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Abstract

In this paper, we focus on weakly supervised referring ex-
pression comprehension (REC), and identify that the lack of
fine-grained visual capability greatly limits the upper per-
formance bound of existing methods. To address this issue,
we propose a novel framework for weakly supervised REC,
namely Dynamic Visual routing Network (DViN), which
overcomes the visual shortcomings from the perspective of
feature combination and alignment. In particular, DViN
is equipped with a novel sparse routing mechanism to ef-
ficiently combine features of multiple visual encoders in
a dynamic manner, thus improving the visual descriptive
power. Besides, we further propose an innovative weakly
supervised objective, namely Routing-based Feature Align-
ment (RFA), which facilitates the visual understanding of
routed features through the intra-modal and inter-modal
alignment. To validate DViN, we conduct extensive ex-
periments on four REC benchmark datasets. Experiments
demonstrate that DViN achieves state-of-the-art results on
four benchmarks while maintaining competitive inference
efficiency. Besides, the strong generalization ability of DViN
is also validated on weakly supervised referring expression
segmentation. Source codes are anonymously released at:
https://github.com/XxFChen/DViN .

1. Introduction
Referring Expression Comprehension (REC), also known
as visual grounding, is the task of locating target ob-
jects in images based on a given natural language descrip-
tion [4, 22]. As a vision-language (VL) task, REC has
shown great potential in various real-world applications,
e.g., robot navigation [9] and image editing [33]. There-
fore, numerous efforts have been devoted to REC recently.
Despite the progress, most REC methods [8, 26, 52] usu-
ally require extensive object-level labels for their supervised
learning, leading to expensive annotation costs.

To address this challenge, increasing attention has been
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Figure 1. Performance break-downs with the expression
difficulty. “Simple” refers to the group of short expressions
(length≤20) without attributes. Compared to the “simple” group,
expressions of “Attribute” group further contain attribute words.
“Attribute+Long” group contains longer expressions (length>20)
than “Attribute” group.

focused on weakly supervised learning for REC [5, 10, 24,
25, 28, 47, 49]. Among them, early works [5, 24] often for-
mulated weakly supervised REC using a two-stage pipeline,
which requires an expensive region proposal stage. Re-
cently, the one-stage framework [10, 54] has become a pop-
ular paradigm for weakly supervised REC due to its supe-
rior efficiency. For example, RefCLIP [10] utilizes anchor
features from a pre-trained one-stage detector to represent
candidate objects and directly matches them with text fea-
tures to determine the target referent. Based on this efficient
framework, contrastive-based objectives are used to achieve
effective weakly supervised learning.

Despite the effectiveness, existing one-stage weakly su-
pervised REC remains significantly inferior in fine-grained
object recognition. As shown in Fig. 1, the state-of-the-art
approach called RefCLIP achieves promising accuracy on
simple descriptions, but greatly falls short on fine-grained
ones, e.g., attribute descriptions. To explain, visual fea-
tures of existing methods are pre-trained on limited cate-
gories, e.g., 80 classes of MS-COCO [20], limiting their
fine-grained recognition ability. Moreover, without accurate
annotations, weakly supervised approaches [18, 39] strug-
gle with efficiently learning novel instance-level visual con-
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Figure 2. Comparison of existing weakly supervised REC methods with our DViN. (a) Visual features demonstrate orthogonal benefits
on the spatial-related benchmark (RefCOCO) and the attribute-related benchmark (RefCOCO+). (b) Compared to RefCLIP, our DViN
improves the visual descriptive ability via its dynamic visual routing, which can select the optimal visual features for anchor-text matching.

cepts from noisy image-text pairs.
To address this limitation, we propose a novel Dynamic

Visual Routing Network (DViN) for weakly supervised
REC. Our motivation is that combining different visual fea-
tures can achieve complementary benefits in weakly super-
vised REC. As shown in Fig. 2, CLIP [39] and DINOv2 [37]
pre-trained on various categories can capture fine-grained
visual information, while DarkNet [40] shows promising
spatial-aware ability. Motivated by this, DViN formulates
visual feature extraction as a routing process, which dy-
namically combines visual encoders to maximize the visual
understanding. To retain the efficiency, only few visual en-
coders are activated in one routing process. Meanwhile, we
propose a novel objective to optimize the routing process,
namely diversity-aware routing learning, which encourages
the routing diversity and efficiency during training.

Based on DViN, we propose a novel weakly supervised
objective to further improve the visual description power in
the routing process, namely Routing-based Feature Align-
ment (RFA). Specifically, RFA includes a text-guided align-
ment loss and a vision-guided alignment loss, which enrich
routed feature representation through the intra-modal and
inter-modal alignment. As shown in Fig. 3, the text-guided
alignment loss minimizes the distance between routed vi-
sual features and textual features, thus better capturing fine-
grained semantics of the textual expression. Besides, the
vision-guided alignment loss further optimizes the visual
representation by encouraging a single visual feature to ap-
proximate the dynamic combination of visual features.

To validate DViN, we conduct comprehensive experi-
ments on four REC benchmarks including RefCOCO [35],
RefCOCO+ [35], RefCOCOg [34], and ReferItGame [12].
Experimental results not only demonstrate the significant
performance gains of DViN on RefCLIP, e.g., +16.53%
on RefCOCO+, but also confirm its superior efficiency
than a set of baselines, e.g., +10.0 fps. More importantly,
the strong generalization ability of DViN is also validated
on weakly supervised referring expression segmentation

(RES). In summary, our contributions are three-fold:
• We identify that the fine-grained recognition ability of ex-

isting weakly supervised REC models can be greatly im-
proved via the mixture of visual features. Based on this
finding, we propose a novel Dynamic Visual Routing Net-
work (DViN).

• In DViN, we propose two innovative designs to maxi-
mize effectiveness while maintaining efficiency, namely
the vision-conditioned router and diversity-aware routing
learning. Additionally, we introduce the Routing-based
Feature Alignment (RFA) to further enrich visual repre-
sentations from the perspective of optimization.

• DViN achieves state-of-the-art results on four weakly su-
pervised REC benchmark datasets. Besides, its general-
ization ability is validated on weakly supervised RES.

2. Related Work

2.1. Referring Expression Comprehension

Referring Expression Comprehension (REC) [6] refers to
the task of locating a specific target in the image based
on given natural language expression. There are two main
methodologies for REC, i.e., two-stage and one-stage meth-
ods. Two-stage methods [8, 22, 26, 42, 52] first generate
a set of potential object regions using detection networks
like Faster-RCNN [41] and then rank these regions to find
the best match for the descriptive phrase. Recently, re-
searchers have focused on one-stage methods due to their
efficiency [19, 30, 31, 55, 56]. By predicting the target ob-
ject in one step, these methods significantly improve pro-
cessing speed. Early one-stage methods [30, 31, 55, 56]
focused on shallow multimodal fusion, but recent advance-
ments have leveraged the power of Transformer architec-
tures [13, 48]. These newer models can enhance cross-
modal interactions and improve performance [4, 29]. Mean-
while, some researchers have also explored using large
language models for the REC task [46], leveraging their
strong reasoning and multimodal understanding capabili-
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Figure 3. Overview the proposed DViN framework. In DViN, the vision-conditioned router will dynamically select the optimal visual
encoder to refine the anchor features extracted by DarkNet. After that, anchor-text matching is conducted to locate the referent. DViN
adopts the anchor-text contrastive loss for weakly supervised learning, which also includes an routing loss for efficient routing learning and
an alignment loss for visual representation learning.

ties. However, both one-stage and two-stage methods still
require expensive annotations for weakly supervised learn-
ing, limiting their real-world applications.

2.2. Weakly Supervised Referring Expression Com-
prehension

Unlike fully supervised methods, where every object in the
image is tagged with its corresponding referring expres-
sion, weakly supervised REC aims to perform this task with
text-only information. Most current approaches [10, 54]are
inspired by two-stage supervised REC models and treat
weakly supervised REC as a region-text ranking problem.
Based on this framework, researchers have deployed vari-
ous weakly supervised objectives, such as sentence recon-
struction [26, 28, 49] and contrastive learning [5, 53]. De-
spite their effectiveness, two-stage methods often require
significant computational resources. To overcome this, re-
cent research has explored one-stage methods for weakly
supervised REC. For example, RefCLIP [10] uses anchor-
text matching within a one-stage detector framework, which
employs anchor-based contrastive learning for supervision.
However, recent weakly supervised REC methods are still
limited by their visual representations and fall short in fine-
grained recognition.

3. Preliminary
We first recap our baseline model called RefCLIP [10],
which formulates one-stage weakly supervised REC as an
anchor-text matching problem.

In particular, given an input image I ∈ RH×W×3 and a
textual expression T ∈ RL, RefCLIP firstly extracts anchor
features fa ∈ Rn×d and text features ft ∈ Rl×d from the
pre-trained YOLOv3 [40] and an LSTM [7], respectively.
Notably, these anchor features can be decoded to bounding

boxes B ∈ Rn×4 via the detection head of YOLOv3. This
process can be formulated by

a∗ = argmax
fa∈Fv

ϕ(fa, ft), (1)

where Fv ∈ R(h×w)×d denotes the visual features. ϕ(·)
refers to the matching function. After that, RefCLIP can
obtain the bounding box of the referent by

b∗ = D(a∗). (2)

D(·) denotes the detection head and b∗ ∈ R4 is the pre-
dicted bounding box, respectively. To achieve weakly
supervised learning, anchor-text contrastive objective is
adopted for optimization, which can be written by

Lc = − log
ϕ(f i

a, f
i
t )/τ∑N

j=1 ϕ(f
j
a , f i

t )/τ
. (3)

Here, N and τ denote the batch size and the contrastive
temperature, respectively.

As defined in Eq. 1 and 3, the performance upper bound
of RefCLIP is highly dependent on the anchor-text match-
ing, i.e., ϕ(fa, ft). However, recent anchor features often
fall short in describing fine-grained visual information, thus
hindering accurate vision-language alignment.

4. DViN
To address above limitations, we propose a novel frame-
work for weakly supervised REC, namely Dynamic Visual
routing Network (DViN). As shown in Fig. 3, DViN over-
comes the visual shortcoming of weakly supervised REC
from the perspective of feature combination and alignment.
In DViN, we incorporate various advanced visual encoders
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into RefCLIP through a sparse routing mechanism, e.g.,
CLIP [39] and DINO [2]. This additional visual knowl-
edge greatly complements the limited visual capability of
the default RefCLIP. To approach this target, DViN includes
a novel Dynamic Visual Routing (DVR) strategy to dynam-
ically combine visual features in an efficient way. Mean-
while, a novel Routing-based Feature Alignment (RFA) is
used to further facilitate the vision-language alignment.

4.1. Dynamic Visual Routing
As shown in Fig. 3, DVR formulates the mixture of vi-
sual features as a sparse routing process, which only acti-
vates two visual experts during one forward process. In this
case, DVR can not only best meet the visual requirement
of weakly supervised REC, while still maintaining the effi-
ciency. Specifically, DVR can be formulated by

a∗ = argmax
fa0∈Fv0,...,fam∈Fvm

ϕ(
∑
j∈Se

fajrj , ft), (4)

where rj denote the routing weights generated by the router
R(·). Se is the index of the selected visual features. No-
tably, the number of Se is set to 2 to maintain the routing
sparsity. In Eq. 4, the key to DVR lies in the router design
and the routing loss, which determines whether the key vi-
sual features can be accurately selected and combined.

Vision-conditioned router. Vision-conditioned router
(VCR) aims to dynamically produce routing weights to se-
lect the top-k visual experts from a pool of available mod-
els, e.g., CLIP [39], DINOv2 [37], and SAM [14]. In VCR,
routing weights are dependent on the given visual features,
i.e., features of DarkNet, which can be formulated as:

R(Fv0) = softmax(
h×w∑
i=0

F i
v0Wr + br), (5)

where Wr ∈ Rd×k and br ∈ Rk denote the weight and bias,
respectively. Then, the routing process can be defined by

Se = {0} ∪ {argmax
j

(R(Fv0)j)} (6)

In Eq. 6, Fv0 refers to visual features of DarkNet and we al-
ways keep it selected. To explain, at the beginning of train-
ing, the router tends to randomly select visual features to
combine, thus harming the stability of training. To allevi-
ate this issue, we keep visual features of DarkNet always
selected, thus stabilizing the feature space during the initial
training. Therefore, the routing is equivalent to making a
top-1 selection from the remaining visual encoders.

Diversity-aware routing learning. To maximize the
benefits of VCR during training, we introduce a diversity-
aware loss to encourage the selection probabilities more
evenly among the available experts, which is defined by

Lr =

m∑
i=1

ri log(ri). (7)

Here, ri is the routing score. With this loss, we can balance
the load among the experts and prevent any single expert
from being over-utilized.

4.2. Routing-based Feature Alignment
Based on DVR, we introduce Routing-based Feature Align-
ment (RFA) to further improve the routed visual represen-
tation during the weakly supervised optimization.

Text-guided alignment. The target of text-guided align-
ment aims to enrich visual semantics via the learning from
textual information. To achieve this, we conduct the fea-
ture alignment between the routed anchor features and the
text features. In particular, we first adopt an MLP layer to
project anchor features to the same dimension as the text
features, which can be written by

f̂a = MLP(
∑
j∈Se

fajrj). (8)

Then, the alignment loss is computed between anchor and
text features by

Ldt =
(
f̂a − ft

)2

. (9)

Vision-guided alignment. Different from text-guided
alignment, vision-guided alignment aims to distill the vi-
sual knowledge from the combined anchor feature to the
individual anchor feature. Specifically, we first project the
combined feature and the individual feature into a shared
embedding space by

f ′
a = MLP(

∑
j∈Se

fajrj),

f ′
a0 = MLP(fa0).

(10)

In this process, we hope the individual feature that can rep-
resent the visual semantics of the combined feature, while
also being distinct from others. Therefore, vision-guided
alignment loss is defined as a contrastive function by

Ldv = − 1

N

N∑
i=1

log
exp

(
sim

(
f ′
a
(i)
, f ′

a0
(i)
)
/τ

)
∑N

j=1 exp
(

sim
(
f ′
a
(i), f ′

a0
(j)

)
/τ

) .
(11)

where sim(·) denotes cosine similarity, N is the batch size,
and τ is a temperature hyperparameter.

4.3. Overall Loss
Based on Eq. 3, 10 and 12, the final weakly supervised loss
can be written as:

L = Lc + λrLr + λdtLdt + λdvLdv, (12)

where λr, λdt and λdv are hyperparameters that control the
contributions of distillation loss term.
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Table 1. Comparison of different mixtures of visual features (MoVs) and DViN on RefCOCO and RefCOCO+. All experiments are
conducted on RefCLIP. DN, DViT, SViT, CViT, CCNN refer to DarkNet, DINOv2-ViT, SAM-ViT, CLIP-ViT and CLIP-CNN for short,
respectively. Inference speed is tested on an NVIDIA 3090 GPU.

MoV strategy Dynamic RefCOCO RefCOCO+ Inference
Routing val test A test B val test A test B Speed

DarkNet (Baseline) × 60.34 58.75 57.01 40.36 39.99 39.33 31.3fps
DINOv2-ViT × 55.19 59.80 43.65 45.92 52.02 34.79 27.8fps
SAM-ViT × 36.40 38.44 31.57 31.94 33.09 29.84 33.4fps
CLIP-ViT × 40.99 46.08 32.99 40.36 45.33 32.29 28.5fps
CLIP-CNN × 40.68 46.82 32.48 42.51 48.60 33.44 20.0fps

DN+DViT × 63.23 66.59 52.32 49.12 54.87 38.96 26.5fps
DN+DViT+SViT × 61.95 65.79 51.89 48.76 54.43 38.22 25.6fps
DN+DViT+SViT+CViT × 61.67 65.91 52.07 48.63 55.64 38.90 20.1fps
DN+DViT+SViT+CViT+CCNN × 62.14 65.26 52.89 48.95 54.06 38.90 14.5fps

DViN (ours) ✓ 67.67 70.90 59.39 52.54 57.52 45.31 29.8fps

Table 2. Cumulative ablation study of DViN on RefCOCO and
RefCOCO+. “V-Router” refers to our dynamic visual router. “R-
loss”, “T-loss” and “V-loss” denote the routing loss, text-guided
alignment loss and vision-guided alignment loss, respectively.

Method
RefCOCO RefCOCO+ Inference

test A test B test A test B Speed

RefCLIP 58.75 57.01 39.99 39.33 31.3 fps
+ V-Router 68.68 57.03 56.84 43.50 29.8 fps
+ R-loss 69.11 59.01 56.96 43.85 29.8 fps
+ T-loss 70.30 59.01 57.19 44.24 29.8 fps
+ V-loss 70.90 59.39 57.52 45.31 29.8 fps

5. Experiments

5.1. Datasets and Metrics

RefCOCO [35] has 142,210 referring expressions and
50,000 objects in 19,994 images from the MSCOCO
dataset [35]. The expressions in RefCOCO mostly de-
scribe the absolute position of objects. RefCOCO+ [35]
includes 141,564 referring expressions for 49,856 bounding
boxes in 19,992 MSCOCO images. Unlike RefCOCO, Ref-
COCO+ contains more descriptions of relationships and at-
tributes. RefCOCOg [34] has 104,560 referring expressions
and 54,822 bounding boxes for 26,711 images, with longer
and more complex expressions compared to RefCOCO and
RefCOCO+. ReferItGame [12] has 120,072 referring ex-
pressions for 99,220 bounding boxes in 19,997 images.

For REC task, we use IoU@0.5 as our metric. This
means a prediction is deemed accurate if the intersection
over union (IoU) with the ground truth exceeds 0.5. For
RES task, we adopt the mIoU metric for evaluation, which
averages the IoU scores across all test samples.

Table 3. Comparison of different routing conditions on Ref-
COCO and RefCOCO+.

Method
RefCOCO RefCOCO+

test A test B test A test B

Text 67.13 56.17 54.90 43.07
Image 70.90 59.39 57.52 45.31
Image+text 67.40 58.50 56.04 43.13

Table 4. Ablations of visual encoders’ number in DViN.

Top-N
RefCOCO RefCOCO+ Inference

test A test B test A test B Speed

Top-1 70.90 59.39 57.52 45.31 29.8fps
Top-2 70.03 58.48 56.98 42.62 24.5fps
Top-3 68.44 57.25 56.75 42.68 16.7fps
Top-4 67.33 56.03 56.18 40.88 15.8fps

5.2. Implementation Details

As in RefCLIP, the image resolution is fixed at 416×416.
The maximum text length is set to 15 for RefCOCO, 15
for RefCOCO+, and 20 for RefCOCOg. By default, we
use YOLOv3 [40] as the detection network. For weakly su-
pervised RES, the detection network is YOLOv5-Seg [11].
The additional visual encoders in DViN include CLIP-
ViT [39], DINOv2-ViT [37], EfficientSAM-ViT [50], and
CLIP-Convnext [43]. During weakly supervised training,
we use the Adam optimizer with a learning rate of 1e-4 and
a batch size of 64. The λ of diversity-aware loss is set to
0.01. The training process lasts for 25 epochs with a cosine
decay schedule. Other settings follow those of RefCLIP and
experiments are conducted on NVIDIA 3090 GPUs.
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Table 5. Comparison with state-of-the-art methods on four REC benchmark datasets. “GT proposals” refers to using the official
MSCOCO annotations as candidate regions. “Pseudo Label” indicates that the student REC model is trained with pseudo-labels generated
by a teacher model. For example, RefCLIP SimREC means that RefCLIP and SimREC are the teacher and the student, respectively.

Method RefCOCO RefCOCO+ RefCOCOg ReferIt Inference
val testA testB val testA testB val-g test speed

GT Proposals:
VC [36]CVPR’18 - 33.29 30.13 - 34.60 31.58 30.26 - -
ARN [24]ICCV’19 38.05 36.43 36.47 34.53 36.40 36.12 39.62 - -
KPRN [25]MM’19 36.34 35.28 37.72 37.16 36.06 39.29 38.37 33.87 -
DTWREG [47]TPAMI’21 39.21 41.14 37.72 39.18 40.01 38.08 43.24 - -
EARN [27]TPAMI’22 38.08 38.25 38.59 37.54 37.58 37.92 45.33 36.86 -

Det Proposals:
VC[36]CVPR’18 - 32.68 27.22 - 34.68 28.10 29.65 14.50 -
KAC Net [3]CVPR’18 - - - - - - - 15.83 -
MATN [54]CVPR’18 - - - - - - - 13.61 -
ARN [24]ICCV’19 32.17 35.25 30.28 32.78 34.35 32.13 33.09 26.19 5.7fps
IGN [53]NeurIPS’20 34.78 37.64 32.59 34.29 36.91 33.56 34.92 - -
DTWREG [47]TAPAMI’21 38.35 39.51 37.01 38.91 39.91 37.09 42.54 - 5.9fps
RelR [28]CVPR’21 - - - - - - - 37.68 -
NCE+Dist [49]CVPR’21 - - - - - - - 38.39 -
RefCLIP [10]CVPR’23 60.36 58.58 57.13 40.39 40.45 38.86 47.87 39.58 31.3fps
APL [32]ECCV’24 64.51 61.91 63.57 42.70 42.84 39.80 50.22 41.80 26.7fps
DViN (ours) 67.67 70.90 59.39 52.54 57.52 45.31 55.04 40.63 29.8fps

Pesudo Labels:
RefCLIP SimREC [10] 62.57 62.70 61.22 39.13 40.81 36.59 45.68 42.33 54.8fps
RefCLIP Transvg [10] 64.08 63.67 63.93 39.32 39.54 36.29 45.70 42.64 19.3fps
DViN SimREC (ours) 67.29 73.09 60.65 51.54 59.06 39.59 51.73 45.43 38.4fps
DViN Transvg (ours) 64.99 68.87 64.48 50.72 57.36 38.64 50.47 44.26 19.3fps

5.3. Experimental Results

Ablation studies. We conduct extensive experiments to
validate the designs of DViN in Tab. 1, 2, 3 and 4. In partic-
ular, Tab. 1 compares different MoV baselines with DViN.
For this table, the first observation is that most pre-trained
visual features are still inferior to the default DarkNet [40]
on REC tasks, e.g., -5.15% of DINOv2-ViT [37] on Ref-
COCO val. However, when mixing DINOv2-ViT with the
DarkNet, the performance boosts from 55.19% to 66.59%,
suggesting the effectiveness of simple MoVs. Besides, we
also observe that the simple MoVs easily reach their perfor-
mance upper bound. For example, “DN+DViT” achieves
similar performance to “DN+DViT+SViT+CViT+CCNN”
on RefCOCO. Meanwhile, directly increasing the number
of visual features does not always improve performance,
e.g., -0.32% after mixing SViT. More importantly, the sim-
ple MoV baseline will obviously reduce the inference speed
due to the additional visual encoders, e.g., up to -16.8 fps.
These results confirm the effectiveness of simple MoVs
while also indicating their shortcomings in performance and

efficiency. In contrast, with the novel visual routing design,
DViN not only achieves the best performance against all
baselines, but also maintains the promising inference effi-
ciency. These results extensively validate our motivation
and designs of DViN. Notably, the inclusion of VTR en-
hances DViN’s cross-modal correspondence, boosting its
performance on RefCOCO+ testA by 1.19%, with an ad-
ditional 0.60% improvement from CFA on top of VTR.

In Table 2, we present a cumulative ablation study to
assess the contributions of each design element in DViN.
Specifically, vision-conditioned routing, which dynami-
cally integrates visual features into RefCLIP, achieves a
substantial performance boost of up to +9.93% on Ref-
COCO+. Additionally, our Diversity-aware routing learn-
ing (R-loss), which promotes balanced utilization of visual
features across experts, provides a further +0.43% gain.
Moreover, the Text-guided alignment loss (T-loss) enhances
alignment with textual semantics, resulting in an additional
+1.19% improvement on RefCOCO test A. The Vision-
guided alignment loss (V-loss) further refines visual rep-
resentation by distilling visual knowledge into individual
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Table 6. Comparison of DViN and existing methods on weakly supervised RES.

Method RefCOCO RefCOCO+ RefCOCOg
val testA testB val testA testB val-g

AMR [38]AAAI’22 14.12 11.69 17.47 14.13 11.47 18.13 15.83
GroupViT [51]CVPR’22 18.03 18.13 19.33 18.15 17.65 19.53 19.97
CLIP-ES [21]CVPR’23 13.79 15.23 12.87 14.57 16.01 13.53 14.16
GbS [1]ICCV’21 14.59 14.60 14.97 14.49 14.49 15.77 14.21
WWbL [44]NeurIPS’22 18.26 17.37 19.90 19.85 18.70 21.64 21.84
TSEG [45]arXiv’20 30.12 - - 25.95 - - 22.62
ALBEF [17]NeurIPS’21 23.11 22.79 23.42 22.44 22.07 22.51 24.18
I-Chunk [15]ICCV’23 31.06 32.30 30.11 31.28 32.11 30.13 32.88
TRIS [23]ICCV’23 31.17 32.43 29.56 30.90 30.42 30.80 36.00
PKS [16]arXiv’22 49.27 52.23 45.64 37.79 42.09 32.87 36.43
APL [32]ECCV’24 55.92 54.84 55.64 34.92 34.87 35.61 40.13
DViN (ours) 61.43 63.81 56.97 46.79 51.87 39.85 46.49

features, adding another +0.60% gain. Collectively, these
components highlight the effectiveness of DViN’s design in
adapting to diverse visual and textual demands.

In Table. 3, we compare different routing conditions for
the router to generate routing weights. The observation is
that the router can produce better dynamic weights based on
image-only conditions. When we use text and image+text
as the routing conditions, performance drops by -1.98% and
-1.98% on RefCOCO text A. These results suggest that the
routing mainly relies on information from image features
instead of text features. To explain, under the weakly su-
pervised setting, the text features are not well aligned with
visual features at the beginning of the training, which can
not accurately determine the selection of visual features.

In Table 4, we compare the impact of varying the num-
ber of visual features in our model. Our first observa-
tion is that increasing the number of visual features does
not always lead to better performance. Specifically, fewer
features (top-1 and top-2) generally outperform those with
more features (top-3 and top-4). For instance, in the Re-
fCOCO dataset, the top-1 and top-2 settings achieve the
highest accuracy on the test B and test A splits, respectively.
Meanwhile, the inference speed typically declines with the
increase in the number of features, e.g., 29.8fps of top-1 vs.
15.8fps of top-4. This suggests that adding more features
will often increase the computational overhead without pro-
portionate gains in performance, which further confirms the
sparse design of DViN.
Comparison with weakly supervised REC methods. In
Table. 5, we compare DViN with a set of methods on four
REC benchmark datasets. From this table, our approach
significantly outperforms existing methods across multiple
datasets and metrics. Notably, DViN achieves the highest
accuracy in nearly all splits when compared with methods
of both ground truth (GT) proposals and detection (Det)
proposals e.g., +6.01% on RefCOCO val set and +10.41%

on test A against RefCLIP. Besides, we also observe that
our methods show more gains on RefCOCO+, which has
higher requirements for visual details. In addition to accu-
racy, the inference efficiency of DViN is also notable, which
demonstrates a competitive speed of 29.8 fps against exist-
ing methods, e.g., +23.9fps than DTWREG. These results
also confirm the benefits of DViN to visual description abil-
ity. We further evaluate DViN under the pseudo-labeling
setting, where DViN performs as the teacher to supervise
common REC models. From these results, we can see that
DViN can produce accurate pseudo-labels against RefCLIP,
thus yielding better student performance.

Generalizations to weakly supervised RES. To validate
the generalization ability of DViN, we apply it to the weakly
supervised RES task. In particular, we use the YOLOv5-
Seg [11] as the detection network. Therefore, we can di-
rectly extend the anchor-text matching framework of DViN
to weakly supervised RES. As shown in Table. 6, DViN
can also achieve the state-of-the-art performance on three
benchmark datasets, e.g., up to +31.38% gains on Ref-
COCO. Even compared to PKS [16], which uses additional
annotations, DViN still demonstrates comprehensive advan-
tages on all benchmark datasets. These obvious perfor-
mance gains show the significance of visual description
ability in weakly supervised RES and confirm the gener-
alization ability of DViN.

Qualitative analysis. To gain deep insights into DViN, we
visualize its predictions in Fig. 4. From Fig. 4 (a), we ob-
serve that visual features play unique roles in different sam-
ples. For example, SAM-ViT [14] is often selected when
visual objects are large and salient. CLIP [39] and DI-
NOv2 [37] excel at processing visual objects with rich col-
ors and detailed appearance. These examples potentially in-
dicate the functionality of DViN. Additionally, we compare
the predictions of DViN and RefCLIP in Fig. 4 (b). From
this figure, we can see that DViN shows significantly better
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(b) Comparison of DViN and RefCLIP

Exp-4: Man inforeground in Exp-5: Lady in black and white Exp-6: Yellow and blue vehicle

Exp-1: Kid on right in back blondish hair
RefCLIP   DViR

Exp-3: Bananas in background
RefCLIP   DViR

Exp-2: Glass closer to italian
RefCLIP   DViR

0.3 0.1 0.4 0.2
DViT SViT CViT CCNN

0.2 0.2 0.2 0.4
DViT SViT CViT CCNN

0.2 0.1 0.4 0.3     
DViT SViT CViT CCNN

0.2 0.1 0.6 0.1
DViT SViT CViT CCNN

Exp-1: Mattress on iron bed Exp-2: Full zebra  Exp-3: The guy in the jacket Exp-4: Suitcase at 4 Exp-5: Black and red bike

Exp-6: The runner 
with the helmet

Exp-7: Red bear
holding red object 

Exp-8: Woman’s booty Exp-9: Chocolate 
cupcake in the back

(a) Illustration of routing weights on different samples

Exp-1: White doughnut 
at 4 o’clock

Exp-2: Animal near 
the building

Exp-3: Bear behind tree Exp-4: Larger piece of 
upside down broccoli 
that’s near the rice

Exp-5: Banana with 
biggest black spot

(c) Examples of DViN Failure Cases

Exp-10: Red fabric

Figure 4. Visualizations of DViN and RefCLIP on RefCOCO and RefCOCO+. Sub-figure (a) shows that different samples have their
preferences on visual encoders. Sub-figure (b) demonstrates the better visual ability of DViN than RefCLIP.

results on fine-grained expressions. For example, DViN can
distinguish the subtle difference between two “vehicles” in
Exp-6, while RefCLIP fails to locate the target one. Over-
all, these examples further illustrate the benefits of DViN.
To gain further insights into DViN’s limitations, we exam-
ine several failure cases in Fig. 4 (c). In Exp-3, DViN fails
to locate the “bear behind the tree,” incorrectly focusing
on a foreground object. Similarly, in Exp-4, DViN strug-
gles to distinguish the “larger piece of upside-down broccoli
near the rice.” These examples illustrate DViN’s limitations
in handling complex, fine-grained expressions, highlighting
areas for improvement in precise target localization.

6. Conclusion
In this paper, we focus on weakly supervised referring
expression comprehension (REC) and identify weak vi-

sual ability as its main performance limitation. We ob-
serve that a mixture of visual features significantly im-
proves fine-grained object detection. Based on this, we
propose a novel framework, Dynamic Visual Routing Net-
work (DViN), which formulates visual feature extraction
in weakly supervised REC as a dynamic routing process.
Additionally, an innovative routing-based feature alignment
enhances routing features via intra-modal and inter-modal
alignment. Experimental results validate DViN’s state-of-
the-art performance and inference efficiency.
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