TiCRL: Textual Image Classification with
Reinforcement Learning-Based Curriculum
Learning

*

Gayoung Kim'®|and Yuncheol Kang?

! Graduate School of Big Data Analytics, Ewha Womans University, Seoul, 03760
South Korea
2 School of Business, Ewha Womans University, Seoul, 03760 South Korea
gy .kim@ewha.ac.kr, yckang@ewha.ac.kr

Abstract. Textual image classification remains challenging due to the
diversity of document layouts and textual structures. We propose TiCRL
(Textual Image Classification with Reinforcement Learning-based Cur-
riculum Learning), which combines a text-independent difficulty mea-
surer with an RL-based training scheduler. The measurer estimates sam-
ple difficulty using visual-textual features and loss signals without re-
quiring OCR, while the RL agent dynamically adapts the curriculum
based on the learner’s state. TiCRL substantially improves both accu-
racy and data efficiency. On a lightweight CNN trained from scratch,
it achieves 83.67% accuracy using only 82% of the training data, out-
performing curriculum learning baselines by up to 13.8%p. Applied to
a strong transformer baseline (DiT), TiCRL reaches 93.02% accuracy
using only 58% of the data, surpassing transformer baselines trained on
80%. The learned curriculum policy generalizes to new datasets and ar-
chitectures without retraining, demonstrating that RL-based curriculum
learning is an effective and efficient training strategy for textual image
classification.

1 Introduction

As digital transformation accelerates, large volumes of paper-based documents
are being digitized, making automated document classification essential for down-
stream tasks such as retrieval, information extraction, and text recognition |1}
4]. However, document images created through scanning or photography vary
widely—from structured contracts to unstructured free-form layouts—making
classification challenging, especially when relying only on structural cues.

While traditional image-based classifiers such as Convolutional Neural Net-
work (CNN) perform well on standardized layouts [16], their gains do not always
transfer to diverse documents. Recent work addresses this through heavier ar-
chitectures or multi-modal inputs [2,/12}(15]23].
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Fig. 1: Overview of the proposed TiCRL framework.

Our approach shifts the focus to the learning process itself without altering
the backbone model or adding costly inputs. We hypothesize that a difficulty
score built from visual-textual features and loss signals will raise classification
accuracy. We further expect a Reinforcement Learning (RL)-based scheduler to
outperform fixed curricula when both use the same difficulty metric. Finally, we
anticipate that the learned policy will transfer to new textual image datasets
without extra tuning. A key insight of our approach is that strategic selection of
training samples—focusing on easier examples early—can improve generalization
even on hard-to-classify categories, as the agent learns an adaptive curriculum
that balances exploration and exploitation. To test these ideas, we adopt cur-
riculum learning , which naturally fits document images where difficulty varies
with structural formality and visual detail.

Curriculum learning (CL) depends on how difficulty is measured (a.k.a. diffi-
culty measurer) and how the training schedule is controlled (a.k.a. training sched-
uler) . For difficulty scoring, we design a text-independent hybrid measurer
that combines visual-textual features with pre-trained model loss. For schedul-
ing, we employ a learner-aware RL agent that dynamically adjusts the curriculum
based on real-time training feedback. We call this framework TiCRL (Textual
Image Classification with Reinforcement Learning based Curriculum Learning)

(Figure [1)).

The contributions of this study are summarized as follows:

— A TiCRL framework for textual image classification that tackles the accu-
racy—efficiency trade-off without modifying the base classifier, applicable to
both from-scratch training and fine-tuning scenarios

— A text-independent difficulty measurer that captures structural layout com-
plexity without OCR, combining hand-crafted visual-textual features with
model-based signals, validated through comprehensive ablation study
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— A learner-aware RL scheduler that dynamically adapts curriculum based
on training feedback, surpassing predetermined schedules and generalizing
across diverse architectures (CNNs and transformers) and unseen datasets

— An analysis of early stopping criteria for RL-driven curricula, including prac-
tical guidance on monitoring actor loss and Q-value stability

2 Related Work

Curriculum Learning was proposed by [3] to mimic human study habits, moving
from easy to hard samples. It has improved convergence and generalization in
computer vision, natural language processing, medical report generation, and
graph tasks [13]|28]/34], with particular benefits under noisy or imbalanced data
conditions [9]. Two pieces matter most, how difficulty is scored (difficulty mea-
surer) and how the schedule is run (training scheduler). CL differs from static
coreset selection (e.g., CRAIG [25], EL2N [26]), which selects a fixed subset
prior to training and often requires per-backbone recomputation; CL methods,
including TiCRL, instead govern the order and timing of sample introduction
dynamically.

Difficulty scoring falls into prior knowledge and data-driven groups. Prior
knowledge approaches define difficulty using domain-specific heuristics such as
object size for segmentation |35]. Data-driven approaches rely on model-dependent
signals: Self-Paced Learning (SPL) uses current model loss [20], CurriculumNet
employs teacher network predictions to cluster data by confidence [8], Men-
torNet uses a separate mentor network to weight samples [14], and Data-1Q
analyzes gradient-based importance scores [30]. While effective, these methods
depend on model training state, requiring recomputation for different archi-
tectures. In contrast, our approach measures difficulty using text-independent
visual-textual features that remain valid across architectures—from CNNs to
transformers—without recomputation. Schedulers decide when harder material
appears. Discrete rules switch at fixed epochs or after subset convergence, seen
in Baby Step [31], One-Pass [3|, and Lambda Step [|20]. Continuous rules raise
the used ratio with functions such as linear or root families [34]. Multi-task cur-
riculum learning determines task ordering based on transfer relationships [27].
These preset schedules are easy to code yet often ignore task-specific signals.
Automated CL reduces manual tuning by learning the scorer, the schedule, or
both from feedback. Adaptive Curriculum Learning (ACL) [17] addresses this
by combining dynamic difficulty assessment with pre-trained model knowledge,
updating difficulty scores throughout training via knowledge distillation.

Recent work frames scheduling as a teacher—student problem in reinforcement
learning [34]. A teacher watches the student model and picks data or tasks, then
uses performance gains as reward. Learning to Teach cast this as a Markov
Decision Process (MDP) where the teacher can also choose loss functions or
learning rates [6]. RL has been used to balance skewed clinical data [5], optimize
neural machine translation [18}/36], and order tasks in multitask settings [24],
yielding faster and steadier training.
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Despite these advances, textual image classification rarely employs CL. Prior
efforts focus on model design or multi-modal fusion |2}12,/15,[23]. Our work
fills this gap with TiCRL, which differs from existing curriculum methods in
two key ways: (1) our difficulty measurer uses text-independent visual-textual
features rather than model-dependent signals (loss, predictions, gradients), en-
abling architecture-agnostic curriculum construction, and (2) our RL scheduler
dynamically adapts to learner state rather than following fixed or teacher-driven
schedules. The result is strong accuracy with moderate cost and transfer to un-
seen datasets without extra tuning.

3 Method

3.1 Overview of the Proposed Framework

To implement a dynamic curriculum learning strategy, we design our TiCRL
framework with two primary components: difficulty measurer and training
scheduler, as illustrated in Figure[I] The difficulty measurer computes sample-
wise difficulty scores, while the training scheduler uses reinforcement learning to
dynamically adjust the curriculum based on real-time performance feedback.

3.2 Visual-Textual Features-based Difficulty Measurer

We designed a difficulty score that integrates visual-textual complexity and
model-based prediction difficulty. Our hybrid approach combines traditional fea-
tures (Canny, HOG, GLCM) capturing fine-grained visual patterns with mod-
ern deep representations (ResNet50 embeddings) for text-independent difficulty
measurement. This design avoids OCR-dependent methods (e.g., LayoutLM)
that require text extraction. Ablation study (Table 4) validates each component’s
contribution. The computation process consists of the following four steps:

Step 1: Extraction of visual-textual features. We extract five visual-textual
features that describe the structural variety and visual density of document im-
ages. First, the number of edge pixels detected by OpenCV’s Canny operator
reflects text density and structural segmentation. Second, the average gradient
magnitude from the Histogram of Oriented Gradients (HOG) captures text ori-
entation and layout patterns. Third, the contrast value from the Gray-Level
Co-occurrence Matrix (GLCM) measures local intensity variation. Fourth, the
homogeneity value from GLCM represents pixel similarity and local uniformity.
Finally, the cosine similarity between an image embedding (from a ResNet50)
and its class representative vector indicates how typical the sample is for its
class.

Step 2: Feature normalization and weighted aggregation. We normalize
the five visual-textual features and compute a weighted sum d; = Z?Zl wj fij
where f;; is the normalized j-th feature for sample ¢ and w; is the feature weight.
Following standard practice for weight initialization, we sample the weight vector
w from a symmetric Dirichlet distribution Dir([1,1,1,1,1]), which provides an
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unbiased prior over the feature importance space. The final feature score is min-
max normalized to [0, 1].

Step 3: Model-based prediction difficulty. While the feature score captures
visual complexity, it may not fully reflect actual prediction difficulty. To address
this, we use an ImageNet-pretrained ResNet18 with its final layer replaced by
a randomly initialized 16-class head, computing sample-wise cross-entropy loss
via a single forward pass (no weight updates). This serves as a fixed, one-time
scoring tool, fully decoupled from the target classifier; scores are computed once
and reused across all backbones (CNN, DiT, UDOP, LayoutLMv3) without re-
computation.

Step 4: Final difficulty score calculation. To integrate both components,
we convert each score to a percentile rank and compute the average.

The resulting score guides the RL agent during training. The agent inter-
prets its action as an adjustment to the difficulty threshold, thereby steering the
average difficulty of the data it selects. Full details of normalization, Dirichlet
weight sampling, and rank-based aggregation appear in Suppl. Sec. 1.

3.3 RL-based Training Scheduler

To automate the data selection process, we design a training scheduler based on
DDPG [22], which learns to dynamically select sample difficulty levels through-
out training. DDPG outperformed alternatives including PPO [29] in our exper-
iments, consistent with prior findings on curriculum learning with continuous
action spaces [5].

Formulation as Markov Decision Process (MDP). We define this problem
as a MDP, M = (S, A, R, T, v), where each component is defined as follows. The
state s; € R® encodes the current training status of the classifier, including the
difficulty threshold d;, its change Ad;, episode index e;, training/validation loss
(Ltrain, Lva1), accuracy (AcCtrain, AcCyal), and a clipping flag indicating whether
d; was constrained to [0.001, 1.0]. The agent’s action a; € A is a continuous scalar
value for threshold adjustment, defined as a; € [—0.01,0.01], and the threshold
is updated by:

dt+1 = Chp(dt + ay, 0001, 10) (1)

A positive action (a; > 0) increases the threshold and leads to the selection of
more difficult samples, whereas a negative action (a; < 0) decreases the thresh-
old, favoring easier samples. The reward r; = R(s¢, a;) is designed to reflect the
classifier’s improvement. We compute the reward using relative improvement in
both training and validation loss:

prev. [curr prev. culrr
_ train train val va.
ry = max (0, I ) + A¢ - max <O, e e ) (2)
train € val €

where e = 1076 prevents division by zero and ) is a weight that increases linearly
according to p;. Here, p; denotes the training progress, defined as the fraction
of training data that has been selected up to the current step, according to the
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difficulty threshold determined by the agent’s action. This design emphasizes
training loss improvement early and shifts to validation performance later. Val-
idation loss is used exclusively for the reward signal and never updates classifier
weights directly; the test set remains held out throughout both stages. We se-
lected this approach that achieved the most stable performance among multiple
reward function designs (Suppl. Sec. 2). The transition function T'(s¢41 | st, at)
captures how the environment evolves after an action. After the classifier learns
with data selected by the agent’s action, the simulator calculates a new state
s¢+1 and transmits it to the agent. In this process, all state elements including
threshold, loss, and accuracy are updated and used as input for the next episode.

Based on this MDP structure, the DDPG agent learns a progressive curricu-
lum policy using feedback from classifier learning. In the early stages of learning,
it induces fast convergence focusing on easy data, and as learning progresses, it
selects increasingly difficult samples to maximize the model’s generalization per-
formance. This structure not only enables complete automation of curriculum
design but also provides higher flexibility and adaptability than existing fixed
scheduling approaches by allowing fine-grained control of difficulty-based learn-
ing.

Two-stage learning procedure. To implement the DDPG agent within our
curriculum learning framework, we define two separate stages:

(1) Agent Training Stage. The DDPG agent interacts repeatedly with the
classifier. At each episode, the agent adjusts the difficulty threshold through a
continuous action based on feedback from the classifier’s learning performance
and selects samples with difficulty scores below this threshold to train the classi-
fier. The threshold represents the selection boundary from easy data (EASY) to
hard data (HARD) on the difficulty distribution of the entire training dataset.
This process constitutes one episode, and episodes are repeated until all data are
exhausted to complete one cycle. The entire training process consists of multiple
cycles, where the classifier is initialized in each cycle to enable learning curricu-
lum policies in various learning situations. The simplified version is presented in
Algorithm [T} and the full details are provided in Suppl. Sec. 3.1.

(2) Curriculum Application Stage. The trained DDPG agent is used as a
scheduler to guide the training of the classifier. In this stage, the agent selects the
data dynamically according to its learned policy but does not update the policy
or receive any rewards. This corresponds to the inference phase of reinforcement
learning. The pseudo-code is summarized in Suppl. Sec. 3.2.

These two stages fully separate the design and application of curriculum
learning: the DDPG agent can learn effective data selection strategies and reli-
ably apply them to classifier training. Importantly, the learned curriculum pol-
icy can be flexibly reused across various backbone architectures (from CNNs to
transformers) and learning paradigms (from-scratch training and fine-tuning),
enabling broad applicability without task-specific modifications.

DDPG agent design and training. The DDPG agent follows the standard
actor-critic architecture with target networks for stable training. The actor net-
work pu(s¢) receives the state vector s; as input and outputs a continuous action



TiCRL 7

Algorithm 1 Training DDPG Agent as Curriculum Scheduler (Simplified)

Require: Training dataset Dirain, validation dataset Dyvai, DDPG agent A (actor pu,
critic Q), classifier M, Replay buffer B, #cycles C, epochs/episode u,
batch size b
Ensure: Trained agent A
1: Pre-compute sample-wise difficulty scores for Diyain with the Difficulty Measurer.
2: for cycle c =1 to C do
Initialize classifier M; set threshold dy <+ 0.5.
4 while d; < 1.0 do
5: Observe current state s;.
6: Select action a¢ < p(st) + N (0,0) : OU noise
74
8

Update threshold d:+1 by Eq. (1).
Select training subset Dy C Dirain Where dif ficulty score < diq1.

9: Train classifier M for u epochs on Dy.

10: Compute reward r; by Eq. (2) on D; and Dyai.
11: Observe next state s¢41.

12: Store transition (s¢, at, ¢, S¢4+1) in B.

13: if |B| > b then

14: Sample a mini-batch from B.

15: Update @, p, and soft update by Eq. (3).
16: end if

17: St < St+1, dy + dt+1.

18: end while

19: end for

20: return Trained agent A.

ay, while the critic network Q(s, a;) estimates the Q-value for a state-action
pair.

The actor network consists of two hidden layers followed by an output layer
with a Tanh activation to constrain the output within [—1, 1]. This output is then
scaled by a factor of 0.01 to produce the final action value within [—0.01,0.01].
The critic network takes the state s; and the action a; as inputs and predicts
the corresponding Q-value Q(s;,at). It is trained to minimize the Bellman loss
function:

Leritic = E(s,a,r,s) [(Q(S’ a)— y)ﬂ )

Where y=r + ’YQtarget (8/7 Mtarget(s/))

Here, Qtarget and [igarger denote the target critic and actor networks, respectively,
and ~y is the discount factor.

To improve exploration during training, we add Ornstein—Uhlenbeck (OU)
noise [33] to the actor’s output. The final action becomes a; = p(s¢) + Ny, where
the OU noise N; follows:

Nt+1:Nt+9(,U/—Nt)+O"€t7 EtNN(07I)

with mean reversion rate § = 0.2, mean p = 0, and standard deviation ¢ = 0.8.
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For stable critic training, inspired by the TD3 framework [7], we add clipped
Gaussian noise to target actions during Q-value computation:

&/ = Ntarget(sl) + Chp(N(Oa 02)7 7057 05)

Target networks are updated using soft updates at each step with a soft
update coefficient 7 = 0.01:

,Uftargct — 7—,“ + (1 - T)Ntarget
Qtarget — TQ + (1 - T)Qtarget

Both actor and critic networks use the Adam optimizer with learning rate
3 x 10~%. Through this architecture, the agent learns a dynamic and context-
adaptive threshold selection policy. Unlike static scheduling, it can respond to
ongoing changes during training, continually refining the curriculum to match
the current state of the learner.

(3)

4 Experiments

In this section, we evaluate the performance of the proposed framework through
a series of experiments. We first introduce the experimental setup, followed by
quantitative and qualitative analyses.

4.1 Experimental Setup

Datasets. We conducted experiments on the RVL-CDIP dataset [10], which con-
sists of 400,000 grayscale document images categorized into 16 document types.
To ensure class balance, we sampled an equal number of images from each class,
resulting in a total of 100,000 images used for our experiments. The dataset was
split into training, validation, and test sets with a ratio of 64:16:20, respectively.
While document images often have high resolution, large input dimensions lead
to increased computational costs and overfitting risks. Moreover, layout infor-
mation is generally more important than detailed characters in document image
classification |1]. Therefore, all images were resized to 224x224 pixels prior to
input.

Classifier network architecture. For from-scratch training, we use a CNN
with six 3x3 convolutional layers, three max pooling layers, batch normaliza-
tion, and dropout, ending with 16-class classification (additional details in Suppl.
Sec. 4). The proposed CNN contains approximately 1.35M parameters, making
it a lightweight baseline compared to transformer-based models. To evaluate
TiCRL’s generalizability across different architectures and learning paradigms,
we additionally conduct fine-tuning experiments on pretrained transformer-based
document classifiers: DiT [21], UDOP [32], and LayoutLMv3 [11]. Each model
is fine-tuned on the RVL-CDIP dataset using configurations validated through
preliminary trials: 150 epochs for DiT, 15 for UDOP, and 10 for LayoutLMv3.

Compared methods. To validate the effectiveness of our proposed method
(TiCRL), we compared it against various baselines organized into four categories:
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— Without Curriculum. A standard deep learning model that uses all training
data without curriculum. CNN and ResNet34 were included for comparison.

— Pre-defined Curriculum Learning. Data are sorted by difficulty scores and
gradually introduced into training according to a fixed scheduling function
(e.g., linear, root, step), without agent learning.

— Automated Curriculum Learning. These approaches adapt sample selection
or weighting based on the model’s learning state rather than predefined
scores. Self-Paced Learning (SPL) [20]| prioritizes easier, lower-loss sam-
ples early and progressively incorporates harder ones. Adaptive Curriculum
Learning (ACL) |17] uses a pretrained teacher model to estimate difficulty,
dynamically adjusting curriculum weights via pacing functions.

— TiCRL. TiCRL sorts training data by difficulty score and uses a trained
DDPG agent to adjust thresholds for progressive sample selection.

4.2 Results and Analysis

Quantitative analysis (CNN-based models). Tablesummarizes accuracy
and average training samples used across all methods. Unlike pre-defined and
automated CL methods that follow progressive but fixed data selection patterns,
TiCRL dynamically adjusts exposure by reducing it during convergence and
increasing it during plateaus, resulting in an average usage of 81.92% of training
data (per-epoch trajectories in Suppl. Sec. 5). TiCRL achieved the highest mean
accuracy (83.67%), outperforming pre-defined CL by 6.7-9.5%p and automated
CL by 7.8-13.8%p, surpassing the CNN baseline (80.43%) despite reduced data
exposure. These results indicate that fixed or loss-based curricula, which do
not account for the learner’s state, lead to suboptimal sample ordering even
when an appropriate difficulty measurer is employed. To ensure fairness in data
utilization, additional experiments with CNN and ResNet34 trained on 80% data
confirmed substantially lower accuracies (78.69% and 77.68%), with all TiCRL
improvements statistically significant (paired t-test, p < 0.01, Cohen’s d: 2.17—
7.62). All statistical comparisons are based on 5 independent runs per method
using different random seeds; no correction for multiple comparisons was applied.
As RVL-CDIP is class-balanced, accuracy and macro-F1 are nearly identical in
practice; we confirm empirically a difference of less than 0.1 percentage points
across our TiCRL runs (CNN- and DiT-based).

Ablation of the difficulty measurer. To evaluate the contribution of each com-
ponent in the hybrid difficulty measurer, we remove individual features while
keeping all other settings identical. Table [2] reports the results using a represen-
tative seed.

Removing any single component consistently degrades performance by 2.70-
3.98 percentage points. GLCM Contrast produces the largest drop (—3.98%p),
suggesting its importance for capturing layout complexity. Even the smallest
drop (GLCM Homogeneity: —2.70%p) remains significant. These results indi-
cate that the features provide complementary signals for difficulty estimation,
supporting our design choice of combining multiple visual-textual cues rather
than relying on a single feature or loss-based difficulty alone.
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Table 1: Summary of compared methods in terms of difficulty source, curriculum
strategy, classification accuracy (Mean + Std), and average number of training samples
used. All TiCRL improvements are statistically significant (paired t-test, p < 0.01)

Method Difficulty Strategy Acc. (%) Data Used
w/o Curriculum Learning (100% data and 80% data):
CNN - None 80.43 + 0.33 64,000 (100%)
ResNet34 - None 78.48 £ 0.39 64,000 (100%)
CNN - Nome  78.69 + 0.46 51,200 (80%)
ResNet34 - None 77.68 £0.24 51,200 (80%)
Pre-defined CL:
Linear Score Linear fn. 74.16 £+ 1.43 48,106 (75.17%)
Step Score Step fn.  74.22 £+ 0.98 48,528 (75.83%)
Root Score Root fn.  76.96 + 0.75 53,435 (83.49%)
Automated CL:
SPL Loss Self-paced 69.89 + 1.82 48,212 (75.33%)
ACL Model+Loss Pacing  75.84 £+ 0.48 46,416 (72.53%)
TiCRL Score RL-based 83.67 & 1.61 52,429 (81.92%)

Table 2: Ablation of the hybrid difficulty measurer. Removing any component con-
sistently degrades performance. All experiments use identical CNN architecture and
training settings.

Component Removed Accuracy (%) Drop (%p)

None (Full TiCRL) 85.05 -

w/o Canny Edge 81.40 -3.65
w/o HOG 81.63 -3.42
w/o GLCM Contrast 81.07 -3.98
w/o GLCM Homogeneity 82.35 -2.70
w/o Cosine Similarity 81.23 -3.82

Ablation on action space. We tested a 2D-action variant where the agent con-
trols both starting threshold and data ratio, achieving 72.30£10.18% accuracy
with high variance. This confirms that our streamlined 1D threshold adjust-
ment provides better learning stability and performance than multi-dimensional
curriculum control.

Ablation on scheduler design. We compared TiCRL against a non-RL EMA-
based threshold heuristic (5-seed average), which improves over the no-CL base-
line (81.49% vs. 80.43%) but underperforms TiCRL (83.67%), confirming that
the agent’s multi-signal state representation provides benefits beyond simple
adaptive heuristics.

Quantitative analysis (Transformer-based models). Table [3| summarizes
performance of transformer-based document classifiers under TiCRL. Each model
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Table 3: Performance comparison of transformer-based document classifiers and
TiCRL inference.

Model Acc. (Mean *+ Std) % Data Used
DiT 91.07 £ 0.35 80.00%
UDOP 74.00 £ 0.95 80.00%
LayoutLMv3 91.53 £+ 0.26 80.00%

DiT + TiCRL  93.02 + 2.05  57.66% (avg.)

was fine-tuned on the RVL-CDIP dataset under empirically validated configu-
rations that ensure convergence: 150 epochs for DiT, 15 for UDOP, and 10 for
LayoutLMv3. These epoch settings were determined through preliminary trials
to reflect typical convergence points, ensuring fair comparisons. When applied to
DiT, the DDPG agent adaptively adjusted the difficulty threshold based on the
learner’s evolving state, achieving 93.02% accuracy using only 57.66% of training
data and surpassing all transformer baselines including LayoutLMv3 (91.53%)
and DiT (91.07%) trained on 80% data. This indicates that TiICRL conducts an
adaptive re-finetuning process that reorganizes data utilization based on model
feedback, rather than a standard fine-tuning phase. These results confirm that
TiCRL generalizes across learning paradigms, from CNNs trained from scratch
to large-scale pretrained transformers.

Qualitative analysis (CNN-based models). To analyze how the agent max-
imizes rewards and stabilizes its policy during training, we first examined the
complete training log based on Algorithm [I} This analysis focused on the final
agent obtained at the end of 10 curriculum cycles (Episode 743), from which we
identified the best agent that achieved the lowest validation loss during train-
ing (Episode 379). All subsequent inference and performance evaluations in this
study were conducted using this best agent. By focusing on this generalization-
optimal point, we aim to provide a more precise analysis of inference performance
and policy stability.

Figure [2| summarizes the training dynamics across 10 cycles. For each met-
ric, both raw values (dotted line) and smoothed trends (solid line) are shown,
with alternating white and gray backgrounds delineating cycle boundaries. The
reward exhibited high variability during early episodes of each cycle but gradu-
ally stabilized, indicating policy improvement. The Q-value increased gradually
within each cycle, suggesting that the critic increasingly assigned higher values
to effective state—action pairs. The actor loss initially decreased sharply and then
stabilized, reflecting policy convergence. Notably, after cycle 7, the actor loss be-
gan to rise slightly, potentially indicating policy overfitting. The threshold was
flexibly adjusted rather than monotonically increasing, demonstrating adaptive
difficulty control based on classifier state.

Most cycles terminated via early stopping when validation loss stagnated
for five consecutive evaluations. The best agent emerged around cycle 6 when
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Fig. 2: Learning dynamics of the TiCRL agent over 10 cycles. Smoothed curves are
computed via an exponential moving average (EMA) with a smoothing factor of 0.9.

validation accuracy peaked and actor loss minimized, underscoring the value of
tracking policy-level signals for agent selection.

Additionally, to analyze TiCRL’s performance across data difficulty levels,
we defined HARD (advertisement, news article, scientific publication) and EASY
(file folder, budget, letter) groups based on average difficulty scores, representing
the top and bottom 3 classes respectively (detailed distributions in Suppl. Sec. 6).
Figure [3] shows boxplots comparing the difficulty score distributions of samples
that TiCRL predicted correctly (True) and incorrectly (False) for each class. In
the HARD group, the median difficulty score of correctly predicted samples is
relatively high, indicating that TiCRL successfully handles difficult samples with
high accuracy. This result suggests that TiCRL does not simply repeat training
on easy samples, but also achieves generalization on high-difficulty examples. In
contrast, in the EASY group, the difficulty scores are generally low, and TiCRL’s
predictions tend to be concentrated on easier samples.

We also visualized class-wise accuracy for each model as a heatmap, sepa-
rately for the HARD and EASY groups, as shown in Figure @] In the HARD
group, TiCRL achieves competitive accuracy across all classes (84.6%, 83.7%,
88.6% for advertisement, news article, and scientific publication, respectively),
with an average of 85.6% that surpasses pre-defined CL (69.1% avg.) and auto-
mated CL (77.1% avg.) (per-method breakdown in Figure {]). While ResNet-34
baseline achieves comparable accuracy on individual hard classes using 100% of
training data, TiCRL demonstrates superior overall performance with only 82%
of the data. This is particularly remarkable given that TiCRL uses only 82%
of training data and selects predominantly easier samples during training. On
the other hand, in the EASY group, most models achieve high accuracy with
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Fig. 4: Heatmap of class-wise accuracy for each model on HARD and EASY groups.

small performance gaps. This suggests that the advantages of RL-based strate-
gies are relatively less pronounced for easy samples, and various curriculum
strategies can secure similar levels of generalization performance. These findings
demonstrate that TiCRL forms an effective learning sequence based on visual-
textual feature-based difficulty measures, and particularly improves performance
on more challenging samples through adaptive curriculum scheduling.

Performance of best and final agents. To assess the practicality and re-usability
of our approach, we evaluate agent performance on unseen datasets with varying
sizes by comparing two checkpoints. The final agent was saved at the last training
step, whereas the best agent was chosen by its validation score. Table [4] shows
that the best agent surpassed the final agent on every dataset size. On the
smallest split (10K samples) the margin exceeded 18%p. The best agent also
kept its accuracy stable across random draws, which suggests strong tolerance
to data variation.

To analyze the underlying causes of this performance gap, we examined the
raw actions of both agents. The best agent initially explored a relatively wider
action range and gradually converged to a stable policy, whereas the final agent
operated within a narrow range from the beginning, leading to limited gener-
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Table 4: Performance comparison between the final and best agent across various
unseen test sets. For the 10K dataset, results are averaged over 5 different random
seeds.

Dataset Acc. (Final Agent) Acc. (Best Agent)

100K 83.12 85.61
50K 78.87 84.89
10K 61.99 80.48

alization (Suppl. Sec. 7). These behavioral differences align with the training
dynamics observed in our training logs, where policy-level indicators such as
reward, Q-value, and actor loss suggested that the agent had already reached
an optimal policy before the final training stage. These results highlight the
importance of policy-level early stopping based on RL-specific indicators such
as reward, Q-value, and actor loss, rather than classifier validation loss alone.
By identifying the point at which exploration diminishes and policy converges,
practitioners can preserve a more transferable and robust curriculum strategy.

Cross-dataset transfer. To assess policy transferability, we applied the RVL-
CDIP-trained DDPG agent to Tobacco-3482 [19] without retraining. Tobacco-
3482 differs substantially from RVL-CDIP in both scale (3,482 vs. 320K images)
and label space (10 vs. 16 classes), posing a meaningful domain shift. Despite
these differences, TiCRL achieved 86.88+1.10% accuracy versus 85.30+1.48%
for the baseline trained for 100 epochs, demonstrating that the learned curricu-
lum policy generalizes effectively across datasets with different class structures
and sizes without any retraining.

5 Conclusion

This study demonstrated that RL-based curriculum learning is an effective and
efficient strategy for textual image classification. On lightweight CNN models
trained from scratch (1.35M parameters), TiCRL achieved 83.67% accuracy us-
ing only 82% of training data, substantially outperforming all curriculum learn-
ing baselines by up to 13.8%p. On pretrained transformers, TiCRL reached
93.02% accuracy with DiT using only 58% of training data, surpassing all trans-
former baselines trained on 80% of data. The hybrid difficulty measurer cap-
tures structural layout complexity without OCR, and the RL-based scheduler
dynamically adapts to the learner’s state, jointly enabling robust generalization
to hard-to-classify categories. The learned policy further transferred to unseen
datasets and architectures without retraining, validating TiCRL as a broadly
applicable curriculum framework. Future work can extend TiCRL to other vi-
sion tasks, explore policy transferability across broader domains, and investigate
confidence-based agent selection mechanisms incorporating policy-level diagnos-
tics (e.g., actor/critic stability, Q-value variance, action entropy) validated on a
held-out test fold.
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