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Abstract

Vision-language models (VLMs) such as CLIP have un-
locked powerful zero-shot transfer, yet efficient adaptation to
downstream tasks remains challenging. Existing methods of-
ten depend on graph structures and dataset-specific tuning,
making them sensitive to modality gaps and computationally
costly at scale. In this paper, we propose IOTA (Inverse Op-
timal Transport Adaptation), a lightweight algorithm that re-
formulates VLMs inference from the perspective of inverse
optimal transport (IOT), providing a unified view of train-
ing and inference. Under the IOT framework, IOTA enhances
zero-shot alignment via a theory-guided unbalanced OT strat-
egy and refines textual prototypes using OT-based pseudo-
labels with a marginal-aware adaptive threshold, enabling
reliable supervision without gradient updates. The frame-
work naturally extends to few-shot scenarios through a label-
guided masking mechanism. By decoupling image—text in-
teractions from other inter-modal dependencies, IOTA avoids
task-specific tuning and expensive affinity construction. Ex-
tensive experiments on standard benchmarks show that [OTA
consistently improves zero-shot and few-shot performance
while reducing memory and computation overhead, validat-
ing both its theoretical insight and plug-and-play practicality.

Introduction

With the availability of large-scale image—text data, vi-
sion—language models (VLMs) such as CLIP (Radford et al.
2021) have become a key paradigm for multimodal rep-
resentation learning. By leveraging contrastive learning on
paired image—text data, VLMs achieve effective cross-modal
alignment and strong zero-shot transfer capabilities.

To efficiently adapt generic representations to domain-
specific tasks, recent work explores parameter-efficient tun-
ing, especially in zero- and few-shot settings. Popular ap-
proaches include prompt learning (Shu et al. 2022; Pratt
et al. 2023) and adapter-based methods (Zhang et al. 2022;
Silva-Rodriguez et al. 2024), which are mostly inductive,
treating each test sample independently. In contrast, trans-
ductive methods exploit structural patterns across test sam-
ples and are gaining increasing attention. For example, Tran-
SCLIP (Zanella, Gérin, and Ayed 2024) formulates pre-
diction as GMM-based clustering and applies a Laplacian
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Figure 1: Cosine similarity distributions on the Ima-
geNet (Deng et al. 2009) validation set, illustrating both
intra-modal and cross-modal relationships.

regularizer on image features to encourage nearby sam-
ples to share similar assignments, effectively performing
label propagation (Zhu and Ghahramani 2002). Similarly,
Z1aP (Kalantidis, Tolias et al. 2024) and ECALP (Li et al.
2025) propagate labels over a graph connecting test sam-
ples with prompts and optional few-shot exemplars. OT-
CLIP (Shi, Fan, and Yan 2024) instead frames CLIP train-
ing as a bilevel inverse optimal transport (IOT) problem, re-
placing softmax inference with fused Gromov—Wasserstein
OT for structure-aware graph matching. Overall, these trans-
ductive approaches leverage graph structures to capture both
intra- and cross-modal relationships.

While the above adaptation methods have shown promise,
two critical issues remain. First, graph-based transductive
approaches typically construct sample-wise affinity matri-
ces to enforce label consistency but are highly sensitive
to modality discrepancies (Liang et al. 2022), which can
degrade cross-modal alignment. This sensitivity originates
from the representation space itself: CLIP’s contrastive
pretraining explicitly aligns image-text pairs, while leav-
ing image-image and text-text relations implicit. As shown
in Figure 1, paired image-text similarities can even be
lower than unpaired image—-image ones, revealing a scale
mismatch between intra- and cross-modal scores. Existing
methods attempt to address this via balancing hyperparam-
eters tuned on validation data, but such dataset-specific cal-
ibration is infeasible in test-time adaptation without labeled



target samples. Second, constructing such dense affinity ma-
trices in intra-modal spaces, particularly for large datasets
like ImageNet, incurs prohibitive memory and computa-
tional costs. These challenges highlight an adaptation frame-
work that avoids dataset-specific tuning and expensive com-
putation while maintaining robust cross-modal alignment.

In this paper, we introduce IOTA (Inverse Optimal Trans-
port Adaptation), as shown in Figure 2, a lightweight algo-
rithm designed for adapting vision-language models within
the inverse optimal transport framework. We demonstrate
that standard CLIP transductive prediction via cosine simi-
larity can be viewed as a special case of IOT, where the trans-
port plan encodes image-text interactions. However, modal-
ity gaps often hinder text embeddings from capturing fine-
grained visual details, leading to suboptimal transport plans.
To address this, [OTA employs two complementary strate-
gies: (i) theory-guided alignment via unbalanced OT, which
applies a soft regularization on text-side marginals to cap-
ture the intrinsic structure in unlabeled test data. This refine-
ment enhances the transport plan and boosts zero-shot in-
ference, which benefits from clear theoretical interpretation
through Sinkhorn iterations. (ii) prototype refinement via
OT-based pseudo-labels, which utilizes a marginal-aware
adaptive threshold to calibrate class-wise confidence. This
strategy adapts to the OT plan’s structure by tailoring the re-
finement process to different marginal priors, yielding high-
quality pseudo-labels. Furthermore, IOTA naturally extends
to few-shot scenarios through a transport-aware masking
mechanism that anchors labeled samples. By decoupling im-
age—text interactions from other inter-modal dependencies,
IOTA eliminates dataset-specific tuning and expensive affin-
ity construction, and remains modular for seamless integra-
tion into existing inductive adaptation pipelines. Overall, our
contributions are summarized as follows:

e Standard CLIP prediction is reformulated as a special
case of IOT framework, unifying training and inference
and laying the foundation for structure-aware adaptation.

An efficient algorithm is developed within the IOT
framework to enhance zero-shot performance through
theory-guided alignment via unbalanced OT and refine
textual prototypes with OT-based pseudo-labels. The
framework naturally extends to few-shot settings via a
transport-aware masking mechanism.

Extensive experiments on standard zero-shot and few-
shot benchmarks validate the theoretical insights of
IOTA, demonstrating competitive performance with sig-
nificantly lower memory and computational overhead,
and confirming its practical plug-and-play utility.

Related Work

Vision-Language Model Adaptation. Efficient adapta-
tion of pre-trained VLMs to downstream tasks has garnered
significant interest. Existing approaches can be broadly di-
vided into two categories, i.e. prompt tuning and adapter
tuning. Prompt tuning like CoOp (Zhou et al. 2022),
PLOT (Chen et al. 2022), TaskRes (Yu et al. 2023), learn
continuous vectors prepended to input texts, effectively
modifying the text embedding space by the few labeled
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samples. TPT (Shu et al. 2022), UPL (Huang, Chu, and
Wei 2022) extend this concept to zero-shot settings by us-
ing the predictive confidence. While these approaches are
parameter-efficient by design, they still rely on relatively
costly optimization. Adapter tuning methods, such as CLIP-
Adapter (Gao et al. 2024), introduce lightweight modules
after frozen encoders and learn residual adapters. More rel-
evant to efficient adaptation are training-free, cache-based
methods such as Tip-Adapter (Zhang et al. 2022), APE (Zhu
et al. 2023), SuS-X (Udandarao, Gupta, and Albanie 2023),
DMN (Zhang et al. 2024), and TDA (Karmanov et al.
2024). These approaches leverage CLIP-extracted features
from few-shot examples to construct a non-parametric cache
model for nearest-neighbor retrieval, thereby explicitly in-
corporating CLIP’s visual priors. In the transductive setting,
InMaP (Qian, Xu, and Hu 2023) updates class proxies us-
ing pseudo-labels with unlabeled test set in the zero-shot
context. Graph-based methods, including ZLaP (Kalantidis,
Tolias et al. 2024), TransCLIP (Zanella, Gérin, and Ayed
2024), ECALP (Li et al. 2025), exploit the data manifold
structure via label propagation to implicitly capture relations
between image features and textual prototypes, enabling ef-
fective adaptation in both zero-shot and few-shot scenarios.

Optimal Transport (OT). As a mathematical tool for dis-
tribution alignment, OT has been widely used in the machine
learning community. Our work is particularly related to the
IOT problem (Cui et al. 2019), which learns a cost function
to explain an observed semantic alignment. (Shi et al. 2023)
interpret contrastive learning through IOT, showing that the
InfoNCE objective implicitly solves a bi-level IOT prob-
lem. OT-CLIP (Shi, Fan, and Yan 2024) formulates CLIP
pretraining as bi-level IOT optimization. GCA (Chen et al.
2024) further connects InfoNCE losses with entropic OT,
providing new theoretical insight into contrastive represen-
tation learning. Several recent works integrate OT into unsu-
pervised and semi-supervised settings by leveraging label-
aware guidance. KPG-RL (Gu et al. 2022) introduces a
keypoint-masked OT to preserve the matching of keypoint
pairs, while MOT (Luo and Ren 2023) imposes mask for
domain adaptation under label shift. Similarly, we propose
a label-guided masking strategy to enhance transport ac-
curacy in few-shot scenarios. Other works employ OT for
pseudo-label refinement. P2OT (Zhang, Ren, and He 2024)
formulates the pseudo label generation for imbalanced clus-
tering as an unbalanced OT problem. Similar to our work,
InMap (Qian, Xu, and Hu 2023) shows the modality gap in
CLIP is insufficiently reduced during pretraining, and im-
proves zero-shot performance by refining pseudo labels via
OT, while its use of OT is indirect and relies on heuristics.

Methodology

In this section, we show that standard VLM inference is a
special case of IOT, enabling natural improvements in adap-
tation and supporting zero-shot and few-shot classification.

Preliminaries

Contrastive Vision-Language Pretraining. Let X and Z
denote the image and text input spaces. Contrastive vision-



language models such as CLIP (Radford et al. 2021) employ
dual encoders fy : X — R% and g4 : Z — R? that map in-
puts into a shared ¢5-normalized embedding space. Given a
batch of aligned image-text pairs {(x;,z;)} - ;, the model is
trained to maximize similarity for matched pairs while sup-
pressing mismatches using a symmetric InfoNCE loss:
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where 7 > 0 is a temperature parameter controlling the
sharpness of the similarity distribution.

Optimal Transport Reformulation. OT provides a dis-
tributional perspective on contrastive learning. Let p € A"
and v € A™ be discrete probability distributions over n
and m samples, where AF is the k-dimensional probabil-
ity simplex. Given a ground cost matrix C € R"*™, with
C,; denoting the cost of moving mass from the i-th support
of 1 to the j-th support of v, OT seeks a coupling matrix
P € R}*™ that minimizes the total transport cost:

(C,P),

min
Pell(p,v)
where (-, -) is the Frobenius inner product and II(u, v)
{P>0|Pl,,=u, P'1, =v}.
To improve scalability, entropic OT (Cuturi 2013) intro-
duces entropy regularization:

<Cv P> - SH(P)a

min 2)
Pell(p,v)
where H(P) = =%, . P;;(log P;; —1) and ¢ > 0 controls
plan smoothness. The solution can be efficiently approxi-
mated by the Sinkhorn algorithm. When the row marginals
are uniform, the optimal plan admits a closed form:
exp(—C;;/e) 3)
n3 iy exp(—Cir/e)’
Notably, the temperature 7 in Eq. (1) is mathematically
equivalent to the OT regularization coefficient ¢.

Building on this, recent work (Shi, Fan, and Yan 2024)
reformulates CLIP training as an IOT problem. The goal is
to learn encoder parameters © = (6, ¢) for the image and
text encoders so that the OT plan matches the ideal diagonal
coupling P € R"*", where P;; = §;; and ;5 = 1if i =
7 and 0 otherwise. Consequently, the InfoNCE objective in
Eq. (1) can be written as the following bilevel optimization:

min KL(P | P;) + KL(P| Pr)

P

ij =

s.t. Pyp=argmin(C,P) —¢H(P), ()
Pell;
Pr = argmin(C,P) — cH(P),
Pellr
where C;; = 1 — fp(x;) " gs(z;) is the cost matrix, and

II;, I are the row- and column-normalized marginal con-
straints. This formulation aligns the OT plan with the ideal
alignment. Follow up, we will provide a unified view of pre-
training and inference through the IOT framework.
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Transductive Inference via IOT Framework

Let D = {1,...,N} = QU S denote the test set indices,
partitioned into an unlabeled query set Q and an optional
labeled support set S providing reference labels in the few-
shot setting. For each query index ¢ € Q, let x; € X be the
corresponding test image. Class prompts {c;}$_, C Z are
constructed using predefined templates such as "a photo
of a [class name]". Using the frozen pretrained en-
coders, we can obtain image features and textual prototypes:

fi = fo(xi), tx=gslck).
In the zero-shot setting, S = (. The standard inductive zero-
shot classification yields prediction via cosine similarity:

)

While effective, DN (Zhou et al. 2023) reveals that this
dot product is a zeroth-order approximation of the InfoNCE
objective, as it neglects negative sample distributions. Mean-
while, OT-CLIP (Shi, Fan, and Yan 2024) reframes CLIP
training as an IOT problem, as described in (4). However, its
inference phase focuses solely on the lower-level OT solver,
while neglecting the upper-level KL alignment. Building
on these insights, we investigate whether inference can be
viewed as a counterpart to the full IOT process. From the
10T perspective, the goal of test-time prediction is to recover
the most likely label assignment P € {0,1}V*¢_ The fol-
lowing proposition formalizes this relationship:
Proposition 1 (KL-Optimal Hard Label). Let p’ € A be
a soft label distribution over C classes, and let ey, denote
the one-hot basis vector. The one-hot label p* € {0,1}¢
minimizing the KL divergence KL(p || p’) is

*
P =€,

.= arg max £, t.
Yi ng[C] i Uk

(6)

For a batch of N samples with soft label matrix P’ € Rf xc
where each row P . € AC, the optimal hard label matrix

* /
k* = argmjaxpj.

P* € {0,1}XC is obtained by row-wise projection.:
L., Vi€ [N].

95

)

P} =ep-@), k™(i)=arg m;fiXP
Remark. Proposition 1 reveals that the arg max operation
is not an ad-hoc choice but the KL-optimal completion of
the 10T bilevel optimization. In other words, the entropy-
regularized OT solves for the soft OT plan P’ in the lower-
level optimization, while the final label prediction, made by
the arg max decision rule, implicitly completes the upper-
level IOT process. This shows that both training and infer-
ence follow the same IOT framework, providing a unified
view of the two phases. Inspired by this mathematical equiv-
alence, we now develop a refined inference algorithm, opti-
mizing the IOT structure during test-time prediction.

Zero-Shot Label Refinement with IOTA

In the IOT framework, aligning image and text features
through the OT plan matrix is crucial for label prediction.
However, the modality gap between images and text (Liang
et al. 2022) limits the ability of text representations to cap-
ture fine-grained visual details, resulting in suboptimal cost
matrix accuracy and degrading label prediction. To address
this, we introduce two strategies to enhance OT plan.
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Figure 2: Overview of IOTA: Image—text alignment via unbalanced OT, robust pseudo-labeling via adaptive thresholds, and
OT-based prototype learning support zero-/few-shot adaptation without large affinity graphs.

OT-based Label Refinement. While CLIP training im-
poses a single constraint on the transport plan, inference typ-
ically reuses this partial alignment without refinement and
ignores the inherent distributional structure of unlabeled test
samples. To complete the distributional alignment in the IOT
framework, we propose introducing a soft constraint on the
column (text-side) marginal during inference, thereby en-
couraging better alignment between image features and class
prompts. This yields the following unbalanced OT objective:

min  (C,P) —cH(P) + AKL(P"1x|/v), (8)

Pell(p,v)

where p = %1 ~ denotes the uniform distribution over N
query samples, v is is either the empirical distribution or
a uniform class prior, and A is the parameter for marginal
penalty, with the cost matrix defined as C;, = 1 — fZ-Ttk.

The KL term serves as a soft regularizer that promotes
class-wise assignments without relying on ground-truth la-
bels, making the method compatible with the zero-shot
setting. The resulting transport problem is a single-sided
unbalanced OT (UOT) with entropy regularization, which
can be efficiently solved by a generalized Sinkhorn algo-
rithm (Chizat et al. 2018). Specifically, defining the kernel
matrix K = exp(—C/e) € RY *¢ the Sinkhorn iterations

I

A
_ K )y _ (Y > e
Ky Y (;cTu(k:)) '

Then the sequence diag(u®))Kdiag(v(*)) will converge to
the solution of Eq. (8). The OT plan is then projected to hard
labels via the KL-optimal rule described in Proposition 1.

Critically, contrastive learning theory (Piran et al. 2024)
establishes that InfoNCE is a single-sided projection, equiv-
alent to a half-step Sinkhorn iteration. By introducing soft
regularization on text-side marginals, our method completes
this partial projection and refines the transport plan at test
time. This yields provable theoretical improvements:

u® 9)
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Proposition 2 (Improved Alignment with UOT). Assume
the prescribed marginals 1 and v match the empirical
marginals of the ground-truth label matrix Y. Let P) pe
the transport plan at the k-th Sinkhorn iteration of solving
Eq. (8). Then the upper-level KL loss with the converged
plan P> satisfies:

KL(Y | P()) < KL(Y [|PW), V&,

where Y € {0, 1}V*C is the ideal label assignment.

Remark. Proposition 2 assumes the prescribed marginals y,
v match the ground-truth distribution. In practice, an uni-
form or empirical distribution often suffices. Even imper-
fectly, unbalanced constraints promote structured alignment
and boost zero-shot predictions in a training-free manner.

Prototype Learning via Pseudo-Label Alignment. To
bridge the modality gap between text prototypes and test-
time visual features, a standard approach for adapting frozen
VLMs is linear probing, which learns a set of class-wise pro-
totypes W = {wk}(k’;l via supervised softmax regression:

mm - Z y; log

€S

exp(f;" wy/7)
Zl 1eXp(fTWl/T)

This requires labeled data, failing in zero-shot scenarios. To
address this, we propose an IOT-guided formulation for pro-
totype learning that replaces ground-truth supervision with
soft pseudo-labels P derived from Eq. (8). Specifically, we
reformulate Eq. (10) as:

(10)

mln KL(P || P;),
P C,P H(P 1
st. P;p=arg l:I)IélﬁlI< Yy —erH(P),

where C;,, = 1 — fika, and the regularization coefficient
er acts as the softmax temperature. While enforcing both
row- and column-wise constraints on 1I; offers theoretical



elegance, it entails significant computational overhead due
to OT solver iterations. Since the OT-based pseudo-labels
P already capture inter-class relationships, retaining only
the image-side marginal constraint is sufficient for effective
zero-shot prototype learning, as by the results in Table 4.

To enhance prototype learning with more reliable OT-
based pseudo-labels, an adaptive thresholding strategy is
adopted, inspired by recent advances in semi-supervised
learning (Wang et al. 2022; Tan, Zheng, and Huang 2023).
Unlike fixed thresholds that ignore class-level confidence
imbalance across simple and fine-grained categories, the
class-wise threshold combines two componentS'

E max

global baseline

(12)

v(k) =

maxg: P

class-wise calibration

where p(k) = & Zf\il P, is the mean confidence for class
k. The global term keeps overall top-1 confidence to capture
dataset-level variations, while class-wise calibration ensures
thresholds are globally consistent and locally adaptive, re-
ducing overconfidence and improving rare-class recall.
Furthermore, the threshold ~(k) is applied differently
based on the marginal constraints of Eq (8). Under uniform

marginals, the OT plan P is constrained to match uniform
class priors, producing inherently smoother predictions. To
exploit this soft structure without forcing premature one-hot
assignments, a partial hardening strategy is adopted:

€

{A

it Py > ~v(k) and k = arg max lf’ij
otherwise.

(13)

b Pi,:
Under empirical marginals, the OT plan better reflects the
initial data manifold, making confidence scores more mean-
ingful. In this case, we adopt a binary masking strategy:

o {1 it Py > v(5)
j =

0 otherwise,
where entries above the class-wise threshold are treated
as reliable (possibly multi-label) positives, while low-
confidence entries are suppressed to 0. More details of this
marginal-aware mechanism are provided in the Appendix.

P (14)

Extension to the Few-Shot Setting

Our zero-shot formulation naturally extends to the few-shot
setting (S # () via label-guided masking with theoretical
guarantees for feasible OT solutions (Luo and Ren 2023).
Specifically, a binary mask M € {0, 1}V*¢ is defined as

if i € S with label k,
Mi .= ep .
’ 1c ifie Q,

to anchor labeled samples in Eq. (8). It can be incorporated
into the Sinkhorn updates via a modified Gibbs kernel:

K =M®o exp(—C/e), (16)
where © denotes element-wise multiplication. From the cost
matrix perspective, this is equivalent to setting C;; = +00
where M;;, = 0, explicitly suppresses negative class assign-

ments. Notably, this mechanism integrates seamlessly with
our adaptive threshold strategy.

ok (15)
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Algorithm 1: IOTA

Input: Test indices D = {1,...,N} = Q U S, image em-
beddings {f; };cp, class prototypes {tx}$_,, temperature of
pretrained CLIP model 7

Parameters: UOT regularization weight \, temperature €
Output: Refine predictions P

1: Initialize adaptive prototypes wy, < tx, k =1,...,C
2: Compute binary mask matrix M using Eq. (15) and ker-
nel matrix K using Eq. (16)

3: Compute OT-based refined label P using Eq. (8) via
Sinkhorn iterations Eq. (9)

4: Apply adaptive threshold « from Eq. (12) and harden
pseudo-labels via Eq. (13) or Eq. (14)

5. Update adaptive prototypes {wk}gzl by minimizing
KL divergence in Eq. (11)

6: return {wy}¢_,

Overall Flow of the Algorithm

We summarize our method, IOTA (Inverse Optimal Trans-
port Adaptation), in Algorithm 1, which naturally supports
both zero-shot and few-shot learning. Unlike prior graph-
based methods such as TransCLIP (Zanella, Gérin, and Ayed
2024), that construct dense image-image affinity graphs with
O(N?) memory cost, IOTA directly operates on the image-
text similarity matrix, reducing the complexity to O(NC).

Experiments and Analysis

Datasets and Implementation Details. We evaluate on
11 fine-grained classification benchmarks: ImageNet (Deng
et al. 2009), Flowers102 (Nilsback and Zisserman 2008),
DTD (Cimpoi et al. 2014), OxfordPets (Parkhi et al. 2012),
StanfordCars (Krause et al. 2013), UCF101 (Soomro, Zamir,
and Shah 2012), Caltech101 (Fei-Fei, Fergus, and Perona
2004), Food101 (Bossard, Guillaumin, and Van Gool 2014),
SUN397 (Xiao et al. 2010), Aircraft (Maji et al. 2013), and
EuroSAT (Helber et al. 2019). In addition, four variants
of ImageNet: ImageNet-V2 (Recht et al. 2019), ImageNet-
A (Hendrycks et al. 2021b), ImageNet-R (Hendrycks et al.
2021a), and ImageNet-Sketch (Wang et al. 2019) are em-
ployed to test the domain generalization performance. We
use the pretrained CLIP model (Radford et al. 2021) with
ResNet-50 (He et al. 2016) (default) and ViT-B/16 (Doso-
vitskiy et al. 2020) as backbone. IOTAT constructs OT-
based pseudo-labels with empirical distributions while [OTA
adopts an uniform prior. All settings share unified hyperpa-
rameters. More details are provided in the Appendix.

Comparison with SOTA Methods. We employ some
state-of-the-art methods for comparison, which is mostly ca-
pable in zero-shot and few-shot setting: CoOp (Zhou et al.
2022), TPT (Shu et al. 2022), Tip-Adapter, DiffTPT (Feng
et al. 2023), SuS-X, DMN, TDA (Karmanov et al. 2024),
APE, ZLaP, TransCLIP, ECALP (Li et al. 2025).

Zero-shot evaluation. The results on fine-grained cat-
egorization tasks are shown in Table 1. IOTAT achieves
the best average accuracy of 64.64% with ResNet-50 and
71.73% with ViT-B/16 backbones when using empirical



Method ImageNet Flower DTD Pets Cars UCF Caltech Food SUN Aircraft EuroSAT | Avg.
CLIP-RN50 58.16 61.75 40.37 83.57 55.70 58.84 85.88 7397 58.80 15.66 23.69 | 56.04
TPT 60.74 62.69 40.84 84.49 5846 60.82 87.02 7488 6146 17.58 28.33 | 57.94
DiffTPT 60.80 63.53 40.72 83.40 60.71 62.67 86.89 79.21 62.72 17.60 41.04 | 59.94
SuS-X 61.84 67.72 50.59 8534 5727 6154 89.53 77.58 6295 19.47 45.57 | 61.76
DMN 62.02 68.33 50.53 86.29 5836 64.02 89.09 74.69 63.70 20.22 4494 | 62.02
TDA 61.35 68.74 43.74 86.18 57.78 64.18 89.70 77.75 62.53 17.61 4211 | 61.06
ZLaP 62.20 69.27 4279 80.32 5642 62.81 8690 77.87 61.83 17.37 31.85 | 59.06
TransCLIP 60.81 72.15 47.78 89.30 57.89 68.84 88.60 78.01 64.22 16.60 59.58 | 63.98
ECALP 62.64 69.39 5449 88.20 60.56 66.67 89.94 7697 6497 21.12 49.09 | 64.00
IOTAT 63.26 72.07 5426 89.34 61.77 67.25 87.38 77.10 66.37 20.04 52.17 | 64.64
IOTA 64.25 69.51 55.85 89.72 64.02 68.68 76.84 77.30 67.47 22.26 51.85 | 64.32
CLIP-ViTB/16 | 66.73 64.44 4427 88.25 6548 65.13 9335 83.65 6259 23.67 42.01 | 63.87
TPT 68.98 68.98 47.75 87.79 66.87 68.04 94.16 84.67 6550 24.78 42.44 | 65.45
DiffTPT 70.30 70.10 47.00 88.20 67.01 6822 9249 87.23 65.74 25.60 43.13 | 65.90
DMN 70.51 7532 5485 91.22 67.01 7195 93.63 84.05 69.14 28.29 56.22 | 69.29
TDA 69.51 7142 4740 88.63 67.28 70.66 9424 86.14 67.62 2391 58.00 |67.71
ZLaP 70.17 7349 48.58 87.14 6563 71.45 93.06 86.92 6744 2544 55.62 | 67.72
TransCLIP 70.31 76.72  49.54 92.63 68.89 7438 92.67 87.13 68.80 26091 65.10 | 70.22
ECALP 71.27 75.52 54.67 92.04 68.03 7592 94.24 85.65 70.61 29.13 55.95 |70.28
IOTAT 72.78 76.86 57.09 93.08 72,60 76.42 92.62 86.03 72.58 31.68 57.32 | 71.73
IOTA 72.89 75.27 57.86 93.05 72.62 77.00 77.97 86.04 73.03 31.17 58.05 |70.45
Table 1: Evaluation of zero-shot adaptation on fine-grained categorization tasks.
distributions, while IOTA obtains competitive accuracies of Method -A V2 -R -Sketch | Avg.
64.32% and 70.45% respectively. Compared with Tran- CLIP-RN50 | 21.83 5141 56.15 33.37 | 40.69
sCLIP and ECALP, which rely on graph-based to leverage CoOp 23.06 5540 56.60 34.67 | 42.43
intra-modal relationships, IOTA directly explores the image- TPT 26.67 5470 59.11 35.09 | 43.89
text interactions, offering a more efficient and principled DiffTPT 31.06 55.80 5880 37.10 | 45.69
solution. We truthfully note that IOTA underperforms on CALIP 2396 5370 60.81 35.61 | 43.52
Flower102 and Caltech due to highly imbalanced, with the TDA 3029 5554 6258 38.12 | 46.63
latter even falling below the baseline. While more relaxed DMN 2857 56.12 6144 3984 | 46.49
regularization (even reduced to IOTAT) could mitigate this ECALP 2880 5692 63.68 41.51 | 47.73
issue, real-world test scenarios typically require a unified, IOTAT 7896 56.79 6350 3935 | 47.15
dataset-agnostic configuration. It cannot be denied that un- IOTA 2771 5836 63.16 44.51 | 48.43

der such conditions, our method still consistently yields im-
provements, with an average gain of approximately 8% than
baseline. We further report results on the domain generaliza-
tion tasks in Table 2. IOTA is robust to distributional shifts
and performs competitively against SOTA adaptation meth-
ods, highlighting its strong generalization capability.

Few-shot evaluation. We present few-shot results on
fine-grained datasets under {1, 2, 4, 8, 16}-shot settings us-
ing ResNet-50 backbones in Figure 3. IOTA demonstrates
outstanding performance across all shot levels on commonly
challenging large datasets. Furthermore, as the number of
shots increases, IOTA consistently improves, whereas other
methods suffer under unified hyperparameter settings, un-
derscoring its adaptability in low-data scenarios.

Plug-and-Play Compatibility. IOTA is orthogonal to ex-
isting adaptation methods, as it operates purely on extracted
features without architectural modifications. We validate its
plug-and-play compatibility by applying it to prompt tuning
(CoOp) and adapter-based method (CLAP (Silva-Rodriguez
et al. 2024)), as shown in Figure 4a and 4b. IOTA consis-
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Table 2: Domain generalization performance (%) of IOTA.

tently improves performance across all shot settings, with
the largest gains up to 4.77% for CoOp and 2.63% for CLAP.
Ablation Study Compared to vanilla CLIP (Fig.4c),
IOTA (Fig.4d) shows a clearer diagonal structure and
achieves a +20.39% absolute gain in intra-class transport
mass, confirming the theoretical insight of Proposition 2.
Table 3 further shows that augmenting UOT with prototype
adaptation yields an additional +1.68 %, while incorporating
threshold filtering brings another +1.0% . Additional thresh-
olding results are in the Appendix. In the few-shot setting,
IOTA-FS gains +5.63% over the variant without the label-
guided mask, showing effective use of limited supervision.
Effect of Marginal Constraints. Table 4 compares
the double-marginal constraint in Eq. (11) with simplified
image-side-only constraint. The latter achieves competitive
accuracy while reducing runtime by up to 6 x, showing that
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Figure 4: Analysis on IOTA. (a) and (b) respectively show IOTA implemented atop the advanced prompt-tuning method CoOp
and the adapter-based method CLAP, reporting average performance on 11 fine-grained datasets. while (c) and (d) represent
heat-maps of vanilla CLIP and IOTA on DTD, respectively, where darker colors represent larger probability coupling values.

Strategy | UOT Adapting Threshold Mask Avg. P sufficiently encodes inter-class structure without the need
% ola for additional column-wise constraints. Empirically, IOTA

processes SOK ImageNet samples in 8.93 s, faster than Tran-

- v v - - 6332 SCLIP (14.4 s) and other methods.

i} ) v v ) 62.85 Hyper-parameter Sensitivity. Table 5 shows IOTA’s ro-
IOTA-ZS | v v v B 64.32 bust stability across a wide range of UOT regularization
- v v v - 65.25 weights A (from 0.05 to 5) on fine-grained datasets. The av-
IOTA-FS v v v v 70.88 erage accuracy fluctuates within a narrow band of 0.12%
(64.25% to 64.37%), indicating that our method is highly
Table 3: Ablation of IOTA components. (ZS: zero-shot; FS: robus.t to the choice of \. Thi§ stability glso stems from our
16-shot; Adapting: Eq. (11) via vanilla CLIP pseudo-labels) adaptive threshold compensating suboptimal transport plans.

Constraint TmageNet UCFK Conclusion
Accuracy Runtime Accuracy Runtime In this work, we recast standard CLIP inference under the
IOT framework. Building on this, we introduce IOTA, a
dpuble 64.26 56.76s 68.86 0.71s lightweight adaptation algorithm that decouples image—text
single 64.25 8.93s 68.68 0.10s interactions from other inter-modal dependencies for effi-
cient adaptation of VLMs. IOTA enhances zero-shot align-
Table 4: Effect of marginal constraint on IOTA performance. ment via a theory-guided UOT strategy and further bridges
the modality gap by refining textual prototypes with OT-
A ImageNet DTD UCF SUN397 Ave. guided pseudo-labels. Besides, a marginal-aware threshold
0.05 64.20 5579  68.83 67.48 6437 mechanism tailors refinement to different OT marginal pri-
0.1 64.26 5573 68.75 67.47 64.25 ors. The framework naturally extends to few-shot scenarios
0.5 64.25 5585 68.68 67.47 64.32 through a label-guided masking strategy. Benefiting from its
5 64.25 55.61 63.81 67.53 64.30 principled IOT foundation, IOTA supports hyperparameter-

free deployment across diverse datasets, achieving robust
and efficient zero-/few-shot adaptation with seamless plug-

Table 5: Sensitivity analysis of the hyperparameter. and-play compatibility on a wide range of downstream tasks.
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