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Large Language Models (LLMSs) have demonstrated remarkable capabilities in various reasoning
tasks, which leads to the development of increasingly large models. However, scaling up model
sizes results in significantly higher computational costs and energy consumption, which makes
these models impractical for academic researchers and businesses with limited resources. At the
same time, Small Models (SMs) are frequently used in practical settings, although their signifi-
cance is currently underestimated. This raises important questions about the role of small models
in the era of LLMSs, a topic that has received limited attention in prior surveys. In this work,
we systematically examine the relationship between LLMs and SMs from two key perspectives:
Collaboration and Competition (or Complementarity). We hope this survey provides valuable
insights for practitioners, fostering a deeper understanding of the contribution of small models
and promoting more efficient use of computational resources. Code and additional resources for
this survey are available at: |https://github.com/tigerchen52/awesome_role_
of_small models

1. Introduction

The fast progress of Large Language Models (LLMs) has transformed the field of natural
language processing (NLP). LLMs have demonstrated exceptional performance across
a range of tasks, including language generation (Dong et al[[2024), language under-
standing (Wang et al.|2019), and domain-specific applications such as coding (Jiang
et al|[2026), medicine (He et al.[2023), and law (Sun|2023). Notably, certain capabilities
are enhanced by increasing the size of models, with some abilities only visible in
larger models (Wei et al.|2022). This has led to a surge of research and development
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Figure 1: The relationship between model size and monthly downloads. This analysis
considers open-source NLP models hosted on HuggingFace and categorizes them into
five size groups based on the number of parameters: [200M, 500M, 1B, 6B]. For
each group, the full bar represents the total monthly download requests of all models,
while the highlighted segment corresponds to the most downloaded model. The data
was collected on 6 September 2026.

focused on building ever-larger models, such as GPT-4 (OpenAl2023) and DeepSeek-
R1 (DeepSeek-Al et al.|[2025).

However, these gains come at a substantial cost. Scaling up model sizes leads to sig-
nificant increases in computational costs and energy consumption (Wan et al.|[2023;
Varoquaux, Luccioni, and Whittaker|2025). Additionally, training and deploying LLMs
is often impractical in resource-constrained settings, such as for academic researchers,
businesses without a strong revenue stream, or deployment on edge devices. As a result,
these limitations have motivated a growing interest in the development of small models
(SMs) (Lu et al|2025; Wang et al.|2024b), which can achieve competitive performance
with reduced data requirements and fewer parameters.

Recognizing the rise of SMs, we now ask what qualifies as “small” and what model
scope we consider in this survey? In this work, we use the term small models in a broader
sense, to include a wider variety of architectures and use-cases.

Definition of Small Models. As counterparts to LLMs, Small Models (SMs) generally
refer to models with a relatively lower number of parameters. Rather than focusing on
a particular model architecture, this survey emphasizes the relationship between small
and large models, where the notion of small is inherently relative to the reference model.
Consequently, SMs may include both encoder-only and decoder-only Transformer lan-
guage models, as well as, more broadly, other neural architectures or even statistical
models. Although the examples discussed in this survey are mainly Transformer-based
language models, the underlying principles are not tied to a specific architecture. At the
same time, there is no universally accepted definition or parameter threshold separating
large from small. Therefore, we adopt a relative definition of model size. For instance,
BERT (110M parameters) (Devlin et al.|2019) is considered small relative to LLaMA-
8B (Dubey et al.[2024), while LLaMA-8B is small relative to GPT-4 (OpenAl|2023). This



relative perspective ensures that the concepts discussed in this survey remain applicable
as model architectures and scales continue to evolvdl

One may assume that the wide adoption of LLMs makes small models no longer promi-
nent. However, our findings suggest that the usage of small models is significantly
underestimated in practical settings. Figure|l} analyzing the downloads of open-source
models of various sizes from HuggingFace, shows that smaller models remain highly
popular. This raises fundamental questions about the role of small models in the era
of LLMs and their ecological niche within the broader Al ecosystems, which is a topic
seldom discussed in prior surveys.

To assess the role of SMs, it is essential to compare their strengths and weaknesses
relative to LLMs. Table[T| highlights four key dimensions to consider:

Accuracy. LLMs have demonstrated superior performance across a wide range of tasks
due to their large number of parameters and extensive training on diverse datasets (Raf-
fel et al.|2020; Kaplan et al.||2020). Although SMs generally lag behind in overall per-
formance, they can achieve competitive results when enhanced by techniques such as
knowledge distillation (Xu et al.[2024b).

Generality. LLMs are highly generalizable and capable of handling a broad spectrum
of tasks with minimal training examples (Dong et al.2024; Liu et al.[2023). In contrast,
SMs are often more specialized, and fine-tuning SMs on domain-specific datasets can
outperform general LLMs for specific tasks (Lehman et al|2023; Bucher and Martini
2024;Zhang et al.[2024b).

Efficiency. LLMs require substantial computational resources for both training and
inference (Wan et al.|2023), leading to high costs and latency, making them less practical
for real-time applications (e.g. information retrieval (Reimers and Gurevych|2019)) or
resource-constrained environments (e.g. edge devices (Dhar et al.|[2024)). In contrast,
SMs require less training data and computational power, offering competitive perfor-
mance while significantly reducing resource demands.

Interpretability. Smaller, shallower models tend to be more transparent and inter-
pretable than their larger, deeper counterparts (Gilpin et al.|2018} [Barcel6 et al.|2020).
In fields such as healthcare (Caruana et al.|2015), finance (Kurshan et al.|[2021), and
law (Eliot|2021), smaller models are often preferred because their decisions must be
easily understandable by non-experts (e.g. doctors, financial analysts).

In this work, we systematically examine the role of small models in the era of LLMs
from two key perspectives: (1) Collaboration (§[3). LLMs offer superior accuracy and
can handle a wide range of tasks, while SMs are more specialized and cost-effective.
In practice, the collaboration between LLMs and SMs can strike a balance between
performance and efficiency. (2) Competition and Complementarity (§ ). SMs possess
distinct advantages, such as simplicity, lower cost, and greater interpretability, and their
capabilities can be further enhanced with the help of LLM distillations. It is crucial to
carefully assess the trade-offs between LLMs and SMs based on the specific require-
ments of the task or application. We aim for this study to provide actionable insights for

1 Although we adopt a relative definition of model size, most small models discussed in this survey
contain fewer than 1B parameters.



Dimension | LLMs | SMs
Accuracy | state-of-the-artv | decent X
Generality | general-purposev |  task-specific X
Efficiency | resource-intensive X | resource-efficient v/

Interpretability | low interpretable X | high interpretable v/

Table 1: Comparisons of different dimensions between LLMs and SMs.

practitioners, especially for researchers and businesses with constrained resources, who
are interested in leveraging SMs alongside LLMs. Furthermore, we hope our analysis
clarifies the ecological niche of small models in society, which offers design principles
and ideas that remain relevant even as model architectures and sizes continue to evolve
over time.

2. Related Work

Recently, there has been a noticeable shift in the research community from large lan-
guage models to small and efficient language models, as small models can achieve
competitive performance while effectively reducing computational and monetary over-
head. This trend is now supported by several systematic surveys, which we situate
and contrast with our work. For example, |[Lu et al| (2025) provide an overview of
70 state-of-the-art open-source SMs, with a focus on transformer-based, decoder-only
language models (100M-5B parameters). Wang et al.| (2024b) conduct a comprehensive
review of SMs, covering their technical approaches, application scenarios, enhancement
methods, collaboration strategies with LLMs, and challenges related to trustworthiness.
Van Nguyen et al.| (2024) analyze the architectures, training techniques, and compres-
sion techniques of SMs. Similarly, Subramanian, Elango, and Gungor| (2025) examine
~160 papers about SMs in the 1-8 B parameter range, and discuss how SMs can be used
to balance performance, efficiency, and cost.

While existing surveys systematically investigate SMs, these works examine these mod-
els in isolation (i.e. their architectures, training, and deployment), rather than emphasiz-
ing their relationship with LLMs. In contrast to these works, our survey emphasizes the
relationship between large and small models, which extends beyond mere differences in
parameter size. Specifically, we examine how small models complement, compete with,
and collaborate with large models across different tasks and deployment scenarios.
Through this perspective, we aim to discuss the broader role and ecological niche of
small models in our society.

3. Collaboration

In the following, we describe a dual collaboration paradigm in which SMs and LLMs
mutually enhance one another to optimize resource usage and enhance reasoning capa-
bilities. In Section we explore how SMs can strengthen LLMs by guiding training,
inference, evaluation, and robustness. Conversely, in Section we examine how
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Figure 2: Collaborations between LLMs and SMs

LLMs can, in turn, help SMs by providing richer supervision. The complete interaction
framework is illustrated in Figure [2} showing how these two types of models interact
and collaborate toward more efficient, powerful systems.

3.1 Small Models Enhance LLMs

To better understand how SMs enhance LLMs, we organize this section according to
the life cycle of LLMs: data preparation (pre-training and fine-tuning), inference, and
evaluation. First, at the data preparation stage (see Section [3.1.T), SMs contribute to
curating pre-training corpora and instruction-tuning datasets, which can filter low-
quality or undesired content, and enable weak-to-strong training paradigms that im-
prove supervision quality. Next, at the inference stage, SMs improve reasoning (See
Section and efficiency (See Section in practical deployment through tech-
niques such as retrieval augmentation, domain adaptation, model routing, and cas-
cading, which help reduce computational cost while maintaining or even enhancing
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Figure 3: Taxonomy of data curation

reasoning performance. Finally, at the evaluation stage (see Section [3.1.4), SMs serve as
lightweight verifiers to assess, diagnose, and repair LLM outputs, increasing reliability
and robustness. From this life-cycle perspective, SMs are not simply smaller alternatives
to LLMs, but useful tools that help improve LLMs at every stage of the pipeline.

3.1.1 Data Curation.

In the era of LLMs, a prevailing ideology is “more is better” — more data, more parame-
ters, more GPUs. Indeed, the scaling laws reveal that model performance improves with
both more parameters and tokens (Kaplan et al[2020). However, as the data availability
reaches its limits, a new paradigm is emerging: rather than simply using ever-larger
datasets, the key lies in curating those texts with refined strategies. From filtering noisy
web text during pre-training to selecting a small, high-quality set for fine-tuning, recent
work demonstrates that less but more refined data enables more efficient and powerful
training, and better alignment with human purpose (Albalak et al.[[2024). This shift
follows a weak-to-strong learning paradigm, in which rich but noisy signals give way
to smaller, higher-quality supervision (Burns et al.|[2024).

In the following, we present how to use small models to curate data from several
aspects: pre-training data, instruction-tuning data, and the weak-to-strong paradigm,
as shown in Figure

Curating Pre-training Data. The reasoning capabilities of LLMs are largely attributed to
their pre-training on extensive and diverse datasets, typically sourced from web scrapes,
books, and scientific literature. Since expanding the quantity and diversity of these
training datasets enhances the generalization ability of LLMs, significant efforts have
been made to compile large-scale and diverse pre-training corpora, such as C4 (Raffel
et al.[2020) and Pile (Gao et al.|2021). However, the idea of creating ever-larger datasets
faces a significant challenge: data availability is finite, and there is a looming possibility



that public human text data could soon be exhausted (Villalobos et al.[2024). Moreover,
not all data contributes equally to model performance; web-scraped content often in-
cludes noise and low-quality text. This has led to a paradigm shift from focusing purely
on the quantity of data to prioritizing the quality of data. Recent research supports the
notion that “less is more” (Marion et al.|2023), advocating for data selection or pruning
techniques to curate high-quality subsets from large datasets, thereby enhancing model
performance. We can divide these approaches into two categories, as shown in Figure 3}
(1) Data Selection, and (2) Data Reweighting.

(1) Data Selection uses a small model to identify and curate a high-quality subset of
the raw pre-training corpus. Earlier approaches largely relied on manual, rule-based
heuristics such as blacklist filtering and MinHash deduplication to remove undesirable
or duplicated text (Raffel et al|2020; Tirumala et al. 2023} |Penedo et al.|2023; Wenzek
et al.|2020). Recognizing the limitations of hand-crafted rules, more recent methods use
small proxy models to assess content quality, which enables the selection of high-quality
subsets. For instance, a simple classifier can be trained to assess content quality, focusing
on the removal of noisy (Brown et al|2020; [Du et al|2022; [Chowdhery et al|2023),
toxic (Arnett et al.|2024; [Kamphuis|2024), and private (Subramani et al|2023; [Yu et al.
2024) data. For example, FineWeb-Edu (Penedo et al|?2024) trains a linear regression
model on text embeddings to select high-quality data dedicated to the educational
field. Moreover, a small language model may compute perplexity scores as a proxy
for textual coherence and quality (Wenzek et al[2020; Marion et al[2023). Other recent
methods introduce the Importance Resampling frameworks that select a subset of a large
raw unlabeled dataset to match a desired target distribution (Xie et al.|2023b). Data
selection reduces the dataset size but aims to raise the average usefulness of training
tokens.

Another important role of small models in pre-training data curation is language identi-
fication (LID). When constructing multilingual corpora, accurately identifying the main
language of each document is a critical step. Because this process must be applied
to billions of documents, LID systems need to be both computationally efficient and
inexpensive to run. Consequently, lightweight classifiers are commonly employed to
filter and select texts for specific languages, which is particularly important for ensuring
adequate coverage of low-resource languages (Kargaran et al.|2023; Burchell et al.|2023;
NLLB Team|2024). Recent large-scale datasets such as FineWeb (Penedo et al.|[2024),
2025) and HPLT (Oepen et al.|2025) rely on such LID models to curate high-quality
multilingual resources for training LLMs.

(2) Data Reweighting goes beyond simple filtering by adjusting sampling probabilities.
The key idea is the use of a small proxy model whose job is to estimate how much weight
should be assigned to each data partition. We can divide reweighting into two key
categories: (1) Domain-Level Methods. In this approach, a small proxy model is trained
over different domains or sources, e.g., Wikipedia, books, web texts, to evaluate the
performance or loss across each domain. For example, the framework DoReMi (Xie
et al|2023a) uses a 280 million parameter proxy model to compute domain weights
for training an 8B parameter model, improving downstream accuracy by 6.5 points
and reaching baseline accuracy 2.6x faster. Meanwhile, AutoScale (Kang et al.|[2024)
computes optimal domain compositions at small scale and then uses a predictor to
extrapolate to large scale. Finally, small agents are introduced to learn how to reweight
each domain via reinforcement learning (Yang et al.|2025). (2) Instance-Level Methods.
Here the focus is on how to assign weights to individual examples (instances), and again



a small model often plays a key role in estimating how informative or representative
these instances are. For example, the method PRESENCE (Thakkar et al|2023) uses a
proxy model to compute self-influence scores, which approximate how much giving a
training example more weight during training would affect its own loss. Since these
scores serve as a proxy for the degree to which an example is memorized by the
model, they are subsequently used to guide instance-level data reweighting during pre-
training. Small proxy models here serve as a cheap but predictive surrogate of how
a large model would perform, and their assessments guide the weight assignments,
which helps make data usage more efficient.

Curating Fine-Tuning Data. LLMs acquire substantial knowledge through pre-training,
and fine-tuning is used to adapt these capabilities either to specific tasks or to align
them with human preferences (Ouyang et al.|2022; [Bai et al.|2022). In this light, it is
useful to distinguish two types of data curation. (1) Task-Specific Fine-Tuning Data. This
category of data is used for downstream tasks or specific domains such as classification
and domain-specific QA. The curation focuses on selecting samples that are represen-
tative of the target distribution and avoid redundancy. A small language model can be
leveraged as a data-selector. For example, we might use a smaller model to compute
embedding similarity for each candidate data point, and then rank and select the most
representative examples for fine-tuning while discarding the less informative ones (Liu
et al|[2025). Another approach is to use the internal signals of a small model such as
attention patterns to score data points, and then select the most informative subset for a
specific task (Wang et al.[2025c). (2) Alignment Data. The goal is to steer the model toward
desired instructions and align with human preferences such as honesty and safety. Here,
data selection focuses more on using small models to efficiently collect high-quality
instruction-response pairs rather than simply increasing quantity. Specifically, the study,
Less is More for Alignment, demonstrates that fine-tuning on just 1,000 carefully curated
instruction examples can yield a well-aligned model (Zhou et al.|2023a)). This highlights
the importance of selecting high-quality data for efficient instruction tuning (Longpre
et al.|2023; |Agarwal et al.|2025). Model-oriented data selection (MoDS) (Du, Zong, and
Zhang| 2023)) is one approach that employs a small language model, DeBERTa (He
et al.|2021), to evaluate instruction data based on quality, coverage, and necessity.
Additionally, the LESS framework (Xia et al.|2024b) demonstrates that smaller models
can be used to select influential data not only for larger models but also for models
from different families. This underscores the potential of using targeted data selection
techniques to optimize instruction tuning processes.

Weak-to-Strong Paradigm. LLMs are typically aligned with human values through
reinforcement learning with human feedback (RLHF), where behaviors favored by hu-
mans are rewarded, and those rated poorly are penalized (Shen et al.|2023a). However,
as LLMs continue to evolve and surpass human capabilities in various tasks, they are
becoming superhuman models, capable of performing complex and creative tasks that
may exceed human understanding. For instance, these models can generate thousands
of lines of specialized code, engage in intricate mathematical reasoning, and produce
lengthy, creative novels. Evaluating the correctness and safety of such outputs poses
significant challenges for human evaluators. This scenario introduces a new paradigm
for aligning superhuman models, termed weak-to-strong generalization, which involves
using weaker (smaller) models as supervisors for stronger (larger) models (Burns et al.
2024). The goal is for strong models to learn from limited or imperfect signals and
generalize beyond their weaker teachers’ capabilities. We categorize recent advances



in weak-to-strong generalization into two primary classes: (1) Data Annotation, and (2)
Test-Time Alignment.

(1) Data Annotation. This foundational approach fine-tunes a large model using labels
or preferences generated by weaker models. [Burns et al.[(2024) formalize the paradigm
and demonstrate that strong models can extrapolate from weak supervision. |Guo and
Yang| (2024) introduce an approach that enhances weak-to-strong generalization by
incorporating reliability estimation across multiple answers provided by weak models.
This method improves the alignment process by filtering out uncertain data or adjusting
the weight of reliable data. Beyond data labeling, weak models can also collaborate
with large models during the inference phase to further enhance alignment. Instead
of relying on a single weak teacher, recent methods employ ensembles of weak or
specialized models to improve label quality and diversity. For example, |[Liu and Alahi
(2024) suggest using a diverse set of specialized weak teachers, rather than relying on
a single generalist model, to collectively supervise the strong student model. |Lang,
Huang, and Li| (2025) introduce debate mechanisms between weaker models to refine
signals before training a strong model. This weak-to-strong paradigm is not limited to
language models but has also been extended to vision foundation models (Guo et al.
2024).

(2) Test-Time Alignment. Beyond training-time labeling, weak models can help strong
models during inference to refine responses dynamically. Weak-to-Strong Search (Zhou
et al|[2024) approaches the alignment of a large model as a test-time greedy search,
aiming to maximize the log-likelihood difference between small tuned and untuned
models, which function as a dense reward signal and a critic, respectively. Aligner (Ji
et al.|2024) employs a small model to learn the correctional residuals between preferred
and dispreferred responses, enabling direct application to various upstream LLMs for
aligning with human preferences.

Summary

Given the limits of high-quality human-generated data, scaling language models can
no longer rely solely on collecting more text. Instead, progress increasingly depends on
curating existing data more effectively and embracing the principle that “less is more”.
In this context, SMs play a crucial role throughout both pre-training and fine-tuning.
During pre-training, SMs support data selection by filtering low-quality, duplicated,
toxic, or privacy-sensitive content, and by reweighting domains or instances to better
shape the learning distribution. During fine-tuning, SMs can help construct task-specific
and alignment datasets, improving annotation quality and reducing reliance on expen-
sive human supervision.

As LLM capabilities continue to improve, human annotation becomes increasingly
difficult. Stronger models may exceed human ability in certain reasoning tasks, which
makes direct supervision less reliable. The Weak-to-Strong paradigm addresses this
challenge by showing that weaker supervisors (including small models) can still guide
stronger models effectively. By carefully designing supervision signals and alignment
objectives, SMs can help extract knowledge from powerful models and contribute to
building reliable reward models.

In practice, the benefits of using SMs for data curation are threefold. (1) Less is More.
Small models can reduce dataset size while retaining or even improving quality for
LLM training. (2) Cost Saving. When human annotation is costly and time-consuming,



smaller models provide a scalable and economical alternative. (3) More specialized
Datasets. Small models can ensure high-relevance data, particularly for task- or domain-
specific domains, such as low-resource multilingual, legal, and medical tasks.

Future Directions

(1) Humans can learn from relatively few examples, which contrasts with the massive
data requirements of current LLM pre-training paradigms (Warstadt et al.|2023). It is
therefore crucial to investigate methods that use less data to obtain better reasoning
models, and to explore how small models in particular can play a key role in achieving
this goal.

(2) While data curation offers clear advantages, LLMs still have a tendency to produce
hallucinated and toxic content. Moreover, removing low-quality or toxic text could po-
tentially degrade certain capabilities, such as generality (Longpre et al.[2024). Therefore,
it is essential to define more nuanced criteria for evaluating data quality, including
dimensions like factuality, safety, and diversity (Wettig et al|[2024} [Liu et al|[2024c).
Investigating the use of small models to develop effective and efficient data selection
methods is a valuable area of study.

(3) Synthetic data serves as a valuable supplement to the limited amount of human-
generated data (Long et al.|2024), yet the potential of small models in curating synthetic
data remains largely unexplored.

(4) We tend to choose data that is clear and representative for alignment tuning, but
including a subset of overly difficult examples can harm alignment performance (Gao
et al.|2025). It is therefore crucial to dynamically estimate a model’s current capacity and
then tailor the selection so it contains an appropriate mix of easy and hard samples.

(5) While the weak-to-strong framework is effective in eliciting knowledge from
stronger models, it is still far from recovering the full performance gap between weak
and strong models. It is crucial to ensure that the strong model has a deep, intuitive
understanding of the task at hand, is capable of correcting the weak model’s errors, and
naturally aligns with the objectives of the task (Burns et al.|2024). Future work should
focus on identifying properties and methods that help achieve this goal.

(6) The current understanding of weak-to-strong generalization is limited. Researchers
should develop a deep understanding of the underlying mechanisms that govern the
success or failure of alignment methods, e.g. theoretical analysis (Lang, Sontag, and Vi-
jayaraghavan|2024), errors in weak supervision (Guo and Yang|2024), and extrapolating
generalization errors using scaling laws (Kaplan et al.|2020).

3.1.2 Augmented Reasoning.

Despite their impressive scale, LLMs rely on the internal knowledge encoded in their
parameters during the pre-training stage. While this internalized knowledge enables
strong generalization across many tasks, it is inherently limited. The model may lack
up-to-date information (Kasai et al.2023), domain-specific expertise (Feng et al.[2023), or
robust multi-step reasoning ability (Mondorf and Plank|2024). As a result, when a task
exceeds the model’s internal knowledge capacity (Li et al.|2025b)), LLMs can generate
responses that appear plausible but are factually incorrect or hallucinated (Huang et al.
2025a).
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From this perspective, many recent advances can be understood as efforts to bridge
the gap between internal knowledge (what the model has memorized) and external
knowledge (information and guidance introduced at run time). When the task falls
beyond the model’s internal capacity, it is necessary to augment reasoning by using
external signals. In this section, we organize existing approaches into four categories:
(1) Retrieval-Augmented Generation, which enriches internal knowledge with retrieved
documents. (2) Domain Adaptation, which reshapes internal knowledge toward spe-
cialized distributions. (3) Prompt Engineering, which guides the model to better use
its existing knowledge. (4) Deficiency Repair, which identifies and corrects systematic
weaknesses. Together, these strategies illustrate different ways of balancing internal and
external knowledge to improve reasoning reliability.

Retrieval Augmented Generation. LLMs exhibit impressive reasoning capabilities, yet
their ability to memorize specific knowledge is somewhat limited. Consequently, LLMs
may struggle with tasks that require domain-specific expertise or up-to-date informa-
tion. To address these limitations, Retrieval-Augmented Generation (RAG) enhances
LLMs by employing a lightweight retriever to find relevant document fragments from
external knowledge bases, document collections, or other tools (Gao et al.[2023b;|Lewis
et al.|2020). By incorporating external knowledge, RAG effectively mitigates the issue of
generating factually inaccurate content, often referred to as hallucinations (Shuster et al.
2021). RAG methods can be broadly categorized into three types based on the nature of
the retrieval source.

(1) Textual Document is the most commonly used retrieval sources in RAG methods,
encompassing resources such as Wikipedia (Trivedi et al.|2023; |Asai et al.|2024), cross-
lingual translations (Nie et al.[2023; Wang et al.|2025a) and domain-specific corpus (e.g.
medical (Xiong et al.[2024) and legal (Yue et al.[2023) domains). These approaches gen-
erally employ lightweight retrieval models, such as sparse BM25 (Robertson, Zaragoza
et al.|2009) and dense BERT-based (Izacard et al.|2022) retrievers, to extract relevant text
from these sources.

(2) Structured Knowledge encompasses sources such as knowledge bases and
databases, which are typically verified and can provide more precise information. For
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example, KnowledgeGPT (Wang et al.[2023) enables LLMs to retrieve information from
knowledge bases, while T-RAG (Pan et al.|2022) enhances answers by concatenating re-
trieved tables with the query. StructGPT (Jiang et al.[2023a) further augments generation
by retrieving from hybrid sources, including knowledge bases, tables, and databases.
The retriever in these methods can be a lightweight entity linker, query executor, or
APL

(3) Other Sources include code, tools, and even images, which enable LLMs to leverage
external information for enhanced reasoning. For instance, DocPrompting (Zhou et al.
2023b) employs a BM25 retriever to obtain relevant code documentation before code
generation. Similarly, Toolformer (Schick et al.[2023) demonstrates that LMs can self-
learn to use external tools, such as translators, calculators, and calendars, through
simple APIs, leading to significant performance improvements.

Domain Adaptation. General-purpose LLMs still require further customization to
achieve optimal performance in specific use cases (e.g. coding) and domains (e.g. med-
ical tasks) (Feng et al|[2023). While fine-tuning on specialized data is one approach
to adapting LLMs, this process has become increasingly resource-intensive, and in
some cases, it is not feasible—especially when access to internal model parameters is
restricted, as with models like ChatGPT (Ling et al.[2025). Recent research has explored
adapting LLMs using smaller models, which can be categorized into two approaches:
White-Box Adaptation and Black-Box Adaptation, depending on whether access to the
model’s internal states is available.

(1) White-Box Adaptation typically involves fine-tuning a small model to adjust
the token distributions of frozen LLMs for a specific target domain. For instance,
CombLM (Ormazabal, Artetxe, and Agirre|2023) learns a linear function to combine
the probability distributions from the large black-box model with those from a smaller
domain-specific expert model. IPA (Lu et al.|2023) introduces a lightweight adapter that
tailors a large model toward desired objectives during decoding without requiring fine-
tuning. IPA achieves this by optimizing the combined distribution using reinforcement
learning. Proxy-tuning (Liu et al|2024a)) fine-tunes a smaller language model, contrast-
ing the probabilities between the tuned model (the expert) and its untuned version
(the anti-expert) to guide the larger base model. These approaches only modify the
parameters of small domain-specific experts, allowing LLMs to be adapted to specific
domain tasks. However, white-box adaptation is not applicable to API-only modeling
services, where access to internal model parameters is restricted.

(2) Black-Box Adaptation involves using a small domain-specific model to guide LLMs
toward a target domain by providing textual relevant knowledge. Retrieval Augmented
Generation (RAG) can extract query-relevant knowledge from an external document
collection or knowledge base, and thus enhance general LLMs by leveraging their in-
context learning ability. It involves first using a lightweight retriever to find relevant
content from the domain corpus, which is then incorporated into the LLM’s input to
improve its understanding of domain-specific knowledge (Siriwardhana et al.|[2023;
Shi et al.||[2024af |Gao et al|2023b). Another approach employs small expert models to
generate background knowledge for the base LLM. For example, BLADE (Li et al.|2025a)
and Knowledge Card (Feng et al.[2024a) first pre-train a small expert model on domain-
specific data, which then generates expertise knowledge in response to a query, thereby
enhancing the base LLM’s performance. MedAdapter (Shi et al|2024b) fine-tunes a
small BERT-sized adapter to rank candidate solutions generated by LLMs.
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Prompt Engineering. Prompt-based learning is a prevalent paradigm in LLMs where
prompts are crafted to facilitate few-shot or even zero-shot learning, enabling adap-
tation to new scenarios with minimal or no labeled data (Liu et al|22023). This ap-
proach leverages the power of In-Context Learning (ICL) (Dong et al|2024), which
operates without performing parameter updates. Instead, it relies on a prompt con-
text that includes a few demonstration examples structured within natural language
templates.

In this learning process, small models can be employed to enhance prompts, thereby
improving the performance of larger models. For instance, Uprise (Cheng et al.|[2023)
optimizes a lightweight retriever that autonomously retrieves prompts for zero-shot
tasks, thereby minimizing the manual effort required for prompt engineering. Similarly,
DaSLaM (Juneja et al[2023) uses a small model to break down complex problems into
subproblems that necessitate fewer reasoning steps, leading to performance improve-
ments in larger models across multiple reasoning datasets.

Beyond prompt retrieval and decomposition, small models can also enhance in-context
learning (ICL), a widely used prompt engineering technique, by improving the quality
of demonstrations included in prompts. For example, some methods fine-tune small
models to generate pseudo labels for input examples (Xu et al.||2024a; Lee et al.2024),
which produce higher-quality demonstrations that lead to better ICL performance than
the original prompts. Furthermore, in multi-stage prompting pipelines, small models
can verify (Hsu et al|2024) or rewrite (Vernikos et al.[2024) the outputs of LLMs, further
improving response quality without requiring LLM fine-tuning.

Deficiency Repair. Powerful LLMs may generate repeated, untruthful, and toxic con-
tent, and small models can be used to repair these defects. We introduce two ways to
achieve this goal: contrastive decoding and small model plug-ins.

(1) Contrastive Decoding exploits the contrasts between a larger model (expert) and
a smaller model (amateur) by choosing tokens that maximize their log-likelihood dif-
ference. Existing work has explored the synergistic use of logits from both LLMs and
SMs to reduce repeated text (Li et al.[2023b), mitigate hallucinations (Sennrich, Vamvas,
and Mohammadshahi|2024), augment reasoning capabilities (O’Brien and Lewis|[2023)
and safeguard user privacy (Zhang et al.[2024a)). Since fine-tuning LLMs is computing-
intensive, proxy tuning proposes fine-tuning a small model and contrasting the differ-
ence between the original LLMs and small models to adapt to the target task (Liu et al.
2024a).

(2) Small Model Plugins fine-tune a specialized small model to address some of the
shortcomings of the larger model. For example, the performance of LLMs may degrade
when encountering out-of-vocabulary (OOV) words. To address this issue, we can train
a small model to mimic the behavior of the large model and impute representations for
unseen words (Pinter, Guthrie, and Eisenstein| 2017} [Chen, Varoquaux, and Suchanek
2022). In this way, we can make large models robust with little cost. Additionally, LLMs
may generate hallucinated texts and we can train a small model to detect hallucina-
tions (Cheng et al.[2024) or calibrate confidence scores (Chen et al.|2024c).

Summary

LLMs store parametric knowledge, i.e., facts and patterns learned in their weights dur-
ing pre-training, but this kind of knowledge is static and limited in depth for domain-
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specific tasks, leading to plausible yet hallucinated outputs. When a task exceeds what
an LLM can reliably know or reason about on its own, it becomes important to integrate
external knowledge and auxiliary reasoning mechanisms. In practice, four strategies
using smaller models to augment LLM reasoning have been introduced in this section:
Retrieval-Augmented Generation (RAG), domain adaptation, prompt engineering, and
deficiency repair.

In real-world settings, practitioners can choose among them based on task requirements
and the nature of the external knowledge involved.

®  When the task demands up-to-date or domain-specific facts, RAG is often
the primary and low-cost strategy. Retrieving relevant information at
inference time and prioritizing grounded sources rather than static
parametric knowledge. This approach reduces hallucinations and allows
real-time integration of new information without retraining the LLM.

®  When a task requires adapting an LLM to a specialized domain but full
fine-tuning is expensive or impractical, domain adaptation via small
models offers a cost-effective alternative. Domain-expert models can
capture targeted, high-precision knowledge and provide structured
guidance to the general-purpose LLM. Rather than modifying the large
model’s parameters, these small experts inject domain-specific signals at
the inference stage.

*  When the input pattern is not aligned with the distribution of parametric
knowledge, prompt engineering can be introduced to guide the LLM’s
reasoning process. Optimized prompts can surface relevant external
knowledge more effectively and help steer the model toward correct
inference patterns without high computational cost.

*  When outputs require specific properties, such as safety, interpretability, or
uncertainty expression, deficiency repair mechanisms can be employed to
address these limitations. Here, small auxiliary models evaluate or adjust
the LLM’s outputs, effectively correcting or flagging problematic content.

Future Directions

(1) The retrieval augmented text generation performance is very sensitive to the retrieval
quality (Yoran et al[[2024). However, the widely-used dense-retrieval systems, i.e., a
small embedding model with a similarity calculation, have theoretical limitations. In
particular, their ability to represent different combinations of relevant documents can be
constrained by the embedding dimension (Weller et al.|2025). Therefore, more expres-
sive and efficient retrieval approaches may be needed for advanced retrieval settings.

(2) LLMs are still good at memorizing patterns rather than true logical reasoning. Recent
findings indicate that LLMs struggle with classic reasoning problems and fail to gener-
alize beyond the patterns seen in their training data, such as deductive reasoning (Seals
and Shalin/2024) and compositional reasoning (Sinha, Premsri, and Kordjamshidi|2024).
It is important to explore how to use small models to enhance the logical reasoning
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capability of LLMs.

(3) Current domain adaptation methods often necessitate pre-training or fine-tuning a
domain-specific expert, which is impractical for resource-constrained tasks. Exploring
efficient methods to transfer and adapt models across many domains in low-resource
settings is a valuable area of research (Sun et al.|2024).

3.1.3 Efficient Inference.

LLMs have demonstrated remarkable capabilities, but their gains in performance come
with substantial costs. Increasing model size typically entails slower inference, higher
API costs, and significant environmental and energy burdens (Wu et al[2022). As model
deployment scales, these costs become not only financial concerns but also sustainabil-
ity challenges.

In contrast, smaller models offer clear efficiency advantages: they are faster, cheaper
to run, and more energy-efficient. While they may not match the performance of their
larger counterparts, many real-world queries do not require the full capacity of a large
model. User requests span a broad spectrum of difficulties, which suggests that uniform
reliance on large models is often unnecessary.

This observation motivates a core idea in efficient inference. Allocating computational
resources adaptively rather than uniformly. By orchestrating a list of models with differ-
ent capacities, systems can use expensive large models for genuinely hard queries while
allowing smaller models to handle simpler ones. Such adaptive allocation preserves
performance where needed while substantially reducing overall cost. Broadly, existing
approaches to this paradigm fall into three categories: model cascading, model routing,
and speculative decoding, as illustrated in Figure

Model Cascading. This process involves the sequential use of multiple models to make
predictions or decisions, where each model in the cascade has a different level of
complexity. The output of one model may trigger the activation of the next model in
the sequence. This approach allows for the collaboration of models of varying sizes, en-
abling smaller models to handle simpler input queries while transferring more complex
tasks to larger models. The critical step in this process is determining whether a given
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model is capable of addressing the input question. This method effectively optimizes
inference speed and reduces financial costs.

(1) Confidence-based Methods. The smaller model produces a confidence score or
probability and, if that score falls below a threshold, the query is forwarded. For in-
stance, this work, query-level uncertainty (Chen et al|2026), proposes a training-free
method to estimate whether a model is capable of addressing a given query without
generating any answers, which can achieve effective model cascading while reducing
inference costs. Confidence-based methods aim to assess the knowledge gap, and then
allocate a task to the model with an appropriate size (Chen et al,2024a; [Enomoto and
Edal[2021).

(2) Quality-based Methods. The system evaluates the quality of the output by using
a verifier model and triggers escalation if the output quality falls short. For example,
some existing techniques train a small evaluator to assess the output correctness (Kag
et al.|2023;|Chen, Zaharia, and Zou|2020, 2024), thereby deciding whether to escalate the
query to a more complex model.

(3) Cost-aware Methods. Beyond simple correctness, the trigger mechanism may incor-
porate cost-aware objectives such as latency or monetary costs (Wang et al.|2018). For
example, we can study various models with different sizes, comparing their accuracy,
financial cost, and latency, and then select which model to use based on budget or
latency limitation (Wang et al.[2024a;|Zhang et al.[2024c).

(4) Agreement-based Methods. Given that LLMs can perform self-verification (Dhuli-
awala et al.|2024) and provide confidence levels in their responses (Tian et al.[2023), we
can use the consistency between multiple answers as a trigger. If the outputs disagree or
diverge, the task is deferred to a larger model. AutoMix (Aggarwal et al.|2024) employs
verification prompts to query the model multiple times, using the consistency of these
responses as an estimated confidence score. The framework then determines whether
the current model’s output should be accepted or if the query should be forwarded to
other models for enhanced performance.

Model Routing. This process optimizes the deployment of multiple models of varying
sizes by dynamically directing input data to the most appropriate models, thereby en-
hancing both efficiency and effectiveness in practical applications. The core component
of this approach is the development of a router that assigns input to one or more suitable
models within the pool. Existing approaches can be divided into two main categories:
(1) Training-free Router and (2) Training-required Router.

(1) Training-free Router. These methods do not require a specific supervised training
step for a routing model. Instead, they rely on heuristics such as similarity ranking,
uncertainty or other lightweight signals. For example, the router can be guided by
estimated uncertainty of predictions, which allows the system to dynamically select
between larger and smaller models (Su et al.|2026). Or we can use the agreement (or
similarity) among outputs from different models to select the best model for each input.
The intuition is that if a model’s output is very different compared to the other models’
outputs for the same input, then that model’s output is more likely to be of lower
quality and unreliable (Guha et al.|2024). We can also use semantic tags, i.e., high-level
semantic descriptions of a query (e.g., task type, domain, or intent), to route requests to
appropriate models (Chen et al|2025). These tags are predicted by a lightweight tagger
and enable effective routing for open-domain text generation tasks. In this setting, the

16



router avoids the cost of data annotation and supervised router training, which makes it
easy to adapt to new domains. However, the inference efficiency depends on the routing
strategy. While routers based on lightweight signals such as uncertainty incur only
a small overhead, methods requiring multiple model outputs may increase inference
cost.

(2) Training-required Router. These methods train a dedicated routing model, such
as a classifier or ranking model, to learn how to allocate user tasks to the appropriate
size models. A straightforward approach is to consider the input-output pairs from
all models and select the best-performing one (Jiang, Ren, and Lin| 2023} Ding et al.
2024b). However, this comprehensive ensemble strategy does not significantly reduce
inference costs. To address this, some methods train efficient, reward-based routers
that select optimal models without needing to access the models” outputs (Lu et al.
2024;|Narayanan Hari and Thomson|2023). OrchestraLLM (Lee, Cheng, and Ostendorf]
2024) introduces a retrieval-based dynamic router that assumes instances with similar
semantic embeddings share the same difficulty level. This allows for the selection of
an appropriate expert based on the embedding distances between the testing instance
and those in expert pools. Similarly, RouteLLM (Ong et al.|[2025) formulates routing
as a preference prediction problem by training a lightweight router on human pref-
erence data and augmented examples to predict whether a query requires a stronger
LLM or can be handled by a weaker one. Based on the predicted user preference,
the router dynamically selects the appropriate model, which can reduce inference cost
while maintaining response quality and generalizing well to out-of-domain queries.
FORC (Sakota, Peyrard, and West 2024) proposes a meta-model (a regression model)
to assign queries to the most suitable model without requiring the execution of any
large models during the process. The meta-model is trained on existing pairs of queries
and model performance scores. In this category, the router has to be maintained, but can
often yield stronger selection performance.

Furthermore, recent benchmarks for model routing have been established (Hu et al.
2024b; [Shnitzer et al.|[2024), facilitating the collaboration between larger and smaller
models.

Speculative Decoding. This technique aims to speed up the decoding process of a gen-
erative model, which often involves using a smaller, faster auxiliary model alongside
the main, larger model, which consists of a two-phase “draft-then-verify” pipeline. A
smaller, faster draft model first generates multiple candidate tokens, which are then
verified by the larger target model in a single parallel forward pass rather than being
generated one by one (Leviathan, Kalman, and Matias|2023;|Chen et al.[2023a} Xia et al.
2024a). Consequently, when most drafted tokens are accepted, the number of sequential
decoding steps required by the target model is substantially reduced, which leads to
lower inference latency while preserving the original output distribution.

Summary

From a practitioner’s perspective, the choice among model cascading, routing, and
speculative decoding depends on deployment goals. Model cascading is most suitable
when query difficulty varies widely, and cost reduction is the primary objective. A
small model handles easy cases, while harder queries are deferred to larger models.
This step can ensure robustness with minimal engineering efforts. Model routing is
preferable when the task involves multiple types (e.g., coding and summarization) or
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domains (e.g., law and healthcare), as a routing mechanism can directly assign each
query to the most appropriate model in a single pass. In contrast, speculative decoding
is particularly suitable when a large model is required for high-quality generation. A
smaller model drafts multiple candidate tokens that are verified by the large model in
parallel, which is able to reduce sequential decoding steps and inference latency without
sacrificing output quality.

Future Directions

(1) Existing model ensembling methods typically rely on a limited, pre-defined list of
models, yet the real world encompasses open-domain and constantly evolving LLMs,
such as those available on HuggingFace. Exploring ways to leverage these extensive
model libraries to create intelligent and efficient systems holds significant promise (Shen
et al.|2023b)).

(2) In some existing approaches to speculative decoding, the draft model is required to
share the vocabulary with the main model, which typically limits speculative decoding
to models from the same family (for example, different sizes of GPT). However, it
would be beneficial to explore collaborations between models from diverse sources and
vocabularies, thereby expanding the set of viable auxiliary models and enabling more
flexible, cost-efficient inference (Remy et al.|[2024).

3.1.4 Evaluating LLMs. Evaluating open-ended text generation remains one of the
significant challenges in deploying LLMs (Chang et al.[2024). Unlike classification tasks
with clear ground-truth labels, generative outputs can be valid in many different forms,
making quality assessment inherently subjective and challenging. Traditional metrics
such as BLEU (Papineni et al[2002) and ROUGE (Lin|2004) rely on surface-level overlap
with reference texts, but lexical similarity alone often fails to capture semantic related-
ness and reasoning correctness (Liu et al|2016). As models become more capable and
outputs more diverse, these limitations become increasingly pronounced.

This motivates a shift from string matching to model-based evaluation, where smaller
models are used as automated judges to approximate human assessment. Rather than
measuring n-gram overlap, these evaluators aim to assess semantic similarity, coher-
ence, factual consistency, or overall quality. Broadly, such approaches fall into two
categories: (1) reference-based methods, which compare outputs against ground-truth texts
using learned semantic metrics, and (2) reference-free methods, which directly judge qual-
ity without requiring explicit references, as illustrated in Figure [} These paradigms
reflect a broader transition toward scalable evaluation frameworks for open-ended
generation.
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(1) Reference-based Evaluation approaches rely on comparing outputs to human-
written references. For instance, BERTSCORE (Zhang et al.|[2020) uses a BERT en-
coder to compute semantic similarity between candidate and reference texts, and
BARTScore (Yuan, Neubig, and Liu|2021) leverages the BART encoder-decoder model
to evaluate aspects like informativeness, fluency, and factuality. Although useful when
references are available, these methods may struggle in highly open-ended tasks due to
limited reference coverage.

(2) Reference-free Evaluation approaches evaluate model outputs without relying on
human-written references. This includes using a small proxy evaluator to estimate how
well the generation would perform, such as fluency, relevance, coherence, and factuality.
For example, we can apply small natural language inference (NLI) models to estimate
the uncertainty of LLM responses (Manakul, Liusie, and Gales|[2023; [Kuhn, Gal, and
Farquhar|2023), or employ proxy models to predict LLM performance (Anugraha et al.
2025), which substantially reduces the computational costs associated with fine-tuning
and inference during model selection. Recent advances include frameworks that treat
an LLM as a judge (Gu et al.|[2024a), which introduce another judge LM to evaluate the
quality of generated texts. Existing findings indicate that smaller judges can provide rea-
sonable signals for ranking tasks even if their absolute alignment was weaker (Thakur
et al.|2025).

Summary

From a deployment perspective, the choice between reference-based and reference-free
evaluation depends mainly on the availability of high-quality references. Reference-
based methods are most suitable when reliable human-written references exist, and
outputs are relatively constrained (e.g., translation, summarization). In such settings,
semantic metrics like BERTScore or BARTScore provide stable and reproducible com-
parisons at low cost. However, when tasks are highly open-ended (e.g., creative writing
and reasoning) or reference coverage is sparse, reference-based metrics may not be
applicable. In these cases, reference-free methods become more appropriate, as they
directly assess fluency, coherence, factual consistency, or reasoning quality without
relying on gold texts. Small proxy models or NLI-based evaluators are particularly
useful when scalability and cost are priorities. Meanwhile, using an LLM as a judge
is preferable when high-fidelity evaluation is required, and computational cost is less
restrictive, for example in reasoning-required tasks.

Future Directions

(1) Aslarge models advance, they increasingly generate lengthy and complex texts, such
as specialized code and scientific papers, which are challenging for humans to evaluate.
Consequently, it is essential to develop efficient evaluators to assess various aspects of
the generated content, such as factuality (Min et al.|2023), safety (Zhang et al|2024d),
and uncertainty (Huang et al.[2025b).

(2) Small evaluators may not be robust, and may be sensitive to the order of answers in
pairwise comparisons (Li et al.[2024). This judge can also introduce bias that undermines
the reliability and trustworthiness of the evaluation (Ye et al|2025). There remains
significant room for using small models as judges.
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3.2 LLMs Enhance Small Models

LLMs can enhance small models mainly through Knowledge Distillation (Hinton, Vinyals,
and Dean|2015; \Gou et al|2021; [Zhu et al.|[2024b; Xu et al.[2024b), where knowledge
learned by a large, powerful teacher model is transferred to a smaller, more efficient stu-
dent model. Rather than directly increasing model size or training data, this paradigm
uses LLMs to provide richer supervision and guidance during training, which enables
small models to achieve stronger performance under limited capacity and computa-
tional budgets. In practice, knowledge distillation from LLMs can be performed at
multiple levels of granularity. First, LLMs can synthesize full training data, including
both inputs and labels (Section [3.2.T). Second, they can provide explicit rationales, i.e.,
the reasoning steps, that guide small models toward more structured and interpretable
reasoning (Section [3.2.2). Third, LLMs can support data augmentation by rephrasing
and diversifying existing datasets (Section [3.2.3). Finally, distillation can operate on
the teacher model’s internal representations, where internal features or intermediate
states are used to shape the learned representations of small models (Section [3.2.4).
The first three approaches correspond to black-box distillation, as they depend only on
observable outputs of the teacher model, whereas representation distillation is a white-
box method that requires access to internal model states. Together, these approaches
transfer the knowledge from LLMs to small models, improving their reasoning ability
without increasing model size.

3.2.1 Full Data Synthesis. Human-created data is expensive and finite, and there is a
concern that publicly available human text may soon be depleted (Villalobos et al.|[2024).
In response, using LLMs to generate full training data to learn a task-specific small
model is both efficient and practical.

(1) Training Data Generation. The idea of this category emphasizes generating both
inputs and labels from scratch (Nadds, Diosan, and Tomescul|[2025; |(Chung, Kamar, and
Amershi|2023). For example, |Ye et al.| (2022) propose generating a synthetic dataset
from an LLM in an unsupervised zero-shot fashion, and then training a much smaller
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downstream model on this dataset to achieve efficient inference. Meng et al.| (2022)
use a larger model to generate class-conditioned synthetic texts for zero-shot language
understanding tasks. Subsequent studies have extended this method to various tasks,
including text classification (Li et al|2023c), clinical text mining (Tang et al|2023),
information extraction (Josifoski et al.2023)), and hate speech detection (Hartvigsen et al.
2022).

(2) Alignment Data Generation. Beyond task-oriented synthetic generation, another
line of recent work focuses on alignment data generation, where LLMs synthesize
instruction-response pairs to fine-tune the target model, aiming to align it with human-
preferred properties. Examples include CodecLM, which adaptively generates high-
quality synthetic instruction data tailored to specific instruction distributions (Wang
et al[[2024c), and Bonito, which converts unannotated text into instruction tuning
datasets to improve zero-shot adaptation of LLMs (Nayak et al.2024). Rather than
merely scaling up instruction datasets, these alignment synthesis methods highlight the
importance of data quality and distributional matching.

3.2.2 Rationale Distillation. This distillation focuses on transferring reasoning ratio-
nales from teacher to student, going beyond simple final-answer supervision.

(1) Chain-of-Thought (CoT) Distillation. This approach uses explicit step-by-step rea-
soning steps generated by large language models to provide richer supervision for
smaller models. In CoT distillation, the student model is trained not only on task inputs
and outputs but also on multi-step textual rationales from the teacher, which has been
shown to enhance reasoning capabilities on complex tasks (Li et al.[2022; Hsieh et al.
2023} Shridhar, Stolfo, and Sachan|2023;|Magister et al. 2023} |Li et al.|[2023a; Fu et al.|2023;
Tian et al.|[[2024). Recent work has also explored alternative textual reasoning transfer.
For example, adversarial distillation frameworks such as Lion (Jiang et al.[2023b) iter-
atively generate and focus on hard instructions to improve student performance via
feedback from the teacher model. Counterfactual distillation methods leverage coun-
terfactual examples to make SMs more robust to out-of-distribution (OOD) data (Feng
et al.|2024b)).

(2) Structured Reasoning Distillation. Apart from natural-language CoT distillation,
there is a growing line of work that moves beyond surface textual chains to distill
reasoning in more structured forms. We refer to this as Structured Reasoning Distillation,
where reasoning knowledge is captured in structured signals and discrete logic. For
instance, Program-aided Distillation (Zhu et al.|[2024a) leverages synthetic reasoning
programs generated by LLMs for fine-tuning smaller models, which shows promising
performance on arithmetic reasoning, symbolic reasoning, and general ability. Reason-
ing Scaffolding (Wen et al,|2025) distills the structured, algorithmic flow of a teacher’s
reasoning, moving beyond surface-level text imitation, which leads to more accurate
and logically robust reasoning than standard CoT distillation.

3.2.3 Data Augmentation. In this context, data augmentation refers to the use of LLMs
to modify existing data points to increase data diversity, which can then be directly used
to train smaller models (Ding et al.2024a;|Chen et al.|2023b). The use of LLMs for dataset
augmentation has become a powerful strategy in NLP, offering a way to enrich training
samples when labeled data is scarce.

(1) Generating Pseudo Labels. One common form of augmentation uses LLMs to
assign labels to existing unlabeled or weakly labeled inputs, which can produce pseudo-
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labeled data that supplements supervised learning (Wang et al.|2021}|Gao et al.[2023a).
This parallels knowledge-distillation via data labeling, where teacher models bootstrap
learning by providing labels for otherwise unlabeled inputs.

(2) Increasing Data Diversity. Another major category involves transforming or rewrit-
ing existing data to create variations that preserve semantic content while improving
dataset diversity. LLMs can paraphrase or rewrite texts to generate additional training
samples, which has been shown to improve model robustness and generalization (Mi,
Xie, and Zhang|2022; Witteveen and Andrews|2019). This technique has been applied in
tasks such as information retrieval, where LLMs rewrite queries to better match target
documents (Ma et al.[2023a). More broadly, LLM-based rewriting has been used to aug-
ment datasets for text classification (Ding et al.|2024a). Furthermore, data augmentation
can be applied to various tasks such as personality detection (Hu et al.|2024a), intent
classification (Sahu et al.|2022), and dialogue understanding (Chen et al.|2022). Fine-
tuning smaller models with these augmented samples can significantly enhance their
efficacy and robustness.

3.2.4 Representation Distillation. This approach involves using internal states of the
teacher model, which provides transparency in the training process of the student
model. This approach leverages the teacher’s output distributions and internal features
such as hidden representations and attention maps to guide the student’s learning
process.

(1) Logit-based Methods. The student imitates the teacher’s final output distributions,
e.g., soft labels or logits. This is the most direct form of knowledge transfer. For example,
Hinton, Vinyals, and Dean|(2015)) propose using the teacher’s softened softmax outputs
as targets for the student. More recently, (Gu et al. (2024b) in MiniLLM adopt the reverse
KL divergence between student and teacher distributions as the training objective.
Similarly, Yang et al.| (2023) propose a unified approach to both teacher-student and
self-distillation by using normalized loss functions and customized soft labels, thereby
refining how soft targets are used in distillation.

(2) Feature-based Methods. Beyond just outputs, the student learns to imitate the inter-
nal representations of the teacher model, such as hidden states, attention maps, or layer
activations. This process provides richer information about the teacher model’s internal
representations than using its output predictions alone. For example, DistilBERT (Sanh
et al.[2019) and ZeroQuant (Yao et al.[2022) include a distance loss between the hidden
states of teacher and student in the training objective. [Liang et al.|(2023) propose a
task-aware layer-wise distillation method, where the student aligns with the teacher’s
hidden representations through a task-specific filtering to select only the informative
knowledge, thereby reducing redundancy. Additionally, |Liu et al.|(2024d)) use synthetic
generations from the teacher as pseudo-data to perform feature-based distillation for a
fully quantized student model. This is achieved by aligning the teacher’s intermediate
representations, including hidden activations and KV-cache, thereby preserving the
student’s internal representations after quantization.

Summary

Knowledge distillation facilitates the transfer of knowledge from a larger model to
a smaller one, which enables the development of more cost-effective and efficient
models. In practice, the choice of distillation strategy depends on whether the goal is
data expansion, reasoning transfer, or model compression. Full data synthesis is useful
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when human-labeled data is scarce, and scaling supervision is the priority. Rationale
distillation emphasizes transferring reasoning capabilities from a large model to a
smaller one, such as improving multi-step reasoning or explainable decision-making.
Data augmentation methods aim to improve robustness and diversity when a baseline
dataset already exists but lacks coverage or diversity. Finally, representation distillation
is ideal when the goal is model compression and the internal state of the teacher model
is accessible.

Future Directions

(1) Currently, closed-source LLMs remain more powerful than their open-source coun-
terparts. However, using closed-source models for data synthesis may raise privacy and
security concerns, particularly in sensitive contexts such as medical scenarios involving
patient data (Ollion et al[2023). Addressing how to protect data privacy during this
process is a critical area of concern.

(2) Generating training data with large-scale models is costly, making it essential to
explore methods for reducing the expense while still producing high-quality data. For
instance, recent research suggests that smaller, less powerful models can sometimes
generate better training data points (Bansal et al.[2025).

(3) Although data distillation and synthetic data generation have shown promising
results, they may also introduce noisy, hallucinated content, and distribution bias (Liu
et al.|2024b; Chen et al.|2024b). Developing effective data quality assessment, filtering,
and verification methods to identify reliable synthetic data before model training re-
mains an important research direction (Long et al.[2024).
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4. Competition and Complementarity

In this section, we examine the relationship between small models and large models
by emphasizing the competition and complementarity. Small models offer distinct
advantages in cost-efficiency and interpretability (small models or shallow networks
tend to be more interpretable than their large counterparts) (Gilpin et al.|[2018; |Barceld
et al.|2020). At the same time, large models can boost small ones through knowledge
distillation and data-generation (Gou et al.|[2021; [Nadds, Diosan, and Tomescu|[2025).
We argue that rather than replacing one with the other, the optimal ecosystem is hybrid.
Small models serving specialized or cost-effective roles, with large models built to
support, guide, and augment them. Below, we outline three scenarios—computation-
constrained environments (Section [4.1), task-specific environments (Section [£.2), and
interpretability-critical environments (Section [4.3), as shown in Figure [8} Small models
are not in opposition to large models but form an indispensable and complementary
part of the particular deployment settings.

It is important to note that when we refer to small models in this section, we are not
limiting the concept to Transformer-only architectures. The notion of small models
may naturally extend to other architectures, such as shallow neural networks or even
statistical models. This inclusive definition enables our discussion to remain relevant
even as architectures evolve and model sizes continue to rise in the future. If tomorrow
anew class of model emerges, what we classify as “small” and “large” will simply shift
in relative terms, but the principles we adopt in this work remain applicable.

4.1 Computation-constrained Environment

As LLMs become more capable, their deployments come with substantial computa-
tional demands, which is impractical in many operational settings, e.g., edge comput-
ing (Wan et al|2023; Dhar et al.|2024) and low-latency computing. By contrast, smaller
models offer an alternative in environments where latency or hardware are constrained.
In this section, we focus on two key categories: (1) Edge Computing and (2) Low-
Latency Computing.

Edge Computing. In edge devices such as mobile phones and IoT devices, memory,
power and connectivity are severely limited (Dhar et al.2024). Large models are often
infeasible for these resource-constrained conditions. Existing surveys have evaluated
small language models, such as Phi-3-mini (3.8B) (Abdin et al.2024), MiniCPM (Hu et al.
2024c), and Gemma-2B (Gemma Team et al|[2024), on performance and running time
for edge settings (Lu et al.|2025; Jang and Morabito|2025), which offers a comprehensive
view of SMs across hardware and systems. These studies advocate that smaller models
are viable approaches for resource-constrained deployment scenarios like smartphones
and Web-of-Things devices.

Low-Latency Computing. In low-latency inference scenarios, such as search engines,
document retrieval, or recommendation systems, the ability to process many requests
quickly and return responses with minimal delay is very important. Many tasks, how-
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Figure 9: Performance of representative text embedding models, including both
encoder-only and decoder-only architectures, on four MTEB task categories. Results are
averaged over five datasets for each task.

ever, are not knowledge-intensive and do not demand complex reasoning that can be
effectively handled by smaller models.

To provide an empirical comparison between model scale and task performance, we
evaluate a collection of representative text embedding models, including both encoder-
only and decoder-only architectures, with different parameter sizes on the Massive Text
Embedding Benchmark (MTEB) (Muennighoff et al.[2023). We select four representative
tasks, namely text similarity, text classification, information retrieval, and text cluster-
ing, and report the average performance over five datasets for each task. MTEB was
chosen because it is a widely adopted benchmark covering diverse text understanding
and retrieval tasks, which makes it suitable for analyzing how model scaling affects
performance under practical deployment scenarios.

For instance, Figure [J]illustrates the relationship between performance and model size
across four tasks in MTEB (Muennighoff et al.|2023), where we observe diminishing
returns from increasing model sizes, particularly in tasks like text similarity and clas-
sification. In the case of information retrieval (Figure [9c), which involves computing
similarity between a query and a document collection, faster inference speed is criti-
cal. Under these conditions, the lightweight encoder-based embedding models remain
widely used in the IR task (Reimers and Gurevych|2019; |Samarinas and Zamani|[2025;
Yu et al.[2025).

Small models are increasingly valuable in scenarios where computational resources are
limited. Techniques such as knowledge distillation (Xu et al.[2024b) allow the transfer of
knowledge from LLMs to smaller models, enabling these smaller models to achieve sim-
ilar performance while significantly reducing model size. Consequently, smaller models
are strategic components for edge deployment and low-latency computing.

4.2 Task-specific Environment

Training LLMs requires trillions of tokens (Raffel et al.|[2020; [Kaplan et al. [2020; Gao
et al.|2021), but sufficient data is often unavailable for certain specialized domains (e.g.,
biomedical text) or tasks (e.g., tabular reasoning). In such cases, pre-training a large
foundational model is not feasible, and small models can offer promising returns in
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this case. We outline several task-specific scenarios where small models can deliver
comparable results.

Domain-Specific Tasks. Domains such as biomedical or legal fields often have fewer
training tokens available. Recent studies have shown that fine-tuning small models on
domain-specific datasets can outperform general LLMs on various biomedical (Lehman
et al.|2023} |Bucher and Martini|2024) and legal (Chalkidis|2023) tasks.

Low-Resource Languages. Low-resource languages often lack sufficient annotated data
to effectively train large, powerful models. In such settings, smaller multilingual mod-
els, such as mBERT (Devlin et al.|[2019), offer a more practical and promising alter-
native (Gurgurov et al|2025). In low-resource language translation, specialized small
models are commonly used to synthesize training data by generating large-scale parallel
corpora from monolingual text (Sennrich, Haddow, and Birch| [2016). This approach
enables the creation of sufficient pretraining data for low-resource languages, while
small encoder-decoder models can outperform general-purpose LLMs in these set-
tings (Doshi, Dabre, and Bhattacharyya|2024; Wang et al.[2025b).

Tabular Reasoning. Tabular datasets are typically smaller than benchmarks in other
domains, such as text or image data, and are highly structured, consisting of hetero-
geneous data types (e.g., numerical, categorical, ordinal). Due to these characteristics,
small tree-based models can achieve competitive performance compared to large deep-
learning models for tabular data (Grinsztajn, Oyallon, and Varoquaux|2022).

Short Text Tasks. Short text representation and reasoning do not generally require
extensive background knowledge. As a result, small models are particularly effective
for tasks such as text classification (Zhang et al|2024b), phrase representation (Chen,
Varoquaux, and Suchanek2024), and entity retrieval (Chen, Varoquaux, and Suchanek
2021).

Other Specialized Tasks. In certain niche areas, smaller models can surpass larger
ones. Examples include machine-generated text detection (Mireshghallah et al.[2023),
spreadsheet representation (Joshi et al.|[2024), and information extraction (Ma et al.
2023b).

Across these settings, the advantages of small models arise from limited data avail-
ability and well-defined task structures. In domain-specific tasks and low-resource lan-
guages, training data is limited, which makes smaller models more data-efficient, easier
to adapt, and often more practical to deploy. For tasks with distinctive and localized
patterns, such as short-text understanding, the narrow semantic scope reduces the need
for large contextual understanding. As a result, small models tend to show more stable
behavior in task-constrained settings, and these advantages arise not from model size
alone, but from a better alignment between task complexity and available data.

4.3 Interpretability-required Environment

The goal of interpretability is to provide a human-understandable explanation of a
model’s internal reasoning process (Lipton|2018; Gilpin et al.|2018), i.e., how the model
works (transparency). Generally, smaller (e.g. shallow) and simpler (e.g. tree-based)
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models offer better interpretability compared to larger (e.g. deep), more complex mod-
els (e.g. neural) (Barcel6 et al.[2020; |Gosiewska, Kozak, and Biecek|2021).

In practice, industries such as healthcare (Caruana et al.|2015), finance (Kurshan et al.
2021), and law (Eliot| 2021) often favor smaller, more interpretable models because
the decisions produced by these models must be understandable to non-experts (e.g.,
doctors, financial analysts). In high-stakes decision-making contexts, models that can be
easily audited and explained are typically preferred.

When selecting LLMs or SMs to use, it is important to make trade-offs for balancing
model complexity with the need for human understanding.

Summary

Smaller models emerge as a viable alternative, which can achieve competitive perfor-
mances in resource-limited scenarios. In domains such as healthcare and law, where
transparency and interpretability are essential, practitioners often favour compact mod-
els because they are more auditable and easier to understand. At the same time, tech-
niques such as knowledge distillation further enable small models to obtain capability
from large models. In sum, small models represent not only a cost-sensitive substitute
but also a strategic complement to large models.

Future Directions

(1) According to recent industry research, by 2028 roughly 68% of customer-service
interactions are expected to be processed by agentic systems (Cisco Systems|2025).
Smaller models are particularly well-suited for agentic systems that perform many
small, specialized, and repetitive tasks. It is therefore important to explore how these
compact models can serve as the economical components of agentic Al (Belcak et al.
2025).

(2) For some specific tasks such as domain-specific tasks and tabular reasoning, the
performance of dedicated small models can even outperform general-purpose LLMs.
How to organically combine this level of specialization with generality, and enable Al
systems to expand their knowledge boundaries and handle a broader range of tasks, is
a research topic worth studying.

5. Open Challenges for Small Models

Reliable Small Models. Despite their advantages in efficiency, small models continue to
face several fundamental limitations. A major limitation is the capability gap com-
pared with LLMs, particularly on knowledge reasoning tasks. Scaling laws suggest
that performance generally improves with increasing model size (Kaplan et al.|2020),
while several advanced capabilities emerge only beyond certain scales (Wei et al.|2022).
Moreover, small models tend to be less robust in real-world deployment. They are
more susceptible to distribution shifts, perturbations, and catastrophic forgetting during
continual adaptation, which leads to degraded performance on unseen domains and
evolving tasks (Chen, Varoquaux, and Suchanek|2022; |Ramasesh, Lewkowycz, and
Dyer|2022). Addressing both the capability gap and robustness remains a key challenge
for the next generation of small models.

27



Open-world Model Collaboration. Current inference collaboration paradigms between
small and large models, e.g., model routing and speculative decoding, are mainly
designed for a fixed pool of homogeneous models, often from the same model family.
As Al systems evolve toward open-world deployment, future collaboration is expected
to involve a much larger ecosystem of heterogeneous models, including open-weight
and API-only models with diverse capabilities. Designing collaboration mechanisms
that scale to such heterogeneous and open environments remains largely unexplored.
Although RouteLLM (Ong et al.|2025) demonstrates strong transferability, existing
routing approaches generally assume a predefined set of candidate models, which
cannot fully address open-world settings in which the candidate model pool may
evolve dynamically. Future research should investigate how to accurately estimate the
knowledge boundary and capability of each model (Chen et al.[2026), so that queries can
be dynamically allocated to the most suitable model. Furthermore, existing approaches
should explicitly consider collaborations in different architectures and modalities (Shen
et al.|2023b; Remy et al.[2024).

Trustworthy Small Evaluators. As Al-generated content becomes increasingly widespread
across society, efficiently evaluating its quality and reliability will become crucial. Small
models are promising candidates for evaluating factuality, safety, and fairness of Al-
generated content. However, ensuring these small evaluators are trustworthy remains a
major challenge. Existing studies show that small judges can be sensitive to answer
ordering (Li et al.|[2024) and may exhibit biases (Ye et al|2025), which leads to in-
consistent and unreliable evaluation results. Future research should therefore focus
on developing more robust and fair small evaluators, together with benchmarks and
evaluation protocols for measuring their reliability.

Agentic Small Models. With the rapid usage of agentic Al across real-world applica-
tions (Cisco Systems||2025), small models are expected to become economical building
blocks of future intelligent systems (Belcak et al.[2025). A key open challenge is how to
design small models as specialized agents that efficiently perform dedicated functions,
such as planning, retrieval, tool selection, code generation, document verification, or
memory management, while collaborating with other agents to solve complex tasks.
Despite their promising role, agentic small models remain largely underexplored. De-
veloping specialized small agents that can efficiently collaborate with tools and other
models is an important direction for future research.

6. Conclusion

In this work, we systematically analyze the relationship between LLMs and SMs from
both collaborative and competitive perspectives. However, the notion of “small” is
relative. As model sizes continue to grow, potentially toward ever-larger multimodal
foundation models, today’s large models may become tomorrow’s small ones. Re-
garding the future relationship between small models and large models, we expect
to observe an evolutionary dynamic. Although LLMs outperform smaller models in
most tasks, small models persist by occupying ecological niches where large models are
maladapted, such as low-latency inference, on-device deployment, and low-resource
environments.

More importantly, the dominant trend might shift from competition to cooperation.
Small models and LLMs increasingly work together through knowledge distillation,
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efficient inference techniques, data curation, and evaluation frameworks. This division
and cooperation create a diversified and balanced Al ecosystem in which models of dif-
ferent scales specialize and complement each other. Combining SMs and LLMs makes
systems more scalable across different tasks, more energy-efficient, and better able to
adapt to changing needs.

In summary, small models and large models coexist by specializing in different resource
niches and increasingly cooperating to build a more efficient and robust Al ecosystem.
Our relative definition of model size ensures that this core idea remains relevant as
model scales continue to evolve.
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