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Abstract

The two popular datasets ScanRefer [20] and Referlt3D
[5] connect natural language to real-world 3D scenes. In
this paper, we curate a complementary dataset extending
both the aforementioned ones. We associate all objects
mentioned in a referential sentence with their underlying
instances inside a 3D scene. In contrast, previous work
did this only for a single object per sentence. Our Scan
Entities in 3D (ScanEnts3D) dataset provides explicit cor-
respondences between 369k objects across 84k referential
sentences, covering 705 real-world scenes. We propose novel
architecture modifications and losses that enable learning
from this new type of data and improve the performance
for both neural listening and language generation. For neu-
ral listening, we improve the SoTA in both the Nr3D and
ScanRefer benchmarks by 4.3% and 5.0%, respectively. For
language generation, we improve the SoTA by 13.2 CIDEr
points on the Nr3D benchmark. For both of these tasks, the
new type of data is only used to improve training, but no
additional annotations are required at inference time. Our
introduced dataset is available on the project’s webpage at
https://scanents3d.github.io/.

1. Introduction

Connecting natural language to real-world 3D scenes
enables us to tackle fundamental problems such as language-
assisted object localization and fine-grained object identifi-
cation [5,20], object captioning [19], scene-based Q/A [9],
and language-based semantic segmentation [50].

To improve upon these types of problems, we extend two
recent datasets ScanRefer and Nr3D with a new type of an-
notation. These two datasets collected referential sentences
for real-world 3D scenes. A referential sentence describes
a single (“target”) object in a 3D scene. The grounding an-
notations in these two datasets consist of labeling the target
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Figure 1. Typical annotation examples from ScanEnts3D. Our
annotations link each noun phrase in a given referential sentence
to one or more corresponding objects in a 3D ScanNet scene. The
target object and its corresponding noun phrase are shown in green.
The anchor objects and their corresponding noun phrases are shown
in different colors. The couches on the top left and the trash cans on
the bottom right are examples where one noun phrase corresponds
to multiple objects in the scene.

object in the scene and associating it with the referential
sentence. Such a referential sentence needs to discriminate
the target object from the remaining objects in the 3D scene.
This can be done by emphasizing properties of the target ob-
ject such as color, material, or geometry (e.g., the tall chair).
However, we can observe that most referential sentences con-
tain information about other objects and object relationships
in order to describe the target object (e.g., the tall chair —
the tall chair between the table and the fireplace). We call
these other objects (“anchor objects™).

In our work, we set out to utilize anchor objects in two
ways. First, we propose a new dataset ScanEnts3D. We
curate grounding annotations for all 3D objects in each ref-
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#Annotated Anchor Instance  Phrase-to-Object ~ #Scan  Avg. # of Objects
#Utterances . . .. .
Objects Annotations Correspondences  Entities per Scan Entity
Nr3D [5] 38K 38K X X - -
ScanRefer [20] 46K 46K X X - -
ScanEnts3D
Nr3D-ScanEnts 38K 126K v v 96k 1.32
ScanRefer-ScanEnts 46K 243K v v 182k 1.33

Table 1. Comparison between the Nr3D and ScanRefer datasets and their corresponding extensions in ScanEnts3D. Our proposed
dataset contains more annotated objects and provides annotations for the anchor objects mentioned in the referential utterances. Specifically,
ScanEnts3D provides explicit phrase-to-object correspondences for all mentioned objects. ScanRefer has more verbose utterances compared
to the more parsimonious Nr3D. This distinction is also reflected in the resulting statistics from ScanEnts3D (last two columns).

erential sentence for both Nr3D and ScanRefer. Previously,
grounding annotations were only available by linking a sin-
gle target object to a complete referential sentence. In con-
trast, we provide grounding annotations by linking target
and anchor objects to noun phrases within the referential
sentence. We call this new type of data a scan entity. A
scan entity consists of phrases (e.g., tables, trash cans) along
with the 3D objects of the scene that correspond to them
(see Figure 1). Second, we show how this new type of
data can benefit language-based 3D scene understanding in
two tasks: discriminative language comprehension (‘neu-
ral listening’) and generative language production (‘neural
speaking’). It is important to note that it is not possible to
directly utilize our new annotations in existing architectures.
We, therefore, propose several architecture modifications
and training losses to recent frameworks so we can make use
of anchor objects. These modifications will make use of the
additional information only during training to facilitate the
incorporation of auxiliary losses, but no additional data is
used during inference time. The goal of our modifications is
to predict the anchor objects in addition to the target object.
This idea is based on our hypothesis that 3D visio-linguistic
architectures can and should model pairwise or higher-order
object-to-object relations in order to become more robust
learners. Our modifications are i) effective, as they result
in significantly improved accuracy for both tasks in well-
established benchmarks; ii) robust, as they have a positive
performance effect across many distinct architectures, and
iii) their learning effect is intuitive and interpetable — we
show that the primary cause of the quantitative gains we at-
tain is learning more and/or better object-to-object relations
expressed in the referential language. To summarize, our
main contributions are the following:

* We introduce a large-scale dataset extending both Nr3D
and ScanRefer by grounding all objects in a referen-
tial sentence. Our ScanEnts3D dataset (Scan Entities
in 3D) includes 369,039 language-to-object correspon-
dences, more than three times the number from the
original works.

* We propose novel training losses and architecture mod-
ifications to exploit the new annotations. We improve
the performance of several 3D neural listening archi-
tectures, including improving the SoTA in Nr3D and
ScanRefer by 4.3%, and 5.0% respectively. We im-
prove neural speaking architectures, as measured with
standard captioning metrics (e.g., BLEU, METEOR,
ROUGE, and CIDEr). For instance, we improve the
SoTA for neural speaking with Nr3D, per CIDEr, by
+13.2. Importantly, we note that we do not train our
networks with more referential sentences or use Sca-
nEnts3D’s annotations during inference. Instead, we
rely on additional grounding information during train-
ing only.

We acknowledge two strong concurrent works that share a
similar idea [51,72]. As an advantage of our realization, we:
1) have professional instead of crowd-sourced annotations,
2) are the only ones to tackle neural speaking, 3) tackle both
ReferIt3D and ScanRefer setups in neural listening, 4) have
the best overall results across widely adopted evaluation
metrics, 5) propose and explore zero-shot transfer learning
for neural listeners operating in novel 3D scenes [35].

2. Related Work and Background

Modern visio-linguistic tasks for objects in 3D scenes.
Increasingly more tasks involving a joint understanding
of computer vision and language processing are been
studied thanks to the introduction of modern 3D-oriented
datasets [8, 14,22,25,32,39,48,52,53,62] equipped with lin-
guistic annotations [6,7,18,30,54]. These include captioning
of 3D objects in synthetically generated contexts [6,28] and
captioning of objects embedded in real-world scenes [19,73],
3D object identification in scenes [5, 20,57, 73], language-
based semantic segmentation [1,2,31,38,50], and 3D ques-
tion answering [9,26,37,41,59,69]. Existing visio-linguistic
datasets involving objects in real-world 3D scenes [5,20]
provide limited annotations focusing only on target ob-
jects, bypassing all other mentioned context-relevant ob-
ject instances. Despite that, such limited annotations
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naturally impede the development of more sophisticated
3D neural listeners, a flourishing line of works is be-
ing currently developed, concentrating on neural listen-
ing [5, 10, 15,29,34,49,61,68,74,75], and neural speak-
ing [12,15,73,76].

3D-based visio-linguistic grounding. Visio-linguistic
grounding aims at associating information expressed in lan-
guage, e.g., noun-entities, to the underlying objects present
in visual stimuli [45]. Such grounding for 2D images has
been extensively studied [36,42,45,65,66,70,71]. On the con-
trary, 3D visual grounding is still in its infancy [4,7, 13]. Re-
cently, ScanRefer [20] and Referit3D [5] proposed datasets
for language-driven neural-based comprehension in 3D, built
on top of assets of ScanNet [22]. Following these establish-
ments, several approaches explored novel designs and new
formulations [3, 12,24,33,49,58, 68] for creating improved
neural listeners that implicitly attempt to model the ground-
ing (visual) context of each reference [29,34,49,68,74,75].
By using the explicit annotations provided in ScanEnts3D,
we take a step in reducing the gap between the richer 2D-
based and less mature 3D-based learning-based comprehen-
sion paradigms. As we show, by developing appropriate
adaptations that take into account ScanEnts3D, we can im-
prove neural listeners and neural speakers across many ar-
chitectural designs, including improving two state-of-the-art
methods, SAT [68] and MVT [34].

3. ScanEnts3D Dataset
3.1. Curating human annotations

Curating all correspondences between each noun phrase
in a referential sentence and their underlying objects within
a 3D scene is generally an error-prone task. First, it requires
the annotators to be familiar with (albeit simple) linguistic
and syntactic rules in the given language to parse the sen-
tence. Second, they must be able to carefully navigate inside
a complicated (and, possibly, poorly reconstructed) scene,
which typically contains multiple objects of the same fine-
grained object class (e.g., multiple kitchen cabinets, as in the
right-most example in Figure 1), so as to select all and only
the correct referenced objects. In order to ensure the cura-
tion of high-quality correspondences with a low error rate
and high coverage, we took several critical steps. First, we
developed a custom web-based UI for 3D scene navigation,
which was interactive, lightweight (i.e., fast), user-friendly,
and which allowed for maintaining an active dialogue with
the annotators. Second, we coordinated with a team of pro-
fessional data labelers to ensure the collection of sufficiently
accurate labels for ScanEnts3D.

While a common approach to large-scale data collection
today is to use crowd-sourcing techniques with platforms
such as Amazon Mechanical Turk (AMT) [21], we note
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Figure 2.  Proposed M2Cap-ScanEnts model adapting
X —Trans2Cap model to operate with our proposed losses. The
model is given a set of 3D objects in a 3D scene and outputs
a caption for the target object (e.g., table in green box). The
X —Trans2Cap model exploits cross-modal knowledge transfer
(3D inputs together with their counterpart 2D images) and adopts
a student-teacher paradigm [17,73]. Boxes in yellow show our
modifications. Here, we use a transfer learning approach by fine-
tuning a pre-trained object encoder trained on the listening task to
promote discriminative object feature representations. Our modular
loss guides the network to predict all object instances mentioned in
the ground truth caption.

that we conducted an AMT-based pilot study to determine
whether such an approach is sufficient, given the aforemen-
tioned complexity and specificity of this task. We found
that the error rate within the collected annotations was sig-
nificantly higher than that in the annotations provided by
the professional labelers (error rates of 16% vs. < 5%, re-
spectively). Rather than attempting to evaluate our approach
using data with such a high percentage of erroneous labels,
we ultimately decided to employ professional annotators,
which significantly improved the attained quality of Sca-
nEnts3D.

Finally, we split the curation process into two phases;
the annotation phase and the verification phase. The veri-
fication phase also involved correcting the mistakes found
so as to provide high-quality annotations. In Figure 1, we
show examples from the ScanEnts3D dataset for Nr3D and
ScanRefer, which demonstrate that our annotations cover
different classes of anchor objects and that our annotations
provide rich contexts for these utterances.
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Figure 3. Demonstration of our proposed listening losses ad-
justed for the MVT model. The losses are applied independently
of each other on top of object-centric and context-aware features.
Crucially, the extended MVT-ScanEnts model can predict all an-
chor objects (shown in purple), same-class distractor objects (red),
and the target (green). The default model only predicts the target.

3.2. Key Characteristics of ScanEnts3D

In this section, we briefly present key characteristics of
the ScanEnts3D dataset. In Table 1, we present the number
of collected annotations for 37,842 examples from the Nr3D
dataset and 46,173 examples from ScanRefer. We observe
that in general ScanRefer annotations provide more entities
per single utterance compared to Nr3D (182,300 vs. 96,032,
respectively), as ScanRefer utterances are typically longer
and more verbose than Nr3D utterances (on average, there
are 20.3 words per utterance in ScanRefer, vs. 11.4 in Nr3D).

We also calculate how frequently an object is used as an
anchor object when it is the only 3D instance of its class
inside a scene (e.g., the window in the lower left example
in Figure 1 ). We find that 24.3% of all anchor objects
are ‘unique’ in Nr3D. However, significantly more anchor
objects are unique in ScanRefer (39.1%). Such anchors
typically represent salient objects [5], and can be particularly
useful for locating the target, esp. when many other objects
are being described in context (explaining the differential
between the two datasets).

Last, by using our collected annotations, we can extract
object-to-object spatial relationships of scan entities (with
~91% verified sampled accuracy), using existing spatial
relation classifiers [43]. Crucially, to attain this accuracy
level, we explicitly apply such a classifier on ground-truth
referred entities found in ScanEnts3D. Out of the 13 spatial
relationship types found, the most frequently used relation
in Nr3D and ScanRefer is the “closest” and the “on top of”,
respectively. For a more detailed analysis of these findings,
we encourage the reader to consult the Supp.

4. Method

In this section, we propose modifications to several ex-
isting state-of-the-art architectures to utilize the additional
annotations provided by ScanEnts3D during training. The
main idea of the modifications is to use the prediction of
anchor objects as an auxiliary task during training. While
the exact implementation of this idea depends on the specific
architecture, it seems intuitive that an additional understand-
ing of anchor objects will lead to better models. We explore
two tasks: neural listening and neural speaking and multiple
architectures per task. Our main goal is to demonstrate the
inherent value of the curated annotations. All proposed mod-
ifications are simple to implement and lead to substantial
improvements. We, therefore, conjecture that similar mod-
ifications are (or will be) possible to existing (and future)
architectures making use of ScanEnts3D. We also encourage
the reader to consult the supplementary material for more
details regarding our modifications and their effect.

For neural listeners, we propose three new loss functions.
We try these losses on two recent listening architectures,
SAT [68] and MVT [34]. In addition, we also propose mod-
ifications to 3DJCG [12] described in the supplementary.
For neural speakers, we propose corresponding modifica-
tions and appropriate losses for the Show, Attend, and Tell
model [63] and X —Trans2Cap model [73].

4.1. 3D Grounded Language Comprehension

The goal of a neural listener is to identify the target object
in a 3D scene described in a referential sentence. Follow-
ing [5], the input to our neural listener is a set of M 3D
object proposals present in a 3D scene, where each proposal
is represented as a 3D point cloud, and an input utterance
describing the target object, represented as a sequence of [V
tokens. Most recent neural listeners are transformer-based
models [34,68,75], each of which applies bi-modal attention
between the features of the 3D objects and the features of the
words of the input utterance. Assuming this generic setup,
we now detail our three proposed loss functions.

4.1.1 Anchor Prediction Loss

The anchor prediction loss £,,,. guides the neural listener to
predict the anchor objects (non-target objects that are men-
tioned in an input utterance). In order to identify the target
object, one must typically also identify the mentioned anchor
objects. The anchor prediction loss can be applied to any
output token of an attention or self-attention layer. We ob-
tain a suitable set of tokens (feature vectors) for the M input
3D object proposals denoted as Fo = {fo, fi,..., fam} as
follows. For the MVT model [34], F is obtained from a
sequence of transformer decoder layers followed by aggrega-
tion over multiple views as shown in Figure 3. For the SAT
model [68], F is obtained from a sequence of multi-modal
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attention layers. We derive X, = ¢(Fp) with an auxil-
iary classification head using an MLP to encode ¢(.). The
MLP consists of two fully connected layers, where X,
represents a vector capturing the listener’s confidence of
each object being an anchor object (of shape M x 1 express-
ing the logits). We apply a binary cross entropy loss as in
Equation (1), where Y, is the ground truth vector of shape
M x 1.

Eanc == BCE(Xancayanc) (1)

4.1.2 Cross-Attention Map Loss

The Cross-Attention Map loss encourages the network to
attain high relevance values between the objects and the
words corresponding to the same underlying scan entity. This
loss operates on cross-attention maps A (before applying the
softmax operation) between the features of the input scene
3D objects and the word tokens of the input utterance, where
A is of shape M x N. The target matrix Yy, is a binary
matrix of shape M x N, where a cell (y; ;) has a value of 1
if the ith object and the jth word correspond to one another.
For each row R; of shape 1 x N and the corresponding
row Y in the target matrix, the cross-attention map loss

attn
(Lattn) 1s measured as:

M
1 i
Latin = 57 21 BCE(R;, Vi) 2)

4.1.3 Same-Class Distractor Prediction Loss

This loss guides the neural listener to predict the same-class
distractor objects (Lgjs). It does not directly leverage Sca-
nEnts3D but as we show it offers beneficial synergies with
the above losses as it helps to better disentangle the target
from distracting objects with the same (fine-grained) ob-
ject class. Such same-class distractors are objects from the
same class as the target co-existing in the scene. As with
the anchor objects, we treat the same-class distractor predic-
tion problem as a multi-label classification problem. Thus,
we use an approach similar to Section 4.1.1. Specifically,
we obtain the logits for predicting the same-class distractor
Xais = ¥(Fo) of shape M x 1 with an MLP «(.). This
loss is also binary cross entropy-based, like in Equation (3),
where Yy is a multi-hot target vector of shape M x 1. Note
that a same-class distractor object may not be mentioned in
the given input utterance.

Lais = BCE(X4is, Yais) 3)

4.1.4 Training Objective Function

The proposed losses can serve as auxiliary add-ons to the
original loss term (L.,e) of existing neural listeners, such

as the MVT and SAT models. We train these models in an
end-to-end fashion as:

L= Eorg+£aUX7 where £aux = aﬁanc+ﬁ£attn+’7£dis
4)

Where a, 3, and -y are scalar values controlling the rele-
vant importance of each term. In our experiments, we use

a=p=30andy=0.5.
4.2. Grounded Language Production in 3D

We describe our modifications to existing architectures for
neural speaking. We call our versions of these architectures
SATCap-ScanEnts and M2Cap-ScanEnts.

4.2.1 SATCap-ScanEnts

The “Show, Attend, and Tell” model is an encoder-decoder
network originally designed for 2D-based image captioning.
To make it amenable to purely 3D inputs, we replace the
image encoder with the encoder network found in the MVT
model [34], which is a point cloud PointNet++ encoder to-
gether with 3D object self-attention layers. Crucially, to im-
prove the generalization of this speaker, we use a pretrained
MVT-based encoder solving the neural-listening task and
then fine-tune it for the speaking task. For the decoder net-
work, we use a unidirectional LSTM cell [27]. The encoder
part is given the ground-truth objects as input in a similar
manner to [73]. The speaker model is trained via teacher-
forcing [60]. Importantly, we also apply our proposed entity
prediction loss during the decoding steps. At each decoding
step, if the current word to be predicted corresponds to a
scan entity, our loss pushes the object corresponding to the
underlying scan entity to be the highest scoring among all
objects present in the input scene.

4.2.2 M2Cap-ScanEnts

We employ a similar approach on the X —Trans2Cap
model [73], referred to as M2Cap-ScanEnts detailed in
Figure 2. We introduce the following two changes to the
X —Trans2Cap architecture. First, we use a pre-trained Point-
Net++ encoder followed by the pre-trained 3D object self-
attention layers in the MVT [34] network. Second, we add a
new cross-attention layer after the captioning layer found in
the student network. The layer applies a cross-attention op-
eration between the features of the 3D objects X, of shape
M x d and the features of the predicted tokens N X d, where
d is the latent feature dimension, to obtain new enhanced
features X of shape M x d. Finally, the logit vector is ob-
tained with an MLP 6(.), representing a confidence value for
each object as to whether it is mentioned in the target caption.
A binary cross-entropy 10ss Liyen = BCE(0(X7}), Yinen)
is employed, in which the target vector Y,y is @ multi-hot
vector (¢ ., is 1 if the ith object is mentioned in the target
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Arch. Overall Easy Hard View-dep. View-indep.
ReferIt3DNet [5] 35.6%+0.7%  43.6%+0.8%  27.9%+0.7%  32.5%=+0.7% 37.1%+0.8%
3DVG-Transformer [ 40.8%+0.2%  48.5%+0.2%  34.8%+04%  34.8%=+0.7% 43.7%=+0.5%
TransRefer3D [29] 421%+02%  48.5%+02%  36.0%+0.4%  36.5%+0.6% 44.9%+0.3%
LanguageRefer [49] 43.9% 51.0% 36.6% 41.7% 45.0%
SAT [68] 49.2%+0.3%  56.3%+0.5%  42.4%+0.4%  46.9%+0.3% 50.4%+0.3%
PhraseRefer [72] 54.4% 62.1% 47.0% 51.2% 56.0%
MVT [34] 55.1%+0.3%  61.3%+04%  49.1%+0.4%  54.3%=+0.5% 55.4%+0.3%
SAT-ScanEnts (ours) 52.5%+02%  59.8%+02%  45.6%+03%  51.3%+0.5% 53.2%=+0.1%

59.3%+01% 654%+03% 53.5%+02% 57.3%+0.3% 60.4% +0.2%

MVT-ScanEnts (ours)

Table 2. Listening performance on Nr3D dataset across key categories of ReferIt3D. The neural listeners trained with the Nr3D-ScanEnts
dataset and our proposed losses noticeably improve the performance of the corresponding original architectures (relative boost in green

numbers) while also establishing a new SoTA.

caption). We do not train a speaker and a listener jointly,
which is the key contribution of D3Net [16]. Instead, our
focus is on the introduction and utilization of dense annota-
tions.

Lattn  Lanc  Lais Overall  Easy Hard  View-dep. View-indep.
551%  613%  49.1% 54.3% 55.4%
v 56.6%  63.0%  50.5% 55.4% 57.2%
v 56.9%  63.5%  50.6% 55.3% 57.8%
v v 57.4%  643%  50.8% 55.6% 58.3%
v v 579%  63.7% 52.3% 56.0% 58.9%
v 581% 63.8% 52.6% 56.7% 58.8%
v v 58.7%  64.6%  53.1% 57.5% 59.3%
v v v 593% 654% 53.5% 57.3% 60.4%

Table 3. Ablation study of loss functions. We ablate different
combinations of our proposed auxiliary losses on the MVT neural
listener, trained on Nr3D using ScanEnts3D.

5. Experiments
5.1. Experimental Setup

Datasets and splits. We use the Nr3D [5] and ScanRe-
fer [20] datasets with their original annotations as well as
our additional annotations in ScanEnts3D dataset. We use
the official ScanNet [22] training and validation splits.

Unique Multiple Overall
Acc. Acc. Acc.
@025 @05 @025 @05 @025 @05
3DICG[12] 7875  61.30 40.13 30.08 47.62 36.14

3DJCG-ScanEnts (ours) 7949  60.74 41.51 31.34 48.88 37.04

Table 4. Effect of ScanEnts3D for object detector-based listen-
ers. This ablation shows the effectiveness of using ScanEnts3D on
a different listener design (ScanRefer setup). The attained perfor-
mance boost further suggests the usefulness and generality of the
ScanEnts3D-induced loss functions.

Metrics. For the neural listening experiments, we re-
port the attained referential accuracy across the same data
categories used by Referlt3D. For the neural speaking ex-
periments we evaluate the output text generations against
the ground-truth annotations, based on the metrics of BLEU-
4 [44], ROUGE [40], METEOR [11], and CIDEr [55].

5.2. Neural Listening

We demonstrate the effectiveness of the proposed Sca-
nEnts3D by comparing state-of-the-art models trained with
and without the additional annotations. For all experiments,
we note that our dataset only leads to modifications at train-
ing time. At inference time, our trained models and their
respective baseline models use the same input data.

Neural listeners trained with ScanEnts3D achieve
state-of-the-art performance. As shown in Table 2 and
Table 6, our MVT-ScanEnts neural listener, which is trained
with our proposed dataset (Nr3D-ScanEnts) and our auxiliary
losses, achieves state-of-the-art results, outperforming the
current SOTA models. MVT-ScanEnts outperforms the origi-
nal MVT [34] on both the Nr3D (+4.3%) and the ScanRefer
(+5.0%) datasets, while the SAT-ScanEnts model similarly
outperforms the original SAT [68] model on both the Nr3D
(+3.3%) and ScanRefer (+2.4%) datasets.

Further analysis. Furthermore, we observe consider-
able improvements in each context for Nr3D, particularly
in the view-independent and hard contexts (5.0% and 4.4%
as in Table 2, respectively). In addition, we report the F}
score [40], which measures the overall accuracy of a test tak-
ing into account its precision and recall, of the anchor object
classification in the MVT-ScanEnts model. The F} score
of 0.64 (out of a possible maximum of 1) suggests that the
full potential value of our proposed dataset ScanEnts3D may
still be attained with the development of more sophisticated
losses, a promising area for future work.

Finally, in Figure 5, we present qualitative examples
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of how recognizing the anchor objects allows the model
to identify the target object correctly. Comparing the pro-
posed model MVT-ScanEnts and the current state-of-the-art
method MVT, we demonstrate that guiding our network to
understand the anchor entities mentioned in the input utter-
ances promotes the listener to accurately identify the target
object. In the third column of this Figure, we demonstrate
the predicted target object and the predicted anchor objects
by MVT-ScanEnts in green and purple bounding boxes, re-
spectively.
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“The lamp on the left side of the bed” “The cabinets directly under the sink”
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“The lamp on the table next to the bed” “The cabinet on the floor”
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“The lamp on the nightstand to the left of the bed” “The lower kitchen cabinet that is under the sink”

Figure 4. Qualitative comparison of neural speaker variants.
The M2Cap-ScanEnts generations tend to be more discriminative
(e.g., left of the bed vs. next to the bed) compared to the default
M2Cap variant. In addition, M2Cap-ScanEnts makes better use of
relationships between the target object and anchor objects (cabinet,
sink).

Neural listeners trained with ScanEnts3D are more
context aware. To show this, first, we conduct additional
experiments on both MVT and MVT-ScanEnts neural lis-
teners (Table 7). In these experiments, we change the input
to the neural listeners in multiple ways to investigate if the
listener becomes better at relying on the context of the 3D
scene to robustly (and more naturally) predict a target ob-
ject. The changes to the input are the following: (a) an input
scene without the 3D object proposals of the anchor objects,
(b) an input scene with only the object proposals of the an-
chor objects and the same-class distractor objects, and (c)
an input utterance where the words that correspond to the
anchor objects are replaced with the <unk> token denoting
an out-of-vocabulary word. We observe that removing the
object proposals that correspond to the anchor objects from
the input scene results in a massive drop in the listening per-
formance in MVT-ScanEnts. The drop in the performance
in MVT-ScanEnts is much higher than the drop found in
the original MVT model (-15.3% vs. -7%). This result
suggests that the neural listeners trained with ScanEnts3D
similar to humans, learn to rely heavily on the anchor objects
to identify the target object and are less influenced by the
non-anchor/mentioned objects. At the same time, we also
observe an improved performance for MVT-ScanEnts com-
pared to MVT (70.5% vs. 67.0%) when providing as input a
3D scene consisting of only the target object, its same-class

distractors (to keep the problem highly challenging), and the
anchor objects. In other words, on references where humans
depend on information about anchors to communicate the
target object in a unique manner, we find that visual infor-
mation about these anchors is both necessary and sufficient
for the performance of our model.

5.3. Neural Speaking

With the proposed ScanEnts3D dataset, the modified
speaker models, SATCap-ScanEnts and M2Cap-ScanEnts,
improve significantly against their corresponding baseline,
as shown in Table 5. The encoder networks in SATCap
and M2Cap models use the pre-trained encoder weights
of an original MVT neural listener trained without Sca-
nEnts3D, while the encoder networks in SATCap-ScanEnts
and M2Cap-ScanEnts use the pre-trained weights of an MVT-
ScanEnts listener. We observe that ScanEnts3D helps our
speaker models to provide better captions for Nr3D and
ScanRefer across all metrics (BLEU, CIDEr, METEOR, and
ROUGE). The M2Cap-ScanEnts model improves the SoTA
for neural speaking with Nr3D, per CIDEr, by +13.2. In
all experiments, we use the ground truth instances as input.
Also, we do not provide an extra 2D modality during the in-
ference phase and do not use the additional CIDEr-based loss
in the final objective function as in [64]. In Figure 4, we show
captions by M2Cap-ScanEnts on the Nr3D dataset; we com-
pare these captions to those generated by the M2Cap model.
We observe that the captions generated by M2Cap-ScanEnts
tend to be more discriminative and make explicit use of valid
anchor objects to achieve this desideratum. We refer the
reader to the Supp. for ablations on M2Cap-ScanEnts.

5.4. Ablation Studies

Effectiveness of the proposed losses. We conduct an
ablation study for neural listeners by applying different com-
binations of our proposed losses. We try each possible
combination of our losses (Lanc, Latin, and Lqg;s) with the
MVT [34] architecture and report their performance on the
Nr3D dataset, as shown in Table 3. When applying Lt
alone, we obtain an overall boost of 1.5% over the base-
line MVT model (using none of our proposed losses). We
obtain an improvement of 1.8% upon applying Lg;s alone.
This result is unsurprising, as we find that the same-class
distractors are mentioned in 17.2% of the utterances in the
Nr3D and 12.4% in the ScanRefer datasets. Applying the
Lanc provides the best boost in every experiment where it
is applied compared to the other losses. We observe that
incorporating the anchor prediction loss is useful for all
the Nr3D contexts, especially the hard contexts. The afore-
mentioned result demonstrates how useful the knowledge
of the anchor objects mentioned in the input sentence is.
The best-performing model applies all three losses, and the
performance is better than using L,,,c and Lg;s by 0.6%.
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Arch. Acc.
Arch. Nr3D ScanRefer ScanRefer [20] 44.5%
C B-4 M R C B-4 M R ReferIt3DNet [5] 46.9%+0.2%
Scan2Cap [19] 61.89 32.02 28.88 64.17 6444 36.89 2842 6042 SAT [68] 53.8%+0.1%
X —Trans2Cap [73] 80.02 3790 3048 67.64 87.09 44.12 30.67 64.37 MVT [34] 54.8%+0.1%
SATCap (ours) 76.57 29.12 2497 55.62 8098 3747 2691 56.98
SATCap-ScanEnts (ours) 84.37 30.73 2590 56.57 84.81 38.85 27.18 57.62 SAT-ScanEnts (ours) 56.2%+0.2%
M2Cap (ours) 86.15 37.03 30.63 67.00 8575 44.02 30.74 64.80 MVT-ScanEnts (ours)  60.8%+0.2%
M2Cap-ScanEnts (ours)  93.25 39.33 31.55 68.33 87.20 44.81 30.93 65.24

Table 5. Speaking performance on Nr3D and ScanRefer datasets. The results of incorpo-
rating ScanEnts3D dataset in our proposed approaches for the speaking (captioning) task. A
speaking model trained with our rich annotations performs better than one trained without

them for both the Nr3D and ScanRefer datasets.

Table 6. Listening performance on the
ScanRefer dataset. The neural listeners
are trained using the ground truth boxes
as input with or without using the addi-
tional annotations from the ScanEnts3D
dataset and our proposed losses.

Ours

“Facing windows, desk
furthest on right.”

“The office chair closest to
the exit door and furthest .
from the window.”

ggggg

Figure 5. Qualitative results for our proposed model (MVT-ScanEnts) compared to the MVT model. The rows from top to bottom
show the ground truth (green box), the target object predicted by MVT (red box), the predicted target object predicted by MVT-ScanEnts
(green box) along with the predicted anchor objects (purple boxes), and the input utterance. The above examples show that the model can
accurately predict the target object and simultaneously also predict the underlying anchor objects mentioned in the input utterance.

Arch Anchor Objects Anchor Words ~ Anchor Info

ren. Lesioned ({) Lesioned ({) Present (1)
MVT 48.1% (-7%) 45.5% (-9.6%) 67.0%
MVT-ScanEnts (ours) 44.0% (-15.3%) 44.3% (-15.0%) 70.5%

Table 7. Evaluating the anchor-object-awareness for neural
listeners trained w/ and w/o ScanEnts3D. A listener trained
with ScanEnts3D (MVT-ScanEnts) learns to depend heavily on
the mentioned anchor objects, similar to humans. As seen here,
its performance accuracy drops significantly (~15%) when the
anchors are lesioned from the underlying input, and at the same
time, its performance gets boosted when only the anchor(s) and the
objects of the same class as the target are provided as input.

Can ScanEnts3D improve 3D object detector-based
methods? As a last experiment, we investigate the extent
to which our proposed dataset can improve the performance
of different types of neural listeners. In particular, a widely
used design proposed by ScanRefer [20] requires a listener to
first predict 3D object proposals and then identify the target
object (i.e., 3D object localization). To that end, we adapt

the anchor prediction loss to work with the recent 3DJCG
network [12]. In Table 4, we see attained improvements in
the 3D object localization performance when using our Sca-
nEnts3D. Most importantly, we can observe an improvement
in the more complex and harder cases (Multiple).

6. Conclusion

This work takes substantial initial steps to bring object-to-
object interactions, grounded in language, to the frontline of
relevant learning-based methods. First, we curate and share
a set of rich correspondences covering all referential entities
mentioned in Nr3D and ScanRefer. Second, we use these an-
notations to train neural networks with better generalization
and understanding of 3D objects w.r.t. their language-based
grounding. By adapting existing methods and integrating
our proposed loss functions, we attain SoTA results in both
neural listening and speaking tasks for real-world scenes.
We expect the derived insights to open new opportunities to
advance related multimodal 3D object-centric tasks.
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