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Abstract

Oracle bone inscriptions, the earliest mature Chinese writing system, are a
primary source for studying ancient Chinese civilization, yet their interpreta-
tion remains labor-intensive. Automatically detecting and recognizing visible
characters on rubbing images is therefore an entrance task for Al-assisted inter-
pretation. The Oracle Bone Inscription Multi-modal Dataset exposes the problem
of extreme long-tailed class distribution: aggregate evaluation conceals severe
performance defects on rare classes — the detector can reach an overall AP5q of
0.63, while the few-shot class AP5q is only 0.06. we conduct a systematic diag-
nosis with a frequency-aware stratified evaluation protocol, confirming that the
task bottleneck lies in long-tail recognition rather than class-agnostic localization,
and naive reweighting within the detection head is counterproductive. We thus
propose FAR-YOLO, a minimal decoupled baseline that separates localization
and recognition training, optimizing the recognition branch only with frequency-
aware sampling and morphology-preserving augmentation. While maintaining
nearly unchanged overall AP5q, FAR-YOLO improves the few-shot AP5¢ by 10.5
percentage points.

Keywords: oracle bone inscriptions, character detection, character recognition,
long-tailed recognition, few-shot recognition, YOLO, OBIMD, digital humanities



1 Introduction

Oracle bone inscriptions are the earliest known mature Chinese writing system,
inscribed on turtle shells and animal bones more than three thousand years ago, and
they constitute primary evidence for the study of early Chinese language, divina-
tion, ritual, and social organization. Their interpretation, however, remains slow and
dependent on a small community of specialists, because the excavated materials are
fragmentary, visually degraded, and written in highly variable ancient glyph forms.
Computational methods can support paleographic research by enabling large-scale
indexing, variant comparison, and contextual retrieval, but these higher-level functions
all rely on a more basic visual capability: a system must first read the visible charac-
ters in an oracle bone image. For rubbing images, one of the most widely used visual
records of oracle bone materials, this requires both locating each visible character and
assigning it a glyph identity. Oracle bone character detection and recognition therefore
form an entrance task for Al-assisted interpretation of oracle bone inscriptions.

Research on this task has been strongly shaped by the available annotations. Early
detectors based on SSD, YOLO, and Faster R-CNN, together with the OBI detection
dataset (later referred to as ODD), established character localization from rubbing
images as a measurable benchmark [1, 2]. Because these resources provide character
regions but not large-scale glyph identities, research could reliably evaluate whether a
character was found, but not which glyph it was, and the field therefore concentrated
on localization rather than complete detection and recognition. A few studies moved
beyond pure localization, but their recognition was restricted to small category sets or
to recognizers trained on separate datasets, such as the two-stage Prism-OBI with its
306-class cropped recognizer [8]; none defined a large-scale full-image setting in which
localization and glyph recognition are supervised and evaluated on the same dense
annotations.

The release of the Oracle Bone Inscription Multi-modal Dataset (later referred
to as OBIMD) [9], which provides both bounding boxes and glyph categories on the
same rubbing images, makes large-scale full-image oracle bone character detection
and recognition possible for the first time. Among public oracle resources, OBIMD is
uniquely suited to this study: earlier detection-recognition datasets cover only tens to
a few hundred glyph classes (for example, 40 classes [1] or 306 [8]), too few to exhibit a
realistic large-vocabulary long tail, whereas OBIMD spans more than 1,700 categories
on full rubbing images. It is therefore the only existing testbed for this problem, and
our quantitative conclusions are scoped accordingly. Extending the task to more than
one thousand glyph categories, however, reveals an extreme long-tailed distribution:
a few frequent categories dominate the training signal, while most categories contain
only a handful of samples (Figure 1). This inherits the long-tail and few-shot difficulties
already studied in cropped oracle character recognition, where data augmentation,
feature decoupling, and frequency-aware learning have been used to improve low-
frequency categories [10-13], and it indicates that oracle character recognition is far
from a balanced closed-set classification problem.

These recognition methods, however, assume that character crops are already avail-
able, and do not consider how long-tailed classification interacts with localization
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Fig. 1 Frequency distribution of OBIMD rubbing main-character categories. The dataset exhibits
an extreme long-tailed distribution, with over 60% of categories belonging to the few-shot regime.

and confidence estimation inside a detector. Under the full-image setting, this inter-
action produces a failure that conventional evaluation conceals: a competitive direct
multi-class YOLO baseline reaches 0.63 overall AP5q across three seeds, yet only 0.06
few-shot APsy. Aggregate AP cannot reflect such disparities across frequency groups,
which exposes a limitation of the evaluation protocols currently used for this task.
These observations point to a structural hypothesis: under extreme long-tail dis-
tributions, the closed-set detector formulation introduces a harmful coupling between
localization—which is robust and category-independent—and recognition—which suf-
fers from severe class imbalance. To test this hypothesis, we construct a simple
decoupled pipeline, called FAR-YOLO (Frequency-Aware Recognition YOLO), in
which a class-agnostic YOLO localizer handles character presence and a separate
crop-level recognizer handles glyph identity. The recognizer uses only straightforward
few-shot-aware exposure rebalancing and morphology-preserving data augmentation.
This design is intentionally minimal: its role is to probe the task structure and set a
strong baseline, not to introduce a novel model class. The frequency-aware evaluation
protocol makes the resulting rare-category behavior measurable and interpretable.
The contributions of this paper are as follows:

1. We diagnose the task structure of large-scale oracle bone character detection and
recognition. Long-tail learning is well studied for pre-cropped oracle characters, but
its interaction with localization inside a full-image detector has not been examined.
Evaluating on the OBIMD rubbing main-character setting under a frequency-aware
protocol, we show that (i) contrary to the field’s emphasis on detector engineering,
class-agnostic localization is already strong (APsq = 0.85, recall = 0.80) and far
less limiting than recognition; (ii) the obvious in-head remedy backfires, as naive
inverse-frequency reweighting of the detector head lowers overall AP5( rather than
helping the tail; and (iii) a minimal decoupled design substantially recovers few-shot
performance yet leaves the tail far from solved, while ranked candidates frequently
contain the correct rare glyph.



2. Adapting the stratified evaluation practice common in long-tailed detection, we
report a frequency-aware breakdown that partitions categories into head, medium,
long-tail, few-shot, and unseen groups. Per-frequency AP is itself standard; applying
it to this task is what exposes the rare-class collapse that aggregate AP conceals,
and we release the evaluation suite so that such diagnosis is reproducible.

3. We provide FAR-YOLO, a decoupled baseline that pairs a class-agnostic YOLO
localizer with a frequency-aware crop-level recognizer. FAR-YOLO improves few-
shot APg5o by 10.5 points and class-balanced APgg by 3.7 points over a direct
multi-class detector while maintaining overall AP5q, without aggressive classifier
replacement, complex reweighting, or extra data.

4. practical oracle bone character reading should move beyond closed-set forced classi-
fication toward candidate ranking, retrieval-assisted recognition, and paleographer-
in-the-loop verification.

2 Related Work

2.1 Oracle Character Detection

Early studies have validated the effectiveness of detectors such as SSD, YOLO, and
Faster R-CNN for oracle character localization from rubbing images [1, 14, 15], ODD
established a shared localization benchmark [2], enabling systematic comparison of
detectors under complex backgrounds, dense layouts, and broken strokes. Subsequent
work further improved localization performance through multi-scale feature enhance-
ment [16], small-object adaptation [17-21], and cross-domain robustness [22, 23].
Recent YOLO-based variants have also introduced multi-branch feature fusion and
efficient attention mechanisms to improve accuracy [24]. However, existing detection
datasets and evaluation protocols only focus on the accuracy of character region
localization, without providing dense glyph category annotations.

2.2 Oracle Character Detection and Recognition

Several studies have introduced recognition information beyond pure localization.
Early SSD experiments covered only tens of character classes on a small number of rub-
bing images [1], while engineering systems such as YOLO combined with MobileNet
relied on self-built small datasets [3]. Other work adopted a two-step approach of
“single-class detection followed by cropped character classification,” but the detec-
tion annotations contained only position information without glyph category labels
[4]. Furthermore, prototype-guided cyclic disentanglement, shape prior fusion, and
pseudo-category labeling, although incorporating glyph information into the detection
pipeline [5-7], did not perform end-to-end detection-recognition evaluation based on
a unified dense annotation system. Prism-OBI decoupled localization from 306-class
cropped character recognition [8], but its recognition vocabulary is far from sufficient
to cover the thousand-class glyph space of OBIMD.

Existing detection-recognition studies are either constrained by small category sets
or small data scales, or have not been validated under the “full-image dense annotation



with thousands of glyph classes” setting, and therefore cannot address the coupling
problem between localization and long-tailed glyph recognition in large-scale scenarios.

2.3 Long-Tailed Oracle Character Recognition

Oracle character recognition inherently exhibits long-tailed distribution characteris-
tics. Existing studies have proposed various solutions for the long-tail and few-shot
problems in cropped character recognition: Mix-Up augmentation and TailMix
improve minority-class performance through data augmentation [10, 11], decoupled
learning separates representation learning from classifier optimization [12], and the
FFD augmentor generates few-shot character variants through stroke-level deforma-
tion [13]. These methods also draw on core ideas from general long-tailed recognition,
such as Focal Loss and Balanced Softmax [25-28]. Broader surveys of oracle character
recognition identify data scarcity and writing variability as persistent obstacles [29],
while few-shot and prototype-based learning provide a foundation for extremely rare
categories [30, 31].

The above studies all assume that “character crop regions have already been accu-
rately obtained,” and do not consider the coupled challenges of full-image detection-
recognition. A direct YOLO-based multi-class detector must optimize small-object
localization, object confidence, and thousand-class long-tailed category boundaries
within the same detection head. Frequent categories tend to dominate gradient
updates, while the performance of low-frequency and few-shot categories is masked.
To date, no research has systematically analyzed the suitability of direct YOLO-
style detection-recognition under extreme long-tail conditions, nor has any evaluation
protocol been proposed to reveal failures that may be hidden by aggregate metrics.

3 Diagnostic Framework and Decoupled Baseline

3.1 Problem Formulation and Design Rationale

Given a rubbing image z, the full-image detection-recognition task contains a set of
visible character annotations A = {(b;,y;)}Y.;, where b; is the bounding box of the i-th
visible character and y; is its glyph category. The closed-set recognition space contains
the seen categories Cy, while categories without training samples are retained only for
unseen/open-set diagnosis. A prediction is correct only when both localization and
glyph identity are correct, so the task is stricter than single-class character localization.
A direct multi-class YOLO detector represents each candidate with a box, an
objectness score, and a |Cs|-way glyph posterior. Its training objective can be written
abstractly as
Cdircct = Ebox + »Cobj + AC1S£L?;| (1)
This formulation is compact, but it forces box regression, foreground confidence,
and more than one thousand imbalanced glyph boundaries to be optimized inside the
same dense prediction head. If n, denotes the number of training samples in class
¢, the classification contribution of frequent classes is naturally much larger than
that of rare classes. Few-shot glyphs therefore provide limited evidence for stable



decision boundaries, while simple rare-class reweighting may perturb the objectness
and ranking behavior of the detector head. The decoupled baseline is designed to
retain end-to-end prediction at inference time while separating the learning problems
of visible-character localization and long-tailed glyph recognition during training. The
goal is not to claim architectural novelty, but to instrument a minimal decomposition
whose diagnostic value is determined by the experiments.

3.2 Decoupled Localization and Recognition

This diagnostic formulation full-image oracle character detection and recognition into
class-agnostic localization followed by crop-level glyph recognition:

p(b,y | x) o po (b, object | ) py(y | z(b, x)), (2)

where py is the localization branch, z(b, z) is the normalized crop extracted from

box b, and py is the glyph recognizer. The localization branch is a YOLO11s detector

trained with a single foreground class, “oracle character.” Its objective removes the
dense glyph classification term:

‘Cloc = ‘Cbox + Lobj + /\fg[:fg- (3)

All visible characters contribute to foreground localization regardless of glyph iden-
tity. This design uses the statistical commonality of the task: although oracle glyph
identities are extremely imbalanced, the visual concept of a visible character region
is shared across all categories. The detector is therefore optimized for candidate cov-
erage and foreground-background separation rather than for sparse fine-grained class
boundaries.

For each predicted box l;j with localization confidence ¢;, the pipeline crops the
corresponding image region, pads it to a square white canvas, resizes it to the recog-
nizer input size, and obtains a glyph posterior py(c | z;) over the seen categories. The
final class-specific score is

Sje =45 Po(c|z5), ce€Cs. (4)

The predicted glyph is argmax, ps(c | z;), and the ranked detection-recognition
confidence is max. s; .. This multiplicative fusion keeps localization and recognition
uncertainty in the same candidate ranking: a poorly localized crop cannot be rescued
solely by a confident recognizer, and a visually plausible box is not ranked highly
unless its glyph identity is also confident. From the perspective of direct YOLO, The
decoupled baseline replaces the long-tailed dense classification head with a crop-level
recognition head whose training distribution can be controlled independently.

Figure 1 illustrates the complete inference and training logic of FAR-YOLO. The
upper stream starts from a complete rubbing image and uses class-agnostic YOLO
to produce visible-character proposals. Each proposal is converted into a normalized
crop and passed to the recognizer, which outputs glyph probabilities over the seen
categories. The detector confidence and recognizer confidence are then fused to gen-
erate ranked character candidates. The lower stream describes the recognizer training
process: crop-level samples are grouped by training frequency, rare classes receive



Proposed Two-Stage Frequency-Aware Detection-Recognition Framework
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Fig. 2 Overview of the decoupled baseline (FAR-YOLO). The figure shows the full rubbing
image, class-agnostic YOLO localization, crop construction, frequency-aware ResNet18 glyph recogni-
tion, exposure rebalancing, morphology-preserving augmentation, confidence fusion, confidence-gated
acceptance/rejection, and final textual candidates.

higher expected exposure, and morphology-preserving augmentation is applied before
the recognition loss. The framework therefore separates the two sources of difficulty
in the task: dense small-character localization is handled by the detector, while long-
tailed glyph discrimination and uncertain prediction handling are handled after crop
extraction.

3.3 Confidence-Gated Recognition and Rejection

In practical oracle character interpretation, forcing every detected crop to a closed-
set glyph label is undesirable. Some crops may be poorly localized, severely degraded,
ambiguous between variants, or belong to categories absent from the training set.
The baseline therefore uses a confidence-gated output rule in addition to ranked AP
evaluation. For a detected crop j, the accepted glyph label and confidence are

gj = argmaxs;., S; = Max sj.c. (5)

Given an operating threshold 7, the final output is

Vs if S5 > 7

output; = . .
reject, otherwise.

(6)

The reject decision does not introduce a new learned zero-shot class. It is a conser-
vative abstention mechanism that prevents low-confidence crops from being forced into
one of the seen categories. Rejected candidates can be passed to expert verification,
retrieval-assisted search, or a future open-set recognition module. This is particularly
important for OBIMD-style data because unseen categories are present at evaluation
time but have no training examples. The threshold 7 can be selected on validation
data according to the desired precision-recall trade-off. In the controlled experiments,



AP metrics are computed from ranked candidates, while thresholded precision, recall,
and F1 use the same score definition to evaluate the behavior of accepted predictions
at an operating point. This abstain-and-defer behavior is the operational counterpart
of the candidate-ranking direction that our diagnostics support: rather than forcing a
low-confidence crop into a seen label, the system can withhold a decision and route
the crop to ranked candidates or expert verification.

3.4 Frequency-Aware Recognition Training

After localization is decoupled from glyph classification, the remaining recognition
problem can be trained with a frequency-aware objective. Let Dyee = {(24,y:)} be the
crop-level training set and let n. denote the number of training crops in class c¢. Each
sample receives a group-dependent exposure weight

1, if y; is head or medium,;
w; = < a, if y; is long-tail; (7)
B, if y; is few-shot.

The recognizer is trained by sampling with replacement according to

P(i) = w; / > 8)

For an epoch containing M sampled crops, the expected exposure of class ¢ becomes
NcWe

2 g ndwa )

Thus, rare classes are not given new labels or external examples; instead, their
expected optimization exposure is increased relative to frequent classes. In the experi-
ments, head and medium classes use weight 1, long-tail classes use a = 3, and few-shot
classes use § = 8. This design targets the training imbalance directly while leaving
the detector unchanged.

The recognition objective further applies morphology-preserving augmentation.
Oracle glyph identity depends on stroke topology and relative component layout, so
aggressive transformations such as horizontal flipping, heavy mixup, or strong geomet-
ric distortion can alter the semantic identity of a character. the recognizer therefore
optimizes

E.=M

Lrec(9) = Einp, tnTrmonpn | — 108 o (yi | 1(2:))], (10)

where Tmorph contains mild affine, perspective, and photometric transformations
constrained to preserve the overall glyph structure. The role of this augmentation is
different from exposure rebalancing: sampling changes how often rare classes appear
during optimization, whereas morphology-preserving augmentation increases crop-
level robustness around each observed glyph without creating structurally invalid
characters.

The complete training procedure is therefore composed of two coordinated
objectives:



Hbin Lioc(0), md}n Lyrec(P). (11)

At inference time, the two branches are composed through the score s; . defined
above. The ablation experiments evaluate whether the observed gains come from
decoupling alone, rare-class exposure rebalancing, morphology-preserving augmenta-
tion, or their combination.

4 Results and Discussion

4.1 Experimental Details

We follow the same target setting as the OBIMD technical validation [9]. This study
focuses on the rubbing modality and the main-character label set. Missing-position
placeholder annotations are not treated as visible character detection targets in this
setting. Under this setting, the rubbing main-character subset contains 9,124 training
images, 953 validation images, and 953 test images. The corresponding annotation
counts are 82,535, 8,924, and 8,924. The label space contains 1,730 glyph categories
in total. Among them, 1,661 categories have at least one training instance and can
be evaluated as closed-set categories. The remaining 69 categories have no training
instance but appear in validation and test; they are retained as an unseen/open-set
diagnostic group.

Classes are divided according to the number of training samples. Head classes
contain at least 100 training instances; medium classes contain 20 to 99 instances; long-
tail classes contain 6 to 19 instances; few-shot classes contain 1 to 5 instances; unseen
classes contain no training instance. This grouping separates ordinary low-frequency
classes from the more severe few-shot and open-set regimes.

Table 1 Frequency distribution of OBIMD rubbing main-character categories.

Group Classes Train Inst. Val Inst. Test Inst.
Head 133 68,404 7,314 7,314
Medium 202 8,789 953 953
Long-tail 304 3,285 377 377
Few-shot 1,022 2,057 206 206
Unseen 69 0 74 74

The experiments separate the task into four complementary settings. Class-
agnostic localization measures whether visible character regions can be found before
recognition. Ground-truth crop recognition isolates glyph classification by evaluat-
ing recognizers on true boxes. Direct multi-class detection evaluates the compact
formulation in which YOLO predicts boxes and glyph categories jointly. Two-stage
detection-recognition evaluates whether localization and glyph recognition benefit
from separate learning mechanisms. FAR-YOLO belongs to the two-stage setting,
while direct multi-class YOLO serves as the compact end-to-end baseline.



The published OBIMD technical validation reports a direct YOLOv111 reference
on the same rubbing main-character subtask, with mAP@50 of 0.5141, mAP@50:95 of
0.3045, precision of 0.6386, recall of 0.4271, F1 of 0.5118, and average IoU of 0.7214 [9].

4.2 Compared Methods and Implementation

The main comparison includes both direct and decoupled formulations. The direct
multi-class YOLO detector predicts bounding boxes and glyph categories jointly and
serves as the compact detection-recognition baseline. To test whether the long-tail
problem can be handled within the detector itself, a class-weighted direct YOLO
variant is trained with inverse-frequency weights applied to the classification loss.
This baseline keeps the same direct architecture and modifies only the detector-head
classification objective.

The decoupled baselines use the same class-agnostic YOLO localizer as FAR-YOLO
and differ only in the crop-level recognizer. The cross-entropy two-stage cascade uses
a standard ResNet18 recognizer trained with cross entropy and provides the reference
two-stage baseline. The prototype-balanced cascade replaces the linear classifier with
a prototype-style classifier and uses Balanced Softmax, representing a stronger rare-
class correction strategy. FAR-YOLO uses the same localizer and ResNet18 backbone,
but trains the recognizer with few-shot-aware exposure rebalancing and morphology-
preserving augmentation.

Additional ablations isolate the effect of each design choice. The oversampling-
only variant applies the group-aware sampler without stronger augmentation, whereas
the augmentation-only variant applies morphology-preserving augmentation with-
out frequency-aware sampling. Logit-adjusted cascades calibrate recognition logits by
class-frequency priors during inference. Balanced Softmax, prototype classification,
and prototype classification with focal loss are used as diagnostic alternatives.

The controlled direct detector, class-weighted direct detector, and class-agnostic
detector use YOLO11s pretrained weights [32]. They are trained for 30 epochs with
image size 768, batch size 16, SGD optimizer, initial learning rate 0.01, final learning-
rate factor 0.01, momentum 0.937, weight decay 0.0005, NMS IoU threshold 0.7, and
maximum 300 detections per image. The class-weighted direct detector uses YOLO
classification-loss weight power cls_pw = 0.5.

All recognizers use an ImageNet-pretrained ResNet18 backbone, 128 x 128 input
crops, batch size 256, 5 training epochs, AdamW optimizer, learning rate 3 x 1074,
and weight decay 1 x 10~*. The prototype recognizer replaces the linear classifier
with a cosine-normalized prototype head with scale 30. Balanced Softmax adds log
class counts to logits during training. Logit adjustment subtracts « times the log class
counts during inference.

End-to-end evaluation uses detector confidence threshold 0.05, detector NMS IoU
threshold 0.7, maximum 300 detections per image, and exact label matching at IoU
threshold 0.5. For cascades, predictions are ranked by the product of detector con-
fidence and recognizer confidence. AP5q is computed from ranked predictions under
exact box-and-label matching. mAP5q.95 averages AP over IoU thresholds from 0.50
to 0.95 with step size 0.05.
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4.3 Evaluation Metrics

We report conventional OBIMD detection metrics, including precision, recall, F1,
AP5o, AP75, mAP50.95, and average IoU where applicable, to maintain comparabil-
ity with the published technical validation. The frequency-aware end-to-end analysis
uses four primary AP5o metrics. This frequency-stratified reporting follows established
practice in long-tailed detection, where AP is computed separately for rare, common,
and frequent classes, as in LVIS [33]; we adopt finer bins (head, medium, long-tail,
few-shot) and an explicit unseen group suited to the oracle glyph distribution.

End-to-End Evaluation Protocol for Oracle Character Detection and Recognition

Input Model Output Ground Truth Matching
Full-image rubbing with — Detector + Recognizer > Exact box & label matching
character boxes predicts boxes & glyph labels atloU = 0.5
Split by category frequency l

Overall AP50 Class-balanced AP50 Long-tail Few-shot AP50
¢ Allinstances weighted equally * AP per test-present category, o AP restricted to categories o AP restricted to categories
« Micro-averaged AP at loU = 0.5 then averaged over categories with 6-19 training samples with 1-5 training samples
« Dominated by head classes o Each class contributes equally * Low-frequency but learnable ¢ Most severe closed-set regime
= Covers: All 1,661 seen classes = Covers: All 1,661 seen classes = Covers: 304 long-tail classes — Covers: 1,022 few-shot classes

Frequency Group Definitions (OBIMD rubbing main-character subset)
@ Head: =100 samples (133 cls) @ Medium: 20-99 samples (202 cls) @ Long-tail: 6-19 samples (304 cls)
@ Few-shot: 1-5 samples (1,022 cls) @ Unseen: 0 samples (69 cls)

Head and medium AP50 are retained as auxiliary diagnostics; unseen categories receive zero AP under closed-set evaluation.

Fig. 3 Evaluation protocol for end-to-end oracle character detection and recognition. The figure
distinguishes instance-level overall AP5g, class-balanced APsg, long-tail APsg, and few-shot APsq.

Overall AP5g, also called micro AP5p in the experimental records, evaluates all
instances together and reflects instance-dominated detection and recognition per-
formance. Class-balanced APsg, also called macro APgg, first computes AP per
test-present category and then averages over categories, reducing the dominance of
frequent classes. In the end-to-end closed-set detection protocol, unseen categories are
present in the test annotations but cannot be predicted by a recognizer trained only
on seen classes; therefore, they receive zero AP and are reported separately as an
open-set limitation. Long-tail AP5( evaluates categories with 6 to 19 training samples,
representing low-frequency but still learnable classes. Few-shot APsq evaluates cate-
gories with 1 to 5 training samples, representing the most severe closed-set recognition
regime.

Head and medium AP5q are used as auxiliary diagnostics for frequent-class behav-
ior, whereas the main evidence focuses on overall, class-balanced, long-tail, and
few-shot AP5q. Recognition-only experiments on ground-truth crops use Top-1, Top-5,
and class-balanced accuracy because no bounding-box ranking is involved.
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4.4 Main End-to-End Results

All end-to-end comparisons are conducted on the rubbing main-character subset, with
seed-42 runs for the full baseline and ablation set and three-seed robustness for the
main controlled methods. The central result of this study is not which method scores
highest, but what the frequency-aware breakdown in Table 3 reveals: a detector that
looks adequate under aggregate AP fails almost completely on rare glyphs. We report
the external published reference (Table 2) only to confirm that our baseline is fairly
trained and competitive; it is not the object of study.

4.4.1 Baseline Calibration Against the External Reference

The published OBIMD technical validation provides an external reference for the
rubbing main-character task [9].

Table 2 Published OBIMD reference and controlled results on the rubbing main-character task.

Method APs5o mAP@50:95 Prec. Recall F1 Avg.
IoU
Published OBIMD [9] 0.5141 0.3045 0.6386 0.4271 0.5118 0.7214
Controlled direct YOLO 0.6347 0.3369 0.8411 0.5957 0.6975 0.7835
FAR-YOLO 0.6533 0.3495 0.8200 0.6162 0.7036 0.7799

The published validation reports its first AP column as mAP@50, which our eval-
uator computes identically as AP5g at IoU = 0.50. Our controlled direct YOLO and
FAR-YOLO are trained and evaluated with the same data split and evaluation code,
so they—mnot the external row—form the basis for every comparison below. The exter-
nal reference simply confirms that the controlled baseline operates at or above the
performance level of the original validation, ruling out a weak-baseline explanation for
the diagnostic effects reported next.

4.4.2 The Central Diagnostic: Aggregate Metrics Conceal
Rare-Class Collapse

Table 3 Controlled end-to-end detection and recognition results (seed 42).

Method Overall Class- Long-tail Few-shot

APs5o balanced APs5o APs5o
AP35

Direct multi-class YOLO 0.6347 0.3394 0.3340 0.0611

Class-weighted direct YOLO 0.5285 0.2597 0.2317 0.0770

Cross-entropy cascade 0.6458 0.3319 0.2680 0.0790

Prototype-balanced cascade 0.5433 0.3557 0.3583 0.1387

FAR-YOLO 0.6533 0.3767 0.3824 0.1660
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Read by aggregate AP5q alone, the direct multi-class YOLO detector looks ade-
quate, reaching 0.6347 overall AP5q. Disaggregated by frequency, the same detector
collapses to 0.3340 long-tail and 0.0611 few-shot AP5y. Finding 1: a single aggregate
score hides an almost total failure on exactly the rare glyphs that matter most for
paleographic discovery.

Finding 2: the naive in-head remedy backfires. Applying inverse-frequency
class reweighting to the dense head—the most direct in-head remedy—Ilifts few-shot
APj50 only marginally (0.0611 to 0.0770) while dragging overall APsy from 0.6347
down to 0.5285 and class-balanced AP5q from 0.3394 to 0.2597. Forcing the head to
emphasize rare classes perturbs localization, objectness, and classification at once, so
the global trade-off degrades rather than improves. We test only this naive reweighting;
more elaborate long-tailed detection losses, such as equalization loss [34] and seesaw
loss [35], may behave differently and are a natural baseline for future work. Our claim
is therefore the scoped one—that the simplest in-head fix backfires—which is enough
to motivate the decoupled treatment examined next.

Finding 3: decoupling recovers much of the gap but does not close it.
Once recognition is separated from localization, the minimal frequency-aware recog-
nizer (FAR-YOLO) raises few-shot AP5o from 0.0611 to 0.1660 and class-balanced
APj5o from 0.3394 to 0.3767 while maintaining overall AP5g; a prototype-balanced
recognizer improves rare classes but sacrifices overall AP5q (0.5433). Decoupling there-
fore gives the best trade-off among the controlled methods, yet 0.1660 few-shot APgq
remains far from usable—the tail is improved, not solved.

4.4.3 Supplemental Conventional Metrics

Table 4 Supplemental conventional detection and recognition metrics.

Method APs5o AP35 mAP5q.95 Prec. Recall F1 Avg.
IoU
Direct multi-class YOLO 0.6347 0.3112 0.3369 0.8411 0.5957 0.6975 0.7835
Class-weighted direct YOLO 0.5285 0.2615 0.2819 0.7471 0.4971 0.5970 0.7867
Cross-entropy cascade 0.6458 0.3235 0.3458 0.7991 0.6174 0.6966 0.7786
Prototype-balanced cascade 0.5433 0.2633 0.2872 0.7452 0.5297 0.6192 0.7798
FAR-YOLO 0.6533 0.3278 0.3495 0.8200 0.6162 0.7036 0.7799

The conventional metrics are consistent with the primary AP5q comparison. FAR-
YOLO obtains the best AP5g, AP75, mAP50.95, and F1 among the controlled methods,
while its recall remains comparable to the cross-entropy cascade. Direct YOLO has
higher precision but lower recall, suggesting that the two-stage setting improves can-
didate coverage at the cost of additional recognition computation. The class-weighted
direct detector has lower precision, recall, and F1 than the unweighted detector, which
is consistent with the observed degradation caused by detector-head class reweighting.
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Qualitative Detection-Recognition Examples

Original Rubbing Class-Agnostic Detection Frequency-Aware Recognition
(Ground Truth)
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Fig. 4 Qualitative full-page visualization examples on oracle bone rubbings. The figure compares
direct multi-class YOLO predictions with FAR-YOLO and highlights cases where rare or few-shot
glyphs are corrected.
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4.5 Component, Ablation, and Robustness Analysis
4.5.1 Ground-Truth Crop Recognition Results

Table 5 Ground-truth crop recognition results.

Method Overall Class- Long-tail Few-shot
Top-1 balanced Acc. Acc.
Acc.
Cross-entropy recognizer 0.7692 0.4252 0.3607 0.1019
Prototype-balanced recognizer 0.6686 0.4898 0.4828 0.2427
Augmentation-only recognizer 0.7842 0.4501 0.3899 0.0825
Frequency-aware recognizer 0.7773 0.4846 0.4536 0.2136
Nearest-class-mean diagnostic 0.7279 0.5255 0.4907 0.2670

Ground-truth crop recognition isolates the classification component by removing
localization errors. Accuracy is used instead of AP because this setting does not involve
bounding-box ranking. Prototype-balanced and nearest-class-mean methods produce
stronger rare-class results, but they reduce overall Top-1 accuracy. Augmentation alone
improves overall Top-1 accuracy, yet it does not improve few-shot recognition. The
frequency-aware recognizer improves overall Top-1, class-balanced accuracy, long-tail
accuracy, and few-shot accuracy relative to the cross-entropy recognizer, indicating
that it provides a more balanced recognition head for the end-to-end cascade.

4.5.2 Separated Detection and Recognition Verification

Localization and ground-truth crop recognition are evaluated separately to deter-
mine whether the end-to-end gains originate from the intended components. The
class-agnostic YOLO localization branch reaches precision 0.8694, recall 0.7981, AP5q
0.8553, and mAPs5g.95 0.4440 on the same rubbing main-character test setting. This
result indicates that visible-character localization is reliable when the detector is not
required to predict the long-tailed glyph vocabulary.

The recognition-only comparison further shows that the main bottleneck lies in
long-tailed glyph discrimination. Compared with the cross-entropy recognizer, the
FAR-YOLO recognizer improves Top-1 accuracy from 0.7692 to 0.7773, class-balanced
accuracy from 0.4252 to 0.4846, long-tail accuracy from 0.3607 to 0.4536, and few-shot
accuracy from 0.1019 to 0.2136.

4.5.3 Detector-Head Reweighting and Inference Cost

The class-weighted direct YOLO experiment evaluates whether the long-tail prob-
lem can be addressed by modifying the YOLO classification loss without decoupling
detection and recognition. Its few-shot APj5q increases slightly from 0.0611 to 0.0770,
but overall AP5q decreases from 0.6347 to 0.5285, class-balanced AP5g decreases from
0.3394 to 0.2597, and long-tail AP5q decreases from 0.3340 to 0.2317. This reinforces
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Finding 2: under extreme category imbalance, emphasizing rare classes in the dense
detector head damages the global detection-recognition trade-off.

We also measure inference cost on 300 test images using image size 768. Direct
multi-class YOLO contains 10.08 M parameters and runs at 20.36 ms per image, or
49.12 FPS. FAR-YOLO contains 9.41M detector parameters and 12.03M recognizer
parameters, for 21.44M total parameters, and runs at 26.16 ms per image, or 38.22
FPS. FAR-YOLO is therefore slower by about 28.5%, but it remains practical for
offline oracle-bone inscription processing.

4.5.4 Ablation Results

Table 6 Ablation results on end-to-end metrics.

Method Overall Class- Long-tail Few-shot
AP59 balanced AP59 AP59
Cross-entropy cascade 0.6458 0.3319 0.2680 0.0790
Oversampling-only cascade 0.6458 0.3520 0.3113 0.1103
Augmentation-only cascade 0.6507 0.3425 0.2882 0.0606
FAR-YOLO 0.6533 0.3767 0.3824 0.1660
Logit-adjusted (a = 0.3) 0.6390 0.3480 0.3112 0.0986
Logit-adjusted (o = 0.5) 0.6278 0.3506 0.3212 0.1021

The ablation results show complementary behavior. Oversampling alone improves
class-balanced, long-tail, and few-shot APj5y with almost no loss in overall APsg.
Augmentation alone improves overall APsq, but it does not improve few-shot
APj5q. Combining oversampling and morphology-preserving augmentation provides the
strongest balance. Logit adjustment improves rare-class metrics relative to the cross-
entropy cascade, but stronger adjustment causes a larger overall performance drop.
These patterns indicate that the central bottleneck is not only feature extraction or
classifier form; it is also the frequency-induced imbalance in training.

The sampling-weight sensitivity analysis tests whether the proposed exposure
rebalancing is overly dependent on a single setting.

Table 7 Sampling weight sensitivity.

LT Weight FS Weight Overall Class- Long-tail Few-shot
AP5o balanced AP5o AP50
2 5 0.6508 0.3642 0.3464 0.1321
3 8 0.6533 0.3767 0.3824 0.1660
5 10 0.6464 0.3551 0.3599 0.1231
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The 3/8 setting gives the best value on all four primary end-to-end metrics. The
weaker 2/5 setting preserves overall AP5y but provides smaller rare-category gains,
whereas the stronger 5/10 setting reduces overall AP5y and does not further improve
few-shot APsg.

4.5.5 Candidate-Level Diagnostics: The Tail Is “Almost
Recognized”

The closed-set AP protocol credits only the top-1 glyph. To test whether rare glyphs
are genuinely unrepresented or merely mis-ranked, we re-score the two-stage cas-
cades under top-5 candidate matching, in which a detection counts as correct when
the ground-truth glyph appears among the recognizer’s five highest-scoring classes
(Table 8). The headroom is concentrated almost entirely in the tail: for the cross-
entropy cascade, relaxing top-1 to top-5 raises few-shot AP5q from 0.0790 to 0.1713 (a
2.2x increase) and long-tail APsg from 0.2680 to 0.4296, while head APj5q rises only
marginally (0.6617 to 0.7058). The same pattern holds at the recognition level, where
overall Top-5 accuracy reaches 0.90 against 0.77 Top-1. Strikingly, simply reading the
top-5 candidates of a plain cross-entropy cascade (0.1713 few-shot AP5g) recovers as
much rare-class performance as the entire frequency-aware training pipeline does at
top-1 (0.1660).

Table 8 Top-1 versus top-5 candidate matching for the two-stage cascades. The headroom from
allowing ranked candidates is concentrated in the long-tail and few-shot groups, indicating that
rare glyphs are often present in the candidate set even when the top-1 label is wrong.

Setting Overall Class- Long-tail Few-shot
AP59 balanced AP5o APs59
APs5o
Cross-entropy cascade, top-1 0.6458 0.3319 0.2680 0.0790
Cross-entropy cascade, top-5 0.6836 0.4232 0.4296 0.1713
Prototype-balanced cascade, top-1 0.5433 0.3557 0.3583 0.1387
Prototype-balanced cascade, top-5 0.5878 0.4242 0.4257 0.2274

This carries the central practical message of the study: for rare oracle glyphs,
the correct identity is frequently present in the model’s ranked candidates even when
the single top prediction is wrong. The failure of closed-set detection-recognition is
therefore, in large part, a failure of forced single-label commitment rather than of
visual representation. It directly motivates reformulating the deployed task around
candidate ranking, retrieval among visually similar glyphs, and paleographer-in-the-
loop verification, rather than around top-1 closed-set accuracy.

4.5.6 Seed Robustness

The three-seed results reduce the risk of drawing conclusions from a single favor-
able run. Direct multi-class YOLO is stable on overall AP5q, but its few-shot AP5q
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Table 9 Three-seed robustness results (mean + std).

Method Overall Class- Long-tail Few-shot

AP50 balanced AP50 AP50
AP35

Direct multi-class YOLO 0.6337 + 0.3433 + 0.3373 + 0.0662 +
0.0009 0.0032 0.0025 0.0043

Cross-entropy cascade 0.6486 + 0.3413 + 0.2926 + 0.0654 +
0.0022 0.0074 0.0198 0.0097

Prototype-balanced cascade 0.5619 + 0.3640 + 0.3610 + 0.1464 +
0.0150 0.0065 0.0025 0.0055

FAR-YOLO 0.6493 + 0.3709 + 0.3640 + 0.1611 +
0.0029 0.0063 0.0145 0.0196

remains low, confirming that aggregate performance alone does not address rare glyph
recognition. Prototype-balanced recognition improves rare-class metrics by changing
classifier geometry, but the gain comes with a substantial loss in overall AP5q. FAR-
YOLO gives the best class-balanced and few-shot averages while keeping overall AP5q
comparable to the cross-entropy cascade. Compared with the cross-entropy cascade,
it improves class-balanced AP5¢ by 0.0296, long-tail APsq by 0.0714, and few-shot
AP5q by 0.0957 on average. Compared with direct multi-class YOLO, it improves
class-balanced AP5q by 0.0276, long-tail AP by 0.0267, and few-shot AP5q by 0.0949
on average. These results support the claim that frequency-aware decoupled train-
ing improves low-frequency and few-shot categories while largely preserving overall
end-to-end performance.

5 Conclusion

This paper diagnosed the task structure of large-vocabulary oracle bone charac-
ter detection and recognition under the extreme long-tailed distribution of OBIMD.
Through a systematic frequency-aware analysis, we arrived at three empirical findings
about what makes this task difficult and where the bottleneck actually lies.

First, class-agnostic character localization on rubbing images is already strong
(AP50 =~ 0.85, recall &~ 0.80)—still imperfect, but far less limiting than recognition—
suggesting that, for this task, further detector engineering yields diminishing returns
relative to improving rare-glyph recognition. Second, the simplest in-head remedy
backfires: applying inverse-frequency class reweighting to the detection head lifts few-
shot APsg only marginally while substantially degrading overall and class-balanced
performance, though we did not evaluate more sophisticated long-tailed detection
losses. Third, a minimal decoupled design—a class-agnostic YOLO localizer paired
with a ResNet recognizer trained with few-shot-aware exposure rebalancing—improves
few-shot APgg from 0.06 to 0.17 and class-balanced APs5y by 3.7 points while
maintaining overall AP5y. However, even with decoupling and rebalancing, few-shot
performance remains far from usable, and candidate-level diagnostics reveal that rare
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categories are often present in the top-k predictions even when the top-1 label is incor-
rect: relaxing top-1 to top-5 matching more than doubles few-shot AP5q (0.08 to 0.17)
and raises long-tail APgq by 16 points.

These findings carry two practical implications. For evaluation, oracle bone char-
acter detection and recognition should be assessed with frequency-aware protocols
that disaggregate performance by category frequency, rather than relying solely on
aggregate metrics that mask rare-glyph failures. For system design, the task should
move beyond closed-set forced classification: practical interpretation pipelines should
present ranked candidate lists, integrate retrieval among visually similar glyphs, and
support paleographer-in-the-loop verification for low-confidence predictions.

The current study has several limitations. The analysis is confined to the OBIMD
rubbing modality and main-character label set—currently the only public resource
whose glyph vocabulary is large enough to exhibit this long tail—so cross-dataset
validation must await comparably annotated corpora; the gap between 0.17 few-shot
AP5( and usable accuracy remains large; and the evaluation protocol reports per-group
metrics but does not yet offer a single calibrated fairness measure.
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