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Abstract

Visual Question Answering (VQA) systems are notoriously brittle under distribution
shifts and data scarcity. While previous solutions—such as ensemble methods and data
augmentation—can improve performance in isolation, they fail to generalise well across
in-distribution (IID), out-of-distribution (OOD), and low-data settings simultaneously.
We argue that this limitation stems from the suboptimal training strategies employed.
Specifically, treating all training samples uniformly—without accounting for question
difficulty or semantic structure— leaves the models vulnerable to dataset biases. Thus,
they struggle to generalise beyond the training distribution.

To address this issue, we introduce Task-Progressive Curriculum Learning (TPCL)—
a simple, model-agnostic framework that progressively trains VQA models using a curricu-
lum built by jointly considering question type and difficulty. Specifically, TPCL first groups
questions based on their semantic type (e.g., yes/no, counting) and then orders them using
a novel Optimal Transport-based difficulty measure. Without relying on data augmenta-
tion or explicit debiasing, TPCL improves generalisation across IID, OOD, and low-data
regimes and achieves state-of-the-art performance on VQA-CP v2, VQA-CP vl1, and
VQA v2. It outperforms the most competitive robust VQA baselines by over 5% and 7%
on VQA-CP v2 and vl1, respectively, and boosts backbone performance by up to 28.5%.
Our source code is available at https://github.com/AhmedAAk]l/tpcl.

1 Introduction

Visual Question Answering (VQA) is a challenging multi-modal task that requires the model
to generate a correct answer given pair of image and question [4]. Numerous studies [1, 13,41]
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have pointed out that VQA models are prone to biases within the dataset and rely on language
bias within the dataset, making predictions based on superficial correlations between the
question and answer rather than understanding the image. Consequently, these methods
tend to perform well in the In-Distribution (ID) test scenario, where the answer distribution
aligns closely with the training split, but they struggle in the Out-Of-Distribution (OOD) test
scenario, where the answer distribution differs significantly or is even reversed.

To address this issue, many methods [9, 11, 13, 30, 32, 38], such as data augmentation
and ensemble learning, were developed to enhance the VQA models’ performance in the
Out-Of-Distribution (OOD) dataset. Data augmentation(CSS [9], DGG [38], MMBS [32])
generates additional question-answer pairs for each sample in the original dataset to balance
the distribution of training data. Such strategies may assign wrong answers to the produced
samples [38] or destroy the semantics of generated questions [38]. Ensemble learning methods
augment the VQA model with additional branches to identify the visual and/or linguistic
biases and suppress them during the training (GenB [11], RUBI [8] and Q-Adv+DoE [29]).
Such methods are sensitive to the underlying model architecture [38] [22].

We observe that many existing works

ignore the linguistic difficulty associated = [T
with different question types. Most current 52 ooe
50

debiasing approaches focus on identifying
biased samples or augmenting the dataset,

without considering the varying importance 48 \anilla fixed curriculum
or complexity levels of training questions. <2 46 (question type)
For instance, in child language acquisition, E 44

Wh- questions are generally easier to com- @

prehend and process compared to binary § 42

(yes/no) questions — an insight that remains < 4 |

largely unaddressed in VQA training strate-
gies [23, 24]. To address this issue, we ren-
der the VQA problem as a multi-task learn-
ing (MTL) problem in which each task cor-
responds to a single question type. For ex-

ample, all questions beginning with “How  Figure 1: Encouraged by the unexpected ad-
many...?” bear some semantic relatedness vantage of fixed curricula over vanilla VQA
and can be grouped into a single smaller task. training, we introduced TPCL, which achieves
In light of this vision, we explore MTL so-  the highest performance. py, - - - pos denote all
lutions in VQA. One category demonstrated  possible permutations for four question-type

that learning the tasks sequentially in an  (QT) tasks; Wh-, Binary, Number, Others.
order determined by a curriculum [27] is

superior to learning all the tasks simultaneously. This builds on the established principle
that models are more transferable between closely related tasks [27, 33]. Such task-based
curriculum learning was employed in a number of applications [14, 27].

Moreover, we conducted a pilot study to investigate the impact of different linguistic
tasks ordering on the model performance compared to conventional training, Figure 1. For
example, Order 1 is (binary, other, number, Wh-) questions, see appendix for other orders.
This analysis suggests that instead of randomly sampling the training data, grouping the
semantically related samples and processing them in a structured order improves the model’s
generalisation ability. Motivated by these findings, we introduce Task Progressive Curriculum
Learning (TPCL), a novel training strategy that rendered the VQA task into a multi-task
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learning problem to improve the model generalisation. Surprisingly, this was not investigated
in the VQA domain, and we took the first attempt. Specifically, TPCL splits the challenging
VQA learning problem into smaller sub-problems (each constrained to semantically related
samples). Then, it trains the model sequentially on sequences of tasks in each iteration. The
sequences are judiciously sampled in each iteration such that they are progressively less
challenging. TPCL leverages sequential multi-task learning that established the principle that
models are more transferable between closely related tasks and superior to learning all the
tasks simultaneously [27, 33].

The main challenge here is the curriculum design. Numerous methods have been pro-
posed in multi-task learning problems like Curriculum Learning (CL) [6] or dynamic task
prioritisation [14]. Curriculum learning, originally proposed by Bengio et al. [6], is a learning
strategy inspired by human learning that trains a model in a way that starts with simpler,
easier examples and gradually increases the complexity of the data as the training process
progresses, and the model’s performance improves. While Dynamic Task Prioritisation or
anti-curriculum learning investigated the importance of training with difficult tasks first. Very
few works [19] explored CL in VQA. LBCL [19] demonstrated CL potential as part of a
bigger training pipeline supported by additional mechanisms such as knowledge distillation
and ensemble learning. A key distinction between our work and the previous CL works
[5, 19] is that the atomic component of our curriculum is not the individual sample but the
task (i.e., a group of semantically related samples).

Indeed, as shown repeatedly in the literature, the curriculum can make [22] or break
[31] the model. The task-based CL scheme introduced can be very open-ended. Making
it unclear how to assess task difficulty to control the learning progression. To tackle this,
we opt for a self-taught difficulty metric that uses the model loss during training to estimate
the difficulty of each sample. Unlike instance-based CL works [19], TPCL is task-oriented
and can not directly utilise the sample loss. Consequently, we propose a novel difficulty
measure. Specifically, each task score is represented by a distribution of its samples losses.
Then, the difficulty is estimated are the divergence (vs stability) of the task distribution
across training iterations. Tasks with less divergence are more memorable (easier), while
tasks with higher divergence are harder to learn [44]. Based on our observations of the
distributions shifts during the training, we base our divergence on Optimal Transport [17]; a
mathematically principled framework that leverages the underlying geometry of distributions
and can estimate the divergence even when the distributions do not exactly overlap. In
summary, the contributions of this work are as follows:

* We introduce, for the first time, the idea of Task-based Curriculum Learning in the
robust Visual Question-answering problem. Effectively, we reformulate the VQA
problem as a multi-task problem based on the question types and utilise CL to boost
the VQA model and enable OOD generalisation.

* We design and implement a novel training strategy called Task Progressive Curriculum
Learning (TPCL) and integrates a novel distributional difficulty measure. Unlike
instance-based CL techniques, our technique considers the difficulty of all samples
within a task and achieves superior performance.

* Based on a comprehensive evaluation, we demonstrate that TCPL single-handedly
realises out-of-distribution generalisation in VQA and achieves state-of-the-art on
multiple datasets. Furthermore, the performance gains by TPCL are demonstrated to be
consistent in in-distribution VQA and low data regimes.
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Figure 2: Dynamic Curriculum Training. TPCL training progresses from hard to easy to
make the model focus on the challenging tasks first and enable out-of-distribution generalisa-
tion. The VQA model is exposed to a sequence of curricula Qy,--- , Qg that are determined
using a pacing function (®) and the (VQA) self-reported difficulty scores (®). TPCL innovates
a task-specific difficulty measurer that 1) considers the distribution of all samples within the
task (histogram) and 2) stabilises the scores by Optimal Transport-based consolidation over a
B-length scores history window.

2 Related Work

VQA: is a challenging multi-modal task that has been actively explored in recent years,
achieving performance approaching the human levels [3, 4, 34, 40] in In-Distribution (ID)
datasets (VQA and VQA v2 [13]). However, they suffer from accuracy degradation in OOD
due to the reliance on the biases presented in the dataset as explored by [1]. To evaluate the
robustness of the VQA models [2] proposed the Visual Question Answering under Changing
Prior (VQA-CP v2) and (VQA-CP v1) datasets as new settings for the original VQA v1 and
VQA v2.

Many methods have been proposed to overcome the OOD problem in VQA models [11,
25, 32, 38]. The straightforward solution is balancing the dataset by acquiring new training
samples [13], or synthetic data augmentation CSS [9]. Although these methods improved the
performance, the dataset has statistical co-occurrences [2]. Besides, these methods require
additional annotations that may have wrong answer assignments [38]. Ensemble learning
approaches were used to tackle the OOD problem directly by training an auxiliary branch
concurrently with the VQA model GenB [8, 11]. These methods introduce additional neural
components for debiasing and potentially are backbone-sensitive [22, 38]. TPCL outperforms
the previous approaches while being entirely based on a novel training strategy without
requiring additional data or debiasing neural components.

Curriculum Learning: CL has been applied to different domains like computer vision and
natural language processing [10, 20, 28, 42]. Curriculum learning is under-explored in VQA.
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Pan et al. [25] combines casual inference, knowledge distillation and curriculum learning
in a two-stage approach for debiased VQA. LBCL [19] utilised curriculum learning and
knowledge distillation to mitigate OOD by employing a visually sensitive coefficient metric.
Previous techniques integrate additional supporting debiasing mechanisms such as knowledge
distillation. At the technical level, TPCL’s task-based nature calls for a novel CL design (e.g.
distributional difficulty), while the previous approaches are instance-based. Very recently,
CurBench[45], showed the performance gains of CL on non-standard data (e.g. noisy)
through systematic evaluation of 15 methods on data from various domains. Specifically,
CL boosts the models’ performance considerably in class-imbalanced and noisy data setups.
TPCL complements these findings by demonstrating that CL can enable out-of-distribution
generalisation in VQA.

3 Task Progressive Curriculum Learning

We propose the TPCL pipeline to enhance robustness in VQA. Given a dataset D = {X,-}?': |
with N samples x; = (q;, v;,a;, T;), each question q; € R% relates to an image v; € R4, with
ground truth a; € [0,1]M/ and 7; € [T] denoting the question type. Though 7; is readily
available and derived from gq;, it is often underutilised in VQA training. We follow the
categorization in [2], where T' = 65. Without modifying model architecture, we leverage 7; in
curriculum construction, excluding it from inference to retain compatibility. Our goal is to
learn a model f : R% x R% — [0, 1]/ that predicts a; from (v;,q;), framed as a multi-class
classification task [22].

Task Progressive Curriculum Learning. In our approach to build a robust VQA, we design
a task-based curriculum that can be used to train a baseline backbone (e.g., SAN [40], UpDn
[3], etc ) and enable out-of-distribution generalisation. The task-based curriculum framework
we adopt here is generic. Thus, it can be instantiated in multiple ways depending on the
design choices of the main CL components discussed below. Figure 2 is pictorial summary of
the proposed training strategy. Prior to applying the curriculum strategy, we decompose the
dataset based on the question type. More formally, with slight abuse of notation, for a set of
question types T € [T, we reorganise the dataset into a group of 7 VQA sub-tasks {D;}1_,
where task D; C D is the data subset whose questions belong to type 7. We note that the
tasks are not uniform in number of samples as some question types can have considerably
more samples than others.

Our approach follows the general Curriculum Learning pipeline. Curriculum Learning
can be abstracted into two integrated components: difficulty measurer and pacing function.
The first determines the relative difficulty of the tasks. The latter, based on the feedback
from the first, decides (selects) the group of tasks to be exposed to the model in each training
iteration. Combined together, they define a sequence of training stages Q;, 93, -+, 9r
where Q, C D is a collection of tasks and the training stages are ordered by difficulty (e.g.
Q1 > Qp > --- > Qg). The two components, although discussed separately below, work in
tandem. We explore two variants for each component, including a novel dynamic difficulty
measurer.

3.1 Difficulty Measurer

A) Dynamic Difficulty. The idea here is to sort the tasks based on the baseline backbone
performance (dynamically) in each iteration before passing the data to the pacing function.
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Algorithm 1 Dynamic TPCL: Dynamic Task Progressive Curriculum Learning.

Input: D = {DT}L]: training dataset; 6 : baseline VQA backbone; p : pacing function;
R: max training iterations; B: score consolidation iterations.
Output: Oz: the target model.

1: Q1 < D » Warm-up on the whole dataset

2. forr=1,...,Rdo

33 forb=1,...,Bdo

4 0, < train model on Q, » Train

5: Compute S,;, using Equation (1) » Score computation
6:  end for

7 Compute ®, using Equation (5) » Score consolidation

8 D' < sort(D,P,)

9 size < p(r) using Equation (6)

- Q {D%
1: 6,416,

12: end for

13: return 6y

This self-taught difficulty was proven to be effective in various applications [15, 44]. The
difficulty scores are initially estimated as the loss of the warm-up phase for the backbone.
Then, the model is trained, and updated weights are used to re-calculate the scores for the
next iteration.

Specifically, a VQA backbone f parameterised by 6, at training iteration r calculates the
samples scores as following:

s = {erxi0))} M
X;€D

where / is the binary cross entropy loss. Note that the scores are calculated for all samples in
D in each iteration r. Unlike previous works [19] that estimate difficulty for each sample, we
need to assess the difficulty per-task. Since the loss in Eq.(1) is estimated for each sample,
we need an aggregate metric that represents the whole task. One option here is averaging
the sample losses in each task. However, we noticed that the mean can be misleading as
some tasks coincide on means despite the big discrepancy in their loss ranges (check the
experiments in Sec. 4). To tackle this issue, we propose a distributional score of losses that
captures the difficulty of all samples belonging to the task. Thus, we create a distribution of
scores for each question type. Then, we track the distributional divergence across iterations.
Question types whose loss scores distributions change significantly across iterations are
considered harder [44]. This is analogous to the way the instance-based CL methods [12, 44]
track the loss fluctuations across iterations as a reliable difficulty scoring mechanism (i.e.
better than instantaneous hardness). Unlike them, we track task loss distributions rather than
individual samples.

Formally, we first map S, into [s!, -+ ,s7], where s* € RM denotes the scores histogram
for question type T where M is the histogram bins (details in the supplementary). Then, we
estimate the tasks scores as the distributional divergence between the scores of the last two
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iterations. Specifically, for the histograms s and s7_, supported on y and v respectively, we
calculate:

OT(s7,s71) = yen(isr,},fsff])E(“"’)Ny [d(p,v)] 2

where OT denotes the Wasserstein Optimal Transport distance [17] , TI(sf,sr_,) is the set
of all joint distributions whose marginals are s,7 st_, and d(u,Vv) is the ground cost defined
as the distance between i in the histogram st and bin v in the histogram s°_,. Intuitively,
OT represents the minimum “cost” to move the probability mass of one task distribution to
match the other. We use OT here as the histograms s° tend to shift horizontally towards zero
as the training progresses (check visual examples in the appendix); a situation where OT is
a good fit as a metric. Alternative metrics, such as the Kullback-Leibler (KL) divergence,
result in undefined values for the same situation as the distributions do not exactly overlap.
OT, on the other hand, is resilient to this issue as it takes the underlying geometry into
account [17]. Accounting for d while computing the divergence makes OT aware of the
distribution geometry. We set d to be the squared Euclidean distance. These benefits come
with a negligible computational overhead during training. In our experiments, Equation (2)
takes, on average, 0.9 milliseconds for M = 100 and 1.2 milliseconds for M = 200. Thus
totalling about 50.4-78 milliseconds (0.9/1.2 x 65 tasks) per iteration.

DIH [44] observed that instantaneous “hardness” (i.e. difficulty score from the last
iteration) in CL can be misleading. The hardness of the sample can change dramatically
from one iteration to another. Inspired by this, we calculated a consolidated difficulty score
. Specifically, in each training stage r, we repeat the training on the same curriculum for
additional B consolidation iterations (instead of one).

¢, = OT(s7lls71) A3)
D=0, 0 ] 4)

where s° -, denotes the task 7 score in the r-th iteration and b-th consolidation cycle. The final
distributional difficulty is calculated as the weighted sum:

d.),. = Z 0P, p S

b=2

where « is a coefficient controlling the contribution of past consolidation iterations, and
B is the back window length. The o values can be chosen to balance between historical
information (difficulty from earlier iterations) and the current model state (later iterations). In
our implementation, we prioritise later iterations by giving them higher weights. By default,
we set the values of B and & to 5 and [0.1,0.1,0.3,0.5]; respectively. We note that we did not
perform hyper-parameter optimisation. In the supplementary, we include ablations regarding
this. Additionally, we follow [44] and conduct a warm up in TPCLpy,¢. Specifically, we train
the backbone for 5 iterations on the whole dataset D. Algorithm | shows the full dynamic
TPCL pipeline. The colours purple and teal in Figure. 2 denote the difficulty measure and
pacing component, respectively.

B) Fixed Difficulty. An alternative option for designing the curriculum is fixing the tasks
order offline (before the training) by estimating the difficulty based on heuristics, check the
appendix for more details.
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Methods backbone | VQA-CP v2 VQA-CP vl VQA v2
‘ Overall Y/N Num Others ‘ Overall Y/N Num Others ‘ Overall
UpDn [3] CVPR’18 - 39.74 4227 1193 46.05 | 37.96 4279 1241 42.53 | 63.48
LXMERT [34] EMNLP’19 - 48.66 47.49 2224 56.52 | 52.82 54.08 25.05 62.72 | 73.06
LBCL[19] TMM 21 UpDn 60.74 88.28 45.77 50.14 | 61.57 84.48 42.84 46.32 -
D-VQA [37] Neur[PS’21 LXMERT | 69.75 80.43 58.57 67.23 - - - - -
SIMPLEAUG [18] EMNLP’21 LXMERT| 62.24 69.72 53.63 60.69 - - - - 74.98
GGD [16] TPAMI'23 UpDn 59.37 88.23 38.11 49.82 - - - - 62.15
DGG [38] ACL’23 UpDn 61.14 88.77 49.33 499 - - - - 65.54
GENB [11] CVPR’23 UpDn 59.15 88.03 40.05 49.25 | 62.74 86.18 43.85 47.03 -
PWVQA [35] TMM 24 UpDn 59.06 88.26 52.89 45.45 - - - - 62.63
BILI [43] KNOSYS’24 LXMERT| 71.18 92.18 64.90 61.90 - - - - -
CVIV [26] TMM’ 24 UpDn 60.08 88.85 40.77 50.30 - - - - 61.93
FAN-VQA [7] TCSVT’24 LXMERT| 72.18 84.76 65.98 67.29 - - - - -
SCLSM [39] CVIU’24 LXMER | 70.27 82.35 58.97 67.03 - - - - -
PDGH [21] AAAT25 - 61.68 89.29 53.13 50.32 | 64.56 89.56 47.35 46.01 -
TPCLgjxt ours LXMERT | 75.83 91.55 68.49 69.61 | 76.78 90.74 72.22 64.72 | 78.42
TPCLpyny ours LXMERT | 77.23 93.10 72.00 70.34 | 76.15 93.93 62.62 63.91 | 78.03

Table 1: Comparisons with SOTA on two OOD VQA-CP v2 and VQA-CP v1 datasets and
IID VQA v2 dataset.

3.2 Pacing Function

The pacing function determines the rate at which new training tasks are introduced to a model
during learning. This function essentially manages the “curriculum" of data, allowing a model
to start with harder tasks or samples and gradually move to less challenging ones as learning
progresses. We use a standard step pacing function [36] that adds a fraction of the training
data every d iterations as:

1= .r) 6)

p(r) = min(1,20+
SrOW

where Ag, /'Lgrow and r denote the initial data rate, the data growth rate, and the current training
epoch; respectively. The subscript 1" denotes incremental pacing that gradually increases the
size of the data presented to the model. Alternatively, one can adopt the decremental pacing

by p,(r) = max (O, 1— }1;33 .r). This stepwise uniformly spaced function is applied in the
dynamic curriculum. In the fixed curriculum, we use a discrete pacing proportional to the

questions in each task (i.e. [0.49, 0.94, 0.95, 1.0]).

4 Evaluation

We start by evaluating TPCL performance in out-of-distribution and in-distribution datasets.
We report the performance compared to SOTA approaches. Then, we evaluate TPCL backbone
sensitivity by testing on three standard VQA backbones. An ablation of the distributional
difficulty is conducted. Finally, we show TPCL performance in a low data regime. Due to the
page limit, we include a qualitative evaluation and additional ablations in the appendix.

VQA Evaluation in OOD: We compare the performance of TPCL on the VQA-CP v2 and
VQA-CP vl datasets against recent and state-of-the-art approaches (Table.1). We implemented
TPCL on the most used baseline models: LXMERT [34], UpDn [3], and SAN [40]. However,
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Figure 3: Low data per- Figure 4: TPCL learning dynamics.
formance.

our approach is not restricted to these specific backbones and is adaptable to other architectures
as well.
VQA Evaluation in ID: As revealed in a number of works [22, 32] in the literature, a pitfall
of many robust VQA systems is that they tend to perform well in the out-of-distribution
setting at the expense of in-distribution performance. To test this aspect, we evaluate TPCL
on the VQAV2 dataset. As shown in Table 1, TPCL (LXMERT) outperforms the previous
approaches and outperforms the second best approach, SIMPLEAUG (LXMERT) [18], by
3.44%. Additionally, TPCLg;xy outperforms TPCLpyyy in this setup. This suggests that the
dynamic difficulty measure is more suited for situations where the distribution of the answers
is unknown (i.e. out of distribution).
Backbone Agnostic Approach: We showed that TPCL achieves superior results using
LXMERT. As shown in Figure 5, we consistently achieve high gains compared to the baseline
backbones using both the fixed and dynamic curriculum variants. Specifically, we improve the
performance by a minimum of 7.11% by the fixed curriculum in SAN on VQA-CP v2. The
improvement goes up to 28.57% in LXMERT on VQA-CP v2 using the dynamic curriculum.
We again observe that dynamic TPCL is consistently better in out-of-distribution compared to
the fixed TPCL.
TPCL Training Dynamics: Figure 4 illustrates the test performance of baseline models using
the conventional training approach alongside the TPCL training strategy. All the baseline
models began their training with higher evaluation scores compared to our TPCL approach.
This discrepancy in training behaviour can be attributed to the TPCL method’s strategy of
initiating training with the most challenging tasks, unlike the baseline models, which seem
to quickly memorise and overfit to the dataset. This becomes apparent in regions where the
performance of the baseline models stagnates. TPCL, on the other hand, starts slow cause it
trains mostly on the hard tasks. Once it masters hard tasks, it quickly picks up and surpasses
the vanilla baseline by a margin. Additionally, TPCL training strategy is more rewarding with
complex models (e.g. LXMERT), achieving significant gains in performance.
Distributional Difficulty Ablation: We ablate the effectiveness of distributional difficulty
by considering a simple (non-distributional) approach.This is an alternative to the Optimal
Transport-based distributional difficulty measurer that relaxes the distribution and consolida-
tion requirements. Specifically, it uses the mean difficulty of the samples instead of the whole
distribution. The sample difficulty is estimated from the last iteration instead of the B-length
consolidation window.

Figure 6 summarises the findings. The results clearly show that utilising the loss dis-
tribution metric offers superior performance compared to a mean-based metric across all
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baseline models. Specifically, OT improved the performance of the SAN model over the mean
difficulty by approximately 1.37%. For the UpDn model, the mean difficulty achieved a per-
formance of 51.56%, which was enhanced to 53.56% under OT, marking a 2% improvement.
In the case of the LXMERT backbone, OT demonstrated a 1.6% improvement. Therefore,
using distributional loss change, which leverages the model’s performance history, is more
effective than relying solely on the score metric.

TPCL in Low Data Regime: To demonstrate the effectiveness of our curriculum learning
strategy in a limited regime, we trained the LXMERT backbone with varying percentages of
the VQA-CP v2 dataset. We explored two different curriculum learning approaches: forward
(training from easy to hard) and backward (training from hard to easy) in a dynamic manner.
The results, as shown in Figure 3, reveal the following insights: 1) Using only 30% of the
dataset, our LXMERT backbone achieved the state-of-the-art performance of 72.58%, 2)
The backward curriculum learning approach outperforms the forward approach. Specifically,
training the VQA model by first presenting harder question types and subsequently introducing
easier samples enhances the model’s generalisability more effectively than starting with the
easier samples and then progressing to harder ones.

5 Conclusion

In this paper, we propose a simple and novel Curriculum Learning (CL) strategy for Robust
VQA. TPCL breaks the main VQA problem into smaller, easier tasks based on the question
type, and progressively trains the model on a carefully crafted sequence of tasks. We
demonstrate the effectiveness of TPCL through comprehensive evaluations on standard
datasets. Without requiring data augmentation or explicit debiasing mechanisms, our method
achieves state-of-the-art on multiple datasets.
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