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Abstract

Collecting natural-language referring expres-
sions along with region annotations, such as
masks or boxes, is a major bottleneck in visual
grounding (VG), as annotators must write de-
scriptions that distinguish target regions from
visually similar ones. We tackle this by for-
mulating active learning (AL) for VG under
the realistic setting where only raw images are
available without accompanying text. Since
ground-truth text is unavailable, sample selec-
tion must estimate which images contain am-
biguous regions that would require discrimi-
native referring expressions. To address this,
we generate auxiliary region-text pairs using
foundation models, and introduce Referred
Region Ambiguity, a new acquisition func-
tion that measures whether the model’s con-
fidence collapses onto a single region or dis-
perses across multiple candidates. It allows
our method to prioritize images with strong
cross-region competition, which are more in-
formative due to their visual ambiguity. We
also design a referring-expression annotation
interface that helps annotators quickly focus
on writing discriminative language with a few
clicks. Experiments on RIS and REC bench-
marks show that our AL framework consis-
tently outperforms several AL baselines, while
a user study shows up to 1.6x faster descrip-
tion labeling of ours. Code is available at
https://github.com/junbum766/ALRIS.

1 Introduction

Deep learning models often require large amounts
of high-quality human annotations, making data
collection a major bottleneck. Active learning (AL)
addresses this issue by selecting the most infor-
mative unlabeled samples for annotation, reducing
labeling costs while maintaining performance. It
has been widely applied to computer vision tasks
such as image classification (Gal et al., 2017; Sener
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(a) Unrealistic AL scenario in Vision-Language (VL) domains (e.g., VQA)
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(b) Our realistic AL scenario in Visual Grounding (VG)
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Figure 1: Illustration of AL settings in vision-language
domains: (a) existing unrealistic scenario (Kim et al.,
2021; Lin and Parikh, 2017) in VQA assumes that costly
textual questions related to each image are already avail-
able in the unlabeled pool, whereas (b) our realistic
setting in VG considers a practical scenario where only
raw images are provided without textual descriptions.

and Savarese, 2018), object detection (Yang et al.,
2024; Lyu et al., 2023), and semantic segmenta-
tion (Cai et al., 2021; Hwang et al., 2023).
Despite its success in vision-only tasks, ac-
tive learning (AL) remains underexplored for text-
conditioned vision-language (VL) tasks such as vi-
sual question answering (VQA) and visual ground-
ing (VG). Existing AL studies mainly focus on
VQA and assume that image-text pairs are already
available in the unlabeled pool (Karamcheti et al.,
2021; Lin and Parikh, 2017; Kim et al., 2021), re-
quiring annotators only to provide answer labels
(Fig. 1a). This assumption is often unrealistic: real-
world unlabeled data typically consists of raw im-
ages, where both linguistic labels, such as questions
in VQA or referring expressions in VG, and their
corresponding labels (answers or referred regions)
must be annotated. Moreover, AL for VG tasks
such as referring image segmentation (RIS) and
referring expression comprehension (REC) has not
been explored despite their high annotation cost.
Another challenge in VG is that informativeness
is characterized differently than in standard vision-
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Figure 2: Illustration of informativeness in VG: (a) the model assigns high confidence to multiple regions, indicating
an informative sample, while (b) a referred one is solely activated by the model, showing low informativeness.

only tasks. In VG, the model must pinpoint one
referred region among many visually or seman-
tically similar candidates. Therefore, when the
model assigns high confidence to multiple regions
simultaneously, such samples are, in fact, highly
informative: they reveal exactly where the model
lacks fine-grained discriminative ability (Fig. 2).
However, existing acquisition functions designed
for segmentation or object detection fail to capture
this property, since they primarily select samples
with moderate overall confidence (e.g., pixel en-
tropy (Mackowiak et al., 2018), box-level confi-
dence (Choi et al., 2021)). As a result, cases where
the model strongly activates multiple regions are
mistakenly treated as low-informative, although
they correspond to informative VG samples.

In this paper, we introduce a new active learning
task for visual grounding that selects and annotates
samples directly from raw images, reducing man-
ual effort by labeling only a small number of highly
informative samples (Fig. 1b). First, to address the
lack of textual descriptions in the unlabeled im-
age pool, we generate auxiliary region-text pairs,
providing the required multi-modal input for a VG
model and sample selection. Second, to capture
VG-specific informativeness, we introduce a novel
acquisition function termed Referred Region Am-
biguity. This metric measures how the model’s
confidence is distributed across multiple candidate
regions instead of being concentrated in one re-
ferred region. Its high ambiguity indicates that
multiple regions are similarly plausible under the
same expression, exposing genuine ambiguity that
is worth labeling. By prioritizing such ambigu-
ous samples, our framework enables the VG model
to rapidly improve its fine-grained discriminative
capability with minimal annotation costs.

Furthermore, we propose an efficient referring-
expression annotation interface along with mask an-
notations for VG. Our interface first lets annotators
specify the target region, then assists expression
writing with region-aware top-k word suggestions.
Rather than typing full sentences from scratch, an-

notators construct distinct referring expressions by
sequentially selecting suggested top-k words rele-
vant to the target region with a few clicks, achieving
a significant reduction in the labeling cost.

Under the realistic AL scenarios in VG, our ac-
tive learning framework achieves state-of-the-art
performance over several AL baselines on both RIS
and REC benchmarks. Notably, the proposed label-
ing tool achieves up to 1.6 faster labeling speeds
for referring expression annotations, compared to
the naive labeling in a user study.

Our contributions can be summarized as follows:

* We introduce a new task setting for active learn-
ing in visual grounding, where sample selection
must be performed from raw images without pre-
existing image-text pairs, reflecting a realistic
data collection scenario.

* We propose a novel acquisition, Referred Re-
gion Ambiguity, built on auxiliary region-text
pairs, which selects ambiguous samples where
the model assigns high confidence to multiple
regions rather than a referred one, enabling faster
learning of fine-grained discrimination.

* We present an efficient referring-expression la-
beling tool with region annotations that reduces
annotation cost by reformulating expression con-
struction as a word-by-word click process.

* Our approach surpasses several AL baselines on
RIS and REC benchmarks while concurrently
delivering superior labeling efficiency in both
speed and annotation cost.

2 Related Work

Active Learning. Active learning (AL) reduces
annotation costs by selecting informative samples
from unlabeled data pools. Prior work has ex-
plored uncertainty (Wang and Shang, 2014; Gal
et al., 2017; Yoo and Kweon, 2019; Gwon et al.,
2025), diversity (Tran et al., 2019), and hybrid (Zh-
danov, 2019; Shui et al., 2020) criteria in im-
age classification, and then extended to detec-
tion (Choi et al., 2021; Lyu et al., 2023), segmenta-
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Figure 3: The proposed AL framework for visual grounding. We first generate auxiliary region-text pairs for all raw
images in the entire unlabeled pool (Sec. 3.2). Following this, iterative rounds of sample selection and labeling
begin. In each round, our referred region ambiguity (Sec. 3.3) scores the informativeness of all raw images by
utilizing their auxiliary region-expression pairs. The top-scoring images are then sequentially annotated via our
cost-efficient interface (Sec. 4) until the round budget is exhausted.

tion (Popp et al., 2025; Kim et al., 2023b, 2024a),
and VQA (Karamcheti et al., 2021; Lin and Parikh,
2017; Kim et al., 2021). However, VL AL typ-
ically assumes pre-existing language inputs. Al-
though ACTRESS (Kang et al., 2024) actively se-
lects pseudo labels for semi-supervised VG from
image-text pairs, it does not address human anno-
tation cost incurred in text modality. In contrast,
we study realistic active VG data collection from
raw images, where both target regions and referring
expressions are newly annotated.

Cost-efficient Annotation Tool. Reducing per-
sample labeling cost is crucial for AL efficiency.
Prior works have reduced visual annotation costs
for segmentation using superpixels (Colling et al.,
2020; Hwang et al., 2023) or foundation mod-
els (Kim et al., 2024a; Popp et al., 2025), but
mainly target mask annotation. In contrast, refer-
ring expression annotation remains largely unex-
plored despite a bottleneck in VG. To this end, we
introduce a first interface for referring expressions,
together with referred region annotations.

Visual Grounding. Visual grounding (VG) local-
izes regions from language, producing masks for
RIS (Kim et al., 2024b; Yu et al., 2024a) or boxes
for REC (Deng et al., 2023; Liu et al., 2023). Since
VG annotation requires both regions and detailed
expressions, prior work has reduced supervision
via weakly-(Kim et al., 2023a; Jin et al., 2023),
semi-supervised (Sun et al., 2023; Zang et al.,
2024), zero-shot (Yu et al., 2023), and pseudo-
labeling (Jiang et al., 2022; Yu et al., 2024b) ap-
proaches. However, their gap to fully supervised
methods (Yu et al., 2025; Xiao et al., 2024) high-
lights the value of human labels. In this work, we
explore active learning for VG to minimize annota-
tion cost while preserving human-label quality.

3 Active Learning for Visual Grounding

We introduce an active learning framework for vi-
sual grounding that reduces manual labeling costs
by selecting a small subset of informative raw im-
ages. Our goal is to identify challenging samples
where the model struggles to ground an expression
to the intended region among similar candidates.
Such ambiguity reveals the fine-grained discrimi-
nation required for VG. We describe the task setup,
auxiliary region-text pair construction, and our ac-
quisition function in this section.

3.1 Overall Framework

We start by formalizing the active learning task in
the context of visual grounding under a realistic
setting, where only raw images are available in an
unlabeled pool. Formally, let Z = {I1,..., I 7}
denote an unlabeled image set. The goal is to
iteratively select a subset of informative images
{1}, C T for human labeling at each round
r. To enable VG sample selection on raw images,
our framework begins with generation of auxiliary
region-text pairs (Sec. 3.2), where it produces aux-
iliary pairs for each text-less image to infer the
informativeness.

In every round r, our acquisition function
(Sec. 3.3) assesses informativeness scores of every
unlabeled image using its corresponding auxiliary
samples. Based on these scores, the top informa-
tive raw images {In}g;l C T are sequentially an-
notated by humans via our cost-efficient interface
(Sec. 4) until the round’s budget B, is exhausted.
These newly labeled samples D, are added to the
manually labeled set U:;ll D;, and then the VG
model 6,1 is retrained on these updated labeled
data | J;_, D; to begin the next AL round. The over-
all procedure is summarized in Algorithm 1 and
illustrated in Fig. 3. In the following sections, we
further elaborate on each step in more detail.



Algorithm 1 Proposed Active Learning Framework for VG

Require: Unlabeled image set Z, the number of AL rounds R, budget per round B, an initial model 6

1: Build a set of auxiliary pairs Dyyx on Z
cforr=1,2,...,Rdo

Score informativeness of all raw images VI € Z via 0,1 and Dy«
Annotate top-scored images with our annotation interface

> Sec. 3.2

> Sec. 3.3
> Sec. 4

Get the model 6, trained on labeled dataset U:Zl D;

: end for
: Return The final model 6y

2
3
4
5: Build a set of labeled images D, within budget B,
6
7
8

3.2 Generation of Auxiliary Region-Text Pairs

A core challenge in applying AL to VG lies in esti-
mating raw-image informativeness without textual
descriptions. We address this by generating a set
of auxiliary region-text pairs for each unlabeled
image, offering potential semantics to estimate its
informativeness. Specifically, for a given image I,
we extract a set of N potential regions {r&*} ¥
using Grounded-SAM (Ren et al., 2024) guided by
COCO 80 categories as semantic prompts, where
N depends on the number of detected regions.

Next, we generate corresponding auxiliary cap-
tions {t2*} & | using ViP-LLaVA (Cai et al., 2024)
for all regions, with each region highlighted by a
red box to guide generation. These region-caption
pairs form D, over the unlabeled pool Z, which
provide potential signals to score the informative-
ness of each raw image via the acquisition function
in the next subsection.

3.3 Acquisition Function

Our acquisition function, termed Referred Region
Ambiguity (Fig. 3), is designed to capture the
unique source of informativeness in VG: ambiguity
among candidate referred regions. While standard
acquisition functions measure uncertainty at the
pixel or box level (Mackowiak et al., 2018; Choi
et al., 2021), they overlook the cross-region compe-
tition induced by a referring expression. In contrast,
our method treats candidate regions as competing
referents and computes a region-level confidence
distribution for each auxiliary caption. It assigns
high scores when the model distributes confidence
across multiple plausible regions, revealing its dif-
ficulty in identifying the intended referent, and low
scores when confidence is concentrated on a single
region. This formulation directly targets the fine-
grained discrimination required in VG and provides
a more faithful informativeness signal than generic
vision-only acquisition criteria that do not account
for language-conditioned region ambiguity.

Given a raw image [ with its corresponding N
auxiliary pairs {(r®* t2%)}V where 73X is an
auxiliary region (i.e., a mask for RIS or a box for
REC) and t3"* is its corresponding caption, we
quantify how exclusively the model attends to the
intended region for each auxiliary caption. For each
caption t2**, the model produces a confidence map
(i.e., a final logit scoring map before thresholding
for RIS or attention map from the final decoder
layer for REC), p = 0(I,t3*) € R"*%. We then
compute region-level confidence scores 52 over N+
1 regions (/N auxiliary regions plus a background
region 7§"*) by averaging the confidence values
within each region, as follows:

. 1 . ‘
sh = Z Ploy) ER, Vi €{0,...,N},
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where pé@y) denotes the confidence score at the

pixel coordinate (x,y). These scores are normal-

ized with a softmax over all regions, producing a
exp(s;)

S o) € X

for the i-th caption. We then compute the normal-

ized entropy H,,(q") of g, as follows:

> i log(q?) .
log(N +1) ’

where H,,(q') is computed by taking the entropy
of ' and then dividing it by the maximum en-
tropy value over N + 1 regions, log(N + 1). A
higher value of H,,(q’) indicates greater ambiguity,
meaning the model assigns similar confidence to
multiple candidate regions rather than focusing on
a single dominant one.

Finally, the informativeness of an image I is then
computed by averaging H (q') over all its auxiliary
captions, as follows:

probability distribution q* =

Hy(q') = — (1

Awamex )

which we define as Referred Region Ambiguity.
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Figure 4: The proposed cost-efficient annotation interface. (a) target-mask specification, where the user refines a
presented mask by clicking on a desired region in sequence, and (b) text labeling interface, where the annotator
composes a referring expression for the green mask by clicking on suggested word candidates sequentially, with
the option to manually type a word if none of the suggested words are suitable. Demo videos are available in our
GitHub repository.

Images with the highest F(I) scores are then anno-
tated with our cost-efficient labeling tool (Sec. 4)
until the next AL round budget is exhausted.

4 Cost-efficient Annotation Interface

To mitigate annotation overhead in our AL pipeline,
we further present a cost-efficient tool for label-
ing referring expressions. As shown in Fig. 4, it
enables click-driven target-region annotation and
word-by-word expression construction via simple
clicks, avoiding labor-intensive mask drawing and
free-form text typing. We first detail our annotation
workflow and then present its cost measurement.
Target-Region Specification. We first specify
the target region to be described by a referring
expression. For RIS, annotators start from an auxil-
iary mask from Sec. 3.2 and refine it through simple
clicks, each selecting and merging a pre-extracted
SAM (Kirillov et al., 2023) mask. For REC, we
use two-click bounding-box specification.
Referring-Expression Annotation. For each fi-
nalized region, annotators construct a referring ex-
pression word by word, as shown in Fig. 4b. At
each step, the interface presents k suggested words,
which annotators can select with a click or replace
by choosing the ryping option. This process re-
peats until the expression is complete. The word
candidates are generated by a region multimodal
LLM (i.e., ViP-LLaVA (Cai et al., 2024)): at each
auto-regressive decoding step, the model predicts
the next-word distribution conditioned on the im-
age, region, and previously selected words, and the
top-k words are shown as clickable candidates.
Cost Measurement. We define each sample’s la-
beling cost as the sum of its region cost (mask for
RIS or box for REC) and text cost, computed as:
1) Target-region costs (Ciegion): for RIS, it is de-
fined as the number of clicks required to finalize
the mask labeling; for REC, it is fixed to two clicks
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(b) Referring-Expression Labeling Interface

to specify the diagonal corners of a single box.

2) Referring-expression costs (Ceyp): we define
this cost as the sum of each word selection cost
Cy, over an expression. For each word selection, if
the desired word appears in the top-k suggestions
with probability pg, the user selects it from k& + 1
options, costing logy(k + 1) bits. Otherwise, the
user selects the typing option with the same cost
and additionally pays a typing cost Ciype. Cype is
computed as the conditional information content
of typed letters, estimated by a frequency-based
letter-level 3-gram model. Formally,

logy(k + 1) + (1= pr)Ciype »

Click a word or typing option  Type a word manually

Cword =

n
where Ciype = — > logo pi(lilli-1,li—2),  (3)
i=1
and p;(l;|l;—1,1;—2) is the conditional probability
of letter /; given previous two letters. Statistics for
pr and py(l;|l;—1,1;—2) are in Appendix B.1.

5 Experiments

5.1 Implementation Details

For generation of auxiliary region-text pairs
(Sec. 3.2), We extract potential regions from
Grounded-SAM (Ren et al., 2024) using a con-
fidence threshold of 0.23, and limit the number of
extracted ones per image to 7. We then prompt
ViP-LLaVA (Cai et al., 2024) with the instruction
“describe the object in the red box” to generate the
corresponding expression. For acquisition func-
tion (Sec. 3.3), the background region is obtained
as the remaining area after excluding all extracted
instance regions. For cost-efficient annotation
interface (Sec. 4), we set the number of suggested
word candidates to £k = 5. The annotation inter-
face runs on a single RTX 3090 GPU. For the
experiments, we train DETRIS-B (Huang et al.,
2025) model for RIS and MaPPER-B model (Liu
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Figure 6: Comparison with the naive labeling and random acquisition on a REC task. The reported results are
averaged on the val and test (A,B) splits of each dataset. The annotation cost (x-axis) is calculated as the measured
cost of the acquired samples via used labeling tool divided by the total manual annotation cost of the dataset.

et al., 2024) for REC on two A6000 GPUs. In both
models, we follow the training configurations as
detailed in their respective models. Following pre-
vious AL works (Munjal et al., 2022), we train the
initial model on 1% random samples to address the
cold-start problem (Mahmood et al., 2021). The
GPU costs incurred by the auxiliary generation and
the annotation interface are in Appendix A.5.

5.2 Dataset and Metric

For dataset, we evaluate our active learning frame-
work on standard benchmarks for visual grounding
tasks (RIS and REC): RefCOCO (Yu et al., 2016),
RefCOCO+ (Yu et al., 2016), RefCOCOg (Mao
et al., 2016). Details on each dataset are in Ap-
pendix. For evaluation metric, we use standard
metrics for both RIS and REC. For RIS, we adopt
mloU (mean IoU), which is the average of the per-
sample IoU scores. For REC, we employ Prec @50,
which is an accuracy only when IoU is over 0.5.

5.3 Main Results

Referring Image Segmentation. In Fig. 5, we
compare the performance of our active learning
framework with random acquisition and naive la-
beling (i.e., polygon drawing for masks and manual
typing for expressions) on RIS benchmark under
annotation budgets of 2%, 5%, 10%, 20%, and
30%. The x-axis denotes the measured annota-
tion cost of acquired samples divided by the total
naive labeling cost of the dataset. For clarity, the re-
ported mloU results are averaged across the val and
test(A/B) of each RefCOCO(+4/g) and three inde-
pendent runs to ensure statistical significance. The

proposed acquisition outperforms random acquisi-
tion under both labeling settings (i.e., our efficient
tool and naive tool), while our annotation inter-
face delivers strong performance across all budgets,
proving its efficiency.

Referring Expression Comprehension. We also
present the performance of our method on REC
compared to random acquisition and naive labeling
(i.e., solely manual typing for expressions) under
10%, 20%, and 30% annotation budgets in Fig. 6.
Results are averaged over the val and test(A/B)
splits of RefCOCO(+/g) and three separate runs.
Our acquisition consistently outperforms random
selection, while our text annotation tool achieves
higher performance than the naive tool at the same
annotation cost, demonstrating its cost efficiency.

Comparisons on Acquisition Function. To iso-
late the effect of our acquisition, we compare
it with other baselines on RIS and REC us-
ing the number of selected region-text pairs as
the budget, removing the influence of labeling
cost efficiency. We consider random selection,
pixel-entropy (Mackowiak et al., 2018), and core-
set (Sener and Savarese, 2018), detailed in Ap-
pendix B.2. As shown in Figs. 7 and 8, our referred
region ambiguity consistently outperforms all base-
lines, demonstrating its effectiveness in selecting
informative VG samples.

Verification of Annotation Tool with User Study.
In Tab. 2, we empirically validate the efficiency of
our proposed labeling tool via a user study with
30 annotators on Amazon Mechanical Turk. We
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Figure 8: Comparisons with several acquisition baselines on a REC task. By comparing performance based on the
number of acquired instance-text pairs, we isolate the effectiveness of each acquisition from the annotation tool.

Acquisition | Labeling Interface Annotation Cost
. Average
Function [ Mask | Text 2% 5% 10% 20% 30%

31.20+1.08 45.04+£0.97 56.10+1.44 66.37+0.34 69.5310.25 53.65
/ 36.53i0_90 52.05i1423 60.84i0,56 68.20i0.14 70.6510.22 57.66
v v 38.08+0.52 54.09+1.30 62.7140.49 69.83+0.17 71.9240.40 59.33
v v 38.66+1.18 56.40+1.05 63.4210.44 70.01+0.24 72.371+0.31 60.17
v v v 45414107 58.941 56 66.22.10.51 71.7410.19 73.50+0.29 63.16

Table 1: Ablation study within proposed components. Additional analyses are provided in Appendix A.

Mask Labeling Referring-Expression Labeling . Annotation Budget Measured Cost
Tools - . - Ablations
Time (s) mloU | Time (s) Sen.-BERT Sim. CLIP Score 2% 10% 20% over Dataset
Naive 60.6 73.0 45.8 39.9 19.2 (a) Mask Annotations
Ours 9.9 80.4 28.6 444 222 Naive polygon 38.66 63.42 70.01 1,616,155
Table 2: User study comparisons with the naive labeling. Superpixel 4394 6480 7108 527,770
. . Pre-extracted SAM (ours) | 45.41 66.22 71.74 53,970
We involve 30 annotators from Amazon Mechanical -
X X (b) Text Annotations
Turk. Time (s) means the average time per sample. Naive typing 3808 6271 6983 | 6493300
. . . . . Sentence selection 40.18 64.34 70.16 2,814,811
compare it with the naive labeling approach (i.e.,  Word selection (ours) 4541 6622 7174 4238.677

polygon clicks for masks and manual typing for
text), using per-sample time and quality metrics, in-
cluding mlIoU for masks, Sentence-BERT (Reimers
and Gurevych, 2019) similarity between expres-
sions and ground-truth one, and CLIP score (Hes-
sel et al., 2021) between cropped images around
masks and expressions. Our interface achieves
faster annotation while maintaining high-quality
mask specification and referring-expression label-
ing. Examples of user-annotated samples for each
tool are visualized in Fig. 16 of Appendix C.1.

5.4 Ablation Study

We conduct ablation studies on RefCOCO for RIS,
reporting average mloU over the val, test(A/B)
splits to validate the effectiveness of our approach.

Effect of Each Proposed Component. Tab. |
presents the contribution of each component in
our AL framework. Starting from random acqui-

Table 3: Ablation on the annotation interface. Measured
cost denotes the total labeling cost required to label all
ground-truth data in RefCOCO with each tool.

sition with naive annotation, replacing random se-
lection with our referred region ambiguity notably
improves performance, especially under low bud-
gets. Adding efficient mask and text-labeling tools
further reduces annotation costs and improves per-
formance, with their combination yielding the best
results. Additional analyses (e.g., auxiliary regions
with other class vocabularies and GPU cost) are in
Appendix A.

Ablation in Annotation Interface. To confirm
the effectiveness of the proposed labeling interface,
Tab. 3 compares our tool with several baseline la-
beling strategies. For mask labeling, we compare
1) naive polygon, where the user clicks a series of
vertices around region boundaries, and 2) super-
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Figure 9: Ablation on the auxiliary generator. (a) we use GT labels as auxiliary pairs and (b) we use UnSAM (Wang
et al., 2024) (unsupervised model) for region generator and CoCa (Yu et al., 2022) (trained solely on web-crawled

data without human annotations) for text generator.

Qualit Auxiliary Region Generator Auxiliary Text Generator
Y GT mask Grounded-SAM UnSAM GT text ViP-LLaVA CoCa
mloU or Sim. 100 83.56 56.85 100 54.72 32.97

Table 4: Quality of auxiliary pairs generated from the auxiliary generators in the ablation (Fig. 9b). For the region
quality, we use mloU with the ground-truth masks. For the text quality, we use Sentence-BERT (Reimers and

Gurevych, 2019) similarity with the ground-truth text.

pixel (Van den Bergh et al., 2012), where the user
selects over-segmented superpixels to produce a
mask. Compared to them, our mask tool, based on
pre-extracted SAM masks, achieves the best results
across all budgets and the lowest mask click cost,
demonstrating its superiority. For text labeling,
we compare 1) manual typing, where annotators
manually write full sentences from scratch, and
2) sentence selections, where annotators select the
most suitable expression among several MLLM-
generated candidates. Our word-level selection
approach with MLLM-guided decoding achieves
the highest performance with the reduced manual
effort over all compared methods, enabling more
high-quality and faster text labeling, as validated
in the user study (Tab. 2).

Ablation on Auxiliary Generator. To examine
the sensitivity of our active learning framework to
auxiliary generators, we conduct ablations using
diverse auxiliary sources in Fig. 9. When using the
ground-truth annotations as auxiliary region-text
pairs (Fig. 9a), our AL method consistently remains
robust. For the other generators (Fig. 9b), we use
UnSAM (Wang et al., 2024) (unsupervised model)
for region generator and CoCa (Yu et al., 2022)
(with the weights trained solely on web-crawled
data without human annotations) for text genera-
tion. Despite quality differences among auxiliary
sources (Tab. 4), our active learning framework
consistently maintains robust performance. These
results indicate that our approach is not sensitive to

the auxiliary generators. We attribute this robust-
ness to the role of auxiliary pairs as candidate pro-
posals for acquisition rather than final supervision;
active learning mainly depends on the relative rank-
ing of informative candidates, so moderate noise in
masks or text often does not substantially change
the priority of selection.

5.5 Qualitative Analysis

Analysis on Selected Samples via Acquisition.
To highlight that our acquisition selects more com-
plex VG images, we present qualitative examples
of selected images in Fig. 10 and a statistical analy-
sis in Fig. 11 compared with pixel-entropy (Mack-
owiak et al., 2018) and coreset (Sener and Savarese,
2018). Our method often selects images with visual
similar regions, which is a hard scenario that can
confuse the model, and thus promotes its discrimi-
nation capability. For a statistical comparison, we
measure the feature similarity between the referred
region and all other regions within an image, and
then average this over all selected samples. The
high similarity achieved by our acquisition con-
firms the presence of many visually similar distrac-
tors in the selected samples, indicating that ours
effectively prioritizes challenging VG samples.

Analysis of Referred Region Ambiguity. In
Fig. 12, we visualize the process of computing our
informativeness score and compare it with the pixel-
entropy (Mackowiak et al., 2018). Pixel-entropy
estimates the informativeness by averaging the en-
tropy values (visualized in the figure) across all pix-
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Figure 10: Visualization of selected images compared with other acquisition functions. Paired ground-truth region-
text annotations are denoted by matching colors. More visualization are present in Fig. 20 of Appendix C.4.
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Figure 11: Statistical comparison of selected pool
with other methods. The measured similarity is
the average feature similarity between the referred
region and all other regions within the image, cal-
culated across all samples in the selected pool.

els in the confidence map. In contrast, our referred
region ambiguity quantifies the region-level ambi-
guity (also visualized in the figure) from region-
wise confidence scores, and then averages these
region-wise entropy values. By focusing on region-
level scores, our approach effectively selects com-
plex yet informative VG examples. More visualiza-
tion are provided in Fig. 18 of Appendix C.5.

6 Conclusion

In this paper, we present a novel active learning
framework for visual grounding that operates un-
der the realistic setting of a purely raw-image pool
by utilizing auxiliary region-text samples as poten-
tial signals. By estimating VG-specific informative-
ness via our tailored acquisition and simplifying the
labor-intensive labeling process via the proposed
interface, our approach significantly reduces over-
all manual effort while consistently outperforming
all AL baselines on RIS and REC benchmarks.

7 Limitations

While our annotation tool reduces human labor
costs, it introduces additional GPU overhead. In
particular, generating word-level suggestions with
multimodal LLMs during annotation requires ex-
tra GPU memory and computation, as analyzed
in Tab. 9 of Appendix A.5. Since our annotation
tool is designed to reduce human labeling costs,

Image

”pmk fllled donut with red dot"

“a car with only its rear end visible” Avg. score : 0.03 Avg score : 0.7

Ours

GT region  Pixel-entro

Avg. score: 0.08 Avg. score : 0.76

--

Figure 12: Qualitative analysis on the process of computing
the informativeness score compared to pixel-entropy. The
pixel-entropy displays a raw entropy map derived from the
confidence map, while ours shows the measured region-wise
entropy computed from region-wise confidence distribution.

we do not explicitly consider the GPU costs in-
curred by the tool in its design. However, these
costs are marginal, as the interface runs on a single
RTX 3090 and requires only modest computation
compared to the saved human labor. Overall, our
tool reduces the annotation cost from $18,296 with
naive labeling to $6,752, achieving a 2.7x cost
reduction. We leave GPU-aware annotation-tool
design for future work.

8 Ethical Consideration

Our work aims to reduce human annotation burden
in visual grounding. Since our annotation tool in-
volves human annotators, they should be clearly
informed of the task and fairly compensated. Al-
though our interface reduces repetitive manual ef-
fort, human verification remains important to en-
sure accurate and unbiased referring expressions.
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A.1 Comparisons on Ambiguous Subset

Our acquisition function focuses on ambiguous
cases, where several objects similar to the target
appear in the same image. To verify that it effec-
tively improves the model’s ability to distinguish
the target from similar ones, we evaluate the RIS
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model trained under various acquisitions on an am-
biguous subset in Tab. 5. We construct this sub-
set from a val split of RefCOCO by selecting 100
heavily confused images that contain more than
three objects of the same class (provided in the
ground-truth labels). Our approach yields the best
performance and among the smallest relative per-

# of Instances
Acquisition 2k Sk 10k
All Subset All Subset All Subset
Random 38.46 32.93 (-14.4%) 55.64 48.80 (-12.3%) 65.23 60.89 (-6.7%)
Coreset 33.54 30.51 -9.0%) 53.77 43.82 (-18.5%) 64.33 54.73 (-14.9%)
Pixel-entropy 39.25 35.74 (8.9%) 56.62 48.04 (-15.2%) 65.48 60.56 (-7.5%)
Ours 49.23 47.03 (-4.5%) 62.91 58.49 (7.0%) 68.96 64.00 -7.2%)

Table 5: Comparisons with several acquisition baselines on an ambiguous subset of 100 highly complex images,

each containing more than three objects of the same class.



. # of Instances
Acquisition
2k 5k 10k
PPAL (Yang et al., 2024) 36.77 55.59 65.98
Learning Loss (Yoo and Kweon, 2019) 39.79 54.82 64.03
Referred Region Ambiguity (ours) 49.14 | 6198 | 67.94

Table 6: Comparisons with additional acquisition baselines for a RIS task on the validation set of RefCOCO.

QaTa-COV19 MosMedData+

Acquisition # of instances # of instances
Ok’ 0.1k 0.5k 1k Ok’ 0.1k 03k 0.5k
Random 4872  60.47 64.09 39.27  46.89  49.52
Coreset 1293 46.96  61.01 64.28 450 37.17 45,60  48.57
Pixel-entropy 48.95 59.16  64.22 37.10 4622  47.54
Ours 49.79 6291 65.40 39.68 47.12  50.26

Table 7: Adaptation results on medical domains compared with several acquisitions. T denotes the zero-shot results

of the RIS model fully-trained on RefCOCO.

—— COCO 80 classes
50 —@— Generic 46 classes

2000 5000 10000

The number of Instances

15000

Figure 13: Comparison with different class sets for the
auxiliary region extraction (Sec. 3.2 in the manuscript)
on RefCOCO dataset for a RIS task. Each class set
is prompted into Grounded-SAM to extract auxiliary
regions. The generic 46-class set is shown in Tab. 8.

formance drops (%) on this subset, highlighting
that it indeed enhances the discriminative ability in
complex scenes. The qualitative results of predic-
tions for each method on this set are visualized in
Fig. 19.

A.2 Comparisons with Additional Acquisition

In Tab. 6, we compare our referred region ambigu-
ity with additional acquisition baselines, including
PPAL (Yang et al., 2024) and Learning Loss (Yoo
and Kweon, 2019), on the RefCOCO validation set
for a RIS task. To isolate the effect of acquisition
from annotation tools, we evaluate all methods us-
ing the number of acquired samples as the budget.
Our acquisition achieves the best mloU, consistent
with the results in Fig. 7 of the main manuscript.
These results further demonstrate the effectiveness
of our acquisition in improving the fine-grained
discriminative ability required for VG.

Generic 46-class set

person, animal, pet, bird, mammal, sea creature, insect,
vehicle, car, truck, motorcycle, bicycle, aircraft, watercraft,
furniture, appliance, electronics, kitchenware, decoration,
clothing, footwear, accessories, bag, jewelry, food, fruit,
vegetable, meal, snack, beverage, ingredient, tool, utensil,
sports equipment, musical instrument, device, outdoor ob-
ject, sign, light, plant, building element, object, container,
item, product, material

Table 8: List of a generic 46-class set, constructed by
abbreviating Object365 categories using ChatGPT.

A.3 Adaptation Results on Medical Domains

To examine how well our AL framework efficiently
supports the domain adaptation, we fine-tune the
RIS model (pretrained on RefCOCO) on medical
domains with various acquisitions in Tab. 7. We
conduct experiments on two medical referring im-
age segmentation datasets: QaTa-COV19 (Degerli
et al., 2022) (5,716 train samples) and MosMed-
Data+ (Vladzymyrskyy et al., 2020) (2,183 train
samples). Due to a large domain gap (leading to
poor zero-shot results), other methods may be less
reliable, making random selection a competitive
baseline. Nevertheless, our acquisition exhibits
faster adaptation than all the compared methods,
suggesting its effectiveness in the data-sparse do-
mains with few samples.

A.4 Auxiliary Region with Other Class

In Generation of Auxiliary Region-Text Pairs
(Sec. 3.2 of the main manuscript), we prompt
COCO (Lin et al., 2014) 80 classes into Grounded-
SAM (Ren et al., 2024) to extract auxiliary regions
across all unlabeled images. To further validate the



Types Generation of Annotation Total GPU
P Auxiliary Pairs Cost Memory
GPU overhead (w/ ours) 16 hours 844 hours $120.4 8.5GB
Human labor (w/ ours) - 844 hours $6,752 -
Human labor (w/o ours) - 2,287 hours $18,296 -

Table 9: Comparisons of total annotation cost in U.S. dollars, including GPU overhead and human labor in our
approach, compared with the standard baseline with naive labeling and random selection. GPU cost is estimated
using an RTX 3090 at $0.14/hour on Vast.ai, and human labor cost is calculated assuming an hourly wage of $8/hour.

—— Naive approach
—&— Ours
L Ours + GPU cost

2 5 10 20
Annotation Cost (%)

Figure 14: Comparisons under a fixed U.S. dollar budget
that accounts for the GPU overhead in our approach.
The cost estimates are summarized in Tab. 9.

generality of our method beyond COCO 80 cate-
gories, we conduct auxiliary region extraction with
a more generic 46-class set and report the mloU
results under varying numbers of labeled instances
on RefCOCO dataset (averaged over val, testA, and
testB results for a RIS task) in Fig. 13. To construct
the generic 46-class vocabulary, we aggregate the
fine-grained Object365 (Shao et al., 2019) cate-
gories into 46 broader superclasses using ChatGPT.
The performance gap between a COCO 80-class
set and a generic 46-class set is minimal, indicating
that our method is robust to the choice of object
vocabulary used for generating auxiliary regions.

A.5 Analysis on GPU Cost

The proposed AL framework introduces additional
GPU overhead beyond the standard model training
in two parts: (1) generating auxiliary region-text
pairs using Grounded-SAM (Ren et al., 2024) and
ViP-LLaVA (Cai et al., 2024), and (2) supporting
annotation by running ViP-LLaVA in the text label-
ing interface for text annotation and pre-extracting
SAM (Kirillov et al., 2023) masks offline for the
region labeling. In this subsection, we quantify
these additional GPU costs in U.S. dollars (Tab. 9),
compare them with human labor costs, and report
experiments that explicitly account for resulting
GPU overhead from both components (Fig. 14).

GPU Overhead in Generation of Auxiliary Pairs.
To generate auxiliary pairs, we use a single RTX
3090 GPU rented from Vast.ai at $0.14/hour. We
run Grounded-SAM for 4 hours to produce auxil-

iary regions and ViP-LLaVA for 12 hours to gener-
ate auxiliary expressions, resulting in a total of 16
GPU hours. This corresponds to an overall cost of
$2.24 (16 hours x $0.14/hour).

GPU Overhead in Labeling Interface. For text
annotation, running ViP-LLaVA in the labeling in-
terface requires 840 GPU hours on a single RTX
3090, computed from the per-sample latency in the
user study (Tab. 2) of the main manuscript over the
entire 42,404 RefCOCO samples. At $0.14/hour
on Vast.ai, this amounts to $117.6. For region an-
notation, we pre-extract SAM masks offline, which
takes 4 GPU hours on the same GPU and costs
$0.56. In total, the labeling interface requires 844
GPU hours, corresponding to a total GPU cost of
$118.16. In addition, our labeling tool still requires
human annotation, assuming an hourly wage of
$8, the 844 hours of human labor correspond to
$6,752, as reported in Tab. 9. We also report the
incurred GPU memory (GB) of ViP-LLaVA-7B on
an NVIDIA RTX 3090 GPU in Tab. 9.

Compared to the Human Labor Costs. To com-
pare these costs incurred in our approach with hu-
man manual labeling costs, we estimate the total
annotation time for all 42,404 RefCOCO samples,
based on the per-sample latency reported in the user
study (Tab. 2) of the main manuscript. The naive
polygon drawing for the region annotation requires
761 hours, while manually typing full sentences for
the text annotation demands 1,526 hours. In total,
this amounts to 2,287 hours of human labor. As-
suming an hourly wage of $8, the total human labor
cost is $18,296, which is substantially higher than
the GPU cost incurred by our labeling interface and
auxiliary region-text generation. In Fig. 14, we fur-
ther report results under a fixed U.S. dollar budget
(%) that accounts for GPU costs, comparing naive
labeling with random acquisition against our label-
ing with our acquisition. Despite the additional
GPU overhead in our approach (Tab. 9), the results
in Fig. 14 show that our method remains more cost-



# of Instances

Acquisition

2k 5k 10k
Random 37.79 54.36 63.87
DINOV?2 region similarity 46.20 56.00 65.36
Max-region selection 46.32 59.99 66.86
Referred Region Ambiguity (ours) 49.14 61.98 67.94

Table 10: Comparisons with acquisition baselines that rely only on visual similarity or object density, for a RIS task

on the validation set of RefCOCO.

Modeled Cost Measured Time
Interface - - - -
Bits Reduction Time (s) Reduction
Naive typing 6,493,300 0.0% 45.82 0.0%
Sentence selection 2,814,811 56.7% 21.10 53.9%
Word selection (ours) 4,238,677 34.7% 28.61 37.6%

Table 11: Validation of the bit-based text annotation cost. We compare the reduction in the modeled bit cost with
the reduction in the annotation time measured in user studies, both relative to naive typing.

effective under the same budget. This is because
the additional GPU cost is minimal compared with
the human labor cost required for large-scale man-
ual annotation.

A.6 Comparisons with Visual-Similarity
Baselines

To examine whether the gains of our acquisition
arise primarily from selecting images that contain
many visually similar objects, we compare referred
region ambiguity with two additional baselines that
rely only on visual signals. For DINOv2 region
similarity, we extract DINOv2 (Oquab et al., 2024)
features for all candidate regions in an image and
use their average pairwise cosine similarity as the
acquisition score. For max-region selection, we
rank images by the number of regions proposed by
Grounded-SAM (Ren et al., 2024), prioritizing im-
ages with more candidate objects. Tab. 10 reports
the results on the RefCOCO validation set for a
RIS task, following the protocol of Appendix A.2.
Both baselines outperform random selection, sug-
gesting that visual similarity and object density
are useful acquisition signals. However, they con-
sistently underperform referred region ambiguity
across all annotation budgets. These results in-
dicate that our gains cannot be explained solely
by selecting images with many visually similar
objects. Rather, our criterion captures language-
conditioned, model-specific uncertainty, i.e., cases
in which the current grounding model cannot re-
liably distinguish the referred target from similar
candidates given the expression.

A.7 Validity of the Bit-Based Cost Model

To further examine the validity of the bit-based
text annotation cost (Eq. (3) in Sec. 4 of the main
manuscript), we conduct an additional user study
for the sentence-selection interface in Tab. 3 on
Amazon Mechanical Turk. Twenty annotators each
label 10 samples, yielding 200 annotations in to-
tal. We compare the reduction in the modeled bit
cost with the reduction in the measured annota-
tion time, both relative to naive typing. As shown
in Tab. 11, the modeled bit-cost reduction of sen-
tence selection closely aligns with the measured
time reduction (56.7% vs. 53.9%), and a similar
agreement is observed for our word-selection in-
terface (34.7% vs. 37.6%). Although the model
cannot capture every aspect of human effort, these
consistent trends across both interfaces provide ad-
ditional evidence that it is a reasonable proxy for
the relative annotation cost.

A.8 Analysis on Collected Expressions

Beyond the annotation time and similarity metrics
in Tab. 2, we further analyze the referring expres-
sions collected with naive typing and with our inter-
face in the user study. Tab. 12 reports the following
statistics. We use ChatGPT to categorize the words
in each expression as attributes, spatial relations,
or object categories, and report their proportions.
We measure diversity using the Vendi Score (Fried-
man and Dieng, 2023), which quantifies the se-
mantic diversity of the collected expressions based
on LLM embeddings. To assess ambiguity, we
conduct a paired comparison in which ChatGPT
identifies the more ambiguous expression between
those produced by naive typing and our interface.



Word Type . - .
Tool Avg. Len. D t Ambiguit lit Refer. Acc.
00 vg. Len Atiribute _ Spatial _Category iversity T mbiguity | | Quality 1 efer. Acc. 1
Naive typing 12.0 23.6% 15.8% 9.8% 20.33 55.5% 3.88 34.70%
Ours 6.2 23.2% 17.4% 17.4% 17.71 44.5% 3.95 65.30%

Table 12: Language-side analysis of the referring expressions collected with naive typing and with our interface. Avg.
Len. is the average number of words. Word Type is the proportion of attribute, spatial-relation, and object-category
words. Diversity is the Vendi Score (Friedman and Dieng, 2023). Ambiguity is the ratio of being judged as the more
ambiguous expression in a paired comparison. Quality is a human-rated five-point score from 90 annotators. Refer.
Acec. is the ratio of being judged as the expression that more accurately refers to the target.

For human-rated quality, we conduct an additional
user study with 90 annotators from Amazon Me-
chanical Turk, where each annotator evaluates 20
expressions and rates their quality on a five-point
scale. To assess referring accuracy, we ask Chat-
GPT to identify which expression more accurately
refers to the target object.

Naive typing yields a higher diversity score,
likely because its expressions are longer and con-
tain more concepts. However, our manual inspec-
tion shows that some of these annotations describe
the overall image rather than the target region. For
example, one annotation states: “Three ladies are
seated close together on a sofa; one is using head-
phones to unwind, another is wearing a robe and
face mask and using a laptop to examine her fin-
gernails, and a fourth figure is depicted as a blue,
overlaid silhouette sitting on the right.” This ex-
pression describes the overall scene and includes
inconsistent details rather than clearly identifying
the target region. Such errors may increase diver-
sity but also reduce clarity and increase ambigu-
ity. In contrast, our interface produces clearer and
more target-focused expressions, as reflected in the
lower ambiguity, higher human-rated quality, and
substantially higher referring accuracy.

B Additional Details
B.1 Theoretical Text Annotation Cost

In our text annotation cost measurement (Eq. (3)
in the main manuscript, rewritten below for con-
venience), we rely on two types of probabilities:
(1) the probability py, that a user-desired word ap-
pears among the suggested candidates in the anno-
tation interface (i.e., top-k coverage probability),
and (2) the conditional probability of a letter given
the previous two letters, p;(l;|li—1,li—2) (i.e., tri-
gram probability). In this subsection, we provide
detailed statistics and empirical measurements for

these two probabilities.

Cword = 10g2(k + 1)
———

Click a word or typing option

+ (1_pk’)ctype s
~————

Type a word manually

where Ciype = — Z logy pr(lilli—1,li—2).
i=1

Top-k Suggestions in Text Annotation Tool. To
estimate top-k coverage probability pi, we measure
the top-k accuracy of the k-word suggestions pro-
duced by our text annotation tool on the RefCOCO
dataset. At each step of the annotation process, we
mark the prediction as correct if the ground-truth
next word appears within the top-k suggested can-
didates. The ratio of correct predictions across all
steps yields the observed top-k accuracy, which
we use as pg. As shown in Tab. 13, p; naturally
increases as k grows. However, the overall mea-
sured cost still increases because selecting from a
larger candidate set incurs a higher option cost, rep-
resented by the logy (k+1) term. We choose k = 5
as it provides a more intuitive word selection while
achieving the lowest measured annotation cost.

Conditional Probability of Letters. For the
trigram conditional probability of a letter,
pi(li|li—1,1;—2) in Eq. (3) of text cost measurement,
we use letter-level 3-gram frequencies measured
from approximately 4.5 billion characters of En-
glish text (we use the English letter frequency data
presented in (Practical Cryptography)). For the first
and second letters of a sequence, we use 1-gram
and 2-gram frequencies, respectively. Subsets of
these letter frequencies are shown in Tab. 14.

B.2 Acquisition Baselines

We conduct acquisition comparisons with pixel en-
tropy (Mackowiak et al., 2018) and coreset (Sener
and Savarese, 2018) in Fig. 7 (RIS) and Fig. 8
(REC) of the main manuscript. In this subsection,
we provide a detailed implementation for each of
the compared baselines.



. Top-k candidates
Metric
3 5 (ours) 10 20
Accuracy (%) 56.48 61.75 67.10 71.21
Measured Cost | )7 759 4238677 4324874  4.524.190
over Dataset

Table 13: Text annotation costs and accuracy across varying k suggested word candidates in our text annotation
interface for estimating pj, which represents the top-k accuracy of including the ground-truth next word among the

suggested k candidates over the RefCOCO dataset.

1-gram 2-gram 3-gram
Rank Letters Probability Letters Probability Letters Probability
1 E 0.1210 TH 0.0272 THE 0.0181
2 T 0.0894 HE 0.0234 AND 0.0073
3 A 0.0855 IN 0.0204 ING 0.0072
4 (6} 0.0747 ER 0.0179 ENT 0.0042
5 I 0.0733 AN 0.0162 ION 0.0042
6 N 0.0717 RE 0.0142 HER 0.0036
7 S 0.0673 ES 0.0133 FOR 0.0034
8 R 0.0633 ON 0.0132 THA 0.0033
9 H 0.0496 ST 0.0126 NTH 0.0033
10 L 0.0421 NT 0.0118 INT 0.0032

Table 14: Top-10 most frequent letter n-grams with their probabilities. We use the English letter frequency data

presented in (Practical Cryptography).

Pixel Entropy. This method is a conventional ac-
quisition function widely used in active learning
for segmentation (Mackowiak et al., 2018; Li and
Alstrgm, 2020; Siddiqui et al., 2020). It quantifies
the informativeness of an auxiliary region-text pair
by measuring how uncertain the model’s prediction
is at the pixel level, and it selects region-level sam-
ples for human annotations instead of image-level
in ours. Pixel entropy outputs high informative-
ness when the model’s confidence map is uniformly
spread across the whole image with moderate val-
ues (e.g., probability near 0.5). Conversely, if the
model confidently activates the whole image with
the lowest or highest values (i.e., probability near
0.0 or 1.0), it outputs low informativeness. We
adapt this method for both RIS and REC models,
as follows.

1) RIS model: Given a specific auxiliary pair
(r*™*, %), we obtain a confidence map (i.e., a fi-
nal logit scoring map before thresholding), p' =
O(I,t**) € R"™_ We then apply a sigmoid func-
tion to convert these logits into a pixel-level proba-
bility map, as follows: p = o (p) € [0,1]"*%. The
binary entropy H (z,y) at each pixel (z, y) is defined
as:

Hy ) = = D(ay) 108(D(a,y))

- (1 - ﬁ(a},y)) lOg(l - ﬁ(w,y))7 (4)

where H, (z,y) 1s the binary entropy at pixel coordi-
nate (z, y) conditioned on a given auxiliary caption
t**_ The final informativeness score E(r®"*, t2"%)
for an auxiliary pair is obtained by averaging this
pixel-level entropy H (z,y) across all h X w pixels,
as follows:

E(raux7 tauX) —

1 h w .

P Yy ©
rz=1y=1

Based on this E(r®"*, t***) score computed for all

auxiliary pairs, we select the top-scoring auxiliary

region-text pairs and annotate them at the region-

level sample.

2) REC model: Unlike RIS models that directly
generate segmentation masks from a probability
map, REC models predict bounding boxes by pass-
ing only the [CLS] token through an MLP layer,
making pixel-level entropy inapplicable. Instead,
we leverage the attention map A € R"*"™ extracted
from the final decoder layer, conditioned on the
given auxiliary caption t** and image I. We com-
pute the normalized entropy H,, of this attention
map and then average across all N auxiliary cap-
tions, as follows:

ZZ:l Z;l):l Ay IOg(A(x y))

Hn(4) = - log(h x w) —
(0)




where A, ) is an attention score at a pixel coordi-
nate (z,y). We use this H,,(A) as a pixel-entropy
score for each auxiliary pair in a REC model. We
then select and annotate the auxiliary pairs with the
highest H,,(A) scores sequentially.

Coreset. This method aims to select diverse sam-
ples from an unlabeled pool to maximize coverage
of acquired samples. To achieve this, it first ex-
tracts feature representations for all auxiliary pairs
in the unlabeled auxiliary region-text pair set Dy,
and then iteratively selects the auxiliary pair whose
feature is farthest from the features of all currently
labeled region-text pair set D.

Formally, given a specific auxiliary caption
with its image (for a labeled case, we use a ground-
truth expression instead of an auxiliary caption),
we extract the feature representation of a given
auxiliary caption from the model encoder ¢y, as
follows:

tallX

F = eenc(lataux) c thwxd7 (7)

where h, w are the size of the feature map and d
is a feature dimension. The resulting feature map
F' is then aggregated via spatial pooling and /-
nprmalized to obtain the final image feature vector
Z:

h w
D o=t Zy:l F(z,y)

Z:i where Z =
h X w

121"

e RY,
(8)

and F(, ) denotes the feature at a pixel coordi-

nate (x, %). This normalized feature vector Z rep-
resents the auxiliary pair feature and is used for
distance calculation. For each unlabeled auxiliary
pair, we compute its minimum distance over all
labeled region-text pairs in the acquired pair set
D,:

dj = kl"ggz 1Z; — Zk|l2 ©)

where k denotes the index for the labeled pairs. We
select the auxiliary pair with the maximum distance
to the current labeled set:

(10)

*
m~ = arg maxd,

& jey

where m* is a selected index over all auxiliary
pairs in the unlabeled pairs set D;;. We add it to
the labeled set, Dy < D U {(riX, t2%)} with
its annotations and an image. We then update the

distances for all remaining auxiliary pairs: d; <
min(dj, | Zj—Zm-|), V5 € {1,..., [Dul}\{m*}.
This process iteratively continues until the round
budget is exhausted.

B.3 User Study

To verify the efficiency of the proposed annotation
interface, we conduct a user study with 30 annota-
tors from Amazon Mechanical Turk in Tab. 2 of the
main manuscript. In this subsection, we provide the
details of the user study. Each annotator is required
to complete annotations for 10 images, following
the instructions in Fig. 15; the instructions also in-
clude example videos for easy understanding. We
record the time required to annotate both the mask
and referring expression and save the annotation
results (Fig. 16) to compare the quality with the
ground truth labels. Besides our proposed inter-
face, we also conduct the same user study for a
naive annotation (i.e., polygon drawing for masks
and manual typing for expressions) to evaluate the
benefits of our proposed tool. The example videos
using our labeling interface are provided in our
GitHub repository.

B.4 Dataset

RefCOCO. RefCOCO (Yu et al., 2016) provides
images paired with masks or boxes and their cor-
responding referring text. This is created using
the ReferltGame (Kazemzadeh et al., 2014), where
one player writes a textual description for a specific
instance, and a second player locates the correct ob-
ject based on that description. The dataset contains
142,210 expressions referring to 50,000 instances
across 19,994 images. These instances are divided
into the following splits: 42,404 for a training set,
3,811 for a validation set, 1,975 for a testA set, and
1,810 for a testB set. The expressions in RefCOCO
are typically concise and often include directional
instructions, such as “left” or “right”, to disam-
biguate similar objects.

RefCOCO+. RefCOCO+ (Yuetal., 2016)is con-
structed using the same ReferltGame (Kazemzadeh
et al., 2014) method as RefCOCO. The difference
in textual form is that it explicitly prohibits the use
of positional terms. This constraint forces the ex-
pressions to be based primarily on object attributes,
such as clothing color or object size. This dis-
tinction allows researchers to evaluate a model’s
performance on attribute comprehension, separate
from its understanding of spatial cues. It includes


https://github.com/junbum766/ALRIS

Annotation Task Instruction

Important: This task MUST be completed on a desktop or laptop computer with a mouse. It will not work on a mobile
phone or tablet.

How to complete this task:

1. Click the link below to go to our annotation website.

2. For each image, you will perform a two-step annotation task:
- Step 1: Complete the Instance Mask by Clicking on a Desired Region (For Only One Object!). You will see an
object highlighted with an initial, incomplete green mask. Your goal is to make this mask perfect by clicking on
other segments of the same object until the entire object is fully covered by the green highlight. Important:
You must create ONE complete object mask - all selected segments should belong to the same single object.
Once the mask is complete, click the "save&continue" button.

Image" button.
3. Repeat this process for all 10 images.

Example:

- Step 2: Describe the Object by Clicking Suggested 5 Words Step-by-step. You will now write a sentence to
describe the highlighted object. Interact with our Al assistant by clicking on suggested words to build your
sentence step-by-step. Important: Your description must be specific and unique enough to distinguish this
object from ALL other objects in the image. Think about what makes this particular object different (e.g., its
position, color, size, or distinctive features). When you are satisfied with the sentence, click the "Finish & Next

4. After completing the final image, the website will display a unique completion code.
5. Copy that code and paste it into the submission box at the bottom of this page to receive your payment.
Make sure to leave this MTurk window open as you complete the task.

Describe the object in the green mask.

Current caption:
the man
D

on with in
we is type word
Foin & N e

Annotation Website Link:

Provide the completion code here:

https://belongs-driven-institute-easily.trycloudflare.com/

Figure 15: Annotation task instructions for the user study on Amazon Mechanical Turk.

141,564 expressions for 49,856 instances across
19,992 images. These instances are divided into
42,278 for a train set, 3,805 for a val set, 1,975 for
a testA set, and 1,798 for a testB set, following a
similar split structure to RefCOCO.

RefCOCOg. RefCOCOg (Nagaraja et al., 2016)
is characterized by much longer expressions, aver-
aging 8.43 words per expression, compared to 3.61
and 3.53 words for RefCOCO and RefCOCO+, re-
spectively. Therefore, it demands a model’s ability
for more complex and contextual comprehension
and is commonly used to evaluate multi-modal
reasoning under longer linguistic context. Com-
pared to RefCOCO and RefCOCO+, which are
built on ReferltGame (Kazemzadeh et al., 2014),

RefCOCOg is collected via Amazon Mechanical
Turk. This dataset includes 95,010 expressions
for 49,822 object instances across 25,799 images.
These instances are separated into 42,226 for a train
split, 2,573 for a validation split, and 5,023 for a
test split.

C Additional Qualitative Results
C.1 Examples of User Study Results

We conduct a user study with 30 annotators from
Amazon Mechanical Turk in Tab. 2 of the main
manuscript. In Fig. 16, we provide qualitative ex-
amples of those results compared with the naive
labeling tool (i.e., polygon drawing for masks and
manual typing for expressions). The masks an-



Naive Annotation Interface

Cost-efficient Annotation Interface (ours)

Image Mask Expression

“catching ball”

“A man catch the ball”

“a man playing baseball”

Mask Expression

“the person who is falling down”
“the player who jump”

“the player falling down”

Expression

“navy blue short”

“the man on left”

”a skater doing a trick"

Expression
“the person is skating"
“the man is performing trick”

“the person doing a trick with their
board”

Expression

"A little girl is sleeping"
"A girl laying on the luggage"

"the girl was going trip"

Expression
"the child lay down with the hand"

"the girl on right is sleep on suit cases

“the girl with red boot and blue
sweater”

Expression

“Jeans”

“the man laying bedroom”

“this guy drunked alcohol”

Expression

“the person who is lying on the bed”

“the person is sleeping”

“the man lying down on the the bed”

Figure 16: Examples of user study results with our cost-efficient annotation interface compared to the naive
annotation interface (i.e., polygon drawing for masks and manual typing for expressions).

"The horse \;vith the black
mane"

"A hot dog in a bun with
onions and mustard"

"A fire hydrant in the
street"

"A decorat.ed elephant
with riders"

"A motorcycle that is
- * | facing the ocean and has
" :;sjp k. , .: a mjrror"

"A small gray bird in
the water"

== "The bird with the most
visible tail feathers"

B "The man with the red
shirt"

"

“A baseball player with
the number 42 on his
back”

“Zebra on the left”

“The man ho'Iding the bat”

\
A

Figure 17: Examples of the generated auxiliary region-text pairs. The paired region-text are denoted by matching

colors.

notated via our interface are more accurate than
those drawn manually, since polygon drawing is
labor-intensive and struggles with complex object
boundaries. Our mask tool leverages precise pre-
extracted SAM masks, enabling high-quality an-
notations with faster times. Similarly, the expres-
sions annotated through our interface accurately
describe the referred regions. This is confirmed
by the higher Sentence-BERT similarity scores
compared to manual typing in Tab. 2 of the main

manuscript. This is because, at each step, the de-
coding process of the multi-modal language model
(i.e., ViP-LLaVA (Cai et al., 2024)) suggests con-
textually appropriate words relevant to the target
region, guiding annotators to concise and accurate
descriptions.

C.2 Examples of Auxiliary Region-Text Pairs

We provide qualitative examples of the generated
auxiliary region-text pairs (Sec. 3.2 of the main



Image GT region

“the larger of two plants”

S

“The giraffe farther from the door”

»

“A man sitting on the sofa” Avg. score : 0.07 Avg. score : 0.8

Figure 18: Additional qualitative analysis on the process
of computing the informativeness score compared to the
pixel-entropy.

manuscript) in Fig. 17, where each region-text pair
is highlighted using the same colors. Although
some pairs contain minor noise, the auxiliary re-
gions accurately localize the objects, and the cor-
responding captions provide clear and detailed re-
ferring expressions for each region, as quantified
in Tab. 4.

C.3 Examples on Ambiguous Subset

In Tab. 5 of Appendix A.1, we conduct compar-
isons with several acquisition baselines (i.e., ran-
dom, coreset, pixel-entropy, and ours) on the cu-
rated ambiguous test subset. In this subsection, we
present their qualitative results from this ambigu-
ous subset in Fig. 19. Compared with other acquisi-
tions, the RIS model trained under our acquisition
performs better at distinguishing the target from vi-
sually similar distractors. This result suggests that
the proposed referred region ambiguity is effective
in improving the model’s discriminative ability in
challenging ambiguous cases.

C.4 Examples of Selected Samples via
Acquisitions

In Fig. 20, we present additional examples of se-
lected samples via each acquisition. Compared
with other approaches (i.e., pixel-entropy and core-
set), our referred region ambiguity tends to priori-
tize images containing complex scenes with many
objects, leading to more informative selections.

C.5 Examples of Referred Region Ambiguity

We show additional examples of the process for
computing the informativeness score in our referred
region ambiguity, compared with the pixel-entropy
in Fig. 18. Although the images contain visually
similar objects, pixel-entropy assigns low informa-
tiveness because it averages entropy over all pixels.
In contrast, our acquisition function yields high
scores by operating at the region level, effectively
capturing the complexity of these scenes.



“top right orange”

Figure 19: Qualitative examples from the ambiguous subset compared with the RIS models trained under different
acquisition strategies.



“board on left cut off”
“second to left board
white”

-—

“above the tomatoes”

“orange bunch just
below center”

, “he guy walking with the
8 orange vest us embassy”

“"woman foral shirt right
side”

“left blueberry pie”

“middle cake with
red thingies on top”

P “cuy pined to the ground”
“cop in center of pic”

“cop standing on right”

“cut off horse far left”
“black horse”

“front horse”

“man with fro lol”

“boy”

"woman in black"

“top right corner gray
pants and dark shirt”

A “bowl of veggies on left”

“front part of carrot dish”

"clock on top"

"bottom clock face at
bottom of photo"

“top left broccoli on
corner screen”
“top left piece of broccoli”

“ ”

"banana in middle below
one with brown spots”

“first boat with apples”

"stuff in the boat with the
lady in it not the lady"

"the plate that the
pineapple is on the white
part"

"white bolw abover
strawberries on right"

"big orange half back left"

"top right slice"

"center top sandwich
stuff"

"top right bread"

w “dog not the reflection”
' I | “the dogs reflection”

“blue toothbrush”

“right toothbrush”

“left man”

“blue shirt”

“farthest red chair”
“brown chair on left”
“front red chair"

M"plane on top going right"
"plane in center"

"tail end of a plane out of
picture"

"left pizza"

"slice close to us"

"bird on left"

"guy riding motorcycle"

"guy on cycle"

(a) Referred region ambiguity

(b) Pixel-entropy

(c) Coreset

Figure 20: Additional examples of selected samples via acquisitions. The paired GT region-text are denoted by

matching colors.
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