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Abstract

Transductive Information Maximization (TIM) is a leading
transductive few-shot learning method that maximizes the
mutual information between query features and their pre-
dicted labels, while incorporating supervision from the sup-
port set. However, its potential remains underexplored, pri-
marily due to the limited utilization of textual knowledge pro-
vided by vision-language models (VLMs) such as CLIP. To
address this, we propose TIM++, an enhanced framework that
incorporates both visual and textual information for few-shot
CLIP adaptation. Specifically, TIM++ introduces a Kullback-
Leibler (KL) divergence-based regularization term that en-
courages the model’s posterior predictions to align with
CLIP’s zero-shot output distribution, especially focusing on
the most confident predictions. Additionally, we develop an
improved prototype initialization strategy that leverages both
support and query features enriched with CLIP-guided se-
mantics. Extensive experiments on 11 public datasets demon-
strate that TIM++ consistently outperforms the standard TIM,
achieving average accuracy gains of 19.25% and 10.88% in 1-
shot and 2-shot settings, respectively. TIM++ also surpasses
other existing state-of-the-art methods, establishing a new
benchmark for few-shot learning with VLMs.

Code — https://github.com/Yingping-LI/TIM-plus2

Introduction

In recent years, pre-trained vision-language models (VLMs)
have emerged rapidly as powerful tools for various down-
stream tasks, such as image classification, object detec-
tion and segmentation, and visual question answering.
These models are trained on large-scale image-text pairs
to learn a shared embedding space that aligns visual and
textual modalities, enabling cross-modal reasoning and
strong generalization capabilities. Among them, Contrastive
Language-Image Pretraining (CLIP) (Radford et al. 2021)
stands out as a pioneering work. CLIP learns to associate
images with natural language descriptions using a simple yet
effective contrastive objective, achieving remarkable zero-
shot classification performance without the need for task-
specific fine-tuning. The success of CLIP has led to a series
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Figure 1: TIM++ significantly outperforms standard
TIM. Average Top-1 accuracy is reported across 11 public
datasets under different shot settings.

of follow-up VLMs, such as ALIGN (Jia et al. 2021), BLIP
(Li et al. 2022, 2023; Xue et al. 2024), Flamingo (Alayrac
et al. 2022), GPT-4V (Yang et al. 2023), and LLaVA (Liu
et al. 2024), which have further improved visual reasoning
by leveraging rich semantic priors from language.

The strong generalization ability of these VLMs stems
from their cross-modal pretraining on large-scale vision-
language data, enabling effective performance even in zero-
shot and few-shot scenarios. However, adapting these mod-
els to downstream tasks still poses significant challenges,
particularly in the low-data regime. Most existing adapta-
tion approaches rely on inductive learning, which treats each
test sample independently and ignores statistical relation-
ships among test instances. In contrast, transductive learning
jointly considers the entire test set during inference, making
it more suitable for few-shot scenarios.

Transductive methods have shown strong performance in
visual domains (Belhasin, Bar-Shalom, and El-Yaniv 2022),
with representative approaches such as LaplacianShot (Ziko
et al. 2020), BD-CSPN (Liu, Song, and Qin 2020), and
TIM (Boudiaf et al. 2020). Among them, Transductive In-
formation Maximization (TIM) (Boudiaf et al. 2020) serves
as a widely adopted baseline for transductive few-shot clas-
sification for its computational efficiency and effectiveness.



It jointly maximizes the mutual information between query
features and their predicted labels, while leveraging support
set supervision through a cross-entropy loss.

Nevertheless, these vision-only transductive methods
overlook a key advantage of VLMs—the availability of tex-
tual information. Recent works such as LP++ (Huang et al.
2024) and TransCLIP (Zanella, Gérin, and Ayed 2024) have
shown that incorporating CLIP-based textual supervision
can substantially enhance few-shot performance. Inspired by
these findings, we revisit the Transductive Information Max-
imization (TIM) method and observe that its full potential
remains underexplored, as it still does not leverage textual
information from VLMs like CLIP. To address this gap, we
propose TIM++, a novel framework that enhances TIM by
integrating both visual and textual information for transduc-
tive few-shot learning.

Our contributions are summarized as follows:

e We propose TIM++, an extension of standard TIM that
integrates textual knowledge from CLIP by introduc-
ing a Kullback-Leibler (KL) divergence-based regular-
ization. This regularization aligns the model’s posterior
predictions with zero-shot CLIP outputs, encouraging the
model to match the most confident predictions in CLIP’s
output distribution.

* We design a new initialization strategy for class proto-
types by augmenting the support set features with the
query features and their corresponding textual predic-
tions from CLIP. This leads to a more semantically en-
riched and task-adaptive classifier initialization.

» Extensive experiments on 11 public datasets show
that TIM++ consistently outperforms the original TIM,
achieving an average improvement of up to 19.25% in 1-
shot settings, as shown in Figure 1. TIM++ also surpasses
other state-of-the-art methods. Ablation studies further
validate the complementary benefits of KL-based textual
regularization and the improved initialization strategy.

By bridging the gap between transductive inference and
textual supervision, TIM++ demonstrates the strength of
multimodal learning in few-shot adaptation and sets a new
benchmark for vision-language transfer in few-shot CLIP.

Related Work
Few-shot Learning with Vision-only Models

Before the advent of VLMs, few-shot learning methods
were primarily developed for vision-only models. These
approaches fall into two broad categories: inductive and
transductive learning. Inductive learning methods infer each
query sample independently, ignoring relationships among
test samples. Although simple and efficient, they often un-
derperform in few-shot settings due to their inability to
leverage the structure within the query set. Transductive
learning methods, on the other hand, perform joint inference
by exploiting the statistical relationships among query sam-
ples. This leads to improved performance, especially when
labeled data is scarce.

Several representative transductive methods have been
proposed. Transductive Fine-Tuning (TF) (Dhillon et al.
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2019) introduces the entropy of query predictions as a
regularization term. LaplacianShot (Ziko et al. 2020) uses
graph-based clustering to align each query with the near-
est support prototype while encouraging consistent predic-
tions for similar samples. BD-CSPN (Liu, Song, and Qin
2020) refines class prototypes by combining information
from support samples and the highest-confidence query sam-
ples. PT-MAP (Hu, Gripon, and Pateux 2021) first prepro-
cesses feature vectors to approximate Gaussian distribu-
tions and then applies an optimal transport—inspired algo-
rithm that leverages unlabeled query samples and their class
proportion priors. Transductive Information Maximization
(TIM) (Boudiaf et al. 2020) maximizes the mutual informa-
tion between query features and predicted labels while using
cross-entropy supervision on the support set. Despite their
effectiveness, these methods only utilize visual features and
completely ignore textual knowledge available in VLMs,
leaving the potential of multimodal learning untapped.

Recent advances have further enhanced transductive few-
shot learning. ProtoLP (Zhu and Koniusz 2023) constructs
an adaptive bipartite graph between class prototypes and
query samples, iteratively updating prototypes and propa-
gating labels to jointly infer the entire query set. Adaptive
Manifold (Lazarou, Avrithis, and Stathaki 2024) constructs
a manifold structure over labeled and unlabeled samples
using manifold similarity, parameterized by per-class cen-
troids and learnable manifold parameters optimized via a
tunable loss function. Building on this foundation, the same
authors introduce the iterative label propagation and clean-
ing (iLPC) method (Lazarou, Stathaki, and Avrithis 2025),
which leverages manifold-based pseudo-labeling to itera-
tively incorporate the most confident unlabeled samples as
labeled data, performs pseudo-label cleaning using unnor-
malized manifold similarities from label propagation, and
remove distractor-class noise by exploiting imbalance pat-
terns in pseudo-label distributions.

Zero-shot and Few-shot Learning with VLMs

The introduction of CLIP and its successors (e.g., ALIGN,
BLIP, Flamingo, GPT-4V, LLaVA) has revolutionized zero-
shot and few-shot learning by embedding visual and textual
inputs into a shared embedding space. Zero-shot inference
is achieved by computing similarity between image features
and class-level textual descriptions. When adapting VLMs
to downstream tasks with limited labeled data, three major
paradigms have emerged:

Prompt Learning. This approach designs or learns task-
specific prompts that are fed into the frozen text encoder
to guide the model’s predictions. Representative approaches
such as CoOp (Zhou et al. 2022b), CoCoOp (Zhou et al.
2022a), ProGrad (Zhu et al. 2023), KgCoOP (Yao, Zhang,
and Xu 2023) and others (Ma et al. 2023; Song, Wang, and
Zhong 2024; Liu et al. 2025) treat the prompts as learn-
able textual embeddings. However, it risks overfitting on tiny
datasets, lacks cross-task generalization, and depends heav-
ily on initialization.

Adapter-based Methods. These approaches insert small
trainable modules (adapters) into a frozen VLM, enabling



efficient fine-tuning without modifying the backbone, thus
can operate in black-box settings. They typically focus
on transforming these features, usually in a non-linear
manner, to better adapt to downstream tasks. Representa-
tive works include CLIP-Adapter (Gao et al. 2024), Tip-
Adapter (Zhang et al. 2022) and others (Ouali et al. 2023;
Silva-Rodriguez et al. 2024). These methods make a bal-
ance between flexibility and efficiency. However, their per-
formance often relies on careful design of the adapter archi-
tecture.

Feature Adaptation Methods. This category formulates
downstream adaptation as an optimization problem directly
over extracted visual and textual features. They can be
seen as a lightweight variant of adapter-based methods, as
they also transform features—typically through linear pro-
jections or clustering—without introducing additional train-
able modules. For instance, TransCLIP (Zanella, Gérin, and
Ayed 2024) performs feature clustering using a Gaussian
Mixture Model and incorporates a KL divergence term to
align predictions with CLIP-derived textual distributions.
LP++ (Huang et al. 2024), another representative approach,
extends the standard Linear Probe (LP) by incorporating
CLIP-based textual knowledge into its objective. By analyz-
ing the mathematical properties of its loss function, LP++
enables data-driven learning rate selection and efficient opti-
mization, leading to improved accuracy and faster inference
compared to existing few-shot methods.

Due to their efficiency, strong performance, and compati-
bility with frozen VLMs, feature adaptation methods are es-
pecially attractive in real-world, resource-limited and black-
box scenarios. Our proposed TIM++ falls into this category
and builds upon TIM. It combines the strengths of transduc-
tive inference with rich textual supervision, resulting in a
fast and effective few-shot learning framework tailored for
VLMs.

Our Proposed TIM++ Method
Preliminaries

Consider a pre-trained VLM such as CLIP. Let x; represent
an input image and ¢, denote a textual description for class
k, where k = 1,--- , K. The l5-normalized embeddings of
the input image x; and the textual description ¢y, denoted
as f; € R< and ¢;, € R?, respectively, are obtained by

T Mo s 0
t, = Ou(ck)
(e Tz

Here, 6,,(-) and 6,(-) are the frozen visual and text encoders
of the pre-trained VLM, respectively, and d denotes the di-
mension of the embedding space.

In the standard Transductive Information Maximization
(TIM) method, a soft classifier is trained on top of these ex-
tracted vision features. The posterior probability of class k
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given image x; is defined as:
pi =PY =k | X =a;W,0,)
exp(=F || fi —ws [*)

K )
Zj:l exp(—g || fi —w; [I?)

where W := [wy, ..., wg| € R¥K denotes the matrix of
classifier weights, and each wy, € R< can be viewed as the
feature prototype for class k. The scalar 7 is a temperature
parameter.

For a few-shot learning task with support set S and query
set O, TIM takes a transductive modeling manner and de-
fines its loss function as follows:

2

rr‘lz‘i/n)vCE—ja(XQ;YQ)a A3)

where CE represents cross-entropy over the support set,
and Z,, (X g; Yo ) represents the mutual information between
query features and their label predictions. Specifically,

K
S > ik log pix

€S k=1

CE .= _ﬁ @)

and

Ia(XQ; YQ)

K K
~ ~ e’
= —Zpk logpr + @Zzpik logpir , (5)
k=1 1€Q k=1

H(Yo): marginal entropy ~ —H(Yo|Xo): conditional entropy

where y;. € {0, 1} indicates whether sample ¢ € S belongs
to class k, and py, is the marginal class distribution over the
query set, defined as

Zpik-

1€Q

1

Dk = = 6
Dk Q] (6)

Notably, in the TIM objective, the cross-entropy loss pro-
vides supervision from labeled support samples. The con-
ditional entropy term Q(YQ|X o) encourages the model to
produce confident predictions on the query set by reduc-
ing posterior uncertainty. In parallel, the marginal entropy
term *ﬁ(YQ) encourages the marginal distribution of la-
bels to be uniform, thereby preventing degenerate solutions
that may arise when only minimizing the cross-entropy term
with conditional entropy. The trade-off coefficients A > 0
and ¢ > 0 control the strengths of supervised loss and en-
tropy regularization, respectively.

Formulation of TIM++

In what follows, we denote by p = [p;1,] € RI</*X the ma-
trix of model-predicted posterior probabilities for all query
samples, where each row p; = (pi1,...,pix) represents
the predicted posterior distribution over classes for the i-
th query sample. Similarly, § = [;x] € RI</I*X denotes
the matrix of zero-shot predictions from CLIP, with ¢y, =



(¥i1,---,Uix) as the corresponding zero-shot class prob-
abilities for the ¢-th query. The zero-shot prediction from
CLIP is computed as:

) exp(v;fi—rtk)
Yik = ; @)
CTSE exp(nfTty)

where 7 is a temperature scaling factor, fixed to 100 in our
experiments.

The standard TIM framework completely ignores the text
embeddings provided by CLIP, i.e., (tx)1<k<k. To address
this limitation, we propose TIM++, which incorporates these
text embeddings into the objective function through a KL-
divergence-based regularization term. The overall loss func-
tion of TIM++ is formulated as:

min A+ CE — 7, (Xo; Yo) + 8- D (p | 9) . (8)

where 8 > 0 controls the overall strength of the KL regular-
ization term, and

Dxi(p || 9) ZDKL (pi || 9:) ©)
|Q| i€Q

is the average KL divergence between the model’s posterior
predictions p; and CLIP’s zero-shot predictions y;. The KL
divergence for each query sample i is defined as:

K

Di(pi || 9:) = D _ (par log par, — %pik log gix),  (10)
k=1

where 2 5> 0 adjusts the relative weight between the entropy

and cross-entropy terms. When v = 3, this reduces to the
standard KL divergence.

Importantly, as demonstrated in our experiments, the di-
rection of the KL divergence significantly affects model per-
formance. We adopt the model-seeking form Dy (p; || ¥:),
which encourages the learned posterior p; to concentrate on
regions where y; assigns high probability, promoting precise
alignment with strong semantic cues. In contrast, the model-
covering form Dgr(y; || p:) penalizes low-probability re-
gions in p; where y; has non-zero mass. This can be prob-
lematic when CLIP predictions y; are noisy or uncertain,
often leading to unstable optimization. For this reason, we
choose Dk (p; || ;) in constructing TIM++.

Optimization

The objective of the proposed TIM++ is defined in Eq. (8).
Notably, the pre-trained vision and text encoders 6,(-) and
0:(-) from the VLMs are kept fixed, making TIM++ well-
suited for adapting black-box models. The only parameter
optimized in TIM++ is the classifier weight matrix W. How-
ever, directly solving objective (8) is non-trivial due to non-
linear terms involving the prediction probabilities p;i in both
linear and logarithmic forms. To simplify the optimization,
as in the standard TIM, we introduce auxiliary variables q to
represent the latent class assignments of query samples, en-
suring that p;; appears only within logarithmic expressions.
This leads to the following reformulation of objective (8),
stated in the proposition below.

Proposition 1. The objective function (8) can be approxi-
mately minimized by the following constrained problem:

le q ‘ Zzylk 1ngzk:+ZQk loqu

1€S k=1
CE H(Yo)
X q
k
7|Q| Zqu log pir, + gzzrmlogi
i€Q k=1 €Q k=1 Pik
Nﬁ(yg\xg) Dxi(q || p)
gl Zqu logpux — & ZZ Gk 108 Y
1€Q k=1 i€Q k=1

~DxL(p || 9)

K
Z%‘k:l, i€ Q
k=1

qlkZO? ZEQa kE{l,,K},
(11)

where q = [qi] € RI®IXK denotes the auxiliary vari-
ables representing the class assignment probabilities for
query samples, and qy, = ﬁ > ico Qik is the corresponding
marginal distribution.

Proof. The term Dky.(q || p) acts as a soft penalty that en-
courages consistency between ¢;; and p;,. When ¢;x = pik,
this term vanishes, and the objectives in Eq. (8) and Eq.
(11) become equivalent. A detailed proof is provided in Ap-
pendix. O

We now turn to solving the constrained problem (11).
To this end, we adopt the Alternating Direction Method
(ADM) (Boudiaf et al. 2020), which decomposes the orig-
inal problem into two simpler subproblems and solves them
alternately. Specifically, the subproblems are defined with
respect to W and q; when solving one, the other is kept
fixed. The iterative procedure is summarized in the follow-
ing proposition.

Proposition 2. The constrained optimization problem in
Eq. (11) can be approximately solved using the Alternating
Direction Method (ADM), by alternately updating the aux-
iliary variables q and the classifier weights W. At iteration
t + 1, the updates are given by:

. o
(t+1) Uik - (pfk)) A+l
i (0) 3
( > ZA/Zk : (pik )a7ﬁ+1)
i€Q )
S1+ S
W 1+ 02

AT a—p+1)T (t+1)
157 2ies Yik + { Q] : i dik
(12)

where the parameters must satisfy o — 8+ 1 > 0, and Sy



and Sy are defined as:

A
S = é Z [yir fi +p§,?(w;(f) =l

€S
— 1 ’
Sy = MQT)T > gtV f+ o) (wl — £)]

i€Q

(13)
Proof. Detailed derivations are provided in Appendix. The
ADM framework solves the problem by alternating between
optimizing W and q. When updating W with fixed q, we
require the condition « — 3+ 1 > 0 to ensure a convex ap-
proximation of the objective function—hence the necessity
of this assumption. Given W, the update of g can be derived
by solving the Karush-Kuhn-Tucker (KKT) conditions. [

Convergence and Initialization Strategy

According to the ADM algorithm, the value of the objective
function does not increase at each iteration, and it is lower-
bounded based on the update rules for W and q. There-
fore, local convergence of TIM++ is guaranteed. Notably,
the standard TIM follows a similar alternating optimization
structure and therefore also enjoys local convergence. Con-
sequently, both standard TIM and our proposed TIM++ ex-
hibit local convergence, making the quality of initialization
critical in determining the final local optimum and overall
performance.

In the standard TIM framework, the classifier weights W
are initialized as the class-wise average of the encoded vi-
sual features from the support set S:

Y ics Yikfi
Zies Vi

However, our experiments show that incorporating informa-

tion from the query set Q during initialization substantially

improves performance for both TIM and TIM++. Motivated
by this, we propose to initialize the classifier weights as:

Yoics Yikfi + 2 ico Uik fi
Yics Yik T2 ico Uik

w]g0>: k=1,2,..., K. (14)

. k=1,2,.. K,

15)
where ¢;;, denotes the k-th component of the hard-coded
CLIP zero-shot prediction vector for query sample i € Q.
We use the hard-coded form because it aligns better with the
ground-truth labels of the support set, leading to more stable
convergence.

This initialization strategy brings two main benefits: (1) it
leverages both labeled support features and pseudo-labeled
query features to form more representative prototypes, and
(2) it injects semantic priors from CLIP through g, yield-
ing a stronger starting point for optimization. As a result,
Eq. (15) is adopted as the default initialization in our pro-
posed TIM++ method.

W =

Extension to the Zero-shot Learning

Although TIM++ is originally designed for few-shot learn-
ing, its optimization framework can be naturally extended
to the zero-shot setting. In the few-shot scenario, the model
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Algorithm 1: Our proposed TIM++ algorithm

Input: Pre-trained visual encoder 6,(-) and text encoder
0:(-); Images x; from support set S and query set Q; Labels
yix € {0,1} for i € S; Text prompts for classes {cj ;.
Parameter: # Iterations 7'; Temperature parameter 7 and T;
Trade-off coefficients {\, «, 3,~} satisfying o« — 5+ 1 >
0.

1: // Initialization.
v mz)

2 fi = 7”9;((%))&’ i€QUS.
. t(Ck _ L.
3t 7H9t(6k_)“2;k =1,2, , K.
4 Y S, opind ) €Q, k=12, K.
gy (0) YiesYiLit2ico Uinfi N o
3wy Dies Yikt2ico Vik k=12, K
6: // Iterative updates of parameters.
7. fort =0,1,---T do
(t) exp(— % || fi—wi" [1?) ,
8: - 2 k ,i€QUS
Pik I exp(—F | fi—wi |1?) Q
9: q(ll:rl) — Qik‘(pgz))a_[ﬂ—l 1/2 1€ Q
. i 1 (D yam g1 ’
( ) ('L;Q Yik (pz,k- ) )
. t+1 S1+S
10 w — LT =2 — =TT
k 51 Ties yir+? \ﬁgJ\rl) Yico Y
see S1, 52 in Eq. (13), k=1,2,--- | K.
11: end for
12: (T)

Qutput: Predictions for sample i € Q: arg max ;-

leverages supervision from the support set through the cross-
entropy term in the objective function (8). To enable zero-
shot learning, we simply remove this supervised component
by setting A = 0, thereby relying solely on the entropy-
based and KL-divergence regularization terms computed on
the query set.

In this setting, the prototype initialization is also modified
to eliminate support-set supervision. Specifically, the initial-
ization term is redefined as:

©) _ 2icg Uikl

w —, k=1,2,...,
k Ziegyik

K, (16)

where g;;, denotes the soft zero-shot prediction from CLIP.
Soft predictions are used instead of hard pseudo-labels be-
cause, without support-set supervision, hard CLIP labels
lead to poor initialization due to accumulation of incor-
rect pseudo-labels, whereas soft probabilistic outputs pro-
vide richer semantic information and result in more reliable
performance.

This extension is conceptually aligned with the TENT
method (Wang et al. 2021), which performs fully test-time
adaptation by minimizing test entropy without using any la-
beled data. Similarly, TIM++ achieves zero-shot adaptation
by discarding the cross-entropy term and optimizing only
the entropy-based objectives along with a KL-divergence
regularization term on the query set. This demonstrates
the flexibility and generality of our framework, seamlessly
bridging few-shot and zero-shot learning within a unified
transductive formulation.



Method 1-shot 2-shot 4-shot 8-shot 16-shot
Zero-shot CLIP jcmr2g 65.25
TF arxiv19 4350 £2.13 5699 +£1.68 6522+£084 70.70£0.75 73.74£0.57
BD-CSPN 1ccviao 51.02+1.83 61.86+1.69 67.01 £1.23 70.81+0.89 73.59+0.65
LaplacianShot jcmr20 51.53+£221 6263+£128 6745+124 7050071 7294 +0.49
PT-MAP 1cann21 53.02+£223 6239+1.64 6612056 6870043 70.53+£045
LPicMmra1 4535+ 133 56.57+098 66.18+1.30 73.36+045 78234043
LP++ cypri24 70.51 £0.68 7291 £053 7558072 7790+0.52 80.33+0.20
TransCLIP neurtps'24 7329 +1.20 7418 +1.36 7597 4+0.67 77.29+0.62 78.34 £ 0.63
TIM NeurIPS'20 55.07 £2.83 64.82+1.85 71.02+1.72 7517+1.34 78.15+£1.22
TIM++ 7432 £ 0.61 75.70 = 0.64 77.46 £0.72 79.02 +0.48 80.85 1+ 0.34
A +19.25 % +10.88% +6.44% +3.85% +2.70%

Table 1: Comparison with state-of-the-art methods. Average accuracy (%) + standard deviation over three random seeds,
averaged across 11 public datasets, is reported. The best results are shown in bold, the second-best are underlined, and A

denotes the improvement of TIM++ over standard TIM.

Experiments
Experimental Settings

Datasets. In our experiments, we utilize 11 publicly avail-
able datasets: ImageNet (Deng et al. 2009), SUN397 (Xiao
et al. 2010), FGVC-Aircraft (Maji et al. 2013), EuroSAT
(Helber et al. 2019), Stanford Cars (Krause et al. 2013),
Food101 (Bossard, Guillaumin, and Van Gool 2014), Ox-
ford Pets (Parkhi et al. 2012), Oxford Flowers (Nilsback and
Zisserman 2008), Caltech101 (Fei-Fei, Fergus, and Perona
2004), DTD (Cimpoi et al. 2014), and UCF101 (Soomro,
Zamir, and Shah 2012). These datasets are consistent with
those used in prior works such as TransCLIP and LP++, al-
lowing for a fair comparison. This diverse set of benchmarks
is selected to comprehensively assess the effectiveness and
generalization ability of the proposed TIM++ method as
well as other few-shot learning approaches.

Comparison Methods. We compare the proposed TIM++
method with state-of-the-art approaches in few-shot learn-
ing, with zero-shot CLIP serving as the baseline. Our work
builds upon the standard TIM, and the comparisons include
transductive vision-only methods (TF, BD-CSPN, Lapla-
cianShot, PT-MAP) as well as recent feature adaptation ap-
proaches tailored for VLMs, such as TransCLIP and LP++.
Prompt learning and adapter-based methods are excluded,
as LP++ has already demonstrated superior performance
and significantly lower inference time. Specifically, prompt
learning typically requires hours or even days for training,
adapter-based methods take minutes to hours, whereas fea-
ture adaptation approaches like LP++ and TransCLIP per-
form parameter estimation and inference directly within sec-
onds. For fairness, all comparison methods use the same hy-
perparameter settings as in the official LP++ and TransCLIP
implementations.

Implementation Details. In all experiments, we use the
pre-trained CLIP ViT-B/16 as the visual encoder. To en-
sure consistency, we adopt fixed prompt templates for each
dataset throughout all experiments, as summarized in Ap-
pendix Table 5. All experiments are conducted using three
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random seeds (1, 2, and 3), and the average Top-1 accuracy
is reported. The experiments are conducted using PyTorch
2.0.1 with CUDA 12.2 on Ubuntu 22.04, running on a sys-
tem with an NVIDIA RTX A5000 GPU, 64GB RAM, and a
13th Gen Intel(R) Core(TM) i9-13900K CPU.

The objective function of TIM++ involves several hyper-
parameters, including the temperature parameter 7 used to
compute the posterior distribution p;z, and a set of trade-
off coefficients: A, a, 3, and ~y. To ensure fair and consis-
tent evaluation, we fix all hyperparameters across all exper-
iments: 7 = 120, A = 0.4, and v = 0.05. As summarized
in Proposition 2, the iterative procedure depends only on the
difference o — 3, so we directly set « — 8 = 0.1, which
also satisfies the requirement o« — 5+ 1 > 0. In addition, we
perform 7' = 150 fine-tuning steps during the TIM++ op-
timization. These hyperparameters are selected through hy-
perparameter tuning based on validation performance (see
details in Appendix), and the chosen configuration achieves
the best average validation results across the 11 datasets.

Main results

Comparison to Standard TIM. Table 1 presents the per-
formance of TIM++ compared to TIM and other baseline
methods. As shown in Table 1 and Figure 1, TIM++ consis-
tently and significantly outperforms the standard TIM across
all few-shot settings. Specifically, on the 11 public datasets,
TIM++ improves the average Top-1 accuracy over TIM by
19.25%, 10.88%, 6.44%, 3.85%, and 2.70% under the 1-
shot, 2-shot, 4-shot, 8-shot, and 16-shot settings, respec-
tively.

These consistent gains demonstrate the effectiveness of
incorporating textual knowledge into TIM, particularly in
low-shot scenarios. The performance gap is most pro-
nounced in the extremely low-data settings (e.g., 1-shot),
where textual information provides a strong prior and com-
pensates for the lack of visual supervision. As the number
of support samples increases, the reliance on textual knowl-
edge gradually decreases, resulting in a smaller margin of
improvement.



Additionally, TIM++ demonstrates remarkable stability:
it consistently maintains an average accuracy above 74%
across all few-shot settings, including the most challeng-
ing 1-shot case. In contrast, the original TIM achieves only
55.07% in the 1-shot setting, underscoring the critical role
of textual priors and our improved optimization strategy in
low-resource scenarios.

Comparison to the State-of-the-Art. Table 1 and Fig-
ure 2 present the average Top-1 accuracy of different meth-
ods across 11 public datasets under various few-shot set-
tings (1, 2, 4, 8, and 16 shots). As shown, our proposed
method TIM++ achieves the best performance in all settings,
consistently outperforming both classical vision-only few-
shot learning methods and recent state-of-the-art methods
designed for VLMs like TransCLIP and LP++.

Compared to classical visual-only few-shot methods such
as TF, BD-CSPN, LaplacianShot, PT-MAP, and LP, TIM++
delivers substantial performance gains. For instance, under
the challenging 1-shot setting, TIM++ surpasses the best
visual-only baseline (PT-MAP at 53.02%) by 21.30%, aver-
aged on 11 public datasets. Compared to recent state-of-the-
art methods that also incorporate textual knowledge, such as
TransCLIP and LP++, TIM++ consistently achieves higher
accuracy across all settings. On average, it outperforms
TransCLIP and LP++ by 1.65% and 2.02%, respectively,
demonstrating the effectiveness of the proposed TIM++.

Zero-shot Adaptation. As detailed in the previous sec-
tion, our TIM++ framework can be naturally extended to
zero-shot settings. Notably, among the comparison meth-
ods, only TransCLIP supports zero-shot adaptation and thus
serves as the main baseline for this evaluation. Across the
11 public datasets, the average zero-shot Top-1 accuracy
of CLIP is 65.25%. By applying our TIM++ adaptation
method, this average improves notably to 69.81%, demon-
strating the effectiveness of leveraging unsupervised objec-
tives to refine CLIP’s predictions without any labeled sup-
port data. This performance is comparable to TransCLIP’s
zero-shot adaptation, achieving an average Top-1 accuracy
of 70.33%.

Moreover, similar to TransCLIP, the zero-shot version of
TIM++ can be applied on top of prompt tuning methods,
further boosting performance in both in-domain and domain
generalization tasks. Experimental results for these settings
are provided in the Appendix. We also include evaluations
of dataset transferability for zero-shot TIM++ to further
demonstrate the robustness and versatility of our approach.

Ablation Study

Impact of Initialization Strategies. Table 2 evaluates
how different initialization strategies for the classifier matrix
W ¢ RI*K affect the performance of TIM++. We com-
pare five strategies: support set only (S), query set with soft
or hard CLIP predictions (Qgof, Qhara)> and their combina-
tions. Results show that S+ Qparq consistently yields the best
performance across all shot settings, confirming that enrich-
ing the support prototypes with query samples assigned hard
CLIP pseudo-labels yields a more reliable starting point.
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Initialization 1 2 4 8 16
S 65.80 71.75 75.41 78.01 80.34
Qsoft 74.10 75.52 77.07 78.82 80.60
Ohard 46.05 4640 4692 4736 47.96
S + Qooft 74.07 75.48 77.10 78.79 80.52
S + Ohard 74.32 7570 77.46 79.02 80.85

Table 2: Impact of initialization strategies for W. Accu-
racy (%) averaged over 11 datasets is reported. Columns in-
dicate shots (1, 2, 4, 8, 16). S: support set; Q: query set;
soft/hard: softmax/argmax CLIP predictions.

KL Direction 1 2 4 8 16
DxL(9i || pi) 4579 50.57 5347 5634 60.25
DxL(pi || 9;) 7432 7570 77.46 79.02 80.85

Table 3: Impact of KL Divergence Direction for Textual
Knowledge Integration. Accuracy (%) averaged over 11
datasets is reported. Columns indicate shots (1, 2, 4, 8, 16).

This leads to substantial gains over the standard TIM ini-
tialization that relies solely on the support set (e.g., 74.32%
vs. 65.80% in 1-shot), and is therefore adopted as the default
strategy in TIM++.

Notably, using only query samples with hard CLIP pre-
dictions (Qhara) performs poorly, underscoring the need for
labeled support features to guide the initialization and mit-
igate errors from incorrect hard pseudo-labels. Using soft
CLIP predictions (Qsef) also improves over the support-only
baseline, likely because soft predictions provide richer se-
mantic cues and the larger query set offers broader class
coverage—especially in low-shot settings with limited sup-
port data. When combined with the support set, however,
hard predictions align more consistently with ground-truth
labels, leading to more stable optimization and a slight but
consistent improvement over S + Qo

Impact of KL Divergence Direction for Textual Knowl-
edge Integration. The KL divergence term in TIM++ is
designed to align the model’s posterior distribution p; with
the zero-shot CLIP prediction g; for each query sample
i € Q, thereby injecting textual supervision into the model.
However, the direction of the KL divergence plays a critical
role in its effectiveness.

As shown in Table 3, using the model-seeking formu-
lation Dk(p; || 9:) consistently and substantially outper-
forms the reverse direction Dxy.(y; || pi) across all shot
settings. This empirical finding aligns with the theoretical
behavior of asymmetric KL divergence: the model-seeking
form Dkr(p; || 9;) treats the CLIP prediction y; as the
reference and encourages the model to align with its high-
confidence regions, making it better suited for our purpose.

Ablation Study of TIM++ Components. Table 4
presents an ablation study on the key components of TIM++,
including the improved initialization strategy S + Ohand
(compared to the original S in TIM) and the KL diver-
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Figure 2: TIM++ achieves superior performance over existing few-shot learning methods. Average Top-1 accuracy is
reported across 11 public datasets under different shot settings (1, 2, 4, 8, and 16).

Init. KL 1 2 4 8 16
X X 48.67 6092 6841 7406 77.83
v X 7178 73775 75778  T77.64  79.65
X v 6580 7175 7541 78.01 80.34
v v 7432 7570 77.46 79.02 80.85

Table 4: Ablation study of TIM++ components. Top-1
accuracy (%) averaged over 11 datasets. Columns indicate
shots (1, 2, 4, 8, 16). Init.: using S + Opag (V') or S (X) for
classifier weights W initialization. KL: whether the KL di-
vergence term Dxy.(p; || 9:) is used (v') or not (X).

gence term Dk (p || y) that incorporates textual informa-
tion. When neither component is used, the method reduces
to the standard TIM.

Clearly, the enhanced initialization brings substantial im-
provements across all shot settings. This gain can be at-
tributed not only to the textual guidance from CLIP’s zero-
shot predictions but also to the inclusion of additional visual
features from the query set. Together, these provide a more
informative and representative class prototype than using the
support set alone. Meanwhile, the KL divergence term also
consistently enhances performance across all shot settings,
demonstrating its central role in delivering robust textual su-
pervision. Notably, combining both components yields the
highest accuracy in every case, confirming their complemen-
tary benefits within the TIM++ framework.

Hyperparameter Analysis

To understand how each hyperparameter affects the perfor-
mance of TIM++, we conducted a comprehensive analysis
across the 11 public datasets under various few-shot set-
tings. The hyperparameters are fixed as the final configu-
ration: 7 = 120, A = 0.4, v = 0.05, and o — 8 = 0.1. When
examining the influence of one hyperparameter, all others
are kept fixed. We observe that TIM++ exhibits relatively
higher sensitivity on EuroSAT, DTD, Oxford Flowers,
and FGVC-Aircraft datasets, especially in low-shot sce-
narios. In contrast, on the remaining seven datasets, perfor-
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mance remains relative stable across a broad range of val-
ues—for instance, « — 8 € [-0.05,0.8], 7 € [60,200],
v € [0.025,0.1], and A € [0.025,0.8]. More details can be
found in the Appendix.

Computational Cost

The parameters optimized in TIM++ include the classifier
weight matrix W € RY*K and the auxiliary variables
q € RICIXE Therefore, the total number of parameters to
be estimated is K (d + |Q|), which depends on the feature
dimension d, the number of classes K, and the number of
query samples |Q|.

Importantly, TIM++ introduces no additional learnable
parameters compared to the standard TIM, making its com-
putational cost comparable. For instance, on the ImageNet
dataset with d = 512, K = 1000, and |Q| = 50000, un-
der the 16-shot setting, TIM requires ~ 3.92 seconds for
parameter estimation and inference, while TIM++ require
approximately ~ 4.20 seconds. Similarly, on UCF101 with
d =512, K =101, and | Q| = 3783, TIM requires ~ 0.087
seconds, whereas TIM++ takes around ~ 0.090 seconds.

Conclusion

In this paper, we proposed TIM++, a transductive few-shot
learning framework that improves upon the standard TIM by
effectively integrating textual knowledge from CLIP. Specif-
ically, TIM++ introduces a KL divergence-based regulariza-
tion in its modeling framework to align model predictions
with zero-shot CLIP outputs, alongside an improved ini-
tialization strategy. Experiments on 11 datasets demonstrate
that TIM++ consistently and significantly outperforms the
original TIM, achieving up to 19.25% improvement in the 1-
shot setting. It also surpasses other state-of-the-art methods
across all few-shot settings. Notably, TIM++ maintains over
74% average accuracy in every shot setting, demonstrating
strong robustness and generalization. Ablation studies fur-
ther confirm the complementary benefits of the KL-based
textual supervision and the enhanced initialization strategy,
highlighting the effectiveness of TIM++ in leveraging tex-
tual information for few-shot CLIP adaptation.
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