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Conventional VLMs (a) fuse only a single deep geometry feature with

vision tokens, which limits both fine-grained spatial understanding and high-level spatial reasoning. SpatialStack (b) instead stacks multi-
level geometry features and injects them hierarchically into successive LLM decoder layers, yielding stronger 3D spatial understanding

across benchmarks.

Abstract

Large vision-language models (VLMs) still struggle with re-
liable 3D spatial reasoning, a core capability for embod-
ied and physical Al systems. This limitation arises from
their inability to capture fine-grained 3D geometry and
spatial relationships. While recent efforts have introduced
multi-view geometry transformers into VLMs, they typically
fuse only the deep-layer features from vision and geome-
try encoders, discarding rich hierarchical signals and cre-
ating a fundamental bottleneck for spatial understanding.
To overcome this, we propose SpatialStack, a general hi-
erarchical fusion framework that progressively aligns vi-
sion, geometry, and language representations across the
model hierarchy. Moving beyond conventional late-stage
vision-geometry fusion, SpatialStack stacks and synchro-
nizes multi-level geometric features with the language back-
bone, enabling the model to capture both local geometric
precision and global contextual semantics. Building upon
this framework, we develop VLM-SpatialStack, a model
that achieves state-of-the-art performance on multiple 3D

*Equal contribution.

spatial reasoning benchmarks. Extensive experiments and
ablations demonstrate that our multi-level fusion strat-
egy consistently enhances 3D understanding and general-
izes robustly across diverse spatial reasoning tasks, estab-
lishing SpatialStack as an effective and extensible design
paradigm for vision-language-geometry integration in next-
generation multimodal physical Al systems.

1. Introduction

Understanding and reasoning about physical space are fun-
damental capabilities for any intelligent system that aims
to perceive, communicate, and act in the physical world.
Motivated by this, recent work on spatial reasoning aims
to enable embodied agents to interpret scene layouts, pre-
dict interactions, and plan actions in 3D environments,
forming a cognitive bridge between perception and ac-
tion [8, 30, 45, 47, 48, 53]. Despite remarkable progress in
large vision-language models (VLMs), reliable spatial rea-
soning remains challenging, as these models often fail to ef-
fectively encode 3D geometry and spatial relationships and
to associate them with language instructions, which are es-
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sential for everyday spatial tasks that require both low-level
and high-level reasoning. For instance, they struggle to es-
timate relative distances in static scenes [23, 46] and can-
not reliably distinguish “left” from “right” when reasoning
about motion in dynamic environments [58]. In embodied
Al applications such as robotic navigation, manipulation,
and spatial assistance under XR, such limitations prevent
VLMs from grounding their understanding in the complex
and dynamic physical world.

Noticing these limitations of conventional VLMs, many
recent works still prioritize image-level semantic align-
ment over the understanding of spatial and geometric struc-
tures [17, 32, 37]. Bridging this gap requires unifying ge-
ometric awareness with vision-language reasoning within a
single framework, which is a key step toward reliable spa-
tial intelligence. This naturally raises a fundamental ques-
tion: How can vision—language—geometry be effectively
unified in VLMs to enable reliable spatial reasoning? An
initial line of work sought to compensate for these weak-
nesses by integrating explicit geometric inputs (e.g., pre-
computed point clouds or depth maps) into VLMs. For
instance, early models like 3D-LLM [11] and LEO [12]
used external point cloud encoders, while later methods
like LLaVA-3D [59] and Video-3D LLM [54] introduced
lightweight encoders for RGB-D fusion. However, the re-
liance on these external, pre-processed inputs significantly
limits their applicability. In parallel, rapid advancements
in end-to-end multi-view geometry transformers, including
DUST3R [43], CUT3R [42], and VGGT [41], have pro-
vided a more unified and powerful alternative to map un-
calibrated images to 3D point maps. These models can
infer rich geometric attributes such as depth, camera pose,
and 3D structure directly from multi-view images, thereby
bypassing traditional, computationally expensive geometric
pipelines (e.g., Structure-from-Motion [36]). Inspired by
this progress, recent multimodal models, such as Spatial-
MLLM [45], VLM-3R [8], and VG-LLM [53], have begun
integrating these geometry encoders into VLM frameworks,
showing initial promise in improving spatial reasoning.

Nevertheless, most of these integrations focus only on
fusing the final-layer features of geometry transformers
with features from vision encoders. This is a critical lim-
itation, as many geometry encoders adopt the DPT archi-
tecture [34], which explicitly extracts multi-level represen-
tations from different transformer layers to recover detailed
geometric information. At the same time, a generalizable
spatial-visual fusion mechanism has to account for hierar-
chical real-world tasks, ranging from low-level depth esti-
mation and surface reconstruction to high-level relational
reasoning and goal-directed planning. By sampling only
the last layer, existing models discard the rich hierarchical
geometric cues embedded in intermediate layers and over-
look how different levels of geometric and semantic fea-

tures contribute to spatial reasoning. Unsurprisingly, this

single-level fusion design can improve performance on spe-

cific spatial benchmarks but creates a bottleneck that funda-
mentally constrains 3D understanding.

In this paper, we are motivated by the hierarchical nature
of spatial reasoning tasks in 3D environments, and we sys-
tematically study how fusion layers across vision encoders,
geometry encoders, and large language model (LLM) de-
coders affect multimodal spatial reasoning. Our analysis
first shows that geometry-language fusion in multimodal
LLMs follows a hierarchical pattern similar to vision en-
coding: shallow features enhance fine-grained spatial per-
ception, while deeper features support high-level contex-
tual reasoning. Building on these insights, we introduce
SpatialStack, a general hierarchical fusion framework that
integrates multi-level geometric features into multimodal
LLMs. As shown in Fig. 1, unlike prior methods that fuse
geometry only at deep encoder layers, SpatialStack pro-
gressively aligns geometric and language representations
throughout the model hierarchy, capturing both detailed lo-
cal geometry and global semantic context. Extensive ex-
periments on multiple benchmarks demonstrate that our ap-
proach significantly improves 3D spatial reasoning, achiev-
ing strong performance on tasks requiring both detailed per-
ception and holistic spatial understanding.

We summarize our contributions as follows:

* We present the first systematic analysis of how fusion
layers across vision encoders, geometry encoders, and
LLM decoders affect the granularity of spatial reasoning.
Our layer-wise study reveals a hierarchical geometry—
language correspondence, where shallow layers capture
fine spatial details and deeper layers encode global struc-
ture and context.

* We propose SpatialStack, a general hierarchical fusion
framework that progressively aligns multi-level geomet-
ric and language features. This design goes beyond con-
ventional final-stage vision-language fusion and supports
joint reasoning over local and global spatial context.

* While SpatialStack is model-agnostic and can be ap-
plied to any base multimodal LLM, we develop VLM-
SpatialStack as a concrete realization using the Qwen
series. Extensive experiments and ablation studies across
multiple benchmarks show that SpatialStack achieves
state-of-the-art performance and strong generalization on
diverse 3D spatial reasoning tasks.

2. Related Work

Large Multimodal Models (MLLMs) Early works such
as CLIP [33] demonstrated the efficacy of learning joint
vision-language representations from web-scale image-text
pairs through contrastive pre-training. This paradigm was
extended by subsequent models like Flamingo [1], which
bridged powerful pre-trained vision and language mod-
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Figure 2. Architecture of SpatialStack. A standard VLM backbone is coupled with a multi-view geometry encoder whose layer-wise
features are processed by layer-specific projectors and sequentially injected into the LLM decoder, progressively integrating geometric
cues. Explanation of the similarity heatmaps on the left is provided in Sec. 3. This multi-level injection preserves both fine-grained
geometric structure and high-level spatial context, supporting more reliable low-level understanding and high-level reasoning.

els, and the BLIP series [20, 21], which introduced boot-
strapping methods and lightweight querying transformers
to unify understanding and generation. A significant ad-
vancement in MLLM development was the advent of visual
instruction tuning, effectively employed by models such
as InstructBLIP [6] to enhance instruction-following capa-
bilities. Models like Qwen2.5-VL [2], LLaVA [26] and
MiniGPT-4 [60] popularized a simple and effective archi-
tecture for this tuning, connecting a pre-trained vision en-
coder to a large language model (LLM) using only a sim-
ple projection layer. This simple design has spurred re-
search into more effective fusion strategies, such as explor-
ing different visual encoders [16] or deeper token stack-
ing [31]. This architectural blueprint, while powerful for
general-purpose multimodal chat and semantic understand-
ing, established a paradigm of fusing only the final-layer
visual features with the language backbone. Consequently,
as noted by recent analyses [17, 32, 37], these models are
trained primarily for semantic alignment and often fail to
capture the fine-grained spatial and geometric structures es-
sential for physical reasoning.

Spatial Reasoning in Vision-Language Models The
limitations of standard MLLMs in spatial reasoning have
been well-documented, prompting recent efforts to quantify
these deficiencies through benchmarks like VSI Bench [46],
Spar Bench [49], BLINK [10], and Cambrian-1 [40].

Cambrian-S [48] further demonstrated a lack of “implicit
3D spatial cognition”, while VLM4D [58] was the first to
highlight the challenges of spatiotemporal (4D) reasoning
in dynamic scenarios, followed by more recent efforts on
dynamic 4D understanding and world modeling [13, 44].
To address these gaps, one line of work focused on inject-
ing explicit 3D data, such as 3D-LLM [1 1] which processes
point clouds, or more lightweight approaches like LLaVA-
3D [59] and Video-3D LLM [54] that endow MLLMs with
3D awareness, with applications in embodied tasks [12]. A
different strategy enhanced spatial abilities through novel
training paradigms. Spatial-SSRL [30] introduced a self-
supervised reinforcement learning framework, and Visual
Spatial Tuning (VST) [47] proposed a comprehensive tun-
ing framework with a large-scale dataset (VST-P) and a
progressive pipeline. These latter methods enhance spatial
intelligence but primarily focus on training objectives and
data augmentation rather than the core fusion architecture.

Vision-Language-Geometry Fusion The integration of
explicit geometric reasoning within MLLMs has been re-
cently catalyzed by the advent of powerful, feed-forward
geometry encoders. Models such as DUST3R series [18,
43] and CUT3R [42] can infer dense, consistent point maps
from unposed multi-view images, while VGGT [41] in-
troduced a unified transformer to predict diverse 3D at-
tributes from video. The availability of these rich geometric
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features has inspired two parallel fusion paradigms. One
line of work focuses on building explicit spatial seman-
tic representations, such as methods that distill 2D image
or video foundation model features into 3D or 4D explicit
feature field representations [39, 56, 57], build queryable
3D world models by fusing pixel-aligned features into 3D
maps [15], or map images directly to semantic radiance
fields [7]. A parallel approach, which our work follows,
implicitly fuses geometric priors into the latent space of the
MLLM. Recent models have shown initial promise in this
direction: Spatial-MLLM [45] employs a dual-encoder ar-
chitecture, VG-LLM [53] fuses features at the patch level,
VLM-3R [8] introduces a cross-attention mechanism, and
SSR [29] focuses on rationale-guided fusion. However, as
identified in our analysis, these integrations typically fuse
only the final-layer features from the geometry and vision
encoders [45, 53]. This single-level fusion design discards
the rich, hierarchical geometric cues embedded in inter-
mediate layers, creating a fundamental bottleneck for fine-
grained spatial reasoning. Our work, SpatialStack, directly
addresses this limitation by introducing a hierarchical fu-
sion framework that progressively aligns multi-level geom-
etry features with the language backbone.

3. How Multi-level Geometry Features Facili-
tate Spatial Reasoning

Qualitative Analysis To validate our motivation, we be-
gin by examining why relying solely on deep-layer geome-
try features is insufficient. As illustrated in Fig. 2, we take
one input view and unflatten the tokens from different lay-
ers of the geometry encoder back into their original H x W
spatial layout. We then select a small patch (red bounding
box) as the region of interest (ROI) and compute patch-wise
similarity maps between the ROI and all other spatial loca-
tions: brighter regions indicate higher similarity, and darker
regions indicate lower similarity. We observe a clear trend:
shallow layers retain sharp local structures and well-defined
geometric boundaries, while deeper layers produce overly
homogeneous activations, where many regions appear simi-
lar in latent space despite having distinct physical geometry.
This mismatch suggests that deep geometry features lose
fine-grained spatial cues critical for reasoning about scene
layout and spatial relations. These findings motivate our
approach: leveraging multi-level geometry features, espe-
cially shallow-layer cues, to enrich spatial grounding and
improve fine-grained 3D spatial reasoning in VLMs.

Quantitative Analysis We further investigate how geo-
metric features from different layers influence spatial rea-
soning performance. Firstly, we follow the difficulty hi-
erarchy defined in SPAR [49] dataset, which categorizes
spatial tasks based on the required complexity of spatial

Measuring from each object’s closest
point, what is the distance between the
chair and the single-seat sofa?

Figure 3. Examples of spatial tasks at different levels. The left
example (Low-Level Task) targets fine-grained geometric percep-
tion, such as determining which of two points is closer to the cam-
era. The right example (High-Level Task) requires higher-level
spatial reasoning, where the model must estimate the distance be-
tween two objects by comparing their closest points in 3D space.

understanding. SPAR divides spatial tasks into three cog-
nitive levels: perception (low), reasoning (medium), and
imagination (high). Low-level tasks emphasize fundamen-
tal geometric perception, such as single-view depth estima-
tion and distance comparison based on local pixel/feature
cues; high-level tasks require aggregating spatial informa-
tion across multiple viewpoints for global spatial reasoning,
such as cross-view object spatial relations and path reason-
ing (see Fig. 3).

Based on this criterion, our low-level tasks evalu-
ating fundamental perception include BLINK’s relative
depth [10] and specific tasks in SPAR-Bench [49]: depth
(Depth-OC/00/0C-MV/O0O-MV) and absolute distance
(Dist-OC/00/0C-MV/0O0O-MV) (see [49] for more details).
Conversely, all VSI-Bench tasks are categorized as high-
level tasks, as they require complex multi-view spatial fu-
sion and 3D relational reasoning. We do not include SPAR’s
medium or high tasks in this study, as we aim to establish
a clearer two-level comparison that isolates the distinct ef-
fects of geometric feature integration on basic perception
ability versus complex spatial reasoning ability.

Under the task definitions above, we further conduct a
quantitative analysis of the performance impact of inject-
ing geometric features from different layers into VLMs.
Specifically, following VG-LLM [53], we extract geomet-
ric features from a single layer of the geometry encoder
(VGGT [41]), project them through a projector, and add
them to the last-layer features of the vision encoder. We de-
note this geometry-vision fusion as GVF in the rest of our
paper. The fused geometry-vision features are then concate-
nated with text tokens and fed into the LLM decoder. We
experiment with injecting geometric features from the 4th,
11th, 17th, and 23rd layers, and evaluate the performance
on the two task levels.

As shown in Fig. 4, the results demonstrate that the
choice of injection layer has a significant impact on differ-
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Figure 4. Effect of Geometry Injection Layers on Spatial Tasks.
Deeper layers improve high-level tasks, while low-level tasks peak
at layer 11 and decline at deeper layers, suggesting a trade-off be-
tween fine-grained perception and higher-level reasoning.

ent levels of spatial tasks: as the injection layer becomes
deeper, the performance on low-level tasks declines, while
the performance on high-level tasks improves significantly.
This phenomenon suggests that geometric features from
different layers play distinct roles in spatial understand-
ing: features from shallower layers provide fine-grained lo-
cal geometric cues beneficial for basic spatial perception,
whereas deeper features encode more global structural and
semantic relationships, making them more suitable for com-
plex spatial reasoning.

Given the complementary strengths of shallow and deep
features, a multi-layer fusion strategy should intuitively en-
hance both perception and reasoning. To test this, Tab. 1
compares various fusion strategies against Qwen3.5 [38],
the base model fine-tuned on our spatial reasoning datasets
without any geometric enhancements. Surprisingly, naive
multi-layer fusion fails to achieve the best. Instead, it yields
a compromised performance, falling behind the 11th-layer
single-fusion on low-level tasks and the 23rd-layer on high-
level tasks. This sub-optimal outcome reveals that simply
adding hierarchical features into the vision pathway causes
feature interference rather than synergy. This highlights
that merely extracting multi-level cues is insufficient; the
true challenge lies in the fusion strategy—a realization that
serves as the primary catalyst for SpatialStack.

4. Where to fuse Multi-level Geometry Fea-
tures

The observation of feature interference during naive vision-
pathway fusion in Sec. 3 prompts a critical question: where
and how should these hierarchical geometric features be in-
tegrated to maximally enhance a VLM’s spatial reasoning?
Should they be confined to the vision encoder, or directly
injected into the language model?

Model ‘ Low-Level Avg | High-Level Avg | Overall
Qwen3.5 (fine-tuned) 61.37 64.76 63.07
Single-layer (geo enc: 11) 66.11 64.48 65.30
Single-layer (geo enc: 17) 63.89 65.76 64.83
Single-layer (geo enc: 23) 64.33 66.36 65.35
Multi-Layer Fusion 64.69 65.15 64.92

Table 1. Ablation Results on Geometry Token Fusion Depth.
Simply fusing multi-layer geometry features to the visual features
yields suboptimal performance, while selecting an appropriate sin-
gle geometry encoder layer achieves better task-specific trade-offs.

4.1. SpatialStack: Geometry-Language Fusion

While most prior works [8, 45, 53] confine geometric en-
hancements to the vision encoder, we hypothesize that
injecting these features directly into the Large Language
Model (LLM) provides a more flexible, high-capacity
space for multi-scale spatial reasoning. Inspired by Deep-
Stack’s [31] success in stacking visual tokens within the
LLM, we shift geometry integration to the language side
and propose SpatialStack: a novel, first-of-its-kind layered
geometry—language fusion framework.

As shown in Fig. 2, SpatialStack performs multi-level
fusion between a geometry encoder and an LLM decoder.
Its key idea is to inject geometric features from multiple
layers of the geometry encoder into corresponding layers
of the LLM, forming a hierarchy of geometric represen-
tations. This progressive stacking introduces geometric
cues throughout the decoding process, strengthening spatial
grounding and improving reasoning across tasks of varying
difficulty.

Importantly, SpatialStack is a general framework that
can be integrated with any open-source VLM. We instanti-
ate VLM-SpatialStack using the latest Qwen3.5 [38] as our
primary base model. To ensure a fair comparison with exist-
ing baselines [45, 48, 53], we also provide an instantiation
based on the same base model they use, Qwen2.5-VL [2].

4.2. VLM-SpatialStack

VLM Architecture. Given K input frames {I;, €
RH XWXS}kK:P each frame is encoded by a shared vision
encoder into tokens V;, € RN*Dvs where p is the patch
size and N = % X % is the number of patch tokens per
frame. A spatial merger groups every 2 x 2 neighboring
patches (stride factor s = 2), producing V), € RN *Dun
with N/ = gﬂz = %. Merged tokens from all frames are
concatenated along the sequence dimension:

V= [\71;...;\71(] € RUKN) X Diang.

The concatenated visual tokens V and text tokens T &
Rf\/f XD form the multimodal input sequence H, =
[V;T]. This sequence is then processed by L stacked
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transformer layers in the LLM decoder:
™ = fo( (- S (Ho)) ), (M

where H!™ denotes the final hidden representations pro-
duced by the LLM decoder for downstream prediction.

Geometry Encoder. We employ the Visual Geometry
Grounded Transformer (VGGT) [41] as our geometry en-
coder. Given the same set of K input images {I; €
RHEXWX3VK | each image is divided into non-overlapping
patches of size p x p, resulting in N = (H/p) x (W/p)
patch tokens. In addition to the patch tokens, VGGT in-
cludes camera and register tokens to encode view-specific
and shared geometric context. The initial token sequence
for view k is thus

Z) = [cp; ty; pr] € RUFETN) X Do (2)

where pj, denotes the patch tokens of image Ij,. All view-
specific sequences are concatenated and jointly processed
by L stacked transformer layers:

Zy = (0 002 26)). o)

geo

where f;"(-) denotes the [-th transformer layer in VGGT.
While the original VGGT employs Dense Prediction Trans-
former (DPT) heads [34] for outputs such as depth, point
clouds, and camera parameters, we instead extract interme-
diate hidden states Z; from selected layers as multi-view ge-
ometric features for fusion with the vision—language model.

Layered Geometry-Language Fusion. As illustrated in
Fig. 2, we extract multi-level patch features Z;, from the ge-
ometry encoder defined in Eq. (3). Specifically, we take the
patch-token outputs of the I;-th layers (I; € {11,17,23},
counted from zero) of VGGT after removing camera and
register tokens, thereby yielding Z;, € RUEN)*Deo that
represent geometric information at different, progressively
richer abstraction levels. Each feature Z;, is processed by a
layer-specific geometry token merger M g;;} to align its spa-
tial resolution and embedding dimension with that of H:

G, = M) (Zy,), Gy, € RN > P, )
Finally, the geometry features { G, , G1,, Gy, } extracted
from VGGT layers {11,17,23} are injected into LLM de-

coder layers {0, 1,2} as additive residuals:

HO —HU 1+ Gy, je{0,12. ()

¥
d <
s §& & s
§ & 0F & 7
< I N A &

Methods B & B3 @) o
Qwen3.5 (fine-tuned) 6476 68.75 56.10 8449 68.52
GVF-L23 (VG-LLM [53]) 6636  70.83 51.91 84.64 6843
GVFE-L11/17/23 65.15  71.20 51.28 84.33  67.99
SpatialStack 67.52 7139 5212 8553 69.14

Table 2. Cross-benchmark Ablation. SpatialStack achieves
the best cross-task transfer ability, obtaining the highest scores
on VSI-Bench, SPAR-Bench, CV-Bench, and the overall aver-
age, while the Qwen3. 5 baseline remains strongest on BLINK-
Spatial. Gray cells denote the highest value in each column.

Optimization. We train the entire model under a sin-
gle objective, the next-token negative log-likelihood (cross-
entropy):

|o]
Lee(0) == log (o) [0, ¢, C),  (6)
=1

where ¢ denotes the system prompt and question, o(*) is the
i-th token of the ground-truth answer, 0(<?) are the preced-
ing answer tokens, and C represents the multimodal context
(e.g., input frames). During instruction tuning, we freeze
both the vision encoder and the geometry encoder, and up-
date only the multimodal fusion modules and the LLM de-
coder. This choice preserves the pretrained visual and ge-
ometric representations while allowing the model to learn
how to align and integrate them effectively for spatial rea-
soning. No auxiliary objectives or task-specific losses are
introduced; spatial priors emerge purely through unified in-
struction tuning across diverse spatial tasks.

4.3. SpatialStack vs. Geometry-Vision Fusion

To evaluate the effectiveness of SpatialStack, we compare
it against three baselines: base model Qwen3.5, a naive
single-layer Geometry—Vision Fusion (GVF-L23) equiva-
lent to VG-LLM [53] built on Qwen3.5, and a naive multi-
layer fusion (GVF-L11/17/23). Across four spatial rea-
soning benchmarks in Tab. 2, SpatialStack achieves the
best overall average and obtains the highest scores on VSI-
Bench [46], SPAR-Bench [49], and CV-Bench [40]. While
the base Qwen3.5 model remains strongest on BLINK-
Spatial [10], the naive geometry-vision fusion approaches
(GVF-L23 and GVF-L11/17/23) suffer severe performance
drops on this dataset and fail to generalize effectively across
tasks. These results highlight that straightforward visual-
pathway injection lacks robust generalization, whereas Spa-
tialStack demonstrates superior cross-task transfer ability.

5. Experiments

We describe our training setup in Sec. 5.1, evaluate VLM-
SpatialStack against state-of-the-art methods in Sec. 5.2,
and provide extensive ablation studies in Sec. 5.3.
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.
5 &5 & & 5 o F oﬁ:’ Object
s < s < & & & < Appearance Absolute
Methods | Rank Avg. Numerical Answer Multiple-Choice Answer Order Distance
Baseline
Chance Level (Random) - - - - - 250 36.1 283 25.0
Chance Level (Frequency) 340 [ 621 320 299 331 251 479 284 252
Proprietary Models (API)
GPT-40 2 34.0 | 46.2 53 438 382 37.0 413 315 285
Gemini-2.5 Pro 1 51.5 438 349 643 428 61.1 478 459 713 Route 60 Object
Open-source Models Plan Size
LongVILA-8B 15 21.6 | 29.1 9.1 167 00 296 307 325 255
Qwen2.5-VL-3B 14 28.7 33.1 194 174 248 373 443 314 220
VILA-1.5-8B 13 28.9 174 21.8 503 188 32.1 348 310 248
LongVA-7B 12 29.2 38.0 166 389 222 3311 433 254 15.7
VILA-1.5-40B 11 31.2 224 248 487 227 405 257 315 329
LLaVA-OneVision-7B 10 324 | 477 202 474 123 425 352 294 244 Relative Room
LLaVA-Video-7B 9 35.6 | 485 140 47.8 242 435 424 340 306 Direction Size
LLaVA-OneVision-72B 8 40.2 | 435 239 576 375 425 399 325 446
LLaVA-Video-72B 7 40.9 489 228 574 353 424 367 350 486 Relative
Spatial-MLLM-4B 6 47.0 | 653 348 63.1 451 413 462 335 463 Distance
VG-LLM-4B 5 473 | 66.0 378 552 592 446 456 335 364 L
Qwen3.5-4B | 4 536 | 565 365 675 538 603 57.5 340 623 Gemini-2.5 Pro —— VG-LLM-4B
Cambrian-S-3B | 3 573 | 707 40.6 680 463 648 619 273 788 GPT-40 Qwen3.5-4B
SpatialStack-4B (Qwen2.5) 2 609 | 692 454 630 632 579 684 402 79.6 —— Spatial-MLLM-4B —— SpatialStack-5B
SpatialStack-5B (Qwen3.5) 1 67.5 71.0 556 69.1 682 673 84.1 412 835

Table 3. Evaluation on VSI-Bench.

Dark orange cells denote the best open-source result in each column, while light orange cells

denote the second-best open-source result. Group-wise ranks within proprietary and open-source model blocks are highlighted in purple,
with | dark purple , medium purple , and light purple indicating 1st, 2nd, and 3rd place, respectively.

5.1. Training

Training Datasets Construction. Our training dataset
is constructed by sampling from multiple spatial reason-
ing sources, including the SPAR and LLaVA-Hound sub-
sets used in VG-LLM [53], the ScanNet split adopted in
VLM-3R [8], and a selected portion of the VSI-590K cor-
pus [48]. SPAR [49] provides large-scale spatial data gen-
erated from reconstructed scenes with 3D ground truth,
while LLaVA-Hound [51] offers general-purpose video
question—answering samples. VLM-3R reformulates spa-
tial question—answer pairs in a VSI-Bench-style format,
producing diverse reasoning tasks such as relative direc-
tion, object counting, and absolute distance estimation from
real-world 3D-annotated scenes. We sample from these
sources to ensure broad coverage of spatial reasoning types
and maintain precise alignment between 3D geometry and
textual descriptions.

Training Setup. We fine-tune the model using the stan-
dard language modeling cross-entropy loss. Training is
performed with a batch size of 64 and a learning rate of
1 x 1075, optimized using the AdamW optimizer with a
warmup ratio of 0.03 and a cosine learning rate schedule.
During instruction tuning, the geometry encoder (VGGT)
and the vision encoder are kept frozen, while the geometry
token merger modules and the LLM decoder are trainable
to learn geometry—language alignment.

5.2. Evaluation

We evaluate our model on a diverse set of multimodal
benchmarks that test both spatial and general reason-

ing, including VSI-Bench [46], CV-Bench [40], SPAR-
Bench [49], BLINK [10], and Video-MME [9]. These
benchmarks cover a wide range of tasks, such as depth and
distance estimation, object-relation reasoning, and video-
based spatial understanding.

Evaluation on VSI-Bench. We evaluate our model on
VSI-Bench [46], which contains over 5,000 QA pairs from
egocentric indoor videos and includes both Multiple-Choice
Answer (MCA) and Numerical Answer (NA) tasks. Fol-
lowing the official protocol, we report mean MCA accu-
racy and Mean Relative Accuracy for NA across confi-
dence thresholds C' = 0.5,0.55, .. .,0.95. For comparison,
we include representative proprietary models [5, 14], open-
source video MLLMs [4, 19, 24, 50, 52], and geometry-
aware methods at similar scales [45, 48, 53].

As shown in Tab. 3, we demonstrate that SpatialStack
serves as a general and highly effective paradigm for en-
hancing various VLMs. Applying our framework to both
Qwen2.5 [2] and Qwen3.5 [38] yields substantial improve-
ments over their untuned base models. Furthermore, un-
der a fair comparison using the identical Qwen2.5 base
model, SpatialStack significantly outperforms other concur-
rent geometry-aware MLLMSs, such as Spatial-MLLM [45],
VG-LLM [53], and Cambrian-S [48]. Ultimately, our lat-
est SpatialStack-5B (based on Qwen3.5) establishes a new
state-of-the-art among all evaluated open-source models.
Notably, despite lacking route-planning data during train-
ing, it still surpasses all open-source systems on this task,
demonstrating robust zero-shot generalization for high-
level spatial reasoning.
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Model | 2D (%) 3D (%) | Avg. (%)
Proprietary Models (API)
GPT-4o [14] | 74.8 83.0 | 789
Open-source Models
Mini-Gemini-HD-34B [22] 71.5 79.2 754
LLaVA-NeXT-34B [19] 73.0 74.8 73.9
Cambrian-1-34B [40] 74.0 79.7 76.9
SAT-LLaVA-Video-7B [35] 73.0 83.8 78.4
SPAR-8B [49] 72.3 89.1 80.7
Qwen2.5-VL-3B [2] 67.9 70.4 69.2
Qwen3.5-4B [38] 79.7 90.2 85.0
Cambrian-S-3B [48] 76.1 76.3 76.2
Dual-Encoder MLLMs
VG-LLM-4B [53] 71.3 87.7 79.5
SpatialStack-4B (Qwen2.5) 75.4 87.0 81.2
SpatialStack-5B (Qwen3.5) 78.9 92.2 85.5
Table 4. Comparison on CV-Bench. Built on Qwen2.5,

SpatialStack-4B outperforms its base model alongside VG-LLM
and Cambrian-S. Scaling to Qwen3.5, SpatialStack-5B further im-
proves upon its baseline to set a new state-of-the-art.

. Video Temp
Method ‘ MMBench _MME BLINK Compass Overall
Qwen3.5-4B 83.25 6244 61.12 66.84 68.41
SpatialStack-5B (Qwen3.5) 83.42 63.74 5546 69.37 68.00

Table 5. General Capabilities Evaluation. Our SpatialStack-5B
maintains robust general multimodal and spatial-temporal reason-
ing capabilities, demonstrating no catastrophic forgetting.

Evaluation on CV-Bench. To assess 2D and 3D spatial
perception, we evaluate on CV-Bench [40], which measures
performance via QA tasks constructed from standard vision
datasets [3, 25, 55]. We follow the official protocol and re-
port average accuracy across all task types. As shown in
Tab. 4, our two versions of SpatialStack surpass all base-
lines of similar scale and same base models on both 2D and
3D subsets, demonstrating the benefits of multi-level geom-
etry feature stacking for unified spatial perception.

Evaluation on General-purpose Capabilities. We eval-
uate SpatialStack on a comprehensive suite of bench-
marks: MMBench [27] and Video-MME (general multi-
modal/video understanding), BLINK (fine-grained visual
perception), and TempCompass [28] (spatial-temporal rea-
soning). Tab. 5 shows that our method maintains robust
general capabilities while specializing in spatial-temporal
tasks, confirming no catastrophic forgetting.

5.3. Ablation Study

VGGT Layer Selection Ablation. Our selection mirrors
VGGT’s default indices {4, 11, 17, 23}, but with one ad-
justment: we excluded layer 4 due to poor performance in
preliminary testing (insufficient network depth). This set
provides a representative spread of shallow, middle, and
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Metric | L21  L22 L23 | +L21 +L22 +L23
Low-Level | 63.54 64.87 6433 | 6589 6545 64.44
High-Level | 65.57 6651 6636 | 6595 6678 67.52

Table 6. Layer Selection Ablation. Performance comparison
of extracting geometry features from different deep VGGT lay-
ers (L21, L22, L23) and their multi-layer combinations.

VSI SPAR BLINK CV g
Methods Bench Bench Spatial Bench Overall
Qwen3.5 64.76  68.75 56.10 84.49 | 68.52
Vision Fusion 64.27 69.68 56.45 83.11 | 68.38
SpatialStack (Reverse) | 67.22 71.97 50.08 84.82 | 68.52
SpatialStack (final) 67.52 7139 52.12 8553 | 69.14

Table 7. Geometry-Language Fusion Order Ablation. Com-
parison of our progressive hierarchical alignment against a reverse
fusion strategy and baseline models.

deep features. Tab. 6 shows that replacing layer L.23 with
L21 or L22 (either alone or via multi-layer fusion with L11
and L17, denoted by “+”) yields no significant performance
changes. This confirms that broad sampling across network
depth is more critical than specific layer indices.

Geometry-Language Fusion Order Ablation. We an-
alyze the order of layer-wise geometry-language feature
fusion in Tab. 7. SpatialStack uses a progressive hierar-
chical mapping (L11 stands for layer 11): Geo-L11 —
LLM-LO, Geo-L17 — LLM-LI1, and Geo-L23 — LLM-
L2. This is compared against a Reverse configuration (Geo-
L11 — LLM-L2, Geo-L17 — LLM-L1, Geo-L23 — LLM-
LO0). SpatialStack outperforms both of the Reverse baseline
and Vision Fusion baseline in 3 out of 4 benchmarks and
achieves a higher overall score, confirming our hierarchical
alignment is optimal for preserving spatial information.

6. Conclusion

We introduced SpatialStack, a hierarchical fusion frame-
work bridging the gap between vision, geometry, and lan-
guage for robust 3D spatial reasoning. Our layer-wise anal-
ysis reveals a key correspondence: shallow geometry lay-
ers preserve fine-grained spatial details, while deeper layers
capture global semantic context. We find that naive multi-
layer geometry-vision fusion creates a structural bottleneck,
leading to feature interference rather than synergy. By pro-
gressively aligning multi-level geometric features with the
LLM decoder, SpatialStack preserves both local precision
and high-level relational semantics. Extensive evaluations
across multiple 3D benchmarks show that our approach
achieves state-of-the-art performance among open-source
models, exhibiting strong zero-shot generalization with-
out compromising general multimodal capabilities. Spa-
tialStack establishes a new paradigm for vision-language-
geometry integration, paving the way for Al systems that
truly understand and act within the physical 3D world.
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