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Abstract

Recent studies have focused on introducing pre-trained
foundation models into semi-supervised learning (SSL)
tasks. Nevertheless, these foundation models can exhibit
biases toward different classes and tend to generate imbal-
anced pseudo-labels for SSL. Thus, efforts have been made
to introduce the logit adjustment offset to reduce the inher-
ent bias in foundation models for SSL tasks. Despite their
success, existing foundation model-based SSL methods face
challenges: 1) unreliability in the estimated logit adjust-
ment offset, 2) overlooking the potential of linguistic knowl-
edge in capturing model biases and 3) fail to fully exploit
the unlabeled samples. To address these issues, we pro-
pose Language-Assisted Debiasing and Smoothing frame-
work, namely LADasS, for foundation model-based SSL. It
consists of two components: 1) Language-assisted Pseudo-
Label Debiasing (LPLD) to reduce biases in foundation
models, and 2) Language-aware Pseudo-Label Smoothing
(LPLS) to fully exploit low-confidence samples to facili-
tate SSL training. In particular, LPLD introduces a re-
liability score to dynamically assess the reliability of the
logit adjustment. Additionally, it incorporates a language-
oriented preference to reduce model biases using linguistic
knowledge derived from pre-trained language models. Fi-
nally, LPLS introduces language-aware soft pseudo-labels
and devises language-aware pseudo-label smoothing loss
to guide the learning of unlabeled samples with low-quality
pseudo-labels. Extensive experiments demonstrate the su-
periority of our proposed LADasS.

1. Introduction

Deep learning [23, 33, 41-43] has witnessed great success
in various fields using large-scale labeled datasets. How-
ever, obtaining such large labeled datasets through man-
ual annotation is both time-consuming and labor-intensive,
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Figure 1. (a) The pseudo-label distribution and (b) sample uti-
lization ratio, where pseudo-labels exceed a fixed threshold of 0.7,
using DebiasPL on CIFAR-100 with 4 labeled samples per class.

limiting its application. In contrast, unlabeled data is typi-
cally much more abundant and easily accessible. Therefore,
semi-supervised learning (SSL) [9, 22, 35], which trains
models with a small amount of labeled data and massive
unlabeled data has attracted significant attention.

Over the past decade, there has been extensive study of
SSL regarding image classification [1, 2, 14, 15, 17,31, 37].
Mainstream methods [22, 31] first apply weak and strong
augmentations on unlabeled images, respectively, and pass
them through a visual feature extractor and a classifier to
predict their corresponding classes. Then they introduce a
cross-entropy loss-based consistency regularization, which
leverages the predicted classes of weakly-augmented im-
ages with prediction probabilities exceeding a certain confi-
dence threshold as pseudo-labels to supervise the classifica-
tion of strongly-augmented images. Early studies following
the above paradigm train their visual feature extractors from
scratch, and hence require a significant amount of training
steps. Inspired by the great universality and generalization
of pre-trained foundation models in vision tasks [20, 25],
recent studies [9, 29, 30] replace the original vision extrac-
tor with the more powerful foundation models to enhance
training efficiency and improve model performance.

Nevertheless, directly adapting foundation models to
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SSL is non-trivial, as foundation models exhibit biases to-
ward some classes [9]. Specifically, since there exist in-
herent imbalances in pre-training datasets for foundation
models, they tend to produce more pseudo-labels for more
frequently occurring classes. For illustration, directly us-
ing ViT as the image encoder in FixMatch [22] with vi-
sual prompting tuning (VPT) [11] would generate signifi-
cantly imbalanced pseudo-labels for samples in CIFAR-10,
as shown in Fig. | (a). Hence, several studies [9, 29] adopt
the logit adjustment strategy [18] to encourage the model
to generate more balanced pseudo-labels, where a logit ad-
justment offset is introduced into consistency regularization
based on the class learning pace. The learning pace for a
class is commonly measured by the number of unlabeled
samples predicted as that class at each training step. De-
spite remarkable progress, existing foundation model-based
methods still have the following limitations:

L1: Ignore the unreliability of the estimated logit ad-
justment offset. Existing studies [9, 29] directly incorpo-
rate the estimated logit adjustment offset during training
while ignoring its reliability. In a sense, the logit adjust-
ment offset is estimated from model predictions, which may
be unreliable, especially when the model is unstable during
the initial stage. Consequently, the unreliable offset may
introduce noise and negatively impact the model training.

L2: Overlook the potential of linguistic knowledge in
capturing the model bias. As aforementioned, previous
efforts mainly estimate biases based on the class learning
pace calculated by the predictions of the visual feature ex-
tractor, while ignoring the potential of linguistic knowledge
encoded by pre-trained language models (PLMs) [39]. As
PLMs are pretrained from large corpus, they can effectively
encode the semantic information of each class into text em-
beddings. Intuitively, if a large number of unlabeled sam-
ples show high similarities to the text embedding of a given
class, this implies the potential model bias toward that class.

L3: Fail to fully exploit the unlabeled samples. To
avoid noise, previous studies usually discard the low-quality
pseudo-labels, whose predicted probabilities fall below a
confidence threshold. However, this may potentially lead
to a poor utilization of unlabeled data. For instance, as
depicted in Fig. 1 (b), when applying DebiasPL [29] to
CIFAR-100 in our training setup, only 76% unlabeled sam-
ples are selected for optimization at the 10-th epoch.

To address above issues , we propose Language-Assisted
Debiasing and Smoothing framework, namely LADaS,
for foundation model-based semi-supervised learning, as
shown in Fig. 2. It consists of two components: 1)
language-assisted pseudo-label debiasing, which adaptively
mitigates biases in the foundation model, and 2) language-
aware pseudo-label smoothing, which aims to fully exploit
low-confidence unlabeled samples. In the first component,
following previous studies, we integrate the logit adjust-

ment into the consistency regularization for pseudo-label
debiasing. In contrast, we design a linguistic knowledge-
assisted logit adjustment, composed of self-adaptive logit
adjustment and language-oriented preference. The former
introduces a reliability score to dynamically assess the reli-
ability of the learning pace, which starts at a relatively low
value in the early training stage and gradually increases as
training progresses. The latter estimates model bias with
the linguistic knowledge, where the class centers are intro-
duced to represent the semantic information for each class
with a series of prompts and a PLM. Based on that, we es-
timate the language-oriented preference via the exponential
moving average (EMA) of the language-guided class fre-
quencies of unlabeled samples. For the second component,
as linguistic knowledge provides supplementary semantic
information, we leverage it to refine the original pseudo-
labels predicted from the model to obtain language-aware
soft pseudo-labels, which is then used to guide the learn-
ing of the strongly augmented samples. Extensive experi-
ments on various backbones and datasets demonstrate the
effectiveness of LADaS. Codes are available at https :

//github.com/zhennaziyu/ladas. We summa-

rize our contributions as follows:

* We present a novel LADaS framework for foundation
model-based SSL, which aims to fully exploit the unla-
beled data with the guidance of linguistic knowledge.

* We design a language-assisted pseudo-label debiasing
loss to mitigate model bias, where a reliability score and
a language-oriented preference are introduced to enhance
the estimation of logit adjustment offset and model bias.

* we propose a language-aware pseudo-label smoothing
loss, where the language-aware soft pseudo-label with
linguistic knowledge is introduced to guide the learning
of samples with low-quality pseudo labels.

2. Related Work

This work is related to SSL and PLMs in vision tasks.
Semi-Supervised Learning. Mainstream methods [15,
22, 32] primarily adopt pseudo-labeling and consistency
regularization strategies for unlabeled data, with significant
research attention focused on selecting high-quality pseudo-
labels. For example, FixMatch [22] selects the pseudo-
labels with the predicted probability higher than a fixed
threshold. Since this fixed threshold may result in low data
utilization during the early training phases, later studies re-
sort to designing adaptive thresholds that adjust as training
progresses. For example, Dash [34] and AdaMatch [21]
gradually increase a global threshold as training progresses.
FlexMatch [37] argues that different classes should have
distinct class thresholds and assigns class-specific thresh-
olds based on the learning difficulty of each class. De-
spite great success, these classical SSL methods train the
model from scratch, which may require significant training
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time. With the rapid development of foundation models,
further research efforts [16, 17, 30] have been made to adapt
them to SSL models. For example, Wang [30] adopted pre-
trained transformers into SSL to reduce the training steps
while improving the performance. Since foundation models
tend to exhibit biases toward some classes, DebiasPL [29]
and FINESSL [9] introduce the logit adjustment strategy
into the consistency regularization to reduce the model bi-
ases. Despite significant performance, existing efforts over-
look the use of linguistic knowledge for pseudo-label debi-
asing. Additionally, they mainly learn from the unlabeled
data with high confidence while discarding unlabeled data
with low confidence, which may cause data wastage.

Pre-trained Language Models for Vision Tasks. Re-
cently, promoting the vision model with the help of lin-
guistic knowledge has shown great success. In particular,
the vision-language models (VLMs), e.g., CLIP [20], which
learn joint visual-linguistic representations based on large-
scale image-text pairs, can be adapted for downstream vi-
sion tasks [27, 38, 40]. For example, CoOp [45] designs
continual prompt learning strategy to adapt the pre-trained
vision-language models to different recognition tasks. Sub-
sequently, CoCoOp [44] and VT-CLIP [19] devise an inter-
mediate network to derive image tokens as the conditional
inputs to inject the language information with vision sig-
nals for enhancing the performance. However, these meth-
ods primarily rely on jointly pre-trained VLMs to derive
a retrieval-based classifier, while failing to extend to indi-
vidually pre-trained vision models. Therefore, some stud-
ies focus on decoupling pre-trained vision-language mod-
els and leveraging linguistic knowledge to improve vision
models. For example, CaFo [39] generates human-like sen-
tences with diverse contents with the large-scale pre-trained
GPT-3 [5] to promote learning in the vision models. More
recently, BorLan [17] and LSG [16] explicitly leverage the
linguistic knowledge of PLMs to enhance vision model
performance. In contrast, we focus on utilizing linguistic
knowledge to enhance pseudo-label debiasing and facilitate
the learning of samples with low-quality pseudo-labels.

3. Method

3.1. Preliminaries

Semi-Supervised Learning Pipeline. Formally, suppose
we have a labeled dataset D! = {z!, y!} ¥ | with N labeled
samples and an unlabeled dataset D* = {u;}5_; with U
unlabeled samples, where N << U. Then, :cﬁ represents
the i-th labeled sample, and y! € R is the corresponding
ground truth label encoded as a one-hot vector, with C' be-
ing the number of classes. The objective of SSL is to train a
model f(x) as a C-class classifier, parameterized by 6 that
utilizes both labeled and unlabeled datasets.

In general, recent SSL methods [9, 29] usually rely on

the supervised loss L, for the labeled data, and an unsu-
pervised loss £, for the unlabeled data as the optimization
objective, defined as £ = L; + A\, L,, where A\, is a scalar
hyper-parameter. Specifically, given a mini-batch of B la-
beled data, the supervised loss usually utilizes the standard
cross-entropy loss H as follows:

1 B
Lo= 5 > Hhple), (M)
1=1

where w(-) denotes the weak data augmentation and
p(ylw(z!)) = Softmax(f(w(x!))) denotes the predicted
class probability for weakly-augmented labeled sample x!.
For the unsupervised loss, the majority of existing stud-
ies [22, 31] depend on pseudo-labeling to generate pseudo-
labels from the weakly-augmented unlabeled samples and
followed by consistency regularization, which supervises
the model predictions of the strongly-augmented samples
based on the cross-entropy loss. To maintain the quality
of the pseudo-labels, only samples whose predicted proba-
bility exceeds a confidence threshold 7 are retained, while
others are discarded. As foundation models tend to gener-
ate more pseudo-labels for their biased classes, recent stud-
ies [9, 29] integrate the logit adjustment strategy into the
unsupervised loss to reduce the influence of model biases.
To be specific, given a mini-batch of 1B unlabeled data, the
debiased unsupervised loss is formulated as follows,

vB exp(zy. + AL
Lo = _L Z]I(max(qj) > T)lOg = p( 9, y])t 7
MB j=1 | Zk:1 exp(zk, + Ak)
2

where z; = f(Q(u;)) is the model’s prediction of the
strongly augmented unlabeled sample w;. §2(-) is the strong
augmentation and I(- > 7) denotes the indicator function
to select reliable pseudo-labels which are higher than the
threshold 7. p refers to the hyper-parameter used to con-
trol the relative batch size ratio between labeled and un-
labeled data. g; = p(y|w(u;)) is predicted class proba-
bility of the weakly augmented unlabeled sample u;, and
y; = Onehot{argmax(q;)} is the pseudo-label of u;.
Al denotes the dynamic logit adjustment offset of the k-
th class at the ¢-th training step, which indicates the model’s
bias to that class. In particular, existing studies [9] leverage
the class learning pace (e.g., the pseudo-label frequency) to
determine the logit adjustment offsets, assigning larger off-
set values to biased classes.

3.2. Language-Assisted Pseudo-Label Debiasing

Existing efforts ignore the reliability of the learning pace as
the training progresses. Furthermore, linguistic knowledge,
which provides complementary information to images, has
not been used to influence logit adjustment in SSL. There-
fore, we design the linguistic knowledge-assisted logit ad-
justment, composed of the self-adaptive logit adjustment
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Figure 2. Illustration of LADaS, showcasing the pathway for unlabeled data, which consists of two key components: language assisted

pseudo-labeling debiasing and language-aware pseudo-label smoothing.

and the language-oriented preference. The former works by
dynamically injecting a reliability score which reflects the
reliability of class learning pace. The latter focuses on esti-
mating the model’s preferences with linguistic knowledge.

Self-Adaptive Logit Adjustment. Similar to previous
studies [29], given that the predicted class probability re-
flects the model’s confidence in each class, we regard the
average predicted probability for each class across all the
unlabeled samples as the class learning pace. However, us-
ing all the unlabeled samples at each training step leads to
significant time consumption. Hence, we follow [31] to es-
timate learning pace l;(c) using the EMA strategy. Specifi-
cally, we initialize I;(c) to 1/C, since we assume all classes
are balanced prior to training. Then we derive learning pace
at the ¢-th training step for the c-th class as follows,

—A)/%B >0,

where g;(c) denotes the predicted probability for class ¢ in
q;- A € (0,1) is the momentum decay of EMA.

Intuitively, during the early stages of training, the model
is not stable and the estimated class learning pace can be
unreliable and easily influenced by initialization. Directly
incorporating this learning pace for pseudo-label debiasing
could negatively affect model training. In light of this, we
introduce the reliability score that is dynamically updated
to reflect the reliability of the class learning pace through-
out the training process. In essence, the reliability score
should be related to model’s learning status, where a rela-

lt(C) = )\lt_1(C) + (1 3)

tively small value should be assigned at the initial training
stage while gradually increasing to allow the model to con-
centrate on reducing its biases. Inspired by [31], we lever-
age the model’s confidence in the unlabeled data which in-
dicates the model’s learning status to derive the reliability
score. Similar to l;, we initialize g; to 1/C and update it
with EMA at the ¢-th training step as follows,

B Zmax q;)

Based on class learning pace and the reliability score, we
derive the self-adaptive logit adjustment offset A} (c) for the
c-th class at the ¢-th training step as follows,

. lt (C)
max{l;(c) : c € [1,C]}

where we apply maximum normalization to the class learn-
ing pace across all classes, following [9].
Language-Oriented Preference. We use a PLM to
extract semantic information for each class. Specifically,
given C class names {W.}< |, we adopt M predefined
prompts, such as “a photo of a clean {class name}”, to ob-
tain complete M sentences for each class. We then obtain
M text embeddings for each class by feeding the sentences

into the frozen PLM, denoted by {t(c) t P)}

where tS,} € R%, and d, is the dimension of the text em-
bedding. Finally, we define class centers as the mean of

the Lo-normalized embeddings for each class, denoted by
t = /M0 e 2

gt =Agi—1+ (1 — A 4

Af(c) = log(ge ) (&)
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In essence, when most unlabeled samples tend to be
closer to a certain class center, it may indicate an inherent
bias of the model towards that class. Hence, we introduce
the language-guided class frequency which represents the
frequency of samples that are close to a given class center.
In particular, inspired by CLIP [20], we first obtain the sim-
ilarity scores between the unlabeled samples and each class
center based on the cosine similarity. Specifically, given an
unlabeled sample u;, we calculate its similarity score with
the c-th class center as follows,

u g(e)y _ T}L -t
) = el ©
where 7 denotes the image representation derived from the
vision model for the weakly-augmented unlabeled sample
u;. Next, we determine the closest class center to u; by
selecting the class with highest similarity score as follows,

g}é = argmax s(r}‘,t(c)), @
ceC

where g)é denotes the closest class center to the unlabeled
sample u ;. Thereafter, we obtain the language-guided class
frequency f3!(c) for each class as follows,

1/C, if t =0,

Bi(e) =4 | g LAy :
ABi_1(e)+ (1 — /\)'u—B]z:1 I(y; = c), otherwise
(€)
where [(-) is the indicator function. Similar to I;(c), we
employ the EMA strategy and initialize 3! (c) as 1/C.
Thereafter, we obtain the language-oriented preference
Al(c) for each class as follows,

Bi(c) —min{Bi(c) : c € [1,C]}

l —
A = SaaxB1(0) - € 11,1} — min{ (@) e € 11 o

where we apply min-max normalization to assign relatively
larger preferences to classes with higher frequencies. Then
we obtain the linguistic-knowledge injected logit adjust-
ment offset by combining the self-adaptive logit adjustment
offset and language-oriented preference, as follows,

AL = A7(e) - A(e). (10)

Finally, we define the linguistic knowledge adapted de-
biasing loss as follows,

nB t
1AL
R S I(max(q;) > 7)log gxp(zy +Ay)
uB j=1 2 e—1 €xp(zc +AL)

1n
3.3. Language-Aware Pseudo-Label Smoothing

To promote the utilization of unlabeled data, we focus on
leveraging samples with probabilities below the confidence

threshold, referred to as low-confidence samples, which are
simply discarded in previous studies [9, 22]. Intuitively,
directly using the pseudo-labels produced by the model
for these samples may introduce noise. Since linguistic
knowledge provides supplementary semantic information,
it can be leveraged to refine the pseudo-labels. In light of
this, we propose language-aware pseudo-label smoothing to
exploit these low-confidence samples by refining pseudo-
labels with the guidance of linguistic knowledge.

In particular, as label smoothing [46] has shown great
success in mitigating the influence of noisy labels, we ap-
ply this strategy to exploit the low-confidence samples. A
naive way is to directly utilize the vanilla method where the
soft label is mixed with a uniform mixture over all possi-
ble labels. However, in our SSL context, as the obtained
pseudo-labels may be noisy, we are more interested in in-
creasing the probability of the potential ground-truth labels
in the soft label. As the class centers provide useful seman-
tic information related to each class, we leverage them to
refine the pseudo-labels by increasing the probabilities of
classes with higher similarity scores.

Specifically, given an unreliable sample u;, where
max(g;) < 7, we first obtain its pseudo-label assigned
by the vision model §j = argmax(q;). Then we calculate
similarity scores between the samples and each class cen-
ter based on the similarity by Eq. (6). Next, we define the
language-aware soft pseudo-label y; for the sample w; as,

176, ifc:gjj,

exp(s(ry, t<°))) (12)

y; le] = = o otherwise.
Zc:l,c#gj exp(s(r}‘,t ¢ ))

where y§ € R¢ and y;[c] is the c-th value in y3. We set the
probability of the predicted pseudo-label as 1 — €, while the
rest are derived based on the similarity scores.

Finally, we define the language-aware pseudo-label
smoothing loss to regularize the consistency between the
refined soft pseudo-label and the predicted class probability
of each low-confidence sample under strong augmentation
with the cosine similarity as follows,

wB

s _ _MLB S I(max(q;) < )5 pIQAw,))).  (13)

j=1
3.4. Overall Loss Objective

Introducing linguistic knowledge requires ensuring feature
alignment between the text embeddings and the image rep-
resentations. Hence, we additionally incorporate the fea-
ture alignment loss L£%** on labeled data, following Bor-
Lan [17]. Ultimately, the overall loss function of our pro-
posed model is as follows,

L=Lo4 L% 4 XLy + ML, (14)

where A\, and \;s are hyper-parameters.
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Dataset | FOOD-101 | CIFAR-10 | CIFAR-100
Settings | N2 N4 NiO | NI N2 N4 | N4 N25 N100
PL [13] 41.78 =118 2243 +093 1538 +f0.12 51.55£29 2567 +1097 7.20+038 | 33.83 030 18.55£030 15.354020
FixMatch [22] 25.08 £1.09 15.07 070 11.28 £ 0.02 39.73 £ 1.89 12.69 £ 010 2.57 014 | 2290+ 104 1595+ 016 13.83 £0.03
FlexMatch [37] | 19.04 =168 11.49 013 10.76 = 0.11 | 38.29 £ 15.07 7.39 £ 731 2.59 +0.10 | 20.81 £023 1623 £0.13 13.77 £025
FreeMatch [31] | 25.69 456  15.31 &+ 1.11 11.03 £ 0.24 39.59 £ 1.78 1296 006 2.74 £0.14 | 23.81 082 1640t 016 13.66 £ 0.30
SoftMatch [6] 24.18 524 1495+ 105 1099 008 | 41.26 & 11.44 9.28 £+ 528 2.65+006 | 24.06 £046 16.15+006 13.69 % 0.07
DebiasPL [29] 13.49 £ 074 1140 034 10.68 £ 0.17 21.7 £ 16385 3.174+ 014 2.61 £006 | 2043 +032 1599 +007 13.84 +0.13
FINESSL [9] 12.96 4 0.43 10.72 £ 0.14 10.31 £ 0.15 3.85 +0.13 3.13£ 0.10 2.61 £005 | 19.56 =024 1549 001 1334 +0.18
LADaS | 1085079 1013006 977005 | 315+ 003 268001 253008 | 1875014 1516009 13.04 o011

Table 1. Performance comparison with ViT-VPT backbone on FOOD-101, CIFAR-10 and CIFAR-100 datasets: means = std of error rates
(%) over 3 trials are reported. N# denotes the number of labeled samples for each class. Results of other methods are directly copied from
FINESSL [9]. The best results are highlighted in bold and the second-best underlined.

Settings | D* =D}, D" =D}, UDiy,
FixMatch [22] | 34.48 = 0.30 39.85 £ 0.16
FlexMatch [37] | 35.40 + 0.5 42.04 £ o.11
FreeMatch [31] | 35.43 + 023 41.99 + 038
SoftMatch [6] | 35.25 & 027 4221 + o052
DebiasPL [29] | 33.18 & 0.35 39.15 + 037

FINESSL [9] | 32.75 £ 0.11 38.88 -+ 0.07

LADaS | 3177+ 016 39.14 4 021

Table 2. Error rate (%) with ViT-VPT backbone on Semi-Aves
dataset. D" denotes the unlabeled data sampled from the same

classes as labeled data and Dj,,,; contains OOD samples.

Settings | N4  N25  NI100
FixMatch [22] | 57.97 29.99  21.69
ReMixMatch [3] | 53.15  31.44 2091
Co-Tuning [36] 57.58 3094 2222
FlexMatch [37] | 56.89 30.13  22.70
Self-Tuning [28] | 47.17 24.16 17.57
BorLan[17] | 44.82 23.07 16.56
LADaS | 4127 2124 1531

Table 3. Error rate (%) with EfficientNet-B2 backbone on CIFAR-
100 dataset with 4, 25 and 100 labeled samples for each class.
Results of other methods are directly copied from BorLan [17].

4. Experiments

4.1. Experimental Settings

Datasets. Following previous studies [9, 10], we conduct
extensive experiments on five publicly available datasets to
evaluate our method. Specifically, we use CIFAR-10 [12],
CIFAR-100 [12], STL-10 [7], FOOD-101 [4] and Semi-
Aves [24]. Detailed descriptions for each dataset can be
found in supplemental materials.

Implementation Details. We evaluate LADaS primarily

based on VPT with ViT backbone in CLIP (ViT-VPT) [11]
on CIFAR-10, CIFAR-100, FOOD-101 and Semi-Aves
datasets. In addition, to comprehensively validate the ef-
fectiveness of LADaS, we further conduct experiments to
fine-tune the pre-trained EfficientNet-B2 [26] on CIFAR-
100 and pre-trained vision transformer (ViT-FFT) [14] on
CIFAR-10, CIFAR-100 and STL-10 datasets. For all back-
bones, we adopt stochastic gradient descent (SGD) with a
momentum of 0.9 as the optimizer and the total training
steps are set to 15, 000. Following the previous study Bor-
Lan [17], we utilize 80 handcrafted prompts in CLIP [20]
and use the frozen pre-trained Bert-Large [8] (BertL) as the
pre-trained language model to produce text embeddings for
each class. More implementation details can be found in
supplemental materials.

Evaluation Metrics. For each dataset, we use different
numbers of labeled samples to cover various SSL scenar-
ios. For the ViT-VPT backbone, following previous stud-
ies [6, 9], we conduct experiments with {1, 2, 4} labeled
samples per class on CIFAR-10, {4, 25, 100} labeled sam-
ples per class for CIFAR-100, and {2, 4, 10} labeled sam-
ples per class for FOOD-101. As for Semi-Aves, we con-
duct experiments for two scenarios of unlabeled data: one
with only in-distribution samples, and another with a mix of
in-distribution and out-of-distribution (OOD) samples. As
for the EfficientNet-B2 backbone, we follow BorLan [17]
to select {4, 25, 100} labeled samples per class for CIFAR-
100. For the ViT-FFT backbone, we choose {1, 4, 25} la-
beled samples per class for CIFAR-10, {2, 4, 25} labeled
samples per class for CIFAR-100 and {1, 4, 10} labeled
samples per class for STL-10. The classification perfor-
mance is evaluated using the error rate on the test set.

4.2. Performance Comparison

We compare LADaS with existing state-of-the-art SSL
methods, including PL [13], FixMatch [22], Flex-
Match [37], FreeMatch [31], SoftMatch [6], DebiasPL [29],
FINESSL [9], Co-Tuning [36], ReMixMatch [3], Self-
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Dataset CIFAR-10 CIFAR-100 STL-10

Settings N1 N4 N25 N2 N4 N25 N1 N4 NI10
FixMatch [22] 3350+ 151 256+09 2.05+01 3471+ 14 24.48 + 0.1 16.02 £+ 0.1 59.87 £34 2228 +44 1159+ 16
FlexMatch [37] 2946 96 222403 2.12+02 3624 £09 2599 05 1628 02 | 3937+ 129 21.83+37 1046+13
InstanT [14] 12.68 =102  2.07 £ 0.1 1.92 £ 0.1 25.83+03 21.20+ 04 15.72 £ 05 30.61 =74 1491 +28 10.65+ 1.9
SemiReward [15] - - - 20.06 £ 041  15.62 £ 0.71 - - 9.724 0.62 7.10£ 039
InterLUDE [10] 31.90 + 4.1 1.78 £ 0.1 1.55+ 0.1 3566 £19  21.19 +02 13.39 £ 0.1 2749 66  3.14 0.2 2.66 + 0.1
InterLUDE+ [10] | 1229+73 1.55+0. 1.49 £ 0.1 23.60 + 1.2 16.32 + 0.3 1293 +02 | 2583 +99 456 +09 323 +03
LADaS | 7.61+£534 117002 114Loo1 | 1831+ 165 1504009 1231032 | 1087 £ 181 3.91+£077  2.69+036

Table 4. Error rate (%) with ViT-FFT backbone. Note that for limited space, more results can be found in supplemental materials.

CIFAR-10 CIFAR-100 FOOD-101

1 ls

AM | Base L g: A Li gy N2 N4 | N4 N25 Nio0 | N2 N4 N0
1 v 3116 1272 2.63 | 2391 1607 1379 | 23.11 1490 10.71
2 v Y 2197 369 272 | 2192 1594 1358 | 1520 1291 10.01
3 o vV 506 385 262 | 2058 1598 13.52 | 1329 1099 10.02
4 o v vV 324 300 263 | 19.13 1538 1296 | 1280 1151 9583
5 v v | 1283 365 246 | 2223 1535 1326 | 21.08 1336 1036
6 vV v | 443 309 247 | 1915 1531 1342 | 1202 1042 1001
7 V v v v v | 315 268 253|1875 1516 13.04 | 1085 10.13 977

Table 5. Ablation study with ViT-VPT backbone on CIFAR-10, CIFAR-100, and FOOD-101 datasets.

Tuning [28], BorLan [17]InstanT [14], SemiReward [15],
InterLUDE [10] and InterLUDE+ [10]. The comparison re-
sults are shown in Tab. 1, Tab. 2 for ViT-VPT, Tab. 3 for
EfficientNet-B2 and Tab. 4 for ViT-FFT, respectively.

From these tables, we have the following observations.
1) LADaS consistently outperforms existing methods for
many scenarios across diverse backbones and datasets,
while remaining competitive in others. This shows that
the proposed method can be applied to various pure image
pre-trained backbones and demonstrates the superiority of
our proposed framework over the existing studies. 2) From
Tab. 1 and Tab. 2, we notice that the methods that explicitly
incorporate the pseudo-label debiasing strategies, including
DebiasPL, FINESSL and our proposed LADaS, outperform
the rest baselines. The reason behind this improvement may
be that the pre-trained foundation models are biased to spe-
cific classes, and without debiasing strategies, the training
process may accumulate confirmation biases and affect the
final performance. 3) LADaS outperforms FINESSL and
DebiasPL. The reason may be attributed to our introduction
of linguistic knowledge to refine the logit adjustment off-
set. Moreover, we design the reliability score to determine
the reliability of the logit adjustment derived by the vision
model, which avoids the model to be disturbed. Meanwhile,
from Tab. 3, we find that both BorLan and LADaS which
inject linguistic knowledge for SSL, outperform the other
baselines. These two findings indicate the importance of
distilling linguistic knowledge for semi-supervised learn-
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ing. 4) LADaS shows superiority over BorLan, the reason
may be that we propose the linguistic knowledge adapted
debiasing loss by introducing linguistic-knowledge injected
logit adjustment offset into the consistency regularization,
which can reduce the biases presented in a pre-trained foun-
dation model.

4.3. Ablation Study

To verify the influence of each component in our model,
we conduct the ablation study on CIFAR-10, CIFAR-100
and FOOD-101 datasets with ViT-VPT backbone, as shown
in Tab. 5. In particular, the base model is implemented
by removing the key components, i.e., language-assisted
pseudo-label debiasing and the language-aware pseudo-
label smoothing from the whole framework. AM is the
the abbreviation for Ablation Study. AM?7 denotes our full
framework LADaS. Similarly, the performance is evaluated
with error rate on test set for each ablation method.

From this table, we have the following observations. 1)
Based on the error rate in AM2 and AM1, we can see
that introducing the logit adjustment based on the learning
pace can boost the performance, demonstrating the impor-
tance of pseudo-label debiasing for adapting the foundation
models to semi-supervised learning task. 2) AM3 outper-
forms AM2, especially for the setting of N1 on CIFAR-
10. This verifies the necessity of dynamically accessing
the reliability of the class learning pace. 3) AM4 outper-
forms AM3, and the same findings can be observed when
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Figure 3. (a) and (b): The pseudo-label accuracy on CIFAR-10
with N1 and FOOD-101 with N2 settings, respectively.

comparing AM7 to AM6. These observations indicate that
the designed language-oriented preference can facilitate the
logit adjustment offset by leveraging the linguistic knowl-
edge from the pre-trained language models. 4) Without the
language-aware pseudo-label smoothing loss, AM4 shows
inferiority to our whole framework AM7. We also notice
that adding £!* to original base model, can significantly
promote the performance. This demonstrates the effec-
tiveness of incorporating low-confidence samples with the
guidance of linguistic knowledge.

4.4. Qualitative Analysis

We conduct qualitative analyses of LADaS in comparison
of other methods to get deeper insights. Additional visual-
ization results are provided in the supplemental materials.

Quality of Pseudo-Labels. To get deeper insights, we
visualize the pseudo-label accuracy for FixMatch, Debi-
asPL, FINESSL and LADaS, throughout training, which
plays a vital role in boosting SSL performance. In partic-
ular, except for FixMatch, all other methods introduce de-
biased pseudo-labeling strategies. The results are shown in
Fig. 3. From this figure, we notice the pseudo-labels gener-
ated by LADaS consistently show better accuracy than other
methods during training, which verifies the effectiveness
of our proposed language-assisted pseudo-label debiasing.
Meanwhile, we observe that the methods equipped with de-
biased pseudo-labeling consistently predict better pseudo-
labels than FixMatch. The reason behind may be that as the
foundation models exhibit biases towards different classes,
the pseudo-labels can be highly imbalanced and FixMatch
accumulates such confirmation biases during training. Fur-
thermore, we present the corresponding pseudo-label dis-
tributions in Fig. 4 (a) and (b). Similarly, we find that the
pseudo-labels generated by our method are more balanced
compared to FixMatch, DebiasPL and FINESSL, demon-
strating the superiority of our proposed LADaS.

Different Strategies for Pseudo-Label Smoothing. We
conduct comprehensive comparisons between the vanilla
label smoothing (VLS) and language-aware pseudo-label
smoothing (LPLS) on the base model to verify the effective-
ness of the language-guided soft pseudo-label. As shown in

x10~! x10-2

c
2106 g .8 2.5 FixMatch

3 3 FINESSL

3 ]
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Figure 4. (a) and (b): The pseudo-label distribution on CIFAR-10
with N1 and FOOD-101 with N2 settings, respectively. Note that
FixMatch for CIFAR-10 exceeds beyond this figure to about 35%.

Fig. 5, w/ LPLS consistently outperforms w/ VLS across
all datasets. The reason may be that the language-guided
soft pseudo-label can increase the probability of potential
ground-truth labels for low-confidence samples, thus boost-
ing the performance. Meanwhile, both w/ LPLS and w/
VLS outperform the base model, which demonstrates the
importance of exploiting the low-confidence samples.

35

20 m Base w/ VLS w/ LPLS

~N
&

Error Rate (%)

1S

CIFAR-10-N1 CIFAR-100-N4 FOOD-101-N2

Figure 5. Comparison for different strategies of label smoothing
with ViT-VPT. Dataset-N# denotes the dataset under N# setting.

5. Conclusion

In this paper, we propose the Language-Assisted Debiasing
and Smoothing (LADaS) method for the foundation model-
based SSL task. Specifically, we design the language-
assisted pseudo-label debiasing to mitigate biases inherent
in foundation models. We dynamically inject a reliability
score to determine the reliability of logit adjustment at each
training step. Meanwhile, the language-oriented preference,
which reflects the vision model’s preferences with linguistic
knowledge, is introduced to facilitate the pseudo-label de-
biasing. Furthermore, we design language-aware pseudo-
label smoothing where we refine the pseudo-labels based
on linguistic knowledge guidance to utilize samples with
pseudo-labels below the confidence threshold. Extensive
experiments verify the effectiveness of each key design in
our LADaS. In particular, qualitative results show that our
LADaS significantly promotes the pseudo-label quality. In
the future, we plan to design more strategies leveraging lin-
guistic knowledge to facilitate pseudo-label debiasing.
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