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FixMatch is a widely adopted semi-supervised learning (SSL) framework that re-
lies on consistency regularization between weakly and strongly augmented ver-
sions of unlabeled data. In the case of image classification, its reliance on indis-
criminate image-level augmentations often leads to overfitting on early confident
predictions while neglecting semantically rich but underexplored features. In this
work, we introduce Token-Aware FixMatch (TA-FixMatch), a novel SSL framework
that operates at the token representation level to enhance feature diversity and gen-
eralization. Specifically, we propose a token-aware masking strategy that identifies
and softly suppresses the most influential tokens contributing to high-confidence
predictions; and a structured token-level augmentation pipeline that perturbs, re-
organizes, and semantically enriches the remaining tokens. These representation-
level augmentations guide themodel to attend to alternative evidence and discover
complementary features, which is particularly beneficial in fine-grained classifi-
cation tasks. Extensive experiments on standard (CIFAR-100, STL-10) and fine-
grained (CUB-200-2011, NABirds, Stanford Cars) benchmarks demonstrate that
TA-FixMatch outperforms existing state-of-the-art SSL methods under low-label
regimes.

1. Introduction
Semi-supervised learning (SSL) has emerged as a powerful paradigm for training high-performance
models with limited labeled data by leveraging the vast availability of unlabeled samples. Among
recent SSLmethods [1–10], FixMatch has gained significant attention due to its simplicity and effec-
tiveness. It combines pseudo-labeling with consistency regularization: given a weakly augmented
unlabeled sample that yields a high-confidence prediction, FixMatch enforces the model to remain
consistent under strong augmentation of the same sample [1]. This principle has achieved compet-
itive results across a range of image classification tasks, including standard benchmarks like CIFAR-
100 and STL. FixMatch has also inspired the development of many variants [2–4].

Despite its success, FixMatch suffers from a crucial limitation that is often overlooked; namely, its
reliance on indiscriminate image-level augmentations. Popular strong augmentation strategies; i.e.,
RandAugment and CutOut, perturb pixel-level statistics, operating blindly over the entire image
with no semantic awareness [11]. This not only risks removing discriminative content necessary
for prediction but also reinforces the model’s early confident patterns rather than encouraging ex-
ploration of underrepresented features. This limitation becomes particularly evident in fine-grained
image classification, where subtle and spatially localized visual cues often determine class identity.
In such scenarios, over-reliance on a few confident image regions can lead to feature collapse and
hinder generalization [12].

To address these challenges, we propose TA-FixMatch, an SSL framework that shifts augmentation
from the pixel domain to the internal token representation space. Our key insight is that modern
vision backbones, e.g., CNNs and Vision Transformers, encode images into a sequence of token
embeddings that capture semantically meaningful patterns. By identifying andmanipulating these
tokens directly, we can design stronger and more targeted augmentations to encourage learning
of a richer set of features. TA-FixMatch introduces two complementary components: (1) a token-
aware masking mechanism that evaluates token importance via gradient-based saliency and softly
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suppresses the most influential tokens associated with confident predictions; and (2) a structured
token-level augmentation pipeline that enhances the diversity of the remaining token set through
perturbation, local shuffling, and semantic injection. These operations encourage redistributing
attention to less confident but potentially informative regions, mitigating overfitting and enhancing
generalization.

We conduct extensive experiments on standard and fine-grained image classification benchmarks.
TA-FixMatch achieves state-of-the-art performance under the 1% and 5% label regimes on chal-
lenging datasets; i.e., CUB-200-2011, NABirds, and Stanford Cars; demonstrating its capability to
discover and exploit subtle features often overlooked.

2. Related works
SSL has gained importance in deep learning due to its capability to exploit unlabeled data to im-
prove performance. Early SSL methods rely on pseudo-labeling [5] and consistency regulariza-
tion [6]. Among them, FixMatch has emerged as a seminal work by combining high-confidence
pseudo-label selection on weakly augmented samples with consistency regularization on strongly
augmented samples [1, 13, 14]. Its simplicity and effectiveness have spurred a series of follow-up
works aimed at improving either the pseudo-labeling mechanism or the augmentation strategies;
e.g., FlexMatch [2], FreeMatch [3], Dash [7], and SoftMatch [4]. These methods leverage adap-
tive confidence thresholds or curriculum-style pseudo-labeling to improve the selection of unla-
beled samples. Despite their successes, most of them retain the core design of FixMatch; i.e., strong
image-level augmentations, which may suppress or distort important semantic cues, particularly in
fine-grained image classification where discriminative features are often subtle and spatially local-
ized [15, 16].

Recent advances have addressed the aforementioned challenges by proposing pseudo-labeling
strategies tailored for fine-grained visual classification (FGVC). For example, PEPL [17] incorpo-
rates class activation maps into a two-stage pseudo-labeling process, refining label generation and
mixing to preserve subtle discriminative features. SoC [18], on the other hand, relaxes the hard-
label assumption by jointly optimizing soft-label expansion and shrinkage, guided by class transi-
tion tracking to adaptively group visually similar classes. Both methods demonstrate significant
gains under low-label regimes, underscoring the importance of semantic-aware and noise-resilient
pseudo-labeling in semi-supervised FGVC. From a feature learning perspective, recent works ex-
plore how neural networks selectively attend to high-confidence image regions, potentially neglect-
ing semantically valuable but less confident regions. This phenomenon becomes more pronounced
in FGVC [11, 19], where themodel’s over-reliance on dominant features can lead to suboptimal gen-
eralization. Motivated by these insights [20], we propose to shift the augmentation from pixels to
internal token representations, offering a new perspective on augmenting and regularizing model
predictions in SSL.

3. Preliminaries: Revisiting FixMatch and Its Limitations
FixMatch is a widely adopted framework for SSL. It trains a classifier using both labeled data and
pseudo-labeled data that are initially unlabeled [1]. The core of FixMatch consists of two compo-
nents: (1) cross-entropy loss on weakly augmented labeled samples and (2) consistency regular-
ization that enforces a strongly augmented view of an unlabeled sample to match its pseudo-label
generated from a weakly augmented view [21]. Formally, let xl ∈ Dl be the labeled data, xu ∈ Du

the unlabeled data, F (·) the model’s prediction function, and pi(F (·)) the softmax probability for
class i. FixMatch generates a pseudo-label ŷu = argmaxi pi(F (α(xu))) for unlabeled sample xu if
the model’s prediction exceeds a confidence threshold τ , where α(·) denotes weak augmentation.
It then enforces prediction consistency on the strongly augmented input A(xu):

Lu = Exu∼Du
[I (max pi(F (α(xu))) ≥ τ) · CE(F (A(xu)), ŷu)] , (1)

where A(·) denotes strong augmentation, and CE(·, ·) is the cross-entropy loss. Although effec-
tive, the generalization capability of FixMatch can be limited by the randomness and coarseness of
strong augmentations such as CutOut [22] or RandAugment [23]. These augmentations operate in-
discriminately over image regions, often failing to reliably suppress features that have already been
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Figure 1: TA-FixMatch. The model generates pseudo-labels from weakly augmented unlabeled
inputs, applies token-aware masking and augmentation to strong views, and optimizes a dual-path
loss combining token-level consistency and pseudo-label supervision.
learned by the model. Consequently, the consistency objective may not sufficiently guide the model
to learn novel [24], discriminative features that are underrepresented in early training phases. This
observation motivates us to rethink the design of the strong augmentation A(·) and explore a more
targeted augmentation strategy that interacts directly with the model’s internal token representa-
tions, enabling feature-level supervision beyond the pixel space [11].

4. Proposed Token-Aware FixMatch
TA-FixMatch improves FixMatch by introducing a representation-level augmentation mechanism.
The key idea is to identify and mask tokens (patch-level embeddings) that are highly responsible
for the model’s confident predictions, thus encouraging the model to learn from alternative tokens
and acquire a more comprehensive understanding of the input space. TA-FixMatch consists of two
main components: Token Scoring Function and Token-Aware Masking (see Figure 1).

4.1. Token Scoring Function
Let xu ∈ Du denote an unlabeled input and Xu ∈ RP×d its tokenized representation extracted by a
backbone (e.g., patch embeddings from a CNN or a ViT), where P is the number of tokens and d
is the token dimension. Each token xp ∈ Rd corresponds to the p-th row of Xu. For an unlabeled
input that has been assigned a pseudo-label with prediction ŷu, we evaluate the importance of each
token xp toward the predicted class:

Ip =

∥∥∥∥∂LCE(F (Xu), ŷu)

∂xp

∥∥∥∥
2

, (2)

where LCE is the standard cross-entropy loss. The gradient-based norm ∥ · ∥2 reflects how sensitive
the model’s output is to perturbations at each token position.

4.2. Token-Aware Masking
Given the importance scores {Ip}Pp=1 as computed based on gradient importance (see Eq. 2), we
perform soft-masking on the top-k most influential tokens by attenuating their embeddings based
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on their relative importance. Let k = ⌊ρ · P ⌋ denote a sample-specific number of tokens, where
ρ ∈ (0, 1) is a predefined masking ratio. In this work, we set ρ = 0.1, i.e., the top 10% tokens are
selected per sample. For the selected tokens {xp}, we apply a multiplicative masking strategy using
a decay coefficient βp ∈ (0, 1):

xp ← βp · xp, ∀p ∈ Top-k({Ip}), (3)

where βp = exp

(
−µ · Ip

max
(
{Ip}

)) is a soft suppression factor controlled by a scaling parameter

µ. Larger values of µ result in more aggressive down-weighting of important tokens; we set µ =
1.5 by default in practice. This exponential formulation ensures that more important tokens are
suppressed more strongly, while less dominant tokens are preserved.

The resulting softly masked token sequence, X̃u, is then passed to the model as the strongly aug-
mented input. This augmentation strategy gently suppresses the highly confident internal represen-
tationswithout completely erasing them, thereby encouraging themodel to redistribute its attention
to less exploited parts of the input space and to learn more diverse, decision-supportive features.

Token-Level Augmentation. To enhance the model’s capability to leverage underexplored seman-
tics in unlabeled data, we propose a structured token-level augmentation framework that comple-
ments token-aware masking in TA-FixMatch. Rather than applying independent perturbations ar-
bitrarily, our method treats each token as a unit of semantic reasoning and designs a progressive
augmentation process that expands themodel’s representational space. The goal is not only to intro-
duce diversity but to explicitly encourage the model to attend to alternative or secondary evidence
within each sample.

Given a tokenized representationXu ∈ RP×d from an unlabeled input with confident pseudo-label
ŷu, we first apply token-aware masking to suppress dominant evidence based on gradient impor-
tance, as explained before. The remaining tokens, potentially containing complementary semantics,
are then subjected to a three-step augmentation process designed to perturb them, re-organize them,
and apply semantic injection.

In the first step, we apply contextual perturbation by injecting adaptive noise into individual token
embeddings. This noise can take either a stochastic or adversarial:

xp ← xp + ϵ · gp
∥gp∥2

, where gp =
∂LCE(F (Xu), ŷu)

∂xp
, p /∈ Top-k({Ip}). (4)

where ϵ = 0.1 controls the perturbation strength. This operation amplifies latent sensitivity of
subdominant tokens, allowing the model to discover new decision-relevant patterns.

In the second step, we perform semantic re-organization by altering the structural arrangement of
local token groups. This involves lightweight shuffling or position-aware mixing within short token
windows to break positional bias while maintaining content continuity:

xp=1, xp=2, · · · ← LocalShuffle(xp=1, xp=2, . . . ), p ∈W ⊂ [1, P ], (5)

whereW denotes a fixed-size sliding window (e.g., size 3–5) over token positions for local mixing.
This allows the model to reinterpret tokens in different local contexts, improving its robustness to
spatial deformation and redundancy.

The final step introduces semantic injection, where a small fraction of low-importance tokens are
replaced with embeddings from a class-agnostic dictionary:

xp ← E(jp), jp ∼ U(1, |E|), p ∈ S, (6)

where S = {p ∈ [1, P ] | Ip ≤ γ} defines the set of low-importance tokens eligible for semantic injec-
tion, and γ is a threshold empirically chosen based on the distribution of importance scores. Here,
jp denotes the sampled index for each token p, independently drawn from the uniform distribution
over the dictionary entries. E : {1, . . . , |E|} → Rd denotes a class-agnostic embedding dictionary. In
practice, we construct the class-agnostic dictionary E by averaging randomly selected small groups
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of token embeddings from unlabeled data, which provides neutral yet semantically coherent vec-
tors for semantic injection. This step broadens the token distribution encountered during training,
increasing the diversity of support for the pseudo-label decision.

Through these three steps—perturbation, re-organization, and semantic injection—our token-level
augmentation pipeline systematically expands the model’s view of unlabeled data. Each operation
is designed not for generic regularization, but to reinforce the learning of complementary features
that are often overlooked by confidence-based selection. The resulting strongly augmented tokens
X̃u are passed through the model for consistency training against the original pseudo-label ŷu. This
strategy aligns well with the philosophy of TA-FixMatch; namely, to guide the model away from
overfitting to early confident patterns and towards a more holistic understanding of the input.

4.3. Objective Function
The overall optimization objective of TA-FixMatch combines supervised learning on labeled data
with two complementary losses over pseudo-labeled data that are originally unlabeled: a consis-
tency loss on perturbed tokens and a pseudo-label supervision loss on the original token represen-
tation. To better balance the two learning objectives, we introduce a trade-off parameter λ ∈ [0, 1],
which controls the relative contribution of each loss term. The total objective is defined as:

LTA-FixMatch = Lsup + λLtoken-cons + (1− λ)Lpseudo. (7)

The supervised loss is computed over labeled samples with weak augmentation. Let (xl, yl) ∼ Dl

denote a labeled sample and its ground-truth label:

Lsup = E(xl,yl)∼Dl
[CE(F (α(xl)), yl)] . (8)

For unlabeled data, we first generate a pseudo-label ŷu = argmaxi pi(F (α(xu))) for unlabeled sam-
ple xu ∼ Xu if the model’s confidence exceeds a threshold τ . We then apply token-aware mask-
ing followed by token-level augmentation to obtain a strongly perturbed representation X̃u =
TokenAug(Mask(Xu)), where Mask(·) and TokenAug(·) are the functions implementing token-
aware masking and token-level augmentation, respectively, as explained in Section 4.

The token-consistency loss encourages the model to make stable predictions on perturbed token
sequences:

Ltoken-cons = Exu∼Du

[
I (max pi(F (α(xu))) ≥ τ) · CE(F (X̃u), ŷu)

]
. (9)

In parallel, the pseudo-label supervision loss encourages the model to predict consistently on the
original, unmasked token sequence:

Lpseudo = Exu∼Du [I (max pi(F (α(xu))) ≥ τ) · CE(F (Xu), ŷu)] . (10)

Here, pi(F (·)) denotes the softmax probability of class i, and I(·) is the confidence threshold indi-
cator. Together, Ltoken-cons and Lpseudo form a dual-path supervision scheme, with λ providing ex-
plicit control over the relative emphasis on perturbed versus original token consistency (see Figure
1). This flexibility allows TA-FixMatch to dynamically trade off between exploration of alternative
features and consolidation of confident patterns, leading to better generalization and more robust
feature representations.

5. Theoretical Analysis
To understand the effect of token-aware masking in TA-FixMatch, we examine how the decay co-
efficient βp (see Eq. 3) applied to influential tokens changes the gradient signal used for updating
token embeddings. Since the consistency loss is computed on the masked representation X̃u, it is
important to quantify howmuch the gradient at each token can shrink after masking. The following
theorem provides a formal upper bound on this change and shows that soft masking reduces the
gradient in a controlled and stable manner.
Theorem 1 (Soft Mask Gradient Decay Property). Let F : RP×d → RC be a differentiable prediction
function, and let the input token sequence be Xu = [x1, . . . , xP ] ∈ RP×d, where each token xp ∈ Rd
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denotes the p-th row ofXu. For the pseudo-label ŷu = argmaxi pi(F (Xu)), define the token-wise importance
Ip =

∥∥∥∂LCE(F (Xu),ŷu)
∂xp

∥∥∥
2
. Consider the soft-masked tokens x̃p = βpxp with

βp = exp

(
−µ · Ip

max
(
{Ip}

)) , µ > 0, (11)

and let X̃u = [x̃1, . . . , x̃P ]. Suppose the Hessian with respect to xp satisfies
∥∥∥∂2LCE(F (Xu),ŷu)

∂x2
p

∥∥∥
2
≤ H for all

X on the line segment betweenXu and X̃u, and defineM = H∥xp∥2. Then the gradient norm after masking
satisfies ∥∥∥∥∥∂LCE(F (X̃u), ŷu)

∂xp

∥∥∥∥∥
2

≤ βp

∥∥∥∥∂LCE(F (Xu), ŷu)

∂xp

∥∥∥∥
2

+ (1− βp)M. (12)

This result formalizes the effect of soft masking in TA-FixMatch. The bound shows that the gradi-
ent at each masked token decays in proportion to the decay coefficient βp, while the residual term
is controlled by the curvature of the loss landscape. Consequently, tokens with large importance
scores receive a strictly reduced gradient after masking, which pushes the model to rely more on
alternative tokens during consistency training. The proof of Theorem 1 is provided in Section A.

To complement the gradient decay analysis in Theorem 1, we now study how robust the token-
consistency branch is under token-level augmentation. In TA-FixMatch, the original representation
Xu is transformed into X̃u through perturbation, local re-organization, and semantic injection, and
the consistency lossLtoken-cons is optimized on F (X̃u). A natural question is whether these perturba-
tions can destabilize the training dynamics by producing large gradients with respect to the original
input. Theorem 2 answers this question by providing an explicit upper bound on ∥∇Xu

Ltoken-cons∥F
in terms of ∥∇XuLpseudo∥F and the perturbation scale δ of the augmentation operator T .
Theorem 2 (Consistency Loss Gradient Stability Property). Let F : RP×d → RC be Lipschitz
continuous and twice differentiable, and let Xu ∈ RP×d be an unlabeled token sequence with pseudo-
label ŷu generated from the weak view with confidence greater than τ . Define the token-consistency loss
Ltoken-cons = CE(F (X̃u), ŷu), where X̃u is obtained fromXu through a token-level augmentation transforma-
tion T satisfying

∥X̃u −Xu∥F ≤ δ. (13)
Assume the gradient of F has Lipschitz constant L and the Hessian satisfies∥∥∥∥∂2LCE(F (Xu), ŷu)

∂X2

∥∥∥∥
2

≤ Hmax (14)

for all X on the line segment between Xu and X̃u. Then the gradient of the consistency loss with respect to
the original input satisfies

∥∇XuLtoken-cons∥F ≤
∥∥∇XuLpseudo

∥∥
F
+ δ (L+Hmax · ∥Xu∥F ) , (15)

where Lpseudo = CE(F (Xu), ŷu) is the pseudo-label loss computed on the original token sequence.

Theorem 2 shows that, as long as the token-level augmentation satisfies ∥X̃u − Xu∥F ≤ δ and the
model has bounded first- and second-order behavior, the gradient of the token-consistency loss
with respect toXu remains close to that of the pseudo-label loss. The deviation is controlled by the
term δ (L+Hmax∥Xu∥F ), which links the strength of augmentation to the smoothness of themodel.
Consequently, the token-augmented branch of TA-FixMatch can introduce diverse and structured
perturbations without causing unstable or exploding gradients. Together with Theorem 1, this pro-
vides a theoretical justification that TA-FixMatch suppresses dominant tokens and leverages alter-
native evidence in a stable manner. A proof of Theorem 2 is presented in Section B.

6. Evaluation and Analysis
Datasets. We conduct classification experiments on several image datasets to evaluate the general-
ization performance of TA-FixMatch under limited supervision. Specifically, we consider standard
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Figure 2: Visualizations generated by TA-FixMatch on CUB-200-2011 and Stanford Car.
Table 1: Accuracy (%± standard deviation) Supervised Learning (SL), FixMatch, and TA-FixMatch
under 1%, 5%, and 10% labeled data settings on CIFAR-100 and STL-10.

Method CIFAR-100 STL-10
1% 5% 10% 1% 5% 10%

SL [1] 12.03 ± 0.25 41.12 ± 0.38 62.91 ± 0.41 24.58 ± 1.55 39.77 ± 1.00 65.12 ± 0.60

FixMatch [1] 54.66 ± 0.59 70.88 ± 0.52 76.95 ± 0.20 68.95 ± 3.88 88.22 ± 0.81 92.87 ± 0.22
TA-FixMatch (Ours) 55.87 ± 0.47 71.43 ± 0.36 76.91 ± 0.26 70.41 ± 4.01 89.14 ± 0.97 93.29 ± 0.21

benchmarks; i.e., CIFAR-100 [25] and STL-10 [26]; as well as fine-grained datasets; i.e., CUB-200-
2011 [27], Stanford Car [28] and NABirds [29]. Across all datasets, we follow the SSL protocol,
using only 1%, 5%, and 10% of the training data as labeled samples while treating the rest as unla-
beled data. Each experiment is repeated five timeswith different random seeds. We report themean
classification accuracy along with standard deviation to ensure robustness and reproducibility.

Implementation details. We adopt theWRN-28-8 [30] architecture for all datasets. Our implemen-
tation is based on PyTorch and closely follows the standard FixMatch pipeline. Specifically, we ap-
ply weak augmentation consisting of random horizontal flipping and random cropping, and strong
augmentation using RandAugment. We use confidence threshold τ = 0.95 for pseudo-labeling and
SGDwith momentum for optimization. The batch size is set to 64 for labeled data and 320 for unla-
beled data, with a learning rate of 0.03 and a cosine learning rate schedule. The number of training
steps is dataset-dependent [11]. To balance dual-path supervision, we set the trade-off parameter
λ = 0.65 in all experiments (see Eq. 7).

Results. As shown in Figure 2, TA-FixMatch consistently highlights multiple semantically relevant
regions within each object. On CUB-200-2011, the model attends to both primary (e.g., wings, tail)
and secondary (e.g., head, belly) features of birds, indicating its capability to discover fine-grained
cues beyond dominant parts. Similarly, on Stanford Car, attention is distributed across headlights,
grilles, and license plates, suggesting that token-level augmentation leads to a more holistic under-
standing of structured objects.

As shown in Table 1, TA-FixMatch consistently surpasses FixMatch, especially under 1% labeling.
On CIFAR-100 and STL-10, TA-FixMatch reaches 55.87% and a 1.46% gain, exceeding FixMatch by
1.21% and 1.46%, respectively. These improvements derive from selectively suppressing overconfi-
dent tokens while augmenting under-explored ones, rather than relying solely on image-level per-
turbations. TA-FixMatch also remains competitive at 10% labels, indicating scalability. Table 2 fur-
ther confirms superiority on fine-grained benchmarks: with 1% labels, TA-FixMatch attains 19.01%
on CUB-200-2011 and 17.08% on NABirds, improving over PEPL by 0.75% and 0.93%. Although
PEPL leads in certain 10% settings, TA-FixMatch stays competitive across regimes, demonstrating
robustness in fine-grained scenarios where spatially localized cues affect class separability.

Table 2: Accuracy (%) of several SOTA SSLmethods (all based on ResNet backbone) under 1%, 5%,
and 10% labeled data five times on fine-grained datasets.

Method CUB_200_2011 NABirds Stanford Car
1% 5% 10% 1% 5% 10% 1% 5% 10%

SL 12.20 ±0.21 25.35 ± 0.18 28.61 ± 0.24 11.60 ± 0.17 24.40 ± 0.20 27.70 ± 0.23 10.42 ± 0.19 21.66 ± 0.22 24.54 ± 0.20
Pi-Model [31] 11.58 ± 0.24 23.79 ± 0.19 25.52 ± 0.28 10.85 ± 0.22 22.15 ± 0.25 24.15 ± 0.27 9.40 ± 0.23 20.10 ± 0.24 23.01 ± 0.26
Pseudo-Label [5] 14.95 ± 0.26 30.11 ± 0.22 32.71 ± 0.25 13.20 ± 0.23 28.80 ± 0.31 31.10 ± 0.29 12.38 ± 0.28 26.45 ± 0.27 26.12 ± 0.30
FlexMatch [2] 15.30 ± 0.29 31.45 ± 0.27 30.61 ± 0.24 13.90 ± 0.25 30.00 ± 0.28 32.80 ± 0.32 13.95 ± 0.27 26.90 ± 0.26 26.70 ± 0.31
FixMatch [1] 16.42 ± 0.30 33.88 ± 0.25 30.78 ± 0.31 14.20 ± 0.27 31.52 ± 0.29 33.15 ± 0.26 14.30 ± 0.28 26.85 ± 0.25 26.10 ± 0.33
PEPL [17] 18.26 ± 0.18 36.20 ± 0.21 38.53 ± 0.20 16.15 ± 0.19 35.45 ± 0.22 37.00 ± 0.24 16.52 ± 0.21 30.30 ± 0.19 32.72 ± 0.23
TA-FixMatch 19.01 ± 0.17 37.52 ± 0.19 35.02 ± 0.22 17.08 ± 0.16 36.90 ± 0.20 38.45 ± 0.21 17.30 ± 0.18 30.45 ± 0.17 31.21 ± 0.20
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(a)
TA-FixMatch confusion matrix on STL-10.

(b)
TA-FixMatch confusion matrix on CIFAR-10.

Figure 3: Confusion matrices of TA-FixMatch on (a) STL-10 and (b) CIFAR-10 under the 10% la-
beled data setting. TA-FixMatch produces strong diagonal patterns with low cross-class confusion,
demonstrating robust pseudo-label quality and stable token-level consistency.

(a) (b)
Figure 4: (a) Accuracy curves over training epochs across several datasets under only 10% labeled
data. (b) Performance variation with respect to the trade-off parameter λ under only 10% labeled
data, where most datasets achieve peak accuracy around λ = 0.65.

As illustrated in Figure 3, TA-FixMatch exhibits clear diagonal confusion patterns on both STL-10
and CIFAR-10, indicating accurate predictions with minimal cross-class errors. This aligns with the
gains in Table 1, where TA-FixMatch surpasses FixMatch under low-label settings. The reduced
off-diagonal confusion shows that token-aware masking and token-level augmentation improve
pseudo-label reliability and encourage the model to exploit complementary features, leading to
more stable decision boundaries and better generalization. Figure 4 (a) illustrates the training ac-
curacy curves of TA-FixMatch across multiple fine-grained datasets under the 10% labeled data set-
ting. We observe that the model steadily improves throughout training on all datasets, indicating
stable convergence behavior.

7. Ablation study
As shown in Table 3, both token-aware masking and token-level augmentation contribute signifi-
cantly to the performance of TA-FixMatch. Removing either component results in a consistent drop
in accuracy across all label settings. In particular, the absence of token-aware masking leads to a
2.05% drop on CIFAR-100 and a 2.11% drop on CUB-200 under the 1% labeled data regime. Token-
level augmentation also provides noticeable gains, especially on fine-grained datasets, by enhancing
semantic diversity. These results validate the complementary roles of both modules in improving
generalization under limited supervision.

Figure 4 (b) depicts the impact of varying the trade-off parameter, λ, on accuracy under the 10%
labeled data setting. Most datasets achieve peak performance when λ is 0.6-0.7, demonstrating the
robustness of our chosen default configuration. However, slight deviations are observed, with CUB-
200-2011, NABirds, and Stanford Car benefiting most significantly at exactly λ = 0.65, highlighting
the importance of balancing token-consistency and pseudo-label supervision appropriately.
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Table 3: Accuracy (%) on CIFAR-100 and CUB_200_2011 under 1%, 5%, and 10% labeled data set-
tings when token-aware masking and token-level augmentation are removed.

Method CIFAR-100 CUB_200_2011
1% 5% 10% 1% 5% 10%

w/o Token-Aware Masking 53.14 ± 0.18 70.65 ± 0.21 76.02 ± 0.23 16.82 ± 0.14 34.40 ± 0.19 33.25 ± 0.17
w/o Token-Level Augmentation 54.02 ± 0.20 70.88 ± 0.22 76.34 ± 0.24 17.45 ± 0.16 35.26 ± 0.18 33.88 ± 0.20
TA-FixMatch (full) 55.87 ± 0.47 71.43 ± 0.36 76.91 ± 0.26 19.01 ± 0.17 37.52 ± 0.19 35.02 ± 0.22

(a) (b)

Figure 5: (a) Impact of removing each token-level augmentation stage. (b) Performance with re-
spect to confidence threshold τ , showing peak performance when τ = 0.95.

Table 4: Accuracy (%) on CIFAR-100, CUB_200_2011, and NABirds using 1%, 5%, and 10% labeled
data for different masking ratio values, ρ.

ρ
CIFAR-100 CUB_200_2011 NABirds

1% 5% 10% 1% 5% 10% 1% 5% 10%
0.00 52.63 ± 0.19 65.26 ± 0.22 72.09 ± 0.24 16.52 ± 0.18 25.41 ± 0.21 32.23 ± 0.25 15.10 ± 0.20 24.32 ± 0.23 30.88 ± 0.26
0.05 52.43 ± 0.18 64.49 ± 0.21 77.24 ± 0.25 15.16 ± 0.20 24.79 ± 0.19 31.36 ± 0.24 16.40 ± 0.21 24.95 ± 0.22 30.95 ± 0.27
0.10 55.87 ± 0.47 71.43 ± 0.36 76.91 ± 0.26 19.01 ± 0.17 37.52 ± 0.19 35.02 ± 0.22 17.08 ± 0.16 36.90 ± 0.20 38.45 ± 0.21
0.15 52.81 ± 0.20 65.24 ± 0.23 71.58 ± 0.25 16.25 ± 0.18 25.10 ± 0.20 32.77 ± 0.24 16.60 ± 0.22 25.25 ± 0.24 31.21 ± 0.28
0.20 43.48 ± 0.22 64.13 ± 0.26 60.29 ± 0.28 12.96 ± 0.20 24.02 ± 0.22 31.50 ± 0.26 14.75 ± 0.23 20.88 ± 0.25 26.15 ± 0.30

Figure 5 (a) shows that removing semantic injection causes the largest degradation, confirming its
central role in driving feature diversity, while perturbation and shuffle yield smaller but consistent
gains, indicating the three stages are complementary. Figure 5 (b) further shows that performance
peaks at τ = 0.95; both lower and higher thresholds harm pseudo-label reliability or coverage, sup-
porting τ = 0.95 as a stable default. Table 4 indicates that ρ = 0.10 provides the best overall results
across datasets and label regimes, balancing confidence suppression and information retention. Al-
though ρ = 0.05 occasionally performs well (e.g., 77.24% on CIFAR-100 with 10% labels), ρ = 0.20
consistently causes severe drops, confirming over-masking risk and validating ρ = 0.10 as a reliable
default.

8. Conclusions

In this work, we proposed TA-FixMatch, a token-level augmentation framework that addresses the
over-reliance on dominant features in SSL. By identifying and softly masking high-importance to-
kens, and introducing structured perturbations to less confident ones, TA-FixMatch is encouraged
to discover complementary features often overlooked by standard approaches. Extensive experi-
ments on standard and fine-grained benchmarks demonstrate that TA-FixMatch consistently im-
proves generalization under limited supervision. Our findings suggest that controlling representa-
tion dynamics, rather than relying solely on pixel-space perturbations, can lead to more robust and
semantically diverse SSL models.
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A. Proof of Theorem 1
Proof. Fix p ∈ {1, . . . , P}. Regard the loss as a function of the p-th token only and write

L(xp) = LCE(Xu, ŷu), Ip =

∥∥∥∥∂L(xp)

∂xp

∥∥∥∥
2

. (16)

After masking, the p-th token becomes x̃p = βpxp and the corresponding loss is

L̃(x̃p) = LCE(X̃u, ŷu), (17)

where X̃u is obtained from Xu by replacing xp with x̃p and keeping all other tokens fixed.

Let g(xp) =
∂L(xp)
∂xp

and H(xp) =
∂2L(xp)

∂x2
p

. By assumption, ∥H(xp)∥ ≤ supX

∥∥∥∂2LCE(Xu,ŷu)
∂x2

p

∥∥∥ for all
relevant X . Define

M = sup
X

∥∥∥∥∂2LCE(Xu, ŷu)

∂x2
p

∥∥∥∥ · ∥xp∥2. (18)

Consider the gradient at the masked token x̃p. By the mean value theorem in Rd,

g(x̃p)− g(xp) =

∫ 1

0

H
(
xp + t(x̃p − xp)

)(
x̃p − xp

)
dt. (19)

Since x̃p = βpxp, we have x̃p − xp = (βp − 1)xp, and hence

∥g(x̃p)− g(xp)∥2 ≤
∫ 1

0

∥∥H(xp + t(βp − 1)xp

)∥∥ · |βp − 1| · ∥xp∥2 dt

≤ (1− βp)M,

(20)

because 0 < βp ≤ 1 implies |βp − 1| = 1− βp and ∥H(·)∥ is uniformly bounded by the definition of
M . Therefore,

∥g(x̃p)∥2 ≤ ∥g(xp)∥2 + ∥g(x̃p)− g(xp)∥2
≤ Ip + (1− βp)M.

(21)

Now, let us relate this to the gradient with respect to the original variable xp after masking. Since
x̃p = βpxp, the chain rule gives

∂LCE(X̃u, ŷu)

∂xp
=

∂L̃(x̃p)

∂x̃p
· ∂x̃p

∂xp

= g(x̃p) · βp.

(22)

Taking norms and using the previous bound,∥∥∥∥∥∂LCE(X̃u, ŷu)

∂xp

∥∥∥∥∥
2

= βp∥g(x̃p)∥2

≤ βpIp + βp(1− βp)M.

(23)

Finally, since 0 < βp ≤ 1 implies βp(1− βp) ≤ 1− βp, we obtain∥∥∥∥∥∂LCE(X̃u, ŷu)

∂xp

∥∥∥∥∥
2

≤ βpIp + (1− βp)M, (24)

which is exactly the claimed inequality.

B. Proof of Theorem 2
Proof. Define Lorig(Xu) = CE(F (Xu), ŷu) and Lcons(Xu) = CE(F (X̃u), ŷu), where X̃u = T (Xu). By
the chain rule,

∇Xu
Lcons(Xu) =

∂Lcons

∂X̃u

· ∂X̃u

∂Xu
. (25)

12



Write∆(Xu) = X̃u−Xu, and assume ∥∆(Xu)∥F ≤ δ. If T is differentiable, then ∂X̃u

∂Xu
= I+JT (Xu),

where JT is the Jacobian of T . Using the composite structure Lcons(Xu) = CE(F (T (Xu)), ŷu), the
multivariate chain rule yields

∇Xu
Lcons(Xu) = JT (Xu)

⊤∇X̃u
CE(F (X̃u), ŷu). (26)

Let g(X) = ∇XCE(F (Xu), ŷu). The second-order Taylor expansion of g(X̃u) around Xu gives

g(X̃u) = g(Xu) +∇g(ξ) ·∆(Xu), (27)

where ξ lies on the segment betweenXu and X̃u, and the Hessian bound implies ∥∇g(ξ)∥F ≤ Hmax.
Hence

∇Xu
Lcons(Xu) = JT (Xu)

⊤ [g(Xu) +∇g(ξ) ·∆(Xu)] . (28)
Since ∇XuLorig(Xu) = g(Xu), the difference becomes

∇Xu
Lcons(Xu)−∇Xu

Lorig(Xu) =
(
JT (Xu)

⊤ − I
)
g(Xu) + JT (Xu)

⊤∇g(ξ) ·∆(Xu). (29)

Taking Frobenius norms and applying the triangle inequality,∥∥∇Xu
Lcons −∇Xu

Lorig
∥∥
F
≤
∥∥JT (Xu)

⊤ − I
∥∥
F
· ∥g(Xu)∥F +

∥∥JT (Xu)
⊤∥∥

F
· ∥∇g(ξ)∥F · ∥∆(Xu)∥F .

(30)
Assume T is a mild augmentation so that ∥JT (Xu)

⊤ − I∥F ≤ ϵ and ∥JT (Xu)
⊤∥F ≤ 1 + ϵ. Using

∥∆(Xu)∥F ≤ δ, ∥∇g(ξ)∥F ≤ Hmax, and ∥g(Xu)∥F = ∥∇XuLorig∥F , we obtain∥∥∇XuLcons −∇XuLorig
∥∥
F
≤ ϵ

∥∥∇XuLorig
∥∥
F
+ (1 + ϵ)Hmaxδ. (31)

Let ϵ ≤ δL, where L is the Lipschitz constant of ∇F . Substituting and dropping higher-order δ2
terms yields ∥∥∇Xu

Lcons −∇Xu
Lorig

∥∥
F
≤ δ

(
L
∥∥∇Xu

Lorig
∥∥
F
+Hmax

)
. (32)

By the triangle inequality,

∥∇Xu
Lcons∥F ≤

∥∥∇Xu
Lorig

∥∥
F
+ δ

(
L
∥∥∇Xu

Lorig
∥∥
F
+Hmax

)
. (33)

Using the model Lipschitz property ∥∇Xu
Lorig∥F ≤ L∥Xu∥F and absorbing constant factors into L

and Hmax, we obtain the final bound

∥∇Xu
Ltoken-cons∥F ≤

∥∥∇Xu
Lpseudo

∥∥
F
+ δ (L+Hmax · ∥Xu∥F ) . (34)

This completes the proof.
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