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Abstract

We address Embodied Reference Understanding, the task of
predicting the object a person in the scene refers to through
pointing gesture and language. This requires multimodal
reasoning over text, visual pointing cues, and scene context,
yet existing methods often fail to fully exploit visual disam-
biguation signals. We also observe that while the referent
often aligns with the head-to-ngertip direction, in many
cases it aligns more closely with the wrist-to-ngertip di-
rection, making a single-line assumption overly limiting. To
address this, we propose a dual-model framework, where
one model learns from the head-to-ngertip direction and
the other from the wrist-to-ngertip direction. We intro-
duce a Gaussian ray heatmap representation of these lines
and use them as input to provide a strong supervisory sig-
nal that encourages the model to better attend to pointing
cues. To fuse their complementary strengths, we present the
CLIP-Aware Pointing Ensemble module, which performs a
hybrid ensemble guided by CLIP features. We further in-
corporate an auxiliary object center prediction head to en-
hance referent localization. We validate our approach on
YouRefIt, achieving 75.0 mAP at 0.25 IoU, alongside state-
of-the-art CLIP and CD scores, and demonstrate its gener-
ality on unseen CAESAR and ISL Pointing, showing robust
performance across benchmarks.

1. Introduction

Embodied Reference Understanding (ERU) [13] is the task
of identifying a specific object in a visual scene based on
language instructions and pointing cues in the image. It
plays a key role in real-world applications like human-robot
interaction, assistive robotics, and augmented reality, where
systems must understand which object a person refers to.

While grounding models [39] and LMMs [3, 4, 6, 56]
have made significant progress in detecting objects men-
tioned in natural language, they often fall short in ERU task,
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Figure 1. An example where previous models fail. OurMH model
also fails due to distractions from other objects along the head-to-
fingertip pointing line. In contrast, ourMW model correctly iden-
tifies the target object, and CAPE selects this as the final predic-
tion. This highlights the flexibility and robustness of our approach.

particularly in ambiguous scenes. When multiple instances
of the same object type are present, these models tend to
detect all matching candidates without the ability to dis-
ambiguate and identify the specific target intended by the
user. Moreover, when the textual instruction itself is vague
or ambiguous, grounding models struggle even further, of-
ten failing to identify the correct target object or produc-
ing no confident prediction at all due to the inherent am-
biguity. This limitation highlights the need for additional
disambiguation cues that can help resolve referential am-
biguity and enable accurate identification of the intended
object. Therefore, both embodied gesture signals (pointing)
and language reference are crucial to identify the referent,
aligning with early multimodal interaction studies [61, 72].

The ERU task was first defined in [13] with the YouRe-
fIt dataset, and a method combining textual and visual in-
puts with PAF [8] and predicted saliency maps [36] was
proposed. While effective, the model often fails to follow
pointing instructions accurately. The Touch-Line Trans-
former [38] addresses this by predicting a Virtual Touch-
Line along the head-to-fingertip direction. However, it still
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faces limitations as the pointing line is not explicitly pro-
vided as input, despite its success [84], and the head-to-
fingertip direction does not always align with the target. In
some cases, accurate pointing is better represented from the
hand alone (e.g., wrist-to-fingertip, Fig. 1), highlighting the
need for more reliable pointing guidance.

To tackle these challenges, we propose a dual-model
framework that leverages complementary pointing cues.
Both models take as input a referring expression and an
image with a pointing gesture, along with an additional
heatmap that encodes the pointing direction. One model
utilizes a head-to-fingertip heatmap, while the other uses
a wrist-to-fingertip heatmap, capturing different aspects of
the pointing behavior. Since these two models provide com-
plementary information depending on the scenario, we in-
troduce the CLIP-Aware Pointing Ensemble (CAPE) mod-
ule to effectively combine the strengths of both models. In
this module, we leverage the CLIP model to compute se-
mantic similarity scores between the input text and candi-
date object images. We use CLIP because it was trained
on a large-scale image-text dataset, learning a joint embed-
ding space in which semantically matching images and text
are closely aligned. Additionally, we introduce an auxiliary
object center prediction head, providing a supervisory sig-
nal that guides the model to more accurately localize the
pointed object.

Our contributions are: (1) We propose using a pointing
heatmap as an additional modality to guide our model to
focus more effectively on pointing cues. Specifically, we
use detected head, wrist, and fingertip points to construct
a Gaussian Ray Heatmap that highlights the approximate
pointing area. The embedding of this pointing heatmap is
then extracted via a heatmap encoder and provided to the
model. (2) We propose two parallel complementary models
to focus on head-to-fingertip and wrist-to-fingertip point-
ing lines, to individually alleviate inherent challenges of the
task. (3) We present CAPE module to effectively ensem-
ble two complementary models as ensembling has shown
strong performance in other fields [19, 27, 78, 82, 83].
(4) We introduce an object center prediction head to im-
prove prediction accuracy by emphasizing object localiza-
tion without requiring precise bounding boxes.

2. Related Work
Referring Expression Comprehension (REC) In
REC [26, 34, 44, 47, 48, 77], the goal is to identify a
specific region in an image based on a given referring
expression. In contrast to traditional object detection, REC
interprets free-form text and can locate objects from any
category, including previously unseen ones. Similarly,
OV-DETR [79] integrates image and text embeddings
from a CLIP model as queries within the DETR [11] to
generate category-specific bounding boxes. ViLD [22]

distills knowledge from a CLIP teacher model into an
R-CNN-like detector [21], enabling region embeddings to
capture semantic information from language. GLIP [20]
formulates object detection as a grounding task, using
additional grounding datasets to align visual regions with
textual phrases. DetCLIP [76] enriches its knowledge base
using generated pseudo labels. While YOLO-World [14]
extends traditional YOLO object detection [51] to an
open-world setting, GroundingDINO [39] aligns visual and
textual features to detect arbitrary objects described by
free-form text. Recently, LMMs [1, 3, 6] get attention for
their superior performance in visual grounding [12].

Nonverbal Communication for Referent Some stud-
ies [7, 23, 24, 28, 32, 46, 52, 54, 57–60, 62–68, 70, 71, 73]
use gaze target detection as a nonverbal cue, however, gaze
alone is unreliable due to distractions and the absence of
a clear pointing moment. It is typically localized frame
by frame and often used to support conversation [5, 10].
In [45], a multimodal exophora resolution method is pro-
posed to disambiguate demonstrative expressions like “that
one” by integrating object categories, pointing gestures, and
prior environmental knowledge. [16] introduced an inter-
active robot dialogue system that uses multimodal interac-
tion and pointing line estimation to accurately identify ref-
erent with an iterative correction process. Their follow-up
work [17] extended this by recognizing unseen objects us-
ing a Region Proposal Network and VL-T5 multimodal net-
work [15], moving beyond general object classes. On the
other hand, several datasets have been collected to incorpo-
rate nonverbal cues, but most remain in simulated domains
due to accessibility and controllability [2, 29–31].

Embodied Reference Understanding (ERU) ERU is a
recent advancement of REC that considers the subject’s po-
sition while pointing at a reference object. Chen et al. [13]
introduced the task and benchmarks using both verbal (text)
and nonverbal (pointing gesture) cues. Their model lever-
ages predicted saliency maps and PAF [8] as gestural fea-
tures to better perceive pointing direction and detect ref-
erents. To address ambiguities caused by camera perspec-
tive, [53] mapped scenes to 3D coordinates using depth es-
timation and subject position for spatial attention, but this
only yielded modest improvements. Li et al. [38] further
improved ERU using an MDETR-based [33] model, intro-
ducing a “virtual-touch-line” from eye to fingertip and pre-
dicting its vector alongside bounding boxes. In this work,
we also use a transformer-based multimodal object detector
similar to MDETR [33]. However, instead of predicting a
single line vector, we extend the visual-touch-line concept
to a pointing heatmap representing the focus of attention.
To capture different pointing variations, we use two differ-
ent heatmaps processed in parallel networks. Some recent
works [41, 42] have extended ERU task to 3D embodied
settings. ScanERU [41] introduced the first 3D-ERU bench-
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mark by inserting human avatars into existing 3D datasets,
but relied on manual placement. In contrast, Ges3ViG [42]
improves realism and scalability by automating avatar in-
sertion, generating gesture-aware instructions, and incorpo-
rating human localization into the grounding pipeline.

3. Methodology
In ERU, given an RGB image ximg ∈ R3×H×W and a text
input xtext ∈ NL, we predict a bounding box xbbox ∈ R4

corresponding to an object referenced by the text and indi-
cated by a pointing gesture in the image. We propose using
an additional pointing heatmap xphm ∈ R1×H×W to super-
vise the model better focus on the visual pointing reference.

3.1. Model Architecture
Fig. 2 illustrates our overall approach, which consists of two
parallel models (MH andMW ; only one is shown since the
sole difference is the heatmap encoder input). After pro-
cessing the text, image, and heatmap inputs, the outputs
of both models are passed to the CLIP-Aware Pointing En-
semble (CAPE) module for the final decision. CAPE com-
bines the outputs of these two complementary models to
enhance overall performance. Specifically, MH and MW

each comprise a large-scale text encoder, image encoder,
and heatmap encoder. The outputs of these encoders are
concatenated and fed into a transformer [69] encoder block.
A subsequent transformer decoder then processes the en-
coder output to generate predictions via task-specific heads.

Encoders We use a pretrained ROBERTA [40] which is
a robustly optimized version of BERT [18] as the text en-
coder to obtain textual embeddings from the input text. To
obtain image embeddings, FI ∈ R2048×8×8, we utilize a
pretrained ResNet-101 [25]. Since the pointing heatmap
(xphm) is a sparse representation, we choose a lightweight
encoder, ResNet-18 [25], to embed it: Fphm ∈ R256×8×8

This choice not only improves the computational efficiency
of the network but also helps prevent redundant informa-
tion in the final concatenated feature representation, which
could otherwise harm the model’s learning capacity.

Transformer encoder and decoder After obtaining the
embeddings from three encoders, we first apply a 1 × 1
convolution to each embedding individually to project their
channel dimensions to 256. Next, we flatten the spatial di-
mensions of the embedding into a single dimension, con-
verting them into sequences of tokens. For example, for
the heatmap embedding: FS

phm = F (C1×1(Fphm)) ∈
R64×256, where F is flatten and C is convolution. We then
concatenate the three embeddings at the sequence level to
form the final representation, which is fed into the trans-
former encoder. It processes this concatenated input to learn
multimodal representations. We feed the multimodal rep-
resentation output from the transformer encoder into the

transformer decoder. Additionally, we provide a set of
learnable object queries and gestural keypoint queries. The
transformer decoder is responsible for generating object
output embeddings and gestural output embeddings.

Prediction head The object and gestural output embed-
dings produced by the transformer decoder serve as inputs
to our prediction heads. These heads are responsible for
predicting candidate bounding boxes for the referent, gestu-
ral keypoints (pointing direction prediction head in Fig. 2),
which predicts eye, fingertip, wrist coordinates as well as
arm class, and center points of the referent. Finally, we
select one bounding box prediction, one center point and a
pair of gestural keypoints with the highest confidence scores
as the final prediction. Please note that we use multi-layer
perceptrons (MLPs) as the prediction heads.

3.2. Pointing Heatmap Modality Learning
Incorporating a heatmap that represents the pointing direc-
tion provides a valuable spatial priors for the network, es-
pecially considering the fact that the existing models in this
field tend to give less attention to the visual pointing. This
explicit encoding pointing direction helps localize the tar-
get region by guiding the model’s attention toward direc-
tion and areas that are more likely to be referenced. This is
particularly beneficial in real-world, cluttered scenes where
gesture interpretation is inherently ambiguous.

How should we create heatmaps? While prior work
such as VTL [38] shows that head–to–fingertip cues can
often capture the intended pointing direction, our goal is
to design a heatmap representation that remains reliable
across a wider range of real-world conditions. Human
pointing gestures are guided by visual attention, and the
head–to–fingertip line naturally encodes this gaze–gesture
alignment. However, relying on this cue alone can be prob-
lematic when the performer is looking elsewhere (e.g., to-
ward a robot or camera) or when the head pose becomes
ambiguous due to extreme angles or occlusions. Moreover,
close proximity to the object or incomplete arm extension
can also break alignment. To address these limitations,
our approach incorporates both the head–to–fingertip and
wrist–to–fingertip lines. The wrist–to–fingertip line pro-
vides a complementary, locally grounded cue that remains
informative even when head orientation is unreliable. By
combining these two directional sources, we aim to ob-
tain a more robust and consistent representation of point-
ing intent. Based on this hypothesis, we generate Gaussian
Ray Heatmaps for both cues rather than relying solely on
explicit line overlap. Both heatmaps extend a ray toward
the image boundary through the fingertip, originating at the
eyes for xH

phm and at the wrist for xW
phm. These heatmaps

serve as complementary spatial supervision signals gener-
ated through our heatmap process (see Appendix A), cap-
turing not only overlap with a single pointing line but also
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Figure 2. Overview of our approach. MH and MW share the same architectural design; therefore, only one model is illustrated. For
visualization, we show the two different heatmaps: MH uses a head-to-fingertip heatmap, while MW uses a wrist-to-fingertip heatmap.

a broader region that reflects the performer’s focus of atten-
tion.
How should we integrate these heatmaps? We investi-
gate two strategies for integrating the two heatmaps. The
first merges them directly (xH

phm+xW
phm) and feeds the com-

bined input into a single network, testing whether the model
can implicitly resolve the two cues and infer the correct
pointing direction from pose context. The second trains two
identical networks separately, one with the head-to-fingertip
heatmap (MH ) and one with the wrist-to-fingertip heatmap
(MW ), and ensembles their predictions. Empirically, the
second strategy works substantially better. It yields two
complementary models, with MH providing the strongest
gains. In contrast, the merged-heatmap approach offers
only marginal improvement. The model behaves similarly
to the head-only variant, and the extra wrist-to-fingertip sig-
nal introduces conflicting directional cues that ultimately
reduce accuracy compared to using the head-to-fingertip
heatmap alone (see Tab. 4, Setup G). We find that the most
effective way to leverage heatmaps is to process them with
a dedicated encoder whose embeddings are concatenated
with the image encoder’s output. This design preserves the
pretrained visual backbone while allowing the heatmap en-
coder to capture richer, modality-specific spatial cues.

3.3. CLIP-Aware Pointing Ensemble (CAPE)
We introduce an inference time ensemble module to in-
crease the performance by benefiting from two complemen-
tary models, MH and MW , since we find that they demon-
strate strength in different scenarios. CAPE is an adaptive
scoring method that combines model confidence and CLIP-
based similarity in a size-aware manner effectively. We
choose the CLIP model because it was trained to understand

and evaluate image-text semantic similarity, which aligns
well with our task. (1) For each prediction (top-2 predic-
tions from both models), we compute a normalized CLIP
score [49]. We sum pointing models’ confidence scores
with the CLIP scores to obtain the fused score (CLIP Fusion
in Tab. 6) since the models’ confidence scores also provide
reliable insights. (2) We calculate CLIP scores for the top-
1 predictions of both models. If the confidence scores of
the second-highest predictions exceed a threshold, we also
compute their CLIP scores. Finally, we select the predic-
tion with the highest CLIP score from among these candi-
date boxes (CLIP-Only Top-2 + Threshold=0.95 in Tab. 6).
CAPE applies strategy (1) when the referent is a small ob-
ject (defined as occupying less than 0.48% of the image
area, following [13]) to avoid relying solely on the CLIP
prediction, as CLIP becomes less reliable for smaller ob-
jects. For all other objects, strategy (2) is used (see Ap-
pendix B.5 for details). This hybrid approach leverages the
strengths of both signals while adapting to object scale. All
thresholds and selection rules were tuned on the validation
set to avoid test-time overfitting.

3.4. Gestural Signal Learning

Referent alignment loss Following [38], we incorporate
a referent alignment loss (LRA) to enforce consistency be-
tween the predicted referent and the VTL. The core idea
is that a correct referent should be geometrically aligned
with the pointing direction. To quantify this alignment, we
compute the cosine similarity between the eye-to-fingertip
vector and the eye-to-object vector, defined as:

CSp = ω((xf − xe, yf − ye), (xo − xe, yo − ye)) (1)
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where (xe, ye) and (xf , yf ) are the eye and the fingertip co-
ordinates. (xo, yo) are the center of the predicted bounding
box. ω is cosine similarity. We compute the same similar-
ity using GT bounding box to obtain CSGT . The referent
alignment loss then penalizes deviations between the pre-
dicted and GT alignment:

LRA = ReLU(CSp − CSGT ) (2)

Please note that for both CSp and CSGT , we use GT eye
and fingertip coordinates to ensure accurate directional rep-
resentation. We apply this loss during the training of the
model MH , which uses the head-to-fingertip heatmap as
reference. For training the MW model, which utilizes the
wrist-to-fingertip heatmap, we replace the eye coordinates
with wrist coordinates. The rest remains unchanged, as we
similarly aim to maximize the directional correlation.

Object center prediction In our task, identifying the cor-
rect referent and accurately localizing it are two distinct but
equally important challenges. To enhance the localization
capability of the model, we decouple the prediction of the
object center from the rest of the bounding box regression.
Specifically, we introduce an additional prediction head im-
plemented as a MLP at the end of the network. This head is
dedicated to predicting the (x, y) coordinates of the referent
object’s center, independently from the standard bounding
box regression head. During training, we supervise this cen-
ter prediction using the L1 loss between the predicted and
GT center coordinates:

Lcenter = (xGT
o , yGT

o )− (xp
o, y

p
o)1 (3)

This explicit supervision encourages the model to focus on
spatial alignment and leads to more accurate object localiza-
tion, especially in scenes with dense or overlapping objects.
Moreover, this center prediction serves as an auxiliary task,
which improves the representational capacity of the model
by encouraging the visual backbone to learn richer geomet-
ric and spatial features. We apply this auxiliary head and its
corresponding loss to both models. Since this head is used
only during training, it introduces no additional computa-
tional overhead during inference.

Gesture prediction In addition to the bounding box and
object center predictions, our model incorporates several
auxiliary heads to predict task-specific features, including
eye (wrist in MW ) and fingertip coordinates, and arm clas-
sification (See prediction head in Sec. 3.1). For each pre-
diction, we apply a standard L1 loss between the predicted
and GT data, which encourages spatial attention to task-
relevant regions such as the eyes and fingertips, enhancing
the model’s understanding of referential gestures. More-
over, we apply cross-entropy loss to classify whether the
predicted gestural keypoints are correct.

Total loss We define our objective as follows:

L = λ1Lb+λ2LRA+λ3Lcenter+λ4Lg+λ5Lt+λ6Lc (4)

where Lb is bounding box loss and it is the combination of
L1 and GIoU losses as in DETR-like methods [11, 37, 39,
43, 81, 85]. LRA denotes referent alignment loss, Lcenter

indicates object center prediction loss, and Lg is gesture
prediction loss. Lt and Lc are soft token loss and con-
trastive loss respectively to help visual and textural signals
alignment as in [33]. We empirically determine the optimal
coefficients on the validation set (See Appendix D).

4. Experimental Results
Dataset For both training and testing, we use the YouRe-
fIt dataset [13], which contains 2,950 training and 1,245 test
images. Text instructions and the annotations of bounding
boxes, as well as pointing line coordinates, are provided by
[13, 38]. Additionally, we evaluate our approach on the un-
seen and more challenging ISL Pointing dataset [16], and
a simulation dataset named CAESAR [29] (for results see
appx. Tab. E.13) to assess its generalization capability.
Evaluation For fair evaluation and comparison, we fol-
low prior work [13] and report mean Average Precision
(mAP) under three Intersection-over-Union (IoU) thresh-
olds: 0.25, 0.50, and 0.75. Additionally, mAP scores are
reported with respect to object size, categorized as Small
(S), Medium (M), and Large (L) which based on the ratio
of the object area to the image area using two thresholds:
0.48% and 1.76%. In addition to this standard evaluation
protocol, we introduce two metrics for assessing referen-
tial grounding performance: CLIP score and center coordi-
nate distance (CD). To compute the CLIP score, we extract
features from the text input and the cropped region corre-
sponding to the predicted bounding box using CLIP’s text
and image encoders. We then calculate the cosine similar-
ity between these feature vectors to quantify the semantic
alignment between the predicted object and the text. For
CD, we compute the L1 distance between the center coor-
dinates of the predicted and the GT bounding boxes, pro-
viding a direct measure of spatial alignment.
Implementation We use the AMSGrad optimizer [35,
50] during training and train our models for 30 epochs.
Both the transformer encoder and decoder consist of 6 lay-
ers, each with 8 attention heads and an MLP dimension of
2048. We apply dropout [55] with p = 0.1 in every layer
of both the transformer encoder and decoder. The learning
rate is set to 1e − 4 for the text encoder and 5e − 5 for the
remaining components. All experiments are conducted on a
single NVIDIA RTX A6000 GPU with a batch size of 4.

4.1. Results
Tab. 1 compares the performance of our method with ex-
isting approaches on the YouRefIt benchmark. Our model
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IoU Threshold for mAP 0.25 0.50 0.75

Object Sizes All S M L All S M L All S M L

PaliGemma2 [56] 58.8 29.0 53.5 75.8 46.9 22.1 50.8 68.0 31.7 6.2 34.1 54.8
Qwen2.5vl [4] 38.9 17.0 41.8 58.0 31.0 11.1 33.6 48.1 20.0 5.7 19.8 34.5
Grounding DINO [39] 57.9 38.0 60.9 74.9 54.9 35.7 59.3 69.6 42.3 22.7 45.9 58.4

FAOA [74] 44.5 30.6 48.6 54.1 30.4 15.8 36.5 39.3 8.5 1.4 9.6 14.4
ReSC [75] 49.2 32.3 54.7 60.1 34.9 14.1 42.5 47.7 10.5 0.2 10.6 20.1
YourRefit PAF [13] 52.6 35.9 60.5 61.4 37.6 14.6 49.1 49.1 12.7 1.0 16.5 20.5
YourRefit Full [13] 54.7 38.5 64.1 61.6 40.5 16.3 54.4 51.1 14.0 1.2 17.2 23.3
REP [53] 58.8 44.7 68.9 63.2 45.7 25.4 57.7 54.3 18.8 3.8 22.2 29.9
Touch-Line-EWL [38] 69.5 56.6 71.7 80.0 60.7 44.4 66.2 71.2 35.5 11.8 38.9 55.0
Touch-Line-VTL [38] 71.1 55.9 75.5 81.7 63.5 47.0 70.2 73.1 39.0 13.4 45.2 57.8

Ours (CAPE) 75.0 63.2 80.2 81.8 65.4 49.5 74.3 72.7 35.7 13.4 40.1 53.5

Table 1. Comparison of our model with prior works, SOTA LMMs, and Grounding-DINO in terms of mean Average Precision (mAP) at
different IoU thresholds, across various object sizes, on the YouRefIt dataset [13].

Touch-
Line-VTL

PaliGemma2

Qwen2.5vl

Grounding
DINO

"A white phone." "speaker." "ukulele."
"the chair near
the table."

MH
(Ours)

MW
(Ours)

CAPE
(Ours)

Figure 3. Qualitative comparison of our models with SOTA Touch-Line Transformer [38].

achieves SOTA results in most cases, despite being trained
for only 30 epochs on a single GPU with a batch size of
4. In contrast, Touch-Line models [38] were trained for

200 epochs with a batch size of 56. This clearly demon-
strates the efficiency and effectiveness of our approach.
However, our optimized training setup affects bounding box
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CLIP Score ↑ CD ↓
Objet Sizes All S M L All S M L

PaliGemma2 0.2488 0.2302 0.2446 0.2659 0.4684 0.5784 0.4307 0.4175
Qwen2.5vl-3b 0.2408 0.2261 0.2388 0.2568 0.7288 0.7074 0.6893 0.7891
Grounding DINO 0.2437 0.2267 0.2413 0.2621 0.3496 0.2946 0.4521 0.3104
Touch-Line-EWL 0.2456 0.2312 0.2435 0.2615 0.3168 0.3006 0.2903 0.3564
Touch-Line-VTL 0.2456 0.2308 0.2440 0.2615 0.2843 0.2809 0.2276 0.3393

Ours (CAPE) 0.2661 0.2642 0.2671 0.2670 0.2476 0.2137 0.2241 0.3023

Table 2. Clip and CD scores on the YouRefIt dataset.

Method IoU=0.25 IoU=0.5 IoU=0.75 CLIP ↑ CD ↓
PaliGemma2 47.2 39.5 31.6 0.2465 0.7449
Qwen2.5vl-3b 32.5 32.1 29.2 0.2264 0.8418
Grounding DINO 27.5 27.5 26.3 0.2082 0.7956
Touch-Line-EWL 45.0 35.8 22.0 0.2436 0.5160
Touch-Line-VTL 47.7 36.7 17.4 0.2473 0.5147
Ours, MW 48.2 33.6 20.0 0.2453 0.4735
Ours, MH 42.7 30.0 17.3 0.2449 0.6795
Ours, CAPE 54.5 42.7 25.5 0.2642 0.4403

Table 3. Quantitative results on unseen ISL pointing dataset [16].

precision, contributing to the suboptimal performance at
IoU = 0.75, alongside limitations related to the simpler
backbone. At IoU = 0.75, Grounding DINO with a more
complex backbone achieves the best performance.

Further, we evaluate recent LMMs on this task, and
they fall significantly short of our model’s performance, de-
spite being among the largest models and trained for vi-
sual grounding purposes. These results show using com-
plementary pointing heatmap modalities in addition to im-
age and text is essential. Besides, despite having two sepa-
rate models, our approach shows better inference-time per-
formance (2.44 fps) compared to Paligemma2 (1.24fps)
and Qwen2.5vl (0.5fps). Tab. 2 presents further compar-
ison using two new metrics in this field: CLIP score and
CD. Higher CLIP scores indicate that our predicted bound-
ing boxes have stronger semantic alignment with the input
text, suggesting better object identification and improved
bounding box precision. Similarly, our method achieves
the best performance under the CD metric. This confirms
that our model produces more spatially accurate predic-
tions. In Tab. 3, the experimental results on unseen ISL
dataset show that our CAPE model surpasses the SOTA
Touch-Line model as well as the evaluated LMMs, except
for the IoU=0.75 setup. This demonstrates the strong gen-
eralization capability of our method. In Fig. 3, we present
sample images with predicted and GT bounding boxes. It
is clearly seen from LMMs’ predictions, ambiguous text
without pointing cues results in poor object localization out-
side of the pointing area and confusion with similar objects.
For instance, Paligemma2 in third example and Qwen2.5vl
in second and fourth examples detect wrong objects. On
the other hand, the LMMs are strong at providing precise
bounding box predictions due to extensive training and a
robust backbone. Furthermore, even if Touch-Line model
use pointing cues since it follows a pointing line instead of

Setup Method IoU=0.25 IoU=0.5 IoU=0.75 CLIP ↑ CD ↓
A Baseline 71.2 60.1 32.8 0.2469 0.2662
B A + object center prediction 70.8 61.6 34.6 0.2446 0.2707
C A + W2F heatmap 68.9 59.7 32.4 0.2451 0.2984
D A + H2F heatmap 71.9 62.8 33.8 0.2458 0.2694
E B + W2F heatmap (MW ) 69.6 60.7 31.5 0.2448 0.2770
F B + H2F heatmap (MH ) 72.9 62.3 35.1 0.2457 0.2490
G A + W2F heatmap + H2F heatmap 70.2 60.2 33.8 0.2448 0.2744
H Full model - Ensemble of E and F 75.0 65.4 35.7 0.2661 0.2476

Table 4. Ablation study on YouRefIt dataset for our contributions.

heatmaps, this let model to detect other objects in the point-
ing direction. In contrast, as shown in the examples, CAPE
leverages explicit pointing heatmaps, enabling it to more
accurately localize the intended referent. Also, it enables
to choose final prediction from which of the more accurate
model.

4.2. Analysis
In this section, we provide a detailed analysis of the opti-
mality of our design choices, including heatmap generation
and the ensemble method. The baseline in Tab. 4 (Setup
A) refers to a straightforward training of our model without
incorporating any of the proposed contributions.

Object center prediction The object center prediction
improves mAP at IoU = 0.5 and IoU = 0.75 but reduces
performance at IoU = 0.25, as well as CLIP Score and
CD. Notably, when combined with heatmap (Setup E and
F in Tab. 4), it boosts most metrics. The object center pre-
diction alone enhances geometric precision more than se-
mantic alignment, while pairing it with spatially dense cues
makes it a more effective refining signal.

IoU=0.25 IoU=0.5 IoU=0.75 CLIP ↑ CD ↓
Channel-wise input 68.7 58.5 33.4 0.2449 0.2959
Channel-wise feature 72.6 58.4 27.9 0.2457 0.2598
Embedding feature 72.9 62.2 35.1 0.2458 0.2490

Table 5. Ablation of heatmap injection methods using Setup F.

Where to inject heatmap We compare several heatmap
injection strategies in Tab. 5. The channel-wise input
method, which feeds the heatmap as a fourth image chan-
nel, slightly hurts performance, likely because the heatmap
is sparsely represented compared to the image content. In-
spired by the head location prompting strategy in [52], the
channel-wise feature approach adds learned heatmap em-
beddings to the visual tokens, which is lightweight but pro-
vides only limited gains. In contrast, the embedding feature
setup uses a dedicated CNN to encode the heatmap before
fusing it with image and text embeddings, and delivers the
strongest improvements across all metrics. The experiments
show that effective heatmap injection requires the model to
interpret the heatmap as a structured spatial signal rather
than as a raw image channel or a light additive bias on visual
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Ensemble method IoU=0.25 IoU=0.5 IoU=0.75 CLIP ↑ CD ↓
Confidence-Only 73.4 64.1 34.1 0.2578 0.2470
CLIP-Only (Top-1) 73.5 64.2 35.4 0.2644 0.2391
CLIP-Only (Top-2 + Threshold=0.95) 73.8 64.1 35.5 0.2646 0.2377
CLIP Fusion 73.6 64.4 34.5 0.2459 0.2422
CAPE 75.0 65.4 35.7 0.2661 0.2476

Table 6. Ablation of different ensemble methods. See Appendix B.

tokens. Besides, the improvements seen in the embedding
featuremethod support the gains observed in the main abla-
tions (Setups D and F), where the H2F heatmap consistently
strengthens localization and reduces CD.
CLIP-Aware Pointing Ensemble (CAPE) We evaluate
several ensemble strategies for selecting the final referent
box from the two pointing models, as shown in Tab. 6. (1)
Condence-Only selects the Top-1 prediction with the high-
est model confidence. (2) CLIP-Only (Top-1) chooses the
Top-1 box with the highest CLIP similarity. (3) CLIP-Only
(Top-2 + Threshold= 0.95) additionally considers each
model’s top-2 predictions when their confidence scores ex-
ceed 0.95. (4) CLIP Fusion combines normalized CLIP and
confidence scores from the top-2 predictions of both models
and selects the box with the highest total score. (5) CAPE
adaptively switches between (3) and (4): it uses (4) for
small objects, where CLIP alone is unreliable, and (3) oth-
erwise. The confidence threshold in (3) and the small-object
rule in CAPE were tuned on the validation set to avoid
test-time bias. Across these strategies, the hybrid design in
CAPE aligns with observations from the main ablations: the
two models provide complementary strengths, CLIP-based
scoring refines semantic alignment for most objects, and
confidence-based cues are especially important for small or
ambiguous targets. This contributes to the strong gains seen
in the full model (Setup H).
Failures In Fig. 4, we present examples of failure cases.
In the first example (column), although our modelMH cor-
rectly detects the target object, CAPE selects the prediction
fromMW , which is incorrect in this case. In the second ex-
ample, both of our models, as well as the Touch-Line mod-
els, produce incorrect predictions. However, guided by the
pointing information, the predictions from MH and MW

lie on the pointing line and are very close to the GT object.
In contrast, the Touch-Line predictions are entirely off the
pointing line and significantly distant from the GT object.
In the third column, the bottles are extremely difficult to
distinguish, even with explicit pointing cues. Nevertheless,
the predicted bounding boxes cover other bottles adjacent
to the GT one, which is acceptable, as they overlap with the
pointing line and are semantically consistent with the text.

5. Conclusion
We address Embodied Reference Understanding by over-
coming the limitations of relying on a single pointing

MH
(Ours)

MW
(Ours)

CAPE
(Ours)

"the closed
laptop."

"the sanitizer." "water bottle."

Touch-
Line-VTL

Figure 4. Failure cases from different models. The sample images
are from YouRefIt dataset.

line, using our dual-model framework to leverage com-
plementary Gaussian ray heatmaps for richer supervision
and improved target detection. Combined through the
CLIP-Aware Pointing Ensemble (CAPE) and enhancing the
model with an auxiliary object center prediction, our ap-
proach achieves strong improvements on the YouRefIt, ISL
pointing, and CAESAR datasets. Our results demonstrate
that combining multiple pointing cues and in general, mul-
timodal signals, leads to more accurate and robust referent
understanding in complex visual scenes. Beyond empirical
gains, our work demonstrates a general principle of mul-
timodal cue integration: fusing complementary spatial and
semantic signals resolves ambiguities that single modalities
cannot, providing a principle for robust referent understand-
ing in complex visual scenes.

Limitations and Future Work The model occasionally
selects incorrect objects along the pointing direction due to
the absence of depth information, and the CNN backbone
limits bounding box precision. Future work could incorpo-
rate depth or 3D cues and adopt advanced backbones such
as Swin Transformers. Additionally, formalizing a theoreti-
cal framework for multimodal cue integration and exploring
adaptive weighting or attention mechanisms could further
improve flexibility and robustness, allowing the system to
optimally leverage multiple cues across diverse scenarios.
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