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Abstract

Referring Expression Counting (REC) extends class-level ob-
ject counting to the fine-grained subclass-level, aiming to
enumerate objects matching a textual expression that spec-
ifies both the class and distinguishing attribute. A funda-
mental challenge, however, has been overlooked: annotation
points are typically placed on class-representative locations
(e.g., heads), forcing models to focus on class-level features
while neglecting attribute information from other visual re-
gions (e.g., legs for “walking”). To address this, we pro-
pose W2-Net, a novel framework that explicitly decouples
the problem into “what to count” and “where to see” via
a dual-query mechanism. Specifically, alongside the stan-
dard what-to-count (w2c) queries that localize the object,
we introduce dedicated where-to-see (w2s) queries. The w2s
queries are guided to seek and extract features from attribute-
specific visual regions, enabling precise subclass discrimina-
tion. Furthermore, we introduce Subclass Separable Match-
ing (SSM), a novel matching strategy that incorporates a re-
pulsive force to enhance inter-subclass separability during la-
bel assignment. W2-Net significantly outperforms the state-
of-the-art on the REC-8K dataset, reducing counting error by
22.5% (validation) and 18.0% (test), and improving localiza-
tion F1 by 7% and 8%, respectively.

Code — https://github.com/zouyuda220/W2-Net

Introduction
Object counting, a fundamental computer vision task, has
diverse applications from crowd analysis (Han et al. 2023;
Huang et al. 2024) and traffic management (Li et al. 2014)
to cell biology (Chen et al. 2021). Early work in this domain,
known as Class-Specific Counting (CSC), developed spe-
cialized models for predefined classes. Among these, Crowd
Counting (Song et al. 2021) has been the most extensively
studied, aiming to determine the number of people in an im-
age. Crowd counting methods can generally be divided into
density-based ones (Lin et al. 2024; Yang et al. 2025b) and
localization-based ones (Song et al. 2021; Lin, Zhao, and
Chan 2025; Liang, Xu, and Bai 2022). While effective, CSC
methods are limited in flexibility, requiring a new model
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Figure 1: Illustration of the core challenge in REC we ad-
dress. REC point annotations (green pentastar), placed on
class-representative locations like heads, provide insufficient
guidance for attribute-specific regions (e.g., legs for “stand-
ing” or “walking”). This hinders the model from distinguish-
ing fine-grained subclasses (“person standing” and “person
walking”). Our W2-Net introduces a dedicated where-to-see
(w2s) queries (yellow pentastar) that actively seek attribute-
relevant visual cues. By fusing these features to the corre-
sponding standard what-to-count (w2c), the model achieves
precise subclass discrimination. The attention points visual-
ize the attention focus of each query type. Best viewed by
zooming in the electronic version.

to be trained for each new class of interest. This spurred
the development of Class-Agnostic Counting (CAC) (Ran-
jan et al. 2021), which generalizes to arbitrary classes using
visual (Yang et al. 2025a) or text prompts (Shi et al. 2025;
Wang et al. 2025a).

Despite these progress, both CSC and CAC models are
limited to count objects at the class level, remaining obliv-
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ious to the fine-grained attributes that define distinct sub-
classes within a class to bridge this gap. Referring Expres-
sion Counting (REC) (Dai, Liu, and Cheung 2024) has re-
cently emerged, aiming to count objects of a specific sub-
class defined by a given textual referring expression (e.g.,
“people walking” vs. “people standing”), which specifies
both a class name and a distinguishing attribute. The key
challenge in REC lies in distinguishing different subclasses
that share the same class but differ in specific attributes (Tri-
aridis et al. 2025). To alleviate this, the pioneering work,
GroundingREC (Dai, Liu, and Cheung 2024), adopts a
detection-then-count pipeline built on the powerful open-
set detector GroundingDINO (Liu et al. 2024). It enhances
the detector with global-local feature fusion and contrastive
learning to differentiate the attributes. Subsequently, CAD-
GD (Wang et al. 2025b) proposes a density-based module
to guide the localization and counting process. While they
have made promising strides, they overlook a critical limita-
tion inherent in the REC’s annotation scheme.

Following standard practice in object counting
datasets (Zhang et al. 2016; Idrees et al. 2018; Sindagi,
Yasarla, and Patel 2020), REC dataset (Dai, Liu, and
Cheung 2024) uses a cost-effective point annotation format
where each target object is marked with a single 2D point.
These points are typically marked on class-representative
locations like a person’s head (see Fig. 1) without con-
sidering the visual regions that characterize the specific
attributes. Used for supervision, these annotation points
inherently force the model to over-emphasize class-level
features extracted from their vicinity, while neglecting the
crucial attribute-specific features located elsewhere (e.g.,
legs for “walking”). As illustrated in Fig. 1, this lack of
attribute-aware guidance makes it difficult for the model
to distinguish between different subclasses (e.g., “person
walking” and “person standing”) and ultimately impairs the
counting performance.

To explicitly tackle this challenge, we propose a novel
framework W2-Net. Following prior methods (Dai, Liu, and
Cheung 2024; Wang et al. 2025b), W2-Net is built upon the
powerful GroundingDINO detector (Liu et al. 2024), adapt-
ing it from box detection to point-based localization for the
counting task. At the core of W2-Net is a novel W2 decoder,
designed to decouple the problem into “what to count” and
“where to see”. Alongside the standard what-to-count (w2c)
query that aims to localize the target object, we addition-
ally introduce a dedicated where-to-see (w2s) query. Cru-
cially, both queries are processed in parallel and iteratively
refined through each decoder layer. While the w2c query
learns to converge on the class-representative center (e.g.,
a person’s head) consistent with the supervised annotation
point, the w2s query is specifically guided by the attribute
portion in the referring expression. This guidance enables it
to actively navigate the feature space and anchor itself to the
visual region most indicative of the given attribute (e.g., yel-
low pentastar and attention points on legs for ”walking” and
“standing” in Fig. 1). The features from these regions are
then extracted by the w2s query and fused to enrich the w2c
query, enabling improved subclass distinction and count-
ing. Furthermore, we introduce Subclass Separable Match-

ing (SSM) to alleviate the training instability arising from
inter-subclass ambiguity. By incorporating a repulsive force
into the matching cost, SSM actively penalizes assignments
of w2c queries near non-target subclasses, thereby enforcing
greater separability and ensuring more stable supervision.

Extensive experiments on the REC-8K benchmark (Dai,
Liu, and Cheung 2024) demonstrate that our method
significantly outperforms the state-of-the-art methods on
both counting and localization. Specifically, our approach
achieves a remarkable reduction in relative counting error
by 22.5% on the validation set and 18.0% on the test set.
Concurrently, it boosts the localization F1-score by 7% and
8%, respectively. Our contributions are three-fold:
• To the best of our knowledge, we are the first to identify

and analyze the annotation issue in REC.
• We propose a novel framework, W2-Net, and a subclass

separable matching, effectively enhancing the attribute
perception and subclass discrimination.

• We set a new state-of-the-art on REC, significantly out-
performing prior methods in counting and localization.

Related Work
The Evolution of Object Counting
The field of object counting (Pothiraj et al. 2025; Dumery
et al. 2025) has evolved significantly, moving from con-
strained, class-specific counting to more versatile and flex-
ible paradigms (Mondal et al. 2025; Guo, Gao, and Yuan
2025; Perez, Maji, and Sheldon 2024; He et al. 2024). Initial
efforts focused on Class-Specific Counting (CSC), where
models were tailored to enumerate instances of a single,
pre-defined class, such as people (Han et al. 2023) or ve-
hicles (Hsieh, Lin, and Hsu 2017). These methods, typically
based on indirect density map regression (Sun et al. 2023)
or direct object localization (Song et al. 2021; Liu et al.
2023), achieved impressive performance. However, they are
inherently constrained in the fixed target classes, lacking
the ability to generalize to more. This fundamental limita-
tion spurred the development of Class-Agnostic Counting
(CAC) (Ranjan et al. 2021), which enables counting objects
of arbitrary classes at test time prompted by visual exem-
plars (Chen et al. 2025) or a class name (Lin and Chan
2024; Qian et al. 2025). Despite this significant leap in flex-
ibility for counting, CAC models still operate at the class
level, remaining oblivious to fine-grained attributes that dis-
tinguish different subclasses within a class. To bridge this
gap, Referring Expression Counting (REC) (Dai, Liu, and
Cheung 2024) was recently introduced to tackle the more
challenging problem of subclass counting. REC enables the
enumeration of specific object subclasses defined by textual
referring expressions, marking a crucial progression towards
more intelligent and practical counting systems.

Referring Expression Counting
Referring Expression Counting (REC) moves beyond class-
level counting to the more challenging subclass level. The
goal is to enumerate objects that match a given textual de-
scription, which specifies both a class name and the distin-
guishing attribute. The core challenge of REC, therefore,
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Figure 2: The framework of W2-Net. W2-Net decouples “what to count” and “where to see” in the proposed W2 Decoder, where
the what-to-count (w2c) query targets at locating the object’s class-representative center and the parallel dedicated where-to-
see (w2s) query grounds the distinguishing attribute. Fusing their features enables precise subclass discrimination. Besides, we
develop the Subclass Separable Matching (SSM) to stabilize training by introducing a repulsive force into the matching cost,
effectively resolving inter-subclass ambiguity and ensuring stable supervision.

is to accurately distinguish between subclasses that share
the same parent class but differ in specific attributes. The
pioneering work, GroundingREC (Dai, Liu, and Cheung
2024), introduced a detection-then-count pipeline based on
the open-set detector GroundingDINO (Liu et al. 2024). It
enhances the detector with global-local feature fusion and
contrastive learning to improve attribute differentiation. Fol-
lowing this, CAD-GD (Wang et al. 2025b) proposed a con-
textual attribute density module to guide localization. While
these methods have made promising strides, they inherit and
overlook a critical issue rooted in the standard annotation
protocol of the REC dataset (Dai, Liu, and Cheung 2024).

The Challenge of Point Annotations in Counting
Due to their cost-effectiveness, 2D point annotations are
the predominant format in object counting. In conventional
class-level counting, these points are intended to mark class-
representative locations (e.g., persons’ heads). However,
they are often prone to positional errors arising from an-
notator subjectivity. Several methods have been proposed
to mitigate this issue. For density-based counting, robust
loss functions like Bayesian Loss (Ma et al. 2019) and
NoiseCC (Wan, Wu, and Chan 2023) were designed to han-
dle noisy density maps from noisy annotation points. For
localization-based counting, where these density-based so-
lutions are less applicable, SAE (Zou et al. 2024) was pro-
posed to directly refine the point annotations by alleviating
their positional inconsistency. Crucially, these methods pri-
marily address issues related to random positional noise.

In REC, however, the annotation challenge transcends
random noise. While REC annotations also mark class-

representative locations, the supervisory signal they provide
is often spatially detached from the visual regions that char-
acterize the subclass attribute (e.g., the legs for “walking” vs
the head for “person”). This misalignment forces the model
to choose between focusing on the class-representative loca-
tion or seeking attribute-specific regions for correct subclass
distinction, creating an inherent learning conflict. Our work
is the first to identify and explicitly tackle this contradiction,
enabling the model to learn class features and discriminative
subclass features simultaneously and effectively.

Methodology
Overview
This section details the proposed W2-Net, a novel framework
designed to tackle a fundamental yet overlooked challenge
in REC: misalignment between class-representative annota-
tion points and attribute-defining visual regions. To address
this, we introduce two synergistic modules: a novel W2 De-
coder that decouples “what to count” and “where to see”,
and a Subclass Separable Matching (SSM) to ensure stable
and accurate supervision.

Following prior methods (Dai, Liu, and Cheung 2024;
Wang et al. 2025b), W2-Net is built upon the open-set de-
tector, GroundingDINO (Liu et al. 2024), adapting it from
box detection to point-based localization for the counting
task. The overall architecture is depicted in Fig. 2. Given an
input image I and a referring expression text T that speci-
fies the class name and the attribute, we first extract image
features Fv ∈ RM×C and text features Ft ∈ RN×C us-
ing a frozen backbone and a feature enhancer, where M is
the number of image tokens, N is the number of text to-
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kens, and C is the feature dimension. These features are
then fed into our W2 Decoder. Here, dedicated where-to-
see (w2s) queries operate in parallel with the standard what-
to-count (w2c) queries. The w2s queries are guided to lo-
cate attribute-relevant features, which are then fused to w2c
queries to enable precise subclass discrimination. Through
the iterative refinement of multiple decoder layers, the en-
hanced w2c queries are passed to prediction heads to gener-
ate point locations and classification scores. During training,
these predicted points are assigned to ground-truth labels via
our Subclass Separable Matching (SSM), which introduces
a repulsive force to mitigate matching ambiguity between
similar subclasses. Finally, the complete model is optimized
using classification and localization losses.

W2 Decoder
As previously discussed, the central challenge in REC stems
from the spatial misalignment between class-representative
annotation points and attribute-representative visual regions.
To address this, we propose W2 Decoder, which is explic-
itly designed to decouple the “what to count” and “where
to see”. It introduces a dedicated where-to-see (w2s) query
(Qw2s) that operates in parallel with the standard what-to-
count (w2c) query (Qw2c). While the w2c query learns to
converge on the annotated point (“what to count”), the w2s
query is specifically guided to seek out visual evidence for
the given attribute (“where to see”). This parallel, special-
ized processing allows the model to learn both class-level
and attribute-specific features effectively.
Query Initialization. At the decoder’s input (before the
first decoder layer, l = 0), we initialize a set of K what-
to-count (w2c) queries, where K = 900 as in Ground-
ingDINO (Liu et al. 2024). Each w2c query consists of a
content embedding and a reference point. Their content em-
beddings {q0w2c,i}Ki=1 are learnable parameters, while their
initial reference points {p0w2c,i}Ki=1 are set to the spatial lo-
cations of the top-K image features with the highest cross-
modal similarity to the full text feature Ft. We then initial-
ize the where-to-see (w2s) queries by duplicating the w2c
queries. Specifically, each w2s query’s content embedding
is a separate learnable parameter initialized from its w2c
counterpart q0w2s,i = q0w2c,i, and its reference point is di-
rectly copied p0w2s,i = p0w2c,i. This co-location initializa-
tion strategy ensures that the w2s query begins its search for
attribute-specific visual cues from a sensible, class-relevant
starting location.
Parallel Query Refinement. Within each decoder layer l,
the w2c queries and the w2s queries are refined in parallel
with different focuses.

For the w2c query, it first attends to the full text features
Ft to capture the complete semantic intent, and then to the
image features Fv via deformable attention to gather visual
information around its current reference point Pw2c:

Qtxt
w2c = CrossAttn(Qw2c, Ft, Ft), (1)

Qimg
w2c = DeformAttn(Qtxt

w2c, Pw2c, Fv). (2)

The output is then processed by a Feed-Forward Network
(FFN), yielding Q̂w2c = FFN(Qimg

w2c).
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Figure 3: Effectiveness of Subclass Separable Matching
(SSM) in resolving training ambiguity. A standard match-
ing approach (blue) consistently suffers from high ambigu-
ity due to inter-subclass similarity. In contrast, our SSM (or-
ange), which incorporates a repulsive force, alleviates such
ambiguity from the beginning of training, ensuring a stable
and accurate supervision signal and improved performance.

For the w2s query, the process is similar but critically
modified to isolate attribute-specific text features. It attends
to a masked version of the text features, where class-related
tokens are suppressed. Let Mw2s be a binary mask that
is one for attribute tokens and zero otherwise. This mask
is straightforwardly derived from the provided annotations,
which explicitly specify the class word for each referring ex-
pression, thus incurring no additional overhead. The query is
refined as:

Qtxt
w2s = CrossAttn(Qw2s, Ft ⊙Mw2s, Ft ⊙Mw2s), (3)

Qimg
w2s = DeformAttn(Qtxt

w2s, Pw2s, Fv). (4)

This forces the w2s query to focus exclusively on attribute-
related words (e.g., “walking”), guiding it to search for
corresponding visual evidence specifically related to the
attribute. This also yields an intermediate representation
Q̂w2s = FFN(Qimg

w2s).
Fusion and Iterative Update. After parallel refinement, the
attribute-centric information from the w2s query is injected
into the w2c query stream to enhance its discriminative abil-
ity. This fusion is achieved via a simple element-wise addi-
tion. The fused representation is then passed through an FFN
to produce the updated w2c query for the next layer (l + 1):

Ql+1
w2c = FFN(Q̂l

w2c + Q̂l
w2s). (5)

Crucially, the w2s query is updated independently, preserv-
ing its specialized role:

Ql+1
w2s = FFN(Q̂l

w2s). (6)

This independent update ensures that the w2s query remains
a dedicated scout for attribute regions in the next layer,
preventing its focus from being overly diluted by the w2c
query’s primary goal of localizing the object.

Finally, the reference points are updated. Two separate lo-
calization heads predict positional offsets from the refined
queries, which are then added to the current reference points
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Validation SetMethod Venue Backbone MAE ↓ RMSE ↓ Prec ↑ Rec ↑ F1 ↑
ZSC (Xu et al. 2023) CVPR23 Swin-T 12.96 26.74 - - -
CounTX (Amini-Naieni et al. 2023) BMVC23 ViT-B 11.88 27.04 - - -
GroundingDINO (Liu et al. 2024) ECCV24 Swin-T 9.03 21.98 0.56 0.76 0.65
GroundingREC (Dai, Liu, and Cheung 2024) CVPR24 Swin-T 6.80 18.13 0.65 0.71 0.68
CAD-GD (Wang et al. 2025b) CVPR25 Swin-T 5.43 15.01 0.68 0.72 0.70
CAD-GD† (Wang et al. 2025b) CVPR25 Swin-T 4.58 13.24 0.68 0.71 0.70
W2-Net (Ours) - Swin-T 3.55 10.39 0.76 0.78 0.77
GroundingREC (Dai, Liu, and Cheung 2024) CVPR24 Swin-B 5.66 15.24 0.66 0.77 0.71
CAD-GD (Wang et al. 2025b) CVPR25 Swin-B 4.83 13.52 0.74 0.76 0.75
CAD-GD† (Wang et al. 2025b) CVPR25 Swin-B 4.23 13.14 0.76 0.70 0.73
W2-Net (Ours) - Swin-B 3.47 9.55 0.79 0.79 0.79

Table 1: Comparison with state-of-the-art approaches on the REC-8K validation set (Dai, Liu, and Cheung 2024). The best and
second best are boldfaced and underlined, respectively. † indicates using a density-based query selection strategy.

Test SetMethod Venue Backbone MAE ↓ RMSE ↓ Prec ↑ Rec ↑ F1↑
ZSC (Xu et al. 2023) CVPR23 Swin-T 13.00 29.07 - - -
CounTX (Amini-Naieni et al. 2023) BMVC23 ViT-B 11.84 25.62 - - -
GroundingDINO (Liu et al. 2024) ECCV24 Swin-T 8.88 21.95 0.59 0.76 0.66
GroundingREC (Dai, Liu, and Cheung 2024) CVPR24 Swin-T 6.50 19.79 0.67 0.72 0.69
CAD-GD (Wang et al. 2025b) CVPR25 Swin-T 5.29 17.08 0.71 0.73 0.72
CAD-GD† (Wang et al. 2025b) CVPR25 Swin-T 4.59 14.68 0.72 0.70 0.71
W2-Net (Ours) - Swin-T 3.59 9.59 0.77 0.80 0.79
GroundingREC (Dai, Liu, and Cheung 2024) CVPR24 Swin-B 5.42 18.47 0.71 0.69 0.70
CAD-GD (Wang et al. 2025b) CVPR25 Swin-B 4.94 14.65 0.75 0.77 0.76
CAD-GD† (Wang et al. 2025b) CVPR25 Swin-B 4.34 12.93 0.77 0.71 0.74
W2-Net (Ours) - Swin-B 3.56 9.15 0.79 0.81 0.80

Table 2: Comparison with state-of-the-art approaches on the REC-8K test set. (Dai, Liu, and Cheung 2024) The best and second
best are boldfaced and underlined, respectively. † indicates using a density-based query selection strategy.

to obtain P l+1
w2c and P l+1

w2s for the next iteration. This itera-
tive process allows w2c queries to converge on the annotated
centers while w2s queries simultaneously navigate towards
attribute-defining regions.

Subclass Separable Matching
A standard one-to-one Hungarian matching (Kuhn 1955)
based on classification and localization costs is suboptimal
for REC. The high visual similarity between different sub-
classes (e.g., “person walking” vs. “person standing”) of-
ten leads to matching ambiguity, where a query correspond-
ing to an object of another subclass might be incorrectly
matched to a ground truth, especially in early training stages
(see Fig. 3). This results in unstable and noisy supervision.

To mitigate this, we propose Subclass Separable Matching
(SSM), which introduces a repulsive force into the match-
ing cost. This force explicitly penalizes a query assignment
if the query is close to ground-truth points of other, non-
target subclasses. Let Ypos = {pj}

Npos

j=1 be the set of ground-

truth points for the target subclass, and Yneg = {pk}
Nneg

k=1 be
the ground-truth points for all other subclasses in the image.
The matching cost Cmatch(i, j) between prediction i and a

ground-truth point j ∈ Ypos is:
Cmatch(i, j) = λcls(1− ŝi) + λL1∥p̂i − pj∥1

+ λrepCrep(p̂i, pj),
(7)

where ŝi and p̂i are the predicted score and location, and
λs are balancing weights (set to λcls = 5 and λL1 = 1 as
in prior works GroundingREC (Dai, Liu, and Cheung 2024)
and CAD-GD (Wang et al. 2025b), and a hyperparameter
λrep, respectively). The key component is our proposed re-
pulsive cost Crep, which penalizes a query assignment if it is
closer to a non-target subclass. To achieve this, we first de-
fine an ambiguity ratio, R(p̂i, pj), which measures the rel-
ative proximity of a prediction p̂i to the nearest non-target
object versus its potential ground-truth match pj :

R(p̂i, pj) =
minpk∈Yneg

∥p̂i − pk∥2
∥p̂i − pj∥2

. (8)

The repulsive cost Crep is then calculated based on this ratio:
Crep(p̂i, pj) = exp(−R(p̂i, pj)) . (9)

The cost becomes large if a prediction p̂i is closer to a nega-
tive object of another subclass (a distractor) than to its poten-
tial positive match pj , thus discouraging ambiguous assign-
ments. By incorporating this repulsive force, our matching
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Figure 4: Some qualitative results on the REC-8K dataset of CAD-GD (Wang et al. 2025b) and our W2-Net.

enforces greater inter-subclass separability during the cru-
cial label assignment phase, leading to more stable training
and more discriminative final representations. As illustrated
in Fig. 3, our SSM effectively eliminates matching ambigu-
ities in training, ensuring a more stable learning process.

Training Objective
Following the one-to-one label assignment by our Subclass
Separable Matching, the network is optimized using a loss
function that mirrors GroundingREC and CAD-GD. The to-
tal loss L is a weighted sum of a classification loss Lcls and
a localization loss Lloc:

L = λclsLcls + λL1Lloc, (10)

where the weights λcls and λloc are consistent with those
in the matching cost, set to λcls = 5 and λL1 = 1 as in
prior works. Specifically, we employ the focal loss for Lcls

to handle the class imbalance between positive and negative
queries, and the L1 loss for Lloc to point localization.

Experiments
Experimental Setup
Dataset and Metrics. REC-8K (Dai, Liu, and Cheung
2024), the first REC benchmark, with 8,011 images and
17,122 image-RE pairs. Following prior work (Dai, Liu,
and Cheung 2024; Wang et al. 2025b), we use Mean Ab-
solute Error (MAE) and Root Mean Squared Error (RMSE)
for counting, and Precision, Recall, and F1-score for local-
ization. Localization metric as it verifies precise subclass
discrimination, preventing deceptively low counting errors
from error cancellation.
Implementation Details. We train W2-Net for 15 epochs on
REC-8K using the AdamW optimizer with a learning rate
of 10−5. Each training batch uses a single image with its
corresponding referring expressions.

Comparison with State-of-the-Art
We compare our W2-Net with existing methods on the
REC-8K benchmark in Tab.1 and Tab.2. W2-Net establishes
new state-of-the-art (SOTA), significantly outperforming
all prior works on both counting and localization metrics.

With a Swin-T backbone (Liu et al. 2021), W2-Net re-
duces the SOTA MAE from 4.58 to 3.55 on the validation

W2 Decoder SSM MAE RMSE Prec Rec F1
7.21 18.69 0.63 0.69 0.66

✓ 5.93 16.71 0.66 0.71 0.68
✓ 3.85 11.55 0.75 0.77 0.76
✓ ✓ 3.55 10.39 0.76 0.78 0.77

Table 3: Ablation study on the proposed W2 Decoder and
Subclass Separable Matching (SSM).

λrep 0 0.1 0.2 0.5 1.0
MAE ↓ 3.85 3.67 3.55 3.64 3.92

F1 ↑ 0.76 0.76 0.77 0.77 0.74

Table 4: Analysis on repulsive weight λrep in SSM.

set and from 4.59 to 3.59 on the test set, corresponding to
a relative error reduction of 22.5% and 18.0%, respectively.
Concurrently, it boosts the localization F1-score by a sig-
nificant 7%. The performances are more pronounced with a
Swin-B backbone, where our method achieves a new record
with an MAE of 3.56 and an F1-score of 0.80 on the test set,
substantially widening the gap with previous methods.

The substantial gains confirm the success of our approach
in tackling the identified annotation challenge. By enabling
the model to jointly reason about class-representative lo-
cations (“what to count”) and attribute-specific visual re-
gions (“where to see”), W2-Net learns a highly discrimi-
native representation with more stable supervision provided
by our Subclass Separable Matching (SSM). This directly
translates into reduced subclass confusion and superior lo-
calization accuracy, leading to more reliable counting per-
formance and setting a new record for the REC task. Fig. 4
provides qualitative examples, visually demonstrating that
W2-Net successfully distinguishes challenging subclasses.

Ablation Study
All ablation studies are conducted on the REC-8K validation
set using the Swin-T backbone.
Proposed Components. We first evaluate the impact of our
two main contributions independently. As shown in Tab. 3,
starting from a baseline MAE of 7.21, integrating our Sub-
class Separable Matching (SSM) alone reduces the error to
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Val Set Test SetMethod Venue Prompt MAE ↓ RMSE ↓ MAE ↓ RMSE ↓
LOCA (Djukic et al. 2023) ICCV23 Visual 10.24 32.56 10.79 56.97
CACViT (Wang et al. 2024) AAAI24 Visual 10.63 37.95 9.13 48.96
GeCo (Pelhan et al. 2024a) NIPS24 Visual 9.52 43.00 7.91 54.28
DAVE (Pelhan et al. 2024b) CVPR24 Visual 8.91 28.08 8.66 32.36
CountGD (Amini-Naieni, Han, and Zisserman 2024) NIPS24 Visual 7.10 26.08 5.74 24.09
Patch-Selection (Xu et al. 2023) CVPR23 Text 26.93 88.63 22.09 115.17
CLIP-Count (Jiang, Liu, and Chen 2023) ACMMM23 Text 18.79 61.18 17.78 106.62
VLCounter (Kang et al. 2024) AAAI24 Text 18.06 65.13 17.05 106.16
CounTX (Amini-Naieni et al. 2023) BMVC23 Text 17.10 65.61 15.88 106.29
DAVE (Pelhan et al. 2024b) CVPR24 Text 15.48 52.57 14.90 103.42
GroundingREC (Dai, Liu, and Cheung 2024) CVPR24 Text 10.06 58.62 10.12 107.19
CountGD (Amini-Naieni, Han, and Zisserman 2024) NIPS24 Text 12.14 47.51 12.98 98.35
CAD-GD (Wang et al. 2025b) CVPR25 Text 9.30 40.96 10.35 86.88
W2-Net (Ours) - Text 8.73 37.32 9.53 83.46

Table 5: Comparison with some state-of-the-art approaches on FSC-147 (Ranjan et al. 2021). The upper and lower parts present
the results using visual exemplars and class text as prompts separately.

Test SetMethod Prompt MAE ↓ RMSE ↓
CLIP-Count Text 11.96 16.61
CounTX* Text 8.13 10.87
VLCounter Text 6.46 8.68
CACViT* Visual 4.91 6.49
CountGD Text 3.83 5.41
CountGD Both 3.68 5.17
CAD-GD Text 3.29 4.56
W2-Net (Ours) Text 2.89 4.13

Table 6: Comparison with some state-of-the-art approaches
on the CARPK dataset. * means finetuned.

5.93 by stabilizing the training signal. Independently, the
W2 Decoder yields a more substantial improvement (MAE
3.85, F1 0.76), confirming that explicitly modeling “where
to see” is crucial for fine-grained localization. Combining
both components in our full W2-Net model yields the best
performance, demonstrating their synergistic effect: the W2
Decoder provides superior features, while SSM ensures they
are learned through precise label assignment.
Analysis of Repulsive Weight λrep in Eq. 7. We ana-
lyze the effect of the repulsive force hyperparameter λrep

in SSM. As presented in Tab. 4, performance improves as
λrep increases from 0 (disabling the repulsive force), peak-
ing at λrep = 0.2. A further increase slightly degrades per-
formance, suggesting that an overly strong repulsive force
can incorrectly overwhelm other matching cost terms, such
as the classification. We thus set λrep = 0.2.

Results on Zero-shot Counting
FSC-147 (Ranjan et al. 2021). To assess the generalizabil-
ity of our framework, we evaluate W2-Net on the FSC-147
benchmark for zero-shot class-agnostic counting. As shown
in Tab. 5, our method achieves strong performance, outper-

forming previous text-prompted approaches with an MAE
of 8.73 and 9.53 on the validation and test sets, respec-
tively. It is crucial to note that FSC-147 provides only class-
level labels (e.g., “car”), lacking the fine-grained attributes
needed to explicitly guide our w2s query. The strong perfor-
mance, therefore, highlights the inherent robustness of our
dual-query design. Even without explicit attribute supervi-
sion, the w2s query acts as a dynamic feature scout, auto-
matically exploring supplementary visual cues that enrich
the w2c query’s representation. This capability leads to more
robust class-level identification.

CARPK (Hsieh, Lin, and Hsu 2017). To further test the
cross-dataset generalization, we directly evaluate our FSC-
147-trained model on the CARPK car counting dataset with-
out any fine-tuning. The results, presented in Tab.6, demon-
strate that W2-Net surpasses existing methods, including
those that leverage visual exemplar prompts, demonstrating
its excellent transferability.

Conclusion

In this paper, we identify and address a critical, yet over-
looked, challenge in Referring Expression Counting (REC):
the misalignment between class-representative annotations
and attribute-defining visual regions. We introduce W2-Net,
a novel framework that resolves this issue by decoupling
“what to count” and “where to see” via its W2 decoder. This
approach, synergized with our Subclass Separable Match-
ing, significantly outperforms previous REC methods in
counting and localization. Specifically, W2-Net achieves a
remarkable reduction in relative counting error by 22.5% on
the validation set and 18.0% on the test set, while also sig-
nificantly improving the localization accuracy. Beyond these
impressive performance gains, we hope this work can shed
light on a fundamental annotation challenge in REC.
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