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Abstract

Despite more than a decade of curriculum learn-
ing (CL) research in NLP, the field lacks a prin-
cipled account of which difficulty function or
scheduler to use for a given problem. To under-
stand what has hindered progress towards this
account, we propose a fine-grained taxonomy
separating difficulty evaluation from training
scheduling to enable systematic analysis of CL
strategies. For difficulty evaluation, we distin-
guish attribution source and task dependence,
revealing difficulty as a perspectival concept en-
coding different assumptions about what makes
an instance hard to learn. For scheduling, we
provide the first formalisation of CL schedulers
in terms of expected training contribution, en-
abling comparison across implementations by
introducing retention regimes and monotonicity
properties. Applied in the first dedicated sur-
vey of CL in NLP, covering 107 strategies from
90 papers, our taxonomy reveals a systematic
incomparability problem: prior works conflate
distinct notions of difficulty and scheduling,
often pursuing different objectives under the
same CL label — hindering comparison and the
accumulation of a coherent evidence base. Be-
yond diagnosis, the taxonomy supports the de-
sign, analysis, and comparison of CL strategies,
and motivates evaluation practices that disen-
tangle the sources of observed improvement.

1 Introduction

Data-level curriculum learning (CL) is a long-
standing approach in machine learning that aims
to improve training by controlling the exposure of
training instances to a model (Elman, 1993; Ben-
gio et al., 2009). Inspired by human learning, the
core intuition is that models may benefit from start-
ing training with “easier” instances and moving
to “harder” ones, thereby improving convergence,
generalisation, or optimisation stability. Any CL
strategy therefore requires two components: a dif-
ficulty function to evaluate training instances and

a scheduler to realise the progression from easy to
hard (Wang et al., 2021b; Soviany et al., 2022).

Despite sustained interest in CL, including
benchmark-level comparisons across methods,
datasets, and model families (Wu et al., 2021; Zhou
et al., 2024), the field has not converged on which
difficulty function or scheduler to use for a given
problem. We argue that this is not due to a lack
of empirical work, but to the absence of a shared
framework precise enough to establish what a CL
strategy implements. Without such a framework,
findings reported under the same CL label may con-
cern structurally different — and thus incomparable
— strategies, preventing clear attributable analysis.

The lack of conceptual specification is partic-
ularly pronounced for the definition of difficulty
in NLP. Existing curricula draw on heterogeneous
notions of difficulty from adjacent research areas
like readability assessment (Pucci et al., 2023), text
simplification (Agrawal and Carpuat, 2022), psy-
cholinguistics (Tsvetkov et al., 2016), and anno-
tation studies (Elgaar and Amiri, 2023a). Model-
centric CL approaches further amplify this hetero-
geneity by defining difficulty through training dy-
namics rather than input properties (Maharana and
Bansal, 2022). These difficulty functions are not in-
terchangeable: they differ in whose difficulty they
capture, what information they require, and how
transferable they are across settings.

To address this, we propose a two-part taxonomy
of CL that analytically separates difficulty evalu-
ation from training scheduling. On the difficulty
side, we build on Toborek et al. (2026) and char-
acterise difficulty functions by attribution source
and task dependence, yielding four quadrants that
expose their assumptions and information require-
ments. On the scheduling side, we formalise sched-
ulers in terms of the expected training contribu-
tion they realise and introduce two mechanism-
independent axes: data-retention regimes and three
monotonicity properties. This unified view enables

37384

Proceedings of the 2026 Conference on Empirical Methods in Natural Language Processing, pages 37384-37410
October 24-29, 2026 ©2026 Association for Computational Linguistics



direct comparison of sampling- and weighting-
based schedulers for the first time and allows us to
analyse their induced training progression.

The taxonomy reveals two aspects of an incom-
parability problem in CL: difficulty functions en-
code distinct assumptions about what makes an
instance easy to learn, making results hard to at-
tribute to a shared mechanism, while schedulers
implementing an easy-to-hard progression need
not be monotone in the same sense nor expose the
model to comparable training distributions. Apply-
ing this taxonomy to 107 from 90 works from the
ACL Anthology further reveals another source of
incomparability: many curricula pursue objectives
beyond pure difficulty-based ordering, such as data
quality or domain filtering, by assuming that some
instances are less useful for training.

By disentangling previously conflated concepts
in CL, our taxonomy fosters comparability and the
structured development of novel approaches.

In summary, our main contributions are:

* We introduce a two-part taxonomy separately
analysing difficulty evaluation and training
scheduling in data-level CL (Section 3).

* We use this taxonomy to present the first dedi-
cated survey of CL in NLP, analysing 107 pa-
pers by difficulty quadrants, retention regimes,
and monotonicity properties (Section 4).

* We identify sources of incomparability in CL
for NLP and recommend better practices for
reporting and evaluation (Section 5).

We publish the annotated set of strategies as an
interactive online resource at https://vtoborek.
github.io/unifying-taxonomy-cl-nlp/, open
to contributions from the community.

2 Background on Curriculum Learning

We briefly introduce the terminology needed to
position our taxonomy. Existing surveys offer
comprehensive introductions to CL and broad
overviews of the CL literature, including works
in NLP (Wang et al., 2021b; Soviany et al., 2022).
However, they primarily organise methods accord-
ing to implementation paradigms or application do-
mains. In contrast, our taxonomy provides a com-
mon representation for comparing CL strategies
across implementations based on their underlying
difficulty and scheduling properties.

Curriculum Learning as a Two-Part Strategy.
Any CL strategy can be decomposed into two parts
(Wang et al., 2021b; Soviany et al., 2022). A dif-

ficulty function assigns a notion of difficulty to
training instances, while a training scheduler deter-
mines how this difficulty influences training over
time, e.g. by controlling sampling probabilities
or loss weighting. Throughout this survey, we
use the term scheduler as a unifying abstraction
for all mechanisms that govern how training data
is exposed over time; pacing functions (cf. Haco-
hen and Weinshall (2019)) are treated as particular
parametrisations of a scheduler. In the formulation
of Mitchell (1997) both operate on training data
E, where a model M learns task 7" with respect to
some performance measure P from experience FE.

Data- vs. Task-Level CL. We distinguish data-
level CL, which reorders instances under a fixed
target distribution p(y | x), from task-level CL,
where training stages involve incompatible target
relations. For instance, transitioning from binary
sentiment to fine-grained emotion labels is task-
level CL, as no single p(y | x) reconciles both
label schemes. Data-level CL is the more widely
adopted variant (Soviany et al., 2022).

Modes of Difficulty Evaluation. We further distin-
guish three modes of difficulty evaluation. Global
evaluation induces a static ordering or partitioning
of the dataset by assigning each training instance
a single value, computed once, typically prior to
training, and fixed throughout. Local evaluation
instead depends on the current model state, e.g.
model parameters, loss, or confidence. Hence, the
difficulty of a given sample may change in the
course of training. Finally, in-sample evaluation
associates multiple values with a single instance
by actively modifying it. Typical approaches grad-
ually increase input length or adjust perturbation
strength, defining difficulty over transformed vari-
ants rather than fixed samples.

3 Taxonomy

Curriculum learning still lacks a shared formalism:
difficulty is typically defined ad hoc, schedulers
are described informally, and strategies accumulate
without a principled basis for comparison.

We address this gap with a dual taxonomy that
treats difficulty evaluation (§ 3.1) and training
scheduling (§ 3.2) as distinct but complementary
parts of curriculum design. Figure 1 provides an
overview of all components of the taxonomy.
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Figure 1: Overview of our proposed dual taxonomy
concerning difficulty evaluation and training scheduling.

3.1 Difficulty Functions

The space of difficulty functions in CL is highly
heterogeneous, especially in NLP, where curric-
ula draw on proxies ranging from surface input
features and readability measures to annotation be-
haviour, auxiliary models, and target-model train-
ing dynamics. One way to organise this space is by
the information used to estimate instance difficulty.

Letd; : D — R be a difficulty function assign-
ing a scalar value d;(x) to each training instance x
at stage ¢. Difficulty functions may rely on auxil-
iary resources I? required to compute these values.
In this case, we make this dependency explicit by
writing df*(x). When the auxiliary resources are
not relevant to the discussion, we simply write d;.
Under global evaluation as defined in Section 2,
the difficulty function d; is fixed across stages,
whereas under local evaluation it may change with
the model.!

The diversity of possible resources makes an
exhaustive categorisation neither practical nor par-
ticularly informative. We adopt the categorisation
proposed by Toborek et al. (2026) and organise
difficulty functions along two orthogonal dimen-
sions of their information requirements. Let Ry
denote resources defined with respect to the target
task and R ;s resources obtained from one or more
models. A difficulty function is task-dependent
if RN Ry # 0 and task-agnostic otherwise; it is

'In-sample evaluation can be reduced to global evaluation
by expanding D to include all generated variants as distinct
elements, so it does not require separate discussion.

model-centric if R N Ry # () and human-centric
otherwise. Task-specific resources include not only
target labels, but any information whose interpre-
tation depends on the prediction objective, such as
reference outputs, annotation agreement, or task-
specific model signals.
Practically, classifying a difficulty function re-
duces to two questions:
1. Does computing difficulty require information
specific to the target task?
2. Does computing difficulty require information
obtained from one or more models?
Together, these dimensions define four difficulty
quadrants, which organise our survey of difficulty

proxies:

TA-H: RNRT = ) ARNRM = { (task-
agnostic, human-centric), including,
e.g. readability metrics and surface
features;

TA-M: RN RT = A RN RM # () (task-
agnostic, model-centric), e.g. perplex-
ity and embedding-based metrics;

TD-H: RN RT #OARNRM = () (task-
dependent, human-centric), e.g. label
entropy and human-reference metrics;

TD-M: RN RT # 0 A RN RM # () (task-

dependent, model-centric), e.g. loss
and teacher-student signals.

These axes describe technical requirements, but
also reflect assumptions about why an ordering
should benefit training: for example, whether diffi-
culty is expected to follow human-oriented linguis-
tic complexity, model uncertainty, or task-specific
errors. Results across quadrants therefore require
care when compared, since they may not reflect
alternative proxies for the same notion of difficulty.

3.2 Training Scheduler

A scheduler determines how difficulty evaluations
shape training over time. While “easy-to-hard” cap-
tures the governing intuition, it leaves the exact
structure of progression underspecified.

Prior categorisations distinguish deterministic
from probabilistic schedulers (Zhang et al., 2019),
discrete from continuous ones (Christopoulou et al.,
2022), or pre-defined from automatic pacing (Wang
et al., 2021b) describing implementation choices
rather than how training focus progresses over time.

We address this gap with a formal framework
centred on the expected training contribution Ty, a
unified abstraction of all scheduling choices. The

37386



framework yields two axes of mechanism-agnostic
comparison: retention regimes and monotonicity
properties. This framework enables us to (i) test
easy-to-hard exposure in detail, (ii) identify func-
tionally equivalent schedulers, and (iii) reveal an
attribution problem under local difficulty evalua-
tion, where monotone progression may stem from
either scheduling or evolving difficulty estimates.

Setup. A scheduler is a mapping S : (dy, t) — m,
where m; € A(D), A(D) denotes the set of all
possible distributions over D, and d; is a difficulty
function as defined below. Intuitively, m;(z) en-
codes the expected contribution of instance z € D
to the parameter update at stage ¢. Thus, we call 7,
the expected training contribution at stage t

Derived objects. For stage ¢ > 1, we define the
admissible pool as the support of 7;:

Ay :=supp(m) = {z € D : m(z) > 0}.

Ay reflects how schedulers are often designed in
practice: rather than individually specifying the
contribution of every instance, schedulers operate
by deciding what enters or leaves the training pool.
Instances outside A; cannot contribute to the pa-
rameter update at stage ¢.

To describe how 7; evolves between consecutive
stages, we further define for ¢ > 2 the retained set
as Xy :={z € D:m(x) > 0and m_1(z) > 0}
and C; := {z € D : m(x) > m_1(x)} as the
increase-set. Xy captures which instances retain
positive contribution across consecutive stages; C}
identifies those whose contribution actively grows.
Notably, C; is not restricted to newly admitted in-
stances: it may also contain already-admissible
samples whose contribution increases further. We
deliberately track increases rather than decreases,
because our goal is to characterise which instances
can newly drive training at each stage.

3.2.1 Retention Regimes

A key axis along which schedulers in the literature
diverge is their retention behaviour: how samples
are retained, removed, or reintroduced in A;. By
looking at the sequence (7 );>1, we are able to dis-
tinguish between an unconstrained baseline regime
and a small set of recurring structured retention
regimes, each capturing a characteristic pattern in
the evolution of support independent of implemen-
tation. This makes retention the first mechanism-
agnostic axis of comparison in our framework.

(1) Unconstrained Regime. No structural con-
straints are imposed on the evolution of 7;. In-
stances may enter, leave, and re-enter the support
across stages without restriction. Serving as the
most general reference class, this regime captures
schedulers that generate arbitrary stage-wise slices.

(2) No Reentrance Regime. For all x € D and all
<t <t mp(x) >0 A mu(z) >0 =
m¢(2) > 0. In this regime, previously exposed in-
stances may be retained for an arbitrary number of
stages, so X; may be non-empty. Likewise, C; may
include both newly admitted and already-active in-
stances. The only restriction is that once support
for an instance becomes zero, it cannot become
positive again, i.e. each instance contributes during
at most one contiguous interval of stages.

(3) No Retention Regime. For allt > 1 and x € D,
m(z) >0 = Vit #t: my(x) = 0.Each
instance contributes during at most one stage, i.e.
if a sample contributes at step ¢ it did not contribute
in ¢’ < t and will not contribute in t” > t. As a
consequence, X; = () and C; = A, for all t. A
canonical example of the no-retention regime is the
One-Pass scheduler (Bengio et al., 2009), which
trains on disjoint dataset partitions.

(4) Full Retention Regime. For all 1 < t' < t and
z €D, mp(x) >0 == m(x) > 0. Retention
is monotone at the level of support: once admitted,
an instance cannot leave A;, i.e. the interval of
contribution extends until the end of training. Ac-
cordingly, A; can only expand, X; is never empty,
as m;(x) > 0 for at least one x € D, and C}y may
contain both newly admitted instances and already-
admissible ones whose contribution increases fur-
ther. Mass within the admissible pool may be re-
distributed freely. Baby-Step (Spitkovsky et al.,
2010) and competence-based schedulers (Platanios
et al., 2019) are canonical examples, progressively
expanding the admitted set while renormalising
contribution over A;.

(5) Universal Regime. For allt > 1 and ¢ € D,
m¢(x) > 0. All instances are admissible at every
stage, so A; = D for all ¢. Progression is expressed
purely through changes in contribution magnitude
rather than through admission or removal. Accord-
ingly, C; isolates the subset whose contribution is
currently increasing within the fixed full support.

The five regimes defined in (1)—(5) above are
partially ordered by inclusion, with:

(5)c(4)c(2)c (1) and (3) C (2) .
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In Section B of the appendix, we provide a
worked example comparing two schedulers to illus-
trate how different retention regimes shape 7.

Scheduler Implementation. Across the literature,
the retention regimes above are realised by two
mechanisms: sampling, which defines a probability
distribution p; over instances, and weighting, which
scales the contribution of each sampled instance to
the loss by a factor w;. Since these mechanisms
are not mutually exclusive and may be combined,
we capture the joint effect in our framework as
T X pr X wy. Setting wy(x) = 1 for all samples
recovers pure sampling; keeping p; constant and
varying only wy recovers pure weighting.

3.2.2 Monotonicity Properties

Retention regimes describe the structural evolution
of 7, but not whether a curriculum is actually easy-
to-hard: a full-retention scheduler can admit harder
or easier instances alike. To describe progression
precisely, we introduce three monotonicity prop-
erties that track difficulty at different levels of ag-
gregation, yielding a second mechanism-agnostic
characterisation of any CL strategy.

(1) Selection Monotonicity. Let selection difficulty
measure the difficulty of instances driving the tran-
sition from m; to w41, given by the average in-
stance difficulty in C: pse1(t) = ﬁ > wcc, ().
A scheduler is selection-monotone if pger(t + 1) >
psel (t) for all ¢.

(ii) Frontier Monotonicity. Let 7(z) = min{t :
xr € A;} denote the admission stage of x.
The difficulty frontier measures the highest ad-
mission difficulty reached within Ay (t) :=
maxXgea, dr(z) (7). 2 A scheduler is frontier-
monotone if o(t + 1) > «(t) for all £.

(iii) Exposure Monotonicity. Let exposure difficulty
denote the expected difficulty under the expected
training contribution: fiexp(t) = Eger, [dt(x)] A
scheduler is exposure-monotone if piexp,(t + 1) >
exp(t) for all ¢.

We argue for the distinction between the three
monotonicities, because progression enforced early
need not be preserved downstream: a scheduler
may admit increasingly harder instances without
increasing the expected difficulty of the training

*d, () (z) anchors the difficulty frontier to the scheduler

decisions rather than the evolving model perception for local
dy; for global dy, this reduces to ¢(t) := maxzea, di(x).

signal, or may increase exposure through reweight-
ing while leaving the frontier unchanged.

Formally, the three properties are defined over se-
quences of difficulty functions (d;), which may or
may not remain stable across stages. Under global
evaluation, monotonicity is directly attributable to
the structural choices of the scheduler. Under local
evaluation, d; co-evolves with the model: changes
In figel OF flexp between stages may reflect sched-
uler decisions, model improvement, or both — an
attribution problem our framework makes explicit.
We therefore classify schedulers as monotone only
when the property is structurally guaranteed, i.e.
holds regardless of how d; evolves.

4 Survey of Curriculum Learning in NLP

We survey the NLP literature in two steps: § 4.1 re-
views difficulty proxies through the four quadrants,
and § 4.2 reviews schedulers through the retention
regimes. Section A describes the corpus compila-
tion and Table 2 in Section D presents the detailed
paper-level analysis.

4.1 Survey of Difficulty Proxies

We survey difficulty proxies by quadrant as in-
troduced in Section 3.1. Figure 4 and Figure 5
in Section C.1 show that proxies from TD-M are
most common, TA-H and TA-M proxies are mostly
global, and TD-M mostly local. Table 1 provides
an overview of the different proxy families we iden-
tified within each quadrant; see Section C.1 for an
extended account of the literature with examples.

TA-H proxies are the most accessible, because they
rely on human-designed, label-free properties of
the input, making them inexpensive to compute
and often treated as default curricula. The dom-
inant family of proxies relies on psycholinguis-
tic and readability-related signals (Platanios et al.,
2019; Tsvetkov et al., 2016). Other proxies employ
source-level attributes (Elbayad et al., 2023; Hong
et al., 2025; Elzohbi and Zhao, 2025) or proxies de-
fined by construction like targeted perturbations (Li
et al., 2022a) or context-manipulation (Nagatsuka
et al., 2021; Mohankumar et al., 2024). In-sample
evaluation is prevalent in this quadrant: they raise
the possibility that observed gains stem from the
artificial variants themselves rather than their tem-
poral ordering. The rationale is consistently bor-

3We publish the paper-level analysis as an interactive com-
munity resource open to contributions: https://vtoborek.
github.io/unifying-taxonomy-cl-nlp/.
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Quadrant Proxy Families

Examples

psycholinguistic/ readability features

length, syntactic complexity, readability scores

TA-H dataset-level attributes genre, language similarity
difficulty-by-construction compositional depth, perturbations, context manipulation
auxiliary model signals surprisal, cross-entropy

TA-M pre-trained embedding geometry vector norms, cosine/Euclidean distance
LLM for evaluation/ data-generation difficulty scores, data-level attributes
target complexity output length, code/ graph/ proof depth

TD-H target information injection oracle pronouns and gold arguments
human-reference discrepancy edit distance, ROUGE, answerability
direct human performance annotation time and preference
current-model signals confidence, loss, margin to the decision boundary

TD-M auxiliary model signals preference, relevance scores

teacher-model signals
model-level perturbations

prediction confidence, question answering probability
embedding perturbations, decision-boundary distance

Table 1: Overview of difficulty-proxy families by quadrant.

rowed from human cognition: models benefit from
progressing easy-to-hard (Tsvetkov et al., 2016), ir-
regular patterns induce noisier gradients (Platanios
et al., 2019), and scaffolding stabilises early opti-
misation (Nagatsuka et al., 2021). Notably, task-
agnostic proxies are not task-neutral: their choice
is typically guided by task-specific intuition.

TA-M proxies infer difficulty from model-derived
signals without requiring task labels. Three fam-
ilies appear: auxiliary models providing generic
scores not directly related to the target task (Wang
et al., 2019; Zhou et al., 2020b); leveraging pre-
trained embedding geometry (Lu and Lam, 2023;
Weinzierl and Harabagiu, 2024; Pan et al., 2025);
and LLMs used directly as raters or to generate
contrastive negatives of varying difficulty (Li et al.,
2024; Xu et al., 2024). The shared motivation is to
replace human assumptions with reusable model-
based signals. Less common than TA-H, this quad-
rant has grown more accessible with the rise of
strong pre-trained encoders.

TD-H proxies are tied to the target task but remain
human-centred by either utilising human-created
references or directly leveraging human perfor-
mance on the target task. A first family defines
difficulty directly in target space (Kocmi and Bojar,
2017; Kano et al., 2021; Wang et al., 2024b). A
second family injects target information into the in-
put to create a difficulty scaffolding during training
(Stojanovski and Fraser, 2019; Wei et al., 2021b).
A third defines difficulty by considering the dis-
crepancy to human references (Magooda and Lit-
man, 2021; Agrawal and Carpuat, 2022). Finally, a
fourth directly captures human performance, pref-
erence, or disagreement on the task (Elgaar and
Amiri, 2023a; Hamad et al., 2024; Pattnaik et al.,

2024). TD-H proxies draw on parallels to human
learning, expect target-related guidance to ease op-
timisation early in training, or aim to leverage in-
herent task structure for smoother training.

TD-M is the most common quadrant and most
adaptive to the model: difficulty is defined through
model-data interaction, evaluated globally or lo-
cally during training. Approaches use the current
model to serve as evaluator (Sachan and Xing,
2016; Feng et al., 2019; Wan et al., 2020); auxiliary
evaluators to estimate locally (Liu et al., 2021; Yu
et al., 2024) or globally (Su et al., 2021; Pattnaik
et al., 2024); or teacher models to derive difficulty
scores (Shen and Feng, 2020; Lobov et al., 2022;
Christopoulou et al., 2022). A repeated motivation
is dissatisfaction with rigid human heuristics and
the desire for fully automated pacing. The tight
coupling between difficulty estimation and sched-
uler dynamics is the defining feature of TD-M and
its main interpretive challenge.

Mixtures of quadrants appear in few works, either
combining proxies sequentially (Liu et al., 2023;
Ranaldi et al., 2024) or aggregating multiple signals
(Dou et al., 2020). TA-H measures most often
serve as the inexpensive backbone, enriched by
more adaptive signals. Thus, quadrants constitute
composable sources of difficulty information, not
mutually exclusive strategy types.

Across quadrants, some proxies target data use-
fulness rather than inherent task difficulty, treat-
ing noisy, unreliable, or out-of-domain instances
as hard (Luo et al., 2017; Wang et al., 2019;
Shamanna Girishekar et al., 2021); such cases blur
difficulty progression with denoising, filtering, or
domain selection.
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Figure 2: Distribution of quadrants per retention regime.
The numbering follows the main paper: (1) uncon-
strained, (2) no re-entrance, (3) no retention, (4) full
retention, (5) universal.

4.2 Survey of Training Schedulers

We now survey how schedulers translate difficulty
evaluations into the expected training contribution
of a sample, organised by retention regime (Sec-
tion 3.2.1) and using selection, frontier, and expo-
sure monotonicity as the main comparative lens.
We focus on the main approaches in each retention
regime; see Section C.2 for an extended account of
the literature and examples.

Unconstrained schedulers impose no structural re-
striction on how A; evolves. This mainly arises un-
der local difficulty evaluation, where instances are
repeatedly re-ranked under the current model state
and A; reconstructed stage by stage (Pattnaik et al.,
2024; Feng et al., 2019; Ruiter et al., 2020); it also
occurs when thresholds for accepting an instance
into A; depend on current model performance (Xu
et al., 2020; Lalor and Yu, 2020) or policies select
among fixed buckets without continuity constraints
(Kumar et al., 2019). Such schedulers are often
adaptive, but structurally guarantee neither selec-
tion, frontier, nor exposure monotonicity.

No Reentrance allows contiguous retention but
forbids re-admission once an instance leaves A;.
It is rare and mainly realised through targeted re-
moval, such as training on a high resource language
before continuing with the target language (Elhady
et al., 2025), progressively dropping low scoring
instances (implementing anti-curriculum) (Kano
et al., 2021), or retaining a fixed subset while re-
placing the remainder (Ren et al., 2025). Observed
examples are monotone in selection, frontier, and
exposure, but the regime itself does not guaran-
tee this; monotonicity depends on which instances

are kept or removed and whether they follow an
ordered notion of difficulty or quality (Wu et al.,
2024; Liu et al., 2023).

No Retention requires each instance to contribute
at most once across stages. This is typically re-
alised by traversing disjoint difficulty buckets or
strictly ordered one-pass datasets (Cirik et al., 2016;
Wei et al., 2021a), most often with global (Li et al.,
2022a; Ranaldi et al., 2023; Ren et al., 2025) or
in-sample evaluation (Nagatsuka et al., 2021; Wang
et al., 2025). This usually leads to monotonicity in
selection, frontier, and exposure, but is not guaran-
teed by the regime: reordering within future buck-
ets (Zhang et al., 2025a) or epoch-wise curricu-
lum resets yields overall non-monotone schedules
(Kocmi and Bojar, 2017; Kumari et al., 2021).

Full Retention keeps instances available once ad-
mitted. This is the dominant retention regime, of-
ten motivated by smoother optimisation and re-
duced forgetting relative to disjoint stage-wise
training. Canonical examples are competence-
based (Platanios et al., 2019) and Baby-Step sched-
ulers (Spitkovsky et al., 2010), which expand A;
cumulatively over an ordered ranking and are thus
structurally frontier monotone; under aligned selec-
tion and uniform sampling, exposure monotonic-
ity follows (Chang et al., 2021; Wu et al., 2023;
Yao et al., 2025). Variants differ mainly in pacing
(Wang et al., 2022b; Zhou et al., 2020b), batching
(Liu et al., 2024a), or defining difficulty thresholds
(Yadav et al., 2017; Yuan et al., 2022). Combining
sampling and weighting need not alter these struc-
tural properties when both mechanisms are aligned
(Liu et al., 2020). Since full retention constrains
only support evolution, not the direction or distri-
bution of contribution mass, it preserves frontier
monotonicity under local evaluation but not selec-
tion or exposure monotonicity (Tang et al., 2025;
Sachan and Xing, 2016); ordered training within
A (Li et al., 2024) or epoch-wise resets (Lee et al.,
2022) can likewise render training non-monotone.

Universal schedulers keep all instances admissi-
ble throughout training and progression is realised
solely by redistributing contribution mass, render-
ing the notion of difficulty frontier uninformative.
This regime appears both in weighting-based curric-
ula that shift mass towards harder instances (Yang
et al., 2022) and in sampling-based curricula with
time-varying batch mixtures over dataset partitions
(Du et al., 2019; Zhang et al., 2025b). Irrespective
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of the employed mechanism, these examples are
monotone in selection and exposure, but the regime
itself does not guarantee it: redistribution of gradi-
ent mass within the mini-batch (Wan et al., 2020;
Liu et al., 2024b) yields no structural monotonicity.

5 Discussion

Our careful analysis shows that the difficulty of
interpreting CL results in NLP is not merely due
to empirical variation, but to three recurring confla-
tions: what counts as difficult, how progression is
scheduled, and which objective the curriculum is
meant to serve. These conflations impede meaning-
ful comparison across approaches. In the following,
we discuss how the taxonomy makes these tensions
visible and why they matter methodologically.

Difficulty Evaluation. The survey shows that diffi-
culty functions in NLP are highly heterogeneous.
Our taxonomy structures this design space via axes
not only capturing technical properties, but also as-
sumptions about what renders an instance difficult
and why ordering by that signal should improve
training. Readability scores, linguistic similarity,
perplexity, and loss each locate difficulty differ-
ently: in the data, the model, or their interaction.
Empirical evidence further suggests that different
difficulty proxies disagree on which instances are
difficult (Christopoulou et al., 2022; Toborek et al.,
2026). Positive results across proxies can thus coex-
ist without any of them confirming the same under-
lying mechanism. In-sample difficulty evaluation
further sharpens this concern: defining difficulty by
a function transforming the instances may result in
ordering that does not recover an inherent task pro-
gression, but instead introduces instances deviating
from the original data distribution. In this sense, in-
sample evaluation is similar to data augmentation
with temporally controlled data exposure.

As a consequence, future work needs to state its
rationale for proxy choice to allow for better inter-
pretation and comparison of results. In-sample
evaluations need to compare against a baseline
that contains the transformed instances, rather than
comparing only against the original dataset.

Scheduling. The survey supports the diagnosis that
schedulers have been systematically underspeci-
fied, often independently of the difficulty function
they accompany. The taxonomy addresses this by
formalising scheduler progression via mechanism-
independent components: retention regimes and
monotonicity properties. Schedulers described as

monotone need not be monotone in selection, fron-
tier, and exposure simultaneously; thus, success-
ful schedulers may in fact realise different forms
of progression. Moreover, easy-to-hard sched-
ulers can be implemented under different retention
regimes. Both a full retention and a no retention
regime may be exposure monotone, while exposing
the model to substantially different training distri-
butions. While some work compares schedulers
directly, these comparisons typically vary the direc-
tion of progression (Elgaar and Amiri, 2023b) or
different pacing for the same scheduler (Platanios
et al., 2019). Retention therefore remains a central
but neglected design variable, despite distribution
shifts being a core concern in continual learning
(Wang et al., 2024a). This underspecification com-
pounds under local difficulty evaluation: apparent
monotonicity may stem from the evolution of the
difficulty function, the scheduler logic, or both.

Consequently, schedulers should be described
precisely in terms of retention regime and mono-
tonicity type. Ablations should vary these dimen-
sions independently of the difficulty proxy; under
local difficulty functions, the evolution of d; should
be reported separately from the scheduler.

Objectives. Applying the taxonomy surfaces a
third conflation: many works labelled as CL pursue
goals like data cleaning or domain filtering, which
do not aim to leverage an inherent task progres-
sion (Bengio et al., 2009), but assume that some
instances are less useful for training. Intuitively,
noisy or out-of-domain data may count as difficult,
yet one can equally imagine datasets which are
noisy, contain out-of-domain instances and would
benefit from an ordering that targets some inher-
ent task scaffolding. A related conflation concerns
whether CL is used throughout training or only as
a warm-start: these settings make different claims
about the usefulness of the curriculum.

As a consequence, future work should analyse
whether a strategy succeeds because of its objec-
tive, the dataset, or their interaction, and compare
strategies with distinct objectives.

5.1 Future Directions

Progress in CL will require moving from method-
level comparison to component-level evaluation
to better understand difficulty proxies, schedulers,
and training objective interplay. Broad empirical
benchmarks are valuable, but they cannot localise
where observed gains stem from (Zhou et al., 2024).
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Similarly, experiments that vary these components
independently would make both positive and neg-
ative findings (Surkov et al., 2022; Weber et al.,
2023) easier to interpret.

Our analysis further highlights underexplored de-
sign choices, especially the universal and no reen-
trance regimes. Likewise, TA-M proxies and LLM-
based judges offer scalable, label-free difficulty
estimates, but should be evaluated by the assump-
tion they encode rather than as generic stronger
heuristics. The proposed taxonomy provides the
framework for designing such targeted studies.

6 Conclusion

We identified an incomparability problem in the
results of CL in NLP: works under the same CL la-
bel often differ in how they define difficulty, realise
training progression, and motivate the curriculum
objective. We addressed this with a two-part tax-
onomy that characterises difficulty evaluation by
attribution source and task dependence, and unifies
different scheduler implementations under their ex-
pected training contribution. Applied to 90 papers,
the taxonomy makes structural differences between
CL strategies explicit and enables improved report-
ing, ablation, and interpretation of future results.

7 Limitations

Although the proposed taxonomy is in principle
applicable to any data-level CL strategy, we have
only applied it to the corpus based on the ACL an-
thology. We are confident the taxonomy will be
applicable to the broader CL literature, but this re-
mains to be tested. The taxonomy is analytical in
exposing structural differences between difficulty
functions and schedulers, but it does not predict
which strategy will be effective for a given model,
dataset, or objective. Section 5 offers concrete rec-
ommendations on how future work should analyse
the efficacy of CL design choices.

While the taxonomy cleanly separates difficulty
evaluation from scheduling, it does not yet provide
an equally accessible way to assess the objective of
a CL strategy. Our survey identifies objective-level
conflations, such as difficulty progression versus
filtering or warm-starting, but a systematic explo-
ration of CL objectives remains future work. Fi-
nally, several classifications required interpretive
judgement, since many papers do not fully spec-
ify their difficulty rationales or scheduling mech-
anisms. We therefore classify monotonicity con-

servatively, only when it is structurally guaranteed,
which may undercount approaches that are empiri-
cally monotone in specific implementations.
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A Corpus Compilation and Annotation

We use the public ACL Anthology API to com-
pile the paper corpus. Initially, we queried titles
and abstracts for either the exact phrase “curricu-
lum learning” or the co-occurrence of “curriculum”
(or “curricula”) and “learning”. This broad query
intentionally prioritised recall, yielding a hetero-
geneous set of candidate papers spanning multiple
modalities and application domains.

In a first automated filtering pass, we restricted
the corpus to papers published at venues classi-
fied as conferences in the ACL Anthology, which
includes works published in Findings. We then
applied keyword-based filters to only retain text-
only tasks removing work primarily concerned with
medical imaging, multimodal learning, robotics,
and speech processing. This resulted in a set of
199 papers. In a second, manual review stage, we
excluded work that was not written in English, fo-
cused on educational curricula rather than curricu-
lum learning for neural network training, or applied
CL at levels other than the data-level (cf. Sec-
tion 2). Candidate papers were distributed across
the authors for manual assessment. Cases where
the inclusion or annotation were uncertain, were
discussed jointly until consensus was reached. Be-
cause disagreements were resolved during anno-
tation rather than recorded through an indepen-
dent double-annotation procedure, we do not re-
port inter-annotator disagreement. The remaining
papers constitute the final dataset analysed in this
survey.

For the annotation of scheduler properties, a v/
was assigned only when the scheduler guaranteed
the corresponding monotonicity by construction for
every pair of consecutive stages. We inspected the
method description, equations, pseudocode, and
implementation details where available. When the
property depended on unspecified implementation
details, stochastic outcomes, or the evolution of a
local difficulty function, we did not assign a v'.

The remaining papers constitute the final dataset
analysed in this survey. While the final set com-
prises 90 papers, several papers propose multiple
distinct strategies, yielding a total of 107 annotated
strategies.

B Computing and Interpreting 7,

To illustrate how the scheduler taxonomy can be
applied in practice, consider the SST-2 (Socher
et al., 2013) training set with n = 67 349 training

instances, ordered by increasing d; defined as the
tokenised input length. The expected training con-
tribution was deliberately defined abstractly, and
its derived properties allow direct comparison of
schedulers without knowledge of their concrete im-
plementations. However, if we want to compute
m; explicitly, we need to specify how the scheduler
is implemented. The pacing function determines
how quickly the curriculum advances through the
difficulty-ranked dataset by mapping each stage to
the highest rank reached at that stage. In this exam-
ple, suppose the curriculum is defined over T = 5
stages with equally sized increase sets C; yielding
Cy =x;: ¢s—1 <1 < ¢, such that

,c5) = (13470, 26940, 40410,
53880, 67349).

(01,...

For simplicity, we consider a pure sampling
scheduler, where all admissible instances receive
equal loss weight, i.e. w;(z) = 1. Consequently,
7(z) = pu(e).

Now compare two schedulers that use the same
difficulty function and pacing schedule but differ
only in their retention regime.

No-Retention A no-retention scheduler, such as
that of Bengio et al. (2009), exposes only the newly
admitted instances at each stage:

ANR = ;.
Sampling is uniform over the admissible set, giving

1

=, 1z € ANR,
m(x) = { AR
0, otherwise.
At stage t = 3, only instances ranked 26 941

through 40410 are sampled. Each admissible in-
stance therefore receives probability

1
NR -5
= —— =742 x107°.
™5 (@) = 73470

Full-Retention A full-retention scheduler, such
as the competence-based scheduler of Platanios
et al. (2019), instead keeps all previously intro-
duced instances available:

t
AR =,
i=1
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Figure 3: Expected training contribution 73(x) at stage t = 3 for no- and full-retention schedulers with the
same length-based difficulty ordering and pacing; grey line visualises tokenised input length. Both reach the
same curriculum frontier, but no retention concentrates probability mass on newly admitted instances while full
retention spreads it across all admitted instances. Identical ordering and pacing may still produce different training

distributions.
leading to
1
— xc AR
F FR |’ t >
T R(x) = ‘At ‘
0, otherwise.

At stage t = 3, the scheduler samples uniformly
from the first 40 410 instances, so that

T (z) = 407110 ~ 2.47 x 1075,

Although both schedulers use the same difficulty
function and pacing schedule and reach the same
curriculum frontier at every stage, they induce dif-
ferent training distributions. Figure 3 visualises
the expected training contribution 73 under both
schedulers for stage ¢ = 3. Under no-retention, all
probability mass is concentrated on the newly in-
troduced portion of the curriculum, whereas under
full-retention it is distributed across all previously
admitted instances. This example illustrates how
the proposed formalism makes scheduler behaviour
explicit through 7y, revealing implementation dif-
ferences that remain hidden under the common
description of both strategies as “easy-to-hard” cur-
ricula.

B.1 Relation to Practical Implementations

Our proposed formalism characterises the curricu-
lum scheduler independently of the optimisation
algorithm. Optimiser state and learning-rate sched-
ules affect the magnitude of parameter updates in-
duced by sampled instances, but not the scheduler

itself. Extending the framework to explicitly model
these optimisation dynamics would therefore con-
stitute a natural step towards a predictive theory of
curriculum learning.

Batch construction, by contrast, is already cap-
tured through the sampling distribution p;. Any
batching strategy induces a marginal probability
that an instance z is sampled at stage ¢, and this
probability can be incorporated directly into 7.
Likewise, implementations using stages of unequal
duration simply accumulate different numbers of
samples from the corresponding stage-specific dis-
tributions. While this changes the cumulative ex-
posure of individual training instances, it does not
affect the scheduler properties defined with respect
to 7y, including the proposed retention regimes and
monotonicity properties.

C Extended Survey

This appendix provides an extended account of the
strategies identified in our survey, complementing
the aggregate results presented in the main paper.
We first examine the difficulty proxies used across
the four quadrants and then turn to the scheduler
structures through which they control training ex-
posure.

C.1 Difficulty Quadrants

We first examine how difficulty is operationalised
across the four quadrants, focusing on the proxies
used in the literature and the motivations given for
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Figure 5: Counts for evaluation mode per quadrant.

their use.
Figures 4 and 5 provide aggregate counts and
show how the quadrants relate to evaluation mode.

C.1.1 TA-H (Task-agnostic Human-Centric)

TA-H is the most accessible quadrant: proxies are
human-designed, label-free properties of the input,
making them inexpensive to compute. They are
often treated as default curricula. At the same time,
they are frequently chosen through task-specific
human intuition, so “task-agnostic” may still not
be task-neutral in practice.

Most TA-H curricula rely on psycholinguistic
and readability-related proxies such as input length
(Platanios et al., 2019; Lobov et al., 2022) and syn-
tactic or shallow structural complexity (Tsvetkov
et al., 2016; Chen et al., 2022). A second family
uses source-level attributes, including genre (Elzo-
hbi and Zhao, 2025), dataset tier (Wu et al., 2024;
Hong et al., 2025), or language-level factors such
as availability (Elbayad et al., 2023) and linguistic
similarity (Shamanna Girishekar et al., 2021) in
multilingual transfer. A third line controls diffi-
culty by construction, e.g. through explicit compo-

sitional depth (Wu et al., 2023; Yao et al., 2025),
constrained reasoning structure (Ren et al., 2025),
or targeted perturbations (Li et al., 2022a; Kakkar
et al., 2023) and context manipulation (Nagatsuka
et al., 2021; Mohankumar et al., 2024).

The dominant reason for TA-H is that models,
like human learners, may benefit from progress-
ing from simpler and more prototypical inputs to
more complex ones (Tsvetkov et al., 2016; Lee
et al., 2022; Toborek et al., 2025). Other work
adopts a statistical perspective: infrequent or struc-
turally irregular patterns induce noisier gradients
due to limited evidence (Platanios et al., 2019; Ya-
dav et al., 2017). A third recurring argument ap-
peals to information-processing limits: longer con-
texts, rarer phenomena, and deeper compositional
chains are assumed to impose higher computational
load and to destabilise optimisation early in training
(Platanios et al., 2019; Li et al., 2022b; Yao et al.,
2025). Finally, some curricula use human-designed
scaffolding to improve training of neural architec-
tures, temporarily simplifying the input (Nagatsuka
et al., 2021; Wang et al., 2025) or enriching con-
text (Mohankumar et al., 2024) before gradually
removing these aids to encourage generalisation.

C.1.2 TA-M (Task-agnostic Model-Centric)

TA-M proxies infer difficulty from model-derived
signals independent of the target task. They are
less common than TA-H, but the rise of pre-trained
embeddings and foundation models has made this
quadrant increasingly accessible. It replaces hand-
crafted assumptions with model-based estimates
while remaining independent of task labels.

We identify three main families of TA-M prox-
ies. First, some approaches use auxiliary models
not trained on the target task to provide generic
difficulty cues such as surprisal (Lobov et al.,
2022; Zhou et al., 2020b) or token-level cross-
entropy (Wang et al., 2019). Second, several works
derive difficulty from pre-trained representation
spaces, e.g. through static word-vector norms (Liu
et al., 2020) or distances and similarities between
model embeddings, including Euclidean distance
(Weinzierl and Harabagiu, 2024), cosine similarity
(Pan et al., 2025), and BLEURT-based similarity
(Lu and Lam, 2023). Third, recent work delegates
difficulty estimation to LLMs, either by directly
rating the difficulty of an input (Li et al., 2024)
or by using strong and weak LL.Ms to generate
contrastive negatives of varying difficulty for post-
training (Xu et al., 2024).
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A central reason for TA-M is that difficulty
should be defined from the perspective of the
model; model-centric signals are therefore used as
reusable estimates of processing difficulty (Zhou
et al., 2020b; Li et al., 2024). In contrastive learn-
ing and data augmentation, where semantic dis-
tance or compatibility between instances directly
shapes training difficulty, embedding-based simi-
larity is a natural control variable for constructing
informative rather than misleading pairs (Lu and
Lam, 2023; Weinzierl and Harabagiu, 2024; Pan
et al., 2025). Finally, several works aim to sta-
bilise training by delaying training with uncertain,
weakly aligned, or semantically incompatible ex-
amples (Wang et al., 2019; Lobov et al., 2022).

C.1.3 TD-H (Task-dependent
Human-Centric)

TD-H proxies are tied to the target task, human
derived, and often interpretable signals. They often
exploit interpretable task structure, but the quadrant
includes both genuine human difficulty signals and
explicit scaffolding strategies simplifying the task
early in training.

Some works use target complexity directly as
proxy, e.g. through target length (Kocmi and Bo-
jar, 2017; Kano et al., 2021; Jia et al., 2023), code
complexity in terms of required conditional state-
ments (Dou et al., 2024), AMR graph depth (Wang
et al., 2022a), or number of proof steps (Wang et al.,
2024b). Others define difficulty by injecting target
information to the input, such as oracle pronouns
(Stojanovski and Fraser, 2019), gold-arguments
(Wei et al., 2021b), or prompt-level target injection
(Yang and Song, 2022). A third set uses human-
reference-based discrepancy signals, including edit-
distance measures (Chang et al., 2021; Agrawal
and Carpuat, 2022), ROUGE score (Magooda and
Litman, 2021), retrieval-based answerability esti-
mates (Tay et al., 2019), or target-centred graph
structure (Vakil and Amiri, 2023). Finally, some
works directly capture human performance proxies
like their annotation time (Hamad et al., 2024) or
human preference (Pattnaik et al., 2024).

Three reasons for TD-H recur. First, some ap-
proaches draw on parallels to human learning, ei-
ther through psycholinguistic development (Singh
et al., 2018; Wang et al., 2022a, 2024b) or direct
proxies of human processing cost (Hamad et al.,
2024). Second, many works use TD-H proxies to
ease optimisation early in training by providing
target-related guidance before gradually transition-

ing to the full task (Stojanovski and Fraser, 2019;
Yang and Song, 2022; Dou et al., 2024). Third,
other works assume that an inherent structure in
the learning problem can be leveraged for smoother
training (Agrawal and Carpuat, 2022; Grishina and
Sorokin, 2022; Pattnaik et al., 2024).

C.14 TD-M (Task-dependent Model-Centric)

TD-M defines difficulty through model-data in-
teraction, most often in a local and optimisation-
coupled manner. This makes it the most adaptive
quadrant, but also the one where difficulty evalu-
ation and scheduler dynamics are most tightly en-
tangled. Across both local and global approaches,
this is the most common type of difficulty proxy.

One group uses the current model itself as eval-
uator, deriving difficulty proxies from representa-
tion similarity (Ruiter et al., 2020), confidence or
uncertainty (Wan et al., 2020; Tang et al., 2025),
and criteria based on loss, margin, or error (Feng
et al., 2019; Huang and Du, 2019; Sachan and Xing,
2016). One global variant estimates difficulty from
the pre-trained model using Fisher-information-
based sensitivity scores (Liu et al., 2024a). A
second group relies on auxiliary evaluation mod-
els. Locally, they estimate sample complexity (Yu
et al., 2024) or learning progress during training
(Liu et al., 2021; Xu et al., 2020); globally, they
provide fixed task-specific scores such as prefer-
ence rankings (Pattnaik et al., 2024), relevance es-
timates (Su et al., 2021), or appropriateness judg-
ments (Kano et al., 2021). A third group derives
global difficulty scores using signals from feacher
models such as prediction confidence or proba-
bility (Shen and Feng, 2020; Lobov et al., 2022)
or training-dynamics summaries (Poesina et al.,
2024; Christopoulou et al., 2022), or local diffi-
culty scores using directly task-related measures
like question answering probability (Maharana and
Bansal, 2022). Finally, some approaches make dif-
ficulty model-conditioned at the sample level, e.g.
by perturbing the embedding space (Wang et al.,
2025) or generating examples closer to the decision
boundary (Jin et al., 2024).

The reasons why several works turn to TD-M
is criticism of the inaccuracy (Wan et al., 2020;
Christopoulou et al., 2022) and rigidity (Liu et al.,
2024b) of human heuristics. Others aim to control
data reliability more finely, e.g. under noisy super-
vision (Shen and Feng, 2020; Kano et al., 2021)
or the presence of false negatives (Su et al., 2021;
Feng et al., 2019). A third reason is automation: us-

37403



ing model-based signals for both difficulty estima-
tion and pacing rather than hand-designing curric-
ula (Kumar et al., 2019; Wang et al., 2019). Finally,
others use TD-M proxies to improve optimisation
by tailoring training exposure to the current model
(Maharana and Bansal, 2022; Jin et al., 2024).

C.1.5 Mixture of Quadrants

Not all curriculum strategies rely on a single quad-
rant. A small number of works combine proxies
from different quadrants, either sequentially, by
using one signal for coarse staging and another
for finer ordering (Liu et al., 2023; Ranaldi et al.,
2024), or jointly, by aggregating multiple signals
into one difficulty score (Luo et al., 2017; Dou
et al., 2020; Dai et al., 2021). Most often, TA-H
measures serve as inexpensive and widely available
building blocks that are enriched by more task- or
model-specific information.

These mixtures suggest that the quadrants are
best understood as composable sources of difficulty
information rather than mutually exclusive strat-
egy types. This is especially useful when simple
human-designed heuristics are available at scale but
benefit from being complemented by more adaptive
or task-specific signals.

C.2 Training Schedulers

We next examine how difficulty evaluations are
translated into control over sample exposure during
training. We organise the surveyed strategies by the
retention regimes defined in Section 3.2.1, using
selection, frontier, and exposure monotonicity as
the main comparative lens.

Unconstrained schedulers in the unconstrained
regime impose no structural restriction on how Ay
evolves. In NLP, this regime arises mainly under
local difficulty evaluation, where instances are re-
peatedly re-ranked under the current model state
and A; reconstructed stage by stage (Pattnaik et al.,
2024; Feng et al., 2019; Ruiter et al., 2020). It
also appears irrespective of the evaluation mode
when thresholding depends on current model per-
formance (Xu et al., 2020; Lalor and Yu, 2020) or
when policies choose among fixed buckets with-
out continuity constraints (Kumar et al., 2019).
Such schedulers are often adaptive, but structurally
guarantee neither selection, frontier, nor exposure
monotonicity.

No Reentrance allows contiguous retention but
forbids re-admission once an instance leaves A;.

In NLP, this is mainly realised through targeted
removal: e.g. training on a high resource language
before continuing with the target language (Elhady
et al., 2025) or progressively dropping low scoring
instances (implementing anti-curriculum) (Kano
et al., 2021). Complementary, a strategy can retain
a fixed subset across stages while replacing the
remainder (Ren et al., 2025). In both cases, the
curriculum is monotone in selection, frontier, and
exposure; yet this is not guaranteed by the regime
and depends entirely on which instances are kept
or removed and whether they follow an ordered
notion of difficulty or quality (Wu et al., 2024; Liu
et al., 2023).

Overall, the no reentrance regime is rare al-
though in principle it could also include general
sliding window approaches.

No Retention requires each instance to contribute
at most once across stages. In NLP, it is typically re-
alised by traversing disjoint difficulty buckets or, in
the limiting case, a strictly ordered one-pass dataset
traversal (Cirik et al., 2016; Wei et al., 2021a).
The regime is most common with global (Li et al.,
2022a; Ranaldi et al., 2023; Ren et al., 2025) or
in-sample evaluation mode (Nagatsuka et al., 2021;
Wang et al., 2025), leading to monotonicity in se-
lection, frontier, and exposure.

Yet, the no retention regime alone does not guar-
antee globally monotone progression: reordering
within future buckets (Zhang et al., 2025a) or re-
setting the curriculum each epoch yields overall
non-monotone schedules (Kocmi and Bojar, 2017;
Kumari et al., 2021; Lu and Lam, 2023).

Full Retention requires instances to remain avail-
able for the rest of training once admitted. This is
the dominant retention regime in NLP, often moti-
vated by smoother optimisation and reduced forget-
ting relative to disjoint stage-wise training.
Canonical examples are competence-based (Pla-
tanios et al., 2019) and Baby-Step schedulers
(Spitkovsky et al., 2010), which implement cumu-
lative expansion over an ordered ranking and are
thus structurally frontier monotone; under aligned
selection and uniform sampling from A, follows
exposure monotonicity (Chang et al., 2021; Wu
et al., 2023; Yao et al., 2025). Many variants retain
this same structure while differing only in pacing,
e.g. by conditioning expansion on model profi-
ciency (Wang et al., 2022b; Zhou et al., 2020b),
operating on batches rather than instances (Liu
et al.,, 2024a), or defining an explicit difficulty
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threshold for weighting (Yadav et al., 2017) as well
as sampling schedulers (Yuan et al., 2022; Zheng
et al., 2022). Combining sampling and weighting
need not alter these structural properties when both
mechanisms are aligned (Liu et al., 2020).

Still, full retention alone does not guarantee a
fully monotone curriculum since it only constrains
support evolution. Under local difficulty evalua-
tion, frontier monotonicity remains intact while in-
hibiting selection and exposure monotonicity (Tang
et al., 2025; Sachan and Xing, 2016). Even un-
der global evaluation, training on A, in a specific
order can break exposure monotonicity (Li et al.,
2024). Likewise, this regime also accommodates
anti-curriculum variants, where progression runs
from hard to easy (Maharana and Bansal, 2022)
or from distant domains towards the target domain
(Shamanna Girishekar et al., 2021). As with the no
retention regime, some works also employ the full
retention regime only for one epoch, rendering the
overall training non-monotone (Lee et al., 2022).

Universal schedulers keep all instances admissi-
ble throughout training and progression is realised
solely through redistribution of contribution mass.
Accordingly, the notion of difficulty frontier is un-
informative, and the relevant question is whether
the redistribution induces monotone changes in se-
lection or exposure.

In NLP, this regime appears both in weighting-
based curricula that progressively shift mass to-
wards harder instances (Yang et al., 2022) and in
sampling-based curricula whose batch composition
changes via a time-varying mixture of different
dataset partitions (Du et al., 2019; Xu et al., 2024;
Zhang et al., 2025b). Irrespective of the employed
mechanism, these examples are monotone in selec-
tion and exposure, but the regime itself does not
guarantee it. Elgaar and Amiri (2023b) compare
different progressions over the same dataset, includ-
ing anti-curriculum, curriculum, centre-outwards
schedules and show that progression that is mono-
tonically increasing performs best.

A separate line of work redistributes gradient
mass within the current mini-batch (Wan et al.,
2020; Liu et al., 2024b), yielding neither a mean-
ingful frontier nor structural monotonicity.
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D Paper-level Analysis

Table 2: Full paper-level analysis. Duplicate entries indicate distinct approaches within one work; missing details
are marked as —. Evaluation modes (M.) are abbreviated as local (1), global (g), and in-sample (i). Schedulers are
described by retention regime (R.) and selection (S.), frontier (F.), and exposure (E.) monotonicity; retention regime
numbering follows the main paper: (1) unconstrained, (2) no re-entrance, (3) no retention, (4) full retention, (5)

universal.
Paper Difficulty Evaluation CL Scheduler Task
M. Quadrant Proxy R. . E.
(Sachan and Xing, 2016) 1 TD-M impact on training loss; task er- (4) X classification; question an-
ror; margin to decision bound- swering
ary
(Tsvetkov et al., 2016) g TA-H diversity, simplicity, prototypi- (3) X  task-specific word repre-
cality measures sentation learning
(Kocmi and Bojar, 2017) g TD-M sentence length 3) X seq2seq; machine transla-
tion
(Luo et al., 2017) g+l TA-H+  prior-based reliability + noise es- (4) v classification; relation ex-
TD-M timation traction
(Yadav et al., 2017) g TA-H average word log frequency “) v classification
(Singh et al., 2018) g TD-H input and output length - —  generation; sentence gener-
ation
(Du et al., 2019) i TD-H use of reference spans (®)] v/ information extraction and
sequence labelling
(Feng et al., 2019) 1 TD-M model loss (@) X classification; response se-
lection
(Feng et al., 2019) 1 TD-M peer instance separation gap (1) X classification; response se-
lection
(Feng et al., 2019) 1 TD-M model score on negative sample (1) X classification; response se-
lection
(Huang and Du, 2019) 1 TD-M noise level estimate D X  classification; relation ex-
traction
(Huang and Du, 2019) 1  TD-M model loss 1) X  classification; relation ex-
traction
(Kumar et al., 2019) g TD-M noise level estimate 1) X seq2seq; machine transla-
tion
(Platanios et al., 2019) g TA-H sentence length; word rarity “) v seq2seq; machine transla-
tion
(Stojanovski and Fraser, 2019) i ~ TD-H presence of gold standard refer- (2) v classification; anaphora
ence pronouns resolution
(Tay et al., 2019) i+g TA-H+  chunk length + answerability of (1) X classification; reading com-
TD-H text chunk prehension over long narra-
tives
(Wang et al., 2019) g TA-M domain relevance 3) v seq2seq; machine transla-
tion
(Wang et al., 2019) g TD-M sample cleanliness 3) v seq2seq; machine transla-
tion
(Zhang et al., 2019) g TD-M language model cross-entropy- (4) v seq2seq; machine transla-

difference

tion
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Table 2 continued.

Paper Difficulty Evaluation CL Scheduler Task
M. Quadrant Proxy R. S. F E.
(Dou et al., 2020) I TA-H+  TF-IDF similarity + round-trip (1) X X X  seq2seq; machine transla-
TA-M BLEU tion
(Lalor and Yu, 2020) g TD-M difficulty via Item Response (1) X X X  classification; NLU
Theory
(Liu et al., 2020) g TA-M sum of word vector norms @4 v v v seq2seq; machine transla-
tion
(Ruiter et al., 2020) 1 TD-M similarity of model sentencerep- (1) X X X  seq2seq; machine transla-
resentations tion
(Shen and Feng, 2020) g TD-M prediction probability of the (4) v v vV seq2seq; emotion-
ground truth label controllable response
generation
(Wan et al., 2020) 1 TD-M model confidence (5) X X X seq2seq; machine transla-
tion
(Xu et al., 2020) 1 TD-M loss decline (1) X X X seq2seq; low-resource ma-
chine translation
(Zhou et al., 2020a) g TD-M agreement between distantly su- - - — —  seq2seq; machine transla-
pervised labels and model pre- tion
dictions
(Zhou et al., 2020b) g TA-M data uncertainty (source): per- (4) v v/ v seq2seq; machine transla-
plexity tion
(Zhou et al., 2020b) g TA-M+  data uncertainty (joint): perplex- (4) v v v seq2seq; machine transla-
TD-H ity + length of target sentence tion
(Zhou et al., 2020b) g TD-H data uncertainty (target): length (4) v v v seq2seq; machine transla-
of target sentence tion
(Chang et al., 2021) g TD-H distance between input and tar- (4) v/ v v generation; data-to-text
get
(Dai et al., 2021) g TA-H+ rule-based complexity + auxil- (4) v v /'  classification;  dialogue
TD-M iary model performance state tracking
(Kano et al., 2021) g TD-M appropriateness 2) v v Vv seq2seq; summarisation
(Kumari et al., 2021) g TD-M+ teacher model SBLEU + senti- (3) X X X  seq2seq; machine transla-
TD-M ment classifier score tion
(Liu et al., 2021) 1 TD-M dialogue state complexity esti- (1) X X X  generation; dialogue sys-
mation tem
(Magooda and Litman, 2021) g TA-H text specificity proxy - v vV V  seq2seq; summarisation
(Magooda and Litman, 2021) g TD-H ROUGE score - v V/ V  seq2seq; summarisation
(Nagatsuka et al., 2021) i TA-H block-size of text input 3) v v v  pre-training
(Shamanna Girishekar et al., g TA-H lexical similarity via provided (4) v v v classification
2021) vocabulary overlap
(Shamanna Girishekar et al., g TD-M classifier confidence @) v v v classification
2021)
(Su et al., 2021) g TD-M auxiliary model relevance score (4) v v v classification; response se-
lection
(Wang et al., 2021a) g TD-M average token logits 4) v v X classification; aspect term
extraction
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Table 2 continued.

Paper Difficulty Evaluation CL Scheduler Task
M. Quadrant Proxy R. S. F E.
(Wei et al., 2021a) i TA-H token perturbation strength (3) v v v classification; text classifi-
cation
(Wei et al., 2021b) i TD-H proportion of related arguments (5) v/ v v classification; event argu-
in the input ment extraction
(Wenjing et al., 2021) g TD-M average model confidence @ v v classification; NER
(Agrawal and Carpuat, 2022) g TD-H Levenshtein distance @4 v v seq2seq; simplification
(Chen et al., 2022) g TA-H maximum entity length + entity (4) v v v classification; NER
complexity
(Christopoulou et al., 2022) g TD-M variability; correctness; confi- (2) v v X  classification; NLU; multi-
dence lingual NLU
(Christopoulou et al., 2022) g TD-M variability; correctness; confi- (4) v v X  classification; NLU; multi-
dence lingual NLU
(Grishina and Sorokin, 2022) i  TD-H label-masking ratio (3) v v v classification; intent classi-
fication
(Lee et al., 2022) i TA-H degree of connection (2) X X X  pre-training
(Li et al., 2022b) i TA-H length of KG sequences (3) v v v reasoning; temporal KG
extrapolation
(Li et al., 2022a) g TA-H degree of prompt perturbation (3) v v v/ generation; dialogue sum-
marisation
(Lobov et al., 2022) g TA-H sentence length - — — — classification; NER
(Lobov et al., 2022) g TA-M perplexity - — — —  classification; NER
(Lobov et al., 2022) g TD-M classifier confidence — — — —  classification; NER
(Maharana and Bansal, 2022) 1 TD-M energy (1) X X X classification; NLU
(Maharana and Bansal, 2022) 1 TD-M variability (1) X X X classification; NLU
(Maharana and Bansal, 2022) 1 TD-M question answering probability (1) X X X  classification; NLU
(Vakil and Amiri, 2022) 1 TD-M Trend-SL (5) X X X classification; relation ex-
traction
(Wang et al., 2022b) g TA-H+  hybrid linguistic complexity + (4) v v/ generation; question an-
TA-M+  semantic similarity + reference- swering
TD-H based features
(Wang et al., 2022a) g TD-H AMR graph depth (3) X X X  seq2seq; abstract meaning
representation parsing
(Yang et al., 2022) g TA-H entity-in-context heuristic (dis- (5) v X v generation; dialogue sys-
tant supervision) tem
(Yang and Song, 2022) g TD-H inclusion of target tokens (5) v v v/ classification; relation ex-
traction
(Yuan et al., 2022) 1 TA-H+ type length + data source + (4) v v/ /  classification; generative
TD-M model loss entity typing
(Zheng et al., 2022) 1 TD-M model confidence @) v v v classification; NER
(Elbayad et al., 2023) g TA-H per-language sample count @4 v v seq2seq; multilingual ma-
chine translation
(Elbayad et al., 2023) g TD-M per-language overfitting onset (4) v v v seq2seq; multilingual ma-

step

chine translation
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Table 2 continued.

Paper Difficulty Evaluation CL Scheduler Task
M. Quadrant Proxy R. S. F E.
(Elgaar and Amiri, 2023a) g TD-H annotation entropy (5) X X X classification
(Elgaar and Amiri, 2023a) g TD-M loss 5) X X X classification
(Elgaar and Amiri, 2023b) 1  TA-H+ model-weighted linguistic fea- (5) v X v  classification; NLU
TD-M tures
(Jia et al., 2023) i TD-H prefix length of target output (3) v v /  generation; question an-
swering
(Kakkar et al., 2023) i TA-H spelling error complexity class  (3) X X X  seq2seq; spelling correc-
tion
(Liu et al., 2023) g TA-H+  program complexity + model (4) v v V/ continued pre-training;
TD-M loss code execution
(Lu and Lam, 2023) g TA-M textual similarity score (3) X X X  classification and dialogue
(BLEURT) generation
(Vakil and Amiri, 2023) g TD-H 26 graph complexity features (3) v/ v v classification; node classi-
with regards to label fication and link prediction
(Wu et al., 2023) i TA-H number of nested boolean oper- (4) v v/ reasoning; classification;
ations question answering
(Dou et al., 2024) i TD-H number of conditional state- (3) v v v generation; code genera-
ments in the target tion
(Hamad et al., 2024) g TD-H human labelling effort proxy @4 v v v classification; relation ex-
traction; information ex-
traction
(Jia and Li, 2024) g TD-M cross-entropy loss 4 v v / classification; metaphor de-
tection
(Jin et al., 2024) i TD-M decision boundary proximity - — — —  classification
(Li et al., 2024) g TA-M LLM (GPT3.5) rated difficulty (4) v v X  seq2seq; summarisation
(Liu et al., 2024b) 1 TD-M consistency learning loss o) X X seq2seq; speech-to-text;
multimodal machine trans-
lation
(Liu et al., 2024a) g TD-M Fisher Information Matrix trace (4) v v v classification; question an-
swering
(Mohankumar et al., 2024) i TA-H context length (3) v v v  key word retrieval
(Pattnaik et al., 2024) g TD-H human rating difference (3) v v v alignment; direct prefer-
ence optimization
(Pattnaik et al., 2024) g TD-M GPT4 rating difference 3) v v v alignment; direct prefer-
ence optimization
(Pattnaik et al., 2024) 1 TD-M model rating gap between cho- (5) v v v alignment; direct prefer-
sen and rejected answers ence optimization
(Poesina et al., 2024) g TD-M training dynamics signals (con- (3) v/ v v classification; NLU
fidence and variability)
(Ranaldi et al., 2024) g TA-H+ level of Bloom’s taxonomy +in- (3) v v v/ post-training; instruction
TD-M put length tuning
(Wang et al., 2024b) g TD-H proof step count - — — —  generation; theorem prov-
ing
(Weinzierl and Harabagiu, g TA-M euclidean distance between (4) v v v in-context learning; gener-

2024)

SBERT embeddings

ative framing discovery
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Table 2 continued.

Paper Difficulty Evaluation CL Scheduler Task
Quadrant Proxy R. S. F E.
(Wu et al., 2024) TA-H pre-defined levels of difficulty (3) v v v/ generation; code genera-
tion
(Xu et al., 2024) TA-M performance gap between gener- (5) v/ v v post-training; alignment
ator models
(Yu et al., 2024) TD-M ROUGE-based reward enhance- (1) X X X  generation; trendy social
ment + reward-model confi- media responses
dence
(Brei et al., 2025) TD-M count of plausible label candi- (3) v v v classification
dates as identified by an LLM
(Elhady et al., 2025) TA-H binary language attribute (2) v v v continued pre-training; lan-
guage adaptation
(Elzohbi and Zhao, 2025) TA-H pre-defined domain complexity (3) v v v generation; arabic poetry
editing
(Hong et al., 2025) TA-H pre-defined levels of difficulty (3) v v v/ generation; code genera-
tion
(Pan et al., 2025) TA-M cosine  similarity between (3) v/ v v semantic textual similarity;
queries and negative samples retrieval
(Ren et al., 2025) TA-H number of constrains (2) v v V  post-training; instruction
tuning
(Tang et al., 2025) TD-M Bayesian Uncertainty (4) X v X classification; sequence la-
belling
(Toborek et al., 2025) TA-H human-curated register labels (3) v v pre-training
(Wang et al., 2025) TD-M noise level (3) v v V classification; KG entity
typing
(Yao et al., 2025) TA-H hop-count (number of reasoning (4) v v v generation; reasoning
steps)
(Zhang et al., 2025a) TD-M model success rate (3) X X X post-training; mathemati-
cal reasoning
(Zhang et al., 2025b) TD-M perplexity difference (PD) be- (5) v v v/ pre-training

tween strong and weak model
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