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Abstract

Oracle bone inscriptions represent the earliest known mature Chinese writing
system and constitute invaluable primary sources for studying Shang-dynasty
history; yet automated recognition remains hindered by an intrinsically long-
tailed class distribution, in which common characters vastly outnumber rare
ones, as well as by high inter-class visual similarity. Existing approaches address
this imbalance primarily through data augmentation or re-weighting, leaving
the underlying label-space skewness largely intact. Here we propose ROOTS
(Recognizing Oracle Bone Inscriptions via an Organized Tree Structure), a hier-
archical framework that restructures the original 1,771 fine-grained classes into
80 size-balanced superclasses via DINOv2-based prototype extraction and size-
aware hierarchical clustering, reducing the mean-to-median class-size ratio from
6.6X to 1.2X. Recognition then proceeds coarse-to-fine: a shared root branches
into semantic superclasses before resolving individual characters, with a winner-
take-all mask confining predictions to the relevant branch. We further integrate
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a vision-language pathway in which Qwen3-VL, guided by structured glyph
descriptions, performs fine-grained discrimination under stochastic prompt regu-
larization. On a mixed benchmark of 395,845 images spanning five public corpora,
ROOTS achieves 95.28% Top-1 accuracy and 99.38% Macro Top-1 accuracy, an
absolute gain of 14.2 percentage points over the strongest visual baseline, while
lifting tail-class accuracy to 99.83%. These results establish ROOTS as a robust,
interpretable solution for long-tailed ancient-script recognition with potential
extensibility to other logographic writing systems.

Keywords: Oracle bone character recognition, Long-tailed distribution, Hierarchical
classification, Vision-language model, Superclass generation

Introduction

Oracle bone inscriptions, the earliest known mature writing system in China, are not
only the origin of Chinese characters but also valuable first-hand historical materials
for investigating the politics, economy, culture, and natural environment of the Shang
and Zhou periods. Since their discovery at Yinxu in 1899, their decipherment and study
have continued for more than a century and have become one of the central research
fields in archaeology and paleography. However, among the approximately 4,500 exca-
vated single-character categories, only more than 1,600 have been generally accepted as
deciphered by the scholarly community, while nearly two-thirds remain undeciphered.
These unknown characters are typically characterized by complex structures, scarce
samples, and limited contextual occurrences, making them one of the major bottle-
necks in advancing oracle bone inscription research. In this study, we focus on oracle
bone character recognition, i.e., fine-grained classification of single-glyph oracle-bone
images.

With the rapid development of artificial intelligence, the deep integration of com-
puter vision and natural language processing has opened a new technical route for
automated recognition and assisted interpretation of oracle bone inscriptions. Early
Al-powered recognition systems established strong image-based pipelines [1]. More
recent diffusion-based approaches further advanced visual decipherment [2]. Multi-
modal approaches further improved cross-modal understanding [3]. Related work has
also examined the perceptual sensitivity of large multimodal models, providing use-
ful context for evaluating fine-grained visual discrimination in multimodal recognition
systems [4]. Over the course of this development, oracle bone recognition has evolved
from recognizing clean hand-copied tracings produced by later scholars to recognizing
noisy characters directly from original rubbings. Recent survey work has further sum-
marized the broader progress of information processing for oracle bone inscriptions
from the perspectives of recognition, decipherment, and multimodal understanding
[5]. At the same time, more in-depth studies have focused on data imbalance, among
which the long-tailed distribution is the most representative challenge.



A long-tailed distribution refers to the phenomenon in which a small number of
categories (head classes) contain abundant samples, whereas the vast majority of cate-
gories (tail classes) contain only a few samples [6]. In oracle bone studies, some common
characters, such as those denoting person, sun, and moon, occur frequently in exca-
vated materials and therefore have sufficient samples. By contrast, characters denoting
specific sacrificial rituals, rare species, or geographic names may appear only once or
twice among tens of thousands of oracle bones. When such an extremely imbalanced
distribution is used to train computer vision recognition models, the resulting models
are prone to predictive bias and tend to misclassify tail classes as head classes; this
issue has motivated class-balanced loss [7], decoupled training [8], and logit adjustment
[9].

To address this problem, many researchers have proposed effective solutions in
recent years. One major direction is data augmentation for oracle bone images.
CycleGAN-style transfer has been used to map clean handwritten forms to realistic
oracle-bone textures [10]. Two-stage GAN pipelines further improve pseudo-sample
quality and diversity [11]. In parallel, dynamic augmentation strategies [12] and adver-
sarial augmentation strategies [13] have been introduced to improve robustness under
class imbalance. Another line of work focuses on diffusion models and structure-
aware sample synthesis. Compared with GANs, diffusion models generally provide
better image diversity and fidelity for delicate oracle bone structures. Representative
approaches include structure-aware generation/reconstruction pipelines [14], which
effectively assist downstream recognition.

The overall ROOTS framework is illustrated in Fig. 1.

The methods discussed above mainly address the long-tailed problem in ora-
cle bone character recognition through data augmentation. On the algorithmic side,
many researchers have also proposed effective solutions, including Al-powered recog-
nition pipelines [1], imbalance-aware training strategies and benchmarks [15, 16], and
domain-transfer-based recognition frameworks [17]. These methods improve recogni-
tion under sparse supervision, but the core label-space imbalance remains an important
bottleneck. To our knowledge, existing studies mainly mitigate long-tailed effects
through data augmentation or imbalance-aware learning, rather than restructuring
the original label space itself, so the recognition difficulty induced by the intrinsic
long-tailed distribution is not directly reduced at the label-space level. One promising
direction is therefore to replace flat recognition with a superclass-based hierarchical
formulation. Rather than crudely collapsing categories, hierarchical classification reor-
ganizes the original flat label space into a coarse-to-fine structure, so that prediction
proceeds from broader groups to finer character identities [18]. For oracle bone recog-
nition, such a reformulation is particularly attractive because it narrows the candidate
space at each decision stage, weakens the direct competition between heavily sam-
pled head classes and severely underrepresented tail classes, and separates globally
distinct groups before discriminating among highly similar glyphs within each group.
In addition, the intermediate superclass prediction provides an explicit decision path
for the final output, making the recognition process more interpretable than a single
flat classifier.



Frequent Long-talled

— L ) Shallow Visual Features Deep Congnitive Features
R NEE o e
00000 >} (¢ =,
B o J 00000 O§i<{ T ‘ — .| Joint Representation/
= —> Foature tokens — Pt rodes sn?e‘«jj: Feature Fusion
elational no re
Long-tailed Character Inputs |- & 3l ed
- Local contours, stroke contouns, stroke semantic associations TS
& textures, surface morphology
y=F(XplXs)
Symmetric l
Elegant [ Shared Recognition Roots ]
Hierarchy I
Intermediate animal-related human-related bird-related water-related
Semantic
Branches
Fine-grained
Character
Classes

sheep maidservant sister turtiedove

Fig. 1 Overview of the ROOTS framework for hierarchical oracle bone character recognition. The
upper section illustrates the feature extraction pipeline: oracle bone images with a long-tailed class
distribution are processed through shallow visual features (local contours, stroke textures, and surface
morphology) and deep cognitive features (relational nodes and structured embeddings), which are
then fused into a joint representation y = F(Xp | Xg). The lower section depicts the coarse-to-
fine classification hierarchy, where a shared recognition root branches into intermediate semantic
superclasses (e.g., animal-, human-, bird-, and water-related forms), each further subdivided into fine-
grained character classes.

Hierarchical strategies have shown clear value across recognition problems that
share the structural difficulties of oracle bone character classification. In large-scale
image classification, reorganizing categories into a learned structure improves both
efficiency and predictive performance by reducing the effective inference space [19].
In fine-grained and taxonomy-aware recognition such as plant species identification,
coarse grouping helps reduce confusion among subtly different categories [20]. In med-
ical image diagnosis, parent-child label organization supports fine-grained subtype
discrimination and more interpretable decisions [21]. In document or script recognition,
multi-level semantic organization improves robustness under substantial visual vari-
ation and inter-class similarity [22]. These applications all involve large label spaces,
strong fine-grained resemblance, or category imbalance, which closely parallels the
challenges of oracle bone recognition. Motivated by these successes, we investigate
whether oracle bone character recognition can also benefit from a learned superclass
hierarchy and, based on this intuition, reorganize the original label space and perform
recognition in a coarse-to-fine manner.

To address these limitations, we propose the ROOTS framework, which first gener-
ates size-balanced superclasses through a pipeline of feature extraction, representative-
character selection, and hierarchical clustering, and then performs coarse-to-fine



recognition through both a purely visual implementation and a multimodal imple-
mentation based on large vision-language models, both of which mimic the human
tree-structured cognitive process. Under the newly constructed superclass system, the
data distribution becomes substantially more balanced, enabling end-to-end oracle
bone image recognition. The main contributions of this study are as follows:

1. We reorganize 1,771 fine-grained oracle bone character classes into 80 size-balanced
superclasses using DINOv2 prototypes and size-aware hierarchical clustering,
thereby reducing structural label-space imbalance.

2. We design a coarse-to-fine ROOTS framework with hierarchical prediction heads
and winner-take-all masking, and we instantiate it in both visual-only and VLM-
based settings.

3. On the mixed dataset of 395,845 images, ROOTS improves Macro Top-1 accu-
racy from 85.16% achieved by the pre-trained ConvNeXt-Base baseline to 99.38%
achieved by ROOTS with Qwen3-VL-2B, with substantial gains on tail classes.

Methods
Task Definition

In this section, we formally define the problem of long-tailed oracle bone character
recognition and introduce our hierarchical task formulation.

Standard Recognition Task. Let D = {(z;,%;)}}Y, denote the oracle bone
image dataset, where x; € X is the input image and y; € ¥ = {1,2,..., K} is the
corresponding fine-grained class label. In our mixed dataset, K = 1771. Let N; denote
the number of training samples belonging to class j € ). Since oracle bone data are
intrinsically long-tailed [6], these class frequencies satisfy Ny > Ny > --- > N after
sorting, with a substantial gap between frequent head classes and rare tail classes. The
standard objective is to learn a flat mapping F' : X — )); however, directly optimizing
on such an imbalanced fine-grained label space makes the predictor highly vulnerable
to head-class bias [7].

Superclass Formulation. To mitigate this structural imbalance, we reorganize
the original fine-grained label space into a superclass space V. = {1,2,..., K.}, where
K. < K. In this study, K. = 80. We define a surjective mapping ¢ : J — ). that
assigns each fine-grained class to a semantically related and size-balanced superclass.
Accordingly, for each superclass k € )., we denote by C(k) = {y € YV | ¢(y) =
k} the subset of fine-grained classes contained in that branch. This reformulation
converts the original flat recognition problem into a structured prediction problem
over a coarse-to-fine hierarchy.

Hierarchical Recognition Task. Based on the generated superclass system,
we redefine recognition as two sequential sub-tasks: coarse-level prediction over ).
and fine-grained prediction conditioned on the selected superclass. The model first
estimates the superclass posterior P(y. = k | ), where y. denotes the superclass label,
and determines the optimal superclass

Je = Ply, = k | z), 1
§e = arg max (v | ) (1)



where ¢, denotes the predicted superclass index. The final prediction is then restricted
to the candidate subset covered by .:

g =arg max P(y|z,q.). (2)
y€C(Je)

Here, § denotes the final predicted fine-grained class. This coarse-to-fine formula-
tion explicitly narrows the candidate space at each decision stage and weakens the
direct structural competition between heavily sampled head classes and severely
underrepresented tail classes.

Superclass Generation

To handle the extreme long-tailed distribution and high visual similarity among oracle-
bone glyphs, we propose a size-aware hierarchical clustering algorithm. The purpose
of this process is to aggregate fine-grained classes into semantically related and size-
balanced superclasses, thereby reducing the complexity of downstream recognition.
This design is consistent with prior findings on hierarchical classification in large
taxonomies [23] and hierarchy-aware category structure learning [19].

The superclass generation workflow is shown in Fig. 2.

First, we use the pre-trained visual DINOv2 model to extract deep features for
each class. Given the original dataset, we adopt pre-trained DINOv2 (ViT-L/14) as
the feature extractor [24]. All images are first resized to 518 x 518 pixels by bicubic
interpolation and then normalized. For each class c, its feature prototype p. is obtained
by averaging the feature vectors f(x;) of all images in that class:

1
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where f(-) denotes the pre-trained DINOv2 feature extractor, p, is the prototype of
class ¢, and N, denotes the number of image samples contained in class c. In addition,
we select the image whose Euclidean distance to the prototype p. is the smallest as
the representative sample of that class. A prototype matrix is then constructed for
subsequent clustering.

Traditional Ward clustering tends to minimize the within-cluster sum-of-squares
error [25]. However, when applied to highly imbalanced data, it can easily produce
extremely large “giant clusters,” which is unfavorable for downstream classifier train-
ing. To handle this issue, we introduce a size penalty factor a and redefine the merging
cost function.

In the superclass generation procedure, the merge cost function for two clusters C;
and O is defined as

J(Ci, Cj) = ABwara(Cs, Cj) x (|Ci] + [Cy])* (4)
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Fig. 2 Workflow of superclass generation. The pipeline consists of three stages. Phase I (Proto-
type Selection): Fine-grained character images are encoded via a self-supervised DINOv2-Large
encoder, and the sample nearest to each class centroid p. in the embedding space is selected as the
prototype P., yielding a prototype set ¢ = {Pi,..., Px}. Phase II (Hierarchical Superclass
Construction): A semantic affinity matrix is computed using cosine similarity among prototypes,
followed by hierarchical clustering to produce a dendrogram; cutting the dendrogram to obtain M
clusters partitions the K fine-grained classes into M size-balanced superclasses. Output (Final Cat-
egory Mapping): A many-to-one mapping f : {1,...,K} — {1,..., M} assigns each fine-grained
class to its corresponding superclass, transforming the original long-tailed label space into a more
balanced hierarchical structure.

where AFEwarq is the standard Ward distance:

\CIICI

Sl = s ()

Here, J(C;, C;) denotes the penalized cost of merging clusters C; and Cj, |C;| and |C}]|
denote the numbers of image samples contained in the two clusters, and u; and p; are
their corresponding cluster prototypes. By introducing the penalty term (|C;|+|C;])*
the algorithm dynamically increases the cost of merging clusters that already contain
many samples. When « > 0, the continued expansion of large clusters is suppressed,
forcing smaller clusters to merge first and thereby automatically balancing the sample
sizes of the resulting superclasses during clustering.

Purely Visual Implementation of ROOTS

Building upon the established hierarchical task definition, we first instantiate the
ROOTS framework using a purely visual architecture. This implementation aims
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Fig. 3 Two implementation pipelines of the ROOTS framework. (a) Purely visual pipeline: An
augmented image z’ is passed through a ConvNeXt V2-Base backbone to extract feature v. A coarse
head produces superclass logits zcoarse, Which are scaled by a tunable factor a and concatenated
with v to feed the fine head. During inference, a winner-take-all (WTA) mask M({.) constrains
fine-grained predictions to the predicted superclass branch. The model is trained end-to-end with
a joint loss Liota] = Lcoarse + Leonsist + Line- (P) Multimodal pipeline: A semantic knowledge
base is constructed offline using Gemini with expert refinement. During inference, a frozen coarse
classifier predicts Pcoarse, which retrieves superclass-specific descriptions 7, from the knowledge base.
A stochastic prompt P = instruction 4+ b - 75 (where b ~ Bernoulli(0.5)) is constructed to prevent
over-reliance on text. The prompt and image are fed into Qwen3-VL, fine-tuned via LoRA, to produce
the final prediction.

to validate, using strictly visual evidence, the effectiveness of the superclass struc-
ture, independent of external semantic knowledge bases. The overall visual pipeline is
designed as an end-to-end learning system comprising three core components. First, a
deep convolutional backbone extracts robust visual representations, which are subse-
quently processed by dual prediction heads for coarse-to-fine hierarchical classification.
Second, a winner-take-all (WTA) constraint mechanism is introduced to strictly prune
the fine-grained candidate space during inference based on the coarse prediction.



Finally, the network is trained using a joint optimization objective that enforces seman-
tic consistency across different hierarchy levels. The specific formulations of these
modules are detailed in the following subsections.

The two ROOTS implementation pipelines are shown in Fig. 3.

Feature extraction and hierarchical prediction heads

Given an input oracle bone image x, an augmented image o’ = T'(x) is first obtained
through random augmentation operators. We use the ConvNeXt family [26], specifi-
cally ConvNeXt V2-Base with FCMAE pre-training [27], as the backbone network fjy.
After global average pooling, the visual representation vector v € R? is extracted as
follows:
v =GAP(fy(z')) (6)

where GAP(+) denotes global average pooling and d is the feature dimension.

This branch adopts a dual-head architecture for hierarchical classification. The
coarse head H,. first computes the superclass logits zcoarse and the corresponding
probability distribution Peoarse:

Zcoarse — Hc(v)a Pcoarsc = SOftmaX(zcoarsc) (7)

where H. is the coarse prediction head, zcoarse € R¥e denotes the superclass log-
its, Peoarse € AKe1 is the corresponding superclass probability vector, K. denotes
the number of superclasses, and A%<~! denotes the (K, — 1)-dimensional probability
simplex.

To enable information transfer across hierarchy levels, the coarse prediction is fed
back into the fine-grained feature space. By introducing a tunable scaling factor 3, we
construct a fused feature:

Ufine = [U H 6 . Zcoarse] (8)
where vgpe is the fused feature for fine-grained prediction, 8 controls the strength of
the fed-back coarse signal, and || denotes vector concatenation. The fine head H; then
outputs the final fine-grained class probability distribution:

Phine = softmax(H ¢ (Vgine)) ©)

where H; is the fine prediction head and pan. € AK=1 denotes the probability
distribution over the K fine-grained classes.

Winner-take-all (WTA) inference strategy

During inference, to effectively narrow the search space, we introduce a winner-take-
all (WTA) constraint mechanism, which is consistent with the general motivation
of hierarchical decision making in large-scale taxonomies [23]. The coarse head first
determines the predicted superclass:

@C = argmaxycy, Pcoarse,k (10)



where Peoarse,k denotes the predicted probability assigned to the k-th superclass.

Based on the ROOTS superclass hierarchy, a mask vector M(g.) € {0,1}¥ is
constructed, where K is the number of fine-grained classes. By applying element-wise
multiplication (Hadamard product) between this mask and the fine-grained probability
distribution, hard pruning of the candidate space is achieved:

gﬁne = afgmaxiey (pﬁne,iMi(gc)) (11)

where Jsne denotes the final fine-grained prediction, pane ; is the predicted probability
of the i-th fine-grained class, and M, (§.) is the i-th binary entry of the mask induced
by superclass ..

This strategy restricts fine-grained inference to the candidate subset covered by the
predicted superclass. In practice, it reduces interference from visually similar classes
outside that branch.

Joint optimization objective

We optimize the visual branch end-to-end using a weighted combination of three
loss functions: (1) the coarse classification loss Leoarse, 1-€., the cross-entropy between
Peoarse and the ground-truth superclass label; (2) the fine classification loss Lene,
i.e., the cross-entropy between pan. and the ground-truth fine-grained label; and (3)
the hierarchical consistency loss Leconsist, Which constrains the coarse-level marginal
induced by pgne to match the ground-truth superclass:

ﬁcoarso,k == Z Pfine,is Econsist - CE(i)coarsca y:) (12)
i€C(k)

where Peoarse, i 15 the coarse marginal probability obtained by summing the fine-grained
probabilities within superclass k, Deoarse is the resulting marginal distribution over
all superclasses, C(k) is the set of fine-grained classes belonging to superclass k, y*
denotes the ground-truth superclass label, and CE(:,-) is the cross-entropy loss.

The final loss function is defined as

Etotal = /\lﬁcoarse + >\2£ﬁne + >\3£consist7 >\1’ /\27 >\3 Z 0 (13)

where Lyioa1 is the overall training objective and Aj, A2, and A3 are non-negative
weighting coefficients.

Multimodal Implementation of ROOTS

While the purely visual implementation of ROOTS effectively navigates the superclass
hierarchy to reduce label-space imbalance, exclusive reliance on visual features can
still be limiting for distinguishing extremely rare tail classes that exhibit high inter-
class similarity. To further enhance discriminative capacity, we introduce a multimodal
implementation of ROOTS. This approach systematically integrates visual evidence
with structured semantic descriptions, leveraging the cross-modal reasoning capabil-
ities of large vision-language models to mimic a tree-structured cognitive process.

10



The multimodal pipeline is structured into two primary components. First, an offline
semantic knowledge base is constructed to explicitly encode the glyph-formation ratio-
nale and evolutionary characteristics of each fine-grained character. Second, an online
inference mechanism is designed using a random prompting strategy; this mechanism
retrieves relevant semantic priors based on the coarse-level prediction to guide the
fine-grained multimodal backbone. This dual-stage design forces the model to main-
tain robust visual discrimination while dynamically benefiting from external expert
knowledge. The specific methodologies for knowledge base construction and prompt
formulation are detailed in the subsequent subsections.

Semantic knowledge base construction

In the offline stage, we use Gemini 2.5-Flash as the description generator Ggese to
produce initial hierarchical descriptions for each fine-grained class, which are subse-
quently reviewed and refined by oracle bone specialists to ensure philological accuracy
and semantic consistency. For the representative image of class ¢, the semantic entry
T. is constructed as
Te = Ggesc(Image,, ., Instructionpier ) (14)

where Image,, . denotes the representative image of class ¢, Instructionpie, is the
hierarchy-aware prompt used for description generation, and 7. is the resulting
semantic description associated with class c.

All entries are stored in the semantic knowledge base K. Each entry covers
the glyph-formation rationale and evolutionary characteristics of the corresponding
character.

Random prompting mechanism for inference

During online training and inference, a frozen coarse classifier first predicts the super-
class 9. of the current image. We then retrieve the fine-grained description set under
that branch, ie., 75, = {7 | ¢ € C(y.)}, from the knowledge base K. To prevent
the model from over-relying on text, we adopt stochastic prompt regularization with
7 ~ Uniform(7y,) and b ~ Bernoulli(0.5). The multimodal prompt P is defined as

P = Instruction @ (b - 7) (15)

where Instruction denotes the base instruction template, 7 is the sampled superclass-
consistent description, b is the binary gate controlling whether the sampled description
is injected, @ denotes text concatenation, and P is the final prompt fed to the
multimodal model.

When b = 1, the input contains rich semantic priors; when b = 0, the model
receives only the basic instruction. This strategy forces the model to maintain robust
visual discrimination even in the absence of external knowledge.

11



Results

Composition of the original dataset
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Fig. 4 Statistical overview of dataset composition. Left: A donut chart showing the composition
of the mixed dataset (395,845 images in total), comprising five public oracle bone corpora: OBC306
(75.3%), HUST-OBC (18.8%), PictOBI-20k (3.8%), Oracle-50K-125 (1.1%), and OBI125 (1.0%).
Right: Stacked bar chart illustrating the unified 80:10:10 train/validation/test split applied consis-
tently across all subsets to ensure non-overlapping partitions and fair evaluation.

Many studies have shown that training on mixed datasets can enhance model gen-
eralization [12]. Accordingly, we adopt the same strategy and merge multiple publicly
available oracle bone datasets [28]. The resulting dataset consists of five major subsets
and exhibits a clear long-tailed distribution. OBC306 is the core component, account-
ing for 75.2% of the data [29], followed by HUST-OBC at 18.9% [28]. The remaining
sources are PictOBI-20k (3.8%) [30], Oracle-50K-125 (1.1%) [12], and OBI125 (1.0%)
[31]. This multi-source fusion covers oracle bone forms from different periods and
excavation backgrounds and substantially improves the generalization ability of the
dataset. To ensure rigorous and fair model evaluation, we apply a unified split ratio to
all five subsets. As shown in Fig. 4, each subset is randomly divided into 80% train-
ing, 10% validation, and 10% test data. This consistent partitioning not only stabilizes
training but also ensures that the test results accurately reflect model performance
across different data sources. Special care is taken in splitting long-tailed classes: when
a class contains more than three samples, the train/validation/test subsets are ensured
to contain at least one sample each; when a class contains exactly two samples, one
is assigned to training and the other to testing; when a class contains only one sam-
ple, it is assigned to the training set. Classes with only one sample are excluded from
validation/test-based class-wise evaluation metrics.
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Fig. 5 Long-tailed class distribution of the dataset. Sample counts per class (y-axis, log scale) are
plotted in descending order for (a) training set (1,771 classes, 316,285 samples), (b) validation set
(1,626 classes, 38,906 samples), (c) test set (1,685 classes, 40,654 samples), and (d) full dataset (1,771
classes, 395,845 samples). Dashed and dotted lines indicate the mean and median, respectively. Across
all splits, the mean exceeds the median by approximately 6-8% (e.g., 223.5 vs. 34.0 for the full set),
confirming a severe long-tailed imbalance where a small number of head classes dominate the sample
distribution.

A statistical analysis of 395,845 oracle bone images shows that the dataset exhibits
extreme class imbalance and a typical long-tailed distribution. In the complete dataset
containing 1,771 classes, the average number of samples per class is 223.5, whereas
the median is only 34.0. The fact that the mean is far larger than the median directly
reveals that a small number of head classes occupy most of the samples, while a vast
number of tail classes contain very few samples. The same phenomenon is also observed
in the validation and test sets.

Superclass dataset

Under the original distribution, the dataset is extremely imbalanced. A large statis-
tical gap exists between the overall mean (223.5) and median (34.0). In the training
set in particular, the median is only 27.0, indicating that more than half of the classes
have extremely few samples. This sparse long-tailed pattern severely hinders classi-
fier learning. After introducing the superclass structure, however, the balance of the
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Fig. 6 Distribution statistics of the superclass dataset. (a) Bar chart showing sample counts across
80 superclasses sorted by frequency (linear scale). The mean (3,954) and median (3,317) differ by only
1.19%, compared to 6-8X in the original fine-grained distribution (cf. Fig. 5), indicating substantially
improved class balance. (b) The same distribution on a logarithmic scale, where approximately 90%
of superclasses fall within the 1035 x 103 range, confirming reduced variance. Right panels illustrate
three representative superclasses: Superclass 10 (horizontal-bar structures), Superclass 39 (vertically
symmetrical pictographs with a central axis), and Superclass 51 (complex compositions with the bird
radical). These examples demonstrate that the generated superclasses preserve meaningful morpho-
logical and semantic coherence.

dataset is markedly improved. As shown in Fig. 6, the training set (316,285 samples)
exhibits a more statistically meaningful stepwise distribution over 80 superclasses. The
logarithmic-scale comparison in Fig. 6 (b) further reveals the extent of this balancing
effect. In log space, except for a few head superclasses, roughly 90% of the superclasses
remain within the same order-of-magnitude interval between 102 and 5 x 102 samples.
This convergence alleviates classifier bias toward high-frequency classes. Notably, the
superclass distribution still retains pronounced head characteristics, such as super-
class S18 (20,797 samples). This reflects the true archaeological distribution of oracle
bone characters: some core classes occur extremely frequently in excavated corpora
and are semantically too independent to be further merged under the learned hierar-
chy. Rather than forcibly down-sampling such classes, ROOTS uses the hierarchical
mask mechanism (WTA) to narrow the subsequent fine-grained search space.

Multimodal Dataset Construction

As shown in Fig. 7, we design a hierarchical multimodal instruction-construction
scheme for large vision-language models such as Qwen2-VL and Qwen3-VL [32]
under long-tailed distributions. The goal is to guide the model, through a structured
knowledge base K, to keep recognition anchored in visual evidence while reducing
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Fig. 7 Pipeline for multimodal training data construction. The framework takes two input sources:
raw character images and a structured knowledge base, and defines five training tasks (T1-T5) orga-
nized into three capability modules. Visual grounding: T1 (Visual-only Identification) establishes
a purely visual baseline y = f(z); T2 (Positive Context Alignment) pairs images with correct seman-
tic descriptions to strengthen vision-language alignment. Hallucination control: T3 (Misleading
Context Resistance) trains the model to ignore incorrect textual cues; T4 (Bias Rejection) teaches
the model to resist leading questions (e.g., “Is this &?”). Output calibration: T5 (Top-k Cali-
bration) presents confusable candidates in multiple-choice format to ensure the correct class ranks
above visually similar alternatives. Together, these tasks yield three core capabilities: visual intuition,
robustness to misleading context, and calibrated top-k prediction.

text-induced bias. This design is consistent with recent oracle-bone multimodal studies
[33].

Given the extreme imbalance of the oracle bone dataset (median 34.0 samples
per class, while head classes exceed 20,000 samples), we adopt a differentiated task-
construction strategy. For the top 20% most frequent classes, we use Task 1 and
Task 2 to strengthen alignment between visual features and domain semantics. For
the remaining 80% of medium- and tail-frequency classes, we use the full task set
(T1-T5) because visual evidence is much sparser. By introducing distracting text and
multiple-choice induction, the model is trained to preserve visual consistency even in
low-resource settings.

We define five core fine-tuning tasks as follows.

1. T1: Direct recognition. Only the original image x is provided, and the model
is trained to perform a purely visual mapping y = f(z), thereby establishing a
visually grounded baseline.

2. T2: Positive context injection. The image x is paired with the correct expert-
knowledge entry kT, i.e., y = f(z,kT), to strengthen alignment between visual
representations and class semantics.
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3. T3: Negative context injection. Distracting or incorrect text £~ is introduced,
and the model is forced to ignore misleading information while maintaining its
visually grounded judgment, i.e., y = f(z, k™) = Target.

4. T4: Anti-hallucination robustness training. Leading question forms, such as
“Is this the character for horse?”, are used to train the model to resist misleading
prompts and output a calibrated correct result.

5. T5: Top-k-induced calibration. Three visually similar candidate characters are
provided in multiple-choice form, and the model is required to make a precise
discrimination within a semantically confusing candidate space.

Oracle Bone Character Recognition Results
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Fig. 8 Comparison of average accuracy on the OBC306 benchmark. The horizontal bar chart ranks
15 methods by average accuracy (z-axis starts at 75% for visual clarity). ROOTS (Qwen3-VL-2B)
achieves the highest accuracy of 97.88%, outperforming the second-best method, ConvNeXt-Base
(Mix), by +12.73 percentage points. Methods labeled “(Mix)” are trained on the mixed multi-source
dataset. The comparison spans CNN-based baselines (ResNet, Res2Net, RegNet, SkNet, CNN-OBC),
Transformer-based models (ViT, Swin, SwinV2), long-tail-specific methods (DL-LWS-KD, AMEL,
Mix-TL), and the proposed VLM-based ROOTS framework.

Figure 8 reports the average accuracy of mainstream deep learning models on
OBC306. This metric provides a direct summary of overall recognition quality under
a unified evaluation setting. Methods whose names include “Mix” are trained on the
mixed dataset, while the others follow their corresponding standard training settings.
The results show a clear stepwise pattern, indicating that architectural and training-
strategy upgrades consistently improve long-tailed oracle bone character recognition.
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As shown in Fig. 8, ROOTS (Qwen3-VL-2B), a vision-language model based on
large-scale pre-training [32], achieves the best overall result, with an average accu-
racy of 97.88%. This result suggests that structured semantic priors provide additional
benefits beyond purely visual feature extraction for this task. Improved convolu-
tional or attention-based methods, including ConvNeXt [26, 27], DL-LWS-KD [34],
and AMEL [35], form the second tier. Earlier benchmark models, such as CNN-OBC
[29], RegNet [36], and ResNet-50, remain markedly lower. The benchmark setting also
includes representative CNN backbones such as SkNet [37] and Res2Net [38]. Overall,
the transition from conventional CNNs to Swin Transformer [39] and then to large
vision-language models [32] is accompanied by steady performance gains.

Table 1 Overall comparison on the mixed dataset. The best and second-best results in each
column are highlighted. M-Top-1 denotes Macro Top-1 accuracy.

Method Top-1 (%) Top-5 (%) M-Top-1 (%)
Pure Vision (Scratch)
ConvNeXt-Base 92.76 98.20 81.54
ResNet-101 92.66 98.23 82.23
ResNet-152 92.58 98.18 82.21
SwinV2-Base 93.85 98.42 84.98

Pure Vision (Pre-trained)

ConvNeXt-Base 94.12 98.59 85.16

ResNet-101 92.32 98.08 81.16

ResNet-152 92.49 98.16 81.26

SwinV2-Base 93.85 98.42 84.98

ROOTS (ConvNeXt-Base) 94.37 99.23 91.11
VLM-based

ROOTS (Qwen3-VL-2B) 95.28 98.42 99.38

To better analyze long-tailed recognition on the mixed dataset, we evaluate multi-
ple metrics for each method. As shown in Table 1, ROOTS (Qwen3-VL-2B) achieves a
Top-1 accuracy of 95.28% and a Macro Top-1 accuracy of 99.38%. Here, Macro Top-1
is computed over all evaluable classes on the mixed test set.

The clearest gain is observed in Macro Top-1. Compared with the best-performing
purely visual model (pre-trained ConvNeXt-Base), ROOTS (Qwen3-VL-2B) improves
Macro Top-1 by 14.22 percentage points (99.38% vs. 85.16%). Since Macro Top-1
weights all classes equally, this result indicates improved class-balanced recognition
rather than gains concentrated on frequent classes. In addition, the convolution-based
variant ROOTS (ConvNeXt-Base) achieves the highest Top-5 accuracy (99.23%),
supporting the robustness of the hierarchy-aware design.

To further examine model robustness under long-tailed conditions, we partition
the dataset by class frequency into head classes (top 30%), medium-frequency classes
(middle 50%), and tail classes (bottom 20%). Table 2 reports subset-wise Top-1 accu-
racy under this partition protocol. Traditional purely visual baselines, such as the
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Table 2 Top-1 accuracy across different frequency ranges on the mixed dataset. The best and
second-best results in each column are highlighted. Head/Medium/Tail denote the top 30%/middle
50% /bottom 20% classes by frequency.

Method Head (%) Medium (%) Tail (%)
Pure Vision (Scratch)
ConvNeXt-Base 93.39 91.65 82.86
ResNet-101 93.28 91.71 82.70
ResNet-152 93.19 91.57 82.91
SwinV2-Base 94.34 93.23 85.76

Pure Vision (Pre-trained)

ConvNeXt-Base 94.63 93.32 85.92

ResNet-101 92.96 91.16 82.21

ResNet-152 93.16 91.16 82.21

SwinV2-Base 94.34 93.23 85.76

ROOTS (ConvNeXt-Base) 93.45 95.17 91.23
VLM-based

ROOTS (Qwen3-VL-2B) 94.55 99.98 99.83

ResNet family and SwinV2, show substantial degradation on sparse tail classes, often
dropping from 93%-94% on head classes to around 82%-85% on tail classes. By con-
trast, ROOTS (ConvNeXt-Base) improves tail accuracy from the strongest baseline
level of 85.92% to 91.23%. The VLM-based variant ROOTS (Qwen3-VL-2B) yields
the largest gain on medium- and tail-frequency classes, including 99.98% accuracy on
the medium-frequency subset under the current evaluation protocol and 99.83% on
the tail subset.

Figure 9 shows detailed results on individual subsets. By comparing Fig. 9 (a) and
Fig. 9 (b), the performance of different models on five datasets (HUST-OBC, OBC306,
OBI125, Oracle-50K-125, and PictOBI-20k) exhibits a clear ranking pattern. The red
star-marked curve corresponding to ROOTS (Qwen3-VL-2B) consistently leads other
methods in both Top-1 and Top-5 accuracy. The yellow solid curve corresponding to
ROOTS (ConvNeXt-Base) ranks second and consistently outperforms purely visual
baselines, including the ResNet family, SwinV2, and the original ConvNeXt. Over-
all, ROOTS substantially reduces the performance gap across subsets from different
sources.

Figure 10 provides case-level evidence for long-tailed oracle bone character recog-
nition and is consistent with the quantitative results above. The figure presents
representative examples from high-frequency, medium-frequency, and tail categories.
Regardless of category frequency, the model ranks the ground-truth class at Top-1,
while Top-2 and Top-3 are typically visually similar distractors. This behavior sug-
gests that the model is not driven only by class-frequency bias and instead learns
fine-grained structural discrimination.

This effect is particularly important for long-tailed classes, where only a few sam-
ples are available and glyphs are easily confused with visually similar characters.
ROQOTS can still identify the target class by leveraging the structural, detailed, and
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Fig. 9 Per-subset accuracy comparison across five oracle bone benchmarks. (a) Top-1 accuracy and
(b) Top-5 accuracy are plotted for each test subset (HUST-OBC, OBC306, OBI125, Oracle-50K-125,
PictOBI-20k). Methods are trained either from scratch (S) or with ImageNet pretraining (P). ROOTS
(Qwen-VL), marked by red stars, consistently achieves the highest Top-1 accuracy across all subsets,
reaching 100% on OBI125, Oracle-50K-125, and PictOBI-20k. ROOTS (ConvNeXt-Base), shown in
yellow, ranks second overall and attains the highest Top-5 accuracy among purely visual methods.
Both ROOTS variants substantially reduce performance variance across heterogeneous data sources
compared to baseline models.

characteristic information encoded in candidate descriptions. This suggests that the
hierarchical recognition mechanism, which combines superclass priors with fine-grained
discrimination, effectively alleviates the tendency of conventional models to misclassify
tail classes as head classes.

In addition, the incorrect candidates shown in Fig. 10 usually share genuine simi-
larities with the ground-truth label in overall contour or local stroke composition. This
implies that the text prompts constructed in this work are not simple label annota-
tions; instead, they provide an interpretable basis for decision making, allowing the
model to calibrate visual evidence against semantic priors in a consistent manner.
Therefore, this visualization not only provides intuitive support for the substantial
gains of ROOTS on Macro Top-1 and tail accuracy, but also shows that the proposed
method improves both final recognition performance and the interpretable modeling
of oracle bone structural knowledge.

Ablation Study

To assess the contribution of each component in the proposed ROOTS framework, we
conduct a stepwise ablation study using Qwen3-VL-2B as the base model [32]. The
analysis focuses on four factors: mixed-source data construction, domain corpus injec-
tion, ROOTS-based knowledge organization, and scaling to a larger vision-language
model.

As reported in Table 3, the performance improves consistently as these compo-
nents are introduced, suggesting that the effectiveness of ROOTS arises from the joint
contribution of data enrichment, domain knowledge, structured semantics, and model
capacity.
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Fig. 10 Case-level visualization of ROOTS predictions across frequency categories. Each row rep-
resents a test sample from high-frequency (n = 617), mid-frequency (n = 25), or long-tail (n = 1)
classes, where n denotes the number of training samples. Columns show: input image, ground-truth
label (GT), Top-1/2/3 predictions, and candidate semantic descriptions. Across all cases, ROOTS
correctly ranks the ground-truth class at Top-1, while Top-2 and Top-3 candidates are visually simi-
lar distractors. The rightmost column displays structured text prompts for each candidate, organized
into three levels: Structure (45%4), Detail (477), and Cue ($§/F), demonstrating that the model lever-
ages interpretable glyph-level semantics rather than relying solely on class-frequency bias.

Table 3 Stepwise ablation study of ROOTS components. Tail denotes Top-1 accuracy on tail
classes. M-Top-1 denotes Macro Top-1 accuracy.

Methods Tail (%) Top-1 (%) M-Top-1 (%)
Qwen3-VL-2B 2.53 7.56 5.62
+MixData 37.34 42.24 39.63
+corpus (train) 50.24 65.73 61.24
+corpus (ROOTS) 99.83 95.28 99.38
+Qwen3-VL-8B 99.98 97.73 99.85

When Qwen3-VL-2B is directly applied to oracle bone character recognition, it
achieves 2.53% Tail accuracy, 7.56% Top-1 accuracy, and 5.62% Macro Top-1 accuracy.
These results indicate that a general-purpose VLM, without task-specific adaptation,
has limited effectiveness on this task.

After introducing MixData, the performance increases to 37.34% Tail accuracy,
42.24% Top-1 accuracy, and 39.63% Macro Top-1 accuracy. This improvement suggests
that mixed-source data helps alleviate the distribution mismatch caused by isolated
datasets and provides the model with a broader range of glyph forms and contex-
tual variations. The gain on the Tail metric is particularly notable, indicating that
expanded data coverage is beneficial for improving recognition of underrepresented
categories.
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Adding corpus (train) further improves the performance to 50.24% Tail accu-
racy, 65.73% Top-1 accuracy, and 61.24% Macro Top-1 accuracy. Compared with the
MixData setting, this result suggests that visual information alone is still insuffi-
cient for robust discrimination of rare classes. Incorporating domain text into training
appears to strengthen the alignment between visual representations and oracle-bone-
specific semantics, thereby providing additional guidance in low-resource settings and
improving both overall and class-balanced performance.

A more pronounced improvement is observed when corpus (train) is replaced with
corpus (ROOTS). Under this setting, the model reaches 99.83% Tail accuracy, 95.28%
Top-1 accuracy, and 99.38% Macro Top-1 accuracy. This result indicates that the gains
cannot be explained solely by adding more textual material. Instead, the organization
of oracle bone knowledge in ROOTS appears to play a central role by integrating glyph
structure, semantic relations, and category hierarchy into a structured knowledge
framework.

The attention comparison for corpus injection is shown in Fig. 11.
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Fig. 11 Effect of corpus injection on model attention. Each row shows an oracle bone character
with its attention maps visualized via Grad-CAM under two conditions: without corpus guidance
(w/o Corpus) and with corpus guidance (w Corpus). Warm colors indicate high attention intensity.
Row 1 (the OBC representing “to follow/sacrifice”): Without corpus, attention disperses and the
model misclassifies the input as “pig”; with corpus, attention concentrates on the central axis and
horizontal crossings, yielding the correct prediction. Row 2 (the OBC representing “trough”): Corpus
injection sharpens focus on the symmetric three-part structure and claw-like branch ends. Row 3
(the OBC representing “to capture”): Without guidance, the model predicts “to arrive”; corpus
redirects attention to the forked double horns and diamond-shaped center, correcting the prediction.
The rightmost column displays the injected semantic descriptions organized into Structure, Detail,
and Cue, demonstrating how domain knowledge guides visual grounding toward discriminative glyph
features.
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Figure 11 presents a qualitative comparison of the influence of corpus prior on the
attention distribution of Qwen-VL for oracle bone character recognition. Without prior
guidance (w/o Corpus), the model exhibits diffuse and incoherent attention patterns
and is easily distracted by locally similar features, which may lead to misclassification,
for example, predicting the OBC representing “to capture” as “to arrive”. After intro-
ducing corpus descriptions containing structural, detailed, and clue-level information
(with Corpus), the attention maps become more concentrated on discriminative glyph
regions, such as the forked double-horn structure or the central vertical axis, leading to
substantially better alignment between visual feature extraction and domain-specific
knowledge. This transition from random scattering to semantically focused attention
provides strong evidence that external prior knowledge can effectively guide visual
grounding in vision-language models under low-resource and highly ambiguous con-
ditions, thereby correcting prediction bias while improving both the robustness and
interpretability of model decisions.

Finally, replacing Qwen3-VL-2B with the larger Qwen3-VL-8B further improves
the performance to 99.98% Tail accuracy, 97.73% Top-1 accuracy, and 99.85% Macro
Top-1 accuracy. Although this improvement is smaller than that obtained from intro-
ducing corpus (ROOTS), the result still suggests that increased model capacity
provides additional benefits once domain alignment and structured knowledge support
are already in place.

Overall, the ablation study supports four observations. First, mixed-source data
improves domain generalization by broadening glyph coverage and reducing distri-
bution bias. Second, domain corpus injection enhances the alignment between visual
features and oracle-bone-specific semantics. Third, the ROOTS knowledge framework
contributes substantially to the recognition of tail classes and to balanced perfor-
mance across categories. Fourth, a larger VLM further improves the final performance,
although its contribution is more limited than that of structured domain knowledge.
Taken together, these results suggest that for oracle bone character recognition under
long-tailed distributions, improvements cannot be attributed to model scale alone;
rather, they rely on the combination of data diversity, semantic supervision, and
structured knowledge organization.

Discussion

The experimental results indicate that the proposed design is effective. The purely
visual ROOTS variant improves class-balanced recognition over strong pre-trained
baselines, especially on sparse tail categories. The multimodal ROOTS variant further
shows that integrating structured semantic descriptions with visual evidence improves
robustness under long-tailed conditions. In particular, the gains in Macro Top-1 accu-
racy and tail-category accuracy indicate that ROOTS strengthens discrimination for
rare and easily confused characters, which is the key bottleneck in practical oracle
bone character recognition.

Case-level visualization and ablation results suggest that the gains are not
explained by model scale alone, but by the interaction among mixed-source data con-
struction, domain-specific semantic supervision, hierarchical knowledge organization,
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and multimodal inference. More broadly, these findings indicate that oracle bone char-
acter recognition benefits from tighter integration of computer vision, multimodal
learning, and paleographic structural knowledge.

Despite these gains, three limitations remain. First, the quality of superclass con-
struction still depends on prototype-feature quality and clustering hyperparameters.
Second, the semantic knowledge base is partially generated by a general-purpose model
and may contain noisy descriptions. Third, evaluation in this study is conducted on
mixed public datasets; further validation on newly excavated materials and heavily
damaged rubbings is still needed.

Conclusion

This study presents ROOTS, a hierarchical and knowledge-enhanced framework for
long-tailed oracle bone character recognition. Unlike prior approaches that mainly
mitigate data scarcity through augmentation or optimize recognition directly within
the original imbalanced label space, ROOTS addresses the problem by reorganizing
the class system itself. Through deep-feature-based prototype extraction and size-
aware hierarchical clustering, ROOTS constructs a balanced superclass structure that
reduces the difficulty of fine-grained recognition while preserving meaningful glyph
relationships. The resulting coarse-to-fine pipeline is aligned with expert analysis work-
flows and improves class-balanced recognition in both visual-only and VLM-based
settings. Overall, ROOTS provides an effective, interpretable, and extensible solution
for long-tailed oracle bone character recognition and offers a practical foundation for
Al-assisted research on ancient Chinese writing systems.

Future work will focus on three directions: incorporating stronger paleographic
supervision for superclass construction, enriching the semantic knowledge base with
contextual and philological information, and validating the framework on more diverse
excavation materials and severely damaged rubbings.
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