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Abstract

Long-tail recognition remains challenging for pre-trained
foundation models like CLIP, which often suffer from per-
formance degradation under imbalanced data. This stems
not only from the overfitting/underfitting issues during fine-
tuning but, more fundamentally, from the inherent bias in-
herited from the long-tail distribution of their massive pre-
training datasets. To address this, we propose HGLTR
(Hierarchy-Guided Long-Tail Recognition), a novel frame-
work that calibrates pre-trained models by injecting objec-
tive class hierarchy knowledge. We argue that the semantic
proximity defined by a hierarchy provides a robust, data-
independent prior to counteract model bias. Our method
is specifically designed for vision-language models’ dual-
modality architecture. At the feature level, we align image
embeddings with a hierarchy-guided text similarity structure.
At the classifier level, we employ a distillation loss to regu-
larize predictions using soft labels derived from the hierarchy.
This dual-level injection effectively transfers knowledge from
head to tail classes. Experiments on ImageNet-LT, Places-LT,
and iNaturalist 2018 demonstrate that HGLTR achieves state-
of-the-art performance, particularly in tail-classes accuracy,
highlighting the importance of leveraging structural priors to
calibrate foundation models for real-world data.

Introduction
Recent years have witnessed revolutionary progress in large-
scale self-supervised pre-trained models, particularly vision-
language foundation models. Among these, CLIP (Radford
et al. 2021) has emerged as a dominant framework by learn-
ing powerful cross-modal semantic alignment through train-
ing on massive internet-scale image-text pairs. Its core ap-
proach maps images and text into a shared embedding space
where semantically related pairs are pulled closer, endow-
ing CLIP with remarkable zero-shot classification capabil-
ities and strong generalization that enables competitive re-
sults on various downstream tasks without fine-tuning. To
adapt these powerful pre-trained models to specific down-
stream tasks while balancing performance improvement
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Figure 1: Using the hierarchical structure from the iNatural-
ist 2018, we illustrate the hierarchical semantic relationships
among different distribution categories.

with computational efficiency, Parameter-Efficient Fine-
Tuning (PEFT) techniques (Houlsby et al. 2019; Yu et al.
2023) have become mainstream and effectively enhanced
model performance across diverse applications.

Despite the impressive performance, pre-trained models
often degrade significantly when applied to long-tail recog-
nition tasks, where head classes dominate training samples
while tail classes suffer from severe scarcity. Recent stud-
ies reveal critical insights: Wang et al. (2024) explored var-
ious tuning and distribution alignment strategies, Shi et al.
(2024b) showed that aggressive fine-tuning harms gener-
alization in long-tail settings, and even parameter-efficient
methods struggle with extreme imbalance (Shi et al. 2024c).

We argue that the poor performance of pre-trained mod-
els in long-tail recognition stems from the interplay between
inherent data bias from pre-training and downstream fine-
tuning inadequacy. First, from the fine-tuning perspective,
the observations in literature (Shi et al. 2024b,c; Wang et al.
2024) indicate that, models inevitably overfit to head classes
and underfit tail classes—a problem analogous to training
from scratch (Kang et al. 2020; Cao et al. 2019; Menon et al.
2021). More critically, as examined in Zhu et al. (2023),
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Methods Learnable
Params. Overall Tail

CLIP (Zero-Shot) 0.00M 67.2 66.6
ProCo(Du et al. 2024) 23.51M 57.8 38.1
BALLAD (Ma et al. 2021) 149.62M 75.2 69.8
HGLTR (Orus) 1.61M 77.4 72.1

Table 1: Performance (Top-1 Accuracy%) on ImageNet-LT.

a fundamental and intrinsic cause lies in the inherent bias
of the pre-trained model itself. The datasets used to train
models like CLIP (e.g., web-scraped image-text pairs) in-
trinsically follow a long-tail distribution. During the self-
supervised learning process, the model learns the statistical
regularities of this data distribution, causing its feature ex-
tractor and zero-shot classifier to implicitly favor categories
that were frequent during pre-training. This model bias, in-
duced by the pre-training data distribution, is transferred to
downstream tasks. When the downstream task also exhibits
a long-tail distribution, this bias is amplified, making the
model more prone to predicting head classes and thereby
exacerbating the difficulty of recognizing tail classes.

To counteract this interplay bias, we propose leveraging
semantic class hierarchies as an objective, data-independent
prior. As shown in Fig. 1, hierarchical relationships (e.g., bi-
ological taxonomy) define semantic proximity between cat-
egories (e.g., “Apis cerana” is closer to “Apis mellifera” than
to “Sauromalus ater”), providing robust structural knowl-
edge unaffected by sample distribution. Crucially, this hier-
archy enables knowledge in the pre-trained model to transfer
from well-represented head classes to semantically related
tail classes, effectively mitigating the representation collapse
that typically plagues tail categories.

To this end, we introduce Hierarchy-Guided Long-Tail
Recognition (HGLTR), a novel framework that calibrates
pre-trained models through dual-level hierarchical injection.
At the feature level, we align image embeddings with a
hierarchy-guided similarity structure to organize the visual
feature space according to semantic relationships. At the
classifier level, we employ knowledge distillation with soft
labels derived from the hierarchy to regularize predictions,
ensuring that classification decisions adhere to the class tax-
onomy. Built upon PEFT techniques, HGLTR effectively in-
jects objective hierarchical knowledge into the pre-trained
model, calibrating it for better performance on long-tail data.

Notably, while prior works (Landrieu and Garnot 2021;
Bertinetto et al. 2020; Shi et al. 2024a) were explored using
hierarchies, they were typically designed not for imbalance
learning. Besides, optimized for small single-modal net-
works trained from scratch, their implementation fail to fully
exploit the rich cross-modal information already present
in pre-trained models like CLIP. In contrast, the proposed
HGLTR approach is tailored for a pre-trained dual-branch
vision/text architecture. Table 1 indicates that HGLTR at-
tains superior performance at a low computational cost.
Specifically, it requires only 1.61M learnable parameters in
the backbone and 10 epochs to converge, without sacrificing
the original model’s proficiency.

In summary, our contributions are threefold:
• We establish that pre-training data bias, not just fine-

tuning limitations, is the fundamental cause of long-tail per-
formance degradation.

• We design HGLTR, the first framework specifically tai-
lored for injecting hierarchical knowledge into CLIP-like
models through dual-level calibration.

• Extensive experiments demonstrate state-of-the-art
(SOTA) results, with particularly significant gains in tail-
class accuracy across multiple benchmarks, validating our
approach’s effectiveness in calibrating foundation models
for real-world imbalanced data.

Related Works
Vision-Language Models (VLMs) VLMs, such as CLIP
(Radford et al. 2021), BLIP (Li et al. 2022a), and CoCa (Yu
et al. 2022), align visual and textual modalities by learn-
ing a shared representation space through joint architec-
tures. Pre-trained on large-scale image-text pairs, they ex-
hibit strong generalization and have been applied to tasks
like noisy-label detection (Feng, Tzimiropoulos, and Pa-
tras 2024), anomaly analysis (Gu et al. 2024), and long-
tail recognition (Shi et al. 2024c). In this work, we adopt
CLIP as the backbone for long-tail learning. Directly us-
ing CLIP often suffers from domain gaps, so PEFT is com-
monly employed. Typical PEFT strategies include insert-
ing low-rank adapters (LoRA) into Transformer blocks (Yu
et al. 2023), attaching lightweight adapters after linear lay-
ers (Houlsby et al. 2019), or employing learnable prompts
(Jia et al. 2022). These methods adapt CLIP effectively with
minimal trainable parameters.
Long-Tail Recognition For models trained from scratch,
long-tail recognition methods mainly fall into two groups:
(1) data re-sampling, which balances the distribution by
oversampling tail classes with strong augmentations to re-
duce overfitting (Kang et al. 2020; Shi et al. 2023; Zhong
et al. 2021). (2) loss function engineering, which re-weights
or redesigns objectives to emphasize tail classes (Cao et al.
2019; Menon et al. 2021). More advanced techniques, such
as multi-expert learning, employ multiple classifiers or tai-
lored losses to further improve robustness on imbalanced
data (Zhao et al. 2024; Zhang et al. 2022; Wang et al. 2021).
Long-Tail Recognition via Pre-trained Models Recent
works adapt pre-trained models to long-tail distributions by
designing lightweight adaptation modules. BALLAD (Ma
et al. 2021) fine-tunes on the target data and applies a linear
adapter on balanced samples to strengthen tail-class. LIFT
(Shi et al. 2024b) constrains adapter parameters during fine-
tuning to mitigate overfitting. Candle (Shi et al. 2024c) en-
hances VLMs by combining logit-adjusted loss with cross-
modal feature fusion to generalize new classes. Wang et al.
(2024) appends a lightweight decoder to frozen visual en-
coders and integrates imbalanced losses. LPT (Dong et al.
2023) employs a shared prompt for domain alignment along-
side group-specific prompts for fine-grained discrimination.
However, they mostly overlook biases inherent in the pre-
training data, which can degrade downstream performance.
To address this issue, we introduce hierarchical information
to calibrate pre-trained models.

28822



① LCA height statistics

② Classifier-level

Apis mellifera

Bombus fraternus

Apis cerana

……

Hierarchical prompt:

A photo of {name} 

({family}, {order}, …, {kingdom}) Text

Encoder

( )

P
ro

jectio
n
 

(
)

PEFT 

Module

Transformer 

Vision Block

1 … 20

2 … 02

… … ……

0 … 21

① Gaussian kernel

…… ……

……

C
lassifier

(
) ……

② Feature-level① Hierarchical Knowledge Modeling

② Dual-Level Calibration Learning

Gradient backpropagation

Matrix multiplication

 Learnable parameters

 Frozen parameters

Figure 2: HGLTR’s two-stage framework: ① Hierarchical Knowledge Modeling constructs the semantic blueprint by computing
LCA-based distance matrix H from class hierarchy and converting it to hierarchical similarity matrix S; ② Dual-Level Cali-
bration Learning fine-tunes the model: at the feature level, image features zi from frozen CLIP backbone with PEFT modules
are aligned with S using Lmse; at the classifier level, predictions are regularized with soft labels from S via Ldis.

Preliminary
We address the problem of long-tail image recognition us-
ing pre-trained VLMs such as CLIP. Given a training dataset
D = {(xi, yi)}Ni=1, where xi denotes an image and yi ∈
Y = {1, 2, . . . ,K} is its class label, the samples size of class
k is Nk. The dataset exhibits a long-tail distribution: a small
number of “head” classes contain the majority of samples,
while the vast majority of “tail” classes are severely under-
represented. Our goal is to fine-tune a pre-trained VLM to
achieve high accuracy, particularly on the tail classes, while
maintaining overall performance.

As discussed in Introduction, directly fine-tuning VLMs
on long-tail data is suboptimal due to dual challenges: (1) the
fine-tuning process itself is prone to overfitting head classes
and underfitting tail classes, and (2) more fundamentally,
the model inherits a bias from the long-tail distribution of
its pre-training data, which is amplified under downstream
long-tail conditions. To overcome this, we propose to lever-
age an objective class hierarchy H (e.g., a biological tax-
onomy) as a structural prior. This hierarchy defines the se-
mantic relatedness between classes (e.g., the Lowest Com-
mon Ancestor (LCA) height), providing a data-independent
source of knowledge. By using H , we can guide the model
to transfer knowledge from well-represented head classes to
their semantically related tail classes, thereby mitigating the
negative effects of data imbalance and pre-training bias.

Methodology
Overall Framework
Based on the above insights, we propose HGLTR, a novel
framework that calibrates a pre-trained VLM by injecting

hierarchical knowledge at two levels. As illustrated in Fig.
2, HGLTR consists of two key stages:
1. Hierarchical Knowledge Modeling We first construct an
“ideal” semantic blueprint from the class hierarchy H . This
is done by computing a hierarchical similarity matrix S
based solely on the predefined hierarchy structure H , in-
dependent of any pre-trained model’s feature space.
2. Dual-Level Calibration Learning We fine-tune the VLM
by optimizing a combined objective that calibrates the model
towards the ideal blueprint S at two levels:
• Feature-Level Calibration aligns visual features extracted
from images with the hierarchical similarity structure S.
• Classifier-Level Calibration regularizes the model’s pre-
dictions to conform to soft labels derived from S.

The dual-level approach ensures that both the learned rep-
resentations and the final predictions are consistent with the
objective semantic structure, effectively adapting the pre-
trained model for long-tail recognition.

Hierarchical Knowledge Modeling
We begin by constructing the hierarchical similarity ma-
trix S ∈ RK×K based on the predefined class hierarchy
H ∈ RK×K . We adopt the LCA height (Liang and Davis
2023) as the distance for semantic proximity. The distance
between two classes k1 and k2, denoted as Hk1,k2

, is defined
as the height of their LCA node in the tree, with leaf nodes
assigned a height of zero. To transform these distances into
a similarity matrix, we apply a Gaussian kernel:

Sk1,k2
=

exp(−Hk1,k2 · τs)∑K
k=1 exp(−Hk1,k · τs)

, (1)

where τs is a hyperparameter that controls the sensitivity
of similarity scores to hierarchical distances. A smaller τs
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(a) LCA height heatmap (b) Similarity heatmap

(c) Relationship between LCA height and similarity

Figure 3: Hierarchical structure and feature space analy-
sis on ImageNet. (a) LCA height heatmap: darker colors
indicate smaller semantic distance. (b) Feature similarity
heatmap: darker colors indicate higher cosine similarity be-
tween class prototypes. (c) Scatter plot showing a negative
correlation between LCA height (y-axis) and feature simi-
larity (x-axis); point size denotes sample pair counts.

yields a flatter similarity distribution, while larger values
lead to sharper distinctions. In the limit as τs → ∞, Sk

approaches a one-hot vector that highlights the closest class;
as τs → 0, the distribution becomes uniform.

Given that a significant number of class pairs in the
dataset are semantically unrelated—having the root node as
their LCA — it is reasonable to define their hierarchical dis-
tance as ∞. This assignment, in accordance with Eq. 1, re-
sults in a similarity score of zero, correctly preventing any
attribution of semantic similarity.

To validate the rationale of our way of constructing S , we
conduct a preliminary analysis to investigate the relationship
between the objective class hierarchy and the feature space
learned by a pre-trained model. Specifically, we utilize the
frozen, pre-trained CLIP model (ViT-B/16) and extract im-
age features for all training samples from the ImageNet-1K
dataset. We then compute the class prototype (i.e., the mean
feature vector) for each of the 1,000 ImageNet classes. The
pairwise cosine similarity between all class prototypes is
calculated to form the feature similarity matrix.

The class hierarchy H is derived from WordNet (Miller
1995), which provides the taxonomic structure for ImageNet
classes. As shown in Fig. 3, we compare the LCA-based hi-
erarchical distance (Fig. 3a) and the feature similarity from
CLIP prototypes (Fig. 3b). A striking visual correspondence
is observed: classes that are semantically closer in the hier-

archy (lower LCA height, darker in Fig. 3a) exhibit higher
feature similarity (darker in Fig. 3b). To quantify this rela-
tionship, we plot the LCA height against the feature similar-
ity for all class pairs in Fig. 3c. The clear negative correlation
in the scatter plot demonstrates that classes with smaller se-
mantic distances in the hierarchy tend to have more similar
representations in the pre-trained model’s embedding space.

This key observation provides strong empirical support
for our approach. It indicates that the embedding space
learned by pre-trained VLMs like CLIP is inherently orga-
nized according to the underlying semantic structure defined
by the class hierarchy. Therefore, leveraging this objective
structural prior S to calibrate the model is a principled strat-
egy. It guides the model to maintain and refine this desir-
able semantic organization during fine-tuning on long-tail
data, effectively counteracting the performance degradation
caused by data imbalance.

Dual-Level Calibration Learning
Building on the constructed hierarchical similarity matrix
S , we introduce a dual-level calibration that leverages S
to counteract model bias from long-tail pre-training. At the
feature level, we align image embeddings with S to reor-
ganize the visual space according to true semantic relation-
ships, preventing tail classes from being pulled toward head
classes. At the classifier level, we use knowledge distilla-
tion with soft labels derived from S to guide predictions.
These two levels work synergistically, effectively transfer-
ring knowledge from head to tail classes while maintaining
balanced performance across all categories.
Feature-Level Calibration Building upon the hierarchical
similarity matrix S, our feature-level calibration reorganizes
the visual feature space according to the objective semantic
structure. This is critical because pre-trained models often
exhibit feature representations biased by the long-tail distri-
bution of their pre-training data.

For a direct and fair comparison with SOTA methods (Shi
et al. 2024b; Wang et al. 2024; Ma et al. 2021), we adopt
the pre-trained CLIP model (Radford et al. 2021) as our fea-
ture backbone, keeping the main architecture frozen while
integrating Adapter modules (Houlsby et al. 2019) into each
Transformer block for parameter-efficient adaptation. Pre-
liminary experiments in Shi et al. (2024b) confirmed that
a simple linear classifier on frozen features yields subopti-
mal performance, as the limited adaptability fails to address
domain-specific nuances in long-tail distributions.

For each class, we construct hierarchy-guided textual
prompts in the format “a photo of a {class name}({family},
{order},. . . , {kingdom})”. These prompts are fed into
CLIP’s frozen text encoder gt, producing text embeddings
zt ∈ RK×dt , where each row corresponds to one class pro-
totype with feature dimension dt. Importantly, these proto-
types naturally capture the semantic structure imposed by
our hierarchical design. For an input image xi, its visual
representation is obtained via the CLIP image encoder gm,
yielding an image feature zi ∈ Rdm , where dm denotes the
dimension of the image embedding space.

To bridge potential distribution shifts between the text and
image feature spaces introduced during fine-tuning, we in-
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troduce a learnable text projection head ht implemented as
a linear adapter parameterized by a weight matrix Wt ∈
Rdm×dt and bias bt ∈ Rdm :

z̃t = ht(zt) = ztW
⊤
t + bt. (2)

This projection ensures that text embeddings reside in the
same space as image features zi, facilitating meaningful
cross-modal comparisons.

We formulate our calibration objective by minimizing the
mean squared error (MSE) between the observed image-text
similarity and the hierarchical similarity matrix S:

Lmse =
1

Ñ

Ñ∑
i=1

(sim(zi, z̃t)− Syi
)
2
, (3)

where sim(zi, z̃t) =
zi·z̃⊤

t

∥zi∥∥z̃t∥ denotes the cosine similarity
between the image feature zi and the transformed text em-
bedding z̃t. Ñ is the number of non-tail samples, and Syi

corresponds to the yi-th row of the hierarchical similarity
matrix, representing the ground-truth similarity.

Critically, we apply this calibration only to non-tail sam-
ples to prevent confusion in tail classes with scarce data.
This directional constraint ensures that knowledge flows
from head to tail classes, leveraging the semantic proxim-
ity defined by the hierarchy to enhance tail class represen-
tations. The resulting feature alignment forms a more struc-
tured visual space, providing a solid basis for the subsequent
classifier-level calibration, establishing a coherent pipeline
from structural prior to final predictions.
Classifier-Level Calibration While feature-level calibra-
tion organizes visual representations according to the hier-
archy, it doesn’t directly constrain classifier decision bound-
aries. This is critical in long-tail recognition, where tail
classes suffer from ambiguous boundaries due to insufficient
samples. To address this, we introduce classifier-level cali-
bration that leverages hierarchical structure to guide predic-
tions toward semantically plausible decisions.

Formally, we treat the hierarchical similarity matrix S as
a structured “teacher” for knowledge distillation. Instead of
conventional one-hot targets, we use rows of S as soft labels
that encode semantic relatedness between classes. These soft
labels provide richer supervision signals, ensuring predic-
tions respect semantic proximity—classes that are hierarchi-
cally closer receive higher probabilities for related samples.
This directly counters the long-tail bias inherited from pre-
training that causes standard classifiers to violate semantic
relationships, particularly for tail classes.

Given an input xi with feature zi, the classifier hm pro-
duces logits li = hm(zi), which are converted to probabili-
ties via a temperature-scaled softmax: pi = softmax(li/τl),
where τl is a hyperparameter that controls the sharpness of
the output distribution. The distillation loss Ldis is then for-
mulated as the Kullback-Leibler (KL) divergence between
pi and the corresponding hierarchical soft label Syi :

Ldis =
1

Ñ

Ñ∑
i=1

KL (pi ∥Syi
) . (4)

This loss effectively regularizes the model’s output distribu-
tion to align with the semantic structure defined by the hier-
archy, ensuring that predictions for tail classes are informed
by their semantic relationships with better-represented head
classes. This classifier-level calibration complements the
feature-level one: while feature-level alignment constructs
a semantically organized representation space as a robust
foundation, classifier-level constraints directly shape deci-
sion boundaries to respect hierarchical relationships.

Overall Learning Objective
Our complete training objective integrates three comple-
mentary components that address different aspects of the
long-tail recognition challenge. The primary component is
the classification loss Lcls, for which we adopt the logit
adjustment (LA) strategy (Menon et al. 2021), a technique
widely validated for long-tail recognition. This loss adjusts
the model’s output logits based on class distribution priors
to counteract the tendency to over-predict head classes:

Lcls = − 1

N

N∑
i=1

log
exp(li,yi + log qyi)∑K
k=1 exp(li,k + log qk)

, (5)

where li,yi
is the logits for the ground-truth class yi, and qk is

the prior probability of class k, estimated from its empirical
frequency (Nk/N ) in the training set.

To this foundation, we add our two hierarchical calibra-
tion losses: the feature-level MSE loss Lmse that aligns
visual features with the hierarchical structure, and the
classifier-level distillation loss Ldis that regularizes predic-
tions. The final training objective is a weighted combination:

L = Lcls + αLmse + βLdis, (6)

where α and β are scalar hyperparameters that balance the
contribution of each component. The effectiveness of this
combined objective and an analysis of alternative classifi-
cation losses are validated in our experimental section. The
overall training procedure can be found in Appendix A.

Experiments
Experimental Setup
Datasets We evaluate our method on three widely used long-
tail recognition benchmarks: ImageNet-LT (Liu et al. 2022),
Places-LT (Liu et al. 2022), and iNaturalist 2018 (Van Horn
et al. 2018). The hierarchical structure of ImageNet is de-
rived from WordNet (Miller 1995); Places provides a two-
level scene hierarchy; and iNaturalist 2018 includes a seven-
level biological taxonomy, ranging from kingdom to species.
Dataset details are provided in Appendix B.
Baseline Methods Following Shi et al. (2024b), we com-
pare against three categories of approaches: (1) conventional
methods that train models from scratch, (2) methods based
on pre-trained foundation models, and (3) methods that uti-
lize additional external data. For fairness, we adopt the same
training settings as the competing methods. Details of the
compared baselines are provided in Appendix C.
Implementation Details The image encoder gm is built on a
frozen ViT-B/16 from CLIP (Radford et al. 2021) with learn-
able Adapter modules (Houlsby et al. 2019) inserted into
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Methods Backbone Learnable
Params. Epochs Overall Head Medium Tail

Training from scratch

MiSLAS (Zhong et al. 2021) ResNet-50 23.51M 180+10 52.7 62.9 50.7 34.3
LA (Menon et al. 2021) ResNet-50 23.51M 90 51.1 - - -
DisAlign (Zhang et al. 2021) ResNet-50 23.51M 90 52.9 61.3 52.2 31.4
NCL (Li et al. 2022b) ResNet-50 23.51M 400 57.4 - - -
ProCo (Du et al. 2024) ResNet-50 23.51M 180 57.8 68.2 55.1 38.1
CBTS (Zhao et al. 2025) ResNet-50 23.51M 90 59.8 70.0 57.3 39.1
LiVT (Xu et al. 2023) ViT-B/16 85.80M 100 60.9 73.6 56.4 41.0

Fine-tuning foundation model

BALLAD (Ma et al. 2021) ViT-B/16 149.62M 50+10 75.7 79.1 74.5 69.8
Decoder (Wang et al. 2024) ViT-B/16 21.26M ∼18 73.2 - - -
HGLTR(Ours) ViT-B/16 1.61M 10 77.4 80.4 76.5 72.1

Fine-tuning with extra data

VL-LTR (Tian et al. 2022) ViT-B/16 149.62M 100 77.2 84.5 74.6 59.3
GML (Suh and Seo 2023) ViT-B/16 149.62M 100 78.0 - - -

Table 2: Comparison performance (Top-1 Accuracy%) on ImageNet-LT.

Methods Backbone Learnable
Params. Epochs Overall Head Medium Tail

Training from scratch (with an ImageNet-1K pre-trained backbone)

OLTR (Liu et al. 2022) ResNet-152 58.14M 30 35.9 44.7 37.0 25.3
MiSLAS (Zhong et al. 2021) ResNet-152 58.14M 90+10 40.4 39.6 43.3 36.1
DisAlign (Zhang et al. 2021) ResNet-152 58.14M 30 39.3 40.4 42.4 30.1
ALA (Zhao et al. 2022) ResNet-152 58.14M 30 40.1 43.9 40.1 32.9
LiVT (Xu et al. 2023) ViT-B/16 85.80M 100 40.8 48.1 40.6 27.5

Fine-tuning foundation model

BALLAD (Ma et al. 2021) ViT-B/16 149.62M 50+10 49.5 49.3 50.2 48.4
Decoder (Wang et al. 2024) ViT-B/16 21.26M ∼34 46.8 - - -
LPT (Dong et al. 2023) ViT-B/16 1.01M 40+40 50.1 49.3 52.3 46.9
GNM-PT (Li et al. 2024) ViT-B/16 1.01M 100 50.1 46.6 53.3 49.4
HGLTR(Ours) ViT-B/16 1.61M 10 51.4 51.1 51.6 51.2

Fine-tuning with extra data

VL-LTR (Tian et al. 2022) ViT-B/16 149.62M 100 50.1 54.2 48.5 42.0
RAC (Long et al. 2022) ViT-B/16 85.80M 30 47.2 48.7 48.3 41.8

Table 3: Comparison performance (Top-1 Accuracy%) on Places-LT.

each Transformer block. The linear classifier hm has a fea-
ture dimension dm = 768 that matches the backbone output,
and the text embeddings have a dimension dt = 512. Both
dimensions are determined by the pre-trained model. Train-
ing details are provided in Appendix D.

Result Analysis

Tables 2–4 present the Top-1 accuracy, learnable backbone
parameters, and training epochs on three benchmarks, with
the best scores bolded. The results reveal consistent and no-
table advantages of HGLTR over both traditional and foun-
dation model-based baselines, confirming HGLTR’s univer-
sal applicability. Leveraging domain knowledge of class
semantic hierarchies, our dual-level calibration effectively

transfers knowledge from head to tail classes while preserv-
ing the model’s original capabilities.

ImageNet-LT HGLTR achieves the highest overall accuracy
of 77.4%, outperforming all baselines in tailed classes, in-
cluding those using external data. It significantly improves
tail-class accuracy (72.1%), highlighting its strength in ad-
dressing class imbalance. With only 1.61M learnable param-
eters and 10 training epochs, HGLTR is not only accurate but
also highly efficient. Compared to BALLAD and Decoder,
HGLTR delivers gains of +1.7% and +4.2% overall. While
VL-LTP (Tian et al. 2022) and GML (Suh and Seo 2023) in-
corporate additional external data sources, GML achieves a
0.6% higher accuracy than our method overall. Importantly,
our approach does not rely on any external data; all hierar-
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Methods Overall Head Medium Tail

ALA (Zhao et al. 2022) 70.7 71.3 70.8 70.4
ProCo (Du et al. 2024) 75.8 74.0 76.0 76.0
CBTS (Zhao et al. 2025) 72.8 72.1 73.2 72.4
LPT (Dong et al. 2023) 76.1 - - 79.3
LiVT (Xu et al. 2023) 76.1 78.9 76.5 74.8
GNM-PT (Li et al. 2024) 76.3 76.3 77.6 75.0
HGLTR (Ours) 76.8 70.6 76.4 78.8

Table 4: Comparison performance (Top-1 Accuracy%) on
iNaturalist 2018.

chical information is extracted solely based on classes, mak-
ing it more practical for real-world applications where addi-
tional data may not be available.
Places-LT HGLTR again sets a new SOTA with 51.4% over-
all accuracy. It achieves balanced improvements across head
(51.1%), medium (51.6%), and tail (51.2%) classes, demon-
strating robust generalization across the long-tail distribu-
tion. The near-identical performance across distribution cat-
egories reveals HGLTR’s unique ability to mitigate repre-
sentation collapse in tail classes, which typically suffer from
ambiguous decision boundaries in scene recognition tasks.
iNaturalist 2018 HGLTR achieves the highest overall accu-
racy (76.8%) and excels on tail classes (78.8%), demonstrat-
ing strong scalability to large-scale, fine-grained datasets
with a seven-level taxonomy. Its notable tail-class advan-
tage (+8.2% over head classes) arises from effective knowl-
edge transfer across taxonomic levels, leveraging hierarchi-
cal structure to compensate for limited training data on rare
species. Full results are provided in Appendix E.

Ablation Study
Effectiveness of Components We conduct an ablation study
on ImageNet-LT to evaluate HGLTR’s components. Table 5
shows that both loss terms: Lmse and Ldis contribute posi-
tively to model performance. Their combination leads to the
highest gains, pushing tail accuracy to 72.1%, which is criti-
cal for long-tail recognition. Notably, Ldis provides a +3.6%
boost in tail accuracy over using Lmse alone, demonstrating
that hierarchical distance-based supervision is highly effec-
tive for enhancing generalization to rare classes. Additional
results on hierarchical prompts and head-to-tail transfer con-
straints are presented in the Appendix F.
Sensitivity to Hyperparameters We evaluate HGLTR’s
sensitivity to key hyperparameters α and β on the ImageNet-
LT dataset. As shown in Fig. 4, HGLTR is robust to varia-

Component Overall Head Medium Tail
Lmse Ldis

✓ - 76.3 80.6 75.3 68.5
- ✓ 76.4 80.3 75.4 69.5
✓ ✓ 77.4 80.4 76.5 72.1

Table 5: Effectiveness (Top-1 Accuracy%) of HGLTR com-
ponents on ImageNet-LT.

(a) Sensitivity effect of α. (b) Sensitivity effect of β.

Figure 4: Hyperparameter sensitivity analysis (Top-1 Accu-
racy%) on ImageNet-LT. (a) Performance with α and β fixed
at 0.01. (b) Performance with β and α fixed at 0.1. Overall
accuracy is highlighted in the plot.

PEFT Learnable
Params. Overall Head Tail

Zero-Shot 0.00M 67.2 68.2 66.6
LoRA (Yu et al. 2023) 2.76M 75.7 79.9 64.8
LIFT (Shi et al. 2024b) 1.25M 76.7 80.2 70.6
VPT-Shallow (Jia et al. 2022) 0.41M 74.2 79.3 60.0
VPT-Deep (Jia et al. 2022) 0.49M 76.3 79.7 69.2
Adapter (Houlsby et al. 2019) 1.61M 77.4 80.4 72.1

Table 6: Performance (Top-1 Accuracy%) of HGLTR using
different PEFT on ImageNet-LT.

tions in the weight α, while performance is most sensitive
to β, which governs the influence of hierarchy-aware reg-
ularization. A moderate β (e.g., 0.1) yields optimal results,
confirming that softly guided transfer via hierarchical priors
is both stable and impactful.
Analysis of PEFT Table 6 compares HGLTR with other
PEFT strategies. The Adapter achieves the best overall accu-
racy (77.4%), outperforming others. While all PEFT mod-
ules improve upon the CLIP zero-shot baseline, Adapters
strike the best balance between adaptation capacity and pa-
rameter efficiency, confirming their suitability for long-tail
transfer. Additional comparisons with different loss func-
tions are reported in the Appendix G.

Conclusion
This work addresses performance degradation of pre-trained
VLMs in long-tail recognition, caused not only by fine-
tuning limitations but fundamentally by inherent bias from
the long-tail distribution. We propose HGLTR, the first
framework injecting hierarchical knowledge into CLIP-like
models through dual-level calibration, aligning visual fea-
tures with hierarchy-guided structures at the feature level
and employing distillation with hierarchical soft labels at
the classifier level. Extensive experiments show HGLTR
achieves SOTA results with significant tail-class accuracy
gains. In the future, we plan to explore automatically
constructing hierarchies for domains lacking taxonomic
structures and applying hierarchical calibration to broader
distribution-shift scenarios.
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