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ABSTRACT

Fine-tuning for long-tailed learning has garnered significant interest owing to the
strong priors in foundation models. A prevailing approach is to explore vari-
ous long-tailed strategies under the standard fine-tuning paradigm, in which the
model is initialized from the pre-trained backbone, while the pre-trained classifier
is discarded and replaced with a newly re-trained one. However, we observe that,
under tail data scarcity, this newly re-trained classifier suffers from weakened dis-
criminative ability and semantic awareness, exhibiting severe imbalance in class-
discriminative channels and mislearning general features for tail classes; in con-
trast, the pre-trained classifier behaves much closer to the oracle, highlighting its
strong potential as an effective guide. Motivated by this, we propose a new fine-
tuning paradigm, PTC1f (Pre-Trained Classifier helps), which exploits the pre-
trained classifier to assist the re-trained one in learning tail classes. Specifically,
we first align downstream and upstream classes through label mapping, and then
guide the re-trained classifier to learn from the mapped pre-trained classifier via
initialization and regularization, thus facilitating knowledge transfer from related
upstream classes to the data-scarce tail classes. Experiments show that PTC1£
delivers remarkable benefits for long-tailed data, especially for tail classes, while
also exhibiting strong versatility in few-shot learning and domain generalization.
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Figure 1: The pre-trained classifier can significantly benefit downstream tasks. A: The de-
fault fine-tuning paradigm transfers upstream knowledge merely from the pre-trained backbone,
while discarding the pre-trained classifier and re-training a new one from scratch. B: Our pro-
posed paradigm, PTC1 £, further leverages knowledge within the pre-trained classifier to assist the
re-trained classifier. C: With the help of the pre-trained classifier, PTC1 £ delivers notable improve-
ments on long-tailed data, as well as in few-shot learning (FSL) and domain generalization (DG).

1 INTRODUCTION

Real-world classification tasks often exhibit a long-tailed distribution over classes, where a few head
classes contain abundant samples while most tail classes contain only a limited number (Van Horn
et al., 2018; Zhang et al., 2023). Owing to this scarcity of samples, naive learning struggles to
generalize on tail classes and tends to be heavily biased toward head classes (Menon et al., 2021).
Motivated by this, long-tailed learning (LTL) has been widely studied to mitigate such challenges
and achieve more balanced performance (Cao et al., 2019; Wang et al., 2021; Hou et al., 2025).

Recently, foundation models, i.e., large-scale pre-trained neural networks, have proven highly ef-
fective at transferring upstream knowledge to alleviate the data scarcity issue in tail classes (Tian
et al., 2022; Dong et al., 2023; Zhu et al., 2023a; Zhao et al., 2024b; Shi et al., 2024b). The most
straightforward approach to such knowledge transfer is to directly fine-tune on these foundation
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models (Yosinski et al., 2014; Yu et al., 2024). Therefore, a series of methods has explored various
long-tailed training strategies under the standard fine-tuning paradigm, such as two-stage learn-
ing (Ma et al., 2021; Dong et al., 2023) and ensemble learning (Ru et al., 2024), aiming to leverage
upstream knowledge without incurring bias. Despite showcasing strong performance, these exist-
ing approaches rely heavily on the standard fine-tuning paradigm, transferring knowledge from the
pre-trained backbone while overlooking the pre-trained classifier, as illustrated in Fig. 1.

Discarding the pre-trained classifier and re-training a new one from scratch is the default practice in
fine-tuning; however, this paradigm implicitly assumes that the downstream task contains abundant
and balanced data to train a reliable classifier. LTL obviously does not satisfy this assumption. Nu-
merous prior studies have emphasized that the classifier itself is often the main culprit in LTL due
to the scarcity of tail-class data (Kang et al., 2020; Zhang et al., 2021; Yang et al., 2022; Alsham-
mari et al., 2022). In this light, the neglected pre-trained classifier, embedded with rich upstream
knowledge, may instead be an antidote. Therefore, two interesting questions arise:

[ What happened to the re-trained classifier in long-tailed learning with foundation models? J

[ Can we leverage the pre-trained classifier to help the re-trained classifier? J

Our work is motivated by the above questions to revisit the classifiers in the context of LTL with
foundation models. We begin by investigating the channel behavior within the re-trained and pre-
trained classifiers (refer to § 3). We observe that, class-discriminative channels (i.e., the classifier
factors crucial for distinguishing particular classes) are highly sparse in tail classes but consistently
dense in head classes, explicitly revealing that the re-trained classifier’s discriminative ability is
less effective for tail classes (cf. Fig. 3). Moreover, we further observe that, the class-discriminative
channels of tail classes rely excessively on general feature channels (i.e., the features broadly acti-
vated for all classes), indicating that the re-trained classifier’s semantic awareness is weakened
and results in mislearning general factors for tail classes instead of class-specific ones (cf.
Fig. 4). Notably, we find that data scarcity of tail data is the root cause of both issues, whereas
the pre-trained classifier, trained on large-scale data, exhibits behavior closely aligned with
the oracle and demonstrates strong potential to mitigate them.

Inspired by this, we propose a new fine-tuning paradigm, termed PTC1f (Pre-Trained Classifier
helps), which exploits the strengths of the pre-trained classifier to help the re-trained classifier in
learning tail classes. Specifically, the proposed PTC1f method first aligns each downstream class
with its most similar upstream counterpart via label mapping. Using this mapping, PTC1£ initial-
izes the re-trained classifier with the mapped pre-trained one, and further regularizes it to continue
learning from the pre-trained classifier during fine-tuning. As such, PTC1f enables the pre-trained
classifier to effectively transfer knowledge from related upstream classes to the re-trained classifier,
thereby benefiting the data-scarce classes.

We summarize our main observations and contributions as follows: (1) We observe that the re-
trained classifier exhibits severe imbalance in class-discriminative channels and further mislearns
general features as discriminative for tail classes, demonstrating weakened discriminative ability
and semantic awareness. (2) In contrast, we observe that the pre-trained classifier behaves much
closer to the oracle, underscoring its strong potential as an effective guide. (3) Motivated by this, we
propose a new fine-tuning paradigm, termed PTC1f, which leverages upstream knowledge within
the pre-trained classifier to assist the re-trained one in learning tail classes. (4) Extensive experiments
demonstrate that PTC1 £ consistently enhances performance across various downstream tasks (cf:
Fig. 1), particularly on the long-tailed benchmark, attaining an average gain of 5.0 pp in overall
accuracy and up to 10.8 pp on tail classes over the baseline.

2 RELATED WORK

Classifier Dilemma in LTL. Numerous studies have highlighted that the classifier is often the main
culprit in LTL (Kang et al., 2020; Zhang et al., 2019; Menon et al., 2021; Sun et al., 2025). A
representative study by Kang et al. (2020) first revealed that the backbone learned by naive training
is already high-quality, but the classifier itself is heavily biased and constitutes the main cause of
performance degradation. Specifically, they observed that the classifier’s weight norms of head
classes are significantly larger than those of tail classes, resulting in skewed logits with erroneously
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higher confidence scores for head classes. To address this, a line of research has developed various
approaches to balance classifiers’ norms, e.g., directly normalizing the norms (Kang et al., 2020)
or penalizing excessively large ones (Alshammari et al., 2022). However, existing methods remain
confined to a norm-level perspective of the classifier. This paper, in contrast, introduces a channel-
level analysis, offering a deeper investigation into the classifier’s behavior.

LTL with Foundation Models. Foundation models have recently demonstrated their effectiveness
in LTL by facilitating knowledge transfer and improving long-tailed performance (Dong et al., 2023;
Shi et al., 2024a). Dong et al. (2023), specifically, show that upstream knowledge can be effectively
aligned to downstream tasks via fine-tuning, allowing tail classes to benefit and achieve stronger
results. Therefore, a line of research has explored various long-tailed strategies within the standard
fine-tuning paradigm, e.g., decoupling naive and balanced training stages (Ma et al., 2021; Dong
et al., 2023) or introducing specialized experts for head and tail classes (Ru et al., 2024). However,
existing methods solely transfer knowledge to the backbone while overlooking the classifier, which
is the main devil in LTL. This paper, in contrast, leverages the knowledge encoded in the pre-trained
classifier to guide the re-trained classifier, thereby achieving superior long-tailed performance.

Parameter-Efficient Fine-Tuning. This paper mainly focuses on parameter-efficient fine-tuning
(PEFT), since Shi et al. (2024a) show that full fine-tuning can significantly hurt tail classes,
whereas lightweight fine-tuning better preserves upstream knowledge and benefits them. PEFT ap-
proaches (Xin et al., 2024) can be categorized as: reparameter tuning (Hu et al., 2022; Jie & Deng,
2023), which integrates newly learnable parameters to the pre-trained weights; prompt tuning (Jia
et al., 2022; Tang et al., 2025), which injects learnable tokens into vision Transformer (ViT) blocks;
adapter tuning (Steitz & Roth, 2024; Chen et al., 2022), which inserts separate learnable modules
within ViT blocks. The proposed PTC1 £ is compatible with various fine-tuning approaches.

3 A CLOSER LOOK AT CLASSIFIERS IN LONG-TAILED LEARNING

In this section, we first introduce two channel-wise metrics, and then systematically analyze the
channel behavior of the re-trained and pre-trained classifiers in LTL.

Notations. We define the notations used in this paper. Let 7 = {(x;, )}, be the downstream
training set, where sample x; is labeled as y! € ["]. For class k", Tj,- C T is the set of its training
samples and |7, | is its cardinality. Without loss of generality, we assume |T1| > |To > ... >
| Tr-|. The imbalance ratio is defined as IR=|77|/|Tx:|. Let fo(:) be the fine-tuned ViT backbone
parameterized by 6. We denote z; = fo(x;) € R” as the feature and Z = [z1,2o,...,2N] €
RNXD a5 the feature matrix. The final class prediction is given by a linear re-trained classifier
J; = argmax(W=z; +b"), where W= = [wi,wj,...,wi.] € R ¥ and b* € R" denote the
weight matrix and bias vector. For the pre- tramed classifier, we denote the corresponding weights
and biases as e R *D and € R"™ , where is the number of upstream classes. We use
the superscripts r and p to distinguish notations associated with re-trained and pre-trained models.

3.1 METRIC DESIGN

We examine the classifiers from two perspectives: discriminative ability (i.e., how effectively the
classifiers discriminate between classes) and semantic awareness (i.e., which feature semantics the
classifiers rely on). To assess these aspects, we introduce two channel-wise metrics':

Class-Discriminative Importance (CDI). CDI aims to identify classifier channels that are impor-
tant for distinguishing a given class. We define the CDI score of channel d for class £" as:

CDI/w d= ’(l,‘f d’ . (1)

Specifically, CDI follows an intuition: in the linear classifier (w;.z; +0;.), weights w} . With
larger magnitudes often indicate greater discriminative importance for class £ (Chan & Veas 2024;
Ye et al., 2018). Therefore, a high CDI,,- 4 score indicates that channel d is a strong discriminative
factor for class & within the classifier.

General Importance (GI). GI aims to identify feature channels that are salient for all classes. We
define the GI of channel d as:

1 1
Iyj=— — ||Z . 2
Glu= =2 0 7 127l 2)

'In ViT, each dimension d € [D] corresponds to a channel.
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Figure 3: Behavior of classifiers’ class-discriminative channels. The CDI scores associated with
the re-trained and pre-trained classifiers are shown in blue and respectively, with darker shades
indicating higher CDI. In the biased re-trained classifier, the class-discriminative (high-CDI) chan-
nels for tail classes are markedly sparse.
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Figure 4: Behavior of feature channels corresponding to class-discriminative channels. The GI
scores associated with the re-trained and pre-trained classifiers are shown in blue and respec-
tively, with top-30 GI channels specifically highlighted in green. In contrast to the oracle re-trained
classifier, the biased classifier’s class-discriminative (high-CDI) channels for tail classes rely exclu-
sively on general (high-GI) channels.

Specifically, GI is built on the observations by Zhao et al. (2024a): feature channels Z7,. 4€ RI75- |
with high norms tend to be broadly informative across different categories. Therefore, a high Gl
score indicates that channel d is generally important across different classes in the feature space.

Roles of CDI and GI. As illustrated in Fig. 2, CDI effectively c

]

| Gl Other

identifies channels that are crucial for distinguishing the given . M-
classes. Therefore, we use the quantity of class-discriminative Train * g ‘;:] u
channels (i.e., high-CDI channels) as a direct measure of the =2
classifier’s discriminative ability for particular classes. More- ©™"%® E A

<

over, Fig. 2 demonstrates that GI identifies channels not only "— 3

specific to the given classes but also relevant to other classes  Bee
within the task, highlighting general channels shared across
classes (see Appendix A for details). Therefore, we apply GI
to investigate the feature semantics of the class-discriminative
channels, specifically, whether they correspond to broadly gen-
eral feature channels (i.e., high-GI channels) or less-general
ones, thereby assessing the classifier’s semantic awareness. A

thorough validation of CDI and GI is presented in Appendix A.

L5
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Figure 2: GradCAM visualiza-
tion. High-CDI channels focus
on regions specific to particular
classes, while high-GI channels

tend to capture regions associated
with all classes within the task.

3.2  MAIN OBSERVATION

We investigate the channel behavior of re-trained and pre-trained classifiers using the above metrics.
In particular, we examine the re-trained classifier by comparing the oracle version (trained on the
balanced full dataset) and the biased version (trained on an imbalanced subset). Here, we present
results on CIFAR100 with CE loss; more results are in Appendix B. Our main observations are:

Class-Discriminative Channel Imbalance. In Fig. 3, we visualize the CDI scores of head- and
tail-class anchors” in the oracle and biased classifiers. For the biased re-trained classifier, it can be
clearly observed that the high-CDI (i.e., class-discriminative) channels are significantly sparse in tail
classes, with this sparsity increasing as the imbalance ratio grows. By contrast, the high-CDI chan-
nels for head classes remain consistently dense under both balanced and long-tailed settings. This
disparity explicitly indicates that the discriminative ability in the re-trained classifier is significantly
imbalanced, showcasing less effectiveness for tail classes.

Observation 1: The re-trained classifier exhibits severe imbalance in the class-discriminative
channels, where those corresponding to tail classes are highly sparse. This leads to the classi-
fier’s discriminative ability being far less effective for tail classes than for head classes.

?For class k", w}- € RP is the corresponding class anchor.
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Class-Discriminative Channel Mislearning. In Fig. 4, we further visualize the GI scores of the
class-discriminative channels for tail-class anchors in the oracle and biased classifiers. We observe
that, in the biased re-trained classifier, class-discriminative channels tend to rely heavily on high-GI
(general) feature channels as the imbalance ratio increases. This stands in sharp contrast to the oracle
classifier, which predominantly leverages the less-general channels as class-specific channels. This
explicitly illustrates that the re-trained classifier exhibits weak semantic awareness for tail classes,
leading it to mislearn the general channels as the primary class-discriminative factors.

Observation 2: The re-trained classifier tends to mislearn general features as discriminative
channels for tail classes, revealing diminished capacity to capture class-specific features and
demonstrating weakened semantic awareness.

Potential Solution from Pre-Training. The two observations indicate that the naively re-trained
classifier exhibits imbalanced discriminative ability and suffers from weakened semantic awareness
for tail classes. We examine the underlying reasons for these issues in Appendix B. Our analysis
reveals that both issues stem from the same root cause: the scarcity of tail-class samples. With lim-
ited data, the re-trained classifier fails to acquire sufficient knowledge for adequate discriminative
ability and semantic awareness. In contrast, the pre-trained classifier, enriched with abundant up-
stream knowledge, may instead exhibit more favorable behavior. Interestingly, as shown in Figs. 3
and 4, the pre-trained classifier indeed behaves more closely with the oracle classifier, demonstrating
strong potential in alleviating both issues. This naturally leads to a central question: How can we
exploit the pre-trained classifier to help the re-trained classifier?

4 METHODOLOGY

The above analysis demonstrates that the re-trained classifier exhibits undesirable behavior in LTL,
while the pre-trained classifier behaves more consistently with the oracle. Here, we introduce a
novel paradigm, termed PTC1 £, leveraging the pre-trained classifier to assist the re-trained classifier.
Fig. 5 and Algo. | provide an overview and pseudo-code for PTC1f.

Label Mapping. Since the number of upstream classes typically mismatches that of downstream
classes /" (with > K"), it is crucial for a label mapping to align upstream to downstream. We
introduce a straightforward one-to-one mapping strategy, which pairs each downstream class with
an upstream class based on the prediction frequencies of the pre-trained classifier. Specifically, a
downstream class k* € [/{'*] is mapped to an upstream class /. € [/7] following:

1
*(k*) = argmax —— Z {y =i"}, 3)
el ‘77 | X €Ty
where 7 =arg max(W"z;+b") denotes the class prediction given by the pre-trained classifier. To

prevent forgetting or bias, the pre-trained classifier is kept frozen during fine-tuning.

Pre-Trained Initialization. As demonstrated in Observation 1, the class-discriminative channels
for tail classes in the re-trained classifier are highly sparse, whereas those for the corresponding
classes in the mapped pre-trained classifier exhibit a denser distribution. A natural solution is to
leverage the mapped pre-trained classifier for initialization, enabling the re-trained classifier to in-
herit its well-developed discriminative channels. Concretely, we initialize each class anchor w ;. of
the re-trained classifier with the mapped pre-trained class anchor ()"
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Pre-Trained Regularization. While pre-trained initialization provides the re-trained classifier with
strong discriminative ability, it still suffers from weakened semantic awareness noted in Observa-
tion 2 (see Appendix E.1). The issue stems from the suboptimal initial label mapping (cf. Fig. 11),
which causes the initialized pre-trained anchors to correlate weakly with the downstream classes,
leaving a gap in semantics. Nonetheless, as fine-tuning proceeds, the label mapping converges
toward an optimal alignment. To enable the re-trained classifier to continually learn from the better-
mapped pre-trained classifier and inherit stronger semantic awareness ability, we propose a pre-
trained regularization strategy. Concretely, we regularize the distribution of each re-trained class
anchor w; . to align more closely with that of its corresponding pre-trained anchor o) AS:

k) S Wh
Lreg=-A Y. L AL @)

e il I

2

where ay.- €10, 1] denotes the per-class regularization weights and A controls the overall regulariza-
tion strength. The weights o= are flexible and can incorporate various re-weighting schemes. Here,

we simply use a cardinality-driven function inspired by Zhong et al. (2021), i.e., ay- = f(|Ti:|) =
1— T l—min|Tp-|

T [T i 7T with weights normalized from O for head classes to 1 for tail classes.
% min |7, |

5 EXPERIMENTS

We evaluate the PTC1f paradigm from the following perspective. First, we conduct extensive ab-
lation studies to validate the effectiveness of the paradigm itself. Second, we perform comprehen-
sive benchmark evaluations on multiple long-tailed datasets to demonstrate the superiority of the
paradigm across various methods. Third, we provide an in-depth analysis to examine the extensibil-
ity of the pre-trained classifier across diverse settings.

5.1 EXPERIMENTAL SETUPS

We evaluate PTC1f on a series of datasets grouped into three categories: (1) Long-tailed learning
encompasses 8 benchmark tasks, including 3 common long-tailed datasets: CIFAR100-LT, Places-
LT, and iNaturalist 2018, as well as 5 newly introduced fine-grained visual classification (FGVC)
tasks: FGVC Aircraft, CUB-200-2011, Oxford Flowers, Stanford Cars, and Stanford Dogs, each
adapted to the long-tailed setting. (2) Few-shot learning includes the same 5 fine-grained datasets,
each adapted to the few-shot setting. (3) Domain generalization includes 2 generalization tasks:
CIFARI0-LT — CIFAR10.1 and STL10, as well as ImageNet-LT — ImageNet-V2, -Sketch, -A,
and -R. For long-tailed datasets, in addition to evaluating overall accuracy, we follow the protocol
in (Liu et al., 2019) and further report accuracy on three class splits: Head classes (>100 images),
Median classes (20~100 images), and Tail classes (<20 images).

5.2 ABLATION STUDIES

PTC1f components (PTInit and PTReg) demonstrate strong effectiveness. We conduct an abla-
tive analysis of the initialization and regularization components in PTC1£. Specifically, we design
several contenders for the two components:

Feat. Init. (Init.) initializes the re-trained classifier with feature prototypes (Shi et al., 2024a). Similar to PTInit,
this contender also exploits upstream knowledge for classifier initialization. However, it relies on the knowledge
embedded in the pre-trained backbone instead of directly using the pre-trained classifier.

LP-FT (Init.) first trains a classifier via linear probing, and then uses it to initialize the re-trained classifier (Kumar
et al., 2022). This contender is a representative approach in fine-tuning, aiming to mitigate feature distortion and
preserve the upstream knowledge embedded in the pre-trained backbone.

ETF (Reg.) regularizes the re-trained classifier toward a simplex equiangular tight frame (Li et al., 2022). Similar to
PTReg, this contender also constrains the re-trained class anchors toward better-structured anchors. However, it
relies on randomly initialized simplex-frame anchors instead of leveraging informative pre-trained anchors.

WB (Reg.) regularizes excessively large norms in the re-trained classifier during fine-tuning (Alshammari et al.,
2022). This contender is a representative approach in long-tailed learning, aiming to balance the classifier’s norms.

As shown in Tab. 1, both PTInit and PTReg bring clear performance gains over the baseline, par-
ticularly on tail classes, and their combination leads to further improvements. More importantly,
they substantially outperform their contenders, even those designed with similar goals (i.e., ¢/ for
Init. and Reg.), highlighting the importance of leveraging the additional information within the pre-
trained classifier. Fig. 6 further illustrates the channel behavior after integrating the components (see
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Table 1: Ablation study on PTC1f components. Results are presented in % using ViT-B/16 pre-
trained on IN-21k. The baseline here is the LA loss (Menon et al., 2021) within Adapter+ (Steitz &
Roth, 2024). TEGVCAircraft has no ‘Head’ classes, as its largest class contains only 67 samples.

Method Init. Reg. CIFAR100-IR200 Places-LT FGVCAircraft-LT
All Head Tail All Head Tail All Med’ Tail
Baseline X X 85.2 92.4 77.4 459 48.1 41.6 30.7 57.6 18.9
+ PTInit v X 87.2 120 92.7 103 81.9 145 46.7t08 48.0 101 44.1+25 323 +16 584108 20.8 419
cl. Feat. Init. (Shi et al., 2024a) v X 84.2 110 92.8 104 73.9 135  46.2 103 483102 40.8 108 31.3+106 56.2 114 20.2 113
c2. LP-FT (Kumar et al., 2022) v X 83.1 121 92.8 104 72.6 148 45.1 108 48.2+101 39.3 123 289,18 54.5,39 17.6 113
+ PTReg x v 87.5 123 92.7 103 832158 47.7+18 485104 45.6 140 319112 58.6 110 20.1 112
cl. ETF (Li et al., 2022) x v 85.5103 92.7 103 782108 46.0401 48.1-00 41.9+03 31.0103 57.8 102 19.2 103
c2. WB (Alshammari et al., 2022) X v 86.5 113 89.7 127 81.4 140 45.1 108 36.2,11.9 49.5179  30.6 0.1 44.9 1127 24.2 153
+ PTInit + PTReg (Our PTC1f£) v v 88.1 129 92.8 104 84.1 167 47.9 120 48.6 105 45.8 42  32.7 120 58.8 t1.2 21.1 122

¢l/c2: Contender for initialization and regularization components.
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Figure 6: Ablation analysis of channel behavior. PTInit and PTReg effectively guide the re-
trained classifier toward oracle behavior in Figs. 3 and 4. Further analyses are in Appendix E.

Appendix E.1 for details). The re-trained classifier with PTInit effectively inherits the pre-trained
class-discriminative channels, leading to a more balanced discriminative ability between head and
tail classes. In addition, PTReg guides the re-trained classifier toward closer alignment with the
oracle structure depicted in Fig. 3, thereby enhancing semantic awareness for tail classes.

The only hyper-parameter A in PTC1f is significantly robust.
PTCI1f introduces only one hyper-parameter, A, which controls
the regularization strength in Eq. (4). We investigate the impact
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of this parameter in Fig. 7. As shown, PTC1 f exhibits consistent 201 18

gains (>1.5 pp) across a broad range of A values and datasets, 15

demonstrating remarkable robustness. The best performance on P

all three datasets is attained at A € [2.0,3.0]. For simplicity, we Figure 7: Performance gains of
fix A=2.0 in most of our experiments. PTC1f£ across various )\ values.

5.3 BENCHMARK RESULTS

PTC1f£ consistently improves performance across various LTL strategies. We conduct com-
prehensive evaluations on the long-tailed benchmark across seven representative LTL strategies,
w/ or w/o PTC1f£, including: data augmentation DODA (Wang et al., 2024), two-stage learning
cRT (Kang et al., 2020) and LOS (Sun et al., 2025), balanced loss LA (Menon et al., 2021), super-
vised contrastive learning PaCo (Cui et al., 2021), ensemble learning ResLT (Cui et al., 2022), and
the state-of-the-art foundation model-based approach LPT (Dong et al., 2023).

As shown in Tab. 2, applying prior LTL methods within the fine-tuning paradigm effectively achieves
amore balanced performance compared to naive CE training. Nevertheless, by simply leveraging the
additional information within the pre-trained classifier, our proposed PTC1f further enhances the
performance of all strategies, with particularly remarkable improvements on tail classes. Moreover,
in a fair comparison, where both methods adopt the same LTL tricks, PTC1f outperforms the state-
of-the-art foundation model-based approach LPT.

PTC1f£ consistently improves performance across various PEFT approaches. Our proposed
PTC1f paradigm is broadly applicable to different fine-tuning methods. Therefore, we also conduct
evaluations on the long-tailed benchmark across three representative PEFT in Appendix E.2.

5.4 IN-DEPTH ANALYSIS

RQ1: Although the channel behavior appears closer to the oracle, is it genuinely so? We evaluate
the cosine similarity between the re-trained classifier trained on CIFAR100-IR200 and the oracle
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Table 2: Benchmark Results across various LTL strategies. Results are presented in % using ViT-
B/16 pre-trained on IN-21k. The baseline here is Adapter+ (Steitz & Roth, 2024) with different LTL
strategies. "Most FGVC datasets have no ‘Head’ classes, thereby reporting accuracy for ‘Median’
classes. ¥For a fair comparison, we apply the same LTL tricks used in LPT, i.e., cosine classifier,
mixup, deferred re-weighting, and balanced loss, and also reproduce the results on Places-LT.

Method C100-IR200  CI100-IR100 C100-IR50 Places-LT iNaturalist FGVC-LT
A°H T A HT A HT A HT A HT AMT
CE 77.5 95.1 57.1  82.6 94.6 66.8 86.6 93.8 76.0 38.1 52.1 21.3 72.8 792 69.2 54.8 79.6 43.7
+PTCIf 82.6 952 69.4 85.8 94.8 751 88.1 94.0 80.6 40.6 52.8 269 74.2 793 740 63.5 81.6 54.8
DODA (Wang etal, 2024) | 85.6 93.2 77.8 88.1 92.7 832 89.7 922 88.1 44.8 47.9 39.7 782 73.3 78.6 62.9 774 55.6
+PTCIf 88.6 93.3 844 90.0 92.8 87.3  90.8 92.4 90.7 47.3 48.2 45.0 79.4 74.1 80.5  67.9 79.7 62.0
cRT (Kang et al., 2020) 85.0 91.1 79.4 86.7 90.5 83.5 882 90.8 86.9 40.6 39.9 40.I 764 73.0 792 653 79.4 51.7
+PTCLE 87.4 89.6 85.7 89.4 90.6 88.8 90.2 90.9 90.9 44.7 382 48.3 77.2 73.2 81.1  69.9 80.7 64.3
LOS (Sun et al., 2025) 61.5 955 227 67.8 95.3 264 742 93.8 327 229 467 04 59.4 70.6 434 18.6 45.6 9.7
+PTCLE 733 722 774 739 71.1 80.5 743 734 794 33.1 31.7 33.5 689 66.2 704 33.1 29.8 34.5
LA (Menonetal, 2021) | 852 92.4 774 87.9 92.3 832 89.8 92.1 88.8 459 48.1 41.6 78.6 73.0 794 582 740 505
+PTCIf 88.1 92.8 84.1 89.8 92.4 87.3 90.6 922 90.4 479 48.6 458 79.4 739 80.6  65.1 76.6 59.2
PaCo (Cui et al., 2021) 85.8 825 86.6 875 84.1 90.2 88.8 85.8 93.4 452 415 44.1 78.1 67.7 798 65.1 685 61.6
+PTCLf 86.0 81.1 88.2 §7.7 825 91.8 88.9 855 94.1 457 41.6 45.1 78.5 67.9 80.4  67.3 69.1 64.8
ResLT (Cui et al., 2022) 889 92.1 854 905 915 89.2 914 91.6 93.2 484 389 50.8 802 71.8 820 679 79.0 61.5
+PTCLE 89.6 92.2 87.1  91.0 912 91.0 915 91.1 94.2 49.4 39.2 53.0 80.6 72.1 82.4 70.7 80.0 65.5
87.9
88.7
A: All; H: Head; M: Median; T: Tail; C100: CIFAR100.
. . . . 07 J—
classifier trained on CIFAR100. As shown in Fig. 8, PTC1f, £06{ — Baseline
. . . . 0.5 i
especially the PTReg component, indeed brings the re-trained 2oa S bToas
classifier much closer to the oracle classifier. © 03] — wercr
. . . . . 0 20 40 60 80 100
Insight 1: The pre-trained classifier can effectively guide Epoch

the re-trained classifier toward the oracle one.

RQ2: How does the knowledge capacity of the pre-trained clas-
sifier affect its effectiveness? Intuitively, the knowledge capac-
ity of the pre-trained classifier, i.e., the number of pre-trained
classes /", may impact its effectiveness. To investigate this,
we evaluate models with different capacities (pre-trained on IN-
21k and -1k) and further vary them by progressively pruning
the pre-trained class anchors from 0% to 80% on CIFAR100-
IR200. As shown in Fig. 9, a larger capacity tends to bring
greater performance gains; however, even the smallest-capacity
model (pre-trained on IN-1k) still delivers improvements.

Figure 8: Distance between the
re-trained and oracle classifiers.
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Figure 9: Impact of classifier’s
knowledge capacity.

80

Insight 2: The pre-trained classifier with higher capacity tends to yield larger improvements.
Moreover, even the lowest-capacity classifier (pre-trained on IN-1k) still delivers benefits.

RQ3: Is the pre-trained classifier still useful when the down-
stream task is out-of-distribution (OOD) relative to the up-
stream task? One might be skeptical that the pre-trained classi-
fier benefits the downstream task because it has already been
exposed to the upstream data. To examine this, we further
evaluate on SVHN and DTD, which are OOD w.r.t. the up-
stream IN-21k dataset (see Appendix D.1 for dataset details).
As shown in Tab. 3, the improvements from the pre-trained
classifier are indeed less pronounced when such OOD datasets
are class-balanced and data-rich. Nevertheless, when the OOD
datasets are imbalanced, the pre-trained classifier still delivers
substantial performance gains for the data-scarce tail classes.

Table 3: Performance on OOD
downstream tasks.

Method ‘ S-Bal S-IR20 S-IR100 S-IR500
Baseline 944  93.6 92.4 87.9
+PTCLlf 94.6 939 92.9 88.6
A 102 10.3 10.5 10.7
Method ‘ D-Bal D-IR10 D-IR20 D-IR40
Baseline 76.4 627 58.3 49.2
+PTCLlf 771  63.6 60.4 55.2
A 10.7 109 12.1 16.0

S: SVHN; D: DTD.

Insight 3: The pre-trained classifier is still significantly helpful even when the downstream

task is out-of-distribution from the upstream task.
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Figure 11: Training dynamics of label mapping. Each Figure 12: GradCAM visualization
downstream class (left) is progressively aligned to its cor- of downstream classes (left) and their
responding upstream class (right) as training proceeds. = mapped upstream counterparts (right).

RQ4: Does the pre-trained classifier benefit few-shot scenar- 5 s 136
ios? We conduct evaluations on the few-shot learning bench- ~ 5e0(  +130 22

mark FGVC-FS. As illustrated in Fig. 10, the pre-trained clas- S —— wlo PTCIf
sifier provides clear gains in learning with few-shot data, espe- <20 o wreTar
cially under severe data scarcity, underscoring the importance vy Trainin“g Samples Ter Class
of leveraging additional information in such data-scarce scenar-  Figure 10: Performance on few-
i0s. A detailed analysis is provided in Appendix C. shot learning.

Insight 4: The pre-trained classifier offers substantial benefits under data scarcity, achieving
significant improvements in few-shot learning.

RQS: Does the pre-trained classifier benefit domain gener- Table 4: Performance on do-
alization? We conduct evaluations on domain generalization main generalization.
tasks and compare PTC1 £ (initialized with the pre-trained clas-

. . SR . Method C10-LT C10-DG IN-LT IN-DG
sifier) with a related DG approach, LP-FT (initialized with the —— |

: : Baseline 95.3 91.6 79.6 399
linear-probed classifier), under the balanced LA loss. As shown LP.FT 936 894 787 382

in Tab. 4, the pre-trained classifier effectively preserves up- +prcis 963 940 827 436
stream knowledge and markedly improves robustness over the A t1L.0 124 131 137
baseline. A detailed analysis is provided in Appendix C. C10: CIFAR10; DG: Domain generalization.

Insight 5: The pre-trained classifier is helpful for preserving the upstream knowledge and
improving robustness, achieving significant improvements in domain generalization.

RQG6: How does the pre-trained classifier help the re-trained classifier? We provide additional
visualizations to further elucidate the mechanisms of PTC1£f. Fig. 11 illustrates the evolution of
label mapping during fine-tuning. As fine-tuning proceeds, the mapping progressively converges,
with each downstream class aligning to a semantically relevant upstream class. Fig. 12 further
presents GradCAM visualizations from models fine-tuned with and without PTC1 £, as well as from
the pre-trained model. As shown, while the re-trained classifier tends to make erroneous predictions,
the pre-trained classifier effectively guides it by transferring knowledge from relevant upstream
classes, thereby improving classification performance.

Insight 6: The pre-trained classifier is capable of guiding the re-trained classifier through
knowledge transfer from relevant upstream classes.

6 CONCLUSION

In this paper, we investigate the re-trained and pre-trained classifiers in LTL. We observe that the
naively re-trained classifier struggles on tail classes, exhibiting weakened discriminative ability and
semantic awareness. By contrast, the often-overlooked pre-trained classifier behaves closely aligned
with the oracle. Motivated by this, we propose PTC1 £, a novel fine-tuning paradigm that harnesses
the pre-trained classifier to guide the re-trained one. Extensive experiments validate the effectiveness
of PTC1f in LTL while offering insights into the untapped potential of the pre-trained classifier.
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Appendix

This appendix presents further details and results that could not be included in the main paper due
to space constraints. The content is organized as follows:

* § A provides detailed descriptions and validations of the channel-wise metrics, i.e., CDI and GI.
* § B presents the comprehensive observations on the re-trained and pre-trained classifiers.

* § C presents the comprehensive insights on the pre-trained classifier.

* § D contains more details on the datasets, baselines, and implementation details.

* § E contains the full results corresponding to those reported in the main paper, as well as addi-
tional experiments.

 § F discusses the limitation of PTC1 f and points out the potential direction for our future work.
* § G describes the usage of large language models.

A METRIC VALIDATION

A.1 DETAILED DESCRIPTIONS OF CDI AND GI

Motivation for Channel-Level Analysis. A key challenge in LTL is the severe imbalance in classi-
fiers (Kang et al., 2020; Sun et al., 2025). Most existing studies examine this issue from a norm-level
perspective, i.e., considering the overall norms across classifier channels. Nevertheless, recent re-
search has revealed that individual channels encode distinct information and contribute differently
across classes (Zhu et al., 2023b; Zhao et al., 2024a; Zhang et al., 2024). Motivated by this, we
perform a fine-grained, channel-level analysis to gain deeper insights.

Class-Discriminative Importance (CDI). CDI aims to identify channels that are important for
discriminating a given class. We define the CDI score of channel d for class k" as:

CDI; g = |wi 4] )

Specifically, CDI has an intuitive interpretation: in the linear classifier (w}. z;+ 0y ), coefficients
wy. , with larger magnitudes often indicate greater discriminative importance for class 4*. This
observation has been widely validated in both statistics (Yuan & Lin, 2006; Li et al., 2021) and
pruning (Ye et al., 2018; Chan & Veas, 2024) communities. Therefore, a high CDI.. 4 score indi-
cates that channel d serves as a strong discriminative factor for class & .

In addition, we also define the CDI score for a class set " C[K "] as:
CDI/\'j ,d = MaXp:cxC CDI/‘. ,d- (11)

Specifically, the max operation ensures that a channel is considered class-discriminative if it con-
tributes strongly to any class within the set. We use this CDI score to visualize feature-channel
behavior, for instance, in Figs. 4 and 6b.

General Importance (GI). GI aims to identify channels that are important for all classes. We define
the GI score of channel d as:

1 1
Gl = — — |7 )
4= 77 Doy T 1l (i)

Specifically, GI builds upon the observations noted in (Zhao et al., 2024a): feature channels Z7,, 4€

RI7+ | with high norms tend to be broadly informative across different classes. Similar findings have
also been reported in the pruning literature (Li et al., 2017). Therefore, a high Gl score indicates
that channel d is broadly important across different classes.

A.2 VALIDATION OF CDI AND GI

We validate the effectiveness of CDI and GI from the following two perspectives:

Accuracy-based Validation. We gradually erase high-CDI or high-GI channels from the model
fine-tuned on CIFAR100 and track the resulting changes in accuracy. Specifically, we randomly
select 20 classes from CIFAR100 to compute CDI (on the 20 classes), GI (on all 100 classes), and
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Figure ii: GradCAM visualization of CDI and GI.

class-GI (on the 20 classes). Regarding CDI, as shown in the left side of Fig. i, erasing high-CDI
channels derived from the 20 selected classes leads to accuracy drops only within those classes,
while the other 80 classes remain unaffected. This confirms that CDI effectively identifies channels
specific to the given classes. Regarding GI, as shown in the middle of Fig. i, erasing high-GI chan-
nels derived from all 100 classes causes accuracy drops in all classes. This confirms that GI indeed
captures channels shared across all classes. Additionally, the same global drops occur when erasing
high-class-GI channels derived from only the 20 selected classes in the right side of Fig. i, indicating
that the global effect of GI is not due to computing norms over all classes.

Visualization-based Validation. We also visualize class activation maps aggregated from the top-
100 class-discriminative and general channels on CIFAR100 using GradCAM (Selvaraju et al.,
2017). Two interesting observations emerge: (1) As shown in Fig. ii(a-e), activation maps from
high-GI channels tend to highlight all objects relevant to the downstream task. For instance, in
Fig. ii(a), high-GI channels attend not only to the train (the query class) but also to the road (another
class in CIFAR100); similarly, in Fig. ii(c), high-GI channels highlight both the bee (the query class)
and the flower (another CIFAR100 class). Simply put, when two conflicting task-relevant objects
appear in the same image, high-GI channels tend to highlight both. In contrast, high-CDI channels
focus more precisely on the object of the query class. (2) As shown in Fig. ii(f-j), high-CDI channels
focus on class-specific regions, such as distinctive attributes of the query class, while high-GI chan-
nels concentrate on broader regions, such as entire foreground objects. For instance, in Fig. ii(g),
high-GI channels attend to the whole wolf, whereas high-CDI channels identify specific attributes
like the wolf’s face. Overall, these observations confirm that high-CDI and high-GI channels indeed
exhibit class-discriminative and general characteristics, respectively.

Roles of CDI and GI. Regarding CDI, our validation shows that it effectively identifies channels
responsible for distinguishing the given classes. Therefore, we adopt an intuitive approach that
uses the quantity of high-CDI channels (termed class-discriminative channels) as a straightforward
measure of the classifier’s discriminative ability for those given classes. Regarding GI, our validation
shows that it instead captures channels associated with generic factors common across all classes.
Therefore, we apply GI to investigate the semantic properties of the class-discriminative channels,
e.g., by examining whether these discriminative channels correspond to high-GI channels (termed
general channels), thereby assessing the classifier’s semantic awareness.
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Figure iii: Behavior of classifiers’ class-discriminative channels on CIFAR100 using CE loss.
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Figure iv: Behavior of classifiers’ class-discriminative channels on CIFAR100 using LA loss.
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Figure v: Behavior of classifiers’ class-discriminative channels on Places-LT.
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Figure vii: Behavior of feature channels corresponding to class-discriminative channels on CI-
FAR100 using LA loss.

Places-LT (CE) Places-LT (LA) Places-LT (Mapped PTCIf)
o * 3
s 10t ST e i3 H f
o * ¥
2 gl o S5
G ,"" ! it
s+ + TTEN
100
0.02 0.04 0.06 0.08 0.02 0.04 0.06 0.08 0.02 0.04 0.06 0.08
CDI Score CDI Score CDI Score

Figure viii: Behavior of feature channels corresponding to class-discriminative channels on
Places-LT.

B COMPREHENSIVE OBSERVATIONS ON RE-TRAINED CLASSIFIERS

We present a comprehensive analysis of classifiers in LTL with foundation models. In particular, we
examine the re-trained classifier of the biased version (trained on the balanced full dataset) and the
oracle version (trained on an imbalanced data subset), as well as the pre-trained classifier. Our main
observations are as follows:

Class-Discriminative Channel Imbalance. In Figs. iii, iv, and v, we visualize the CDI scores of
head- and tail-class anchors in the classifiers. As shown in Fig. iii, the class-discriminative channels
of tail classes are highly sparse in the biased re-trained classifier, with this sparsity increasing as
the imbalance ratio grows. In contrast, the class-discriminative channels for head classes remain
consistently dense under both balanced and long-tailed settings. Moreover, Fig. iv demonstrates
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Figure x: Behavior of feature channels corresponding to class-discriminative channels on long-
tailed group and balanced control group.

that this pattern remains evident even with the balanced LA loss (Menon et al., 2021), while Fig. v
shows that the same sparsity in tail classes appears on Places-LT. This channel imbalance explicitly
demonstrates that the re-trained classifier captures far fewer discriminative channels for tail classes
than head classes, resulting in a significantly weaker discriminative ability for tail classes. This leads
to our first observation:

Observation 1: The re-trained classifier exhibits an imbalance in the class-discriminative
channels, in which those associated with tail classes are highly sparse. This leads to the classi-
fier’s discriminative ability being far less effective for tail classes than for head classes.

Class-Discriminative Channel Mislearning. In Figs. vi, vii, and viii, we further visualize the GI
scores of high-CDI channels in tail-class anchors. As shown in Fig. vi, we observe that the class-
discriminative channels in the biased re-trained classifier increasingly rely on general channels as
the imbalance ratio grows. This stands in sharp contrast to the oracle classifier, which predominantly
leverages less-general channels as class-specific channels. Moreover, Fig. vii demonstrates that this
pattern persists even with the balanced LA loss (Menon et al., 2021), while Fig. viii shows that the
same misreliance on general features appears on Places-LT. This channel misreliance indicates that
the re-trained classifier tends to mislearn general channels as the primary class-discriminative factors
for tail classes, reflecting weak semantic awareness. This leads to our second observation:

Observation 2: The re-trained classifier suffers from weakened semantic awareness for tail
classes, resulting in class-discriminative channels being mislearned as depending exclusively
on general channels.

Root cause of both observations. To investigate the underlying causes of the two issues above, we
design a controlled experiment that separates the effects of data quantity and class imbalance. We
first split the 100 classes of CIFAR100 into five groups of 20 classes, where Group 1 corresponds
to head classes and Group 5 to tail classes. The long-tailed groups are trained on imbalanced data
(CIFAR100-IR200) and evaluated on their corresponding 20-class test set. For each long-tailed
group, we construct a balanced control group that matches the same average number of samples per
class. For instance, if the long-tailed Group 5 has an average of 4 training samples across its selected
20 classes, then each class in its balanced control group is assigned exactly 4 training samples. The
balanced control groups are also evaluated on the same 20-class test set.

As illustrated in Figs. ix and x, both channel imbalance and mislearning appear when comparing
balanced control groups with varying sample sizes. Specifically:
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* Fig. ix shows that the sparsity in class-discriminative channels increases as the number of training
samples decreases. This indicates that data scarcity is the main cause of channel sparsity, since
the re-trained classifier struggles to learn sufficient discriminative factors from limited data.

* Fig. x shows that class-discriminative channels increasingly rely on general features as the imbal-
ance ratios grow. This suggests that data scarcity is also the main cause of channel mislearning,
since the re-trained classifier fails to recognize class-specific (less-general) features from limited
data, thereby leaving the tail classes that can only leverage the general features instead.

These findings clearly demonstrate that the main culprit of channel imbalance and mislearning in
LTL is the scarcity of data in tail classes. This leads to our third observation:

inative ability and semantic awareness.

Observation 3: The scarcity of tail-class samples is the root cause of both weakened discrim- ’

C COMPREHENSIVE INSIGHTS ON THE PRE-TRAINED CLASSIFIER

RQ1: Although the channel behavior appears closer to the or-
acle, is it genuinely so? We evaluate the cosine similarity be-
tween the re-trained classifier trained on the imbalance dataset
CIFAR100-IR200 and the oracle classifier trained on the full
set of CIFAR100. As shown in Fig. xi, PTC1£, especially the
PTReg component, indeed brings the re-trained classifier much
closer to the oracle.

Insight 1: The pre-trained classifier can effectively guide
the re-trained classifier toward the oracle one.

RQ2: How does the knowledge capacity of the pre-trained clas-
sifier affect its effectiveness? Intuitively, the knowledge capac-
ity of the pre-trained classifier, i.e., the number of upstream
classes, may impact its effectiveness. To probe this, we eval-
uate models with different capacities and progressively prune
the pre-trained class anchors from 0% to 80% on CIFAR100-
IR200. As shown in Fig. xii, greater capacity tends to bring
larger performance gains, whereas even the smallest-capacity
model (pre-trained on IN-1k) still delivers improvements.
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Figure xii: Impact of classifier’s
knowledge capacity.

Insight 2: The pre-trained classifier with higher capacity tends to yield larger improvements;
nonetheless, even the lowest-capacity classifier (pre-trained on IN-1k) still delivers benefits.

RQ3: Is the pre-trained classifier still useful when the down-
stream task is out-of-distribution (OOD) relative to the up-
stream task? One might be skeptical that the pre-trained clas-
sifier benefits the downstream task because it has already been
exposed to the upstream data. To examine this, we further eval-
uate on SVHN and DTD, which are OOD w.rt. the upstream
IN-21k (Russakovsky et al., 2015). As shown in Tab. i, the im-
provements from the pre-trained classifier are indeed less pro-
nounced when such OOD datasets are class-balanced and data-
rich. Nevertheless, when the OOD datasets are imbalanced, the
pre-trained classifier still delivers substantial performance gains
for the data-scarce tail classes.

Table i: Performance on OOD
downstream tasks.

Method | S-Bal S-IR20 S-IR100 S-IR500
Baseline 944 936 92.4 87.9
+PTICLf 94.6 939 92.9 88.6
A 10.2 103 10.5 10.7
Method ‘ D-Bal D-IR10 D-IR20 D-IR40
Baseline 76.4 627 58.3 49.2
+PTCLlf 771  63.6 60.4 55.2
A 10.7  10.9 12.1 16.0

S: SVHN; D: DTD.

Insight 3: The pre-trained classifier is still significantly helpful even when the downstream

task is out-of-distribution from the upstream task.

RQ4: Does the pre-trained classifier benefit few-shot scenarios? We conduct evaluations on the
few-shot learning benchmark FGVC-FS. As illustrated in Fig. xiii, the pre-trained classifier pro-
vides clear gains in learning with few-shot data, especially under severe data scarcity (i.e., only one
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Figure xiii: Performance on few-shot learning.
Table ii: Performance on domain generalization.
Method | Source Target | Source Target
| C10-LT STL C10.1 | IN-LT IN-V2 IN-S IN-A IN-R
Baseline 95.3 91.6 91.7 79.6 21.7 340 350 689
LP-FT (Kumar et al., 2022) 93.6 89.4 895 78.7 19.0 325 334 678
+PTC1lf 96.3 94.1 94.0 82.7 24.6 383 395 720
A 12.0 12.5 12.3 13.1 129 14.3 4.5 13.1
SWAD (Cha et al., 2021) 91.8 852 883 80.1 22.5 352 359 69.6
+PTC1lf 95.7 899 923 82.9 24.4 394 398 728
A 13.9 4.7 14.0 12.8 11.9 4.2 139 13.2
SPD (Tian et al., 2024) 95.2 96.1 93.3 80.4 24.2 38.1 369 722
+PTC1lf 97.7 97.8 974 83.4 25.8 395 406 732
A 2.5 117 4.1 2.0 11.6 114 37 110

C10: CIFAR10; C10.1: CIFAR10.1; DG: Domain generalization.

training sample per class), underscoring the importance of leveraging additional information in such
data-scarce scenarios.

Insight 4: The pre-trained classifier offers substantial benefits under data scarcity, achieving
significant improvements in few-shot learning.

RQS: Does the pre-trained classifier benefit domain generalization? We conduct evaluations on
domain generalization tasks and compare PTC1£ (initialized with the pre-trained classifier) with a
related method, LP-FT (initialized with the linear-probed classifier), under the balanced LA loss.
To further highlight its versatility, we also incorporate PTC1f into two stronger DG baselines,
SWAD (Chaetal., 2021) and SPD (Tian et al., 2024), both using the LA loss. As shown in Tab. ii, the
pre-trained classifier effectively preserves upstream knowledge and markedly improves robustness
across different baselines.

Insight 5: The pre-trained classifier is helpful for preserving the upstream knowledge and
improving robustness, achieving significant improvements in domain generalization.

RQG6: How does the pre-trained classifier help the re-trained classifier? We provide additional vi-
sualizations to further elucidate the mechanisms of PTC1£. Fig. xiv illustrates the evolution of label
mapping during fine-tuning. As fine-tuning progresses, the mapping progressively converges, with
each downstream class aligning to a semantically similar upstream class. Fig. xv presents examples
where the baseline (without PTC1f) makes errors but PTC1 £ correctly classifies at inference time.
As shown, when the re-trained classifier fails to recognize the downstream classes, the pre-trained
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Figure xvi: Performance gains across different levels of category overlap.

classifier can effectively guide it by transferring knowledge from semantically relevant upstream
classes, thereby improving classification by harnessing these additional priors.

Insight 6: The pre-trained classifier is capable of guiding the re-trained classifier through
knowledge transfer from semantically related upstream classes.

RQ7: Does the utility of the pre-trained classifier stem mainly from class overlap? A natural con-
cern is that the benefits of the pre-trained classifier might stem largely from overlapping classes,
rather than from genuine knowledge transfer among non-overlapping classes. To investigate this,
we quantify the relatedness between upstream and downstream labels using WordNet path similar-
ity and divide them into three groups:
* Overlap: Identical labels or hypernym-hyponym pairs (path similarity € [0.9, 1.0]);

* Similar: Semantically related but not hierarchically identical categories (path similarity € [0.6, 0.9));
* Distant: Weakly related or unrelated categories (path similarity € [0.0, 0.6)).

As shown in Fig. xvi, PTC1f delivers consistent improvements across all three groups, covering
both overlapping or non-overlapping classes. More importantly, the largest gains arise from the
Similar group rather than the Overlap group, while the Distinct group also exhibits clear and com-
parable gains.

Insight 7: The pre-trained classifier does benefit from overlapping classes, but its primary
advantage stems from genuine knowledge transfer among non-overlapping classes.

RQ8: Does the utility of the pre-trained classifier stem mainly from better classifier properties?
Apart from class overlap, another natural concern is that the benefits of the pre-trained classifier
might instead stem from better classifier characteristics, such as more balanced channel distribution
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effects, but instead rely on correlated knowledge.

Insight 8: The pre-trained classifier’s benefits are not simply due to better classifier properties,
but rather to the transfer of correlated knowledge.

RQOY: Is knowledge transfer indeed the main factor behind PTC1 ’s gains? To examine the mech-
anism of knowledge transfer in PTC1 £, we further visualize the mapping dynamics across a series
of datasets that range from extremely out-of-distribution (OOD) to completely in-distribution (ID):

e EuroSAT (extremely OOD) contains satellite imagery and is the most disjoint dataset relative to natural-
image ImageNet. As shown in Fig. xviia, despite this large domain gap, the learned mapping still pairs
each land-use class with ImageNet classes that share analogous global structure or layout (e.g., downstream
Herbaceous_Vegetation aligning with upstream Marbleization owing to similar veining pat-
terns), thereby yielding a small but measurable improvement (~0.4 pp).

e DTD (weakly OOD) consists of texture categories that have no direct counterparts in ImageNet. As shown
in Fig. xviib, the mapping still converges to ImageNet classes with related semantic attributes (e.g., down-
stream Banded aligning with upstream Jalousie owing to similar banded patterns), thereby yielding a
modest improvement (~0.7 pp).

¢ CIFAR100 (moderate overlap) contains natural images and shares partial label overlap within ImageNet.
As shown in Fig. xviic, the mapping effectively aligns each downstream class to semantically relevant
ImageNet classes (e.g., downstream Tractor aligning with upstream Dozer based on similar overall
shape), thereby yielding a notable gain (~2.9 pp).
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* Stanford Dogs (complete overlap) is a subset of ImageNet, where each downstream class corresponds
exactly to a specific ImageNet class. As shown in Fig. xviid, the mapping can directly match the exact
corresponding ImageNet label, thereby yielding a significant improvement (up to ~18.3 pp).

Taken together, these results lead to two key observations: (1) PTC1£’s improvements scale with
the knowledge correlation between upstream and downstream labels, with datasets showing stronger
alignment (e.g., CIFAR100 and Stanford Dogs) exhibiting larger gains. Such a clear trend effectively
supports that knowledge transfer is indeed the main driver of PTC1 £’s performance. (2) Even for
OOD datasets like EuroSAT and DTD, the learned mappings align downstream labels to disjoint yet
semantically related upstream classes. This suggests that the essence of knowledge transfer lies in
transferring semantically related knowledge, rather than simply reusing identical labels.

Insight 9: The pre-trained classifier’s benefits arise mainly from transferring knowledge
among semantically related upstream classes.

RQ10: Can the pre-trained classifier’s benefits extend to the LLM do- Table iv: Performance
main? To investigate whether the benefits of the pre-trained classifier on CoNNL2003.
extend beyond vision, we apply our method to the LLM domain on a
token-level classification task. Specifically, we fine-tune BERT on the
CoNLL2003 named entity recognition dataset. As shown in Tab. iv, Baseline ‘ 90.8
PTCL1f delivers notable improvements in this LLM fine-tuning setting. rrer oL
This preliminary experiment suggests that the advantages of the pre-trained classifier are not limited
to image classification, but also extend to LLM-based classification tasks.

Method | CoNLL2003

[ Insight 10: The pre-trained classifier’s benefits can be extended to LLM-based classification. ]

D MORE INFORMATION ON EXPERIMENTS

D.1 DATASETS

We give an overview of the datasets used in our paper. The datasets can be grouped into:

» Long-Tailed Learning. The long-tailed benchmark aims to assess performance on real-world
long-tailed data. Following prior works (Kang et al., 2020; Shi et al., 2024a;a), we include 3
widely used datasets: CIFAR100-LT, Places-LT, and iNaturalist 2018. In addition, we introduce
5 fine-grained visual classification (FGVC) tasks: FGVC Aircraft, CUB-200-2011, Oxford Flow-
ers, Stanford Cars, and Stanford Dogs, aiming to further evaluate transferability. Each FGVC task
is adapted to the long-tailed setting.

» Few-Shot Learning. The few-shot benchmark aims to assess performance in extreme data-scarce
scenarios. We use the same 5 fine-grained datasets, each adapted to the few-shot setting.

* Domain Generalization. The domain generalization tasks aim to assess the model’s ability to
generalize across domains after fine-tuning on a specific one. We includes 2 generalization tasks:
CIFARI10-LT — CIFAR10.1 and STL10, and ImageNet-LT — ImageNet-V2, -Sketch, -A, and
-R. For CIFAR10, CIFAR10.1 (Recht et al., 2018) and STL (French et al., 2017) serve as standard
domain adaptation tasks, where CIFAR10 is the in-distribution (ID) dataset and CIFAR10.1 and
STL are the out-of-distribution (OOD) datasets. Since CIFAR10 contains no “monkey” class,
we follow prior work (Kumar et al., 2022) and remove it from STL. For ImageNet-1K, we fine-
tune on ImageNet-LT (ID) and evaluate on 4 widely used OOD datasets: ImageNet-V2 (Recht
et al., 2019), ImageNet-Sketch (Wang et al., 2019), ImageNet-A (Hendrycks et al., 2021b), and
ImageNet-R (Hendrycks et al., 2021a).

* Completely OOD Datasets w.r.t. ImageNet. The OOD datasets aim to assess the robustness
of ImageNet-pretrained models on data that are entirely out-of-distribution from their pre-trained
task. We specifically consider two datasets: SVHN and DTD. SVHN consists of digit images
captured from real-world street scenes, which differ fundamentally from the object-centric cate-
gories in ImageNet. DTD contains texture-centric images annotated with human-describable at-
tributes (e.g., “striped”, “zigzagged”), making it distributionally distinct from ImageNet’s natural
object classes. These characteristics ensure that both SVHN and DTD serve as strictly out-of-
distribution datasets w.r.t. ImageNet.
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Figure xviii: Behavior of classifiers’ class-discriminative channels on Places-LT.
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Figure xix: Behavior of feature channels corresponding to class-discriminative channels on
CIFAR100 using CE loss.

D.2 BASELINES

Our comparisons include two different types of baseline methods:

* Traditional Long-Tailed Training Strategy. We evaluate the effectiveness of integrating our
paradigm with six representative long-tailed training strategies, including the data augmenta-
tion method DODA (Wang et al., 2024), the two-stage approaches cRT (Kang et al., 2020) and
LOS (Sun et al., 2025), the balanced loss LA (Menon et al., 2021), the supervised contrastive
learning PaCo (Cui et al., 2021), and the ensemble approach ResLT (Cui et al., 2022).

 State-of-the-Art LTL with Foundation Models. We also compare our paradigm with state-of-
the-art long-tailed learning methods based on foundation models. To the best of our knowledge,
LPT (Dong et al., 2023) is the only visual-only state-of-the-art fine-tuning approach. Accordingly,
we benchmark our paradigm against LPT. Since LPT incorporates several long-tailed training
tricks, such as cosine classifier, mixup, deferred re-weighting, and balanced loss, we also integrate
these tricks when comparing with LPT to ensure fairness.

D.3 IMPLEMENTATION DETAILS

The main baseline in our experiments is the LA loss (Menon et al., 2021) with Adapter+ tun-
ing (Steitz & Roth, 2024). For this baseline, if not specified, we use a ViT-B/16 model (Dosovitskiy
et al., 2021) pre-trained on ImageNet-21k (IN-21k) (Russakovsky et al., 2015) and train it with a
SGD optimizer with learning rate 5x 10™4, weight decay 103, momentum 0.9, batch size 128, and
image resolution 224 x224. For all datasets except iNaturalist, training follows a cosine learning rate
schedule with a linear warm-up over the first 10 epochs, for a total of 100 epochs. For iNaturalist,
we adopt 2 warm-up epochs and train for 20 epochs in total, with a 10x larger learning rate. For all
other baseline comparisons (except LA loss with Adapter+), the exact hyperparameters are provided
in the released code scripts.

D.4 REPRODUCIBILITY

PTC1f is implemented in Pytorch and timm. Experiments are conducted on NVIDIA H20-
96GB GPUs. To guarantee reproducibility, our full implementation will be publicly released; the
anonymized code is available at https://anonymous.4open.science/r/PTCLE.

E MORE EXPERIMENTAL RESULTS

E.1 ABLATION STUDIES

Comprehensive ablation analysis of channel behavior. Figs. xviii and xix illustrate the channel
behavior after incorporating each component of our proposed PTC1f. As shown in Fig. xviii,
PTInit effectively transfers the upstream class-discriminative channels for downstream tail classes,
leading to a denser distribution. Interestingly, PTReg also alleviates the imbalance by learning from
the distribution of pre-trained class anchors. As shown in Fig. xix, PTReg exhibits channel behavior
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more closely aligning with the oracle shown in Fig. 4. Note that PTInit also demonstrates improved
behavior; however, its learned classifier remains less aligned with the oracle compared to PTReg, as
highlighted in Fig. xi. We attribute this gap to the suboptimal initial label mapping (refer to Fig xiv),
whereas PTReg can better exploit the well-mapped upstream classes during fine-tuning, leading to
closer alignment with the oracle.

Generalizability across architectures. To investigate Table v: Performance across diverse
the architectural generalizability of PTC1£, we conduct architectures.
evaluations on a broad set of model families:

. : ) . Model | C100-IR200 Places-LT Aircraft-LT
* ViT & Swin. We assess PTC1 £ on larger-scale ViT variants -
as well as Swin Transformers ViT-B/16 852 459 307
. +PTClf 88.1 47.9 32.7
. CLIP. Althgugh CLIP does not 11'101ude an explicit pre- 574 2 406
trained classifier, our approach can still be naturally extended 4 prci¢ 88.6 48.0 412
to it. The central 1df:a of PTCl_I'.f is to reuse the upstream y—— 5.0 7o e
knowledge encoded in the pre-trained model for data-scarce , prc) ¢ 89.5 48.6 451
classification, rather than relying solely on the classifier it- -
self. Specifically, we regard CLIP’s text encoder as a classi- "B 83.5 481 07
P Y gard LLIT s 1€ +PTCLE 84.9 49.2 37
fier enriched with strong linguistic priors. To leverage these -
priors, we apply the IN-21k class names® to construct a set of CLIP-ViT-B/16 772 310 423
. . . +PTClf 78.2 51.6 434
text embeddings as pre-trained class anchors, which are then
used to guide the fine-tuning of the text encoder (viewed as ~ DINOv2-B 86.1 472 514
+PTIC1f 87.2 48.0 52.1

a pre-trained classifier).
 Self-Supervised Models. Purely self-supervised models trained without a pre-trained classifier pose a dis-
tinct challenge for PTC1f. Nevertheless, many popular self-supervised models provide ImageNet linear-
probe checkpoints**®’ that do include a classifier, which broadens the practical applicability of our method
to those settings.
As shown in Tab. v, PTC1£ consistently improves performance across these diverse architectures,
demonstrating superior architectural generalizability.

Ablation analysis of label mapping strategies. Naive label mapping may not be the most effective
design choice. Consequently, we further introduce three alternatives:
* Semantic Matching. We align downstream and upstream classes using label semantic similarity scores
computed by a LLM.

e Anchor Similarity. Since upstream samples or embeddings are not available during downstream fine-
tuning, we instead align labels based on the similarity between class anchors of the re-trained and pre-trained
classifiers.

e Probability-based Mixed Mapping. Rather than assigning only a single pre-trained class anchor
to each downstream class, we construct new mixed anchors for the re-trained classifier as: wj. =
Do clie] Prp (k) Whe, where pyr(xr) denotes the normalized prediction frequency of upstream class k”
for downstream class k*.

As shown in Tab. vi, both semantic matching and Table vi: Performance under different

probability-based mixed mapping slightly outperform mapping strategies.

the naive frequency-based strategy. Nevertheless,

. A . . Method \ C100-IR200 Places-LT Aircraft-LT
our goal is to design a simple and effective ap-
ot . Baseline 85.2 459 30.7
proach,.rat}.ler than rely on a more sophisticated ahgn- Our Mapping 981 99 7
ment pipeline. For this reason, we keep adopting  Semantic Matching 87.6 48.4 329
the frequency-based mapping as our default design  Anchor Similarity 82.6 44.9 302
Mixed Mapping 88.7 48.5 31.8

choice.

E.2 BENCHMARK RESULTS

Benchmark Results across LTL Strategies. Fig. vii presents detailed results on the FGVC-LT
benchmark. As shown, our proposed PTC1f achieves a clear performance gain on FGVC-LT,
demonstrating superior effectiveness in fine-grained downstream adaptation.

3For simplicity, we directly use the IN-21k class names without additional curation.

4https ://huggingface.co/facebook/dinov2-base-imagenetlk—-1-layer
5https ://huggingface.co/timm/hiera_base_plus_224.mae_inlk_ft_inlk
6https ://huggingface.co/BobMcDear/vit_base_patchl6_mae_inlk_224
"https://huggingface.co/lightly-ai/simclrvl-imagenetlk-resnet50-1x
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Table vii: Benchmark Results across various LTL strategies on FGVC-LT. Results are presented
in % using ViT-B/16 pre-trained on IN-21k. The baseline here is Adapter+ (Steitz & Roth, 2024)
with different LTL strategies. t1Same as Tab. 2. *Flower has no ‘Median’ classes, as its largest class
contains only 10 samples.

Method Aircraft-LT CUB-LT Flowers-LT Cars-LT Dogs-LT Average

A MF T A MF T A M T A MF T A MF T A MF T
CE 285 66.4 11.7 629 90.0 592 816 - 81.6 372740 178 63.9 87.9 48.0 54.8 79.6 43.7
+PTCLE 30.2 68.0 13.4 68.7 89.6 65.9 927 - 927 38.6 757 19.0 87.3 933 832 63.5 81.6 54.8
DODA (Wangetal.,,2024) | 35.7 63.8 232 69.1 88.8 66,5 905 - 905 452 703 320 742 86.8 658 629 774 556
+PTCLE 37.3 65.6 24.7 71.8 89.5 69.4 945 - 945 46.6 713 33.6 89.5 92.2 87.6 67.9 79.7 62.0
CcRT (Kang et al., 2020) 40.1 68.6 27.5 672 87.0 646 959 - 959 523 752 402 70.8 869 602 653 79.4 57.7
+PTCLE 40.3 68.9 27.6 70.8 88.0 68.5 968 - 968 52.8 75.4 40.9 89.0 90.6 87.9 69.9 80.7 64.3
LOS (Sun et al., 2025) 10.6 262 37 203 49.6 164 118 - 11.8 182 434 50 320 63.0 11.5 18.6 45.6 9.7
+PTCLE 147 190 129 345 135 373 205 - 205 183 229 159 77.4 64.0 86.2 33.1 29.8 34.5
LA (Menon et al., 2021) 307 57.6 189 653 87.5 623 844 - 844 396 650 262 709 86.0 60.8 582 74.0 50.5
+PTCLE 327 58.8 21.1  69.4 88.7 66.8 93.5 - 935 41.0 66.1 27.7 89.2 92.5 87.0  65.1 76.6 59.2
PaCo (Cui et al., 2021) 320 475 251 737 859 720 959 - 959 452 58.3 383 789 822 767 65.1 6385 61.6
+PTCLE 323 44.4 26.8 759 869 75.6 959 - 959 453 57.8 387 87.2 87.2 87.1 67.3 69.1 64.8
ResLT (Cui et al., 2022) 394 66.1 277 748 885 73.0 962 - 962 51.6 733 40.1 77.7 883 70.7 67.9 79.0 61.5
+PTCLE 40.1 652 28.9 764 89.5 74.6 965 - 965 521 73.5 40.8 88.6 91.6 86.6 70.7 80.0 65.5

43.7

A: All; M: Median; T: Tail; Aircraft: FGVCAircraft; CUB: CUB-200-2011; Flowers: Oxford Flowers; Cars: Stanford Cars; Dogs: Stanford Dogs.

Table viii: Benchmark Results across various PEFT approaches. Results are presented in %
using ViT-B/16 pre-trained on IN-21k. The baseline here is the LA loss (Menon et al., 2021) within
different PEFT approaches. TSame as Tab. 2.

Method C100-IR200 C100-IR100 C100-IR50 Places-LT iNaturalist FGVC—LT

A H T A H T A H T A H T A H T A M T
Reparameter Tuning 85.0 92.2 77.3  87.7 92.1 83.2 89.8 92.2 88.6 457 48.1 41.4 78.1 723 79.0 58.4 74.1 50.7
+PTClf 87.9 92.7 83.5 89.9 924 874 90.6 92.3 90.1 47.6 48.9 44.9 78.7 74.2 79.3 64.8 76.2 58.9
Prompt Tuning 853 924 77.6 87.8 92.0 84.5 90.0 91.8 89.0 45.8 475 41.8 77.1 71.6 78.8 57.8 73.7 49.9
+PTC1lf 88.2 92.9 84.5 89.8 92.1 87.7 90.5 92.0 90.8 47.6 47.8 45.3 78.0 73.2 79.0 64.1 75.4 58.5
Adapter Tuning 852 924 774 879 923 832 89.8 92.1 88.8 459 48.1 41.6 78.6 73.0 79.4 58.2 74.0 50.5
+PTClf 88.1 92.8 84.1 89.8 92.4 87.3 90.6 92.2 90.4 479 48.6 458 79.4 749 79.7 65.1 76.6 59.2

A: All; H: Head; M: Median; T: Tail; C100: CIFAR100.

Benchmark Results across PEFT Methods. Our proposed PTC1f paradigm is broadly appli-
cable to different fine-tuning methods. To investigate this, we conduct evaluations on the long-
tailed benchmarks across three representative PEFT approaches, w/ or w/o PTC1 £, including: repa-
rameter tuning LoRA (Hu et al., 2022), prompt tuning VPT (Jia et al., 2022), and adapter tuning
Adapter+ (Steitz & Roth, 2024). As shown in Tab. viii, our proposed PTC1 £ method enhances per-
formance across all PEFT approaches, with particularly notable gains on tail classes. Interestingly,
different PEFT methods yield similar results when the hyperparameters are appropriately chosen,
consistent with the findings of Mai et al. (2025), suggesting that the choice of PEFT methods has a
negligible effect.

F LIMITATION AND FUTURE WORK

Despite demonstrating promising performance on various downstream tasks, our proposed PTC1f
paradigm still encounters a limitation. In most scenarios, the number of upstream classes ex-
ceeds that of downstream classes; however, exceptions exist. For instance, the iNaturalist
dataset (Van Horn et al., 2018) contains 8k+ downstream classes, surpassing the 1k upstream classes
in IN-1k pre-training. In such cases, PTC1 £ cannot be directly applied. This highlights an important
direction for future work: how can we leverage a limited set of upstream class anchors to effectively
support a larger set of downstream classes?

Nevertheless, we argue that this limitation may become less critical as pre-training continues to
evolve. In the era of web-scale data, pre-training data are expanding rapidly and are likely to en-
compass the majority of downstream tasks. Consequently, the utility of the pre-trained classifier will
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continue to grow. We therefore believe that the PTC1 £ paradigm developed here can inspire future
approaches to downstream adaptation.

G LLM USAGE STATEMENT

In this work, large language models (LLMs) were used solely for text refinement. No original
content, methodology, or ideas were generated by LLMs.
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