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Abstract. Vision-Language Models (VLMs) provide strong image/video-
level reasoning, but their use in embodied scene understanding remains
limited by the fixed viewpoints available in episodic RGB-D memories.
Such observations can miss query-relevant evidence due to occlusion, ob-
ject truncation, limited fields of view, or suboptimal view composition. We
present SplatReasoner, a framework that introduces novel view synthesis
into the VLM reasoning process by leveraging 3D Gaussian Splatting
(3DGS). Given a user query about a 3D scene, SplatReasoner retrieves
and synthesizes camera viewpoints that provide the most relevant visual
evidence for answering the query and grounding the referred entities
in 3D. Experiments show that query-conditioned novel view synthesis
improves embodied reasoning and grounding over fixed-view memory and

language-embedded 3DGS baselines.
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1 Introduction

Building embodied agents capable of understanding 3D environments [30] and
executing natural-language instructions [6,/64] remains a foundational goal in
computer vision and robotics. Recently, Vision-Language Models (VLMs) [3.[7}
15,/21}32] have demonstrated advanced reasoning and grounding capability for
semantic understanding. As these models have proven effective at interpreting
image and video data, research has naturally pivoted toward applying their
capabilities to embodied tasks in 3D scenes. However, bridging this gap is a
critical challenge, as it requires equipping 2D-native VLMs with a cohesive
memory of past observations and a robust, structural understanding of 3D space.

Previous approaches |41(71/9,/14,{1535,57] demonstrate that VLMs can perform
complex reasoning and grounding across multi-view images when provided with
structured memory built from RGB-D observations. While these approaches
make notable progress toward memory-based embodied reasoning, they typically
operate on a set of pre-captured image sequences as a structured memory and
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Embodied Reasoning

Q: “What color is the car?”
A: Blue

3D Visual Grounding

VLM-as-Judge Q: “The blue car in the garage.”

Novel view p\/Q Pre-captured view
A:

Novel-view synthesis

3D Gaussians

Fig. 1: SplatReasoner aims to enhance embodied reasoning capacity by integrating
VLM with novel view synthesis of the 3DGS representation. Specifically, SplatReasoner
retrieves and synthesizes informative camera viewpoints to provide the most relevant
visual evidence, thereby facilitating improved query answering and 3D entity grounding.

object-level abstractions, which naturally constrain the investigation of 3D en-
vironments into a fixed set of 2D views. Relying on a fixed set of pre-recorded
images inherently restricts a VLM’s reasoning and grounding capabilities. Conse-
quently, these models often struggle with sub-optimal view compositions, such
as occlusions, small objects, and truncations at image boundaries. While the
state-of-the-art methods, including recent 3D-Mem , demonstrated strong
reasoning capabilities, they particularly faces challenges in these cases by design.

In this context, 3D Gaussian Splatting (3DGS) [24] can be an advanta-
geous representation alternative to the fixed-view based memory by virtue of
its favorable novel view synthesis functionality. As a separate line of research,
language-driven 3D scene understanding methods
have been proposed to connect 3D and language with the novel view synthesis
function, enabling open-vocabulary 3D scene understanding. These approaches
also successfully demonstrate the effectiveness in alignment between language
and 3D representations. However, their similarity computation strategies are
primarily optimized for simple, category-level text queries (e.g., “chair” or “table”).
Consequently, it remains challenging to extend them to support the complex
reasoning and grounding tasks required for embodied applications.

To address these bottlenecks, we introduce SplatReasoner, a framework that
performs VLM-guided embodied reasoning and grounding based on novel view
synthesis of 3DGS, as shown in Fig. |1l For a given query, SplatReasoner (1)
selects initial candidate views by matching simplified queries to 3D Gaussians,
and (2) conducts a VLM-as-Judge mechanism with synthesized novel views to
finalize the view selection for downstream tasks. Instead of relying on pre-defined
fixed views, our pipeline introduces 3D Gaussian novel view synthesis to improve
VLM-guided reasoning and grounding for embodied tasks. The contributions of
our paper are summarized as follows:

— We introduce SplatReasoner, a novel framework enhancing VLM-guided em-
bodied reasoning and grounding by integrating novel view synthesis of 3DGS.
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— We demonstrate the critical importance of VLM-as-Judge with novel view
synthesis for spatial reasoning tasks, effectively overcoming the strict viewpoint
limitations of existing fixed-view memory approaches.

— We achieve strong performance improvements on embodied question answering,
and we demonstrate that our enhanced reasoning pipeline enables precise 3D
visual grounding.

2 Related Work

Embodied Reasoning with 2D VLMs. To perform embodied reasoning
tasks [4,[9L|35], recent approaches [3}/21,32,|33,[39L/49] integrate VLMs with a
structured memory built from RGB or RGB-D [14/|35//57] observations. Specifically,
a text-centric method generates captions [5] from RGB data, which are then fed
to LLMs [38,)50] that reason without direct visual context. In contrast, structured
abstraction methods build scene graphs from RGB-D data [14}25} 4659} 62|,
representing objects as nodes and relationships as edges. Nevertheless, a significant
limitation of both approaches is their reliance on high-level abstraction. By
discarding low-level geometric and visual details, these methods hinder the
fine-grained understanding required for complex tasks.

While the development of VL Ms has enabled the use of visually rich, multi-view
images, this introduces a new challenge: long visual sequences often overwhelm
models and limit effective reasoning [131/47,/52|. 3D-Mem [57] offers a solution by
compressing these observations into “Memory Snapshots.” This method removes
visual redundancy and stores object-level annotations. Consequently, VLMs can
access only the most relevant snapshots for a given query, allowing them to reason
efficiently while maintaining the visual information needed for complex question
answering and spatial reasoning. A primary bottleneck of these memory-based
systems is their reliance on pre-captured, static views. While they may exhibit
strong semantic reasoning, they fall short on tasks that demand 3D localization,
novel view exploration, or precise spatial grounding.

Language-embedded 3D Gaussian (3DGS). 3DGS [24] is a modern 3D
representation that enables fast, high-fidelity 3D reconstruction and real-time
rendering. It has evolved beyond rendering, as several works [1}[10,{17}/22}23}{291/37,
411/481/53}[541/58,|65] have augmented it with language features for open-vocabulary
reasoning. For example, prior approaches [23}41,{48,53] have embedded CLIP
features [42] into each Gaussian, enabling open-vocabulary object retrieval and
segmentation.

The core challenge with existing embedding-augmented 3DGS approaches is
that they primarily rely on static embedding similarity. While this works with
simple, category-level queries, it struggles to capture richer linguistic reasoning,
such as compositional instructions. For example, given the query “What color are
pillows in the kitchen?”, such methods may retrieve all pillows in the scene, rather
than those specifically associated with the kitchen. This behavior arises because
their visual reasoning operates at the level of individual Gaussians, without
explicit mechanisms for iterative grounding or contextual aggregation.
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Pre-captured Views & Initial Views & Novel Views & Final View(s)
) (N-1L) (L > L+LxV) L+LxV > L)

Fig. 2: Overview. Given N pre-captured views, we sample L’ images to perform
embodied tasks. First, we select L initial views with IV initial view selection (N > L).
Then, we augment each initial view with V' novel views. Finally, we proceed with the
final view selection with VLMs to find most informative views to answer the query.

More recently, ReferSplat aligns fine-grained textual descriptions with
Gaussian features, leading to a deeper understanding of spatial relationships.
However, because its feature updates are rendering-based, it remains less suitable
for direct 3D search . By coupling VLM reasoning with
a modern 3D representation, specifically 3DGS , our method enables direct
search and grounding in 3D space. Our approach also allows agents to actively
synthesize novel viewpoints, disambiguate queries, and ground targets with high
spatial accuracy through advanced VLM reasoning.

Embodied Reasoning with 3D VLMs. Recent advances in embodied rea-
soning have introduced 3D VLMs that process 3D representations
directly |§|7 Conventional approaches rely on point cloud-based en-
coders that require extensive task-specific training and specialized
architectures. This reliance introduces inconsistencies when making direct compar-
isons against our input modality. While recent studies have integrated 3DGS into
VLMs , these methods still require additional fine-tuning. In contrast, our ap-
proach enables 2D pre-trained models to perceive and reason in 3D environments
without further training by leveraging rich 2D VLMs.

3 Method

Given a user query Q about a 3D scene, our goal is to retrieve and synthesize the
camera viewpoints that provide the most relevant visual evidence for answering
the query and grounding the referred entities in 3D. The scene is observed through
N posed RGB images Z = {I;}¥.| with camera poses H = {H;}¥_,, where each
pose H; = [R;]t;] € R3*4 denotes the extrinsic matrix composed of rotation R;
and translation t;.

An overview of our framework is shown in Fig.[2] To balance efficiency and
evidence quality, we decompose this process into initial view selection (Sec. ,
which retrieves visible query-relevant regions from N input views to L selected
views (N > L). Then, the system proceeds with the final view selection (Sec.
which refines these observations through synthesized views when the original
images are insufficient. The selected final views are utilized for downstream tasks
(Sec. , such as embodied question answering and 3D visual grounding.
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Fig. 3: Initial view selection. First, we identify the activated Gaussians G** using
a set of evidence categories C¢V14e"® extracted from the query. Next, these activated
Gaussians are grouped into clusters {Gf™**"}2_ | that serve as instance-level candidates.

Finally, the initial viewpoints are determined by maximizing the visibility score.

3.1 Initial View Selection in Language-embedded 3D Gaussians

We first localize the query-relevant region in 3D and then search for viewpoints
that maximize its visibility as shwon in Fig. |3} By measuring visibility in 3D
rather than in 2D pixel space, our approach avoids biases from occlusion and
camera distance, enabling volume-aware viewpoint selection.

Construction of language-embedded 3D Gaussians. We first reconstruct
the scene as a set of M 3D Gaussians,

G ={G;}L, (1)

where each Gaussian G; contains its geometric and appearance parameters from
3DGS, such as position, scale, opacity, and color. To use this representation as a
queryable memory, we additionally attach semantic information to each Gaussian.
Depending on the downstream task and the comparison protocol, this semantic
attribute is represented in one of two forms.

For embodied reasoning, we follow 3D-Mem and use a closed-set object
detector to assign each Gaussian a category label C; € C, where C denotes
the detector vocabulary. This category-level memory is suitable for retrieving
common evidence objects, such as pillow or cushion, from natural-language
questions. For 3D object localization and 3D referring segmentation, we adopt
the open-set pipeline of Dr. Splat . Specifically, we segment the input images
with SAM , extract a CLIP feature for each segment, and register these
features to the reconstructed Gaussians. The resulting Gaussian G; is associated
with an embedding f; that can be compared with text embeddings. In both
settings, we use the direct registration strategy from to aggregate multi-
view semantic observations into the 3DGS representation, yielding a compact
structured memory that can be searched directly in 3D space.

Initial view selection from evidence. The initial view selection stage converts
the user query into a small set of 3D candidate regions and chooses one pre-
recorded view for each region. This stage reduces the number of images passed
to VLMs while preserving the visual evidence that is likely to answer Q. It
consists of three steps: extracting evidence categories from the query, clustering
the activated Gaussians into instance-level candidates, and selecting the most
visible input view for each cluster.
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Gaussian search from query. Natural-language questions often contain reason-
ing intents that are not directly usable as 3D search keys. We therefore first use a
Large Language Model (LLM) to extract a set of evidence categories Cevidence C C
from the query. These categories are objects or semantic concepts that are likely
to provide evidence for answering the query. For example:

Prompt: You should retrieve helpful objects in order.
Query: Where can I take a nap?

Categories (C): radiator, cushion, sink, pillow, picture, ...
Evidence categories (C®V'4°"°®): pillow, cushion.

For embodied reasoning, each Gaussian has a closed-set category label C;. We
therefore activate the Gaussians whose labels match the selected evidence cate-
gories:

gact _ {Gg | Cj c Cevidence}, (2)

where G2 denotes the set of query-activated Gaussians.

For 3D grounding, where each Gaussian is represented by an open-set feature
fj, activation is based on text-image feature similarity. Let ¢. be the text em-
bedding of category ¢ € C*¢'“*ed " and let sim(-,-) denote the similarity function,
implemented as cosine similarity in our experiments. We activate Gaussians whose
accumulated similarity to the selected evidence categories exceeds a threshold 7:

gact = {G; | sim(fj,tc) > 7}. (3)

We set 7 = 0.5 for 3D grounding.

Clustering 3D Gaussians for instance assignment. A single Gaussian is a
local primitive and does not by itself represent an entire object. We therefore group
activated Gaussians into spatial clusters that serve as instance-level candidates.
Let x; € R? denote the 3D center of Gaussian G;. We cluster G2t according to
the spatial distribution of {x;} using HDBSCAN [11}36]:

{ glcluster}llzzl — Cluster(g act )7 (4)

where GUSter is the [-th Gaussian cluster and L is the number of clusters
adaptively determined by the algorithm. When category labels are available,
clustering is applied within the same semantic category to avoid grouping different
object types. Since clustering is used to reduce the number of candidate viewpoints
for VLM processing, coarse grouping is sufficient even if nearby parts of the same
semantic region are merged.

Initial view selection with visibility score. Given L Gaussian clusters
{Gsluster} L we select one initial input pose for each cluster from H. The
selected initial pose set is denoted as

M = (BT, )

where H}™ is the input view chosen for cluster GF*r. For each pair of cluster
geluster and input pose H;, we render a cluster activation map using the splatting
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A Initial view Q: What color is the car? T 1
A : Novelview Visual QA Prompt [ View Selection Prompt ] [ Verification Prompt ]

I (A1) No car visible in the image.

g¢final

I (A2) No car visible in the image. ]

(A4) ... blue

A: 4% view

| (A3) No car visible in the image. | —

[ (A4) The car in image is blue. |

| (A5) No car visible in the image. |

VLM-as-Judge Verification

Fig. 4: Final view selection. For each initial view, we synthesize novel views and
employ a VLM-as-Judge framework to select the most informative viewpoints from
both the initial and novel view pools. To ensure that the synthesized views provide
richer information compared to the initial ones, we conduct a verification stage.

renderer . Let Ml‘:fible be the set of pixels with positive activation in this
rendered map.

To account for occlusion, we do not simply count projected Gaussians. Instead,
for every pixel u € My’ we identify the Gaussian in the full scene that
contributes the maximum rendering weight:

g =4 Gy ueMl\jisible7 j* = arﬁmaﬁ}wm(Hi,u;Gm) . (6)
me{l,...,

Here, w,,(H;,u; G,,) is the rendering weight of Gaussian G, at pixel u under
camera pose H;. If a target cluster is occluded, the dominant Gaussian at the
corresponding pixel is likely to come from a foreground object rather than from
the target cluster. The visible subset of cluster G'"t" is therefore defined as

glv’;s _ gﬁliax n glcluster' (7>

We then define the visibility score SV SVI as the fraction of cluster Gaussians
that are visible from H;:

SvisSVis _ |gl\jlls 8
li — |glcluster|' ( >

Finally, the initial pose for cluster [ is selected by

Hlinit = H;;, ij = argmax SViSSlV’;S. (9)
ie{l,...N}

The visibility-based selection favors views where the queried instance is not
merely projected into the image but is actually visible after considering occluding
Gaussians.

3.2 Novel View Synthesis

Unlike previous study , which are constrained to pre-recorded images for visual
reasoning, our model integrates novel-view synthesis directly into the reasoning
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pipeline. This pipeline is effective when the initial camera views are suboptimal
due to scene ambiguities such as occlusions or complex object relationships. We
therefore perturb the initial viewpoints via novel-view rendering. We generate
perturbed initial views with novel view synthesis and employ a VLM-as-Judge |3}
21] module to assess their informativeness, ultimately selecting more suitable
viewpoints for the given user queries. As illustrated in Fig. @l VLMs serve as
judges for both novel-view adjustments and verification.

Given the initial views Hit = { Hni*}E | we synthesize V novel views around
each H{"* denoted as

Hrovel = (Y, 1=1,...,L,

L
W = JHPY = {Hiy [1=1,....L,v=1,...,V},
1=1
where V' = 4, corresponding to the left, right, forward, and backward perturba-
tions. Thus, the total number of synthesized novel views is L x V. We define its

final view candidate set by combining the original initial view and its synthesized
novel views: Heanrdi = gyinit | gynovel

3.3 Final View Selection

We employ VLMs for the final 3D view selection because visibility scores alone
are insufficient to measure the informativeness of novel views.

VLM-as-Judge for estimating view informativeness. For the VLM-as-
Judge stage, we first generate candidate final views H°"dl, Each candidate view
is then evaluated independently by feeding its rendered image and the query to
VLMs [321], because VLMs tend to struggle with long visual sequences [13}28|
401|47,/52]. Utilizing text for robust aggregation is a well-established strategy to
mitigate multimodal integration biases [274(28,40L/61]. Following this, the VLM
distills recovered missing or occluded evidence from each synthesized view into
per-view text candidates, and the LLM selects the best answer among these
predictions [44], implicitly identifying the most effective final view. Our results
also empirically demonstrate the efficacy of relying on LLMs for this selection as
shwon in Table [5| The cardinality of the final view set H*a = {H f}JLc,:l varies
depending on the target downstream task. For the embodied question-answering
task, we set L' = L, where each initial view is independently refined by selecting
the single best perspective from its synthesized novel views. For single target
object localization (e.g., ScanRefer [|6]) and 3D referring segmentation, L' =
Lastly, for multiple target object localization tasks such as Multi3DRefer |64], L’
varies dynamically based on the user query.

Verification. After the final view selection stage, we perform verification [31] by
comparing the final views Hfiral = {H f}]Lvl:1 with their corresponding L’ initial
views {H}“it}%;l (L' < L). We prioritize final views, especially when the initial
views fail to provide a definitive answer. Recent advancements in VLMs have led
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to behaviors in which models state responses, such as “I don’t know” [63], when
the visual cues are insufficient. Our pipeline mitigates this issue by identifying
and selecting the specific view that provides the necessary visual cues, thereby
improving overall performance.

3.4 Downstream Tasks

Episodic embodied question-answering (EM-EQA). For EM-EQA, we
render the final poses H" into RGB images and feed these images with the
query Q to a VLM [39]. Compared with methods that rely only on pre-recorded
views [14}/35057], our novel view adjustment can provide visual evidence from
viewpoints that were not available in the original episodic memory. This enables
the VLM to answer from more query-relevant observations while keeping the
number of input views compact.

3D visual grounding. For 3D visual grounding, the selected final poses provide
spatial constraints for localizing target entities in the Gaussian scene. Let F(H lﬁ“"‘l)
denote the viewing frustum of the I-th final pose. We first restrict the activated
Gaussians to those lying inside the union of final-view frustums:

gt»rustum — {G] c gact

L
x; € f(Hlﬁ“al)} (10)

=1

where x; € R? denote the 3D center of Gaussian G;. The final grounded region
is then selected from GUSt"™ ysing the VLM reasoning output associated with
user query Q. In this way, SplatReasoner combines direct 3D Gaussian activation
with query-driven view selection, enabling fine-grained localization for both 3D
object localization and 3D referring segmentation.

4 Experiments

SplatReasoner integrates 3D Gaussian Splatting (3DGS) and Vision-Language
Models (VLMs), enabling selection of final viewpoints that directly correspond
to the user’s query. The final viewpoints highlight the specific regions relevant to
the user query, enabling embodied behavior such as embodied question-answering
in Sec. or 3D grounding including 3D object localization (single or multiple
targets with declarative query) and 3D referring segmentation (question query)
in Sec. [L.2] The necessity of our pipeline is shown by ablation studies in Sec. [£.3]

Dataset. We evaluate SplatReasoner on two datasets that assess its capabilities
in embodied reasoning and 3D scene understanding. To measure embodied
reasoning capability, we use the evaluation dataset released by OpenEQA [35].
Specifically, we focus on the Episodic-Memory Embodied Question Answering
(EM-EQA) task, which reflects practical scenarios, e.g., smart glasses that rely on
the history of past observations to assist users. OpenEQA question-answer pairs
are constructed from Habitat-Matterport 3D [43] and ScanNet [8,45], covering
seven types of questions with over 1,600 queries in about 180 environments.
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Table 1: Evaluation on EM-EQA. We measure the semantic equivalent using LLM-
Match and frame efficiency using the average number of frames. Methods marked with
* and Human score are reported from OpenEQA, while all other results are reproduced.
We report OpenEQA [35] results since the code is not publicly available. Average frames
denote the number of final views are used to answer queries. { indicates that while
novel views are utilized for the view adjustment, the actual number of input frames fed
into the VLMs remains consistent with the reported average frames.

LLM-Match (1)

Method Average Frames
Closed Model |21| Open Model |3]

BlindLLM [38] 34.8 29.4 0
Frame Captions 24.1 31.7 0

CG Captions™ [14] 36.5 - 0

SVM Captions® |35] 38.9 - 0
Multi-Frame 49.1 48.2 3.0
3D-Mem |[57] 54.6 50.8 2.7
SplatReasoner (ours) 57.8 51.6 2.6
Human 86.8 Full

Table 2: 3D grounding results. We evaluate recent studies, such as Dr. Splat, using
both category-level and sentence-based queries. ReferSplat is tested with sentence-based
queries, as it is specifically designed to interpret detailed textual descriptions. Our
method follows the pipeline of SplatReasoner. We evaluate our method on 3D object
localization using ScanRefer and Multi3DRefer, as well as on 3D referring segmentation.

Method ScanRefer |6] Multi3DRefer |64] 3D Referring Segmentation
Tethoc

3D mloU 1 Acc@8 1 Acc@10 1 3D mloU 1 Acc@8 1 Acc@10 1 3D mloU 1 Acc@8 1 Acc@10 1
Dr. Splat (category) 23] 8.73 34.53 28.53 4.69 18.33 13.67 10.03 41.71 33.86
Dr. Splat (sentence) [23] 9.44 34.28 29.35 4.14 15.40 12.97 10.56 45.21 43.21
ReferSplat |17 3.14 10.68 7.32 1.25 2.08 1.30 2.34 2.04 0.00
SplatReasoner (Ours) 11.12 35.84 32.75 6.32 29.59 24.51 12.46 45.14 45.14

In addition, we also evaluate 3D grounding with complex linguistic user
queries, such as 3D object localization [6,/64] and 3D referring segmentation [8}/35].
In 3D object localization, we evaluate our model under two configurations: a
single-target setting 6], where each query corresponds to exactly one object, and
a multi-target setting [64], where a query can refer to multiple objects. Since
existing benchmarks predominantly use point clouds, we curate a 3DGS-based
evaluation. For the 3D object localization task, we utilize ScanRefer |6] validation
set (141 scenes & 9,508 queries), e.g., this is the bed with blue sheets near the desk
and Multi3DRefer [64] multi-target validation set (133 scenes & 2,757 queries),
e.g., this is a black chair facing the door. To address more diverse formats of
user queries such as questions, we manually generate 49 spatial queries (e.g.,
“Which bed is closest to the window?”) that cover diverse attribute-based and
spatial relationships. Each scene contains multiple instances from the same object
category, requiring the model to distinguish between them using precise spatial
cues and attributes.
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4.1 Embodied Question Answering (EQA)

Comparisons. We compare our method with six types of agents. BlindLLM [38|
56| infers their answer without visual input and only with the user question.
Frame Captions uses LLaVA-v1.5 [32] to caption 50 sampled frames, feeding
captions and the question to LLM [38}/56]. CG Captions and SVM Captions
construct textual scene graphs from episodic memory using ConceptGraphs [14]
and Sparse Voxel Map [35], respectively. Multi-Frame directly provides three
frames through unified sampling along with the question. 3D-Mem [57] leverages
object-centric multi-view Memory Snapshots to preserve spatial and semantic
consistency while reducing redundant frames. Ours utilizes semantic 3DGS as an
episodic memory integrated with VLM |[3]/21] interaction, enabling a compact,
informative, and effective representation.

We reproduce all results except for CG and SVM Captions, for which the code
and prompts are not publicly available. For the 3D-Mem evaluation, we follow
the extracted snapshots provided by the 3D-Mem authors, which contain a small
omission (about 1%), and therefore evaluate 1,623 questions for all reproductions.
As 3D-Mem constructs its memory based on closed-set categories, we also use
closed-set semantic categories in our method for a fair comparison.

Settings. We follow the EM-EQA setting proposed in OpenEQA [35|, where
the agent answers a question solely from past visual observations without further
exploration. Each agent receives episodic memories or sampled frames as input and
generates an open-ended textual answer via its VLMs. Performance is evaluated
using the LLM-Match metric [35] which measures semantic agreement between
predicted and ground-truth answers by prompting a strong language model [38|
to judge whether the two answers are semantically equivalent. This metric better
captures conceptual correctness than exact string matching, providing a more
reliable assessment of reasoning and grounding performance in embodied settings.
We test our method with both of a closed-source model (GPT-40) [21] and an
open-source model (Qwen3-VL-8B) [3] for the reproducibility and accessibility.

Results. Table [I] reports the LLM-Match performance and average frames
across different baselines. BlindLLM and Captions achieve relatively low scores
indicating that relying solely on textual information is insufficient for embodied
reasoning. Incorporating visual signals significantly boosts performance: Multi-
Frame results highlight the importance of visual context for understanding
and reasoning. 3D-Mem further improves performance through its compact yet
informative Snapshot Memory architecture. Finally, SplatReasoner achieves the
highest performance while maintaining a similar average number of frames,
validating the effectiveness and efficiency of our semantic 3DGS representation
and novel-view adjustment approach. For the open-source model, we employ the
Qwen3-VL-8B model. Although it shows a relatively constrained performance
gap due to the smaller model capability compared to closed-source models, we
still observe consistent improvements. We expect this performance gap to widen
significantly with more capable, larger-scale models.
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: There is a black trash can on the floor. It is located to the right of the cushioned chair and in front of the pole.
Evidence category: trash can

: This is a brown bookshelf. It is against a wall next to a door.
idence category: bookshelf

Dr. Splat Dr. Splat ReferSplat Ours
(category) (sentence)

Fig.5: Qualitative results of the 3D object localization (ScanRefer, single
target). Compared to the competing methods, ours more accurately identifies the
fine-grained target locations referenced by the sentence query.

: To the left of a shelf, a small black trash can be found. [l Segmentation [ | True Positive
Evidence category: trash can []False Negative ~ False Positive

ReferSplat Ours

RGB Dr. Splat Dr. Splat
(category) (sentence)

Fig. 6: Qualitative results of the 3D object localization (Multi3DRefer, multi
targets). Compared to competing methods, ours achieves fine-grained localization
even when a query references multiple target locations.

: Which bed is closest to the window?
Evidence : bed

RGB Dr. Splat Dr. Splat ReferSplat Ours GT
(category) (sentence)

Fig.7: Qualitative results of the 3D referring segmentation. Our model can
process queries in question formats.

4.2 3D Grounding

Competing methods. We compare our method against recent language-guided
3D Gaussian Splatting approaches: Dr. Splat and ReferSplat [17]. Dr. Splat
lifts multi-view CLIP image embeddings into the 3D Gaussian space for
language-based querying. We optimize the model following the original paper’s
settings. ReferSplat optimizes 3D Gaussians using fine-grained textual ex-
pressions for referring understanding. Because ReferSplat requires paired textual
annotations for supervision but lacks an official automated data generation
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1ery: Where can | sit and eat if | don’t want to use the dining table?
Ground truth answer: Use the kitchen bar counter

“You coud sit and eat on the chair by the window in the bedroom.” : “You can sit and eat at the kitchen counter, which has bar stools.”

Query: What shape are the decorations above the bed?
Ground truth answer: Tnangle

VT

“The decoration above the bed are small wall-mounted shelves.” : “The decorations above the bed are triangular.”

3D-Mem Ours

Fig. 8: Initial view selection. Compared to 3D-Mem, our visibility-based policy can
select more informative views by accounting for the actual visibility of target objects,
rather than relying solely on the existence of categories within a given view.

Query: Where can | access the attic? Query: What is the blue object Lleft of the downstars bed?
Ground truth answer: Door at the top of the stairs. Ground truth answer: A humidifier.

Initial View Selection Final View Selection Initial View Selection Final View Selection

Fig.9: Final view selection. We apply novel view synthesis to refine initial views,
leveraging 3DGS capability. Our results show that even when the initial views lack
sufficient information to answer the question, the novel-view adjustment process can
recover the necessary viewpoints, enabling more accurate question-aligned answers.

pipeline, we manually constructed the necessary training data by using founda-
tion models to generate textual descriptions for the object masks.

Settings. We measure the 3D mean Intersection over Union (3D mlIoU) between
the activated Gaussians and the ground-truth Gaussians. Since the scene is
represented by Gaussians, we compute the mIoU based on the volumetric overlap
induced by the Gaussian scales and opacities, following .

For the 3D object localization, we directly leverage ScanRefer’s segmentation
ground truths into the 3DGS. Since no fine-grained grounding benchmarks
matching our specific question queries exist for 3D referring segmentation, we
manually annotate target instances to construct a paired dataset.

The ground-truth 3D Gaussian labels are distilled by computing the Ma-
halanobis distance between the ground-truth point clouds from the dateset
and 3D Gaussians, following the procedure in . Given a user query (sentence
or question), each model identifies the corresponding activations over all 3D
Gaussians in the scene. A higher mloU indicates better grounding accuracy,
meaning that the activated Gaussians more precisely align with the target region
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referenced by the user query. For details of our evaluation dataset construction,
please refer to the supplementary material.

Results. Table [2] reports 3D mloU and Acc@k scores. Acc@k denotes the
percentage of predictions whose IoU with the ground truth exceeds k%. We
normalize the computed Gaussian volumes by the 90% value and clip their range
between 0 and 1, which helps suppress excessive floating Gaussians that appear
in vanilla 3DGS [12|. While ReferSplat is designed to interpret detailed textual
descriptions, its rendering-based optimization is poorly aligned with direct 3D
search, resulting in lower mIoU. In contrast, SplatReasoner more reliably identifies
the question-related 3D regions thanks to the combination of directly registered
semantic 3DGS and VLM-based reasoning.

In Figs. 5] [6] and [7], we observe that our method aligns more closely with
the ground truth, demonstrating stronger fine-grained grounding capability. This
capability is particularly important for embodied exploration and navigation
tasks, where the system must precisely reflect user queries. Dr. Splat is designed
to find objects without distinguishing instances, which limits its ability to localize
fine-grained target regions (category) and, consequently, makes it struggle to
directly interpret complex language queries (sentence). ReferSplat is designed to
respond to handle complex language queries, but is rendering-based optimization
is not compatible with direct 3D search, leading to limited 3D localization.

4.3 Ablation Study

We use 184 embodied question answering (EQA) questions for initial design
choices, and evaluate verification stage on the full set of 1,623 questions. All
ablation studies are conducted using closed-source models [21}39}/49].

Score function for initial view. We
compare two score functions for selecting
initial views: a volume score, computed by

Table 3: Ablation on initial view
selection strategy (184 questions).
Because 3DGS is volumetric, we also

compute volumetric visibility scores in
addition to the non-volumetric version.

replacing the Gaussian count with

) — TeYe% . Method LLM-Matct Average Frames
Volume(GJ) = Sj Sj Sj o, (11) etho atch (1) Average Frames
3D-Mem |57 45.4 3.1
Volume score 47.8 2.7
where s denotes the scale values of each  visibility score (ours) ~ 48.2 2.7

axis and « indicates the opacity of each

Gaussian. The volume-based formulation performs worse because large outlier
Gaussians can disproportionately dominate the score, leading to strong bias and
unreliable view selection. In contrast, the visibility score effectively acts as a
proxy for object surface coverage, independent of Gaussian scale or training
dynamics. This yields more stable visibility estimates and produces noticeably
better LLM-Match performance, as shown in Table [3]

View selection pipeline. As shown in Table [4] the initial view selection
alone already improves performance over 3D-Mem, demonstrating the effec-
tiveness of our visibility score. Figure 8] presents snapshots of 3D-Mem and
our initial view selection. We observe that the visibility scores successfully
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guide the selection of more informative views. With the final view selection,
integrated with novel views and the verification stage, performance further
increases, indicating that 3DGS helps uncover more informative viewpoints.
As shown in Fig. [9 final views better Table 4: Ablation study on final
capture evidence relevant to the question, view selection (184 questions). We
which in turn supports VLMs in generat- demonstrate the necessity of each com-
ing more accurate answers. 1 indicates that ~Ponent in our method.

while novel views are utilized during the — Method LLM-Match (1) Average Frames
. . 3D-Mem |57 45.4 3.1
view adjustment stage, the actual number  misal view selection 182 27
Final view selection (ours) 50.5 2.7t

of input frames fed into the VLMs remains
consistent with the reported average frames.

VLM-as-Judge design. For the final Table 5: Ablation study on VLM-
view selection, we perform a VLM-as- as-Judge design (184 questions).

Judge process for novel-view adjustment.  Method LLM-Match (1) Average Frames
To evaluate the informativeness of each  3D-Mem [57 45.4 3.1
. . P +
candidate view, we rely solely on text- Image 471 2.7
L . Image + Text 46.9 2.7t
based descriptions and feed them into ey (ours) 50.5 o7t

LLMs [44]. As demonstrated in Table
our design choice empirically outperforms VLMSs that incorporate visual informa-
tion, while offering a more computationally efficient and lightweight alternative.
Verification process. In the verification Table 6: Ablation study on verifi-
stage, we compare initial views with final cation process (1,623 questions).

candidate views generated through novel-  Method LLM-Match (1) Average Frames
. . . . . Final view 54.5 2.6
view adJUStment~ A ﬁnal V:leVV:pOIIIt 15 se- Final view + verification (ours) 57.8 2.6

lected only if it contains previously missing
information. As shown in Table[6 our approach achieves improved performance
compared to the baseline without the verification step.

5 Conclusion

We introduce SplatReasoner, a framework utilizing 3D Gaussians for compact
episodic memories to enable VLM reasoning and 3D grounding. By integrat-
ing semantic 3DGS, visibility-based view selection, and novel view synthesis,
SplatReasoner retrieves and refines query-relevant perspectives, overcoming the
occlusions and detail loss typical of fixed-view systems. While currently designed
for passive episodic-memory scenarios rather than active robotic navigation,
extending SplatReasoner to active, long-horizon exploration with sequential
decision-making remains a promising future avenue.
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