 48.5
v 4 X 65.9 56.3 68.3 67.3 86.2 51.3
4 X v 66.1 57.7 68.6 67.6 85.9 50.5
v 4 v 67.8 59.6 69.9 69.0 87.8 52.6

baseline yields an average of 8.6% accuracy gain. Building on this representa-
tion, introducing working memory or episodic memory brings additional gains
of 2.1% and 2.3%, respectively. When both memory modules are combined, our
full model achieves the best performance, improving by 4.0% over the 3D-aware
representation and by 12.6% over the baseline. The benefit is particularly pro-
nounced on tasks such as Route Plan (+ 12.4), which requires spatial structure
awareness, highlighting the importance of an explicit memory mechanism. These
findings suggest that the view-consistent 3D-aware representation and the dual-
memory module are crucial components for advanced spatial reasoning.

Effectiveness of 3D-Aware Representation. We ablate the choice of 3D
backbone and fusion strategy on top of the aforementioned baseline, as shown
in Table [/} To incorporate geometry tokens from 3D foundation models into
visual tokens, we compare two fusion strategies. A simple Concat-MLP fusion,
which concatenates 2D visual tokens with 3D geometry tokens followed by an
MLP, yields lower performance (40.4-43.3), indicating that naive concatena-
tion leaves semantic-geometric misalignment unresolved. Replacing Concat-MLP
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Table 7: Ablation of 3D-aware representations. We compare different 3D foun-
dation models (VGGT |53], CUT3R [54], 7* [56]) and fusion strategies (Concat-MLP,
Cross-Attn). Built on 7° and Cross-Attn, our viewpoint-aware geometry alignment
(VAGA) and adaptive 3D position injection (A3PI) achieve the best results.

‘Numerical Question Multiple-Choice Question

Methods Avg.

‘ ‘ Abs. Dist. Room Size Rel. Dist. Rel. Dir. Route Plan
Baseline
LLaVA-NeXT-Video-SFT | 55.2 | 433 62.4 62.1 67.8 40.2
Sem-Geo Fusion (Concat-MLP)
Baseline + VGGT 41.4 38.6 45.6 38.7 47.6 36.6
Baseline + CUT3R 43.3 39.8 51.4 41.3 45.9 38.1
Baseline + 7° 40.4 38.3 42.5 41.0 45.2 35.1
Sem-Geo Fusion (Cross-Atin)
Baseline + VGGT 60.2 51.0 63.9 61.4 81.8 42.7
Baseline + CUT3R 59.4 50.2 63.1 62.8 79.3 41.8
Baseline + 7° 61.0 51.9 64.7 63.1 81.9 43.3
VLM? (Ours) [3D Foundation: ©%; Sem-Geo Fusion: Cross-Attn|
Baseline + A3PI (w/o adapt.) | 58.9 50.3 64.5 60.5 77.2 41.9
Baseline + A3PI 61.6 52.3 65.3 63.7 82.1 44.7
Baseline + VAGA 62.9 52.5 66.4 64.9 84.0 46.6
Baseline + A3PI + VAGA 63.8 52.9 67.5 65.6 84.8 48.5

with a Cross-Attn fusion using 3D backbones (VGGT, CUT3R, 7?) raises per-
formance to 59.4—61.0, showing that geometric cues help with a stronger fusion
strategy but still fall short of our approach. Our viewpoint-aware geometry align-
ment (VAGA) with adaptive 3D position injection (A3PI) achieves the best accu-
racy, boosting performance from 61.0 to 63.8. Removing the adaptive mechanism
from A3PI reduces the performance to 58.9, indicating that injecting position in-
formation into all visual tokens introduces noise in irrelevant regions and distorts
feature distributions, highlighting the importance of adaptive injection.
Ablation of Dual-Memory Length. We study the effect of memory length
by varying the working memory window L,, and episodic memory capacity Le.
As reported in Table [B] increasing episodic memory capacity L. improves per-
formance up to L. = 32, highlighting the role of episodic capacity. In contrast,
a larger working memory window L,, is not always helpful. Working memory
attends to recent frames, so a short window may miss spatial cues needed to dis-
ambiguate nearby objects, whereas a long window introduces irrelevant tokens
that dilute attention. We find that L,, = 8, L. = 32 achieves the best perfor-
mance, indicating an effective balance between the two memory components.

5 Conclusion

In this paper, we propose VLM?, a vision-language model for video-based
spatial reasoning that addresses two critical challenges: semantic-geometric mis-
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Table 8: Ablation of dual-memory length. We vary the length of working memory
(Lw) and episodic memory (L) on VSI-Bench to study the effect of memory capacity.
The setting (L., Le)=(8, 32) achieves the best overall performance.

Memory Size ‘ VSI-Bench

Ly L. ‘ Numerical Multiple-Choice Avg.
4 8 64.1 58.5 61.3
8 8 65.6 66.9 66.3
8 16 67.1 67.4 67.3
8 32 68.2 69.4 68.8
16 8 65.2 65.7 65.5
16 16 67.3 67.9 67.6
16 32 67.9 68.6 68.3

alignment and the absence of persistent memory. VLM? constructs a view-
consistent 3D-aware representation from video by adaptively grounding visual
features into 3D space and enforcing cross-view consistency, enabling coherent
3D understanding. On top of this representation, we introduce a dual-memory
module that combines a sliding-window working memory for immediate context
with a fixed-capacity episodic memory for recall across frames, allowing efficient
temporally aware spatial reasoning. Extensive experiments across multiple spa-
tial reasoning benchmarks demonstrate that our method achieves state-of-the-art
performance, advancing the frontier of visual-spatial intelligence.
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