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Abstract

Large Language Models (LLMs) have
made significant progress in advancing
artificial general intelligence (AGI), leading
to the development of increasingly large
models such as GPT-4 and LLaMA-405B.
However, scaling up model sizes results in
exponentially 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 significance is
currently underestimated. This raises
important questions about the role of small
models in the era of LLMs, a topic that has
received limited attention in prior research.
In this work, we systematically examine the
relationship between LLMs and SMs from
two key perspectives: Collaboration and
Competition. 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.
The code is available at ¢) https:
//github.com/tigerchen52/
role_of_small_models

1 Introduction

In recent years, the rapid advancement of Large
Language Models (LLMs) has revolutionized nat-
ural language processing (NLP). Pre-trained lan-
guage models such as ELMo (Peters et al., 2018)
and BERT (Devlin et al., 2019) have validated
the pre-train and fine-tune paradigm, which in-
volves learning general language representations
through pre-training and subsequently transferring
this knowledge to enhance performance on spe-
cific NLP tasks via fine-tuning (Min et al., 2023a).
This approach has evolved into prompt-based rea-
soning, exemplified by the GPT family (Radford
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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]. The data was collected on August 25,
2024.

et al., 2019; Brown et al., 2020), where a few
examples are provided in the prompt before the
model performs the task on new inputs (Liu et al.,
2023a).

These paradigms have demonstrated excep-
tional performance across a range of tasks, in-
cluding language generation (Dong et al., 2023),
language understanding (Wang et al., 2019), and
domain-specific applications in areas such as cod-
ing (Jiang et al., 2024b), medicine (He et al.,
2023), and law (Sun, 2023). Moreover, the theory
of emergent abilities suggests that certain reason-
ing capabilities are enhanced by increasing model
size, with some abilities only appearing in larger
models (Wei et al., 2022a). This has led to a surge
in the development of increasingly large mod-
els, such as GPT-4 (Achiam et al., 2023), Mix-
tral 8x22B (Jiang et al., 2024a), PalLM-340B (Anil
et al., 2023), and LLaMA-405B (Dubey et al.,
2024). As a result, LLMs have become highly
prevalent, with data from March 2024 showing
that ChatGPT (OpenAl, 2024) reached approxi-
mately 180 million users.
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While LLMs have made significant strides in
artificial general intelligence (AGI), their capa-
bilities come with substantial overhead. Scaling
model sizes leads to exponential increases in com-
putational costs and energy consumption (Wan
et al., 2023). Additionally, training and deploying
LLMs is often unfeasible for academic researchers
and businesses with limited resources. As a re-
sult, there has been a shift toward smaller language
models (SLMs) such as Phi-3.8B (Abdin et al.,
2024) and Gemma-2B (Team et al., 2024), which
can achieve comparable performance with signifi-
cantly fewer parameters.

Some may argue that models like Phi-3.8B and
Gemma-2B do not qualify as true small models,
and that genuinely small models, such as BERT,
are no longer prominent. However, our findings
suggest that the usage of small models is signif-
icantly underestimated in practical settings. As
illustrated in Figure 1, we analyzed the number
of downloads of open-source models of various
sizes from HuggingFace. The results show that
smaller models, particularly BERT-base, remain
highly popular. This raises important questions
about the role of small models in the era of LLMs,
a topic that has been largely overlooked in prior
research.

As counterparts to LLMs, Small Models (SMs)
generally refer to models with a relatively lower
number of parameters, including not only lan-
guage models but also simple statistical models
and shallow neural networks. However, there
is no clear definition distinguishing large mod-
els from small ones. In this work, we consider
model size in relative terms. For instance, BERT
(110M parameters) (Devlin et al., 2019) is consid-
ered small compared to LLaMA-8B (Dubey et al.,
2024), while LLaMA-8B is small relative to GPT-
4 (175B parameters) (Achiam et al., 2023). This
relative definition allows for flexibility and ensures
that concepts remain relevant as larger models are
developed in the future.

To assess the role of SMs, it is essential to
compare their strengths and weaknesses relative to
LLMs. Table 1 highlights four key dimensions to
consider:

Accuracy. LLMs have demonstrated superior
performance across a wide range of NLP tasks
due to their large number of parameters and ex-

Dimension | LLMs ‘ SMs
Accuracy ‘ state-of-the-art v/ ‘ decent X
Generality | general-purpose v/ | 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.

tensive training on diverse datasets (Raffel et al.,
2020; Kaplan et al., 2020). Although SMs gen-
erally lag behind in overall performance, they
can achieve comparable results when enhanced
by techniques such as knowledge distillation (Xu
et al., 2024a).

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

Efficiency. LLMs require substantial compu-
tational resources for both training and infer-
ence (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 en-
vironments (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 de-
mands.

Interpretability. Smaller, shallower models tend
to be more transparent and interpretable than their
larger, deeper counterparts (Gilpin et al., 2018;
Barceld et al., 2020). In fields such as health-
care (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. doc-
tors, financial analysts).

In this work, we systematically examine the
role of small models in the era of LLMs from
two key perspectives: (1) Collaboration (§ 2).
LLMs offer superior accuracy and can handle a
wide range of tasks, while SMs are more spe-



cialized and cost-effective. In practice, the col-
laboration between LLMs and SMs can strike a
balance between power and efficiency, enabling
systems that are resource-efficient, scalable, in-
terpretable, and cost-effective, while maintaining
high performance and flexibility. (2) Competition
(§ 3). SMs possess distinct advantages, such as
simplicity, lower cost, and greater interpretabil-
ity, and they have niche market. It is crucial to
carefully assess the trade-offs between LLMs and
SMs, depending on the specific requirements of
the task or application.

2 Collaboration

In the following, we present how SMs and
LLMs can collaborate to optimize resource usage:
SMs enhance LLMs (§ 2.1) and LLMs enhance
SMs (8§ 2.2). The overall collaboration framework
is listed in Figure 2.

2.1 Small Models Enhance LLMs

2.1.1 Data Curation

In the following, we present how to use small
models to curate data from two aspects: pre-
training data and instruction-tuning data.

Curating Pre-training Data The reasoning ca-
pabilities of LLMs are largely attributed to their
pre-training on extensive and diverse datasets, typ-
ically sourced from web scrapes, books, and scien-
tific 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). Furthermore,
the scaling law (Kaplan et al., 2020) has demon-
strated that model performance is highly depen-
dent on both the scale of model parameters and
the size of the training dataset. This may sug-
gest that, to develop more powerful models, one
should aim to use as much data as possible for pre-
training.

However, this approach faces a significant chal-
lenge: 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
includes 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), advocat-
ing for data selection or pruning techniques to
curate high-quality subsets from large datasets,
thereby enhancing model performance (Albalak
et al., 2024).

Prior approaches to data curation often rely on
rule-based heuristics, such as blacklist filtering
and MinHash deduplication (Raffel et al., 2020;
Tirumala et al., 2024; Penedo et al., 2023; Wen-
zek et al., 2020). However, these manual, rule-
based methods are increasingly inadequate given
the scale and complexity of raw text data. A
common alternative is to employ a small model
trained specifically to evaluate text quality, en-
abling the selection of high-quality subsets. For
instance, a simple classifier can be trained to as-
sess content quality, focusing on the removal of
noisy, toxic, and private data (Brown et al., 2020;
Du et al., 2022; Chowdhery et al., 2023; Xie
et al., 2023). Another technique involves using
perplexity scores calculated by a proxy language
model to select data that is more likely to be of
high quality (Wenzek et al., 2020; Marion et al.,
2023).

Beyond data selection, data reweighting is a
strategy that assigns domain-specific weights, ef-
fectively adjusting the sampling probabilities for
different text sources. This can be achieved by
training a small proxy model to set these domain
weights, which in turn can enhance the general-
ization capabilities of the pre-trained model across
various domains (Xie et al., 2024).

Curating Instruction-tuning Data LLMs ac-
quire substantial knowledge through pre-training,
and instruction tuning aims to align these model
capabilities with human preferences (Ouyang
et al.,, 2022; Bai et al., 2022a). While earlier
research has concentrated on tuning LLMs us-
ing large-scale instruction datasets, recent find-
ings suggest that strong alignment can be achieved
with much smaller datasets. 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
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Curating pre-training data: Data Selection (Xie et al.,
- 2023; Marion et al., 2023); Data Reweighting (Xie et al., 2024)
Data Curation

2.1.1
B ) Curating Instruction-tuning Data (Du et al.,, 2023; Xia et al., 2024b)
Weak-to- Using weaker (smaller) models to align stronger
Strong T (larger) models (Burns et al., 2024; Zhou et al., 2024b; Liu and
" Paradigm Alahi, 2024; Guo and Yang, 2024; Ji et al., 2024; Guo et al., 2024)
(§2.1.2)
Ensembling different-size models to reduce inference
COStS: Model Cascading (Kag and Fedorov, 2023; Chen et al., 2023d, 2024a;
Madaan et al., 2023); Model Routing (Lu et al., 2023a; Narayanan Hari and
Efficient Thomson, 2023; Lee et al., 2024a; Ong et al., 2024; Sakota et al., 2024)
——  Inference
(§ 2.1.3)
Speculative Decoding (Leviathan et al., 2023; Xia et al., 2024a; Chen et al., 2023a)
Evaluating Using SMs to evaluate LLM'’s generations: General Evalu-
— LLMs _ ation (Zhang et al., 2020; Yuan et al., 2021); Uncertainty (Kuhn et al.,
(§ 2.1.4) 2023; Manakul et al., 2023); Performance Prediction (Anugraha et al., 2024)
SMs En-
hance LLMs —| Using domain-specific SMs to generate knowledge for
(§ 2.1) : LLMs at reasoning time (Feng et al., 2024; Li et al., 2024a)
Domain
—— Adaptation
(§ 2.1.5) Using domain-specific SMs to adjust token probability of LLMs
at decoding time (Ormazabal et al., 2023; Lu et al., 2023b; Liu et al., 2024a)
Retrieval Using SMs to retrieve knowledge for enhancing gener-
Augmented ations: Documents (Lewis et al., 2020b); Knowledge Bases (Wang
" Generation et al., 2023); Tables (Pan et al., 2022); Codes (Zhou et al.,
(§ 2.1.6) 2023); Tools (Schick et al., 2024); Images (Yasunaga et al., 2023)
Prompt-based Using SMs to augment prompts for LLMs: Retrieving
— Reasoning —_ Prompts (Cheng et al., 2023); Decomposing Complex Problems (Juneja
(§2.1.7) et al., 2023); Generating Pseudo Labels (Xu et al., 2023; Lee et al.,
2024b) and Feedback (Hsu et al., 2024; Vernikos et al., 2024)
Developing SM plugins to repair deficiencies: Hallucinations (Cheng
et al., 2024; Chen et al., 2024b); Out-Of-Vocabulary Words (Chen et al., 2022a)
Deficiency
L Repair
(§ 2.1.8) Contrasting LLMs and SMs for better generations: Reducing Repeated

Texts (Li et al., 2023b); Mitigating Hallucinations (Zhang et al., 2023b); Augmenting Rea-
soning Capabilities (O’'Brien and Lewis, 2023); Safeguarding Privacy (Zhang et al., 2024a)

Black-box Distillation: Chain-Of-Thought Distillation (Li et al., 2022; Hsieh et al.,
20283; Shridhar et al., 2023; Magister et al., 2023; Li et al., 2023a; Fu et al., 2023;
Tian et al., 2024); Instruction Following Distillation (Jiang et al., 2023c; Li et al., 2024b)

Knowledge
Distillation

(§ 2.2.1) White-box distillation: Logits (Sanh, 2019); Intermediate Fea-
tures (Yao et al., 2022; Liang et al., 2023; Gu et al., 2024; Liu et al., 2023b)
LLMs En-

hance SMs
(§ 2.2) Data Augmentation: Text Paraphrase (Mi et al., 2022; Wit-

teveen and Andrews, 2019); Query Rewriting (Ma et al., 2023a); Spe-
cific Tasks (Hu et al., 2024a; Sahu et al., 2022; Chen et al., 2022b)

Data Syn-
thesis
(§2.2.2) Training Data Generation: Label Annotation (Wang et al., 2021; Gao et al.,
2022); Dataset Generation (Ye et al., 2022; Meng et al., 2022; Chung et al., 2023;
Li et al., 2023c; Tang et al., 2023; Josifoski et al., 2023; Hartvigsen et al., 2022)

Figure 2: Collaborations between LL.Ms and SMs



model (Zhou et al., 2024a). This highlights the
importance of selecting high-quality data for ef-
ficient instruction tuning (Longpre et al., 2023;
Chen et al., 2023c¢).

Model-oriented data selection (MoDS) (Du
et al., 2023) is one approach that employs a small
language model, DeBERTa (He et al., 2021), to
evaluate instruction data based on quality, cover-
age, and necessity. Additionally, the LESS frame-
work (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 opti-
mize instruction tuning processes.

Summary and Future Directions Given the
impending limitations on the amount of data we
humans can create, it is crucial to focus on curat-
ing existing data and embracing the principle that
“less is more”. In this section, we explore how
small models can play a significant role in data se-
lection and reweighting, both during pre-training
and fine-tuning processes.

Future Directions

(1) While data curation offers clear advan-
tages, LLMs still have a tendency to pro-
duce hallucinated and toxic content. More-
over, removing low-quality or toxic text
could potentially degrade certain capabil-
ities, 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., 2024b). Investigating the use of
small models to develop effective and effi-
cient data selection methods is a valuable
area of study.

(2) Synthetic data serves as a valu-
able 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.

2.1.2 Weak-to-Strong Paradigm

LLMs are typically aligned with human values
through reinforcement learning with human feed-
back (RLHF), where behaviors favored by hu-
mans are rewarded, and those rated poorly are pe-

nalized (Shen et al., 2023). However, as LLMs
continue to evolve and surpass human capabili-
ties in various tasks, they are becoming superhu-
man models, capable of performing complex and
creative tasks that may exceed human understand-
ing. For instance, these models can generate thou-
sands of lines of specialized code, engage in intri-
cate 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 in-
volves using weaker (smaller) models as super-
visors for stronger (larger) models (Burns et al.,
2024). In this approach, large, powerful mod-
els are fine-tuned on labels generated by smaller,
less capable models, enabling the strong models to
generalize beyond the limitations of their weaker
supervisors.

Building on the concept of weak-to-strong gen-
eralization, several variants have recently been
proposed. For example, Liu and Alahi (2024)
suggests using a diverse set of specialized weak
teachers, rather than relying on a single generalist
model, to collectively supervise the strong student
model. Guo and Yang (2024) introduce an ap-
proach that enhances weak-to-strong generaliza-
tion by incorporating reliability estimation across
multiple answers provided by weak models. This
method improves the alignment process by filter-
ing out uncertain data or adjusting the weight of
reliable data. Beyond data labeling, weak mod-
els can also collaborate with large models during
the inference phase to further enhance alignment.
Aligner (Ji et al., 2024) employs a small model to
learn the correctional residuals between preferred
and dispreferred responses, enabling direct appli-
cation to various upstream LLMs for aligning with
human preferences. Weak-to-Strong Search (Zhou
et al., 2024b) approaches the alignment of a large
model as a test-time greedy search, aiming to max-
imize the log-likelihood difference between small
tuned and untuned models, which function as a
dense reward signal and a critic, respectively. This
weak-to-strong paradigm is not limited to lan-
guage models but has also been extended to vision
foundation models (Guo et al., 2024).

Summary and Future Directions As large
models continue to evolve rapidly, we are ap-



proaching a future where superhuman models will
emerge, which makes effective human supervision
increasingly challenging. The Weak-to-Strong
paradigm demonstrates that weak supervisors can
be used to draw out knowledge from strong mod-
els, enabling the development of superhuman re-
ward models that ensure safe and reliable align-
ment.

Future Directions

(1) While the weak-to-strong framework

is effective in eliciting knowledge from
stronger models, it is still far from recover-
ing 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 capa-
ble 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.
(2) The current understanding of weak-
to-strong generalization is limited. Re-
searchers should develop a deep under-
standing of the underlying mechanisms
that govern the success or failure of align-
ment methods, e.g. theoretical analy-
sis (Lang et al., 2024), errors in weak
supervision (Guo and Yang, 2024), and
extrapolating generalization errors using
scaling laws (Kaplan et al., 2020).

2.1.3 Efficient Inference

Model Ensembling Larger models are gener-
ally more powerful but come with significant
costs, including slower inference speed and more
expensive prices (APIs). Beyond the financial
costs, the use of larger models also has a consider-
able environmental and energy impact (Wu et al.,
2022). In contrast, smaller models, while poten-
tially less performant, offer advantages in terms of
lower cost and faster inference. Given that user
queries vary widely in complexity—ranging from
simple questions that smaller models can han-
dle to more complex ones requiring larger mod-
els—it is possible to achieve cost-effective infer-
ence by leveraging an ensemble of models of dif-
ferent sizes. This approach to model ensembling

can be divided into two categories: model cascad-
ing and model routing.

Model Cascading 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 (Varshney and Baral, 2022; Viola and
Jones, 2004; Wang et al., 2011). This approach
allows for the collaboration of models of vary-
ing sizes, enabling smaller models to handle sim-
pler input queries while transferring more com-
plex tasks to larger models. The critical step in
this process is determining whether a given model
is capable of addressing the input question. This
method effectively optimizes inference speed and
reduces financial costs.

Some existing techniques train a small evaluator
to assess the correctness (Kag and Fedorov, 2023;
Chen et al., 2020, 2023d), confidence (Chen et al.,
2024a), or quality (Ding et al., 2024b) of a model’s
output, thereby deciding whether to escalate the
query to a more complex model. Given that LLMs
can perform self-verification (Dhuliawala et al.,
2023) and provide confidence levels in their re-
sponses (Tian et al., 2023), AutoMix (Madaan
et al., 2023) 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 cur-
rent model’s output should be accepted or if the
query should be forwarded to other models for en-
hanced performance.

Model Routing optimizes the deployment of
multiple models of varying sizes by dynamically
directing input data to the most appropriate mod-
els, thereby enhancing both efficiency and effec-
tiveness in practical applications. The core com-
ponent of this approach is the development of a
router that assigns input to one or more suitable
models within the pool.

A straightforward approach is to consider the
input-output pairs from all models and select the
best-performing one (Jiang et al., 2023a). How-
ever, this comprehensive ensemble strategy does
not significantly reduce inference costs. To ad-
dress this, some methods train efficient, reward-
based routers that select optimal models with-
out needing to access the models’ outputs (Lu



et al., 2023a; Narayanan Hari and Thomson,
2023). OrchestraLLM (Lee et al., 2024a) intro-
duces a retrieval-based dynamic router that as-
sumes instances with similar semantic embed-
dings share the same difficulty level. This al-
lows for the selection of an appropriate expert
based on the embedding distances between the
testing instance and those in expert pools. Sim-
ilarly, RouteLLM (Ong et al., 2024) leverages
human preference data and data augmentation to
train a small router model, which effectively re-
duces inference costs and enhances out-of-domain
generalization. FORC (Sakota et al., 2024) pro-
poses a meta-model (a regression model) to as-
sign queries to the most suitable model without
requiring the execution of any large models dur-
ing the process. The meta-model is trained on
existing pairs of queries and model performance
scores. Furthermore, recent benchmarks for model
routing have been established (Hu et al., 2024b;
Shnitzer et al., 2023), facilitating more accessible
and cost-effective deployments of large language
models.

Speculative Decoding This technique aims to
speed up the decoding process of a generative
model, which often involves using a smaller, faster
auxiliary model alongside the main, larger model.
The auxiliary model quickly generates multiple
token candidates in parallel, which are then val-
idated or refined by the larger, more accurate
model. This approach allows for faster initial pre-
dictions that are subsequently verified by the more
computationally intensive model (Leviathan et al.,
2023; Xia et al., 2024a; Chen et al., 2023a).

Summary and Future Directions The infer-
ence costs associated with large models or APIs
can be substantial, but the collaboration of hetero-
geneous models can effectively reduce these mon-
etary expenses and speed up inference. In this sec-
tion, we introduce model ensembling and specula-
tive decoding as strategies to optimize the infer-
ence process.

Future Directions

(1) Existing ensembling methods typi-
cally rely on a limited, pre-defined list
of models, yet the real world encom-
passes open-domain and constantly evolv-
ing LLMs, such as those available on Hug-

gingFace. Exploring ways to leverage
these extensive model libraries to create
intelligent and efficient systems holds sig-
nificant promise (Shen et al., 2024).

(2) In the current approach to speculative
decoding, the auxiliary model is typically
constrained to be from the same model
family as the main model, such as different
sizes of GPT. However, it is advantageous
to explore collaborations between models
from diverse sources.

2.1.4 Evaluating LLMs

Effectively evaluating open-ended text generated

by LLMs presents a significant challenge across
various NLP tasks (Chang et al., 2024). Tradi-
tional evaluation methods, such as BLEU (Pap-
ineni et al., 2002) and ROUGE (Lin, 2004), which
focus on surface-form similarity, often fall short
in capturing the nuanced semantic meaning and
compositional diversity of the generated text (Liu
et al., 2016).

To address these limitations, model-based eval-
uation approaches use smaller models to au-
tomatically assess performance. For instance,
BERTSCORE (?) employs BERT to com-
pute semantic similarity for evaluating machine
translation and image captioning.  Similarly,
BARTSCORE (Yuan et al., 2021) leverages the
encoder-decoder model BART (Lewis et al.,,
2020a) to evaluate texts from various perspectives,
including informativeness, fluency, and factuality.
In addition to general text evaluation, some meth-
ods use small natural language inference (NLI)
models to estimate the uncertainty of LLM re-
sponses (Manakul et al., 2023; Kuhn et al., 2023).
Another valuable application involves using proxy
models to predict LLM performance (Anugraha
et al., 2024), which substantially reduces the com-
putational costs associated with fine-tuning and in-
ference during model selection.

Summary and Future Directions LLMs are
capable of generating extensive and complex text,
which makes it hard to evaluate the content based
on simple heuristic metrics. To overcome this
challenge, a small proxy model can be employed
to automate the evaluation of generated text from
multiple perspectives, including aspects such as
factuality and fluency.



Future Directions

As large models advance, they increas-
ingly generate lengthy and complex texts,
such as specialized code and scientific pa-
pers, which are challenging for humans
to evaluate. Consequently, it is essen-
tial to develop efficient evaluators to as-
sess various aspects of the generated con-
tent, such as factuality (Min et al., 2023b),
safety (Zhang et al., 2024b), and uncer-
tainty (Huang et al., 2023).

2.1.5 Domain Adaptation

Despite their growing capabilities, general-
purpose large language models (LLMs) still re-
quire further customization to achieve optimal
performance in specific use cases (e.g. coding)
and domains (e.g. medical tasks). While fine-
tuning on specialized data is one approach to
adapting LLMs, this process has become increas-
ingly resource-intensive, and in some cases, it is
not feasible—especially when access to internal
model parameters is restricted, as with models like
ChatGPT. Recent research has explored adapting
LLMs using smaller models, which can be cate-
gorized into two approaches: White-Box Adap-
tation and Black-Box Adaptation, depending on
whether access to the model’s internal states is
available.

White-Box Adaptation typically involves fine-
tuning a small model to adjust the token distribu-
tions of frozen LLMs for a specific target domain.
For instance, CombLM (Ormazabal et al., 2023)
learns a linear function to combine the probabil-
ity distributions from the large black-box model
with those from a smaller domain-specific ex-
pert model. IPA (Lu et al., 2023b) introduces a
lightweight adapter that tailors a large model to-
ward desired objectives during decoding without
requiring fine-tuning. IPA achieves this by opti-
mizing the combined distribution using reinforce-
ment learning. Proxy-tuning (Liu et al., 2024a)
fine-tunes a smaller language model, contrasting
the probabilities between the tuned model (the ex-
pert) 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.

Black-Box Adaptation involves using a small
domain-specific model to guide LLMs toward a
target domain by providing textual relevant knowl-
edge. Retrieval Augmented Generation (RAG)
can extract query-relevant knowledge from an ex-
ternal 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., 2023; Gao et al., 2023).

Another approach employs small expert mod-
els to retrieve background knowledge for the
base LLM in a generative manner. For exam-
ple, BLADE (Li et al., 2024a) and Knowledge
Card (Feng et al., 2024) first pre-train a small ex-
pert model on domain-specific data, which then
generates expertise knowledge in response to a
query, thereby enhancing the base LLM’s perfor-
mance.

Summary and Future Directions Tuning large
models for specific target domains is resource-
intensive. To address this challenge, a more ef-
ficient approach is to fine-tune a small model
on domain-specific data. This lightweight expert
model can then guide the LLM either during de-
coding (white-box adaptation) or inference (black-
box adaptation), offering a cost-effective solution
for domain adaptation.

Future Directions

(1) In white-box adaptation, most meth-
ods require that the small models and base
models belong to the same family, such
as the GPT family. To enhance domain
adaptation, it is important to develop tech-
niques that leverage a broader range of di-
verse models (Kasai et al., 2022; Xu et al.,
2024b; Remy et al., 2024).

(2) Current methods often necessitate
pre-training a domain-specific expert from
scratch, which is impractical for resource-
constrained tasks. Investigating how to
adapt LLMs using a limited number of sam-
ples is a valuable area of research (Sun



et al., 2024).

2.1.6 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 information. To address
these limitations, Retrieval-Augmented Genera-
tion (RAG) enhances LLMs by employing a
lightweight retriever to extract relevant document
fragments from external knowledge bases, docu-
ment collections, or other tools (Gao et al., 2023;
Lewis et al., 2020b). By incorporating external
knowledge, RAG effectively mitigates the issue of
generating factually inaccurate content, often re-
ferred to as hallucinations (Shuster et al., 2021).
RAG methods can be broadly categorized into
three types based on the nature of the retrieval
source.

Textual Document are the most commonly used
retrieval sources in RAG methods, encompassing
resources such as Wikipedia (Trivedi et al., 2023;
Asai et al., 2023), cross-lingual text (Nie et al.,
2023) and domain-specific corpus (e.g. medi-
cal (Xiong et al., 2024) and legal (Yue et al.,
2023) domains). These approaches generally em-
ploy lightweight retrieval models, such as sparse
BM25 (Robertson et al., 2009) and dense BERT-
based (Izacard et al., 2021) retrievers, to extract
relevant text from these sources.

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

Other Sources include codes, tools, and even
images, which enable LLMs to leverage exter-
nal information for enhanced reasoning. For in-
stance, DocPrompting (Zhou et al., 2023) em-
ploys a BM25 retriever to obtain relevant code

documentation before code generation. Similarly,
Toolformer (Schick et al., 2024) demonstrates that
LMs can self-learn to use external tools, such
as translators, calculators, and calendars, through
simple APIs, leading to significant performance
improvements.

Summary and Future Directions Retrieval-
augmented generation significantly extends the
knowledge boundaries of LLMs, with small mod-
els primarily serving as retrievers in this pro-
cess. By employing a lightweight retriever, var-
ious types of information—such as documents,
structured knowledge, code, and useful tools—can
be efficiently accessed to enhance the model’s ca-
pabilities.

Future Directions

(1) The retrieval augmented text gener-

ation performance is very sensitive to the
retrieval quality (Yoran et al., 2023). There-
fore, developing robust approaches to inte-
grate noisy retrieved texts is important.
(2) RAG can be extended to multimodal
scenarios beyond text-only information,
such as images (Yasunaga et al., 2023),
audios (Zhao et al., 2023), etc.

2.1.7 Prompt-based Learning

Prompt-based learning is a prevalent paradigm in

LLMs where prompts are crafted to facilitate few-
shot or even zero-shot learning, enabling adapta-
tion to new scenarios with minimal or no labeled
data (Liu et al., 2023a). This approach leverages
the power of In-Context Learning (ICL) (Dong
et al., 2023), which operates without perform-
ing parameter updates. Instead, it relies on a
prompt context that includes a few demonstration
examples structured within natural language tem-
plates.

In this learning process, small models can be
employed to enhance prompts, thereby improv-
ing the performance of larger models. For in-
stance, 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 engineer-
ing. Similarly, DaSLaM (Juneja et al., 2023) uses
a small model to break down complex problems
into subproblems that necessitate fewer reason-
ing steps, leading to performance improvements in



larger models across multiple reasoning datasets.
Other methods involve fine-tuning small models to
generate pseudo labels for inputs (Xu et al., 2023;
Lee et al., 2024b), which results in better perfor-
mance than the original ICL. Additionally, small
models can be used to verify (Hsu et al., 2024)
or rewrite (Vernikos et al., 2024) the outputs of
LLMs, thereby achieving performance gains with-
out the need for fine-tuning.

Summary and Future Directions Prompt-
based learning is capable of handling a variety of
complex tasks by using a few examples embed-
ded within a prompt template. To further enhance
this process, small models can be employed to
augment prompts by reformulating questions and
generating feedback. This efficient augmentation
allows for the improvement of LLMs without the
need for parameter updates.

Future Directions

Recent research has concentrated on
leveraging small models to enhance
the reasoning capabilities of large mod-
els within the prompt-based learning
paradigm. It is also important to explore
how small models can be used to develop
LLMs that are trustworthy, safe, and fair.

2.1.8 Deficiency Repair

Powerful LLMs may generate repeated, untruth-

ful, and toxic contents, 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.

Contrastive Decoding exploits the contrasts be-
tween a larger model (expert) and a smaller model
(amateur) by choosing tokens that maximize their
log-likelihood difference. Existing work has ex-
plored the synergistic use of logits from both
LLMs and SMs to reduce repeated text (Li et al.,
2023b), mitigate hallucinations (Sennrich et al.,
2024), augment reasoning capabilities (O’Brien
and Lewis, 2023) and safeguarding user pri-
vacy (Zhang et al.,, 2024a). Since fine-tuning
LLMs is computing-intensive, proxy tuning pro-
poses fine-tuning a small model and contrasting
the difference between the original LLMs and
small models to adapt to the target task (Liu et al.,
2024a).
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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 unseen
words (Out-Of-Vocabulary) words. To address
this issue, we can train a small model to mimic the
behavior of the large model and impute represen-
tations for unseen words (Pinter et al., 2017; Chen
et al.,, 2022a). Through 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 hallucinations (Cheng
et al., 2024) or calibrate confidence scores (Chen
et al., 2024b).

Summary and Future Directions Although
language models are very powerful, they have
their own weaknesses that need to be addressed,
such as hallucinations, toxicity, etc. Here we
present the contrastive decoding and developing
small model plugins to make LLMs more robust
and secure.

Future Directions

We can extend the pattern of using small
models to fix flaws of large models to other
problems. For example, the mathematical
reasoning of LLMs is so fragile that they
can collapse in the face of basic math prob-
lems, e.g. ChatGPT thinks that 9.11 is big-
ger than 9.9 <.

‘https://x.com/goodside/status/
1812977352085020680

2.2 LLMs Enhance Small Models

2.2.1 Knowledge Distillation

Scaling models to larger sizes is a straightfor-
ward method to enhance performance, but it
often proves too computationally expensive for
widespread deployment to numerous users. To
mitigate this challenge, Knowledge Distillation
(KD) (Hinton, 2015; Gou et al., 2021; Zhu et al.,
2023; Xu et al., 2024a) offers an effective solu-
tion. In KD, a smaller student model is trained to
replicate the behavior of a larger teacher model.
Typically, this process involves the larger model
generating a dataset with pseudo labels, which the
smaller model then uses for training.

White-box distillation involves using internal


https://x.com/goodside/status/1812977352085020680
https://x.com/goodside/status/1812977352085020680

states of the teacher model which provides trans-
parency in the training process of the student
model. This approach leverages the output distri-
butions, and intermediate features from the teacher
LLMs, collectively referred to as feature knowl-
edge (Liang et al.,, 2023; Gu et al., 2024; Liu
et al., 2023b). It enables the development of cost-
effective yet powerful models, exemplified by Dis-
tilBERT (Sanh, 2019) and QuantizedGPT (Yao
et al., 2022).

In contrast, black-box knowledge distillation
typically involves generating a distillation dataset
through the teacher LLM, which is then used
for fine-tuning the student model. For instance,
Chain-of-Thought distillation (Wei et al., 2022b)
extracts LLM rationales to provide additional su-
pervision, thereby enhancing the reasoning capa-
bilities of smaller models (Li et al., 2022; Hsieh
et al., 2023; Shridhar et al., 2023; Magister et al.,
2023; Li et al., 2023a; Fu et al., 2023; Tian et al.,
2024). Additionally, Instruction Following Dis-
tillation aims to improve the zero-shot perfor-
mance of LLMs by fine-tuning them with a set
of instruction-like prompt-response pairs (Jiang
et al., 2023c; Li et al., 2024b). Furthermore, other
studies have used distillation to train small mod-
els for knowledge-intensive tasks (Li et al., 2024c;
Kang et al., 2024; Chen et al., 2024d), intent dis-
covery (Liang et al., 2024), and humor genera-
tion (Ravi et al., 2024), demonstrating the ver-
satility and effectiveness of KD in various do-
mains.

Summary and Future Directions Knowledge
distillation facilitates the transfer of knowledge
from a larger model to a smaller one, enabling
the development of more cost-effective and ef-
ficient models like DistilBERT. Recent advance-
ments have concentrated on techniques such as
Chain-of-Thought distillation and Instruction Fol-
lowing distillation, which enhance the reasoning
abilities of smaller models.

Future Directions

(1) Current knowledge distillation ap-
proaches predominantly emphasize us-
ing labels and explanations generated
by closed-source LLMs to train student
models through simple supervised fine-
tuning (Xu et al., 2024a). However, ex-
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panding the range of knowledge trans-
ferred from the teacher model, including
feedback on the student’s outputs (Lee
et al.,, 2023) and feature knowledge (Gu
et al., 2024), can offer additional benefits.
(2) Efforts in LLM knowledge distillation
have largely focused on transferring var-
ious skills from LLMs, with relatively lim-
ited attention given to trustworthiness (Xu
et al., 2024a), such as helpfulness, hon-
esty, and harmlessness (Bai et al., 2022b;
Yang et al., 2023; Cui et al., 2023).

2.2.2 Data Synthesis

Human-created data is finite, and there is a con-
cern that publicly available human text may soon
be depleted (Villalobos et al., 2024). Additionally,
large models are not always necessary for specific
tasks. In light of these considerations, using LLLMs
to generate training data for small model training
is both efficient and feasible. In the following sec-
tions, we discuss how to leverage LLMs for data
synthesis, focusing on two key areas: Training
Data Generation and Data Augmentation.

Training Data Generation involves first gener-
ating a dataset from scratch using LLMs, such as
ChatGPT, in an unsupervised manner, followed by
training a small task-specific model on the synthe-
sized dataset. This approach enables highly ef-
ficient inference, as the final task model has or-
ders of magnitude fewer parameters compared to
the original large model (Ye et al., 2022; Meng
et al., 2022; Chung et al., 2023). Subsequent stud-
ies have extended this method to various tasks, in-
cluding text classification (Li et al., 2023c), clin-
ical text mining (Tang et al., 2023), information
extraction (Josifoski et al., 2023), and hate speech
detection (Hartvigsen et al., 2022). Another ap-
proach leverages LLMs solely to generate labels
rather than the entire training dataset (Wang et al.,
2021; Gao et al., 2022), resembling the process of
knowledge distillation.

Data Augmentation in this context refers to
the use of LLMs to modify existing data points,
thereby increasing data diversity, which can then
be directly used to train smaller models (Ding
et al., 2024a; Chen et al., 2023b). For instance,
LLMs can be employed to paraphrase or rewrite
texts to generate additional training samples (Mi
et al., 2022; Witteveen and Andrews, 2019). In in-
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Figure 3: The performance of various models with different sizes on MTEB. We select five datasets for
each task. Increasing model sizes only has diminishing returns.

formation retrieval, LLMs can rewrite queries (Ma
etal., 2023a) to better align with target documents.
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.,
2022b). Fine-tuning smaller models with these
augmented samples can significantly enhance their
efficacy and robustness.

Summary and Future Directions Synthetic
data serves as an effective complement to human-
generated data, increasing data diversity and im-
proving coverage of long-tailed samples. This ap-
proach can significantly enhance the performance
and robustness of smaller models.

Future Directions

(1) Currently, closed-source LLMs re-

main more powerful than their open-source
counterparts.  However, using closed-
source models for data synthesis may raise
privacy and security concerns, particularly
in sensitive contexts such as medical sce-
narios involving patient data (Ollion et al.,
2023). Addressing how to protect data pri-
vacy during this process is a critical area of
concern.
(2) Generating training data with large-
scale models is costly, making it essen-
tial to explore methods for reducing the
expense while still producing high-quality
data. For instance, recent research sug-
gests that smaller, less powerful models
can sometimes generate better training
data points (Bansal et al., 2024).
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3 Competition

Below, we present three scenarios where smaller
models are preferable: computation-constrained
environments (§ 3.1), task-specific environments
(§ 3.2), and environments requiring interpretabil-

ity (§ 3.3).

3.1 Computation-constrained
Environment

Although LLMs represent a significant mile-
stone in the development of AGI, their impres-
sive capabilities come with substantial computa-
tional demands. Scaling model size results in
an exponential increase in training time and sig-
nificantly higher inference latency (Wan et al.,
2023). Training and deploying LLMs require
more hardware and greater energy consumption,
which is often unfeasible for academic researchers
and businesses with limited resources. Addition-
ally, this high computational overhead prevents
LLMs from being directly applied in computation-
constrained environments, such as edge and mo-
bile devices (Dhar et al., 2024).

Moreover, not all tasks require large models;
some tasks that are not knowledge-intensive and
do not demand complex reasoning can be effec-
tively handled by smaller models. For instance,
Figure 3c illustrates the relationship between per-
formance and model size across four tasks in
MTEB (Muennighoff et al., 2023), where we ob-
serve diminishing returns from increasing model
sizes, particularly in tasks like text similarity and
classification. In the case of information retrieval
(Figure 3c), which involves computing similar-
ity between a query and a document collection,
faster inference speed is critical. Under these con-
ditions, the lightweight Sentence-BERT (Reimers



and Gurevych, 2019) remains widely used in the
IR task.

As a result, there is a growing shift toward
smaller, more efficient models, driven by the
need for accessibility, efficiency, and democrati-
zation. Examples include Phi-3.8B (Abdin et al.,
2024), MiniCPM (Hu et al., 2024c), and Gemma-
2B (Team et al., 2024).

Small models are increasingly valuable in sce-
narios where computational resources are limited.
Techniques such as knowledge distillation (Xu
et al., 2024a) allow the transfer of knowledge
from LLMs to smaller models, enabling these
smaller models to achieve similar performance
while significantly reducing model size. Addi-
tionally, smaller models are often preferable for
computationally intensive tasks such as informa-
tion retrieval, due to their lower resource de-
mands.

3.2 Task-specific Environment

Training LLMs require trillions of tokens (Raf-
fel 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 learning). In such cases, pre-
training a large foundational model is not feasible,
and small models can offer promising returns in
this case.

We outline several task-specific scenarios
where small models can deliver comparable re-
sults:

* 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 gen-
eral LLMs on various biomedical (Hernandez
et al., 2023; Juan José Bucher and Martini,
2024) and legal (Chalkidis, 2023) tasks.

* Tabular Learning: Tabular datasets are typ-
ically smaller than benchmarks in other do-
mains, such as text or image data, and are
highly structured, consisting of heteroge-
neous data types (e.g., numerical, categori-
cal, ordinal). Due to these characteristics,
small tree-based models can achieve compet-
itive performance compared to large deep-
learning models for tabular data (Grinsztajn
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et al., 2022).

» Short Text Tasks: Short text representation
and reasoning do not generally require ex-
tensive background knowledge. As a re-
sult, small models are particularly effective
for tasks such as text classification (Zhang
et al., 2023a), phrase representation (Chen
etal., 2024c), and entity retrieval (Chen et al.,
2021).

e 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.,
2023Db).

Small models have distinct advantages in spe-
cialized areas, and developing lightweight mod-
els for these domains or tasks is a promising ap-
proach.

3.3 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 (trans-
parency). Generally, smaller (e.g. shallow) and
simpler (e.g. tree-based) models offer better inter-
pretability compared to larger (e.g. deep), more
complex models (e.g. neural) (Barcel6 et al.,
2020; Gosiewska et al., 2021).

In practice, industries such as healthcare (Caru-
ana et al., 2015), finance (Kurshan et al., 2021),
and law (Eliot, 2021) often favor smaller, more in-
terpretable 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 pre-
ferred.

When selecting LLMs or SMs to use, it is im-
portant to make trade-offs for balancing model
complexity with the need for human understand-
ing.



4 Conclusion

In this work, we systematically analyze the rela-
tionship between LLMs and SMs from two per-
spectives. First, LLMs and SMs can collaborate
to strike a balance between performance and effi-
ciency. Second, they compete under specific con-
ditions: computation-constrained environments,
task-specific applications, and scenarios requir-
ing high interpretability. Careful evaluation of
the trade-offs between LLMs and SMs is essen-
tial when selecting the appropriate model for a
given task or application. While LLMs offer su-
perior performance, SMs have notable advantages,
including accessibility, simplicity, lower cost, and
interoperability. We hope this study provides valu-
able insights for practitioners, encouraging further
research on resource optimization and the devel-
opment of cost-effective systems.
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