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Abstract—Language-mediated automation is beginning to com-
plement the human-centered trial-and-error process in Al re-
search. Among current Al tools, large language models (LLMs)
have become a central interface for generation, knowledge
synthesis, and reasoning in research workflows. While LL.Ms are
now widely used to support general scientific workflows such
as literature review and scientific writing, their specific roles
and deeper contributions to the core lifecycle of AI research
itself remain insufficiently explored in a systematic manner. To
bridge this gap, this survey introduces AI4AIR (short for Al for
Al Research), which comprehensively reviews LLMs as pivotal
components within machine learning research pipelines. We
construct a structured two-dimensional taxonomy. One axis spans
major research domains including natural language processing,
computer vision, data mining, and general machine learning. The
other follows the research pipeline stages, encompassing data
engineering, model design and optimization, model evaluation,
and the cross-stage closed-loop automation that connects them.
Within this framework, we identify five recurring roles of
LLMs, namely annotator, synthesizer, optimizer, evaluator, and
orchestrator, through which LLMs contribute to AI research
workflows. We further discuss bottlenecks such as contamination,
hallucination, and reliability under feedback-driven use, and
outline future directions for improving both the efficiency and
the reliability of AI research and discovery.

Index Terms—Large language models, artificial intelligence
research, machine learning pipeline, AI for AI research.

I. INTRODUCTION

HE human-centered paradigm of scientific and technical

research has evolved over centuries into a structured
workflow: from problem identification, literature review, and
hypothesis formulation to experimental design, empirical val-
idation, and the dissemination of discoveries or inventions
through peer-reviewed publications. With the burgeoning de-
velopment of large language models (LLMs) in recent years,
artificial intelligence (AI) researchers have increasingly incor-
porated them into the established paradigm.
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The past two years, in particular, have witnessed a surge
in research efforts, including leveraging LLLMs for literature
review [lf], formulating research problems [2] and even as-
sisting in theorem proving [3|] or experimental design [4].
These advancements have accelerated scientific discovery and
innovation across a wide range of disciplines. Remarkably, Al-
driven scientific breakthroughs were recognized by the 2024
Nobel Prizes in Physics and Chemistry [5]. More comprehen-
sive surveys that summarize Al-driven workflows can be found
in [6], [7].

Beyond general scientific workflows, LLMs are reshap-
ing Al research itself. That is, rather than being limited to
peripheral support, they are making deeper contributions to
the core of Al research, driven by their generative capa-
bilities [8], broad pretrained knowledge [9], and emerging
reasoning abilities [[10]. For instance, LLMs have been used
to generate synthetic data for training machine learning (ML)
models [11]-[13]. They are also widely employed to anno-
tate data in low-resource scenarios [14], [15]]. Furthermore,
representative studies have directly employed LLMs as predic-
tors [[16], [[17]], serving as alternatives to traditional Al models.
Advanced LLMs, such as GPT-40 [18], have been leveraged
as expert evaluators to assess the performance of developed Al
models [19]-[21]. These use cases collectively demonstrate a
broader trend of LLMs becoming integral components across
the data, model, and evaluation stages of Al research.

Based on these observations, this survey aims to formulate
a systematic perspective on the following central research
question: How do LLMs contribute to Al research? To answer
this question, we comprehensively review the literature in
recent years and construct a taxonomy categorizing the diverse
roles of LLMs in Al research. To maintain a focused scope, we
concentrate on the research of designing ML models, which
currently represents a mainstream and pivotal direction within
the Al community.

A typical ML pipeline can be divided into several stages,
including data engineering, model design and optimization,
and model evaluation. Beyond these core stages, we further
examine how LLMs support automated workflow orchestration
to close the AI research loop. Following this structure, we
summarize recurring roles of LLMs across the ML-centered
AIR pipeline, identify current bottlenecks, and outline future
directions. An overview of this iterative ML-centered Al
research lifecycle is shown in Fig. [T} This framing motivates
the title of our survey “AI4AIR”, where the leading Al denotes
Al tools and AIR denotes Al research.

To the best of our knowledge, no prior survey has system-
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Fig. 1. Illustration of the multi-faceted roles of LLMs across the iterative ML-centered Al research lifecycle.

atically examined the intersection of the multi-faceted roles
of LLMs within the AI research workflow itself. Existing
reviews on specific Al sub-domains, including computer vi-
sion [22]-[24], recommender systems [9], [25], [26], and
graph learning [27]-[29)]], primarily investigate how LLMs en-
hance domain-specific task performance or enable specialized
model construction. Meanwhile, surveys on AutoML ,
remain centered on conventional numerical optimization tech-
niques, overlooking the semantic reasoning capabilities driven
by LLMs. A more recent review [32]] examines LLM-driven
ML workflows in a generic AutoML setting, without distin-
guishing the roles of LLMs across different stages of the work-
flow. Furthermore, technical reviews [33]|-[35] typically focus
on specific enabling techniques, such as retrieval-augmented
generation (RAG) or parameter-efficient fine-tuning (PEFT),
dissecting their architectural, training, or inference-level de-
signs rather than the AI research workflow itself. Similarly,
in the broader realm of AI for research (AI4R), existing
studies [6], primarily focus on assisting the preliminary
research stages, such as hypothesis generation and manuscript
preparation. This scope differs substantially from that of our
AI4AIR framework. These AI4R surveys emphasize the poten-
tial of LLMs in ideation or productivity enhancement within
the general publication process, yet they do not delve into the
core ML pipeline. In summary, prior works either restrict their
scope to specific Al sub-domains or focus on general scientific
utility. Consequently, the community still lacks a holistic view
of the multi-faceted roles of LLMs throughout the Al research
lifecycle. Table [I] presents a structured comparison between
our survey and representative prior surveys, highlighting our
distinct scope and coverage. We envision this survey serving
as a comprehensive guide for the broader research community
to navigate this rapidly evolving field.

The main contributions of this survey are summarized
as follows.

o To the best of our knowledge, this is the first systematic

TABLE I
COMPARISON BETWEEN OUR WORK AND EXISTING SURVEYS, WHERE @,
©, AND O RESPECTIVELY DENOTE FULLY INVOLVED, PARTIALLY
INVOLVED, AND NOT INVOLVED IN THE CORRESPONDING ASPECT.

Survey Scope Workflow ML Multi- LLM
View Pipeline domain Roles
Wang et al. [6] Al for Science ® O © O
Chen et al. [7] Al for Research ° © © O
Awais et al. |@ Computer Vision O © O O
Lin et al. \ﬂ Recommender Systems O © O ©
Jin et al. \@ Graph Learning O © O ©
Hutter et al. AutoML © [} O O
Gao et al. RAG Techniques O © O O
Gu et al. [32] LLMs for ML Workflows ) [ @] @]
AI4AIR (Ours) LLMs for AI Research [ ] [} [ J [ J

survey that summarizes the utility of LLMs in ML-
centered Al research, providing a structured perspective
on their roles across the Al research lifecycle.

e« We construct a taxonomy based on LLMs’ roles in
machine learning model design and development, sys-
tematically categorizing existing related works.

o Based on our review, we identify the bottlenecks of
current research and discuss possible future directions
for leveraging advanced Al tools to improve both the
efficiency and effectiveness of Al research and discovery.

The remainder of this survey is organized as follows.
Section [[T] defines the scope and presents the proposed tax-
onomy of Al tools in ML-centered Al research. Section [[II
reviews recent advances in LLM use across major Al research
sub-domains, including natural language processing (NLP),
computer vision (CV), data mining (DM), and general machine
learning (GML), organized around core tasks in each domain.
Section [[V] reinterprets the roles of LLMs through the lens
of the machine learning development pipeline. Section
discusses open challenges and future directions for AI4AIR,
followed by the conclusion in Section [VI]
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Fig. 2. A two-dimensional taxonomy of AI4AIR. The domain-oriented view summarizes representative Al sub-domains and tasks, while the pipeline-oriented

view maps recurring LLM roles to ML-centered pipeline stages.

II. OVERVIEW OF Al FOR AI RESEARCH

In this section, we clarify the scope of AI4AIR and present
the taxonomy used to organize the surveyed literature. We then
summarize our literature collection and inclusion criteria.

A. Scope and Definition

Al research spans a broad range of sub-disciplines, from
hardware acceleration and neuromorphic computing [37],
[38] to symbolic reasoning [39] and control systems [40]]. In
this survey, we explicitly narrow our scope to ML-centered
Al research, defined as the end-to-end process of devel-
oping ML models through a canonical pipeline, including
data engineering, model design and optimization, and model
evaluation. We focus on this setting because it represents a
prevailing paradigm across major Al domains, and it provides
a consistent, workflow-level basis for analyzing how LLMs
intervene in research practice.

B. Why ML-centered Al Research

One fundamental difference between the Al research dis-
cussed in this survey and Al applications in other natu-
ral sciences, such as biology [41]], [42] or chemistry [43],
, lies in the execution environment. Scientific discovery
in the physical world often faces a “wet-lab bottleneck,”
where hypotheses must be validated through time-consuming

physical experiments. In contrast, ML-centered Al research
largely operates in the digital realm. The core assets of Al
research, including datasets, model implementations, training
configurations, and evaluation metrics, are inherently machine-
readable text or numeric data. This characteristic enables
LLMs to perceive the research state, generate executable code,
and receive immediate feedback, thereby forming a relatively
frictionless digital closed-loop for iterative automation.

C. Taxonomy and Organization

The standardized ML pipeline and the language-based rea-
soning capabilities of LLMs have catalyzed a paradigm shift,
necessitating a systematic framework to navigate this complex
landscape. However, the literature on LLM-empowered Al
research is rapidly expanding yet scattered across diverse
problem settings. To facilitate a coherent reading path, we
propose a hierarchical taxonomy in Fig. [2|as the organizational
backbone of this survey. Guided by this taxonomy, we provide
two complementary entry points for navigating prior work,
namely a domain-oriented view and a pipeline-oriented view.

Following the domain-oriented view, Section m reviews
representative advances across major Al sub-domains (e.g.,
NLP, CV, DM, and GML), highlighting the versatility and
adaptability of these tools across distinct research topics.
Within each domain, we organize the discussion around repre-
sentative task categories to support fine-grained comparisons
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across research settings. Complementarily, Section rein-
terprets the literature through the ML development pipeline
to highlight the recurring roles of LLMs at each stage. The
first three stages are artifact-centric, operating on the data,
model, and evaluation artifacts produced at each stage. The
fourth stage further examines cross-stage workflows, where
LLMs decompose high-level objectives, coordinate tools and
stage-level procedures, and leverage feedback to close the AIR
loop. Building on these two perspectives, we further discuss
key challenges and future directions for AI4AIR.

D. Literature Collection and Screening

We followed a systematic retrieval-and-screening pipeline
to ensure both the coverage and relevance of the surveyed
literature. The systematic retrieval covered a five-year window
ending on June 30, 2025. Specifically, we queried the Semantic
Scholar API and Google Scholar to retrieve candidate papers
published within this period. Our queries combined keywords
related to large language models (e.g., “large language model”,
“LLMs”, “LLM”) with those describing research roles (e.g.,
“data augmentation”, “annotation”, “model design”, “opti-
mization”, “evaluation”). To further improve recall, we addi-
tionally collected the accepted-paper lists of top-tier computer
science conferences from DBLP for the most recent three
years, and performed title-based keyword matching to retrieve
potentially relevant works. After deduplication, we obtained
1,440 candidate papers as of June 30, 2025.

We then conducted a two-stage screening process. First, we
designed task prompts and few-shot examples to enable an
LLM to read each paper’s title and abstract for coarse filtering,
removing non-English papers and papers that do not involve
LLMs as part of the research workflow. To prioritize impactful
and widely discussed work, we used citation counts at the time
of collection as an auxiliary signal for ranking and triage. This
stage removed 778 papers that clearly fell outside our scope.
Second, we manually inspected the remaining manuscripts and
excluded those without substantive relevance to AI4AIR. A
paper was included only if LLMs constitute an explicit and
non-trivial component of the ML research workflow. Finally,
based on our domain expertise, we supplemented a small
number of relevant studies that might be missed by keyword-
based retrieval to avoid overlooking important contributions.
When multiple versions of the same work exist, we cite the
most complete and archival version.

Since AI4AIR evolves rapidly, we further monitored major
venues and preprint repositories beyond the systematic cutoff
date. We selectively incorporated representative works pub-
lished or released after June 30, 2025 based on domain exper-
tise, provided they satisfied the same inclusion criteria as the
core corpus. These additions do not affect the reported corpus
statistics, as all quantitative counts are computed exclusively
from papers retrieved within the original collection window.

III. LLMs AcRrROSS AIR SUB-DOMAINS

We first take a domain-oriented view to examine where
LLMs have been incorporated into research workflows across
major Al sub-domains. While LLMs are general-purpose tools,

their impact varies with data modalities and core challenges.
We therefore review key advances in NLP, CV, DM, and GML,
organizing each domain by representative research tasks to
show where and how LLMs are incorporated into task-specific
workflows.

A. LLMs for Natural Language Processing

LLMs originate from the pretrained language modeling
paradigm, making NLP the earliest and most extensively stud-
ied setting for their methodological development and empirical
validation. Early work primarily treated LLMs as unified
instruction-following predictors that transfer across down-
stream tasks via prompting. Subsequent studies showed that
LLMs can also generate instruction data for self-improvement,
thereby reducing dependence on continuous human super-
vision [11]], [45]. More recently, attention has shifted from
isolated task performance to end-to-end workflows, integrating
LLM:s into data construction, evaluation, and iterative training
loops. This turn reframes LLMs as workflow components
for addressing supervision cost, evaluation reliability, and
feedback-driven improvement in NLP. Broadly, NLP tasks can
be grouped into natural language understanding (NLU) and
natural language generation (NLG). Accordingly, we focus on
four representative tasks spanning both categories to illustrate
the breadth of LLM utility.

1) Text Summarization: Text summarization compresses
a source document under length constraints while balancing
coverage and factual consistency. The primary challenges of
this task fall into two categories. One concerns the difficulty
of identifying and localizing factual inconsistencies. The other
relates to the cost and stability of obtaining high-quality
training and evaluation signals. For faithfulness, prior work
decomposes summaries into atomic claims and verifies them
against external evidence, transforming faithfulness assess-
ment into identifiable error types with reusable diagnostic
interfaces [46]]. To strengthen evaluation signals, recent studies
use LLMs to build reference-free evaluation protocols with
explicit rubrics and step-wise verification, yielding judgments
that correlate well with expert assessments [20]], [21]]. Evalu-
ation stability can be further improved via multi-agent peer
review and debate, which reduce single-evaluator bias and
increase consistency [47]. On the training side, LLMs can
generate reference summaries and ranking signals for objec-
tives such as contrastive learning, enabling smaller models to
improve under controlled settings and, in some cases, surpass
supervised baselines [48]].

2) Information Extraction: Information extraction maps
unstructured text to structured representations, such as entities,
relations, or events, to support downstream retrieval and analy-
sis. A persistent challenge lies in acquiring schema-consistent
supervision under evolving label definitions and domain shifts.
Expert annotations are expensive, while crowdsourced an-
notations suffer from inconsistent guideline interpretation.
LLMs can generate task-specific labels in zero-shot or few-
shot settings, providing lower-cost bootstrapping for classifi-
cation and sequence labeling [14]. However, such synthetic
annotations may introduce noise and systematic bias. Robust
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learning methods, including reweighting and subset selection,
can prioritize more reliable instances and improve training
stability in noisy synthetic supervision [49]]. For dialogue-
driven extraction, controllable simulation couples in-context
learning with structured annotation to synthesize multi-turn
interactions, while consistency checks align utterances with
labels to cover complex interactive settings [[50|]. Prompt-based
diversification further expands the training distribution through
structured perturbations and paraphrases [S1].

3) Text Question Answering: Text question answering
requires generating correct, relevant, and evidence-supported
answers to natural language queries. Modern systems in-
creasingly adopt retrieval augmentation, retrieving supporting
evidence from external corpora or knowledge bases before
generation. Key challenges include ensuring evidence align-
ment and controllable reasoning, as well as scaling benchmark
maintenance and automated evaluation. Static benchmarks can
become outdated and may be exposed to contamination as
training corpora expand. LLMs can generate questions and
judge answers for dynamic capability assessment, probing
finer-grained skills beyond fixed references and reducing drift
caused by delayed benchmark updates [52]]. For retrieval-
augmented generation, multi-dimensional diagnostics assess
faithfulness, context relevance, and recall. These diagnostics
reveal mismatches between retrieval and generation while
reducing reliance on gold references [53]], [54]. For knowledge
base question answering, LLMs translate executable queries
into natural language questions to synthesize training pairs.
Combined with execution-guided self-training, this approach
filters pseudo-labels and bridges the distribution gap between
synthetic and real-world user queries [55].

4) Machine Translation: Machine translation maps
source-language sentences into target-language expressions
while balancing semantics, style, and domain conventions. A
prominent limitation of this task is the scarcity of high-quality
parallel corpora, which is particularly acute for low-resource
language pairs. LLMs can generate or rewrite pseudo-parallel
data, with filtering and consistency constraints to control
noise. The resulting data supports distillation or incremental
training, improving quality and data efficiency in low-resource
settings [S6]-[58]. Evaluation quality also affects iteration
efficiency. Traditional n-gram metrics struggle to capture nu-
ances in fluency and style, while scalable expert evaluation
across multiple language pairs is impractical. Recent studies
propose evaluation protocols based on explicit scales to en-
hance reusability. These methods report high correlation with
expert judgments under several prompting strategies, provid-
ing reusable signals for quality tracking [59]. Alternatively,
probabilistic scoring frameworks estimate quality by compar-
ing generation probabilities against custom definitions, thus
reducing reliance on task-specific training and complementing
traditional metrics [19].

B. LLMs for Computer Vision

Computer vision research focuses on developing models
that analyze images and videos for recognition, understanding,
and generation. Unlike natural language tasks that operate

over discrete symbols, visual tasks rely on complex spatial
structures, instance relations, and fine-grained attributes. These
characteristics lead to persistent bottlenecks in semantic spec-
ification and controllable generation. Since text-only LLMs
cannot directly perceive visual content, they typically influ-
ence CV through language-side operations. Multimodal large
language models (MLLMs) further integrate visual inputs,
enabling alignment and reasoning grounded in visual evidence
and broadening LLM applications in vision. In this subsec-
tion, we categorize recent advances into visual recognition,
vision-language understanding, and text-to-image generation,
highlighting how LLMs mitigate task-specific limitations and
transform CV research workflows.

1) Visual Recognition: Visual recognition aims to classify,
localize, or segment objects within images or videos. Despite
strong closed-set performance, challenges remain in open-
world coverage, long-tail generalization, and compositional
reasoning. Traditional closed-set training relies on short labels
and fixed taxonomies, which can leave class semantics un-
derspecified and destabilize decision boundaries under domain
shift. Meanwhile, tail classes often suffer from weak or biased
representations under limited supervision. To address limited
label semantics, recent studies leverage LLMs to generate
fine-grained definitions and attribute phrases, enriching textual
supervision and reducing ambiguity from short labels [60]—
[62]. In pixel-level tasks, LLM-generated attribute descriptions
provide part-level cues that improve fine-grained segmenta-
tion [63]]. For compositional visual queries, LLMs can decom-
pose high-level instructions into callable visual sub-processes,
improving the transparency of tool-augmented reasoning [64].
These uses mainly enrich semantic supervision for recognition,
while controllable generation improves coverage for rare or
underspecified categories. Under data scarcity, LLM-guided
controllable generation can synthesize training samples or
visual descriptions for rare classes, improving coverage of tail
categories [[65]], [66].

2) Vision-Language Understanding: Vision-language un-
derstanding aligns visual evidence with natural language for
tasks including visual question answering (VQA) and image
captioning. Long-standing bottlenecks stem primarily from
the scarcity and bias of high-quality multimodal supervi-
sion signals, as well as the resource overhead and stability
risks of large-scale cross-modal alignment training. Crowd-
sourced annotations are expensive and prone to linguistic
bias, which narrows the training distribution and hurts cross-
domain generalization. To mitigate data bottlenecks, existing
research proposes using LLMs to automatically rewrite readily
available image captions into question-answer pairs, with
consistency filtering to remove noise and establish scalable
supervision construction [67]. At the model level, the focus
lies on leveraging the reasoning capabilities of LLMs. Main-
stream approaches prioritize cross-modal alignment between
strong visual encoders and LLMs by training only lightweight
bridging modules [68], [69]. Under this framework, visual
information is injected into the LLM as fixed tokens, enabling
few-shot adaptation through in-context learning rather than
task-specific fine-tuning. For evaluation, equivalence judgment
of open-ended answers has long relied on manual review,
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limiting rapid iteration. Recent studies introduce LLMs to
automatically evaluate open-ended video question answering,
annotating instance-level evaluation rules for individual video-
question pairs and refining them through adversarial mecha-
nisms to achieve accuracy close to human experts [70].

3) Text-to-Image Generation: Text-to-image generation
aims to synthesize high-fidelity images from natural language
instructions. Key challenges include semantic alignment for
complex prompts, spatial structure control, and interpretable
evaluation. Traditional text encoders often lack capacity for
dense prompts with combinatorial relationships, leading to
attribute mismatches. To improve semantic alignment, recent
studies introduce LL.Ms as text encoders, leveraging enhanced
language representations for complex instructions [71]]. Alter-
natively, lightweight adapters inject LLM semantic features
into frozen diffusion backbones, with entity-attribute consis-
tency constraints reducing mismatches in multi-object scenar-
ios [[72], [73]]. On the input side, prompt rewriting and semantic
completion reduce reliance on manual prompt engineering,
making concise user inputs more reliably followed [74], [[75].
To enhance structural control, LLMs are used to convert
complex instructions into structured layouts or region-wise
generation plans [76], [77]. Recent studies adopt step-wise
generation with local consistency verification to further sta-
bilize adherence to counting and spatial constraints [78]]—
[80]. For evaluation, LLMs generate interpretable question-
answering probes to assess alignment and faithfulness. Re-
cent studies show that VQA-based verification provides fine-
grained and scalable signals for candidate ranking and error
diagnosis, thereby improving iteration efficiency [81]], [82].

C. LLMs for Data Mining

Data mining research spans diverse structured data, includ-
ing graph structures, user interaction sequences, and time
series signals. Unlike perception and language tasks that rely
on explicit human annotations, supervision in data mining
often comes from implicit feedback and weak signals. This
setting introduces significant challenges related to noise and
domain-specific constraints. In this context, LLMs are increas-
ingly integrated into mining pipelines to connect unstructured
context with structured patterns. We organize this subsection
around three representative data types, covering graph mining,
behavior sequence modeling, and time series analysis.

1) Graph Mining: Graph mining entails reasoning over
non-Euclidean relational structures for tasks such as node
classification and link prediction. A persistent challenge is the
separation between topology and semantics. Graph structures
capture connectivity but often lack sufficient attribute spec-
ification, which limits generalization in open-world settings.
One line of work bridges this gap by serializing local neigh-
borhoods or subgraphs into natural language descriptions [83],
[84]. While transforming structural reasoning into linguistic
inference, these methods expose capability boundaries when
handling complex topology. To mitigate reasoning instability,
structured mappings organize multiscale relations into hier-
archical descriptions, thereby improving consistency in few-
shot scenarios [85]], [86]. Alternative approaches align graph

encoders with LLMs through learnable projections [87]], [88].
These methods project structural features into the language
space to preserve representation efficiency while enabling
interpretable outputs. In label-scarce settings, LLMs generate
weak supervision signals such as pseudo-labels or semantic
rationales. Downstream graph models then expand coverage
through structural propagation [89], [90]. Furthermore, LLMs
facilitate noise detection by identifying semantically incon-
sistent edges, which enhances training robustness [91]. For
tasks requiring exact topological computation, recent systems
delegate graph operations to external tools while using LLMs
for orchestration and explanation [92].

2) Behavior Sequence Modeling: Behavior sequence mod-
eling captures preference structure and interest evolution
from interaction histories to support recommendation and
personalized retrieval. Primary challenges stem from sparse
and noisy implicit feedback, exposure bias, and cold-start
issues in identifier-based representations. LLM-derived user
and item semantics can mitigate feature scarcity by injecting
world knowledge into identifier-based representations, im-
proving transfer under limited behavioral evidence [93[]-[95].
Furthermore, LLM-based subset selection and instruction-style
synthesis also support data-centric iteration by reducing man-
ual curation [96]], [97]]. Personalized retrieval further suffers
from underspecified and context-dependent intents, especially
in conversational settings. Query rewriting and semantic ex-
pansion with LLMs convert short or contextualized inputs
into self-contained queries, improving candidate recall [98]—
[100]. Given that generative rewriting may introduce drift,
constrained alignment with offline feedback has been explored
to stabilize rewritten intents and downstream retrieval ob-
jectives [101]. Synthetic query-document or query-item pairs
derived from limited seeds or item content enable weakly
supervised retriever adaptation at scale and reduce supervi-
sion cost [[102], [103]. LLM-based reranking and explanation
generation operate within retrieved candidate sets, improving
discrimination while limiting hallucination risk and controlling
latency [104], [[105]]. For evaluation, LLM-based judging has
been adopted to automate relevance assessment at scale, while
robustness protocols and calibration remain important for
reliable model comparison [[106].

3) Time Series Analysis: Time series analysis involves
forecasting, anomaly detection, and diagnosis for continuously
varying signals. We focus on uses where LLMs construct
supervision, add external context, or support diagnostic eval-
uation for time-series models. Key bottlenecks arise from the
semantic gap between numerical observations and high-level
contexts, as well as the difficulty of obtaining supervision
that transfers across domains. Addressing data scarcity, recent
studies use LLMs to synthesize realistic signal segments
in few-shot settings and to construct instruction data that
aligns time series with text for downstream understanding and
reasoning [[107]], [108]]. Complementary work prompts LLMs
to generate pseudo-labels and natural-language rationales from
unlabeled sensor streams, which can be used as supervision
for detection models [109]. Beyond generation, researchers
further exploit LLM-based judgments to train lightweight
scorers for data selection and cleaning, improving robustness
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under heterogeneous sources [110]. To incorporate external
context, recent work applies LLMs to social media streams to
extract sentiment and event signals, and then fuses them with
numerical predictors for tasks such as stock forecasting [[111].
For anomaly diagnosis, cross-modal conditioning frameworks
have been proposed to generate evidence-grounded explana-
tions from numerical inputs with frozen LLMs [112]. Other
systems combine retrieval tools with LLM reasoning over logs
and traces to localize root causes and to produce actionable
summaries [113]]. Emerging benchmarks evaluate reasoning
over heterogeneous telemetry that includes time series, logs,
and traces, which supports standardized evaluation for root
cause analysis [114]). In addition, studies use LL.Ms to translate
signal statistics into structured narratives for expert-facing
report generation in finance and healthcare [115], [116].

D. LLMs for General Machine Learning

Beyond modality-specific domains such as NLP, CV, and
DM, many machine learning workflow components are largely
modality-agnostic and are primarily shaped by development-
loop complexity rather than input format. These settings are
challenging because the decision space is often discrete or
mixed-type, while reliable feedback is expensive since most
candidates require non-trivial training or validation. Recent
optimization loops increasingly use LLMs to propose, revise,
or explain candidate decisions. We organize this subsection
around three representative tasks that frequently dominate
practical iteration cost: hyperparameter optimization, neural
architecture search, and data-efficient learning.

1) Hyperparameter Optimization: Hyperparameter opti-
mization selects training and regularization configurations un-
der a fixed budget to maximize validation performance. It usu-
ally involves black-box search over mixed-type variables under
wall-clock, memory, and convergence constraints. To reduce
early search cost, one line of work converts task descriptions,
dataset characteristics, and resource constraints into structured
textual inputs. LLMs then use this context to propose plausible
initial configurations, reducing wasteful trials and moving
exploration beyond blind sampling [117], [118]]. During itera-
tion, another line of work normalizes historical configurations,
metrics, failure patterns, and key logs into structured records.
LLMs then extract patterns across rounds, so later candidates
can explicitly avoid known invalid regions and focus sooner on
high-potential ranges [119], [[120]]. Under sparse observations,
LLMs have also been embedded into sequential black-box
optimization loops. They condition candidate generation on
previous solutions, observed scores, and textual constraints,
improving early-stage sampling efficiency [[121]], [122]]. A sim-
ilar text-conditioned search paradigm has also been extended
to the construction of executable objectives. By encoding high-
level task goals and rollout feedback as structured context,
LLMs iteratively generate and revise reward functions, reduc-
ing the cost of manual objective engineering in reinforcement
learning workflows [123].

2) Neural Architecture Search: Neural architecture
search (NAS) aims to identify network structures that balance
predictive performance, computational cost, and deployment

constraints. Unlike hyperparameter tuning, the central chal-
lenge of NAS is that the structural space is highly combina-
torial and not continuous. Naive generation can yield invalid
structures, repeated motifs, or candidates that violate training
constraints, while reliable ranking often requires costly train-
ing or surrogate evaluation. To improve exploration quality,
one category of studies converts architectures from graph
or module representations into serializable discrete symbol
sequences, or builds unified encoding formats across domains.
LLMs then describe, generate, and parse candidate structures
in a consistent manner, which reduces invalid sampling and
expands coverage [124]], [125]. On the feasibility side, some
work explicitly encodes operator sets, dimensionality con-
straints, and computational budgets into the input specification
and couples the LLM output with parsing and validation
steps, so that generated structures are more likely to satisfy
trainability constraints and avoid early invalid trials [126].
To lessen dependence on expensive training feedback, recent
studies introduce low-cost structural quality signals and per-
formance prediction information, combining them with LLMs
to perform candidate pre-screening and early ranking. These
signals can reduce the number of expensive evaluations and
guide search under tighter budgets [[127]], [[128]]. In addition,
code-level controlled rewriting and population-based selection
mechanisms are employed to maintain candidate diversity and
suppress mode collapse, allowing the search process to expand
the explorable range while preserving structural validity and
result reproducibility [[129]-[131]].

3) Data-Efficient Learning: Data-efficient learning fo-
cuses on preserving model generalization and robustness when
labels are scarce, class distributions are long-tailed, super-
vision is noisy, or training budgets are limited. The key
difficulty is that data selection, augmentation, and reweighting
strategies often depend on manual heuristics, and evaluating
each strategy incurs additional training cost. To make data
construction more adaptive, recent studies encode model feed-
back, error distributions, and candidate pools as structured
text inputs. LLMs then iteratively select data subsets with
higher utility, while also supporting nondifferentiable metrics
as selection signals [[132]]—-[135]]. In imbalanced scenarios such
as long-tailed recognition, research further employs LLMs to
generate semantically faithful augmented samples targeted at
underrepresented classes, improving the effective coverage and
model robustness for tail categories [136]. Beyond sample-
level strategies, injecting task-relevant priors from natural
language metadata provides another way to reduce sample
complexity. Related work uses LLMs to transform variable
names and descriptions into actionable inductive biases, which
regularize learning in low-data regimes and support more inter-
pretable feature selection [[137]], [[138]]. In extreme settings with
only a few examples or high-level requirement descriptions,
studies further map task requirements to executable training
configurations through LLMs, which supports rapid model
adaptation under limited budgets [[139].

E. Summary and Discussion

The preceding subsections suggest two recurring patterns
across Al sub-domains. First, LLM use is shaped by how
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readily domain artifacts can be represented through language-
mediated interfaces. In NLP, these interfaces are already
present in textual inputs, labels, references, answers, and
evaluation criteria. In CV and DM, they are constructed
through descriptions, prompts, layouts, graph verbalization,
query rewriting, semantic enrichment, and external event
narratives. In GML, the focus moves from domain data to
development decisions, where configurations, architectures,
objectives, task priors, and data-selection strategies become
the main objects of generation and refinement.

Second, these artifacts differ in validation cost. Labels,
descriptors, synthetic examples, textual transformations, and
quality signals can often be checked through inspection, fil-
tering, semantic consistency, or external evidence. Executable
specifications and development decisions instead require em-
pirical validation through training, search, ablation, or down-
stream evaluation. As validation cost increases, LLM use tends
to move from semantic artifact construction toward candidate
generation and refinement under external feedback.

Taken together, recurring LLM uses across Al sub-domains
are shaped by artifact form, accessibility, and verifiability.
LLMs can help turn implicit research knowledge into opera-
tional artifacts, such as reusable supervision, semantic context,
scalable judgment signals, and testable candidates. Their reli-
ability, however, depends on grounding in task-specific rules,
external evidence, executable feedback, or validation metrics.

IV. REIMAGINING THE AIR PIPELINE WITH LLMS

Section [I] reviewed how LLMs enter Al research work-
flows across major sub-domains. Although these applications
differ in domain-specific tasks and research artifacts, they
reveal recurring functional roles that are not fully captured by a
domain-oriented view. In this section, we shift from a domain-
oriented view to a pipeline-oriented view, focusing on how
recurring LLM roles operate within and across different stages
of Al research. We summarize five recurring roles, namely
annotator, synthesizer, optimizer, evaluator, and orchestrator.
Rather than mapping these roles to stages one-to-one, we
characterize each stage by its dominant role combinations.
When a study combines multiple functions, we assign it to
the role corresponding to the primary artifact adopted by the
workflow. This stage-role view organizes the literature into
four stages: data engineering, model design and optimization,
model evaluation, and AIR-loop closing.

For clarity, Table [lI| summarizes the notation used in this
section. We write X¢ for a stage-specific LLM role. Here,
X € {A,S O,E, P} denotes annotator, synthesizer, opti-
mizer, evaluator, or orchestrator, and s € {D, M, V, L} indexes
the four pipeline stages. The superscript ¢ indicates the LLM
parameters, while the stage subscript specifies the artifact
space on which the role acts. For example, Sg, S¢ . and S$
represent synthesizers operating on data, model-development,
and evaluation artifacts, respectively. By contrast, 7. denotes
a stage- or loop-level state transformation that integrates role-
level LLM outputs, rather than serving as an additional LLM
role. Its state space remains stage-specific, with the data
state represented explicitly and the other states kept abstract

TABLE II
SUMMARY OF NOTATIONS FOR LLM ROLES IN THE AIR PIPELINE.

Notation Meaning

LLM parameters.
Role operators (annotator, synthesizer,
optimizer, evaluator, orchestrator).

¢
A% 8% 0% E¢, p?

D,M,V,L Pipeline stages (data, model, evaluation,
AlIR-loop closing).

X 3’ A role X acting at stage s.

’7’S¢ Stage-/loop-level state transformation
integrating role-level LLM outputs.

pPe,Ce, Re Requirement, context, and reference signals.

Hs, Fe Stage-level feedback and role-local feedback

signals, respectively.

due to their heterogeneous artifacts. We use ps and H for
stage-level requirements and feedback, px for role-specific
requirements, and C,, JF,, and R, for role-local context,
feedback, and reference or probing information. In particular,
‘H . refers to feedback that affects the stage- or loop-level state
transformation, whereas F, refers to feedback consumed by a
specific role operator.

A. LLMs for Data Engineering

Data engineering is the data-facing stage of the ML-
centered AIR pipeline. Here, LLMs work with samples and
their auxiliary fields, including labels, rationales, instructions,
queries, metadata, and quality or utility signals. The goal is to
make the initial data pool more useful for training, validation,
or evaluation, while improving the information content and
reliability of the resulting artifacts.

Let Dyaw = {d;}?, be the initial data pool, where each
d; is a learnable data artifact. The data-stage transformation is
then abstracted as

Deng = T2 (Drawes o0, Hp).- (1)

The term pp specifies data-stage requirements, and Hp col-
lects stage-level feedback such as data-quality signals, human
review, or downstream utility information. Here, De,, is the
resulting data-stage state, represented as {(d,nq) | d € Daap }-

For each adopted artifact d, the optional field 7, stores
LLM-produced metadata, such as labels, rationales, confidence
scores, quality indicators, or selection decisions. When no
such signal is generated for an artifact, we set 7y = ). The
adopted set may include raw, revised, synthesized, selected,
or reweighted artifacts after filtering. These outcomes arise
from four recurring LLM operations: supervision attachment,
artifact expansion, pool-level optimization, and reliability as-
sessment, corresponding to the four roles below.

1) Annotator: Annotation attaches supervision to an exist-
ing data artifact rather than creating a new one. The attached
signal may be a class label, pseudo-label, preference label,
semantic attribute, structured tag, or rationale. This role is
most useful when labeling guidelines can be stated in natural
language and human annotation is costly or reserved for
uncertain cases.
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The annotator operator A‘S maps an artifact d, an annotation
requirement pa, and optional context C, to a supervision signal
and auxiliary annotation metadata:

(24, care) = AD(d, pa,Ca),

where Z; denotes the generated supervision signal, c; denotes
an optional confidence score, and edA denotes an optional
annotation rationale. When available, these auxiliary signals
support calibration, auditing, selective re-annotation, active
human review, and downstream filtering.

Annotation research has progressed around two questions
that clarify what LLM-based labeling contributes beyond low-
cost label generation. The first question is whether natural-
language guidelines can replace fixed labeling schemas with-
out undermining label fidelity. Gilardi et al. [[14] demonstrated
this feasibility on text-classification subtasks such as relevance,
stance, topic, and frame detection, while later work [15]]
showed that schema-grounded verification is needed before
low-confidence cases are escalated to humans. Under this view,
the confidence field ¢4 is not merely an auxiliary report. It
becomes a routing signal for allocating human effort.

The second question is whether the annotation budget can
be allocated more strategically than uniform bulk labeling.
LLMaAA [140]] addresses this question through active selec-
tion of informative instances, AFaCTA [141] derives confi-
dence from reasoning-path consistency, and LLM-GNN [89]]
propagates LLM-generated node labels through graph training.
Taken together, these studies suggest that the value of A% lies
not only in attaching labels, but also in how confidence is
produced, consumed, and audited across the data pool.

2) Synthesizer: Synthesis expands the data state by pro-
ducing additional or richer artifacts from limited seeds, ex-
isting corpora, or structured sources. The generated artifacts
may be training examples, counterfactual variants, instruction—
response pairs, queries, descriptions, reasoning traces, syn-
thetic demonstrations, or structured semantic fields. This role
addresses data scarcity, long-tailed coverage, missing task
formats, and underrepresented reasoning patterns.

Synthesis operates over a seed pool Dgeeq C Draw, condi-
tioned on requirement pg and optional context Cs:

15 = S](g (Dseeda Ps, CS)a

where D denotes the synthesized data-artifact pool. In prac-
tice, LLM-based synthesis may involve generation, rewriting,
counterfactual construction, query expansion, or tool-assisted
data construction. The generated artifacts typically undergo
task-specific checks, grounding checks, consistency validation,
execution-based verification, or human inspection before their
accepted or revised forms are incorporated into D,qp.

A useful way to read Sg is by the validation burden of
the generated artifact, because validation burden determines
whether linguistic fluency alone suffices for adoption. In set-
tings with relatively light validation burden, seed-conditioned
methods expand small task pools or attribute specifications into
instruction-response data, pairwise comparisons, attributed
samples, multilingual embeddings, or utility-weighted exam-
ples [11]], [13]], [45], [49], [[142]. Here, adoption can of-
ten begin with semantic, diversity, or format-level checks,

though execution-level verification is sometimes still applied.
A stricter setting arises when generated artifacts must re-
main consistent with an existing corpus. Corpus-conditioned
methods therefore rewrite or extend data while preserving la-
bels, discourse structure, or multilingual correspondence [50],
[143]-[145].

The highest validation burden appears when correctness is
defined outside language alone. Caption-derived VQA pairs
must remain visually faithful [67]], executable KB queries must
run [55]], synthetic visual data must support recognition [12],
graph-conditioned examples must respect topology [87]], [146],
and retrieval-oriented query rewrites must improve down-
stream recall [101]. This setting is especially consequential
for AIR because acceptance is governed by structural validity,
execution outcomes, or downstream retrieval feedback rather
than by fluency alone.

3) Optimizer: Optimization operates above the level of a
single generated artifact. It makes pool-level decisions about
retention, revision, reweighting, ranking, and removal. Its
objectives include downstream robustness, coverage, diversity,
difficulty control, fairness, and sample efficiency.

Pool-level optimization uses the candidate set Dcang C
Diaw U 15, the requirement po, and feedback Fo to produce
an optimized data pool or selection decision:

D* == Og(DcandapOnFO)v

where D* denotes an optimized data pool or data-selection
decision. The optimizer may act as a selector, ranker, rewriter,
reweighter, debiaser, or semantic enricher. The optimized
output D* may contribute to the adopted set D,qp, but it
should be understood as a role-level pool decision rather than
the complete data-stage state.

What distinguishes O]‘g from A% and Sg is that its feed-
back Fo estimates prospective downstream utility rather than
retrospective surface quality. This requirement appears at
three granularities. At the transformation level, the candidates
are augmentation operations themselves. DISCO [147] filters
counterfactual perturbations through teacher consistency, while
LLM-AutoDA [|136] searches augmentation policies tailored to
long-tailed learning.

At the sample level, utility is estimated for individual
instances. Self-Filter [148]] scores vision-language instructions
by target-VLM difficulty, and Li et al. [[149] contrast responses
with and without instruction context to isolate informativeness.
At the auxiliary-field level, the target moves beyond the artifact
d to its semantic or knowledge fields. RLMRec [150] and
KAR [95] align LLM-derived user or item descriptors with
downstream recommendation objectives. Across these settings,
Fo functions as a utility estimator, and its reliability bounds
how aggressively the data pool can be selected, weighted, or
revised.

4) Evaluator: Before artifacts enter training or bench-
marking, evaluators assess whether they are reliable, valid,
and useful enough for downstream use. Unlike optimizers,
which revise the data pool toward an objective, evaluators
produce diagnostic judgments as their direct outputs. Their
targets include label correctness, factual faithfulness, schema
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validity, semantic consistency, toxicity, duplication, benchmark
leakage, and distributional coverage.

Data-stage evaluation returns a reliability score, diagnostic
label, and optional explanation for artifact d, conditioned on
pE and Rg:

(qda 6d7 eg) = E](g (d7 PE, Rd)7

where g4 denotes a quality or reliability score, J,; denotes a
diagnostic label, and edE denotes an optional explanation. The
diagnostic label may indicate whether an artifact is faithful,
inconsistent, ambiguous, noisy, contaminated, redundant, or
otherwise unsuitable. These judgments can be used to filter
artifacts, trigger human review, guide synthesis, or provide
feedback to the optimizer.

Data-stage evaluators address two failure modes that surface
before artifacts enter training or benchmarking. The first is
localized artifact failure, where a sample, summary, or tool-
use trajectory may be unsupported, invalid, unrelated, or in-
consistent with its reference. Multi-News+ [151], FIZZ [152],
and Iskander et al. [153] target this mode through unrelated-
document detection, atomic-fact verification, and synthetic-
trajectory validation.

The second is systemic pool or benchmark failure. Here,
individual artifacts may pass local inspection while the aggre-
gate still exhibits coverage gaps, contamination, or leakage.
Data Advisor [[132] surfaces under-covered topics and safety
dimensions in alignment data, while Sainz et al. [[154] and
Deng et al. [155] expose benchmark contamination patterns
that are invisible at the instance level. Both modes belong to
Ef; because the adopted output assesses the validity of data
or benchmark assets rather than model behavior.

B. LLMs for Model Design and Optimization

Model design and optimization is the stage in which LLM
outputs are turned into executable or semi-executable model-
development decisions. These decisions span architectures,
modules, prompts, hyperparameter configurations, loss and
reward definitions, training recipes, adaptation strategies, and
implementation code. Since their value cannot be inferred from
surface form, this stage is validation-bound. LLM-generated
proposals can be adopted only after they are executed, trained,
ablated, or evaluated downstream.

We denote the initial model-development state by My,
which may contain existing model components, design con-
straints, candidate architectures, task requirements, resource
budgets, or partial implementations. We abstract the model-
stage transformation as

Myey = Tﬁ (Mo, pu, Hu) - )

The signal Hy; may originate from humans, empirical trials,
execution traces, validation results, or external tools. Here,
Mgey denotes the model-development state produced by
LLM-mediated proposal, feedback-driven refinement, search,
or procedural planning.

In this validation-bound stage, the roles differ by when feed-
back enters the workflow. Sﬁl proposes executable candidates
before empirical behavior is observed. O{@I revises or selects

instantiated candidates after feedback becomes available. Pﬁ
schedules generation, validation, and revision.

1) Synthesizer: At the model stage, synthesis turns natural-
language specifications, partial designs, or task requirements
into candidate artifacts that can be executed or tested. These
artifacts may include architectures, modules, prompts, reward
or objective definitions, training procedures, and implementa-
tion code. The role of Sf& is therefore to enlarge the candidate
space before empirical feedback is available.

Model-stage synthesis maps Mgeed, ps, and Cs to candidate
model-development artifacts:

M = S&(MseedvaaCS)v

where M denotes synthesized model-development artifacts.
Their validity typically depends on empirical behavior rather
than surface form. Generated code is expected to compile,
architectures to remain compatible with the training pipeline,
and proposed objectives or reward functions to elicit measur-
able behavior under validation. In most reported settings, such
candidates enter M 4., only after execution-based checking or
downstream optimization.

Model-stage synthesis is governed by what counts as a
testable candidate before empirical feedback is available. In
the most direct setting, the candidate is a standalone design in-
tended for trial. Arch-LLM [124] decodes discrete architecture
codes for neural-architecture generation, and ModelGPT [139]]
maps task descriptions or user data to tailored model de-
signs. In search-assisted settings, the candidate is instead
one step in a broader exploration process. GENIUS [126],
GPT-NAS [[156], and graph-aware or evolutionary NAS vari-
ants [[130], [157] use LLMs to propose structures, while
downstream feedback handles ranking and selection.

A boundary case arises when the LLM-mediated artifact
is not a full model candidate but an interface for representa-
tion transfer. BLIP-2 [69] and Flamingo [68]] bridge visual
encoders to frozen LLMs through lightweight connecting
modules. ELLA [72] and LLM4GEN [73]] inject LLM-derived
semantic features into diffusion backbones. Graph learning
and recommendation studies similarly align graph, user, or
item representations with LLM representation spaces or LLM-
derived semantics [88]], [93], [94], [96], [97], [[105], [158],
[159]. We assign such work to Sf& when the adopted artifact is
the interface itself, and reserve Of/l for cases where empirical
feedback selects, ranks, or revises that interface.

2) Optimizer: Optimization starts once a candidate can be
compared under explicit criteria. It uses logs, validation scores,
execution traces, proxy metrics, or human preferences to
revise, rank, select, or recombine model-development artifacts.

The optimizer receives a candidate pool M ,p4, the require-
ment po, and feedback Fo, and returns

M* = OK)/[(McandvaafO)a

where M* denotes the optimized artifact pool, a selected
design decision, or the next candidate configuration to eval-
uate. The candidate pool may contain many alternatives, as
in architecture search or hyperparameter optimization, or it
may degenerate to a singleton, as in iterative refinement of a
prompt, module, objective, or training recipe.
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The unifying mechanism across Ol‘f/l work is to verbalize
prior outcomes so that they can condition the next model-stage
decision. What varies is the optimized object. OPRO [[122] and
LLAMBO [121] instantiate the configuration-level case, where
serialized hyperparameter settings and scores guide the next
sampling step in black-box or Bayesian search. A second case
treats the optimization target itself as an executable textual
object. DiscoPOP [160] searches for preference-optimization
algorithms, and Auto MC-Reward [161] revises dense reward
functions through code-level checks and trajectory feedback.

The same feedback-conditioned mechanism also applies to
prompt optimization [75], [162]] and to training-state revision
through verbalized model feedback [90], [[163]]. Across these
cases, JFo drives the loop’s adaptivity rather than serving
merely as logged history. This is why optimized artifacts
should be separated from LLM-derived encoders, adapters, or
semantic bridges that are adopted without empirical selection.

3) Orchestrator: The orchestrator organizes model devel-
opment at the procedural level. Rather than producing a
candidate architecture or objective, it specifies how candidate
generation, training, validation, ablation, resource allocation,
and revision should be sequenced.

Let Mgtate collect candidate artifacts, training logs, vali-
dation outcomes, available resources, and unresolved design
choices. The model-development policy is then expressed as:

™ = Pﬁ(MstateapPaCP):

where m; denotes a model-development plan, search policy,
experimental protocol, or sequence of design actions. The
orchestrator does not replace empirical validation. It deter-
mines which validation actions are triggered, when they are
executed, and how their outcomes are routed back to synthesis
or optimization.

The defining feature of Pﬁ is that the adopted artifact is no
longer a single candidate, but a procedure that decides which
synthesis, execution, validation, or revision step should run
next. This procedural role appears at two scopes. Within a sin-
gle generation pipeline, LLMs decompose complex design or
generation requests into layout plans, region-wise constraints,
verification steps, or diffusion-pipeline schedules [[76[—[79].
Across heterogeneous tools, they coordinate graph utilities,
chat-based graph workflows, data-management pipelines, or
action-feedback agents [92], [164]-[167]. The dividing line
with Sﬁ[ is procedural. An output that only specifies candidate
artifacts belongs in synthesis, whereas an output that specifies
how candidates are validated and revised belongs here.

C. LLMs for Model Evaluation

Model evaluation turns model behavior into actionable
assessment evidence. Its artifacts include benchmark instances,
test cases, model responses, reference answers, rubrics, pair-
wise comparison records, metric descriptions, error reports,
and diagnostic summaries. In this stage, LLMs contribute in
three separable ways. They judge model behavior, construct
what will be tested, and organize how assessment evidence is
combined.

We write )y for the initial evaluation state, which may
contain available benchmarks, model outputs, task rubrics,

metric definitions, reference materials, or prior evaluation
records. The evaluation-stage transformation is defined as

Veval = TY Vo, pv, Hy) - 3)

The feedback term /vy may include human judgments, exter-
nal checks, or prior evaluation feedback. Here, V.., denotes
the resulting evaluation state after LLM-mediated judging,
test construction, diagnosis, or protocol organization. We use
the subscript V for the evaluation stage and reserve E? for
the evaluator role. The boundary again follows the primary
LLM-mediated artifact. E$ produces scores, preferences, or
diagnostic labels, S$ produces benchmark cases, rubrics,
references, or probes, and P{’f routes instances, assigns judges,
or aggregates evidence.

1) Evaluator: The evaluator maps model outputs or be-
haviors to task-specific scores, preferences, and diagnostic
judgments. It may support LLM-as-a-judge evaluation, rubric-
based assessment, preference comparison, factuality checking,
safety diagnosis, reasoning assessment, and error analysis. Its
distinction from data-stage evaluation lies in the target. Data-
stage evaluation assesses artifact usability, whereas model
evaluation assesses whether model behavior satisfies semantic,
factual, safety, utility, robustness, or alignment requirements.

An evaluation unit v may be a model response, a response
pair, or a test instance bundled with references, rubrics, or
retrieved evidence. Formally, the evaluator operator E{‘; takes
v, requirement pg, and reference information R, as input, and
returns a judgment triple:

(q’U7 6’07 eg) = E@(’U7PE7RU)7

where ¢, denotes a score, rating, or preference signal, &,
denotes a diagnostic judgment, and e denotes an optional
explanation. The reference R, may include gold answers,
source documents, rubrics, retrieved evidence, tool outputs,
human judgments, or comparison baselines.

Two instantiations of the judgment function in E{*} reflect
a trade-off between flexibility and specialization. Prompt-
based evaluators prioritize flexibility by eliciting judgments
from general-purpose LLMs through rubrics, reasoning steps,
probability-based scoring, or fine-grained feedback, as illus-
trated by early ChatGPT-style NLG evaluation, G-EVAL,
GPTScore, and InstructScore [[19]-[21], [59], [I168], [[169].
Trained judges prioritize specialization by fine-tuning evalua-
tor language models for customized rubrics, direct scoring, or
pairwise ranking, as in JudgeLM, Prometheus, and Prometheus
2 [170]-[172]. Both routes produce the same type of adopted
output, namely a score, preference, explanation, or rubric-
grounded diagnostic label.

Beyond the judgment function itself, the evaluation unit v
and its reference R, are shaped by what counts as evidence
in a given domain. RAG settings decompose assessment into
faithfulness, answer relevance, context relevance, and retrieval
quality because none of these properties can be inferred from
the response alone [53]], [54]]. Conversational recommendation,
machine translation, and image-text retrieval adapt the criteria
to their own notions of relevance, quality, and error type [[173]—
[175]). For factuality and multimodal faithfulness, the evidence
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grain itself becomes the unit of evaluation. Atomic facts, QA
probes, visual evidence, or scene-level units replace whole-
response judgments to localize semantic mismatches [46],
[81], [82f, [[176], [177]. By contrast, capability benchmarks
such as those in [83], [84] supply test instances rather than an
Ef} judgment. It becomes an evaluator instance only when an
LLM produces the adopted judgment.

A recurring concern across both judgment forms and ev-
idence structures is whether E$ outputs can be trusted as
scalable substitutes for human assessment. MT-Bench and
Chatbot Arena made scalable LLM-based comparison widely
used, but subsequent audits documented position bias, unfair
preferences, adversarial susceptibility, and other systematic
biases in LLM judges [[178]]-[[181]. Validator-alignment work
further shows that even purpose-built evaluation functions
require human calibration and iterative validation [182]. The
practical implication is that outputs of E$ should be treated
as assessment evidence rather than terminal judgments. Their
reliability must be established through references, calibration,
multiple judges, human review, or task-specific metrics.

2) Synthesizer: Evaluation-stage synthesis is useful when
fixed benchmarks are too narrow, stale, or potentially contam-
inated. It generates test cases, adversarial prompts, rubrics,
reference answers, diagnostic probes, or task instructions. The
primary artifact is not a judgment, but evaluation material on
which later judgment can be performed.

Evaluation synthesis maps Vseed, ps, and Cs to generated
evaluation artifacts:

V= Sg(vseedva7CS)v

where V denotes synthesized evaluation artifacts. After gener-
ation, these artifacts require reference checking, difficulty and
diversity control, and leakage detection before they can serve
as reliable evaluation materials.

S{é responds to two limitations of static benchmarks that
become more severe as models improve. The first is distribu-
tional staleness. Dynamically generated questions and exam-
style items refresh the test pool and reduce reliance on fixed
labels, as in exam-based relevance evaluation and Language-
Model-as-an-Examiner [52], [[183]]. This addresses staleness
but does not by itself make broad abilities measurable.

The second limitation is criterion ambiguity. Intermediate
diagnostic units decompose broad judgments into atomic facts,
QA probes, or scene-level units, as instantiated by FActScore,
TIFA, and Davidsonian Scene Graph [46], [81], [177]. In
both cases, synthesized artifacts become reliable evaluation
materials only after checks for validity, coverage, difficulty,
and leakage. This dependence on later checking links S{’}
to evaluator and orchestrator roles rather than leaving it as
unconstrained test generation.

3) Orchestrator: When assessment depends on multiple
criteria, judges, or evidence sources, the central artifact is
no longer a single score but an assessment workflow. The
orchestrator assigns rubrics, chooses pointwise or pairwise
assessments, routes instances to judges, aggregates evidence,
and triggers additional diagnostics.

With Ve summarizing candidate benchmarks, model
outputs, scoring rules, judge results, uncertainty signals, and
resource constraints, the evaluation protocol is generated as:

™V = Pg(vstatC) PP»CP);

where 7y denotes an evaluation protocol, routing policy,
aggregation strategy, or diagnostic plan. The orchestrator com-
plements the evaluator. E{‘} produces unit-level judgments,
whereas P{’f specifies how units, judges, criteria, uncertainty
signals, and feedback are combined into an assessment work-
flow.

P{? arises when a single judgment from E?} is too narrow
or too brittle to support a defensible verdict. One orchestration
pattern composes multiple judges into a deliberative protocol.
ChatEval and PRD use debate, peer-ranking, or discussion
procedures to aggregate evidence rather than define a new
scalar metric [47], [[184]. Another pattern composes multi-
ple steps into a diagnostic procedure. SocREval decomposes
reference-free reasoning evaluation into Socratic diagnostic
stages, while Visual Programming embeds text-to-image eval-
uation in an executable program that interleaves generation and
checking [80], [[185]. The common pattern is that the adopted
artifact is the protocol that schedules judges, rubrics, evidence,
and feedback into a coherent assessment process.

D. LLMs for Closing the AIR Loop

The preceding stages describe transformations within in-
dividual phases of the ML-centered AIR pipeline. Closing
the loop requires carrying such information across itera-
tions, so that evaluation results, data-quality signals, model-
development decisions, execution logs, and human feedback
can inform subsequent actions. At the loop level, LLMs
operate on an evolving workflow state rather than isolated
stage artifacts. The objective is to use accumulated evidence to
guide the next research iteration while preserving traceability
and adaptivity.

At iteration t, the AIR workflow state W' contains current
data, model, and evaluation states, action histories, execution
logs, resource records, and accumulated feedback. Unlike the
preceding stage-level transformations, the loop-level transition
operates across iterations:

W = T8 (W', pr, Ha) - 4)

Here, 7i¢ represents the loop-level workflow transition induced
by LLM-mediated reasoning, tool interaction, and feedback
integration. It may trigger data construction, model revision,
additional evaluation, human review, resource reallocation, or
termination. The retained histories and logs also make the loop
diagnosable and auditable. The following roles instantiate this
transition through orchestration, optimization, and evaluation
at the workflow level.

1) Orchestrator: At the loop level, the orchestrator links
data, model, and evaluation stages into a coherent sequence
of research actions. It decides whether the next step should
involve data construction, model revision, additional evalu-
ation, tool use, human feedback, resource reallocation, or
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termination. The orchestrator role is therefore responsible for
maintaining procedural coherence across stages.

From the current workflow state W, the loop orchestrator
produces a plan or action policy conditioned on pp and Cp:

T, = PE(Wt7vaCP)7

where 71, denotes a loop-level plan, workflow policy, ex-
periment schedule, tool-use policy, or next-stage action. The
output 7, does not itself constitute the next workflow state;
rather, it specifies how the current state should be acted upon.
The actual transition to the next workflow state is governed
by 71¢, not by 7.

At the shorter workflow horizon, loop-level orchestration
can be viewed as a request-to-pipeline translation problem.
AutoML-GPT [[117]), AutoM>L [186], AutoMMLab [187]], and
AutoML-Agent [188] take high-level requirements and emit
coordinated sequences over data preparation, model selection,
training, hyperparameter tuning, verification, and deployment.
What these systems contribute to Pf is not an individual
data or model artifact. It is the workflow policy that keeps
stage-level procedures coherent under user requirements and
resource constraints.

At a longer research horizon, the problem shifts from trans-
lation to durable state control because a research trajectory
cannot be reduced to a single forward pipeline. AiScien-
tist [[189] illustrates this shift by maintaining project state
across paper comprehension, environment setup, implementa-
tion, experimentation, debugging, and refinement. This setting
fits more directly the cross-iteration semantics of Eq. (@), since
the orchestrator carries W' forward across iterations rather
than merely sequencing tool calls within one run.

2) Optimizer: Loop-level optimization uses accumulated
feedback to revise the workflow candidate or decision policy.
Loop-level optimizers act on the configuration of the research
process itself, rather than on a specific artifact pool as in
the data or model stages. They may adjust data-selection
strategies, model-development priorities, evaluation protocols,
resource allocation, stopping criteria, feedback-routing poli-
cies, or cross-stage dependencies.

Loop-level optimization returns a revised workflow candi-
date based on W?, po, and accumulated feedback Fo:

W* = Oﬁ(wtap07f0)7

where WW* denotes a revised workflow candidate rather than
the next workflow state itself. Adoption, execution, and vali-
dation through 71¢ may still intervene before YW* contributes
to Wit

A first loop-level optimization problem is deciding what the
workflow should try next after partial execution evidence has
been observed. AgentHPO [120]] makes this problem concrete
at the hyperparameter level by letting prior trials condition
later configurations. DS-Agent [[190] and Text-to-ML [191]]
extend the same conditioning to data-science cases and com-
plete ML workflow programs. What unifies these systems
is that past executions are not only logged for retrospective
inspection. They actively shape the next configuration, case,
or program to explore. In this sense, Fo is drawn from

accumulated workflow evidence and consumed as a revision
signal for the loop-level optimizer.

A harder problem is to optimize the solution path it-
self. Here, the target is represented by code, components,
or research traces rather than by a single configuration.
AIDE [192] formalizes machine learning engineering as tree
search over solution scripts, while MLE-STAR [ 193] initializes
from external solutions and refines selected components under
ablation feedback. These systems belong to O]‘f rather than
to stage-level optimization because the revised object W*
bundles implementation choices, data-processing decisions,
model components, validation results, and next-step priorities
into one composite workflow candidate.

3) Evaluator: The loop-level evaluator targets the work-
flow itself and examines its progress, reliability, and bottle-
necks. Unlike data- or model-stage evaluators, it does not focus
on a single artifact, response, or benchmark case; instead,
it diagnoses whether the workflow is improving, stagnating,
overfitting to a benchmark, accumulating unreliable data,
exhausting resources, or requiring human intervention.

Workflow diagnosis is modeled as a mapping from W?,
pE, and loop-level reference information Ry, to progress,
reliability, and diagnostic outputs:

(q]_n 5L7 BE) = Ef(wt7pE7RL)7

where ¢, denotes a progress, reliability, or utility estimate,
01, denotes a workflow-level diagnosis, and eE denotes an
optional explanation. The diagnosis may identify the failure
source, the need for additional data or evaluation, or whether
the loop should continue, branch, or stop. These judgments
provide feedback to both the orchestrator and the optimizer,
thereby supporting an adaptive AIR process.

The challenge specific to E]‘f is that no single artifact carries
the signal to be evaluated. The reference task must therefore
be defined at the workflow level. MLAgentBench [194] and
MLE-Bench [195] provide this scaffold through machine-
learning experimentation and engineering tasks, where agents
modify files, run experiments, inspect logs, prepare submis-
sions, and improve performance under task-level scoring.
Under these benchmarks, ¢qr, measures experimental progress
or engineering utility, which cannot be derived from response
quality on any individual instance.

A more demanding setting evaluates long-horizon Al
research rather than bounded engineering tasks. Paper-
Bench [[196] grades paper replication through hierarchically
structured subtasks, while RE-Bench [197|] compares open-
ended research-engineering trajectories against human expert
attempts. These benchmarks do not necessarily instantiate E]‘f .
Instead, they supply Rp and workflow-level targets against
which LLM-based diagnostics, explanations, and stopping
decisions can be calibrated. Their value to AI4AIR is that
defensible claims about autonomous AIR require process-
level evidence about progress, reproducibility, resource use,
and failure localization. Such evidence cannot be captured by
stage-level evaluators in isolation.

Across these three roles, Pff5 selects the next workflow
action, O]dj revises the policy or configuration under which
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actions are executed, and Eff supplies the progress and relia-
bility signal on which both depend.

E. Summary and Discussion

This section examined the AIR pipeline through five recur-
ring roles rather than four stages. Three observations follow.
First, the roles distribute unevenly across the pipeline: the
annotator appears only in data engineering, where supervision
attaches to discrete artifacts, while the orchestrator gains
weight only as single-step validation becomes intractable.
Second, the synthesizer and optimizer recur across stages, but
what they produce and what feedback they consume shifts
as the validation cost of the underlying artifact rises, from
inspectable samples in Sg to executable specifications in Sf&
and test materials in Sf}. Third, within each stage the evaluator
E?, optimizer O?, and orchestrator P¢ form a recurring
triangle, which reappears at the loop level and drives the
transition 7;”.

The same patterns also locate where the pipeline becomes
brittle. Roles whose artifacts admit linguistic inspection or
external grounding, such as the annotator and most uses of the
synthesizer, are constrained mainly by faithfulness, coverage,
and bias control, since their outputs can be checked before
adoption. Roles whose artifacts require empirical validation,
such as the optimizer and orchestrator at the model and loop
levels, are constrained instead by feedback fidelity, credit
assignment, and long-horizon stability, since errors propagate
through execution rather than surface in inspection.

This split suggests that reliability investments cannot be
uniform across roles, that workflow-level diagnostics deserve
more attention than they currently receive, and that the triangle
formed by the evaluator, optimizer, and orchestrator is itself a
unit worth engineering.

V. POTENTIAL FUTURE DIRECTIONS

While the AI4AIR paradigm is advancing rapidly, its cur-
rent capabilities remain fragmented across isolated tasks and
pipeline stages. We outline three interconnected directions,
from model-level LLM capabilities to pipeline-level integra-
tion and then to reproducibility and auditability in resource-
limited and long-tail settings. Across all three, the core ques-
tion is whether LLM-mediated operations can be verified,
compared, and reused under realistic research budgets.

A. Advancing LLM Capabilities for AIR

1) Intrinsic Enhancements within LLMs: A working
assumption of AI4AIR is that stronger foundation models
may provide more reliable support across the ML lifecycle.
While contemporary LLMs can generate intermediate rea-
soning steps fluently [10], [198], [199]], these steps are not
always externally checkable in rigorous AIR contexts, espe-
cially under multi-hop inference and scientific deduction [200].
Verifiable reasoning therefore depends on coupling generation
with self-verification and critique mechanisms [201], [202],
and on grounding mathematical or formal reasoning in tool-
augmented computation, such as retrieval-augmented theorem

proving [3|]. Numerical and scientific reasoning remain bot-
tlenecks [203|]. Practical deployment also requires parameter-
efficient adaptation and compression under realistic compute
and latency budgets [34]], [|36].

2) External Augmentation and Integration: Beyond in-
trinsic reasoning, an unresolved question is how LLMs can
interact with external environments over long horizons while
limiting the propagation of early errors. Al research produces
executable artifacts, including code, logs, and tool outputs.
This makes robust tool use, standardized interfaces, and long-
horizon planning important requirements for more reliable
AIR automation. Agentic systems provide initial evidence for
multi-step orchestration [64], and LLM-based ML workflow
systems show how high-level objectives can be decomposed
into executable subtasks [[117]], [118]]. A promising direction is
to develop failure-aware orchestrators that can retain recover-
able traces across stages. AIR support would also benefit from
stronger structured and multimodal grounding. Potential direc-
tions include visual knowledge graph integration [204], mul-
timodal judge protocols for visual-textual assessment [205],
and retrieval-augmented generation as a broadly applicable
grounding mechanism [33].

B. Imbalanced LLM Integration in AIR Pipelines

1) Underexplored Roles in Model Design and Optimiza-
tion: The maturity of LLM integration varies significantly
across AIR pipeline stages. LLMs are now common in data
preparation and evaluation, but they are less established in
architecture design and training optimization. This disparity
stems from the costly and delayed feedback inherent in train-
ing runs, the challenges of high-dimensional search spaces,
and the difficulty of assigning credit to individual design
decisions [30], [206]. Existing attempts in this direction,
such as reward-design loops with rollout feedback [|123]] and
code-level evolutionary search [129]], suggest that semantic
proposals become more reliable when grounded in executable
feedback. Rigorous early verification remains underused, al-
though reflective zero-cost strategies [[127] offer one way to
screen LLM-proposed interventions before expensive training
runs. Executable co-design should be paired with low-cost
diagnostics, so that semantic proposals can be screened before
full training.

2) Open Challenges in the Data and Evaluation Stages:
In the data and evaluation stages, where LLM integration
is more mature, the central bottleneck shifts from capability
scaling to reliability and interpretability [13]], [[182]. Data-
stage failures often arise silently through bias amplification,
contamination, and weak provenance tracking [155]], [207].
These failures can propagate into downstream training and
evaluation. Human-LLM verification can help check LLM-
produced labels [15[], but cross-model agreement, leakage
auditing, and distributional-artifact detection still lack com-
mon protocols. Evaluation-stage use of LLM-as-a-Judge offers
scalable assessment, yet it remains sensitive to prompt phras-
ing, position bias, and superficial cues [[179], [180]. Existing
remedies include multi-agent debate [47] and decomposi-
tional evaluation based on atomic claims or retrieval-grounded
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checks [46], [54]]. The open problem is how to calibrate
these mechanisms across tasks, models, and time, rather than
deploying them as isolated checks. Bridging this gap re-
quires treating LLM interventions as executable and auditable
pipeline components, each coupled with low-cost verification
and logged evidence. Beyond these component-level checks,
AI4AIR also needs workflow-level meta-evaluation. Future
studies should test whether LLM-mediated pipelines produce
better models, datasets, or evaluation protocols than LLM-free
or human-designed workflows. Such comparisons should use
the same data, compute, and human-review budget, with role-
level ablations and execution logs for attribution.

C. Inclusive AI4AIR in Constrained Settings

1) Empowering Resource-Limited Research Participation:
Resource-limited participation is better assessed by operational
access than by API availability alone. Constrained groups
would benefit from AIR workflows that can be rerun, in-
spected, and compared under explicit data, compute, and
evaluation conditions. For these groups, parameter-efficient
fine-tuning and model compression can help reduce adaptation
costs and hardware requirements [34], [36]. For AI4AIR,
however, such lightweight deployments become more reusable
when they also preserve audit trails, evaluation logs, and
reproducible adaptation recipes. Standardized pipelines that
package automated data checks, evaluation rubrics, and audit
logs as reusable components would help resource-limited
groups validate and extend prior work through shared artifacts
rather than proprietary full stacks.

2) Unlocking Long-Tail AIR Scenarios: Long-tail AIR
scenarios remain underexplored, partly because they often
combine limited data, scarce expertise, and weak evaluation
infrastructure. Early work on LLM-driven data augmentation
for long-tailed problems [136] and long-tail visual recogni-
tion [65] suggests that generated content can improve tail-
class coverage under controlled settings. At the same time,
attributed data synthesis reveals bias risks in synthetic super-
vision [13]]. A more difficult open question is whether such
tools can support comparable evaluations, rather than only
producing more data, in settings where validation is itself
under-resourced [[106]. Progress is therefore better defined by
reproducible task formulation, controllable dataset synthesis,
and comparable evaluation protocols than by raw resource
scaling. Such a framing would shift inclusion from a broad
aspiration toward a workflow property that can be checked
and compared.

VI. CONCLUSION

In this survey, we present AI4AIR as a systematic frame-
work for characterizing how large language models are inte-
grated into ML-centered Al research. We organize existing
studies from two complementary perspectives: a domain-
oriented view covering major Al sub-domains, and a pipeline-
oriented view covering data engineering, model design and
optimization, model evaluation, and closing the AIR loop. The
reviewed literature suggests that LLMs are moving beyond pe-
ripheral assistance in many ML-centered workflows. Instead,

they increasingly act as annotators, synthesizers, optimizers,
evaluators, and orchestrators across the Al research lifecycle.
Through these roles, LLMs help construct and refine research
artifacts, support model-development decisions, assist evalu-
ation, and coordinate iterative feedback. These capabilities
may accelerate experimentation and make complex model-
development workflows more accessible. At the same time,
their broader adoption depends on addressing persistent chal-
lenges in reliability, interpretability, bias, and controllability.
Future AI4AIR systems should therefore emphasize verifiabil-
ity, adaptivity, and human-controllable workflow design.
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