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Abstract
Fine-tuning large language models (LLMs)
with limited data poses a practical challenge in
low-resource languages, specialized domains,
and constrained deployment settings. While
pre-trained LLMs provide strong founda-
tions, effective adaptation under data scarcity
requires focused and efficient fine-tuning
techniques. This paper presents a structured
and practical survey of recent methods for
fine-tuning LLMs in data-scarce scenarios.
We systematically review parameter-efficient
fine-tuning techniques that lower training and
deployment costs, domain and cross-lingual
adaptation methods for both encoder and
decoder models, and model specialization
strategies. We further examine preference
alignment approaches that guide model be-
havior using limited human or synthetic
feedback, emphasizing sample and compute
efficiency. Throughout, we highlight empirical
trade-offs, selection criteria, and best prac-
tices for choosing suitable techniques based
on task constraints, including model scaling,
data scaling, and the mitigation of catastrophic
forgetting. The aim is to equip researchers
and practitioners with actionable insights for
effectively fine-tuning LLMs when data and
resources are limited.

1 Introduction

Pre-trained language models (PLMs) have driven
unprecedented advances in NLP, showing strong
capabilities across a wide range of tasks (Han et al.,
2021). However, their development and adapta-
tion typically require large-scale data and compu-
tational resources, often unavailable in real-world
scenarios, particularly in low-resource languages
or specialized domains such as medicine (Crema

et al., 2023), law (Noguti et al., 2023), chem-
istry (Jablonka et al., 2024), or finance (Zhao
et al., 2021). To address these constraints, transfer
learning has become the standard paradigm: Mod-
els are first pre-trained on general corpora and then
adapted through fine-tuning (FT) and preference
alignment (PA). Yet, these adaptation stages can
still demand significant annotated data, and naive
FT under low-data conditions risks overfitting,
catastrophic forgetting (Ramasesh et al., 2021),
and poor generalization.

Given the rapidly evolving field and broad array
of methods, a structured and pragmatic review is
necessary to navigate current strategies and make
informed choices under real-world constraints.
This paper offers a practical guide to fine-tuning
large language models under data scarcity. We
examine recent developments across four key
areas. First, we review (1) Parameter-efficient
Fine-tuning (PEFT, § 3), which enables modular
and cost-effective adaptation. Second, we explore
(2) Domain and Cross-lingual FT (§ 4), tar-
geting robustness to distributional shifts. Third,
(3) FT for Specialization (§ 5) covers techniques
for specialized tasks, domains, and low-resource
languages, including scaling, data efficiency, and
design recommendations. Fourth, we analyze
(4) Preference Alignment (PA § 6), including
data requirements, scaling behavior, and down-
stream effects. We conclude with a focused
discussion on practical challenges and emerging
strategies, such as the trade-offs between encoder
and decoder architectures, cross-lingual transfer
in low-resource contexts, and the potential of
model merging. Our emphasis throughout is on
actionable insights and contextualized, concrete
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guidance to support effective LLM fine-tuning
when data is limited.

2 Related Surveys

Several prior works address related aspects or
have partial overlap with our work. Some sur-
veys target data augmentation as a solution to data
scarcity (Feng et al., 2021; Chen et al., 2023b),
including domain-specific generation techniques
for low-resource settings (Stylianou et al., 2023).
Model-centric strategies are covered in surveys
on PEFT methods (Han et al., 2024; Lialin et al.,
2024), while Treviso et al. (2023), Wan et al.
(2024), and Xu et al. (2025) offer broader cover-
age of efficient training techniques across different
stages of model development. Other works focus
on low-resource supervised NLP (Hedderich et al.,
2021), instruction tuning (Zhang et al., 2024), and
PA (Gao et al., 2024; Jiang et al., 2024). In
contrast, our work offers a pragmatic overview
of the full post-pretraining pipeline for adapting
PLMs with limited data. We cover PEFT, domain
and cross-lingual generalization, specialization
strategies, and PA in an integrated survey, empha-
sizing practical insights, comparative trade-offs,
and methodological guidance to support informed
decisions in data-scarce scenarios.

3 Parameter-efficient Fine-tuning

Fine-tuning (FT) all parameters of large PLMs
is computationally expensive, sample-inefficient,
and often unstable in low-resource regimes
(Dodge et al., 2020). Parameter-efficient fine-
tuning (PEFT) mitigates these issues by updating
only a small fraction of weights, enabling strong
adaptation with lower cost and reduced risk of
catastrophic forgetting in data-scarce scenarios.
We organize PEFT methods by how they com-
pose with the base model parameters (following
Pfeiffer et al., 2023), and highlight key perfor-
mance and efficiency considerations for selecting
the appropriate method for a given task and data
setup. For comprehensive surveys, see Han et al.
(2024) and Pfeiffer et al. (2023).

3.1 Parameter Composition
These methods modify existing weights through
sparse or low-rank updates.

Selective methods train only a subset of the model
weights (specific layers, parameter types, etc.)

while keeping the rest fixed. They build on the in-
ductive bias of sparsity: In an over-parameterized
model, a small fraction of parameters plays a
disproportionately important role for a particular
task. Variants include tuning specific (usually
last) layers or model components like the bias,
or LayerNorm parameters (Devlin et al., 2019;
Ben Zaken et al., 2022; Liu et al., 2022). Another
line of work optimizes subnetworks based on
gradient information either by selecting a specific
subnetwork (Xu et al., 2021b; Ansell et al., 2022;
Sung et al., 2021), or adaptively choosing it
through a bi-level optimization strategy (Zhang
et al., 2022a; Yu et al., 2023). These methods
are extremely lightweight and overhead-free
at inference time, but usually underperform
compared to approaches that introduce new
trainable parameters.

Reparametrization methods replace full weight
updates with low-dimensional structures, moti-
vated by the low-rank nature of PLM weights
(Aghajanyan et al., 2021). The most widely used
approach, LoRA (Hu et al., 2021), decomposes
weight updates into the product of two low-rank
matrices and can be merged into the backbone at
inference, avoiding extra latency. Its effectiveness
led to numerous extensions improving efficiency,
robustness to hyperparameters, and calibration
(Liu et al., 2024b; Dettmers et al., 2023; Hayou
et al., 2024; Ding et al., 2023a; Zhang et al., 2022b;
Edalati et al., 2022). Reparametrization methods
work best on larger models and with moderate
to high data sizes, and often match full FT per-
formance with careful tuning (Van Veen et al.,
2023).

3.2 Input Composition

These methods extend the input with learned
embeddings that act as task-specific context.

Soft prompt prepend learned embedding vectors
to the input or key-value pairs in attention layers
(Li and Liang, 2021; Lester et al., 2021). They
are a popular choice to adapt models across do-
mains and languages due to their flexibility and
efficiency (Tu et al., 2024; Goswami et al., 2023;
Zhao et al., 2022), but often converge slowly and
perform reliably only at very large model scales
(Mao et al., 2022). Variants such as IA3 (Liu et al.,
2022) improve efficiency by learning vectors to
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scale hidden activations, achieving adapter-level
performance with fewer parameters. Soft prompts
typically incur additional inference overhead,
making them more suitable for scenarios prior-
itizing training efficiency over runtime cost.

3.3 Function Composition
These methods augment the frozen backbone
with lightweight trainable modules.

Adapters are small feedforward modules in-
serted between Transformer layers (Houlsby et al.,
2019; Pfeiffer et al., 2020). They reduce training
memory and enable flexible modular composi-
tion across tasks (Pfeiffer et al., 2021; Wang
et al., 2022; Chronopoulou et al., 2023), but se-
quential insertion slows down inference by up
to 40% (Rücklé et al., 2021). Parallel and Lad-
der Side-tuning variants mitigate this issue (He
et al., 2021; Sung et al., 2022). Adapters can act
as bottlenecks, requiring wider layers and more
paramaters than other PEFT methods to maintain
performance (Hu et al., 2023b). Their efficiency
can be improved through low-rank reparametriza-
tion, linking them conceptually with methods in
§ 3.1.

3.4 Hybrid Methods
Hybrid methods combine different forms of com-
position to leverage complementary strengths.
Examples include Compacter (Karimi Mahabadi
et al., 2021), which integrates adapters with low-
rank decomposition, and UniPELT, which dy-
namically activates adapters, prefixes, and LoRA
(Mao et al., 2022). Such methods can be powerful
in very low-resource settings, but are generally
more sensitive to hyperparameter tuning (Chen
et al., 2022a).

3.5 Selection Criteria
Choosing the right PEFT method depends on task
type, model size, and data scale. Full FT becomes
favorable only with million-scale datasets (Zhang
et al., 2023a), whereas PEFT often matches or out-
performs it under 100k samples (Lialin et al., 2024;
Ding et al., 2023b; Jukić and Snajder, 2023). In
practice, selective and reparametrization methods
update less than 1% of parameters, while adapters
and soft prompts can require up to several percent
(Lialin et al., 2024). Selective methods are sim-
ple, efficient, but they usually underperform (Liu
et al., 2022), with LayerNorm tuning sometimes

found effective (Lialin et al., 2024). Soft prompts
can outperform LoRA on the scale of a few thou-
sand samples (Liu et al., 2022; Zhang et al.,
2023a; Ding et al., 2023b), but converge slowly
and are fragile at smaller model scales. Adapters
and LoRA stand out as the most robust choices,
reliably matching full FT with minimal hyperpa-
rameter tuning in moderate- to large-scale data
settings (over 10k samples; Zhang et al., 2023a).
Hybrid methods can yield gains in extremely
low-resource scenarios but at the cost of added
complexity (Chen et al., 2022a; Mao et al., 2022;
He et al., 2021).

Inference overhead varies across methods, with
adapters imposing the largest slowdown due to
added depth, followed by soft prompts (30–40%),
reparametrization methods (although they can
usually be merged into the model), and selec-
tive methods, which incur minimal to no runtime
cost (Hu et al., 2021; Lialin et al., 2024). Table 4
and Appendix A offer more practical guidance
on selecting PEFT methods across discriminative
tasks for encoder models.

3.6 Efficient Design Choices

Efficient design choices in PEFT methods are
vital for maximizing performance gains while
minimizing resource requirements. Studies show
that PEFT methods exhibit better performance
and convergence rate as the model size increases,
also progressively narrowing the gap between full
FT and PEFT (Zhang et al., 2023a; Ding et al.,
2023b; Lialin et al., 2024). Intuitively, with in-
creasing data size expressivity should be expanded
through more PEFT parameters. However, studies
(Zhang et al., 2023a; Ding et al., 2023b) show that
the gains of scaling the tunable parameters (e.g.,
LoRA rank 4 → 128 or prompt-tuning prompt
length 50 → 600) are marginal when scaling the
data size up to 100k samples, especially compared
to scaling the model. With a fixed compute bud-
get, it is preferable to opt for larger models with
reduced precision, e.g., 8- or 4-bit quantization
(Dettmers et al., 2023).

4 Domain and Cross-lingual Fine-tuning

With the rapid growth of language models in re-
cent years and the vast knowledge accumulated
during large-scale pre-training (PT), research has
increasingly focused on how to best shape and
adapt this knowledge through FT for improved
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Method Requirements Advantages Limitations Use Cases

Continued
Pre-training (§4.1)

Monolingual,
in-domain
corpora

Can use any kind of
relevant unlabeled corpora

Computationally intensive;
Can lead to catastrophic
forgetting

Cross-lingual or
domain-specific adaptation

Pattern-exploiting
training (§4.2)

Few labeled
examples

Better alignment of FT
and PT task

Handcrafting; Slow
autoregressive decoding

Few-shot NLU tasks with
encoders

Meta-Learning
(§4.2)

Few labeled
examples in
related tasks

Adapts quickly to new
tasks

Computationally intensive,
potentially complex to
implement

Few-shot classification
tasks with encoders

Intermediate
fine-tuning (§4.2)

Data similar to
final task

Improves convergence
and final task performance

Sensitive to the similarity
with the final task

Bridge PT and low-resource
task (encoder)

D
om

ai
n

&
C

ro
ss

-l
in

gu
al

FT
§4

Multi-task learning
(§4.2)

Large, diverse
set of related
task data

Strong generalization to
unseen tasks

High computational and
data requirements

General-purpose generative
models for zero-shot tasks

Embedding
learning (§5.1)

Parallel or
non-parallel data

Better transferability and
semantic relationships

Static embeddings lack
context

Discrepant pre-trained and
target domain or language

Contrastive
learning (§5.2) Paired data Useful representations,

data-efficiency
Sensitive to data pair
quality and quantity

Cross-lingual alignment;
Classification tasks

Adversarial
learning (§5.2) Unpaired data Learns generalized

features
Adversarial training is
prone to be unstable

Cross-domain and
cross-lingual transfer

Semi-supervised
learning (§5.3)

Labeled &
unlabeled data

Utilizes unlabeled data,
cost-effective

Sensitive to pseudo-label
quality or noisy data

Classification and seq2seq
low-resource tasks

Unsupervised
learning (§5.3) Unpaired data No need for labeled data,

scalable
Often worse performance
than supervised

Scenarios with no labeled
data

FT
fo

rS
pe

ci
al

iz
at

io
n
§5

Active learning
(§5.3)

Labeled &
unlabeled data

Maximizes utility of
labeled data

Requires iterative training
and data selection

Classification and seq2seq
low-resource tasks

Table 1: Overview of the domain, cross-lingual, and specialization fine-tuning approaches discussed in
this paper.

generalization across diverse tasks both for en-
coder (Schick and Schütze, 2021a,b; Vu et al.,
2020) and decoder models (Ouyang et al., 2022;
Brown et al., 2020). For a concise summary of the
methods, see Table 1.

4.1 Continued Pre-training
Continued pre-training (CPT) bridges the gap be-
tween general PT and specialized domains or
languages using unlabeled data. It reuses the
original self-supervised PT objective (or com-
bines different ones for added capabilities like
fill-in-the-middle; Bavarian et al., 2022) allowing
adaptation without supervised labels (Gururangan
et al., 2020), facilitating vocabulary extension and
sample-efficient reuse of labeled FT data (Gnehm
et al., 2022).

For cross-lingual settings, aligning over di-
verse language data helps improve low-resource
performance without considerably degrading
high-resource capabilities (Imani et al., 2023;
Blevins and Zettlemoyer, 2022). Parallel corpora
allow further gains via translation-based or other
cross-lingual masking strategies (Wang et al.,
2023a; Conneau and Lample, 2019). However,
as the number of languages increases, the curse
of dimensionality can dilute representational ca-

pacity, making language-specific adaptation or
modular training strategies increasingly impor-
tant (Alabi et al., 2022; Conneau et al., 2020).
For domain adaptation, CPT on modest amounts
of high-quality in-domain text enables models to
better capture domain-specific terminology and
discourse patterns (Gururangan et al., 2020; Bai
et al., 2021). This approach typically outperforms
supervised FT alone and is more effective than
mixing domain-specific with general data and
training from scratch (Türkmen et al., 2023). Tar-
geting specific vocabulary in the replaced or next
token prediction objectives can further enhance
performance (Lu et al., 2023). In low-resource
scenarios, proxy corpora or mixed-domain CPT
can help, but the relevance of the data often
outweighs its quantity (Mahapatra et al., 2022;
Jantscher et al., 2023). In contrast to full encoder
PT on billions or trillions of tokens, CPT with
as few as 100K tokens can be beneficial, partic-
ularly for the newly introduced weights in PEFT
methods (Jukić and Snajder, 2023; Gnehm et al.,
2022).

Catastrophic forgetting remains a risk, espe-
cially for longer training runs with decoders
(Kalajdzievski, 2024), requiring regularization
techniques (§ 5.4) combined with PEFT methods
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(§ 3) to preserve prior knowledge while adapting
selectively (Liu et al., 2022; Jukić and Snajder,
2023). In contrast, encoder models benefit even
from longer training on small in-domain corpora
(Gnehm et al., 2022). Scaling laws for decoder
model PT suggest equal scaling of PEFT pa-
rameters and data size (Kaplan et al., 2020;
Hoffmann et al., 2022). Crucially, careful attention
to (inconspicuous) data contamination is essential,
especially for public datasets, as the overlap be-
tween PT and evaluation sets can artificially inflate
results (Ruder et al., 2023).

4.2 Fine-tuning Encoders and Decoders

While encoder and decoder architectures differ
in their PT objectives (masked vs. autoregressive
language modeling), the challenge of adapting
them with limited data shares many similarities.
Both require strategies that enhance generaliza-
tion, mitigate overfitting, and leverage inductive
biases from PT. However, some methods naturally
align more with one model type: Encoder-oriented
techniques often operate in the representation
space, while decoder-oriented ones emphasize
task diversity and instruction-following. This sec-
tion surveys approaches for both, highlighting
where they converge and where their applicability
diverges.

Pattern-exploiting Training. PET reformu-
lates classification as cloze-style language mod-
eling for encoder models, aligning PT and FT
objectives (Schick and Schütze, 2021a,b). It relies
on handcrafted patterns and verbalizers to map
inputs and labels to token sequences, making it
effective for few-shot tasks in low-resource do-
mains and languages (Lu et al., 2023; Ullah et al.,
2023; Song et al., 2023; Qi et al., 2022). Despite
its success, inference often involves costly au-
toregressive decoding. Recent extensions mitigate
this by introducing prototypical decoding (Karimi
Mahabadi et al., 2022), label embedding learning,
and evolutionary verbalizer optimization (Ling
et al., 2023). While PET originated in the encoder
setting, its principles (of using prompts to bridge
PT and downstream objectives) have influenced
instruction-tuning methods for decoders.

Meta-learning. Another line of encoder-
focused research improves generalization by
learning inductive biases that facilitate rapid adap-
tation to new discriminative tasks. Metric-based

methods encode class-specific prototypes in an
embedding space for non-parametric inference
(Snell et al., 2017; Wen et al., 2021), while con-
trastive and triplet-based strategies further refine
the latent space (Wu et al., 2024; Pauli et al.,
2023). Optimization-based methods, such as
model-agnostic meta-learning, learn initialization
parameters in a two-level optimization that can
quickly adapt to new tasks with few updates (Finn
et al., 2017; Bansal et al., 2020; Li et al., 2022;
Huang et al., 2023b; Chien et al., 2023). Although
less common today, meta-learning’s emphasis on
representation regularization and rapid adapta-
tion continues to influence newer methods that
operate in the representation space of both en-
coder and decoder models.

Intermediate Fine-tuning. Encoders also ben-
efit from intermediate FT (or task-adaptive PT),
where models are fine-tuned on related, label-rich
tasks before the target task. This improves trans-
fer by injecting domain-relevant inductive signals
(Pruksachatkun et al., 2020; Vu et al., 2020; Phang
et al., 2019). A closely related idea in decoder
models is multi-task instruction tuning, where the
model is exposed to a wide variety of datasets and
instructions, scaling the benefits of intermediate
supervision to heterogeneous task distributions.
This distinction reflects the architectures: en-
coders profit from staged specialization, whereas
decoders gain generalization by broad coverage
of instructions.

Multi-task Instruction Tuning. For decoder
models, multi-task instruction tuning is the dom-
inant paradigm for generalization. By fine-tuning
on diverse datasets and instruction styles, mod-
els acquire robust zero- and few-shot instruction-
following abilities (Wei et al., 2021; Aribandi
et al., 2021; Sanh et al., 2022). Compared to
encoder-style intermediate fine-tuning, this ap-
proach is broader in scope, exposing decoders
to heterogeneous task mixtures that yield check-
points with faster convergence and stronger
generalization to unseen tasks (Longpre et al.,
2023; Liu et al., 2022). However, task selection
and mixing require care, as diversity can improve
generalization but also cause negative task transfer
(Wang et al., 2023d; Xia et al., 2024).

Mixture of Experts. To mitigate such trade-
offs, mixture-of-experts (MoE) architectures have
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emerged as a modular alternative for decoders. In-
puts are routed to specialized subnetworks based
on input semantics (Shazeer et al., 2017; Fedus
et al., 2022), via retrieval (Jang et al., 2023) or
dynamic gating mechanisms (Ostapenko et al.,
2024; Ponti et al., 2022), improving modularity
and continual learning. MoE systems often out-
perform monolithic instruction-tuned baselines in
zero- and few-shot generalization, especially for
compositional reasoning (Muqeeth et al., 2024).
Recent large-scale decoders combine instruction
tuning with massive MoE setups to reduce neg-
ative transfer while improving efficiency with
fewer active parameters (OpenAI et al., 2025;
Meta AI, 2025).

Effective Instruction Design. Decoder perfor-
mance is also sensitive to instruction formatting.
Generalization improves with prompt diversity,
sequence packing, and careful task mixture bal-
ancing (Sanh et al., 2022; Iyer et al., 2023). Mixed
prompting setups (zero-shot, few-shot, chain-of-
thought) further enhance robustness (Longpre
et al., 2023). Inverting input-output roles and in-
creasing lexical diversity acquire task-agnostic
learning abilities (Min et al., 2022). These strat-
egies not only equip models with robust in-
context learning and reasoning abilities (critical
for low-shot generalization; Wei et al., 2022; Liu
et al., 2023d), but also accelerate convergence in
subsequent specialized FT (Longpre et al., 2023).

To Mask or Not to Mask? A subtle design
choice in decoder fine-tuning is whether to ap-
ply loss only on output tokens or also on prompt
tokens. While the dominant practice masks loss
on instruction tokens (Grattafiori et al., 2024;
Ouyang et al., 2022; Wei et al., 2021), recent
findings show that including prompt tokens as
regularization improves generalization when in-
structions are long and data is limited (<15k
examples; Shi et al., 2024; Huerta-Enochian and
Ko, 2024). Other forms of regularization, such
as KL constraints against a base model, may hurt
instruction-following, while noise injection shows
mixed results (Jain et al., 2024).

5 Fine-tuning for Specialization

Fine-tuning for specialization focuses on adapting
models to domain- or language-specific tasks that
fall outside general capabilities (Table 1).

5.1 Embedding Learning

Since fixed vocabularies limit generalization to
new domains and languages, recent work retrains
or augments token embeddings (often with frozen
Transformer body) to better match target data dis-
tributions (Hung et al., 2023; Artetxe et al., 2020).
This can bridge vocabulary gaps efficiently, par-
ticularly in low-resource or cross-lingual settings.
Subword-level tokenization remains standard for
balancing efficiency and expressiveness (Kudo
and Richardson, 2018), but it can fragment rare
or domain-specific words. Entropy-based meth-
ods identify such tokens and selectively expand
the vocabulary with new embeddings (Nag et al.,
2023). Alternative strategies map embeddings
from high-resource to low-resource languages via
seed dictionaries or aligned corpora (Mikolov
et al., 2013; Minixhofer et al., 2022), or learn
shared embedding spaces through alignment ob-
jectives (Cao et al., 2019; Saadi et al., 2022).

5.2 Contrastive and Adversarial Learning

Contrastive and adversarial objectives enhance
adaptation by improving representation alignment
across domains and languages and are compati-
ble with PEFT methods (§ 3).

Contrastive Learning. This pulls semantically
similar pairs closer while pushing apart unrelated
ones, improving both sentence- and word-level
alignment in cross-lingual transfer (Chi et al.,
2021a,b; Gaschi et al., 2023; Hu et al., 2023a).
It can be used on parallel corpora or via data
augmentation for consistency, and integrates well
with PEFT methods like adapters (Liu et al.,
2023c,b; Ahmat et al., 2023). In downstream tasks,
contrastive objectives boost performance for
classification and similarity tasks using class de-
scriptions, anchor prompts, or QA reformulations
(Gao et al., 2021; Pauli et al., 2023; Chen et al.,
2023c).

Adversarial Learning. This improves gener-
alization by training a discriminator that the
model must deceive, encouraging domain- or
language-invariant representations (Du et al.,
2020; Grießhaber et al., 2020; Huang et al., 2023c).
It is especially effective in the absence of parallel
data and complements PEFT via language-specific
adapters or domain-aware prefix tuning (Ngo
Trung et al., 2021; Zhao et al., 2022).
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5.3 Limited Supervision

In low-resource scenarios, semi-supervised, un-
supervised, and active learning methods can suc-
cessfully leverage unlabeled data to boost model
generalization and robustness.

Semi-supervised Learning. This uses unla-
beled data to augment small labeled sets. Common
approaches include self-training with pseudo-
labels filtered by model confidence or entropy
(Schick and Schütze, 2021a; Wang et al., 2023b;
Chen et al., 2020), and consistency regularization
to encourage stable predictions under pertur-
bations (Sohn et al., 2020; Xie et al., 2020).
Co-training variants train multiple views of the
data to improve robustness (Clark et al., 2018).
These methods are particularly effective in low-
resource adaptation, where pre-trained models
provide valuable supervision signals to extend
the limited annotated data.

Unsupervised Methods. These often rely on
consistency conditions such as input perturbation
or cycle-consistency across modalities or domains
(Zhu et al., 2017). These methods enable learning
bidirectional relationships without parallel data,
useful for cross-domain, cross-lingual, or style
transfer settings (Lample et al., 2018; Ren et al.,
2019; Karisani, 2022). However, they typically
require large unlabeled corpora and are most
effective when combined with supervised signals.

Active Learning (AL). AL reduces annotation
cost by selecting the most informative exam-
ples for labeling, typically using uncertainty
(e.g., confidence, entropy, perplexity) or diver-
sity (e.g., gradient similarity) criteria (Muradoglu
and Hulden, 2022; Yuan et al., 2020; François and
Gay, 2023; Karamcheti et al., 2021). Iterative sam-
pling and model re-initialization improve stability
(Lemmens and Daelemans, 2023). AL reduces
the amount of labeled data needed for classifica-
tion task sometimes even to 30% of the original
size; can be beneficial above 1k samples, below
any aditional labeled data works (Lemmens and
Daelemans, 2023). It integrates well with PEFT
methods like adapters and UniPELT, boosting
sample efficiency in specialized tasks (Jukić and
Snajder, 2023). The focus of AL on selective data
efficiency aligns with findings that data quality
often outweighs quantity in low-resource adapta-
tion (see § 5.4 and § 6.2).

5.4 Instruction Tuning for Specialization

Instruction tuning specializes decoder models by
aligning them with user intent and leveraging
structured task descriptions.1 Beyond multi-task
setups aimed at generalization (§ 4.2), clear,
specific, and contextually grounded instructions
consistently improve task performance, even un-
der severe data constraints (Wang et al., 2023c;
Fleming et al., 2024; Zhang et al., 2023b). In con-
trast to the diverse instruction design required
by multi-task models (§ 4.2), instruction format
variety only brings marginal gain in task-specific
performance, and can even be counterproductive
in some cases (Chen et al., 2023a). The lack of
consistency between train and evaluation prompts
can lead to performance drops, larger models be-
ing more robust to unseen formats (Gupta et al.,
2023).

Specialization vs. Generalization. Just as
large-scale multi-task instruction tuning can
hurt single-task performance, specializing too
narrowly can reduce generalization (Wang et al.,
2023d; Zhang et al., 2023a; Alabi et al., 2022).
The best way to address this is by fine-tuning
instruction-tuned models on the downstream task,
which drastically improves sample efficiency,
converges faster, and leads to overall better
performance (Gupta et al., 2023; Longpre et al.,
2023). Adding general instruction data during
SFT and applying regularization (§ 5.4) help
maintain broader capabilities.

Scaling Models and Data. For multilingual
closed-generation tasks (like translation or sum-
marization), Zhang et al. (2023a) find that SFT
performance scales with data according to a
power law with diminishing returns after an el-
bow point (around 10k–40k samples for PEFT),
depending on the task. SFT data has a larger
impact on full FT than on PEFT, but full FT
becomes justified after 100k to 1M samples. Sur-
prisingly, model size has a larger impact than FT
or PT data size and scaling PEFT parameters is
virtually ineffective (Zhang et al., 2023a). The
rationalization is that PEFT relies heavily on pre-
trained knowledge, making model capacity more
critical, especially for in-distribution tasks. For
more out-of-distribution or highly specific tasks,

1We use SFT to denote supervised fine-tuning, with or
without instructions.
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Method Compute Characteristics Data Requirements Pros / Trade-offs

Alignment with
RL

High GPU demand; long
training time; requires
reward model and PPO

Ranked responses +
reward model (100k+
samples)

Strong preference modeling, but sensitive
to hyperparameters; expensive and
unstable

Direct preference
alignment

Moderate compute; fast
convergence; no reward
model; works with PEFT
or full finetuning

Ranked or binary
preference data
(10k+)

Simple pipeline; good performance; KTO
uses weak binary signals; JPO compare
instruction-response pairs; risk of
verbosity exploitation

Reference-free
alignment

Low compute; no reference
model; efficient for PEFT;
single-stage

Preference data + SFT
data regularization
(<10k)

Very efficient; no KL regularization
needed; SimPO strong but lacks theory;
vulnerable to reward hacking without
regularization

Alignment
during SFT

Low GPU cost per step;
single-stage (multiple
iterations for SPIN)

Curated SFT data;
optionally use
rejection sampling

No preference data needed; limited by
quality of SFT data; SPIN highly sample
efficient

Table 2: Taxonomy of preference alignment strategies with practical characteristics.

however, scaling fine-tuning data becomes more
important, particularly in the early training phase.

Identifying Influential Data. This is key to
developing specialized capabilities efficiently.
Targeted instruction tuning can match full-data
performance with as few as 10–15k samples, high-
lighting the value of high-quality supervision (Xia
et al., 2024; Chen et al., 2023a). These approaches
rely on statistical properties, similarity metrics, or
gradient-based signals (Xie et al., 2023; Zhang
et al., 2018; Xia et al., 2024), and show that a core
subset remains effective across tasks and model
scales. Beyond SFT, similar principles have been
applied to filter CPT data based on task relevance
(Xie et al., 2023; Mahapatra et al., 2022), offer-
ing practical tools for denoising, data selection, or
active augmentation (§ 5.3).

Catastrophic Forgetting Mitigation. To pre-
vent overfitting and preserve pre-trained knowl-
edge during SFT with limited data, regularization
techniques are vital. Early methods like layer-wise
learning rate decay (LLRD), weight decay, and
Mixout remain widely used, especially in en-
coder models (Howard and Ruder, 2018; Wiese
et al., 2017; Lee et al., 2019). For instruction
tuning tasks with short outputs (e.g., classifica-
tion, QA), applying a small loss weight (0.01–0.1)
to the prompt tokens helps to avoid overfitting
(Huerta-Enochian and Ko, 2024). KL divergence
is commonly used in LLM alignment to constrain
outputs, but less so in standard SFT (Ouyang
et al., 2022). Regardless of model size, learning
rate warmup and small batch sizes consis-

tently improve training stability with limited data
(Buonocore et al., 2023; Xu et al., 2021a). Dropout
and gradient clipping are also standard practices
(Wolf et al., 2020; von Werra et al., 2020).

Hyperparameters for Low-resource SFT. De-
spite task and model differences, several practical
defaults consistently yield strong performance in
low-resource SFT. Learning rates between 5e-6
and 5e-5 are typical, with 2e-5 proving effective
across popular models like Alpaca and Llama
(Pareja et al., 2024; Jin et al., 2023; Grattafiori
et al., 2024). When tuning, scaling the learning rate
by a factor of 3 is a simple yet effective heuristic.
Small batch sizes (1–8 per GPU) with gradient ac-
cumulation are favored for memory efficiency and
better generalization (Ding et al., 2023b; Xu et al.,
2021a). While 2–3 epochs often suffice, training
longer (up to 20–25 epochs) can help in extreme
low-data regimes, provided early stopping is used
to prevent overfitting (Muennighoff et al., 2023a;
Liu et al., 2024a). Other stable choices include
AdamW, cosine decay learning rate schedule
with warmup ratios of 3–5%, and gradient clip-
ping set to 1. LoRA fine-tuning commonly uses
rank and alpha values of 16 with 0.05 dropout
(von Werra et al., 2020).

6 Preference Alignment

While fine-tuning equips PLMs with task- and
domain-specific knowledge, it often falls short of
aligning outputs with nuanced human preferences,
especially when data is limited (Ganguli et al.,
2022; Bai et al., 2022a). PA (Table 2) addresses
this gap by training models with ranked or scored
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Method Key idea Training Objective Hyperparameters

RM+PPO
(Ziegler

et al., 2020)

Learn a reward model and
use it to guide output
generation via RL

−rφ(x, y) + β log
πθ(y|x)
πref(y|x)

, where

rφ(x, y) = E(x,yw,yl)∼D
[
logσ

(
rφ(x, yw)− rφ(x, yl)

)] β ∈ {0.001, 0.01, 0.05}
R

L
§6

d-RLAIF
(Lee et al.,

2024)

Use LLM-generated
preference scores as a reward
to guide PPO training

−s(x, y) + β log
πθ(y|x)
πref(y|x)

, where s(x, y) is the normalized
score produced by an off-the-shelf LLM

β ∈ {0.001, 0.01, 0.05}

DPO
(Rafailov

et al., 2023)

Prefer better responses via
a logistic loss on
reference-adjusted
likelihoods

− logσ
(
β log

πθ(yw |x)
πref(yw |x) − β log

πθ(yl |x)
πref(yl |x)

)
β ∈
{0.01, 0.025, 0.05, 0.1}

IPO (Azar
et al., 2024)

Regularize DPO to avoid
overfitting to extreme
preference scores

(
log

πθ(yw |x)
πref(yw |x) − log

πθ(yl |x)
πref(yl |x)

− 1
2τ

)2 τ ∈
{0.01, 0.025, 0.0375, 0.5}

R-DPO
(Park et al.,

2024)

Penalize verbosity that can
mislead preference learning

− logσ
(
β log

πθ(yw |x)
πref(yw |x) − β log

πθ(yl |x)
πref(yl |x)

+ (α|yw | − α|yl|)
) α ∈

{0.05, 0.1, 0.5, 1.0},
β ∈ {0.01, 0.05, 0.1}

KTO
(Ethayarajh
et al., 2024)

Use unpaired binary
feedback to optimize for
coherence with reference
distribution

−λwσ
(
β log

πθ(yw |x)
πref(yw |x) − zref

)
+

λlσ
(
zref − β log

πθ(yl |x)
πref(yl |x)

)
, where

zref = E(x,y)∼D [βKL(πθ(y|x)‖πref(y|x))]

λl = λw = 1.0,
β ∈ {0.01, 0.05, 0.1}

D
ir

ec
t§

6

JPO
(Bansal

et al., 2025)

Generalize preference
comparison to arbitrary
input pairs

− logσ
(
β log

πθ(yw |xw)
πref(yw |xw)

− β log
πθ(yl |xl)
πref(yl |xl)

)
β = 0.01

RRHF
(Yuan et al.,

2023)

Simple regularised
ranking-based alignment
with length normalization

max
(
0,− 1

|yw | logπθ(yw |x) + 1
|yl |

logπθ(yl|x)
)
−

λ logπθ(yw|x)
λ ∈ {0.1, 0.5, 1.0, 10.0}

SLiC-HF
(Zhao et al.,

2023b)

Calibrate sequence
likelihood with a
regularized, ranked loss

max (0, δ − logπθ(yw |x) + logπθ(yl|x))− λ logπθ(yw |x) δ = 1, λ ∈
{0.1, 0.5, 1.0, 10.0}

CPO
(Xu et al.,

2024)

Removing the reference from
the DPO loss leads to an
efficient upper bound

− logσ (β logπθ(yw |x)− β logπθ(yl|x))− logπθ(yw|x) λ = 1.0,
β ∈ {0.01, 0.05, 0.1}

ORPO
(Hong et al.,

2024)

Discourage undesired
behaviors during SFT with
an odds-ratio loss.

− log pθ(yw |x)− λ log
(

pθ(yw |x)
1−pθ(yw |x) − log

pθ(yl |x)
1−pθ(yl |x)

)
,

where pθ(y|x) = exp
(

1
|y| logπθ(y|x)

) λ ∈ {0.1, 0.5, 1.0, 2.0}

R
ef

er
en

ce
-f

re
e
§6

SimPO
(Meng et al.,

2024)

Align reward function with
the generation metric via
length-aware, reference-free
reward margin

− logσ
(

β
|yw | logπθ(yw |x)− β

|yl |
logπθ(yl|x)− γ

)
β ∈ {2.0, 2.5}, γ ∈
{0.3, 0.5, 1.0, 1.2, 1.4, 1.6}

CoH
(Liu et al.,

2023a)

Teach preference via causal
modeling over concatenated
bad → good examples

− logπθ

(
ybad, ygood | x

)
, where input is (x, ybad, ygood) –

SF
T
§6

SPIN
(Chen et al.,

2024b)

Iteratively fine-tune using
self-play to match
human-like
responses

− logσ
(
λ log

πθ(yw |x)
πθt

(yw |x) − λ log
πθ(y|x)
πθt

(y|x)

)
λ ∈
{5.0 (last iter.), 0.1 (else)}

Table 3: Objectives and design motivations of various preference alignment strategies, with represen-
tative hyperparameters. See § 6 dor detailed discussions.

feedback to better capture task-specific objec-
tives like structure, helpfulness, truthfulness, or
biases (Ziegler et al., 2020; Christiano et al., 2017;
Ramamurthy et al., 2022). This step usually fol-
lows SFT, once the model has already adapted to
the task and domain. Without this prior adaptation,
models tend to struggle with preference learning
and exhibit higher rates of hallucination (Tunstall
et al., 2024; Ethayarajh et al., 2024; Hong et al.,
2024). Refer to Table 3 for a concise overview of
preference alignment objectives.

Alignment with RL. Reinforcement Learning
from Human Feedback (RLHF) aligns model
behavior by training a reward model to score
outputs based on human preferences, followed
by optimizing the model using RL algorithms
like PPO (Ouyang et al., 2022; Ziegler et al.,
2020; Schulman et al., 2017). While effective,
this process is resource-intensive (requiring large-
scale human annotations, careful hyperparameter
tuning, and substantial compute), making it inac-
cessible for most organizations (Touvron et al.,
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2023; Rafailov et al., 2023; Gao et al., 2023).
Variants like Reinforcement Learning from AI
Feedback (RLAIF) replace human-labeled re-
wards with scores from an LLM during training,
reducing cost while maintaining comparable per-
formance (Lee et al., 2024). However, RLAIF
can be less coherent than RLHF, and both
methods often produce longer outputs than SFT
models, with occasional hallucinations. Despite
RLHF’s strengths, its instability and cost have
spurred interest in more stable and efficient PA
alternatives.

Direct Preference Alignment. Recent meth-
ods simplify PA by eliminating the need for
separate reward models and RL. Direct Prefer-
ence Optimization (DPO; Rafailov et al., 2023)
reframes alignment as a binary classification prob-
lem over preference pairs, avoiding LM sampling,
reward model training, and heavy hyperparam-
eter tuning. Several extensions build on DPO
to improve generalization or efficiency. Iden-
tity Preference Optimization (IPO; Azar et al.,
2024) introduces regularization to reduce over-
fitting. Kahneman-Tversky Optimization (KTO;
Ethayarajh et al., 2024) removes the need
for paired preferences, relying only on binary
feedback (good/bad). Length-regularized DPO
(R-DPO; Park et al., 2024) penalizes verbosity
that may superficially align with human prefer-
ences. Joint Preference Optimization (JPO; Bansal
et al., 2025) generalizes preference comparison
beyond matching prompt inputs, capturing richer
human judgments. These approaches offer prac-
tical, scalable alternatives to RL-based methods
while maintaining strong alignment performance.

Reference-free Alignment. These methods re-
move the need for a reference model by using
alternative regularization strategies to keep out-
puts close to the SFT distribution and avoid
degradation. This significantly reduces memory
and compute costs, making these methods attrac-
tive for resource-constrained settings. Contrastive
preference optimization (CPO; Xu et al., 2024) ap-
proximates DPO by replacing the reference model
with a uniform prior, using standard NLL loss for
regularization. ORPO (Hong et al., 2024) merges
SFT and alignment into a single step using an
odds ratio loss. ORPO avoids the need for a refer-
ence model and separate FT step, offering greater
efficiency than DPO or RLHF. SimPO (Meng

et al., 2024) addresses misalignment between
preference signals and generation behavior by
using a normalized, reference-free reward based
on likelihood and output length. A reward margin
further sharpens the model’s ability to distinguish
between preferred and rejected responses. These
methods offer lightweight alternatives to DPO and
RLHF, especially suited for practical deployments
in constrained environments.

Alignment During SFT. Another direction in-
tegrates PA directly into the SFT stage, removing
the need for additional alignment steps. Careful
curation of SFT datasets, such as filtering for spe-
cific structure or style, can yield strong alignment
performance on its own, without dedicated prefer-
ence data (Zhou et al., 2023; Li et al., 2023; Dong
et al., 2023; Yuan et al., 2023). Chain of Hind-
sight (Liu et al., 2023a) presents both a good
and bad response during training and teaches
the model to prefer the good one at inference
time, embedding preference signals without ex-
plicit reward modeling. SPIN (Chen et al., 2024b)
uses self-play to iteratively fine-tune a model
to distinguish human-written and self-generated
responses, gradually aligning its output distri-
bution to human-like behavior. These methods
rely on high-quality SFT data and can serve as
effective precursors to alignment techniques like
DPO, emphasizing that data quality (and not quan-
tity) is often the limiting factor (§ 6.2), and that
well-filtered SFT can be a lightweight, effective
form of alignment.

6.1 Choosing an Alignment Strategy

PPO offers strong alignment performance but is
resource-intensive and unstable, requiring large
datasets and extensive hyperparameter tuning
(Ouyang et al., 2022; Rafailov et al., 2023). This
makes it impractical in many cases. Nevertheless,
reward modeling itself has been shown to be rela-
tively robust to moderate levels of label noise (up
to 30%; Shen et al., 2024).

DPO and its variants eliminate the reward model
and are more stable. IPO, especially, is less prone
to reward hacking, achieving lower KL diver-
gence under the same constraints (Rafailov et al.,
2024). DPO scales better than PPO to models
of size up to 405B, but might require regular-
ization (e.g., additional negative-log-likelihood
(NLL) term with a coefficient of 0.2; Grattafiori
et al., 2024). Contrary to reward modeling, DPO
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variants can be susceptible to label noise, as rank-
ings are rarely flipped during alignment (Chen
et al., 2024a). KTO is more sample efficient by
learning from weaker binary signals and outper-
forms DPO in noisy or imbalanced datasets, espe-
cially in the 1B–30B parameter range (Ethayarajh
et al., 2024). JPO improves data efficiency by
directly comparing instruction-response pairs, al-
though a comparison might be ambiguous. In
general, masking out formatting tokens is rec-
ommended in objectives of contrasting nature to
avoid conflicting signals (Grattafiori et al., 2024).

Reference-free methods further reduce com-
pute requirements by dispensing with reference
models, and can be particularly effective in
low-resource settings. For instance, CPO pushes
translation performance beyond DPO using just
22k samples (Xu et al., 2024). ORPO is on par with
DPO, but produces more consistent and diverse
outputs (Hong et al., 2024). SimPO delivers su-
perior performance across multiple benchmarks,
although the underlying reasons for its effective-
ness lack theoretical justification (Meng et al.,
2024). Despite their efficiency, all reference-free
approaches are more susceptible to reward hack-
ing, especially when fine-tuning the full model
(Chen et al., 2024a).

Combining alignment objectives with SFT loss
improves stability and performance for reasoning
or domain-specific tasks (Xu et al., 2024; Meng
et al., 2024). Integrating PA into SFT presents
a lightweight alternative that requires only high-
quality instruction data (Zhou et al., 2023). SPIN,
in particular, achieves DPO-level performance
with less data, however, it requires multiple train-
ing iterations, trading memory efficiency for time
(Chen et al., 2024b).

In practice, DPO and its variants remain strong
defaults for general use. Reference-free methods
are ideal for compute-constrained settings but de-
mand careful regularization. Alignment during
SFT is attractive when preference data is unavail-
able and curation quality is high. Table 2 sum-
marizes trade-offs between alignment techniques,
while Table 3 contrasts their training objectives.

6.2 Preference Data Criteria

Format and Availability. Preference datasets
typically consist of chosen/rejected pairs derived
from instruction-response prompts (Ouyang et al.,
2022; Rafailov et al., 2023; Meng et al., 2024).

Some approaches extend this to comparisons
across prompts (JPO) or simple binary signals
on the output (KTO), but the overall availability
remains limited, with most datasets ranging from
thousands to 1M samples and predominantly in
English (Argilla, 2024; Liu, 2025).

Synthetic Feedback as a Scalable Solution.
Collecting high-quality human preference data is
resource-intensive. A widely adopted alternative
is using synthetic feedback from strong LLMs
guided by curated principles (Bai et al., 2022b).
This enables broader scalability while maintaining
quality when human oversight is present. Methods
like SPIN go further by generating negative ex-
amples automatically via self-play, relying solely
on an initial set of desirable outputs (Chen et al.,
2024b). KTO also facilitates feedback collection
by supporting imbalanced binary labels instead
of strict pairwise comparisons (Ethayarajh et al.,
2024).

When feedback is derived from strong teacher
models (e.g., GPT-4 or Claude), interestingly, SFT
has been observed to rival preference-based align-
ment methods like DPO or RL (Sharma et al.,
2024). This can be partly due to insufficient di-
versity or a weak student model not exceeding
the quality of the synthetic data during explo-
ration. Diminishing returns beyond a few thousand
samples suggest the importance of selection and
coverage rather than raw volume.

Data Quality over Quantity. Multiple studies
consistently show that a small number of high-
quality, diverse examples outperforms larger,
noisier datasets (Zhou et al., 2023; Shen et al.,
2024). For instance, SPIN matches its original
50k-sample performance using just 1.8k well-
curated examples, and ORPO remains effective
at 141B scale with only 7k samples (Argilla and
MantisNLP, 2024). Similar trends hold across
alignment methods: as few as 1k–10k diverse,
well-labeled examples can outperform tens or
hundreds of thousands of lower-quality instances
(Rafailov et al., 2023; Zhou et al., 2023; Shen et al.,
2024). For certain desired behaviors, like adher-
ing to output structure specifications or coherent
multi-turn conversations, a handful of high-quality
examples can remarkably boost alignment (Zhou
et al., 2023). These results underscore the value
of filtering and targeted data collection over na-
ive scaling.
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Both human-labeled and synthetic preference
datasets frequently contain noise, contradictions,
or intransitive preferences (Ethayarajh et al.,
2024). These issues can undermine alignment
objectives unless mitigated by clear annotation
guidelines and consistent labeling practices. Ad-
ditionally, prompting strategies like CoT can help
improve the reliability of synthetic data, though
techniques like few-shot prompting yield mixed
results (Lee et al., 2024).

6.3 Scaling Dynamics for Model and Data

PA performance generally follows a logarithmic
scaling trend with respect to both model size and
dataset size (Gao et al., 2023). For RLHF, increas-
ing the size of the reward or policy model yields
diminishing returns, and more data leads to bet-
ter generalization but with progressively smaller
gains. Notably, larger models do not overfit faster
nor diverge more from the initial policy, con-
tradicting earlier intuitions. A minimum dataset
size threshold is required to surpass near-random
alignment performance. For example, at least 2k
preference pairs are necessary for PPO to move
beyond baseline loss, independent of the reward
model size. Moreover, data scaling is generally
more impactful than reward model scaling: A
2-fold increase in data is better than a 4-fold in-
crease in model size. For instance, a 680M model
trained on 16k (32k) samples outperforms a 3B
model with only 8k (16k) (see Figure 10 in Gao
et al., 2023).

In both RLHF and direct alignment methods,
higher KL divergence budgets tend to degrade
performance, often even before a full epoch is
completed. Models frequently reach optimal per-
formance at partial epochs (e.g., ∼23k samples)
with lower KL constraints (Rafailov et al., 2024).
Smaller models, under the same constraints,
achieve higher KL divergence and exhibit re-
ward hacking earlier, while models around 7B
parameters or more show significantly improved
sample efficiency and stability. With limited ca-
pacity or overly strict KL constraints, models
tend to over-exploit spurious cues like verbosity.
Length regularization alone does not fully pre-
vent such behaviors (Rafailov et al., 2024).

Over-saturating SFT with synthetic comple-
tions can lead to marginal gains on alignment
benchmarks, as observed with LLaMA-7B perfor-
mance plateauing beyond 5k examples (Sharma

et al., 2024). This suggests that, beyond a point,
SFT may be insufficient to further improve align-
ment, especially when data quality is limited,
highlighting the need for more targeted alignment
methods.

6.4 Effect on Downstream Task Performance

PA can have mixed effects on downstream task
performance, depending on the alignment method,
model initialization, and task type. While align-
ment methods often improve truthfulness, com-
monsense knowledge and reasoning likely due
to overlap with preference data, they may slightly
reduce performance on knowledge-intensive tasks
(Meng et al., 2024). For instance, mathematical
reasoning performance can significantly deteri-
orate for methods without a regularization SFT
loss term, like CPO or ORPO. Tunstall et al.
(2024) report that DPO alignment starts to hurt
downstream performance after a single epoch.

Preference-aligned models often produce
longer outputs than those trained with SFT alone,
even when the objective includes length regu-
larization (Park et al., 2024; Meng et al., 2024).
However, verbosity shows weak correlation with
KL divergence, implying that human preferences
also depend on factors like repetition and tone,
which may affect downstream performance.
Overall, the effects of alignment strategies on
downstream outcomes remain underexplored,
particularly in relation to model scale, output
style, and non-English settings, highlighting a
need for more systematic evaluation.

7 Discussion

Encode or Decode? Choosing the appropri-
ate model architecture is critical for optimizing
performance across NLP tasks, particularly in
resource-constrained or domain-specific settings
(Alabi et al., 2020). While large decoder-only
models such as GPT-4 or LLaMA can be adapted
to any NLP task via prompt-based reformulations
(Liu et al., 2023d), they often require substan-
tial computational resources for training and
inference. In contrast, encoder-only models like
RoBERTa or DeBERTa (Liu et al., 2019; He et al.,
2020) are generally more efficient for tasks cen-
tered on natural language understanding (NLU),
such as classification, named entity recognition,
and extractive QA, often outperforming decoder
models with far fewer parameters (Benayas et al.,
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2024; Qorib et al., 2024; Garcı́a-Dı́az et al.,
2023; Schick and Schütze, 2021a). Their bidi-
rectional attention and dense token supervision
(i.e., predicting multiple masked tokens per in-
put sequence) during training enhances sample
efficiency and makes them especially effective
in low-resource scenarios (Ding et al., 2023b;
Karimi Mahabadi et al., 2022). For instance,
RoBERTa (335M) achieves performance close
to T5 (11B) despite having an order of magnitude
fewer parameters (Ding et al., 2023b). While large
decoder models dominate many mainstream ap-
plications, encoder models remain highly effective
in domains requiring deep semantic understand-
ing, limited supervision, and efficient inference.
Their fixed-length embeddings and fast pro-
cessing make them well-suited for tasks like
retrieval, reranking, and domain-specific classi-
fication. Ultimately, architecture choice should
be driven by task requirements, the trade-off be-
tween understanding and generation needs, and
resource constraints. Table 4 summarizes effec-
tive encoder-based approaches for low-resource
discriminative NLP tasks.

Cross-lingual Transfer. This remains essential
for deploying LLMs in multilingual settings, es-
pecially low-resource languages. Strong zero-shot
generalization has been observed even when
some languages were minimally present during
PT (Armengol-Estapé et al., 2022). Transfer im-
proves with language similarity (via word order
or sub-word overlap; Deshpande et al., 2022),
and can further be enhanced using PEFT methods
like adapters or prefix-tuning (Wu et al., 2023;
Tu et al., 2024). Cross-lingual prompting offers a
training-free strategy for low-resource languages,
with English prompts yielding more consistent re-
sults in few-shot settings (Lin et al., 2022; Huang
et al., 2023a). Prompting the model to think in
English before responding in the target language
further improves task performance via CoT rea-
soning (Qin et al., 2023). Translating training data
generally outperforms direct transfer or translating
test data in domain-specific tasks (Gaschi et al.,
2023). Finally, SFT using multilingual prompts
(not just English) leads to better cross-lingual
generalization (Muennighoff et al., 2023b).

Model Merging. This has emerged as a practi-
cal and effective strategy to enhance LLM ca-
pabilities without requiring additional training or

ensembling overhead. By operating directly in
weight space, merging enables the combination
of models trained under different configurations,
such as various data, hyperparameters, or train-
ing objectives (e.g., CPT, SFT, DPO/ORPO)
into a single, stronger model (Lu et al., 2025;
Goddard et al., 2024). Techniques like Model
Soup (Wortsman et al., 2022) and SLERP
(Shoemake, 1985) allow smooth interpolation be-
tween models, often leading to better downstream
performance than any individual component. No-
tably, model merging contributed to top-ranked
models on the Open LLM Leaderboard, being fre-
quently adopted for the state of the art (Grattafiori
et al., 2024). It has also proven effective for low-
resource languages, where merging models with
complementary capabilities outperforms conven-
tional CPT followed by SFT (Tao et al., 2024).
However, such benefits appear limited in smaller
models (e.g.,<2B parameters), suggesting scaling
is crucial for emergent behaviors (Lu et al., 2025).

8 Conclusion

Fine-tuning language models under data-scarce
conditions remains a central challenge for
practitioners and researchers aiming to build
high-performing systems without the extensive re-
sources typically required for large-scale training.
This survey presents a structured and prag-
matic overview of the entire post-pretraining
development pipeline, reviewing and organizing
methods across parameter-efficient fine-tuning,
domain and cross lingual generalization, special-
ization, and preference alignment. We highlight
promising use cases, trade-offs, and best prac-
tices grounded in current empirical evidence.
Our findings underscore that larger models are
consistently more sample-efficient. Further, data
quality remains more critical than quantity, sup-
porting the view that most capabilities are learned
during pre-training, with fine-tuning and align-
ment primarily shaping model behavior. We
emphasize that despite the growing dominance
of decoder-based models, encoder models re-
main competitive for discriminative tasks, and
hybrid architectures provide promising avenues
(e.g., RAG). In preference alignment, the lack
of correlation between alignment loss and task
performance (Rafailov et al., 2024) points to a
deeper calibration issue that requires better met-
rics and theoretical grounding. Model merging
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can be surprisingly effective, yet the nonlinear
interactions underlying this behavior are poorly
understood, motivating further research. Finally,
we stress the importance of transparent report-
ing of datasets, training protocols, and evaluation
metrics for reproducibility and fair comparison,
especially for non-English and domain-specific
tasks, where current benchmarks often fall short
for assessing real-world applicability.
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F. T. Martins, Jessica Zosa Forde, Peter Milder,
Edwin Simpson, Noam Slonim, Jesse Dodge,
Emma Strubell, Niranjan Balasubramanian,
Leon Derczynski, Iryna Gurevych, and Roy
Schwartz. 2023. Efficient methods for natural
language processing: A survey. Transactions
of the Association for Computational Linguis-
tics, 11:826–860. https://doi.org/10
.1162/tacl_a_00577

Hazal Türkmen, Oguz Dikenelli, Cenk Eraslan,
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A Task-specific Training Methods

This section serves as justification and further
contextualization for the task-specific suggestions
in Table 4.

A.1 Text Classification

In ultra-low-resource settings (2–8 examples per
class), contrastive learning (CL) methods like
few-shot sentence Transformers trained with
triplet loss and anchoring on class descriptions
are effective (Pauli et al., 2023). Reformulating
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Task
Continued Labeled

Fine-tuning Complementary Options
Pre-training Data*

< 250 PET + Adapters Label embeddings; Similar task data

75K+ tokens for NLI format with Prefix-tuning / Fine-tune first on high-resource NLI

PEFT params, LR
< 1K

UniPELT data

warm-up + ER < 10K LoRA; LLRD Active or Semi-supervised learning

T
ex

t
C

la
ss

if
ic

at
io

n

Regularization (small batches,
10K+ Full fine-tuning

gradient clipping)

Intermediate training, CL between

25K+ tokens for PEFT
< 250 PET; QA format with CL

query/entity

params, LR warm-up + Similar task datasets for knowledge

ER + Mixout
< 5K Adapters, Parameter masking

distillation, Active learningSe
qu

en
ce

L
ab

el
in

g

5K+ Full fine-tuning LLRD; Bounded gradients

< 250 PET + Adapters / Prompt-tuning CL with label embeddings, Data

75K+ tokens for PEFT augmentation

params, consistency < 1K Adapters / UniPELT Multilingual data with CL

CL, LR warm-up < 10K PEFT (LoRA) CL on NLI data

T
ex

t
C

om
pa

ri
so

n

10K+ Full fine-tuning Bounded gradients

Table 4: Suggested approaches for NLP task groups with limited data. All information in this table
was compiled from reviewed papers (Appendix A). Experience replay (ER) stands for mixing in some
general-domain data as regularization. *Labeled data for Sequence Labeling is provided in sentences;
for other tasks, in examples.

classification as NLI improves few-shot perfor-
mance by enabling transfer from general-purpose
NLI datasets (Laurer et al., 2024), and is espe-
cially effective with <1k examples. For similar
data sizes, pattern-exploiting training (PET) con-
sistently outperforms full FT across models like
RoBERTa, XLM-R, and DistilBERT on NLI
tasks, topic/sentiment classification (Schick and
Schütze, 2021a; Ullah et al., 2023; Ling et al.,
2023), and can be improved by using label em-
beddings and adapters (Karimi Mahabadi et al.,
2022).

For <1k examples, prefix tuning and UniPELT
outperform full FT with BERT, especially when
combined with CPT on unlabeled data (75k to-
kens) (Jukić and Snajder, 2023). Soft prompt
tuning is also superior in few-shot settings (2–64
shots), particularly with domain-specific models
like ClinicalBERT and SciBERT (Goswami et al.,
2023). Domain adaptation (CPT) with token mil-
lions, including vocabulary injection and last-layer
tuning, further boosts performance on document
classification (Gnehm et al., 2022). Prefix tun-
ing works well up to 1k samples, while LoRA
improves between 1k–10k, and full FT becomes
competitive beyond that (Mao et al., 2022). Reg-
ularization methods like layerwise learning rate

decay (LLRD) and mixout help stabilize training
with BERT on GLUE tasks under 10k examples
(Zhang et al., 2021). Active learning becomes im-
pactful above 1k samples and can reduce labeling
needs by up to 70% (Lemmens and Daelemans,
2023; Ein-Dor et al., 2020; Yuan et al., 2020).

For higher-resource setups (∼10k examples),
full FT performs best, especially when paired
with gradient clipping and small batch sizes for
stability in reading comprehension (Xu et al.,
2021a). Finally, for tasks like NLI, even a subset
of 16k examples (1.9M tokens) selected through
clustering and coreset sampling is sufficient to
train competitive decoder models like Galactica
1.3B (Chen et al., 2023a).

A.2 Sequence Labeling

In extreme low-resource setups (1–10 examples),
pseudo-labeling enables 1-shot NER by using pre-
dicted spans as supervision (Peng et al., 2023).
Reformulating NER as QA and applying CL be-
tween the query and target entity (positive pair)
can further enhance few-shot learning (5–50 shots)
in biomedical NER. Transferring knowledge from
high-resource QA tasks boosts performance (Chen
et al., 2023c). Similarly, for biomedical relation

376



extraction (RE), intermediate training with mul-
tiple related datasets and knowledge distillation
from an ensemble outperforms PET, especially
when task similarity (e.g., vocabulary overlap)
is high (Moscato et al., 2023). In multilingual
RE, mT5 (220M) underperforms XLM-R base
(125M) despite its size, especially in languages
with less pretraining data. For low-resource sce-
narios (<32 examples per class), prompts and
label names should be kept in English for op-
timal transfer (Chen et al., 2022b). At 100–1k
sentences, CPT domain adaptation is particularly
effective. Using as few as 36k tokens improves
BERT-based NER, and selecting the most rele-
vant data subset yields better performance than
using full corpora (Mahapatra et al., 2022). In
German clinical RE/NER, FT with just 512–1400
sentences is feasible when combined with ac-
tive learning (perplexity-based sampling) and
domain-specific models like German-MedBERT
or R-BERT (Jantscher et al., 2023). In the
1k–5k sentence range, PEFT strategies remain
effective. CPT domain-adaptation offers limited
gains, as fine-tuning the base model sometimes
performs equally well (Crema et al., 2023).
Additional techniques like LLRD, mixout, and
learning rate warm-up improve generalization for
NER, RE, and QA across tasks under 8k sen-
tences (Buonocore et al., 2023). Adapter-based
extensions with limited FT (∼5k sentences)
also prove competitive when pretrained on large
domain-specific corpora (Tai et al., 2020).

At moderate scale (5k–10k), BERT-based mod-
els trained from scratch on large biomedical
corpora (12B tokens) perform comparably to those
adapted via CPT on 1B tokens, offering flexibility
in resource usage (Bai et al., 2021).

A.3 Text Comparison
CL proves to be a powerful pretraining strat-
egy for improving semantic representations in
tasks like NLI or paraphrase detection. Models
like DeBERTa large (435M) benefit significantly
from CL pretraining when used for zero- or
few-shot textual entailment (Kowsher et al., 2023).
Similarly, SimCSE and ConSERT show that
both unsupervised CL and supervised NLI-based
learning greatly enhance sentence embeddings
without labeled task data (Gao et al., 2021; Yan
et al., 2021). For ultra-low supervision (16–64
examples), PEFT techniques consistently outper-
form full FT. RoBERTa large (355M), using a
cloze-style format with adapters and label em-
bedding learning, surpasses FT, BitFit, PET,
and prompt tuning with just 16 samples per la-
bel (Karimi Mahabadi et al., 2022). PET also
performs well for multi-level implicit discourse
relation recognition using RoBERTa (Zhao et al.,
2023a). In multilingual and cross-lingual compar-
ison tasks, PET combined with CL consistency
loss shows strong results. On tasks like XNLI and
paraphrase identification, models such as XLM-R
base (279M), XLM-R large (561M), and InfoXLM
large (561M) benefit from this hybrid approach,
especially in 16–256-shot learning settings (Qi
et al., 2022). A CL framework using 500 paral-
lel sentence pairs, supplemented with up to 10k
non-parallel instances, establishes strong informa-
tion retrieval performance across languages (Hu
et al., 2023a). For 1k–10k instances, lightweight
tuning strategies remain efficient: adapter-based
tuning works well below 1k examples, while
LoRA is effective for 1k–10k, as shown on
BARTlarge across text comparison tasks (Mao
et al., 2022).
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