Supplementary Material

Robust Cross-modal Alignment Learning for Cross-Scene Spatial Reasoning and Grounding

In this supplementary material, we provide additional information on the Cross-Scene Spatial
Reasoning and Grounding (CSSRG) datasets, method, and experiments. More specifically, we first
introduce existing 3D Visual Grounding datasets and our proposed CrossScene-RETR dataset, along
with detailed statistics, analysis, and visual illustrations of CrossScene-RETR. We then provide
a discussion and analysis on the feature aggregation and loss function of our RTSA module, and
elaborate on the details and implementation process of our proposed CoRe. Additionally, we explain
how baselines from related tasks are adapted for evaluation in the Cross-Scene Spatial Reasoning
and Grounding (CSSRG) setting and supplement this with a parameter analysis of CoRe to further
validate its effectiveness. Finally, we discuss the limitations and potential impact of our work.

A Supplementary Explanation of the Datasets

In this section, we first provide a supplementary introduction to existing 3D Visual Grounding (3DVG)
datasets. Furthermore, to enhance understanding of our proposed CrossScene-RETR dataset, we add
detailed descriptions of its construction process, along with more comprehensive statistical analyses
and visualizations.

A.1 Introductions to the Adopted Datasets

We provide details about the point-cloud and text datasets used in dataset construction and experiments.
For the point-cloud dataset, ScanNet [1]] is an instance-level 3D dataset comprising thousands of 3D
point-cloud scans and nearly 2.5 million views across over 1,500 indoor room scenes. Additionally,
the text datasets used for descriptions are outlined as follows:

» ScanRefer [2l]: It serves as a large-scale and highly discriminative dataset for 3D visual
grounding and dense captioning, featuring 51,583 object descriptions from thousands of
objects spanning nearly 800 ScanNet scenes. In our experiments, we use 562 scenes for
training and 141 scenes for testing.

* Nr3d/Sr3D [3]: NR3D and SR3D are also built upon ScanNet, with SR3D consisting of
83,572 straightforward machine-generated descriptions and NR3D featuring 41,503 descrip-
tions, closely resembling the human annotations found in ScanRefer. In the experiments, we
use 511 scenes for training and 130 scenes for testing of Nr3D, 1,018 scenes for training
and 255 scenes for testing of Sr3D.

* CrossScene-RETR: This is the dataset we presented for CSSRG, as detailed in Section 4. In
our experiments, we use 571 scenes for training and 125 scenes for testing.

A.2 Details of our Dataset Construction

In Section 4.1, we have provided an overview of the generation process descriptions of our CrossScene-
RETR. In this supplementary material, we further supplement the prompt details of four kinds of
description instance generation.

We employ the API of GPT-40, creating a new session for each data sample. Initially, we input a
prompt template that encompasses a description of the task background, and specific requirements
for cross-scene object reasoning. To generate more diverse and practical descriptions, we introduce
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switch varied linguistic style requirements to produce four different stylistic descriptions, shown as
follows:

* Characteristic-focused descriptions primarily describe the salient characteristics of objects
such as color, shape, material, and the relationship with prominent objects, which could be
used to train/evaluate the ability to capture discriminative information in CSSRG.

 Spatial-information-focused descriptions mainly detail the position of objects and inter-
object relationships, which could be used to train/evaluate the ability to grasp spatial
information.

» Comprehensive descriptions consist of exhaustive and in-depth object descriptions, which
could be used to train/evaluate the overall cross-scene grounding capability.

» Fuzzy descriptions use vague descriptions to simulate the real-world scenario where the
users have unclear memory. The descriptions could be adopted to train/evaluate the practical
CSSRG ability with limited information.

Their corresponding generation prompts are as follows:

Note: Please generate four detailed paragraphs in English, including as much information as possible,
avoiding unnecessary sentences or line breaks. The content should be based on the given description
of an object (ObjectName). The information must be factual and not fabricated. The purpose of each
generated paragraph is that “I” hope others can help me find the (ObjectName). All start with: 1
want to find a (ObjectName). Requirements for each paragraph: (Switchl) First paragraph: Focus
as much as possible on the main characteristics of the object, such as color, shape, material, or any
related features, while also describing the spatial relationship of the object’s position in relation
to its surroundings. (Switch2) Second paragraph: Focus primarily on the spatial relationship and
arrangement of the object within the space. (Switch3) Third paragraph: The description should be
as comprehensive and detailed as possible. (Switch4) Fourth paragraph: Pretend as if my memory
about the placement is somewhat vague, but the information is still accurate. Keep the description
brief. Each paragraph should utilize as much of the given information as possible, and prioritize the
most distinguishing details. Avoid any fabrication or altering the meaning of the information. Given
refer corpus: (Corpus).

Where ObjectName is the actual category name of the object being described, Switch represents
the switchable requirements for generating descriptions in different language styles. Corpus refers
to all the corpus in the existing datasets (i.e., ScanRefer [2[], Nr3D [3]], Sr3D [3], and ScanQA [4]])
corresponding to the object. Afterward, we based the descriptions generated by GPT-40 and divided
them into four corresponding style subsets, completing the Text Generation Phase.

A.3 Supplementary Statistics and Analysis of CrossScene-RETR

First, we present word clouds of the descriptions in CrossScene-RETR subsets with different linguistic
styles, as shown in Figure[I] Additionally, we provide statistical information for the four subsets with
varying linguistic styles Figure [2[and Table|l| and visualize the sample proportions along with the top
10 category distributions across the three subsets Figure [3] which are defined by the challenge levels
outlined in Section 4.1 Scene Analysis Phase. Together with Table I in the main body, we could draw
the following observations:

* Our descriptions are richer and more discriminative, making them suitable for supporting
CSSRG. Specifically, although the corpus is partially drawn from the existing datasets, the
richness of description and vocabulary far exceeds theirs. 81.2% of CrossScene-RETR
descriptions include color, 45.0% contain shape, 38.5% mention material, and 97.5%
provide spatial information. On average, each description covers 11.4 objects, 5.9 object
characteristics, and 6.3 spatial relationships. Moreover, the descriptions we generate contain
significantly more information points than existing texts. This ensures that the descriptions
retain discrimination across all scenes.

* The descriptions of subsets with different linguistic styles emphasize distinct aspects. Specif-
ically, for the Characteristic-focused subset, over 50% of the descriptive terms are related
to characteristics such as color, shape, and material. In the Spatial-information-focused
subset, 68% of the terms are related to spatial information, exceeding other subsets by more
than 10%. Additionally, the average number of spatial description terms per sentence is 9.5,



with over 97.5% of the samples containing such terms, highlighting the strong emphasis
on spatial understanding. Furthermore, the Comprehensive subset contains an average of
133.5 words, 18.7 objects, 10.0 attributive terms (e.g., color, shape), and 9.5 spatial terms,
far surpassing other subsets. The Fuzzy subset contains the fewest information points but
introduces many uncertain descriptions to enhance real-world applicability.

* The category distribution in the regular labeled subset closely aligns with the evaluation set,
facilitating a comprehensive method evaluation. The conspicuous subset contains distinctive
objects, like sinks and toilets, which are easier to identify. The confusing subset includes
common objects, such as chairs, doors, and tables, prevalent in most scenes, requiring more
in-depth analysis.

* The object descriptions we have constructed are not only detailed but also feature a well-
structured and logical division into two kinds of subsets (i.e., different challenge levels of
grounding and varied linguistic styles). This framework holds great potential for future
applications in 3D Visual Grounding, 3D Dense Captioning, and Pointcloud-Text Matching
tasks, offering new avenues for more precise and context-aware interactions with 3D data.

To provide a more intuitive understanding of the descriptions and to explore the diversity within our
proposed dataset, we present illustrative samples of point-cloud scene objects along with four distinct
styles of descriptions at the end of this appendix, as shown in Figures[7]to[9]
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Figure 1: Word clouds of the four subsets with different linguistic styles (i.e., Characteristic-focused,

Spatial-information-focused, Comprehensive, Fuzzy description subsets) in our proposed CrossScene-
RETR dataset.

B Supplementary Explanation of the Method

In this section, we first include computation details of the feature aggregation adopted in our RTSA,
and add a theoretical analysis and a proof showing that the loss £,,, in RTSA is robust to false-negative
pairs. Additionally, to demonstrate reproducibility and enhance understanding of our CoRe, we
provide a detailed explanation of the implementation details and the algorithmic process.
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Figure 2: The distribution of descriptive terms such as color, shape, material, and spatial information
across subsets with different linguistic styles (i.e., Characteristic-focused, Spatial-information-
focused, Comprehensive, Fuzzy description subsets) in our proposed CrossScene-RETR dataset.
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Figure 3: Top 10 category distributions of the CrossScene-RETR test set and its corresponding three
subsets with different challenge levels. Blue represents the category distribution across the entire
dataset, red represents the Conspicuous labeled subset, light blue represents the Regular labeled
subset, and represents the Confusing labeled subset.

Table 1: Statistics comparison between Characteristic-focused (Characteristic), Spatial-information-
focused (Spatial), Comprehensive, Fuzzy description subsets in the proposed CrossScene-RETR
dataset.

‘ Characteristic Spatial Comprehensive Fuzzy
Average length 74.3 63.3 133.5 55.5
Number of samples 9,879 9,879 9,888 9,880
Number of objects per text 9.5 8.9 18.7 8.4
Number of attributes per text 6.8 2.6 10.0 4.4
Number of spatial info. per text 5.7 5.6 9.5 45
Text with spatial info. (%) 97.0 97.5 98.2 97.3
Text with color description (%) 95.3 62.2 97.5 69.7
Text with shape description (%) 61.2 17.4 65.5 359
Text with material description (%) 47.5 159 583 325
Number of info. points per text 20.7 17.1 38.12 17.2

B.1 Details of Feature Aggregation

To facilitate text-scene Cross-Modal Matching (CMM), we first aggregate the fine-grained object and
word features into the scene and text representations. Its implementation details are shown in Figure[d]
Specifically, inspired by [3]], we utilize a learnable affinity matrix to capture the interrelationships
among feature dimensions, modeling their relative contribution. Based on this, we could obtain
interrelation-focused weights for each dimension. In addition, we integrate the interrelationships to
derive the feature-focused weight, which is used to assess the overall importance of features. Taking
the text modality as an example, the two weights are calculated as follows:

Uzt = W;;E,ZZU7 V;t = fv(Uit§9v)a (1

where Z! is the fine-grained features of text with word tokens X7, Uf/Vit € RMi*d s the
interrelation-focused/feature-focused weights of text features, W is the learnable affinity matrix, f,
is the projection function to obtain feature-focused weight, and 6. represent the parameters of f..

Subsequently, the two weights are applied to the fine-grained features, aggregating them into com-
mon representations. To leverage their complementary focus, we adaptively combine them via a
discriminator, formulated as:

z = 01(Z O U)) + 65(2" 0 V), @
where 2! is the final common representation, [0%; 05] = f4([Z* ® U}; Z* ® V!];6,) is two adaptive

weights for aggregation, fy(-,04) : R2(M:xd) _ R? s the discriminator, and ® means hadamard
product. Similarly, we can obtain the scene representation 2.

B.2 Robustness analysis of £,

Analysis: As ¢ approaches 1 from 0, £,,, gradually converges to its lower bound, i.e., MAE loss,
which could prevent overfitting to noisy pairs [6]. We can define the matching risk R(f) under ideal
conditions:

R(f) = Ep (Lo (f(X], X3), 535) + Lo (F(X5, X)), 5i5)) 3)
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Figure 4: Details of the feature aggregation adopted in our RTSA.

where E is the expectation operator, ¥;; is the ideal, correct correspondence label, and f is the
matching function. In the case of asymmetric correspondence, where false-negative pairs occur with
probability 7, we can similarly define risk R"7(f). After CMM, we could obtain global minimizer f*
and f; under the two aforementioned scenarios.

When ¢ =1andn < (M — 1)/M, we can prove that f* is also a global minimizer of Rz (f). In
other words, it is robust to false-negative pairs with a probability of less than (M — 1)/M.
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Figure 5: The change in the £,,, as g increases from O to 1.

In the limit as g approaches 1 from 0, the first partial derivative of £,, is 252 > 0, and the second

Os
2
partial derivative of aaf,;” is negatively correlated with ¢. In other words, as shown in Figure the

lower bound of £,,, occurs when ¢ = 1. When ¢ = 1, as shown below:

K
Lo =Y (1—yi)(55 + 55), @
.3
where
T S S
L _ewllmyn) e s S
Slj - K tT »21] T K sT _t ) (
>k exp(z] z/7) > exp(z] 2 /7)
s—i; / ﬁj is the similarity between the i-th scene/text feature and the j-th text/scene feature, 7 € (0, 1]

is the temperature parameter. Clearly, the lower bound of £,,, aligns with the form of the MAE loss.
According to prior research on noisy label/correspondence learning [6l (7, [8]], the MAE-based loss
function exhibits uniform gradients across data of varying challenge levels, which facilitates its ability
to handle data equally, even in the presence of noisy labels or correspondence issues.

To further illustrate the robustness of this loss, we try to prove it theoretically: When ¢ = 1 and
pn < (n—1)/n, f* is also a global minimizer of R, (f).

m

Proof. Recall that for any f,
R(f) =Ep (Lo (f(X], X5), i) + Lon (X5, X1), 535))

where X! and X ; are actually matched text and scene, i.e., y;; = 1.



Due to the wide variety of specific scenarios in which false-negative noise occurs, we follow the
general theoretical derivation and prove under the condition of symmetric noise. For any f, R"(f) is
written as:

R(f) =Ep, (L (f(X], X7),35) + Lo (F (X5, XT), 935))
M

M—14~
k#j

Note that the sum of matching predict probabilities is 1, so when ¢ = 1, Zi” Lo (f(XEXE), Gik) =
1. In this way, we can derive the above formula as follows:

Rn(f) :ED((l - 77) (Lm(f(th?XJs)vylj) + ﬁm(f(X]saXf)agm))
=CR(f)+ ",

where C' = =1 and C’ are both computable constants. Now, for any f, R"(f*) — R"(f) =
C(Re, (f*)— Rz, (f)) <0, where n < % and f* is a global minimizer of R(f). This proves f*
is also the global minimizer of R"(f). O

B.3 Details of Method Implementation

The method is trained following the 3DVG pipeline, with many implementation details following the
3DVG implementation in VisTA [9]]. All the methods are carried out on GeForce RTX 3090 GPUs.
The algorithm flow of our CoRe is shown in Algorithm [T} More specifically, training adopts 3D
object ground truths, and testing uses the 3D object proposal, which is the same as the VisTA. For the
optimization of our CoRe, we use the AdamW optimizer with a learning rate set to lr = le~*. For
the multimodal feature extractors, we use the pre-trained BERT for the text modality, PointNet++,
and Spatial Transformer for the point-cloud modality. The learning rates for these models are set
to 0.1 x lr. Additionally, the dimensions for both features and representations are set to 768. Our
hyper-parameter settings are shown as follows: A, = 1, A\; = 1, 7 = 0.05, L = 6. For detailed
analysis, please see Appendix

C Supplementary Explanation of the Experiments

In this section, we provide additional implementation details for the different baselines used in the
experiments.

C.1 Transfer details of the Existing Methods

1) Details of CMM Method Transfer: The image region features originally used in the methods are
replaced with point-cloud objects, consistent with the CoRe approach. The text encoder continues to
use the pre-trained BERT [10]. For the coarse-grained CMM method, we cannot solve its inference
regarding the target object. However, for the fine-grained method, the top-1 matching object in the
scene, as identified by the Cross-Attention mechanism, corresponds to the target object described by
the query.

2) Details of 3DVG Method Transfer: We perform grounding for each scene individually, ranking
the prediction scores of all objects. The object with the highest score is the one most relevant to the
description across all scenes according to the 3DVG model.

3) Details of CMM+3DVG Method Implementation: Taking HREM-VisTA as an example, we train
the two models using the original training methods for their original pipelines, respectively. During
the inference stage, we employ a two-stage inference pipeline. Specifically, we first use HREM [[11]]
for scene inference to obtain the scene corresponding to each query text. Then, we associate the
correctly matched scene with the description text, while discarding the incorrect ones. These are then
input into VisTA [9] for grounding. Finally, the grounding accuracy and the top-1 matching accuracy
are jointly calculated to obtain the final CSSRG accuracy.



Algorithm 1 Main optimization process of our CoRe

Input: The training pointcloud-text data D = {7,S5} = {(X}, X3), yij}ﬁ;?M, maximal epoch
number N, and learning rate [r.

1: Load the pre-trained BERT encoder f;(-,0), PointNet++ f,(-,6,), and Spatial Transformer
fs(+, 05). Initialize the classification layer weights W, for object discrimination maintain, affinity
matrix W, projection layer f, (-, 6,), discriminator f4(-,64) for scene-text aligning; attention
projection matrices Wy, Wy, W, Transformer fusion layers fu(:, 6,), Screening Attention fusion
coefficients {y; }1 | for word-object associating.

2: fori=1,2,---, N. do

3:  Obtain the fine-grained features Z;” and Z7 through the modality-specific encoders. Compute
class predictions of the object features using W, and then obtain the object semantic aligning
loss L. based on Equation (2).

4:  Aggregate fine-grained features into text/scene global representations based on Equation (3)
and Equation (4). Calculate aligning loss £,,, in Equation (5) with adaptive ¢ for robust scene
matching.

5:  After obtaining top 1 retrieved scenes, faciliting word-object association based on Equation
(8) and Equation (9). Then, calculate grounding loss £,,, based on Equation (10).

6:  Obtaining the overall loss £ based on Equation (1).

7. Update the learnable parameters and weights 6y, 8,,, 05, 0., 04, 6, W, Wy, W, Wi, W, and
{u;}E_ | by minimizing the loss £ with descending their stochastic gradient:
ab:0570.1-17«(%),apzapfo.ur.(%),93 =0, —0.1-1r- (55)

O =0, — 11 (3£). 00 = 00— Ir - (2£). 00 = 0, — I - (552)
We=We =l - (HE). Wy = Wy — I+ (5-), Wy = W, — Ir - (52)
Wi = Wi —Ir - (gg). Wo = Wo — I () {pidiey = i — Ir - (532)
8: end for
Output: Optimized learnable parameters and weights for two modalities.

C.2 Parameter Analysis

Table 2: CSSRG performance on CrossScene-RETR obtained for different values of A, and Ay, in
terms of Acc@0.25 and Acc@0.5. The Bold represents the optimal performance.
A ‘ 1 5 10 20 1 1 1

Ag 1 1 1 1 5 10 20
Acc@0.25 ‘ 22.99 21.74 21.34 19.56 22.65 21.20 20.52

Acc@0.5 21.26 20.14 19.84 18.09 21.13 19.75 19.34

To investigate the sensitivity of our CoRe to the adopted hyper-parameters, we plot the CSSRG
performance in terms of Acc@0.25 and Acc@0.5 against varied hyper-parameters (i.e., A, Ag, T,
L) on the CrossScene-RETR dataset, as shown in Figure [6| and Table[2] The experimental results
demonstrate the insensitivity of the hyper-parameters we set, with optimal settings being effective
within a large and reasonable range. Notably, for the trade-off parameter lambda, larger values
of A\, are more likely to achieve superior performance. On the other hand, when A, is set too
large, the final CSSRG performance deteriorates. We analyze that this is due to fine-grained feature
interactions being more challenging to fit compared to coarse-grained representation alignment.
Excessive focus on the latter may lead to underfitting of the former, causing an imbalance. Moreover,
when 7 = (.05, our RTSA achieves the optimal text-scene alignment, thereby enhancing scene
matching and improving object reasoning performance. When L = 6, TWOA constructs the most
suitable dynamic sparse attention, leading to comprehensive filtering of redundant information.

D Limitations and Potential Impact Statement

Although our work has taken the initial step forward in CSSRG, there are some limitations that should
be acknowledged. The performance of the methods on CSSRG task is relatively low. Since the 3D
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Figure 6: CSSRG Performance of CoRe in terms of the Acc@0.25 and Acc@0.5 versus different
values of 7 and L on CrossScene-RETR.

vision develops rapidly, it remains uncertain whether our CoRe can maintain robustness in future
unknown point-cloud data. We will undertake further in-depth research.

Our work does not pose any potential impact concerns, as it utilizes the publicly available and widely
adopted 3D scene dataset ScanNet [1]. Additionally, all textual data used in our research are collected
and generated in accordance with established data collection and content creation standards.
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despite its minimalist appearance. relative to surrounding items, which should help

narrow down where I might find it. On the right side ;
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Challenge-level: confusing
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design and sits next to two other chairs, | can't
recall the exact layout surrounding it I think it's
positioned such that it complements the furniture
around it especially the table, making it feel
inviting for anyone who sits there.
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I'm trying to find a chair that I think is brown;
it might be near a black table, I'm not

entirely sure. It possibly has other chairs
around it, and | vaguely remember it facing a
certain direction. The details are a bit unclear,

but it should be somewhere in the right side
of the room.

g} unique appearance among other
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I hope to find a specific white bed on
which I can clearly see a brown
headboard. The bed is located in the
commer of the room, positioned right
next to a brown drawer. In the center
of the bed, there is a free weight with
identical disks at each end, giving it a

furniture in the room.

(" Spatial-information-focused \
description:

I'm looking for the bed that is nestled
in the corner, bordered by dark brown
curtains that hang behind it. This
small corner bed is strategically
placed such that it aligns closely with
a dresser at the foot, creating a

compact and functional setting.

r. .
‘The bed | seek has a clean white color and a sturdy
brown headboard. Its in a cozy room, where the
curtains provide a warm ambiance. | remember it being
in front of the curtains, offering a nice view while
integrating smoothly with the surrounding furniture,
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behind the trash can. To the right of the curtain is a bed.
“The chair has four legs. On the left side of the table is
the radiator. The dresser and closet are both white in
color. In the middle of the bed, there is a free weight.
“The curtains behind the bed are dark brown.
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1 believe the bed is somewhat in the corner, perhaps
close to some clothes. | remember something about the
curtains being dark or brown, but 'm not entirely sure.
There’s definitely a dresser near it, and I want to say
the bed might be in the middle of everything

Challenge-level: conspicuous
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1 would like you to help me find a specific door | | ym hoping my description helps you find this
that is light brown in color and has a rectangular| | tight brown door, which is a rectangular shape,
shape. This brown door i situated in the
northwest-most part of the room, specifically at| | give you additional context, it nestled there with
the far-right corner. It has swung open against | | a chair adjacent o it, and there's a wall board that
the wall, allowing for easy access, and I should | | could serve as a landmark as well. The way it's
mention that there is a chair positioned to the | | positioned really catches your eye if you happen

located in the far right corner of the room. To

\Jeft of it, which enhances its visibility. /) \tobe in the corner. J
Spatial-information-focused description: ) /~ N
The door I'm looking for is located in the back Fuzzy description:
right comer of the room. I’s important o note 1 think the door I'm referring to is somewhat
that this door is not just any door; it is the only light brown, located in a corner, but I'm not
one i that particular corner, resting between a completely sure if there was a chair next to
chair and a board that is mounted on the wall to it or a board nearby. It feels like it's at the
the left. The layout in this area makes it quite back right area of the room, but | can't
distinct, and it stands out in its spot when you exactly recall all the details.
enter the room. G J

Figure 7: Some samples in our CrossScene-RETR dataset. Each sample displays a point cloud
scan with two corresponding target objects, which is associated with four different linguistic style

descriptions.



Challenge-level: regular S Challenge-level: regular
. N Comprehensive description: c ] [ :
f:;’:j";z:r"sg“:nt":‘;m I":Is:c’l:ps":':" e || TS black couch i net 0. talshelf and hes  fan i fronc + 4 \am looking for a monitor that is off- “This monitor i part of asetup featuring multiple devices,

g ofit. Itis located against a wall, and in the same area, there | IR G, (e ] including two computer monitors, a keyboard, and various other
is situated against the wall in the room. is agray bookcase placed to the left of the front door. | I3 B N . items on the desk's surface. Specifically, the arrangement places
It s positioned right next to a tall shelf, || remember it being a cozy spotin the room, with the fan by its smaller size compared to other the off-white and black monitar in close proximity to the all-
and there is a floor model fan in front providing a e breeze while siting there. A black office | 1| monitors i the vicinity. This monitor is | | white monitor, while being the one closes to the window, which
ofit. The couch is located directly in chair is located i front of the desks, while another black N situated on a desk close to a white significantly enhances the lighting and view during use. AS |
front of a gray bookcase, which is chair is positioned in front of the windows on the wall. P keyboard and another similar-sized all- | | recall, this monitor sits not only near the entrance but also has a

laced in a cormer to the left of the door || /TETe & four monitors in the room, with ore of them 19 ‘white monitor. clean and organized workspace around it, making it a focal point
placex o el situated on a light brown desk, closest to a whiteboard. The e amidst the clutter. Next to the computer desk is a short cabinet.
when you are facing it from the inside. monitor closest to the door is on a desk in front of a 7 -~ ‘The office chair on wheels is black. The ottoman is located on the
keyboard, and the monitor on the shorter curved table Spatial-information-focused right side of the black couch. There is a grey-colored throw
= = closest has a black screen. A rectangular 2 o pillow. In front of the couch, beside the shelf, there is a fan.
Spatial-information-focused brown file cabinet i sitting under one of the desks. 4 pion: . .
description: Ihm‘d assllsfanced locating mehmcr!ugr RS
The couch I need to find is on the right % Y- that s positioned nearest to the window | irely sur i tor 1
e Fuzzy description: o 3 4 1 onthe smaller of the two desks. It is S e B L
closely situated 10 a tall filing cabinet. Ithink the couch is black, and it might be near a - 5 placed to the right of another monitor i 9 et ey "
1t s aiko adjacent 0.2 shelf, and there || Shelf 'm not exacty sure. | have a vague memory = and i closely positioned beside awhite || Y21 90 ”':"'“?’"DT' ";:l"l‘? P“E“'"h"“ o ‘uf
is a fan positioned directly in front of it. || Of it being against a wall, maybe close to a fan or a keyboard. When facing the desk, the e T S S e
o e e e cabinet. The exact location is a bit fuzzy, but it felt monitor that | am trying to find is i Exah“, °°T on. m{d e near :"l‘: ite E”“S?’ o
y familiar. strategically placed on the far right side. || SCMething else that blends in with the surroundings.
see the gray bookease in the corner.

Challenge-level: conspicuous Challenge-level: confusing

5 o

1 want you to help me find a brown
wooden table that is set against a wall.
This rectangular table is located to the
right of a bed and has two chairs tucked
neatly under it. Above the table, there is
white lamp providing light, and it is
positioned such that it is in the center
between the bed and a nearby shelf.

1 hope you can help me find a white
dresser that is rectangular in shape. It
stands to the left of the door and is wide,
positioned near a red armchair in front
of it. This dresser is not located at the
foot of the bed, but it is instead closer to
the entrance, making it a prominent

ippiece within the room’s layout.

Spatial-information-focused
description:

1am looking for a horizontal white
dresser that you can spot easily when
you enter the room. It's placed to the
Teft of the door, with a table on its right
1f you visualize the space, you'll see
this dresser near the bed, but its
distance from the bed makes it less
obstructive.

@
“The white dresser | want to locate s in the middle of the space,
effectively creating a central point between ey furniture pieces,
incluging a table and a shelf. It positioned so that s not
directly near any windows, and you can find it close to a lamp
‘and further from the nightstand. The dresser's placement is
crucial, as it enhances the rooms functionality while maintaining
avisually appealing arrangement. A chair sits in front of the
‘same table, specifically a white folding metal chair. On the right
side of the room, there is a bed with a pillow on top, and next to
itis a brown table. In the lower right corner of the room, there is
‘adoor, while a brown armchair is positioned to the left of the
white door in the corner. Finally, a white pillow is found to the
right of the curtain in the right corner.

[ description:
1 need assistance in locating a specific table that has
significant features: it's a brown rectangle with a smooth
‘wooden finish, situated next to the bed on it right side. The
table is complemented by a white lamp on top, which stands
out against the brown surface. Additionally, it is important to
ot the surrounding furnture, like the shelf in the corner of
the room. On the left ide of the window, there is one of the
two curtains. The white mattress bed is positioned between the
‘window and the desk, with a white curtain located on its left
side. Right next to a white small cabinet s a black dresser. In
front of the closet door, there is one armchair facing the
opposite way. The mattress bed is white, and the window is
adorned with two curtains.

description:
The table can be found positioned
between the bed and the kitchen sink,
and it faces the front of the bed. The two
office chairs are situated on the south
side of the table, ensuring comfortable
access to the workspace. The
arrangement not only serves functional
purposes but also helps define the flow
of the room.

Fuzzy description:
1 remember that there is a table that might be near a
bed or perhaps close to another wall. It has  lamp on
it, | think, and it might have some chairs around it,
but I can't quite recall the exact details. It could be
between some other furniture, like a shelf and maybe
a kitchen sink, but I'm not exactly sure.

Fuzzy description:
Im trying to remember a dresser that might be near a
door or a table, but Im not exactly sure of its exact
position. | think it was a white dresser, possibly close
to some other furniture, maybe even an armchair. 'm
ot certain if it was far from the bed or the window, but
1 believe it was somewhere between those elements

Figure 8: Other samples in our CrossScene-RETR dataset. Each sample displays a point cloud
scan with two corresponding target objects, which is associated with four different linguistic style
descriptions.

Challenge-level: regular

Challenge-level: confusing

[ T B
1 am searching for a brown wooden desk
that is characterized by its orange-brown
rectangular prism shape. This desk s
Tocated in the bedroom, specifically
against the wall adjacent to the door, and|
itis covered in various personal items
This desk sits between two beds and has
a chair that is partially pulled into it..

ic-fi

c d description:
1:am trying to locate a rectangular
cushion that is primarily white and gray
in color. This cushion s positioned on
the floor, specifically at the oot of the
bed, and is adjacent to the open closet
door. It is important to note that the
cushion is placed amid a pile of items
on the floor

In addition to its color and material, the desks notable position
between the two beds makes it a key feature in the bedroom
layout. Furthermore, it is covered with an assortment of personal
items, which could include books and bottles. The presence of a
chair in front of it often covered with clothing, adds to the
rooms lived-in feel, illustrating a space that is frequently used
rather than just decorative. Next to the bed on the lft side, there
is a nightstand, and on the right side of the bed, there s a brown
nightstand. Between the bed and the trash can, there s a blue
plastic recycling bin on the floor. Close to the nightstand, there is
amini fridge, and next to it there is a blue trash can. On top of
the bed, there i a white pillow, and between the desk.

Interms of further details, the cushion has a dirty white hue
that contributes to its overall rectangular shape. It is
essential to consider the cushion's placement on the floor, as
it might blend in with other items nearby, given its
positioning at the foot of the bed and next to the open closet
door. The cushion’s location is influenced by the furniture,
‘which adds context to where it can be located in the room.
“The closest furniture on the left to the bed is a desk. There is
ablue plastic recycling bin to the right of the wooden desk.
On the left side of the mini fridge, there is a blue trash can
“The chair covered in clothing is placed in front of a desk
without a fan on it. The desk chair has a blue cushion. In
front of the desk, there is a brown and green char.

‘Spatial-information-focused
description:

The desk | want to find is positioned
along the same wall as the bedroom door,
‘making it quite accessible. It is placed in
such a way that it is situated to the left
of the door and directly opposite the
beds. This arrangement creates a cozy
nook that is both practical and usable,
with a blue trash can positioned nearby.

Spatial-information-focused
description:

“The cushion i situated in a strategic
Tocation between the desk and the bed,
creating a sort of corridor between the
two pieces of furniture. It can also be
found beyond the chair and prior to
reaching the closet. This spatial layout
might help in visualizing the specific

area where the cushion can be found.

Fuzzy description:
1 think the desk is near the door and perhaps between
the beds, but I'm not entirely sure. It could be
covered in various items, and there was lso a chair
nearby, possibly obscured by some clothes. I'm
uncertain about the exact arrangement, but it stands
close to the nightstand or laundry hamper.

Fuzzy description:
In terms of further details, the cushion has a dirty
white hue that contributes 1o its overall rectangular
shape. It is essential to consider the cushion's
placement on the floor, as it might blend in with
other items nearby, especially given its positioning
the foot of the bed and next to the open closet door.

Challenge-level: confusing Challeng

Characteristic-focused description:
1am trying to locate a black rectangular
monitor that is situated directly on the
desk opposite the setup with two monitors.
This monitor is positioned next to a white
shelf or cabinet and is the first white
monitor from the left, facing the camera. It
is very important to note that this monitor
sits on a desk that also has a black, non-
rolling chair right beside it

e-level: confusing
= - e

I want to provide a comprehensive description of a specific gray
square picture | am trying to remember. It is situated on the wall,
near the door, among eight other pictures that are left of a blue
trash can. This picture, being square and gray, is part of a
collection of artwork hanging there, but the details of the exact
context around it might be getting a bit hazy for me. The door to
the left of the main entrance is also brown. In front of the couch,
there s a bag placed on the left cushion. A rectangular whiteboard
is found on the right side of the room, with a black and white

square pi bottom right. A dark red chair is
positioned near a brown table, while a gray trash can s placed on
the right side of the right door, with a black trash bag inside.

c ;
1am looking for a picture that is square
and gray in color. Itis located on the
wall, specifically positioned as the
bottom right-most picture, adjacent to
the door. The wall features several other
pictures, but this particular one stands
out due to its unique position and color.

Comprehensive description:
I remember that the monitor is part of a workspace
armangement where there are two black chairs flanking it,
and itis specifically facing towards the couches while
being on the desk. There’s a whiteboard on the righ side
of this room, offering a clear view of the study desks, and
the layout s very functional with attention o the
positioning of each element. The black chair farther from
the doors a the desk closest to the doors. An brown table
is located in the left comer of the room. The couch is
against the wall on the coffee table. To the ight of the
blue and grey bin, there is a brown door. The door closest
0 the blue waste paper basket has a gray square picture
next to it. On the same wall, the door on the right

Spatial-information-focused
description:

“The monitor I need s located on the
rightmost table in the center, adjacent
to awhite cube office storage organizer.
Itis aligned with another monitor on its
Teft, and both monitors are oriented
towards the sofas in the room. The
black chair i directly facing this

aclear line of sight.

Spatial-information-focused
description:
My aim is to locate a picture that
occupies the southeastern-most spot on
| the wall, right next to the door. It is
important to note that it is the only
| picture in that bottom right. The overall
arrangement of the pictures is such that
this gray square is easily identifiable.

Fuzzy descrip
I vaguely remember the picture I'm looking for is
‘gray and square, but I'm not entirely sure of its exact
placement now. | think it could be near the door or in
asort of corner, but the positions of those pictures
blur together in my mind. [ know it’s in that arca
with several others, likely around the bottom row.

Fuzzy description:
1 think the monitor | am looking for is on a desk
near a partition, possibly with another monitor
nearby. It may be facing some chairs, and |
remenmber it being close to a computer tower, but
1 can't quite recall the exact details.

Figure 9: Other instances in our CrossScene-RETR dataset. Each sample displays a point cloud
scan with two corresponding target objects, which is associated with four different linguistic style
descriptions.
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