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Abstract

This supplementary file provides additional details on the
Descrip3D framework, including qualitative examples of
generated object-level relational descriptions, ablation ex-
periments on object labels overlay in multi-view inputs, ad-
ditional comparisons across multiple benchmarks, and the
prompt template we use. These results further validate the
effectiveness of our dual-level integration strategy and high-
light the importance of explicitly modeling inter-object re-
lationships through natural language.

1. Examples of Generated Descriptions

We present qualitative examples of our object-level textual
descriptions in Fig. 1. Starting from detected object pro-
posals and their corresponding multi-view images, we over-
lay the object names at the center of the projection areas in
the image, as illustrated in the upper left part of the exam-
ple. We then generate relational descriptions using a vision-
language model. Key objects, typically those centrally po-
sitioned in the scene, are selected as query anchors. For
each key object, we prompt the model to describe its spa-
tial relationships with all other detected objects, resulting in
detailed, contextually grounded descriptions. The prompt
used is: “Describe clearly and briefly the relationships
between the <Key Object>in the scene and nearby objects
(<Other Object 1>, <Other Object 2>, ..., <Other Object
n>). Do not describe objects you cannot see.” For example,
the objects in the image are a desk, two curtains, a window,
a cabinet, and a table. There are two curtains, but only the
one on the right is considered a key object because the other
is positioned at the edge of the image. The chosen curtain
is described as covering the window and situated near the
table, the cabinet, and the desk. These relational descrip-
tions offer interpretable summaries of local neighborhoods
and equip downstream models with structured scene under-
standing for improved reasoning.

2. Ablation Study on Object Labels in Descrip-
tion Generation

To examine the impact of explicitly overlaying object cat-
egory names during relational description generation, we
conduct an ablation study comparing two variants: one
where multi-view images include projected object labels
(ours), and one without. As shown in Tab. 1, incorporat-
ing object labels consistently improves performance across
all five benchmarks. The improvement is particularly no-
table in Scan2Cap and SQA3D, where more precise object
references in the descriptions likely benefit caption gener-
ation and question answering. These results confirm that
providing explicit category labels helps the vision-language
model better ground each object and generate more infor-
mative relational descriptions.

3. Ablation Study on Prompt Design for
Object-Level Descriptions

To assess how different prompt formulations influence the
quality of generated object-level relational descriptions and
downstream 3D scene understanding, we compare two
designs: a default prompt (Prompt A) that emphasizes
relational conciseness, and a spatially grounded prompt
(Prompt B) that encourages explicit spatial terms and ap-
pearance details.

Fig. 1 presents qualitative examples generated using
Prompt A (Default). This prompt directs the vision-
language model (LLaVA-1.5) to describe relational context
in a concise, human-like way, without placing heavy em-
phasis on precise spatial markers. As shown, descriptions
tend to mention object co-occurrence and proximity in nat-
ural, readable sentences. For example, “The curtain is cov-
ering the window, and it is also close to a table, a cabinet,
and a desk.” While this phrasing lacks precise positional an-
choring, it aligns with how humans intuitively describe con-
textual relevance.

In contrast, Fig. 2 illustrates the results of Prompt B



All Objects: ["desk", "curtain", "window", "cabinet", "curtain", "table"]

Key Objects: ["curtain", "cabinet", "table", "desk", "window"]

Object-level Descriptions:

Curtain: “There is a curtain in the room, which is located near a window. The curtain is 

covering the window, and it is also close to a table, a cabinet, and a desk. The table is placed 

in front of the cabinet, and the desk is situated next to the table.”

Cabinet: “There is a cabinet with a window and a curtain nearby. The cabinet is located 

next to a desk, and a table is placed in front of it. A chair is also present in the scene, 

positioned in front of the desk. The arrangement of these objects suggests a functional and 

comfortable workspace, with the cabinet acting as a storage area and the desk serving as a 

work surface.”

Table: “There is a table with a window, desk, cabinet, and curtain nearby. The table is 

located in the middle of the scene, and the window is positioned above it. The desk is 

situated to the left of the table, and the cabinet is located to the right of the table. The curtain 

is hanging in front of the window, providing privacy and possibly controlling the amount of 

light entering the room.”

Desk: “There is a desk with a tablet on it, with a table, a cabinet, a window, and a curtain. 

The desk is located near the table, which is placed next to the cabinet. The window is 

situated above the desk, and the curtain is hanging in front of it. The desk is also close to the 

cabinet, creating a functional workspace with easy access to various items and resources.”

Window: “There is a window located next to a table, desk, cabinet, and curtain. The 

window is positioned above the table, which is placed on the floor. The desk is situated in 

front of the window, and the cabinet is located near the desk. The curtain is hanging in front 

of the window, providing privacy and controlling the amount of light entering the room. The 

presence of these objects suggests that the room is a living space, possibly a bedroom or a 

home office, where the window serves as a source of natural light and a connection to the 

outdoors.”

Figure 1. Qualitative examples of object-level relational descriptions generated using Prompt A (Default) with LLaVA-1.5
. The upper left part displays the image with object names, and the lower left shows the 3D bounding boxes. The right side

contains relational descriptions emphasizing general proximity and object co-occurrence without enforcing strict spatial
language.

Multi-view Image Input ScanRefer Multi3DRefer Scan2Cap ScanQA SQA3D
Acc@0.5 F1@0.5 C@0.5 CIDEr EM

Without Object Labels 51.5 54.8 75.6 93.5 54.6
With Object Labels (Ours) 51.8 55.1 77.2 93.7 55.7

Table 1. Ablation study on the effect of overlaying object category labels in multi-view images during relational description generation.
Adding object labels leads to consistent performance improvements across all benchmarks, demonstrating their importance in guiding
the vision-language model toward accurate grounding.

(Spatially Focused). This prompt explicitly encourages the
use of geometric relations (“on the left,” “in front of,” “be-
hind”) and appearance details (“white,” “rectangular”), re-
sulting in descriptions that are shorter but more spatially
grounded. For instance, “The desk is located in a corner of
the room. . . the window is above the desk. . . the cabinet
is in front of the desk,” offers clearer positional context but
less nuanced interpretation of function or co-usage.

To better understand how different prompts influence
downstream model performance, Tab. 2 provides the full
text of each design, and Tab. 3 summarizes quantitative re-
sults across five 3D vision-language tasks. While Prompt
B encourages explicit spatial expressions (e.g., “to the left
of,” “in front of”) and produces shorter sentences, it tends to

focus narrowly on positional details, omitting functional or
contextual cues. This results in descriptions that are more
rigid but less informative overall. In contrast, Prompt A
(Ours) generates a richer relational context with broader
object co-occurrence and usage clues. As shown, Prompt
A consistently outperforms Prompt B, suggesting that gen-
eral, semantically rich descriptions better support multi-
modal reasoning than strictly spatial ones.

4. Ablation Study on Description Generator
Choice

We further analyze the effect of the model used to gen-
erate object-level descriptions. While our main experi-



All Objects: ["desk", "curtain", "window", "cabinet", "curtain", "table"]

Key Objects: ["curtain", "cabinet", "table", "desk", "window"]

Object-level Descriptions:

Curtain: “The curtain is white and hanging on the wall, covering a window. It is positioned 

next to a cabinet and a desk. The desk has a table in front of it, and a chair is located in front 

of the desk. There is also a book on the desk, and a cup is placed on the table.”

Cabinet: “The cabinet is a small, white, rectangular piece of furniture. It is positioned next 

to a window, under a curtain, and in front of a desk. The cabinet is also located on the left 

side of the room.”

Table: “The table is a small, white, rectangular piece of furniture. It is positioned in front of 

a window, with a cabinet and a desk nearby. The table is located on the left side of the image, 

with the cabinet and desk on the right side. The window is situated behind the table, 

providing natural light to the room.”

Desk: “The desk is a small, white, rectangular table with a black chair positioned in front of 

it. The desk is located in a corner of the room, with a window and a cabinet nearby. The 

cabinet is on the right side of the desk, and the window is above the desk. The desk is also 

situated under a curtain, which is hanging above it. The desk appears to be a functional 

workspace, with the necessary furniture and accessories for daily use.”

Window: “The window is located on the left side of the room, positioned behind a curtain. 

It is also situated next to a cabinet and a desk. The window is rectangular in shape and has a 

white frame.”

Figure 2. Qualitative examples of object-level relational descriptions generated using Prompt B (Spatially Focused) with LLaVA-1.5.
Compared to Prompt A, these descriptions include more explicit spatial terms (e.g., “on the left,” “behind”) and visual attributes, resulting
in shorter but more positionally grounded sentences.

Prompt Version Prompt Text

Prompt A (Default) Describe clearly and briefly the relationships between the
<key object> in the scene and nearby objects (<other obj1>,
<other obj2>, ...). Do not describe objects you cannot see.
Do not describe green labels.

Prompt B (Spatially Fo-
cused)

Based on the image, describe both the appearance and spatial
relationships of the <key object> in relation to nearby visible
objects (<other obj1>, <other obj2>, ...). Include visual
details like color, shape, size, or texture of the <key object>,
and explain precisely how it is positioned relative to nearby
visible objects (<other obj1>, <other obj2>, ...) using terms
such as ’on the left’, ’next to’, ’under’, ’in front of’,
’behind’, or ’on top of’. Only refer to what is clearly
visible. Do not mention green text labels or objects not shown
in the image."

Table 2. Comparison of prompt designs used for generating object-level relational descriptions with LLaVA-1.5. Prompt A is our default,
concise formulation emphasizing relational grounding. Prompt B explicitly encourages spatial terms (e.g., “left,” “in front of”) and detailed
appearance cues.

ments adopt Vicuna-7B as the trainable backbone (to en-
sure fair comparison with prior methods such as Chat-Scene
and 3DGraphLLM), the relational text can, in principle,
be generated by any frozen captioner. Tab. 4 compares

two options: generating descriptions with Vicuna-7B versus
with LLaVA-1.5. Results show that replacing Vicuna with
LLaVA-1.5 as the description generator improves down-
stream performance, especially on language-intensive tasks



Prompt Design ScanRefer Multi3DRefer Scan2Cap ScanQA SQA3D
Acc@0.5 F1@0.5 C@0.5 CIDEr EM

Prompt B 51.4 55.1 74.1 92.3 55.2
Prompt A (Ours) 51.8 55.1 77.2 93.7 55.7

Table 3. Downstream performance using different prompts for generating object-level descriptions. Prompt B emphasizes spatial precision,
while Prompt A (ours) encourages concise, general relational reasoning. Despite lacking explicit directional terms, Prompt A outperforms
or matches Prompt B, suggesting that overly specific spatial descriptions may omit broader contextual signals useful for multimodal
understanding.

(e.g., +2.0 CIDEr on Scan2Cap, +2.1 CIDEr on ScanQA).
This suggests that our framework is flexible with respect
to the choice of description generator, and benefits from
relation-dense captions produced by stronger multimodal
models.

5. Additional Qualitative Results and Failure
Cases

Additional Qualitative Examples To further demon-
strate the strengths of Descrip3D, we present additional
qualitative comparisons of both question answering and ob-
ject grounding tasks in Fig. 3. In the QA task Fig. 3a,
Descrip3D produces accurate answers in cases where Chat-
Scene fails due to limited spatial awareness or insufficient
contextual cues. For example, in the first question, while
Chat-Scene incorrectly places the ”single seat sofa” behind
the brown chair, Descrip3D correctly identifies it as “in
the corner of the room,” grounded by relational language.
Similarly, Descrip3D succeeds in localizing queried objects
such as the laptop and chairs based on complex object-to-
object references, demonstrating its enhanced relational un-
derstanding. In the grounding task Fig. 3b, Descrip3D re-
solves ambiguous references more reliably. For example,
given a query like “the black couch next to a tall shelf and
a fan,” Descrip3D identifies the correct object using spatial
and contextual signals provided by the object descriptions.
These results emphasize Descrip3D’s ability to perform ro-
bust reasoning in cluttered indoor environments where vi-
sual and geometric cues alone may be insufficient.

Failure Case Analysis Despite its improved perfor-
mance, Descrip3D is not immune to errors. Fig. 4 illustrates
several representative failure cases in both QA (Fig. 4a)
and grounding (Fig. 4b). In question answering, a com-
mon failure mode arises in counting tasks where perfor-
mance is limited by upstream 3D detection accuracy. For
instance, when the detector undercounts chairs around a
table, Descrip3D cannot recover the correct answer solely
through textual reasoning. Additionally, discrepancies be-
tween query phrasing (e.g., “square table”) and detector-
generated object names (e.g., “coffee table”) introduce chal-

lenges in aligning language inputs with the available de-
scriptions. In grounding, failures often occur when key at-
tributes mentioned in the query (e.g., color or material) are
missing or omitted in the generated object descriptions. As
shown in Fig. 4b, the system fails to ground “the black
cotton pillow” because the corresponding object descrip-
tion lacks explicit mention of its color, resulting in ambi-
guity during matching. These cases highlight limitations in
both object detection accuracy and object description com-
pleteness, pointing to future directions for improving the ro-
bustness and coverage of relational grounding in 3D scene
understanding.

6. Additional Quantitative Results

We evaluate our method using the standard metrics estab-
lished in the original papers for each 3D scene-language
dataset. To thoroughly assess the effectiveness of our ap-
proach, we perform extensive comparisons against a diverse
set of baselines across multiple benchmarks. To comple-
ment the main results, we report additional evaluation met-
rics on the same datasets (ScanRefer, Multi3DRefer, and
ScanQA) used in the main paper. The results, summarized
in Tab. 6 (ScanRefer), Tab. 7 (Multi3DRefer), and Tab. 8
(ScanQA), show our method consistently outperforms prior
approaches across grounding and question answering tasks.
On ScanRefer, Descrip3D achieves the highest overall ac-
curacy. On Multi3DRefer, it leads in almost all grounding
settings, with the best overall F1 scores. On ScanQA, it out-
performs baselines in nearly all language metrics, includ-
ing ROUGE-L, METEOR, and CIDEr. These results con-
firm the effectiveness of incorporating object-level textual
descriptions through dual-level integration for 3D vision-
language tasks.

7. Prompt Template

We adopt the same dialogue-style prompt format as Chat-
Scene [10], consisting of a system message, a user instruc-
tion, and the corresponding assistant response. The sys-
tem message sets the interaction context and introduces the
object-level representation of the scene. Specifically, the
scene is serialized as a flat sequence of object identifiers and



VLM ScanRefer Multi3DRefer Scan2Cap ScanQA SQA3D
Acc@0.5 F1@0.5 C@0.5 CIDEr EM

Vicuna-7B 51.8 55.0 75.2 91.6 55.6
LLaVa-1.5 (Ours) 51.8 55.1 77.2 93.7 55.7

Table 4. Impact of the choice of description generator. We compare object-level relational text produced by Vicuna-7B and by LLaVA-1.5
(used as frozen captioners). Using LLaVA-1.5 yields stronger downstream results.

Q1: Where can a single seat sofa be seen?

Chat-Scene: Behind brown chair.

Descrip3D (Ours): In corner of room.

Q2: What is behind the small bookshelf on the left side of the room?

Chat-Scene: Larger bookshelf. 

Descrip3D (Ours): Window.

Q3: What color is the chair at the desk farthest away from the 
entrance?

Chat-Scene: Black.

Descrip3D (Ours): Brown.

Q4: What color is the chair on the right of the chalk board?

Chat-Scene: Black.

Descrip3D (Ours): Brown.

Q1: What is the tool box near?

Chat-Scene: Near couch.

Descrip3D (Ours): Piano.

Q2: What is the laptop sitting on?

Chat-Scene: Couch. 

Descrip3D (Ours): Desk.

Q3: What is the printer sitting on?

Chat-Scene: Table.

Descrip3D (Ours): Desk.

Q4: The printer is closest to what on the right?

Chat-Scene: Closest to couch.

Descrip3D (Ours): Door.

1 2

3 4

1 2

3 4

(a) Additional qualitative comparison of question answering. Descrip3D correctly answers more challenging
questions by leveraging precise spatial relations and context-aware relational cues from its textual descrip-
tions.

Q: This is a black couch. it is located next to a 

tall shelf and there is a fan in front of it.

Chat-Scene: <OBJ007>.

Descrip3D (Ours): <OBJ008>.

<OBJ007>

<OBJ008>

Q: This is a brown door. it is to the left of 

another door.

Chat-Scene: <OBJ000>.

Descrip3D (Ours): <OBJ002>.

<OBJ000><OBJ002>

(b) Additional qualitative comparison of
grounding. Descrip3D provides more ac-
curate object localization by resolving am-
biguous object references using context-
enhanced descriptions, such as ”left of the
fan” or “next to another door.”

Figure 3. Additional Qualitative comparison of 3D scene understanding tasks. Descrip3D outperforms Chat-Scene, especially in cases
involving complex spatial grounding or multi-object reasoning, due to its use of a dual-level integrated relational textual descriptions
that enhance contextual understanding.

features: [<OBJ001>F1 <OBJ002>F2 ... <OBJn>Fn],
where Fi represents the feature embedding of the ith object.
Each object identifier uniquely refers to a detected object
in the scene. Users interact with the system by referenc-
ing these identifiers directly, and the assistant generates re-
sponses based on the identifiers. Tab. 5 provides an example
of this prompt format.

8. IoU Variance and Distribution

To provide a more fine-grained view of grounding robust-
ness beyond thresholded metrics (Acc@0.25, Acc@0.50),
we report IoU distributions and variance. Fig. 5 shows per-
sample IoU histograms for ScanRefer and Multi3DRefer,
both following the typical bimodal pattern with concentra-
tions near IoU = 0 (failure) and IoU = 1 (successful ground-
ing). Compared to Chat-Scene, Descrip3D consistently re-
duces the density of near-zero IoUs and increases the high-

System: A chat between a curious user and
an artificial intelligence assistant. The assis-
tant gives helpful, detailed, and polite answers
to the user’s questions. The conversation cen-
ters around an indoor scene: [<OBJ001>F1

<OBJ002>F2...<OBJn>Fn].
User: What is the ID of the object that matches
the description ”this is a brown chair. It is to
the right of another chair near the end of the ta-
ble.”? [Generated description (may be noisy)]
<OBJ002>: there is a <OBJ002>positioned
next to a <OBJ003>...
Assistant: <OBJ002>.

Table 5. Prompt template used during training and evaluation.



Q: How many chairs does the large table in the room have?

Ground Truth: 10 / 11.

Descrip3D (Ours): 6 chairs.

Object Description (One of the chairs): There is a dining table 

surrounded by several chairs. One of the chairs is positioned in 

the foreground, while the others are placed around the table. The 

chairs are arranged in a semi-circle formation, with some chairs 

closer to the table and others further away. The dining table is 

located in the background, and it appears to be the central focus 

of the scene. The arrangement of the chairs and the dining table 

creates a comfortable and inviting atmosphere for a meal or 

gathering.

Q1: Where is the brown wooden square table placed?

Ground Truth: to left of chair / between black couch and 

brown armchair.

Descrip3D (Ours): In middle of room.

Object Description (One of the coffee tables): There is a 

coffee table with a book on it, surrounded by a bookshelf filled 

with books. There are two chairs in the scene, one of which is 

an armchair, and the other is a sofa chair. A stick is also present 

in the scene, located near the armchair. The arrangement of 

these objects suggests a cozy and comfortable setting, possibly 

in a living room or a reading area. The presence of the 

bookshelf and the book on the coffee table indicates that this 

space is used for reading and relaxation.

(a) Additional qualitative comparison of question answering. Descrip3D fails in cases where the 3D detector
misses objects or the query uses object names not aligned with detector output, limiting the effectiveness of
textual reasoning.

Q: There is a black cotton pillow. placed on 

the armchair.

<OBJ040><OBJ041>

Object Description <OBJ041>: In the scene, there is a 

chair with a pillow on it, a coffee table, a door, a table, a 

stool, a shoe, a picture, a plant, and a stick. The pillow on 

the chair is next to the coffee table, and the door is located 

nearby. The table is placed in front of the door, and the 

stool is positioned in front of the table. The shoe is located 

on the floor, and the picture is hanging on the wall. The 

plant is placed on the floor, and the stick is leaning against 

the wall. The box is also present in the scene, placed on the 

floor.

Object Description <OBJ040>: The pillow in the scene is 

placed on a chair, which is located next to a table. The table 

is positioned near a door, and there is a stool and a coffee 

table in the room as well. A shoe is placed on the floor, and 

a picture is hanging on the wall. Additionally, there is a 

plant in the room, and a stick is leaning against a wall. A 

box is also present in the scene, and an end table is located 

near the chair.

Ground Truth: <OBJ041>.

Descrip3D (Ours): <OBJ040>.

(b) Additional qualitative comparison of
grounding. Failures in grounding are of-
ten caused by incomplete object descrip-
tions that omit key attributes (e.g., “black
cotton pillow”), which are essential for ac-
curate reference resolution.

Figure 4. Failure cases of 3D scene understanding tasks. While Descrip3D improves contextual reasoning, failure can still occur due to
missing or ambiguous descriptions (e.g., color not mentioned) or mismatches between detection names and query expressions, especially
in counting or spatial referencing.

(a) (b)

Figure 5. IoU distribution comparison between Chat-Scene and Descrip3D on (a) ScanRefer and (b) Multi3DRefer. The histograms show
the per-sample IoU distributions, with dashed vertical lines indicating the 0.25 and 0.5 thresholds commonly used for visual grounding.
Compared to Chat-Scene, Descrip3D consistently reduces the concentration of low-IoU cases and increases the density of high-IoU pre-
dictions, demonstrating more robust performance across the full distribution.

IoU mass. The measured variance is stable across datasets:
ScanRefer variance ≈ 0.19 (std ≈ 0.44) and Multi3DRefer
variance ≈ 0.20 (std ≈ 0.44). These results demonstrate
that improvements are not driven by a handful of outlier
cases but reflect consistent robustness across samples.
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