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Abstract. Contrastive vision–language models (VLMs) such as CLIP,
EVACLIP, ImageBind, and SigLIP exhibit impressive zero-shot general-
ization, yet their performance on specific data distributions can further
be enhanced by improving the synchronization of the vision and language
representations. For this purpose, we present SyncVL, a bi-directional
VL synchronization framework that enables fully unsupervised adapta-
tion of VLMs. SyncVL jointly refines visual and textual representations
through two lightweight transformer-based encoder-decoder synchroniz-
ers (Vision-to-Text and Text-to-Vision) that progressively project VL
representation into a shared latent subspace without requiring labeled
data. To ensure robust synchronization, we form groups using multiple
image-views and text templates. Both synchronizers are trained using a
reward function motivated by group relative policy optimization while
keeping the original VLMs frozen. Additionally, a mutual-distillation
mechanism is proposed to iteratively reinforce each synchronizer. We
extensively evaluate SyncVL on 24 benchmark datasets spanning unsu-
pervised VL adaptation, out-of-distribution matching, unsupervised clus-
tering, cross-modal retrieval, object detection, and segmentation. Across
all tasks, SyncVL consistently improves over state-of-the-art baselines,
establishing a new standard for unsupervised adaptation of VLMs.

Keywords: Vision Language Models· Unsupervised Adaptation· VL Syn-
chronization· Reinforcement Learning· Group Relative Policy Optimiza-
tion· Zero-Shot Classification· Out-of-distribution Adaptation

1 Introduction

Large-scale VLMs such as CLIP [57], EVACLIP [68], ImageBind [23], and SigLIP
[72], learn joint multi-modal vision-language representations within a shared
embedding space using a dual-encoder architecture. The VL synchronization
serves as the foundation for many downstream applications, such as zero-shot
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Fig. 1: Basic idea of the proposed label-free bi-directional vision-to-text (V2T) and
Text-to-Vision (T2V) synchronizers (SyncVL).

[3, 46, 50, 71, 73, 94] and few-shot classification [61, 63, 66], image clustering [1,
18,19], image–text understanding and retrieval [16,25,33,42], VL reasoning and
captioning [11, 37, 43], VL agents and robotics [13, 82, 97], content moderation
[20,96], tagging [32,88], and recommendation [44,101]. These VLMs exhibit good
generalization performance in a number of applications; however, the inherent
difference between visual and language modalities, as well as the shift within
the visual domain, limits the transferability of learned representations to novel
or specialized visual domains [4, 57]. Thus, the synchronization of vision and
language representations can be further improved, resulting in a reduction of
the modality gap.

Despite many advances in this direction, the VL synchronization issue is still
pertinent and needs special attention. To address this limitation, several studies
have explored techniques to enhance VL synchronization by leveraging labeled
samples from target domains [34, 35, 92, 93, 99, 102]. These methods fine-tune
CLIP or its prompts, thereby improving VL synchronization. However, by fine-
tuning on a small dataset, the model can overfit to unwanted features or biases,
resulting in loss of performance on unseen samples [22, 34, 63, 100]. In addition,
collecting even a modest number of labeled samples may become infeasible in
some real-world scenarios due to high annotation costs, data scarcity, or privacy
constraints. Consequently, unsupervised VL synchronization, which seeks to map
and align VL modalities using unlabeled data, has gained increasing attention
as a promising alternative [2, 3, 30,50,71].

Several recent works have proposed unsupervised approaches to improve VL
synchronization [3, 30, 38, 50, 55, 71]. A common strategy involves generating
pseudo-labels, which are then used to fine-tune the model on the target domain
in a self-supervised manner. Although effective to some extent, such fine-tuning-
based adaptation methods may suffer from a few key drawbacks. First, updating
the large-scale VLM encoders may erode the pre-trained multimodal knowledge,
thereby weakening VLMs’ inherent generalization ability [22, 31, 95, 100]. Sec-
ond, pseudo-label noise may accumulate through iterative optimization, leading
to confirmation bias and overfitting to incorrect labels [5, 50,89].
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i) CLIP iv) SigLIP-2

vi) CLIP+SyncVL 

ii) EVA-CLIP iii) ImageBind

ix) SigLIP-2+SyncVL vii) EVA-CLIP+SyncVL viii) ImageBind+SyncVL 

Text EmbeddingsMean Image Embeddings

v) TULIP

x) TULIP+SyncVL 

(a) t-SNE visualization of the vision–language modality gap across
five representative VLM backbones (i–v) and the improved VL syn-
chronization achieved with the proposed SyncVL (vi–x). Across all back-
bones, SyncVL substantially reduces the modality gap, indicating en-
hanced vision–language synchronization.
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Fig. 2: Impact of SyncVL on VL synchronization: (a–b) The modality gap [40] is
significantly reduced across different VLM backbones. (c) Linear separability accuracy
[15], measuring the percentage of vision and language embeddings separable by a linear
classifier in the VLM embedding space. Lower values indicate stronger vision–language
synchronization. (d) Misclassification error is reduced. Lower values are better for all
measures. Results are reported on the CIFAR-10 validation split.

In this work, we propose SyncVL, a novel label-free bi-directional vision
language synchronization framework that preserves the pretraining knowledge of
VLMs while introducing two lightweight VL synchronizers: Vision-to-Text (V2T)
and Text-to-Vision (T2V), as illustrated in Fig. 1. Unlike existing unidirectional
adaptation strategies [3, 50], our bidirectional design enables mutual refinement
between vision and language representations, leading to more stable and effective
VL synchronization.
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Loading [MathJax]/extensions/MathMenu.jsFig. 3: Optimizing SyncVL using the proposed
objective functions consistently improves per-
formance.

Furthermore, in contrast to
prior methods that rely on su-
pervised fine-tuning or generative
feedback [31, 34, 100], SyncVL op-
erates in a fully self-supervised
manner using consistency and
alignment rewards. The V2T and
T2V synchronizers collaboratively
adjust VL embeddings by encour-
aging intra-group consistency and inter-modal alignment, progressively narrow-
ing the modality gap. To ensure stable optimization, we employ a relative reward-
driven objective that evaluates synchronization quality within structured groups
rather than relying on absolute loss values. This cooperative learning strategy
effectively enhances adaptation robustness without requiring labeled data or en-
coder fine-tuning.

The average similarity between the vision and language class-centers signifi-
cantly improves by incorporating SyncVL with the original baselines. Fig. 2 shows
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the improvement in VL synchronization for five different VLM backbones, includ-
ing CLIP (B/32) [57], EVA-CLIP (B/16) [68], ImageBind (H/14) [23], SigLIP-
2 (L/16) [72], and TULIP (B/16) [70]. The performance gain of SyncVL over
baselines can be attributed to the synergy of gradients between alignment and
consistency losses. The same losses if used without our proposed reward func-
tions, conflict with each other, resulting in performance degradation as shown
in Fig. 3. Rigorous experimental evaluations are performed on 21 benchmark
datasets for unsupervised adaptation, out-of-distribution zero-shot classification,
few-shot classification, unsupervised image clustering, cross-modal retrieval, ob-
ject detection, and segmentation. Our results demonstrate that the proposed
SyncVL outperforms existing State-Of-The-Art methods by a significant margin.
Overall, our main contributions are summarized as follows.

1. We propose SyncVL, self-supervised bidirectional synchronization framework
which maps Vision-to-Text (V2T) and Text-to-Vision (T2V) using consis-
tency and alignment based rewards. Both synchronizers are trained using
the objective function inspired by group relative policy optimization.

2. The consistency reward forces the synchronizers to map the full input group
to the same pseudo-class in the output. The alignment reward forces the
synchronizers to map input embeddings of one modality to the center of the
pseudo-class embeddings of the second modality, significantly improving the
VL synchronization.

3. The V2T is considered as a teacher for knowledge distillation to the T2V as
a student to align its latent space for bidirectional coherence. The aligned
latent space acts as a common subspace and used for inference.

2 Related Work

VL Models and Alignment. Large-scale vision–language models (VLMs)
such as CLIP [57], EVA-CLIP [68], and ImageBind [23] learn a shared em-
bedding space for images and text through contrastive training on large-scale
paired datasets. This enables strong zero-shot generalization by synchronizing
multi-modal representations without task-specific supervision. However, the syn-
chronization learned during pretraining is often static and domain-dependent,
which can lead to performance degradation under distribution shifts, corrup-
tions, and domain generalization scenarios [17,79,83]. Recent works attempt to
improve VLM’s alignment and robustness using prompt learning [22,51,62,100],
adapter tuning [66, 91], or adversarial alignment [96], but these approaches re-
quire training-time updates and cannot adapt dynamically at inference. An-
other direction investigates unsupervised adaptation using unlabeled target data
[38, 50, 55, 71]. However, many of these methods still rely on auxiliary supervi-
sion signals or incur significant computational overhead. More recent approaches,
such as ReCLIP [30], DPA [3], and FAIR [2], address VL misalignment through
source-free domain adaptation. Despite their effectiveness, these methods typi-
cally involve fine-tuning VLM components, which may degrade pretrained multi-
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modal knowledge and suffer from pseudo-label noise accumulation during itera-
tive optimization [5, 50,89].
Test-Time Adaptation & Consistency Learning. Test-time adaptation
(TTA) improves robustness to unseen domains by adapting models during infer-
ence [46, 63]. Methods such as TENT [75], MEMO [90], CoTTA [78], TTT++
[45], TTT-MAE [21], and SHOT [39] employ entropy minimization, self-supervised
objectives, or pseudo-labeling for adaptation. However, these approaches primar-
ily optimize surrogate objectives and often lack mechanisms to enforce predic-
tion stability under augmentations. Consistency-based learning [65,81] provides
a natural signal for more robust adaptation. Our proposed SyncVL is applicable
both using the training data or the test data without using image-labels. The
consistency and alignment rewards are transformed into a reinforcement learning
framework, allowing the model to self-optimize its representations online based
on group relative policy optimization.
Reinforcement Learning for Vision-Language Alignment. Reinforcement
learning (RL) has been used to optimize language or multi-modal models via
human or model feedback. RLHF [9,53] and RLAIF [6] have enabled preference-
aligned language models, while in the multi-modal domain, GRPO (Group Rela-
tive Policy Optimization) [60] provides a unified policy optimization framework
for aligning model outputs to preference signals. TTRV [64] applied this idea
to decoder-based VLMs, showing that reinforcement signals at test time can
directly improve downstream VL reasoning. However, applying reinforcement-
based adaptation to dual-encoder architectures like CLIP is non-trivial because
such models lack a token-level decoding policy. Previous work treats alignment
as a fixed contrastive objective, limiting the use of RL-based optimization. Our
proposed SyncVL bridges this gap by redefining the embedding generation pro-
cess as a latent policy, where the reward is derived from prediction consistency
rather than explicit labels or human feedback. This formulation generalizes the
RL-based optimization idea from generative to contrastive VLMs and introduces
a novel reinforcement-driven alignment mechanism.

3 Vision⇐⇒Language Synchronization Framework

In this work, we propose SyncVL, a bidirectional vision-language synchronization
framework that enhances VL synchronization of the pre-trained dual-encoder
VLMs. A schematic illustration of SyncVL is shown in Fig. 4. We propose
Vision-to-Text (V2T) and Text-to-Vision (T2V) synchronizers trained using an
objective function inspired by group reward policy optimization. The reward
is based on the input images’ augmentation consistency and pseudo-label-based
contrastive loss. Together, these synchronizers enhance the vision-language align-
ment of dual-encoder VLMs.

3.1 Preliminaries

Dual-Encoder VLMs. Pre-trained dual-encoder VLMs employ an image en-
coder fθ and a text encoder gϕ to project unlabeled images {xj}nj=1 and textual
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Fig. 4: Proposed bi-directional vision-language synchronization framework (SyncVL):
(A) fv2t maps visual embeddings to textual class centers, t̄c. In later iterations t̄c is
obtained from ft2v. (B) ft2v maps textual embeddings to visual pseudo class centers,
v̄c obtained from trained fv2t.

templates TC
c=1 into a shared embedding space, where C are the total classes. The

encoders are pretrained with a contrastive loss to align corresponding image–text
pairs and separate mismatched ones. During inference, zero-shot classification
selects the class whose text embedding best matches the image embedding.
Group Relative Policy Optimization (GRPO). To improve VL synchro-
nization, we get motivation from GRPO, a reinforcement learning algorithm
originally proposed to stabilize fine-tuning of LLMs without requiring an ex-
plicit critic network [24,60]. GRPO reformulates the policy optimization process
by evaluating and updating the model based on the relative performance of mul-
tiple responses generated for the same input rather than their absolute reward
values. In our work, the policy πθ represents a V2T or T2V synchronizer. For
V2T, for each input image, we generate a group of augmented views, each pro-
ducing a corresponding textual output. These samples collectively form a group,
and the model is trained to prefer outputs that are more semantically consis-
tent across augmentations and better aligned with the pseudo-positive textual
embeddings. For T2V, a group is formed over a set of textual embeddings. Once
V2T is trained, then under its supervision, the T2V is trained employing GRPO.

3.2 Formulating Vision=⇒Text Synchronizer Reward

Textual Class Centers. From a large set of text templates, we randomly select a
subset of m templates per class {Tc,i}mi=1 and compute textual embeddings using
VLMs text encoder tc,i = gϕ(Tc,i) which are then averaged to obtain class-level
textual representation t̄c = 1/m

∑m
i=1 tc,i.

V2T Group Formation. Given an image xj , its visual embedding vj = fθ(xj)
is transformed into the text-aligned semantic space via the proposed V2T syn-
chronizer. To make a group, we apply k-augmentations to the image xj as
{xj,1, . . . ,xj,k}. For these augmentations, we obtain visual embeddings {vj,1, ...,
vj,k} which are then mapped to the textual space using V2T: vt

j,i = fv2t(vj,i)

and vt
ji

∈ Rd. Together, the input visual embeddings {vj,i}ki=1 and the output
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visual embeddings {vt
j,i}ki=1 form a group. After initial phase of training of fv2t,

the group definition is changed to all images xj having the same pseudo-class
label form a group for training in the later phase.
Consistency Reward. The similarity of each instance-level visual embedding
vt
j,i to each text embedding class-center t̄c is computed as: s(j,i,c) = cos(vt

j,i, t̄c)
and normalized into class distributions using softmax with temperature τ .

p(j,i,c) =
exp(s(j,i,c)/τ)∑
c′ exp(s(j,i,c′)/τ)

, (1)

Thus, for each instance vt
j,i, we get a vector of probabilities over all classes

pj,i ∈ RC . The objective is to achieve a stable similarity distribution in the
group by minimizing the KL divergence between the individual predictions and
the average group prediction p̄j =

1
k

∑k
i=1 pj,i:

Lcon
v2t (j, i) = DKL(p̄j ∥pj,i), (2)

Alignment Reward It aims to improve alignment between the individual visual
embeddings vt

j,i in the group with a pseudo-class center text embedding t̄c+ . The
pseudo-class label is determined by finding the majority label across the group
of xj augmentations. We also define a pseudo-hard negative class t̄c− as the
second-best matching class in the group. We aim to bring vt

j,i close to t̄c+ and
far from t̄c,− by using contrastive loss.

Laln
v2t(j, i) = − log

exp(
s(j,i,c+)

τ )

exp(
s(j,i,c+)

τ ) + exp(
s(j,i,c−))

τ )
, (3)

Overall Reward. Overall reward combines distributional consistency reward
across augmentations and alignment-based reward between the two modalities:

Lv2t(j, i) = Lcon
v2t (j, i) + Laln

v2t(j, i), (4)

3.3 Formulating Text=⇒Vision Synchronizer Reward

The trained fv2t is used to provide the supervision to the reverse synchronizer
ft2v, which maps textual templates to the visual space. This supervision is pro-
vided as image pseudo-labels and knowledge distillation in the latent space. The
KD loss aims to align the latent space of ft2v with the latent space of fv2t.
Visual Pseudo-class Center. The trained fv2t is used to assign a pseudo-
class label c to each vj . For all vj belonging to the same pseudo class c, a mean
visual embedding is computed as a representative of that class v̄c =

1
nc

∑nc

j=1 vj ,
where nc is the number of images having the same pseudo-label c. We employ this
average class embedding as a visual anchor for aligning textual representations.
T2V Group Formation. For each text class c we have m templates {tc,i}mi=1.
The proposed T2V synchronizer aims to map each of these to the visual space:
tvc,i = ft2v(tc,i) and tvc,i ∈ Rd. The set of m templates and their corresponding
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outputs, {tvc,i}mi=1 collectively form a T2V group. The model ft2v is trained to
prefer outputs that are consistent across all templates and better aligned with
the visual representation of the corresponding pseudo positive classes using the
following three rewards.
Consistency Reward Lcon

t2v . After mapping a textual embedding tc,i to the
visual space tvc,i, the similarity is calculated with each class mean visual em-
bedding v̄c, sc,i = cos(tvc,i, v̄c), and probability distributions pc,i are computed
using softmax with temperature as in Eq. (1). The KL divergence is minimized
between the mean of class probabilities p̄c = 1/m

∑m
i=1 pc,i, and each individual

vector pc,i within the group as in Eq. (2).
Alignment Reward Laln

t2v . The objective is to improve the synchronization
between the class mean-visual-embedding v̂c and the template-embedding tvc,i
within the group. For the whole group of tvc,i, one positive class c+ is selected
based on the majority vote and the second best is selected as the hard negative
c−, and then the contrastive loss is minimized as in Eq. (3).
Knowledge Distillation Reward LKD

t2v . The trained fv2t also acts as a teacher
and provides additional supervision to ft2v, which acts as a student model. The
KD reward minimizes the distance between the textual templates and the cor-
responding pseudo-class visual representations in the latent space and improves
bidirectional coherence.

LKD
t2v (c, i) = ∥fe

v2t(v̄c)− fe
t2v(tc,i)∥1, (5)

where fe
v2t and fe

t2v are the encoders of the two synchronizers.
Overall T2V Reward. T2V reward consists of distributional consistency re-
ward across m text templates and alignment-based reward:

Lt2v(c, i) = Lcon
t2v (c, i) + Laln

t2v(c, i) + LKD
t2v (c, i) (6)

The ft2v synchronizer is also trained using the group-relative optimization as
discussed above.

3.4 Overall Training

Iterative Training In the initial phase, fv2t is first trained and the training
of ft2v follows. In the next phase, visual class centers are calculated using fv2t:
v̄c = 1

nc

∑nc

j=1 v
t
j , and the textual class centers are calculated using ft2v: t̄c =

1
m

∑m
i=1 t

v
c,i. Both fv2t and ft2v are trained sequentially for multiple iterations

to obtain convergence of visual and textual embeddings.
Group-Relative Optimization. Instead of optimizing V2T or T2V rewards in
absolute terms, GRPO computes the relative advantage of each sample within
the group. For V2T: rj,i = Lv2t(j, i), Aj,i = (rj,i − r̄j)/(σj + ϵ), where r̄j =

1
k

∑k
i=1 rj,i, and σj =

√
1
k

∑k
i=1(rj,i − r̄j)2. This normalization ensures that each

output’s contribution is evaluated relative to those generated from the same
image. The policy is then updated using the clipped objective, similar to PPO
[60]:

LG = Ei

[
min

(
rj,i(θ)Aj,i, clip(rj,i(θ), 1− ϵ, 1 + ϵ)Aj,i

)]
,
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where rj,i(θ) = πθ(v
t
j,i|vj,i)/πθold(v

t
j,i|vj,i) is the likelihood ratio ensuring stable

updates. Conceptually, this means the synchronizer fv2t learns to generate visual
representations vt

j,i that are not only individually accurate but also more con-
sistent and better aligned relative to its own alternatives. The T2V synchronizer
is also being trained using a similar GRPO-based methodology. By optimizing
over visual and textual groups, GRPO naturally enforces invariance to visual and
textual perturbations and improves fine-grained VL correspondence, pushing the
policy toward a more stable and semantically robust alignment regime.
Inference. At inference time, we only use the encoders fe

v2t and fe
t2v to project

vision-textual embeddings in the aligned latent subspace obtained using the
SyncVL framework. Thus, our model enforces distributional stability across aug-
mented inputs, directional contrastive alignment between modalities, and en-
sures latent symmetry between the two synchronizers. This bidirectional reward-
guided optimization fosters stronger VL synchronization and improves VLM’s
zero-shot performance on diverse downstream tasks.

4 Experiments and Results

Datasets. For unsupervised adaptation, we evaluated the proposed SyncVL on
12 datasets consisting of: General classification datasets: CIFAR-10/100 [36],
GTSRB [29], and ImageNet [12]; Fine-grained classification datasets: DTD [10],
Food101 [8], Oxford-IIIT Pets [54], FGVC-Aircraft [47], Flowers102 [52], and
Birdsnap [7]; Action recognition dataset: UCF101 [67]; Satellite imagery dataset:
EuroSAT [26] and report results using the test splits provided by [100]. To
evaluate the SyncVL adaptation abilities to distribution shift, we evaluated on
three Out-Of-Distribution (OOD) datasets: ImageNet-Rendition [27], ImageNet-
Sketch [76], and ImageNet-Adversarial. We evaluated SyncVL for object detection
and segmentation using two widely used datasets: PASCAL-VOC [14] and MS-
COCO [41]. We followed the experimental settings of [98] for object detection

Table 1: Comparison of SOTA unsupervised adaptation methods using the CLIP ViT-
B/32 backbone.
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CLIP (B/32) 91.30 65.10 44.50 64.50 49.40 82.40 87.00 66.46 21.20 59.40 87.90 63.20 63.20 65.04
UPL† [31] 91.26 67.41 45.37 62.04 51.88 84.25 83.84 67.40 17.07 49.41 92.36 62.12 58.22 64.05
POUF† [71] 90.50 62.00 46.10 61.20 62.90 82.10 87.80 67.80 18.20 57.70 94.10 60.00 52.20 64.82
CPL [89] 94.68 77.30 56.30 71.00 82.20 83.18 87.62 76.70 19.76 - - - 63.74 68.54
TransCLIP [85] 91.18 67.38 50.40 59.00 81.50 89.00 74.40 68.70 20.30 63.57 91.72 67.44 64.90 68.42
LafTer [50] 95.80 74.60 46.10 73.90 82.45 84.93 71.00 68.20 19.86 - 93.30 64.50 64.20 69.90
ReCLIP† [30] 94.84 72.26 53.88 67.01 70.8 84.19 87.49 72.63 18.87 59.06 92.43 73.89 64.52 70.08
GTA-CLIP [59] - - 57.51 71.00 77.38 66.31 90.81 79.74 21.21 64.27 94.16 70.14 66.31 68.99
DPA [3] 95.97 76.47 55.69 68.49 80.04 84.76 90.71 75.56 20.67 62.62 96.06 68.13 64.64 72.29
SyncVL (ours) 98.65 81.14 63.28 74.5 84.14 86.98 93.96 79.84 25.06 67.12 96.54 74.84 68.24 76.48

†Results are adapted from DPA [3].
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Table 2: Unsupervised adaptation results on additional backbones.

Method C-10 C-100 DTD UCF ESAT Food Pets Avg.
CLIP (B/16) [57] 90.80 68.22 44.70 69.10 49.00 88.70 89.00 71.36
+SyncVL 98.95 82.31 60.68 81.87 83.24 90.86 96.02 84.85
SigLIP (L/16) [87] 81.67 48.70 20.90 38.09 25.53 86.58 93.2 56.38
+SyncVL 92.12 68.42 35.72 55.02 44.65 89.82 95.22 68.71
ImageBind (H/14) [23] 96.53 78.54 51.28 76.95 61.02 90.73 93.46 78.36
+SyncVL 98.72 82.62 53.14 78.10 65.01 92.61 96.01 80.89
EVACLIP (B/16) [68] 98.40 87.70 53.10 83.35 67.00 89.40 92.20 81.59
+SyncVL 99.24 90.78 54.24 85.82 70.45 96.98 96.53 84.86
SigLIP-2 (L/16) [72] 96.11 83.14 68.79 81.26 51.12 95.64 95.69 81.68
+SyncVL 99.05 85.83 69.85 83.57 70.68 96.29 96.12 85.91
TULIP (B/16) [70] 95.51 78.75 64.36 74.68 45.28 92.47 94.88 77.99
+SyncVL 98.63 83.09 67.26 78.25 63.49 95.26 96.18 83.17

and [58] for segmentation. We also evaluated SyncVL for cross-modal retrieval
using four datasets: Scene text retrieval datasets: Street View Text (SVT) [77],
Total-Text Retrieval (TTR) [80], Phrase-level Scene Text Retrieval (PSTR) [86],
and INQUIRE [74]. We employed the standard evaluation measure used by the
SOTA methods [3, 50,56,57,74]. More details are given in Supp. Section A.1.
Implementation and Training Details. Each V2T and T2V synchronizer
comprises an encoder-decoder pair each having two transformer blocks. We adopt
an iterative training strategy to progressively synchronize visual and textual rep-
resentations. In the first iteration, V2T is trained for 100 epochs using groups of
k = 7 augmentations per image to enforce intra-instance consistency and align-
ment. The resulting pseudo-labels are then used to train T2V for another 100
epochs. In subsequent iterations, pseudo-labels derived from image embeddings
are used for re-grouping images, and both synchronizers are refined in an al-
ternating manner. We use AdamW optimizer with 1× 10−4 lr, and 0.01 weight
decay for both synchronizers. Unless otherwise stated, all experiments use the
CLIP (ViT-B/32) backbone. See Supp. Section A.2 for additional details. SyncVL
algorithm and computational cost analysis are in Supp. Sections A.3 and A.4.

Table 3: Comparisons on OOD datasets
in transductive and unsupervised settings.
CoOp is used with 16-shots.
Methods INet-S INet-R INet-A
CLIP (B/32) [57] 42.10 68.60 32.10
CoOP (M=16) [100] 40.44 64.45 30.62
CLIP-Adapter (UA) [22] 32.04 54.75 20.12
Lafter (Trans.) [50] 42.70 72.60 31.50
DPA (Trans.) [3] 42.60 68.40 32.20
SyncVL (UA) 45.96 71.26 35.14
SyncVL (Trans.) 47.24 74.18 36.98

SyncVL Unsupervised Adapta-
tion Performance. In Table 1,
we compare our proposed SyncVL
with eight SOTA unsupervised adap-
tation methods using CLIP (ViT-
B/32) backbone. SyncVL consistently
achieves the best performance across
all 10 datasets, surpassing the pre-
vious best method (DPA) by a no-
table margin of 4.19%. Specifically,
SyncVL demonstrates significant gains
on CIFAR-100 (+4.67%) and DTD
(+5.77%), indicating more effective VL synchronization compared to existing
adaptation methods. These consistent improvements across diverse visual cate-
gories, from coarse to fine-grained recognition, highlight the robustness and gen-
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eralization ability of SyncVL in enhancing unsupervised adaptation performance.
In Table 2, we present results on six additional backbones across 7 datasets.
SyncVL consistently improves performance across the backbones and datasets,
reaffirming the effectiveness of the proposed approach. See Supp. Section B.1 for
additional comparisons. SyncVL Adaptation to Distribution Shifts. We
evaluate SyncVL robustness to distribution shifts in both unsupervised adapta-
tion (UA) and transductive (Trans.) settings, following the experimental set-
tings of prior works [22, 50, 100]. In the UA setting, SyncVL is trained solely on
the ImageNet training set without any access to samples from the target OOD
datasets. For the transductive setting, we adopt the evaluation setup of [3,50]. As
reported in Table 3, SyncVL (UA) achieves competitive or superior results com-
pared to both few-shot and transductive baselines, demonstrating strong domain
generalization capability. Further extending SyncVL to the transductive setting
yields additional gains, consistently outperforming all compared methods. These
results highlight SyncVL’s generalization and its effectiveness in improving VL
synchronization under significant distributional shifts.

Table 4: Comparison of proposed SyncVL
(UA) with few-shot (8-shot and 16-shot)
methods using CLIP B/32 backbone.
Methods C10 C100 DTD ESAT Food Pets
CoOp (M:8) [69] 94.63 75.91 61.82 77.17 78.84 85.61
CoOp (M:16) 94.50 75.78 67.55 76.78 79.12 86.70
MaPLe (M:8) [34] 88.23 71.14 34.99 65.25 80.51 81.85
MaPLe (M:16) 91.94 71.74 53.43 71.49 81.01 86.54
SyncVL (UA) 98.65 81.14 63.28 84.14 86.98 93.96

SyncVL Comparison with Few-
Shot Methods. We compare the
proposed SyncVL (UA) with two
SOTA few-shot methods under 8-
shot and 16-shot settings using the
CLIP (ViT-B/32) backbone. Ta-
ble 4 summarizes the results across
six datasets. SyncVL consistently
outperforms 8-shot methods, while on 16-shot methods it obtain best perfor-
mance on five out of six datasets. Unlike few-shot methods that depend on a
limited set of annotated examples, SyncVL functions entirely in an unsupervised
adaptation setting, requiring no labeled target data, while achieving superior
accuracy. These results highlight the effectiveness and efficiency of SyncVL as a
label-free alternative to few-shot adaptation techniques. See Supp. Section B.2
for more comparisons.

Table 5: SyncVL improves Object Detection
(AP50) and Segmentation (mIOU).

Methods PASCAL VOC MS COCO
AP50 mIOU AP50 mIOU

CLIP (B/16) 30.48 16.20 27.80 4.40
SyncVL (ours) 35.09 27.65 31.40 6.01
TULIP (B/16) 28.70 15.84 21.32 3.72
SyncVL (ours) 32.14 17.95 25.04 5.69

Object Detection and Segmen-
tation Using SyncVL. We eval-
uate SyncVL to test its perfor-
mance beyond classification, focus-
ing on object detection and segmen-
tation using two backbones. Table
5 shows that SyncVL consistently
improves performance across back-
bones, tasks, and datasets. For CLIP, SyncVL improves AP50 by 4.6 and 3.6
and mIoU by 11.45 and 1.61 on PASCAL VOC and MS COCO datasets. For
TULIP, SyncVL improves AP50 by 3.44 and 3.72 and mIoU by 2.11 and 1.97
on PASCAL VOC and MS COCO datasets. This indicates that SyncVL effec-
tively models spatial and structural information that are essential for precise
localization and accurate segmentation. More results are in Supp. Section B.3.
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Table 6: Unsupervised clustering performance
of SyncVL visual representations (CLIP B/32).
Methods C-10 C-100 DTD ESAT Food Pets
TEMI [1] 96.9 73.7 62.3 88.7 84.6 78.3
HUME [18] 89.2 55.5 52.3 66.7 66.7 64.4
TURTLE [19] 85.9 45.8 49.1 69.8 72.4 62.1
SyncVL (ours) 98.8 79.3 62.2 90.1 87.3 80.7

Table 7: Zero-shot cross-modal re-
trieval performance (mAP).
Methods SVT TTR PSTR INQUIRE
CLIP (B/16) 68.43 39.23 89.21 11.40
CYN-Ret [56] 75.11 62.96 - -
SyncVL (ours) 85.73 83.67 93.27 18.63
TULIP (B/16) 86.37 42.37 51.90 23.52
SyncVL (ours) 91.57 54.18 63.24 27.71

Unsupervised Clustering Using SyncVL. To further assess the intra-class
compactness and inter-class discrimination capability of SyncVL visual represen-
tation, we use k-means clustering. In Table 6, we compare SyncVL clusters with
three recent SOTA methods. The number of clusters is set equal to the number
of classes following [18, 19]. On average, SyncVL achieves superior performance
across datasets, indicating that it effectively preserves semantic structure and
intra-class cohesion of visual representations while enhancing VL synchroniza-
tion even in a fully unsupervised setting. More results are in Supp. B.4.
Cross-Modal Retrieval Using SyncVL. In Table 7, we compare SyncVL
cross-modal retrieval performance using two backbones and four datasets. To en-
sure fair comparison, all methods are evaluated under the same settings [56]. For
SyncVL, the retrieval is done within the shared subspace of V2T and T2V syn-
chronizers. SyncVL consistently improves retrieval performance over the SOTA
methods across datasets. SyncVL shows an improvement of 10.62% and 20.71%
on SVT and TTR dataset over CYN-Ret. Overall, SyncVL demonstrates effective
unsupervised adaptation for cross-modal retrieval. See Supp. B.5 for details.

Table 8: Evaluating SyncVL for ML
Safety Measures including Calibration error
(Calib.), Consistency flip-rate error (Cons.),
classification error under Gaussian (G), Shot
(S), and Impulse (I) feature noises.

Datasets Methods Calib. Cons. Corruptions
G S I

C-10 CLIP 78.0 7.4 22.6 27.9 37.6
+SyncVL 34.4 4.8 12.6 19.8 27.9

C-100 CLIP 60.6 28.7 42.8 50.1 49.4
+SyncVL 27.1 20.6 31.1 36.5 41.3

ML Safety Measures. We eval-
uate SyncVL on three ML safety
measures: calibration (assessing how
well predicted probabilities reflect
actual correctness), consistency (sta-
bility of predictions under minor in-
put changes), and corruption (ro-
bustness to input perturbations) un-
der Gaussian (G), Shot (S), and Im-
pulse (I) noises [28,48,49] using two
datasets. For calibration, we report the expected calibration error using 15 bins.
For consistency, we report the mean flip rate over a perturbation sequence of
length 31. For corruptions, we report the mean classification error. Lower is bet-
ter for all measures. As shown in Table 8, SyncVL leads to a notable reduction
in calibration error, mean flip rate, and different types of corruptions across
both datasets. These results demonstrate that SyncVL not only improves VL
synchronization but also yields a safer and more dependable model behavior in
challenging and noisy conditions. See Supp. Section B.6 for additional results.
SyncVL Robustness to Poor Initialization. In Table 9, we evaluate ro-
bustness under large domain shifts using five datasets and two backbones where
baseline performance is low. Despite poor initialization, SyncVL achieves consis-
tent improvements, with average gains of +17.3 and +15.6, respectively. This



Synchronizing Vision-Language Models 13

Table 9: SyncVL improves despite poor
and noisy initialization.
Methods Aircraft DTD ESAT Birds GTSRB
CLIP (RN50) 19.30 41.70 41.10 32.60 35.20
+SyncVL 24.36 61.94 80.73 38.19 51.38
CLIP (B/32) 21.20 44.50 49.40 37.80 32.20
+SyncVL 25.06 63.28 84.14 40.76 49.65

Table 10: Cosine similarity between Consis-
tency (gcon) and Alignment (galn) rewards
gradients. Positive values indicates alignment.

Cos (gcon, galn) CIFAR-10 CIFAR-100 DTD
Init Final Init Final Init Final

Without SyncVL -0.17 -0.10 -0.31 -0.24 -0.15 -0.09
With SyncVL (ours) 0.44 0.63 0.59 0.65 0.47 0.56

robustness stems from its bidirectional vision–language synchronization, which
progressively refines pseudo-labels by enforcing VL consistency in a shared sub-
space, thereby mitigating the impact of initial noise. This makes SyncVL effective
even when initial zero-shot labels are unreliable. See Supp. Section B.7 for iter-
ative pseudo-label refinement performance.
SyncVL Rewards Gradient Analysis. We adopt the definition of gradient
conflict from [84] to analyze the interaction between the gradients of the con-
sistency reward and the alignment reward. Specifically, we measure the cosine
similarity between their gradients to quantify the degree of interference during
optimization. Negative cosine similarity indicates conflicting update directions,
whereas positive values suggest cooperative optimization. As shown in Table 10,
GRPO substantially reduces gradient conflict compared to the baseline formula-
tion. By effectively decoupling competing objectives, GRPO mitigates destruc-
tive interference between the two reward signals, leading to more stable optimiza-
tion dynamics. This reduction in gradient conflict correlates with consistent and
significant performance improvements across datasets and tasks.
Ablation Studies. We conduct multiple ablation studies to assess different
aspects of the proposed SyncVL using three representative datasets: CIFAR-
10, CIFAR-100, and DTD. First, Table 11 evaluates the contribution of each
SyncVL component to the final performance. We compare baseline performance
with several configurations: using only V2T, with and without the proposed
SyncVL objective function (OF); using both V2T and T2V, with and without
OF. Using only V2T yields moderate accuracies, which improve when combined
with the OF (Fig. 3). Adding the T2V synchronizer further boosts performance,
and the full bidirectional setup with the OF achieves the best results. This
demonstrates the complementary role of each component in enhancing VL syn-
chronization. Next, we investigate the contributions of the consistency (Lcon),
alignment (Laln), and KD (LKD) rewards. Table 12 shows that using only Lcon

or Laln for V2T and T2V yields similar accuracies, while combining them im-
proves performance. Adding the KD reward to ft2v achieves the best results,

Table 11: Performance breakdown of each
SyncVL module.

V2T T2V OF C-10 C-100 DTD
× × × 91.30 65.10 44.50
✓ × × 86.37 68.54 50.18
✓ × ✓ 93.06 71.86 53.24
✓ ✓ × 95.86 74.18 56.72
✓ ✓ ✓ 98.65 81.14 63.28

Table 12: Performance breakdown across
each reward.

Lcon Laln LLat C-10 C-100 DTD
× × × 91.30 65.10 44.50
✓ × × 94.18 73.69 55.24
× ✓ × 94.64 73.24 55.40
✓ ✓ × 96.32 77.16 57.06
✓ ✓ ✓ 98.65 81.14 63.28
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Table 13: Impact of synchronizers archi-
tecture design on performance.

Sync Arch. C-10 C-100 DTD
MLP-AE 84.72 69.31 50.12
Transformer ×1 (AE) 97.98 79.89 62.57
Transformer ×2 (AE) 98.65 81.14 63.28
Transformer ×4 (AE) 98.74 79.91 64.13

Table 14: Significance of augmentation
groups (Aug.), pseudo-label regrouping,
and iterative synchronizer training (Itr.).
Aug. Re-Grouping Itr. C-10 C-100 DTD
✓ × × 97.14 79.93 58.86
✓ ✓ × 97.89 80.63 59.92
✓ ✓ ✓ 98.65 81.14 63.28

confirming that all three rewards complement each other. See Supp. Section
B.7 for results on additional datasets. We then evaluate the impact of syn-
chronizer architecture by comparing an autoencoder [512, 256, 128, 256, 512]
with transformer-based variants using ×1, ×2, or ×4 transformer blocks in both
the encoder and decoder. Table 13 shows that transformer-based synchroniz-
ers significantly outperform the fully connected design, improving accuracy by
up to +13.93%, while increasing depth beyond two blocks offers little improve-
ment but higher computational cost. Therefore, we select the Transformer ×2
as an efficient performance–cost trade-off. We evaluate the impact of differ-
ent grouping schemes in GRPO, where effective group formation is essential
for training. We first construct groups using image augmentations to train fv2t.
After the initial stage, fv2t is further optimized using groups formed based on
pseudo-class labels. Table 14 shows the performance gains obtained through this
re-grouping strategy. In subsequent iterations, the output of each synchronizer
is used to refine the other synchronizer, resulting in further improvements. This
ablation study highlights the importance of appropriate grouping schemes for ef-
fectively optimizing SyncVL. See Supp. Section B.7 for additional ablations and
Section B.8 for failure case analysis.

5 Conclusion

In this work, we introduced SyncVL, a bi-directional vision–language synchro-
nization framework designed to enable fully unsupervised adaptation of dual-
encoder VLMs under distribution shift. SyncVL simultaneously learns Vision-to-
Text (V2T) and Text-to-Vision (T2V) synchronizers, which collaboratively refine
one another through reward-driven optimization. This bi-directional strategy al-
lows visual and textual embeddings to be iteratively synchronized, promoting
stronger VL consistency and more stable representations in challenging, unseen
domains. Central to SyncVL is the proposed objective function inspired from
group relative policy optimization, which leverages group-based relative rewards
to guide both synchronizers toward more coherent alignment objectives. Com-
prehensive experiments across 21 datasets demonstrate that SyncVL achieves
substantial performance gains in unsupervised adaptation, OOD generalization,
cross-modal retrieval, object detection, and segmentation, all without requiring
labeled data or updates to the pre-trained backbone. These results establish
SyncVL as a powerful and scalable solution for adapting vision–language models
to real-world, distribution-shifted environments, and highlight the promise of bi-
directional, policy-optimized synchronization as a paradigm for future research.
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