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1. Visualization of FBV

Inspired by [2, 27], we provide the definition of fragment
bounding volume (FBV) in Fig. 1. The geometric re-
construction process, 2D reasoning segmentation process,
and instance fusion process of LIRA are mainly conducted
within each FBV.

In addition, Fig. 2 provides an illustration of the fusion
process between current information and global information
during geometric reconstruction and instance fusion. Dur-
ing each fusion process, only the global information within
the FBV is updated.

2. Queryable Map-Based Methods VS LIRA

Fig. 3 provides a visual comparison between queryable
map-based methods and the proposed LIRA. Existing meth-
ods [7, 9, 14, 23] mainly rely on explicit instructions and
queryable maps to achieve instruction-guided online 3D
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Figure 1. Illustration for the definition of FBV.
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Figure 2. 2D toy examples to illustrate the fusion process between
current information and global information during geometric re-
construction and instance fusion.

reconstruction. They first perform geometric reconstruc-
tion and extract all instance features and masks. Then,
instructions are matched with the pre-defined maps. To
enhance comprehension, some approaches [5, 7, 12] em-
ploy large language models (LLMs) for pre-processing or
post-processing. However, these methods contain much
instruction-irrelevant information, and exhibit limited inter-
action and reasoning between target instance features and
instruction features. Particularly for implicit instructions in-
volving complex reasoning, they are more difficult to han-
dle.

Compared with methods using queryable maps, LIRA
achieves better reasoning reconstruction performance by
leveraging a multimodal LLM (MLLM) to perform com-
prehensive vision-instruction fusion and reasoning, and rea-
son about instances that are only relevant to implicit instruc-
tions.
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Figure 3. Visual comparison between queryable map-based methods (the part above the blue dashed line) and the proposed LIRA (the part
below the blue dashed line). The red dashed boxes are optional modules.

3. Benchmark

3.1. Scene-Instruction Pair Generation

Based on instance attributes in a scene, which include in-
stance segmentation annotations (e.g., class, bounding box,
and mask) and attributes inferred by Qwen2-VL [20] (e.g.,
color), we utilize ChatGPT-40 [16] to design a series of
instruction templates and generate scene-instruction pairs.
These attributes are the most frequently occurring attributes
in human language expressions [1].

We first task ChatGPT-40 with generating a set of base
instruction templates based on the above attributes, as illus-
trated in Fig. 10 (see the end of this paper). The generation
of these base instruction templates primarily leverages at-
tributes such as color, class, size, and 3D spatial position.
By permuting and combining these attributes, ChatGPT-40
produces a rich and diverse array of instruction templates.
Fig. 11 provides some examples of base instruction tem-
plates.

Second, ChatGPT-40 generates implicit instruction tem-
plates based on the attributes of objects in the scene, as de-
scribed in Fig. 12. The generation process of these implicit
instruction templates mainly relies on the classes of the ob-
jects. The generated implicit instructions are required to
provide detailed descriptions of the target attributes with-
out explicitly mentioning the attribute names. Furthermore,
the instructions should be as diverse as possible. Fig. 13
presents several examples of implicit instruction templates.

Finally, ChatGPT-40 randomly selects from the base in-
struction template library and the implicit instruction tem-
plate library to generate a series of language instruction
templates for a given specific scene. A subset of ob-
jects and their attributes are randomly selected and inserted

into the chosen instruction templates to generate specific
scene-instruction pairs. The prompt for generating scene-
instruction pairs is shown in Fig. 14. The generated in-
structions are further polished by ChatGPT-40 to make them
more consistent with human language expressions. We also
enhance the quality of these generated instructions by ran-
domly sampling them for human corrections. Fig. 15 pro-
vides several examples of the final generated instructions
for specific scenes.

For the reasoning reconstruction task, we integrate cor-
responding segmentation masks (both 3D and 2D) with
scene-instruction pairs to generate scene-instruction-mask
data pairs.

3.2. Removal of Erroneous Projected Pixels

In the data collection pipeline of the benchmark, we first ex-
tend the attributes of instances in the ScanNetV?2 dataset [3].
For an instance in a given scene, its point cloud is projected
into an image from a certain viewpoint. We filter out erro-
neous projected pixels caused by occlusion. Specifically, to
eliminate erroneous projected pixels caused by occlusion,
we also project other instances in the scene into the same
image. If a projected pixel of the target instance is close to
other instances in the image and the target instance is far-
ther from the camera center than the other instances, it is
considered occluded and should be removed.

3.3. 2D Segmentation Annotations

The ScanNetV2 dataset provides instance segmentation an-
notations for images. However, the quality of the 2D seg-
mentation annotations is poor, making them unsuitable as
supervisory information for model training. Our data pro-
duction pipeline automatically generates 2D segmentation



ReasonRecon ReasonRecon-Extension

Number of scene-instruction pairs
Number of scenes

Number of implicit instructions
Number of targets

Number of annotated images
Number of Multi-class answers
Number of multi-target answers
Number of zero-target answers

Number of instructions describing spatial relations

Number of instructions per scene
Average length of instructions

12,500 14,800
125 1,513
6,155 7,333
14,718 29,819
201,336 2,477,378
430 317
1,698 4,184
776 993
4,642 5,422
100 9.8
12.51 12.69

Table 1. Statistics for ReasonRecon and ReasonRecon-Extension.
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Figure 4. Visual comparison of the image segmentation anno-
tations provided by the ScanNetV2 dataset and those provided
by our benchmark. In ReasonRecon, the instruction-relevant in-
stances in a scene-instruction pair are visualized.

annotations, the quality of which is close to that of manu-
ally annotated segmentation masks. Fig. 4 shows a com-
parison of the image segmentation annotations provided by
the ScanNetV2 dataset and those provided by our bench-
mark. In ReasonRecon, the instruction-relevant instances
in a scene-instruction pair are visualized.

3.4. Statistics of ReasonRecon

To construct ReasonRecon, we meticulously select a set of
frequently occurring scenes from the ScanNetV2 dataset.
These scenes are commonly seen in daily life and contain
a rich diversity of objects. For each scene, we generate a
rich set of instructions, thereby forming scene-instruction
data pairs. The detailed data statistics of ReasonRecon are
shown in Tab. 1. We select 125 scenes from the ScanNetV2
dataset and generate 100 instructions for each scene, result-

ing in a total of 12,500 scene-instruction pairs. In addition,
ReasonRecon has 6,155 implicit instructions, 201,336 2D
annotated images, and 4,642 instructions describing spatial
relations (e.g., determining size and distance relationships).

3.5. ReasonRecon-Extension Benchmark

In addition to ReasonRecon, we also propose its extended
version — ReasonRecon-Extension. The data production
pipeline of ReasonRecon-Extension is the same as that of
ReasonRecon. ReasonRecon-Extension extends ReasonRe-
con with low-frequency scenes, including all the scenes in
the ScanNetV?2 dataset. In addition, in consideration of
computational and storage resource constraints, relatively
few instructions are constructed for each scene. The de-
tailed data statistics of ReasonRecon-Extension are shown
in Tab. 1. ReasonRecon-Extension has 1,513 scenes, each
with an average of 9.8 instructions, for a total of 14,800
scene-instruction data pairs. In addition, ReasonRecon-
Extension has 7,333 implicit instructions, 2,477,378 2D an-
notated images, and 5,422 instructions describing spatial re-
lations. The training set and test set are also divided into
8: 2.

4. Loss Function

The training of LIRA is divided into two steps: 2D reason-
ing segmentation and instance fusion. The loss functions
are also divided into two parts.

For 2D reasoning segmentation, this module is trained
using a combination of the text generation loss L;,; and the
segmentation mask loss L,,4s%. The total loss L, of the
2D reasoning segmentation module is the weighted sum of
Lzt and Lo ask- Ater and Ap,qsk are weight coefficients.

Ers = Atmtﬁtxt + Amaskﬁmaslv (1)

L.+ is the auto-regressive cross-entropy (CE) loss for
text generation, and L,,,sx 1S the mask loss, which en-
courages the model to produce high-quality segmentation
results. To compute L,,,s5,, We use a linear combination



of per-pixel binary cross-entropy (BCE) loss and DICE loss
[15], with corresponding loss weights Apce and Ag;ee. Given
the supervision targets rf’;t and m¢!_, these losses are for-

seg’
mulated as
£twt = CE(T;?;p Tta:t)~ (2)
Loask = )‘bceBCE(mgégamseg])
+ AdiceDICE(mgégy mseg). 3)

For instance fusion, TIFF is trained using a linear combi-
nation of the mask confidence loss L., s and the similarity
loss Lgim. The total loss L; of TIFF is the weighted sum
of Leons and L. Aiy is the weight coefficient.

Lif = NifLeonf + (1= Xif)Lsim. 4)

Specifically, Lon is the mean squared error (MSE) loss
for mask confidence prediction, and L;,, is the per-element
BCE loss for similarity matrix generation. Given the super-
vision targets S gt ¥ and S9¢, these losses are formulated as

con

L:conf = MSE(8}957,]07 Sconf)~ (5)
Lyim = BCE(SY,S). (6)

5. More Implementation Details

For the training strategy, we first train the 2D reasoning
segmentation module for 10 epochs. Then, we freeze the
network weights in the 2D reasoning segmentation module,
and train TIFF for 20 epochs. The entire network is trained
on 8 NVIDIA Tesla A800 GPUs for 15 days. TSDF trun-
cation distance is 12cm, and d,,,, is set to 3m. R, . and
tmax are set to 15° and 0.1m, respectively. The training
scripts for the 2D reasoning segmentation module are based
on deepspeed [18] engine. The channels of F,.; are [256,
4096, 4096]. In the instance fusion module, Ocop r and Ogim
are set to 0.6 and 0.8, respectively.

For the training of the 2D reasoning segmentation mod-
ule, we use AdamW optimizer with the learning rate and
weight decay set to 0.0003 and 0.0, respectively. We
also adopt WarmupDecayLR as the learning rate scheduler,
where the warmup iterations are set to 100. The weights of
the text generation loss \;,; and the mask loss A, 5% are set
to 1.0 and 1.0, respectively, and those of the bce loss Apce
and the dice loss Ag;c. are set to 2.0 and 0.5, respectively.
Besides, the gradient accumulation step is set to 10. The
rank of LoRA [6] is 8.

For the training of TIFF, we use Adam optimizer with
the learning rate and weight decay set to 0.001 and 0.0, re-
spectively. We also adopt MultiStepLR as the learning rate
scheduler. The learning rate is reduced by half in the 6th,
8th, and 10th epochs. The loss weight ;¢ of the instance
fusion module is 0.5.

Method Online AP AP50 AP25

OpenScene [17] + DBSCAN [4] X 2.60 442 6.88
OpenScene [17] + Mask3D [19] X 3,55 6.35 8.77
OpenlIns3D [8] (ODISE [22]) X 326 640 837
VLMaps-3D [7] v 392 801 959
OVIR-3D [14] v 460 893 11.92
MaskClustering [24] v 487 943 13.16
LIRA v 513 16.69 48.68
Table 2. Quantitative results of reasoning reconstruction on

ReasonRecon-Extension.

6. Supplementary Experiments

6.1. Results on ReasonRecon-Extension

We also conduct reasoning reconstruction experiments on
ReasonRecon-Extension. As shown in Tab. 2, consistent
with the experimental observations on ReasonRecon, LIRA
demonstrates superior performance across all accuracy met-
rics compared to existing online and offline methods. Com-
pared to methods based mainly on explicit instructions
or queryable maps, LIRA exhibits superior reasoning and
comprehension capabilities for implicit and complex in-
structions.

6.2. Impact of Dataset Size on Reasoning Recon-
struction Performance

We further analyze the impact of dataset size on reason-
ing reconstruction performance. First, we train two mod-
els, using the ReasonRecon training set and the union of the
ReasonRecon and ReasonRecon-Extension training sets, re-
spectively. Both models are then evaluated on the Reason-
Recon test set. We filter the training data to ensure that the
scenes in the test data do not appear in the training data. As
shown in Tab. 3, increasing the size of training data further
improves the reasoning reconstruction performance.

Similarly, we train two additional models. Their train-
ing data consists of the ReasonRecon-Extension training
set and the union of the ReasonRecon and ReasonRecon-
Extension training sets, respectively. These models are then
evaluated on the ReasonRecon-Extension test set. Increas-
ing the training data size also results in further improve-
ments in reasoning reconstruction performance. The above
experiments show that the reasoning reconstruction perfor-
mance of the proposed LIRA is enhanced as the dataset size
increases, demonstrating the potential scaling capability of
LIRA in terms of dataset size.

Moreover, we test the generalization capability of LIRA.
Since LIRA performs reasoning reconstruction by reason-
ing over vision information and implicit instructions based
on the MLLM, we evaluate its generalization capability in
unseen scenes. LIRA is trained on scene-instruction pairs
from ReasonRecon, where the scenes are selected from fre-



Training Set Test Set AP APsg AP55

ReasonRecon ReasonRecon 11.57 34.39 66.24
ReasonRecon + ReasonRecon-Extension ReasonRecon 12.81(+1.24) 34.52(+0.13) 67.30(+1.06)

ReasonRecon-Extension ReasonRecon-Extension 5.13 16.69 48.68

ReasonRecon + ReasonRecon-Extension

ReasonRecon-Extension

5.87(+0.74)  17.36(+0.67) 49.17(+0.49)

Table 3. Impact of dataset size on reasoning reconstruction performance.
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Figure 5. Test of generalization capability of LIRA.

quently occurring scenes in the ScanNetV2 dataset. There-
fore, we directly test the model trained on ReasonRecon
in unseen scenes which are low-frequency scenes from the
ScanNetV2 dataset. As shown in Fig. 5, LIRA demonstrates
a certain level of generalization capability in some unseen
scenes.

6.3. 2D Reasoning Segmentation Results

2D reasoning segmentation is crucial as LIRA primarily re-
lies on this module to reason and comprehend implicit and
complex instructions. We also evaluate the performance of
our method compared to other segmentation approaches in
2D reasoning segmentation task in Tab. 4. The 2D reason-
ing segmentation task takes as input an image and a lan-
guage instruction involving complex reasoning, and outputs
the corresponding text response and segmentation mask for
each instance. This task supports multiple types of output
formats, including zero, one, or multiple instances. The data
for the 2D reasoning segmentation task is sourced from the
ReasonRecon benchmark, which is designed for the reason-
ing reconstruction task.

Unless otherwise specified, all methods utilizing LLMs
default to using a model of the 7B scale. Inspired by
[11,21], we adopt gloU and cloU metrics to represent the
segmentation accuracy of masks. gloU averages the Inter-
section over Union (IoU) for each mask, whereas cloU com-

Method gloU cloU N-acc. BLEU
SEEM [28] 16.77 14.08 34.01 -
Grounded-SAM [13] 15.56 11.13  30.82 -
LISA [11] (ft) 2439 26.68 - -
LISA++ [25] (ft) 60.85 60.33 9537 88.24
GSVA [21] (ft) 59.07 5824 9505 87.89
LLaVA-Grounding [26] (ft) 61.27 61.90 96.54  89.74
Ours 61.53 61.61 96.78  90.35
Ours-13B 62.71 63.31 97.08 90.79

Table 4. Quantitative results of 2D reasoning segmentation. “ft”
denotes the model is finetuned on the training set.

putes the cumulative intersection area over the cumulative
union area across the whole dataset. Following the imple-
mentation in [21], we compute the No-target-accuracy (N-
acc.) for the empty target, which is the ratio of the correctly
classified empty-target expressions over all the empty-target
expressions in the dataset. In addition, the BLEU (Bilingual
Evaluation Understudy) score is used to evaluate the accu-
racy of text outputs.

Experimental results demonstrate that our method
achieves superior performance compared to existing meth-
ods in terms of mask generation, instance presence detec-
tion, and text response. Compared with LISA [11], LISA++
[25] and GSVA [21], which have a similar architecture
to our method, our method achieves better 2D reasoning
segmentation accuracy. This improvement is primarily at-
tributed to our more effective handling of multi-target and
zero-target outputs.

6.4. MDS Visualization of Instance Fusion

The proposed TIFF aggregates the text features, voxel fea-
tures, and 3D bounding box features of instances to generate
features Q*¥™ for similarity matrix computation between
instances. We visualize Q%™ using the multidimensional
scaling (MDS) method. The visualization results in Fig. 6
validate that the proposed TIFF successfully learns discrim-
inative feature representation for object matching.

6.5. Impact of Mask Confidence

In TIFF, the mask confidence branch predicts a confidence
score Scon s for each candidate instance. If the confidence
score is lower than a threshold 0., s, the corresponding
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Figure 6. MDS visualization of the instance-specific representa-
tion for similarity calculation. Different colors indicate different
instances and different points indicate the instance features at dif-
ferent keyframes.
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Figure 7. A visual example of the mask confidence branch predic-
tion results. When 6con, f is set to 0.6, masks with scores exceeding
Oconys are retained (v'), while those with scores below 0..,,f are
discarded (X).

candidate instance is discarded. Fig. 7 provides a visual
example of the mask confidence branch prediction results.
When 0.,y is set to 0.6, masks with scores exceeding Ocon
are retained, while those with scores below 0., s are dis-
carded. The mask confidence branch is necessary since it
eliminates many low-quality candidate instances.

6.6. Number of Keyframes

We experiment with a different number of keyframes in
each FBV rather than the default 9 keyframes in LIRA. As
shown in Tab. 5, when 9 keyframes are used as a FBYV, the
reasoning reconstruction accuracy is relatively the highest.

6.7. Accuracy Analysis of Candidate Instances

We also provide the accuracy of 3D candidate instances af-
ter the instance fusion stage in Tab. 6 for reference. After
final target instances are inferred through LLM reasoning in
stage III, there is a slight decrease in accuracy metrics.

6.8. Geometric Reconstruction of the Entire Scene

Given a sequence of RGB-D observations, LIRA applies
the widely used TSDF fusion for geometric reconstruc-

Method AP AP50 AP25

7 keyframes  11.08 33.72 65.10
9 keyframes 11.57 34.39 66.24
11 keyframes 10.79 33.16 64.55

Table 5. Quantitative results of number of keyframes in the FBV.

Target AP AP50 AP25
3D Candidate Instances 11.98 35.64 70.63
Final Target Instances ~ 11.57 34.39 66.24

Table 6. Accuracy of 3D candidate instances after instance fusion.

Method Acc Comp Precision Recall F-score

LIRA  0.062 0.020 0.895 0.969 0.928

Table 7. Results of geometry reconstruction of the entire scene.

tion. We also provide the results of geometric reconstruc-
tion of the entire scene (including target instances and back-
ground environment) in Tab. 7 for reference. The imple-
mentation of the geometric reconstruction evaluation met-
rics follows [2, 10]. Experimental results indicate that using
standard TSDF fusion yields high-quality geometric recon-
struction performance. The most important F-score reaches
0.928, demonstrating both high-quality reconstruction ac-
curacy and completeness.

6.9. Visualization of 2D/3D Candidate Instances

Fig. 8 presents the visualization results of 2D/3D candi-
date instances during the reasoning reconstruction process
of LIRA, as well as the final target instances.

6.10. More Visualization Results of Reasoning Re-
construction of LIRA

More visualization results of reasoning reconstruction of
LIRA are presented in Fig. 9.

6.11. Supplementary Video

We also provide real-time online reasoning reconstruction
visualization to further demonstrate the practicability of
LIRA in our supplementary video demo. LIRA inputs
RGB-D sequences and reconstructs instances that conform
to implicit language instructions involving complex reason-
ing and background environment. In the video demo, we
do not visualize the candidate instances generated by LIRA
during the intermediate process. The final reasoning recon-
struction results at different time steps are only visualized.
Specifically, we visualize double-layered mesh. As the pro-
cess is online, LIRA can halt at any time step.
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Instruction 2D Candidate Instance 3D Candidate Instance Final Target Instance

A structure with compartments or
shelves used to keep items
organized, such as clothes, and all
objects that meet the requirements ==
are brown. Find the largest object
among those that meet the
requirements.

Highlight the tiniest object from the
collection of white-colored toilets.

A large, cushioned seat for family a
seating. Identify and segment all
objects that meet the requirements.

Items used for bathing. Please
output segmentation masks.

Furniture used for sleeping at night,
and all objects that satisfy the
requirements are blue.

Figure 8. Visualization of 2D/3D candidate instances and final target instances.



Instruction Reasoning Reconstruction Result ! Instruction Reasoning Reconstruction Result

A seat for one person with a
backrest, and all objects that
meet the requirements are ->
white.

Pick out the object from cabinet
class that is the most distant
from the white-colored object in
bathtub class, and isolate it.

A basin with a tap for washing
hands or dishes. Isolate the
object that is most distant from ->
the white toilet.

A device used to cool and
preserve food.

Furniture where you often gather
for eating or play, typically without
drawers, and find the second =
largest object among those that
meet the requirements.

A bathroom unit you sit on for
excretion. Find the object that is
the nearest to the object with
color red in bed class.

A surface supported by legs for
dining or play, usually lacking
drawers, and all objects that =3
meet the requirements are
white.

Fixtures used for personal
hygiene.

Figure 9. More visualization results of reasoning reconstruction of LIRA. We augment the reconstructed geometric results with image
textures. Single-layered mesh is visualized.

(messages = [{"role": "system", "content": "You are an Al assistant, doing visual language understanding tasks in the
field of 3D scenes. Here are some object attribute information, including color, class, size, and 3D spatial position.
Based on these object attribute information, design language instruction templates and introduce questions or
descriptions for the above object attributes. The language instruction templates you generate should involve at least
one attribute and no more than three attributes. For each selected combination of attributes in an instruction template,
provide 10 different forms that convey the same meaning to increase the richness and diversity of the instruction
templates. Note that the instruction templates should not be overly complicated or excessively brief.

For example, you can choose the attributes of class and color, and then generate an instruction template: "Locate
objects that are of {color} and belong to {class}," and then proceed with rephrasing."}]

for sample in fewshot_samples:
messages.append({"role": "user", "content": sample["content"]})
messages.append({"role™: "assistant", "content": sample["response"[})
\messages.append ({"role™: "user", "content": "\n'.join(sample["query"])})

Figure 10. The prompt for generating base instruction templates.



(“Pick out the object from {class A} that is the {howfar} distant from the {color} object in {class B}, and isolate it."
"Extract the {howsize} item within the group of objects that belong to {class} and have {color}."

"Retrieve instances of {class} that are {color}."

"Every object belonging to {class} should be found."

"Segment out the object in {class B} that is positioned at the {howfar} distance from the object of {color} in {class A}."
"Mark the {howsize} object in the group of {class} that are {color}."

"Find and segment the {howsize} object among the objects that are both {class} and have {color}."

"Locate objects that are of {color} and belong to {class}."

"Gather all objects that are classified as {class}."

"Identify and segment the object in {class B} that is {howfar} from the object in {class A} with {color}."

"Select and extract the object in {class B} with the {howfar} distance to the {color} object in the {class A}."

"Choose the {howsize} item among the objects that are of {class} and are {color}."
\

Figure 11. Examples of base instruction templates.

(messages = [{"role": "system", "content": "You are an Al assistant, doing visual language understanding tasks in the
field of 3D scenes. The following object classes are provided: {cabinet, bed, chair, sofa, ...}, and implicit instructions
need to be generated for each class. Implicit instructions require detailed descriptions of these target classes. The
target class name should not appear in any of these implicit instructions. The implicit instructions you generate should
include at least one class, and no more than four classes. The target classes corresponding to the generated implicit
instructions should be strictly accurate and clear. Implicit instructions must not be ambiguous to the point where it is
difficult to determine whether a class belongs to a particular instruction. The descriptions of the implicit instructions
should be as diverse as possible. Note that the instruction templates should neither be overly complex nor excessively
brief.

For example, you could select the classes of bed, chair, and sofa, and then generate an instruction template like:
"Furniture used for sitting or lying down."}]

for sample in fewshot_samples:
messages.append({"role": "user", "content": sample["content"]})
messages.append({"role": "assistant", "content": sample["response"[})
\messages.append ({"role": "user", "content™: "\n'.join(sample["query"])})

Figure 12. The prompt for generating implicit instruction templates.



(content": "Items used in the bathroom to aid bathing and maintain hygiene."

"response": "sink, shower curtain, toilet, bathtub."

"'content™: "Furniture that people use to organize their clothes and personal belongings."
"response"; "cabinet, bookshelf, desk."

"content™: "A flat surface often in kitchens, bathrooms, and bars, used for food preparation or holding items."
"response": "counter."

"content": "A waterproof barrier hung to prevent water from splashing out during bathing."
"response": "shower curtain."

"content": "A flat surface on legs generally used for play, or dining and typically has no drawers."
"response"; "table."

"'content™: "Typically placed in rooms to hold belongings, such as hats and quilts, securely and neatly."

"response": "cabinet."

"'content™: "Appliances or furniture used to store food."
"response": "refrigerator, cabinet."

"'content™: "A piece of furniture used for writing or computer work."

"response"; "desk."
&

Figure 13. Examples of implicit instruction templates.

(messages = [{"role": "system", "content": "You are an Al assistant, doing visual language understanding tasks in the
field of 3D scenes. First, a language instruction template is randomly selected from base instruction templates. Given a
specific scene and the attributes of all objects in that scene, including color, class, size, and 3D spatial position, a
subset of objects and their attributes is randomly selected and inserted into the chosen instruction template to generate
a specific scene-instruction pair. To increase the likelihood of implicit instructions, for each class, you select an implicit
instruction template with a probability greater than 50% and incorporate it into the generated scene-instruction pair.

Finally, the generated instruction is polished to ensure it aligns with human language expression.

For example, there is an object in a scene with the following attributes: {color: white, class: sink, size: [0.74, 0.552,
0.269], position: [2.692, 5.291, 0.788]}. You can generate an instruction for this scene: "White fixtures used for
personal hygiene. Find the smallest object among those that meet the requirements."}]

for sample in fewshot_samples:
messages.append({"role": "user", "content": sample["content"]})
messages.append({"role": "assistant", "content": sample[‘response"]})
messages.append ({"role": "user", "content": \n'.join(sample["query"])})
\.

Figure 14. The prompt for generating scene-instruction pairs.



(i . . .
"A single-person seat, not for lying down, and find the second smallest object among those that meet the
requirements."

"A bathroom unit you sit on for excretion. Find the object that is the nearest to the object with color red in bed class."

"A structure with compartments or shelves used to keep items organized, such as clothes, and all objects that meet the
requirements are brown. Find the largest object among those that meet the requirements."”

"A large, cushioned seat for family seating. Identify and segment all objects that meet the requirements."
"A basin with a tap for washing hands or dishes, and all objects that meet the requirements are white."

"Furniture where you often gather for eating or play, typically without drawers, and find the second largest object
among those that meet the requirements."

"A surface supported by legs for dining or play, usually lacking drawers, and all objects that meet the requirements are
white."

"Pick out the object from cabinet class that is the most distant from the white-colored object in bathtub class, and
isolate it."

"A bowl with a seat for bodily waste disposal, and find the largest object among those that meet the requirements."

"A basin with a tap for washing hands or dishes. Isolate the object that is most distant from the white toilet."
\_ J

Figure 15. Examples of scene-instruction pairs.
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