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Abstract
AI scientists are frequently regarded as a tran-
sition from passive instruments to autonomous
research entities. This research contends that the
fundamental transformation is mechanistic: neu-
ral networks have progressed from task-specific
predictors to multimodal distillation systems
adept at integrating scientific information, com-
pressing expert knowledge, and facilitating dis-
covery workflows. Scientific AI is transitioning
along the spectrum from AlphaFold-style predic-
tions to agentic systems that design experiments,
utilize tools, and compose research results. We
offer a conceptual framework that connects three
stages: predictive neural networks, foundation
models, and multimodal distillation-driven scien-
tific agents. We contend that the autonomy of
AI scientists should be assessed not solely by the
quality of their outputs, but also by their capa-
bilities in hypothesis formulation, experimental
design, verification, attribution, and human over-
sight.

1. Introduction
Artificial intelligence in science is evolving from a pas-
sive role to an active participation in research methodolo-
gies. Historically, neural networks mostly operated as task-
specific predictors or optimization elements. Modern sys-
tems now enable structure prediction, materials discovery,
experimental design, tool application, and research commu-
nication. AlphaFold and AlphaFold 3 have revolutionized
biological structure prediction, GNoME has accelerated neu-
ral materials discovery, and Coscientist, in conjunction with
autonomous laboratories, illustrates that AI can systemati-
cally design and execute components of experimental sci-
ence (Jumper et al., 2021; Abramson et al., 2024; Merchant
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et al., 2023; Boiko et al., 2023; Szymanski et al., 2023).
These improvements suggest that the central question has
transitioned from whether AI can assist in research to the
degree to which it can go from a simple tool to a collaborator
and finally to an autonomous scientific contributor.

This research asserts that the transition signifies not only
a product-level advancement from chatbots to agents but
also a significant fundamental transformation in neural rep-
resentation learning. Neural networks have evolved from
specialized models to foundational models that encompass
broad representations spanning language, vision, molecules,
code, mathematics, and scientific data (Bommasani et al.,
2021; Radford et al., 2021; Alayrac et al., 2022; Li et al.,
2023; Liu et al., 2023; Yan et al., 2024a). Multimodal
learning enables the integration of varied information, unify-
ing textual hypotheses, visual evidence, symbolic formulas,
experimental methods, molecular structures, and external
resources into coherent thinking processes.

The principal mechanism facilitating this transformation
is multimodal distillation. Distillation has progressed be-
yond simple model compression; it now serves as a mecha-
nism for imparting expert knowledge, cross-modal evidence,
procedural demonstrations, tool-use behavior, and reason-
ing traces into reusable neural representations (Wei et al.,
2022; Kojima et al., 2022; Hsieh et al., 2023; Yao et al.,
2023). Through this process, neural networks transition
from isolated predictors to sophisticated scientific interfaces
proficient in integrating knowledge, reasoning, and action.

This evolution is apparent in the advancement of emerging
AI scientific systems. Coscientist demonstrates chemical
reasoning and experimental implementation through lan-
guage models using external tools (Boiko et al., 2023);
autonomous laboratories amalgamate machine learning,
robotics, and closed-loop optimization for material syn-
thesis (Szymanski et al., 2023); and AlphaGeometry and
AlphaProof-type systems showcase progress in formal rea-
soning and systematic problem-solving (Trinh et al., 2024).
Regardless of age differences, these systems demonstrate a
shared progression: scientific AI is transitioning from just
answering questions to actively participating in research
processes.

This transition also raises governance and evaluation chal-
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lenges. AI systems that generate hypotheses, design ex-
periments, use tools, analyze results, and write reports go
beyond traditional software assistance. Therefore, scientific
AI should be evaluated not only by output quality, but also
by hypothesis generation, experimental planning, verifica-
tion, reproducibility, attribution, accountability, and human
oversight.

This paper makes three contributions. First, it presents a
neural-mechanistic perspective on the evolution from pre-
dictive neural networks to multimodal scientific agents. Sec-
ond, it proposes multimodal distillation as a key mechanism
connecting tool-oriented AI and collaborative scientific sys-
tems. Third, it argues that AI scientist autonomy should
be evaluated according to workflow participation, including
whether a system acts as a tool, collaborator, or autonomous
contributor.

Figure 1. Conceptual overview of the mechanistic evolution from
neural prediction to AI scientist agents.

Figure 1 illustrates our proposed view. Scientific AI is evolv-
ing from task-specific predictors into foundation models,
multimodal alignment systems, distillation-driven represen-
tations, and AI scientist agents.

2. Related Work
2.1. AI for Science and Autonomous Discovery

AI for Science has evolved from task-specific prediction
toward large-scale scientific modeling and autonomous dis-
covery. AlphaFold and AlphaFold 3 advanced biological
structure prediction, while GNoME accelerated neural mate-
rials discovery (Jumper et al., 2021; Abramson et al., 2024;
Merchant et al., 2023). Beyond prediction, Coscientist and
autonomous laboratories demonstrate increasing AI par-
ticipation in experimental planning, tool use, and closed-
loop scientific workflows (Boiko et al., 2023; Szymanski
et al., 2023). However, most existing work focuses on per-
formance and discovery speed rather than the multimodal
reasoning mechanisms underlying the transition from pre-
dictive tools to collaborative scientific systems.

2.2. Foundation Models and Multimodal Representation
Learning

Foundation models provide transferable representations
across language, vision, code, and structured scientific data
(Bommasani et al., 2021). CLIP, Flamingo, BLIP-2, and
LLaVA further demonstrated cross-modal alignment and
vision-language reasoning capabilities (Radford et al., 2021;
Alayrac et al., 2022; Li et al., 2023; Liu et al., 2023; Yan
et al., 2025b). Such multimodal learning is particularly
important for scientific AI because research workflows inte-
grate papers, figures, equations, protocols, molecular struc-
tures, code, and experimental results.

2.3. Reasoning, Tool Use, and Agentic Scientific Systems

Recent advances in reasoning and tool use enable neural
systems to perform multi-step reasoning and interact with
external resources. Chain-of-thought prompting, zero-shot
reasoning, and ReAct demonstrate that language models
can expose intermediate reasoning traces and coordinate
actions with tools (Wei et al., 2022; Kojima et al., 2022; Yao
et al., 2023). These capabilities are increasingly visible in
AI-for-science systems such as Coscientist and autonomous
laboratories (Boiko et al., 2023; Szymanski et al., 2023),
while AlphaGeometry and AlphaProof-style systems high-
light progress in structured mathematical reasoning (Trinh
et al., 2024).

2.4. Knowledge Distillation and Multimodal Distillation

Knowledge distillation originally focused on transferring
outputs from large teacher models to smaller student models,
but recent approaches increasingly transfer reasoning traces,
demonstrations, and tool-use behaviors (Hsieh et al., 2023).
Combined with chain-of-thought reasoning and ReAct-style
interaction (Wei et al., 2022; Kojima et al., 2022; Yao et al.,
2023; Yan et al., 2024b), distillation can compress reasoning
and action trajectories into reusable neural representations.
Unlike standard knowledge distillation or multimodal rep-
resentation learning, we define multimodal distillation as a
workflow-oriented mechanism that integrates cross-modal
scientific evidence, reasoning traces, expert demonstrations,
and tool-use behavior into stable representations for scien-
tific workflow participation.

2.5. Autonomy, Attribution, and Governance of AI
Scientists

As AI systems increasingly participate in scientific work-
flows, questions of autonomy, attribution, and governance
become more important. Systems such as Coscientist, au-
tonomous laboratories, and formal reasoning frameworks
already blur the boundary between tools and collaborators
(Boiko et al., 2023; Szymanski et al., 2023; Trinh et al.,
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2024). We argue that AI scientist systems should be eval-
uated not only by output quality, but also by workflow-
level abilities including hypothesis generation, experimental
design, verification, reproducibility, attribution clarity, ac-
countability, and human oversight.

Figure 2. Conceptual framework of the evolution from prediction-
oriented neural systems to autonomous AI scientist agents.

Figure 2 illustrates our proposed neural-mechanistic view of
AI scientist systems. Scientific AI evolves from task-specific
predictors to foundation models, multimodal representation
learning, tool-using agents, and autonomous AI scientist
systems.

3. Methodology: A Neural-Mechanistic
Framework for AI Scientist Systems

This paper adopts a conceptual and mechanistic methodol-
ogy. Rather than proposing a single new model architecture,
we analyze the evolution of AI scientist systems as a transi-
tion in neural learning mechanisms: from task-specific pre-
diction, to foundation model representation, to multimodal
alignment, to multimodal distillation, and finally to agentic
scientific autonomy. The goal is to provide a structured
framework for explaining how neural systems move from
tool-like assistance toward collaborator-like participation in
scientific workflows.

Figure 3. Neural-mechanistic framework for the evolution from
tool-oriented AI systems to autonomous AI scientist systems.

3.1. Analytical Scope

We define an AI scientist system as a neural or neuro-
symbolic system that participates in one or more stages
of the scientific workflow, including literature understand-
ing, hypothesis generation, experimental planning, tool use,
data interpretation, verification, protocol generation, and
manuscript drafting. Under this definition, systems differ
not only by their output quality, but also by their functional
role in the research process.

We analyze AI scientist systems along three dimensions:

1. Representational scope: whether the system oper-
ates on a single modality or integrates text, images,
equations, molecular structures, protocols, code, and
laboratory actions.

2. Workflow participation: whether the system only pre-
dicts outputs, supports human decisions, coordinates
tools, or participates in closed-loop scientific discov-
ery.

3. Autonomy and accountability: whether the system
requires direct human instruction at every step, col-
laborates with human researchers, or independently
proposes, tests, and documents scientific claims.

This scope allows us to compare AI systems not only as
models, but as participants in scientific workflows.

3.2. Five-Stage Evolutionary Framework

We model the evolution of AI scientist systems as five
stages:

SAI : Pθ → Fθ → Mθ → Aθ → Rθ, (1)

where Pθ denotes task-specific predictors, Fθ denotes foun-
dation models, Mθ denotes multimodal representation sys-
tems, Aθ denotes agentic tool-using systems, and Rθ de-
notes autonomous research-oriented AI scientist systems.

Stage 1: Task-specific predictors. Early neural scientific
systems mainly learn narrow mappings:

y = fθ(x), (2)

where x is a scientific input, such as a sequence, molecule,
image, or numerical state, and y is a predicted property,
class, structure, or score. These systems are useful as scien-
tific tools, but they usually do not participate in hypothesis
generation, experimental planning, or workflow-level rea-
soning.

3
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Stage 2: Foundation models. Foundation models expand
neural learning from narrow prediction to broad represen-
tation. Instead of learning one task-specific mapping, they
learn general representations:

z = Fθ(x1, x2, . . . , xn), (3)

where inputs may span language, code, molecular structures,
scientific images, tables, equations, and other scientific data.
This stage enables transfer, adaptation, and cross-domain
reuse.

Stage 3: Multimodal representation learning. Scientific
reasoning is inherently multimodal. A research problem
may require connecting a paper, a figure, a molecular graph,
an equation, a protocol, and an experimental result. We
represent multimodal alignment as:

zm = gθ(x
text, ximage, xequation,

xmolecule, xprotocol).
(4)

where zm is a shared representation that integrates hetero-
geneous scientific evidence. This stage transforms neural
systems from single-input predictors into scientific repre-
sentation interfaces.

Stage 4: Tool use and agentic reasoning. Agentic sys-
tems extend representation learning into action. A tool-
using scientific agent can be represented as:

at = πθ(st, ht, T ), (5)

where st is the current scientific state, ht is the reasoning
history, T is the available tool set, and at is the selected
action, such as searching literature, calling a code interpreter,
querying a database, planning an experiment, or revising a
hypothesis.

Stage 5: Autonomous AI scientist systems. At the high-
est stage, the system participates in a research loop:

Ht → Et → Ot → Vt → Ht+1, (6)

where Ht is a hypothesis, Et is an experiment or compu-
tational test, Ot is the observed result, Vt is verification
or evaluation, and Ht+1 is the revised hypothesis. This
loop captures the transition from passive prediction to active
scientific contribution.

3.3. Multimodal Distillation as the Key Mechanism

We define multimodal distillation as the process by which
heterogeneous scientific signals, expert demonstrations, rea-
soning traces, and tool-use behaviors are compressed into
stable reusable neural representations. Unlike conventional
knowledge distillation, which mainly transfers outputs from
a teacher model to a student model, multimodal distillation
transfers both knowledge and workflow behavior.

Let the scientific evidence set be:

X = {xtext, xfigure, xequation,

xmolecule, xcode, xprotocol, xtool}.
(7)

A multimodal distillation process maps this heterogeneous
evidence into a stable representation:

z∗ = Dθ(X , r, a), (8)

where r denotes reasoning traces and a denotes tool-use
or experimental actions. The objective is not only to pre-
serve predictive information, but also to preserve scientific
structure, procedural knowledge, and reproducible workflow
behavior.

We formulate this objective as:

Ldistill = Ltask + λ1Lalign + λ2Lreason

+ λ3Laction + λ4Lstable.
(9)

where Ltask preserves task performance, Lalign aligns
cross-modal scientific evidence, Lreason preserves reason-
ing traces, Laction transfers tool-use behavior, and Lstable

encourages stable and reusable representations. The coef-
ficients λ1, . . . , λ4 control the relative contribution of each
component.

3.4. Stability and Scientific Reliability

A central claim of this paper is that AI scientist systems re-
quire stable scientific representations. Scientific workflows
are vulnerable to spurious correlations, hallucinated explana-
tions, unstable reasoning traces, and irreproducible tool-use
behavior. We therefore introduce a stability criterion:

∆zt = ∥zt − zt−1∥, (10)

where zt is the system representation at step t. A reliable AI
scientist should avoid unnecessary representational volatility
when the underlying scientific structure remains unchanged.

We define a stability regularization term:

4
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Lstable =

T∑
t=1

wt∥zt − zt−1∥2, (11)

where wt controls the importance of stability at each work-
flow step. This term does not force the model to ignore real
scientific change. Instead, it suppresses unstable or spurious
changes while allowing representation updates when new
evidence justifies revision.

3.5. Autonomy Assessment Criteria

To distinguish tools, collaborators, and independent contrib-
utors, we propose evaluating AI scientist systems through
workflow-level autonomy rather than output quality alone.
Let the autonomy profile be:

A = (Ah, Ae, Av, At, Ar, Ag), (12)

where Ah denotes hypothesis generation, Ae denotes ex-
perimental planning, Av denotes verification behavior, At

denotes tool-use competence, Ar denotes reproducibility
support, and Ag denotes governance and attribution clarity.

We classify systems into three levels:

Role(S) =


Tool, A ∈ ΩT ,

Collaborator, A ∈ ΩC ,

Contributor, A ∈ ΩI .

(13)

This classification reflects the workshop’s central question:
whether AI scientists should be understood as tools, collab-
orators, or founders. Our position is that this distinction
should be based on the system’s role inside the scientific
workflow, not merely on the sophistication of its interface
or the fluency of its outputs.

3.6. Summary

In summary, our methodology provides a neural-
mechanistic framework for analyzing AI scientist systems.
The framework connects five stages of AI evolution, de-
fines multimodal distillation as the key mechanism linking
representation and action, and proposes autonomy criteria
grounded in scientific workflow participation. This allows
AI scientists to be evaluated not only by what they pro-
duce, but by how they reason, act, verify, and participate in
discovery.

4. Theoretical Statement and Proof

Figure 4. Multimodal distillation as a stability mechanism for AI
scientist systems.

Figure 4 visualizes the theoretical role of multimodal distil-
lation in our framework. Scientific workflow inputs are in-
herently heterogeneous, including papers, figures, equations,
molecular structures, protocols, code, tool logs, reasoning
traces, and experimental actions. A multimodal encoder Dθ

maps these inputs into a shared representation zt, while the
stability regularization term penalizes unsupported changes
across workflow steps.

4.1. Theoretical Motivation

The purpose of this section is not to prove full autonomy
in AI scientist systems, but to formalize how multimodal
distillation can support stable scientific workflow participa-
tion. Under a Lipschitz and stability-regularized learning
setting, multimodal distillation reduces unnecessary rep-
resentational volatility while preserving evidence-driven
updates. More broadly, the framework can be interpreted
as learning compact scientific representations that minimize
workflow-level uncertainty across reasoning and tool-use
trajectories. Specifically, multimodal distillation can be
formulated as:

z∗ = argmin
z

(
I(X; z)− βI(z;Y )

)
, (14)

where I(X; z) controls compressed multimodal representa-
tions and I(z;Y ) preserves scientifically relevant informa-
tion.

In addition, workflow consistency can be regularized as:

Lworkflow =

T∑
t=1

∥ϕt − ϕt−1∥2, (15)

where ϕt denotes workflow representations across reason-
ing, tool use, verification, and experimental stages. This
interpretation connects multimodal distillation with stable
and coherent scientific workflow behavior rather than only
local representation smoothing.

5
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4.2. Setup

Let M denote a set of scientific modalities, such as text,
figures, equations, molecular structures, protocols, code,
and tool logs. At workflow step t, the scientific evidence is
represented as

Xt = {xm
t }m∈M. (16)

A multimodal encoder maps this evidence into a shared
scientific representation:

zt = Dθ(Xt, rt, at), (17)

where rt denotes reasoning traces and at denotes tool-use
or experimental actions. The distillation objective is defined
as

Ldistill = Ltask + λ1Lalign + λ2Lreason

+ λ3Lact + λ4Lstab,
(18)

where Ltask preserves task performance, Lalign aligns
cross-modal scientific evidence, Lreason preserves reasoning
traces, Lact transfers tool-use behavior, and Lstab regular-
izes unnecessary representational volatility. We define the
stability term as

Lstab =

T∑
t=1

wt∥zt − zt−1∥2, (19)

where wt ≥ 0 controls the strength of stability regulariza-
tion at step t.

4.3. Proposition: Stability Effect of Multimodal
Distillation

Proposition 1. Assume that the multimodal distillation
mapping Dθ is L-Lipschitz with respect to its input evi-
dence, reasoning traces, and tool-use actions. That is, for
two workflow states (Xt, rt, at) and (Xt−1, rt−1, at−1),

∥zt − zt−1∥ ≤ L
(
d(Xt,Xt−1)

+ ∥rt − rt−1∥+ ∥at − at−1∥
)
,

(20)

where d(Xt,Xt−1) measures cross-modal evidence varia-
tion. If λ4 > 0, minimizing Ldistill penalizes representation
changes that are not supported by corresponding evidence,
reasoning, or action changes. Therefore, multimodal dis-
tillation with stability regularization reduces spurious rep-
resentational volatility while preserving evidence-driven
scientific updates.

4.4. Proof

Proof. By definition, the representation at step t is

zt = Dθ(Xt, rt, at), (21)

and the representation at step t− 1 is

zt−1 = Dθ(Xt−1, rt−1, at−1). (22)

Since Dθ is assumed to be L-Lipschitz, we have

∥zt − zt−1∥ = ∥Dθ(Xt, rt, at)

−Dθ(Xt−1, rt−1, at−1)∥
≤ L

(
d(Xt,Xt−1)

+ ∥rt − rt−1∥+ ∥at − at−1∥
)
.

(23)

This inequality shows that representational variation is
bounded by changes in scientific evidence, reasoning traces,
and tool-use actions. Therefore, if the scientific evidence
remains nearly unchanged, and if reasoning traces and ac-
tions also remain stable, then the representation should not
change significantly.

The stability regularization term is

Lstab =

T∑
t=1

wt∥zt − zt−1∥2. (24)

Because λ4 > 0, the full objective includes the term

λ4Lstab = λ4

T∑
t=1

wt∥zt − zt−1∥2. (25)

During minimization, large values of ∥zt − zt−1∥2 increase
the objective unless they are compensated by improvements
in task performance, cross-modal alignment, reasoning
preservation, or action transfer. Thus, unnecessary changes
in representation are discouraged.

However, the stability term does not force representa-
tions to remain constant. If there is meaningful evidence
change, such as a new experimental result, revised hypoth-
esis, updated protocol, or tool-generated observation, then
d(Xt,Xt−1), ∥rt − rt−1∥, or ∥at − at−1∥ may increase.
In that case, the Lipschitz bound permits a corresponding
update in zt. Therefore, the model can still revise its repre-
sentation when scientific evidence warrants revision.

Hence, multimodal distillation with stability regularization
suppresses unsupported volatility while allowing evidence-
driven scientific updates. This proves the proposition.
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4.5. Implication for AI Scientist Systems

The proposition supports the main position of this paper. A
tool-like predictor may produce outputs without stable work-
flow memory or cross-modal consistency. In contrast, a mul-
timodal distillation-driven AI scientist system can preserve
reusable scientific representations across workflow steps.
Stability regularization reduces spurious shifts, while mul-
timodal evidence, reasoning traces, and tool-use behavior
still allow meaningful revision. This provides a theoretical
basis for treating multimodal distillation as a bridge from
isolated prediction toward reproducible, collaborator-like
scientific workflow participation.

5. Discussion
This research conceptualizes AI scientific systems as a
neural-mechanistic transition rather than merely a product-
level evolution from chatbots to agents. Current systems
exhibit different stages of this transition: AlphaFold and Al-
phaFold 3 focus on biological structure prediction, GNoME
and A-Lab support materials discovery and autonomous
synthesis, Coscientist combines language-model reasoning
with chemical experimentation, while AlphaGeometry and
AlphaProof demonstrate structured mathematical reasoning
capabilities (Jumper et al., 2021; Abramson et al., 2024;
Merchant et al., 2023; Szymanski et al., 2023; Boiko et al.,
2023; Trinh et al., 2024). To improve operationalization, Ta-
ble 1 compares representative AI-for-science systems across
the proposed autonomy dimensions, including hypothesis
generation, tool use, verification, reproducibility, and work-
flow participation. These examples suggest that scientific
AI is gradually moving beyond passive assistance toward
workflow-level participation.

A key implication is that AI scientist systems should not
be evaluated solely by output quality or benchmark accu-
racy. For tool-like systems, prediction performance may be
sufficient. For collaborator-like systems, evaluation should
additionally consider hypothesis generation, experimental
planning, verification, reproducibility, and scientific docu-
mentation. This motivates a transition from static bench-
mark evaluation to workflow-level assessment. Techniques
such as Chain-of-Thought, zero-shot reasoning, and ReAct
further demonstrate that neural systems can expose inter-
mediate reasoning processes and coordinate actions with
external tools (Wei et al., 2022; Kojima et al., 2022; Yao
et al., 2023). In scientific environments, these capabilities
must also be evaluated with provenance tracking, auditabil-
ity, and human oversight.

Multimodal distillation is important because scientific
knowledge exists across heterogeneous modalities includ-
ing papers, figures, equations, software, protocols, molec-
ular structures, instruments, and experimental procedures.

Existing multimodal systems align language, vision, and
structured scientific signals into reusable representations
(Bommasani et al., 2021; Radford et al., 2021; Alayrac
et al., 2022; Li et al., 2023; Liu et al., 2023). Incremental
distillation further shows that reasoning traces can also be
transferred rather than only final outputs (Hsieh et al., 2023).
Unlike standard knowledge distillation or multimodal rep-
resentation learning, we define multimodal distillation as a
workflow-oriented mechanism that compresses cross-modal
evidence, reasoning traces, expert demonstrations, and tool-
use behavior into stable representations that support scien-
tific workflow participation.

This perspective also suggests that autonomy is not a binary
property. A system may autonomously search literature
while still requiring human supervision for experimental de-
sign; it may generate hypotheses but still depend on human
verification; or it may operate tools without maintaining
accountability for scientific claims. Therefore, the distinc-
tion between tool, collaborator, and contributor should be
defined according to workflow role rather than interface
sophistication alone.

5.1. Limitations

This work is primarily conceptual and does not introduce a
new benchmark, dataset, or implemented AI scientist archi-
tecture. The proposed framework is intended as a structured
perspective for analyzing the evolution from predictive neu-
ral networks to workflow-oriented scientific agents. In addi-
tion, the proposed autonomy dimensions remain qualitative
and require future operationalization through measurable
evaluation metrics and standardized protocols. While the
theoretical discussion provides intuition regarding represen-
tation stability and workflow consistency, the framework
currently lacks empirical validation and large-scale compar-
ative experimentation.

6. Conclusion
The paper contended that AI scientific systems must be per-
ceived as more than a mere transition from passive tools to
autonomous agents. Their rise signifies a profound change
in neural mechanisms: transitioning from task-specific pre-
dictors to foundational models, then to multimodal represen-
tation learning, followed by tool-utilizing agents, and ulti-
mately to systems adept at engaging in scientific workflows.
We recognized multimodal distillation as a crucial process
in this transformation, since it consolidates diverse scientific
information, expert demonstrations, reasoning pathways,
and tool-utilization behaviors into stable, reusable represen-
tations.

The primary assertion is that the autonomy of AI scien-
tists should not be evaluated just based on the quality of
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their output or benchmark performance. A technology that
generates coherent scientific prose or attains high predictive
accuracy does not inherently qualify as a scientific collabora-
tor. Autonomy should be evaluated based on workflow-level
competencies, encompassing hypothesis development, ex-
perimental design, verification practices, tool dependability,
reproducibility, clarity of attribution, and the necessity for
human oversight. This role-based perspective enables the
classification of scientific AI systems as tools, collabora-
tors, or contributors based on their real functions within the
research process.

This research establishes a conceptual framework for assess-
ing the forthcoming generation of AI scientist systems by
linking neural network evolution with issues of scientific
agency, multimodal distillation, and governance. Future
endeavors must establish definitive benchmarks, audit trails,
reproducibility processes, and institutional norms to ascer-
tain the conditions under which AI functions as an assistant,
transitions to a collaborator, and initiates autonomous scien-
tific contributions.

7. Future Work

Figure 5. Future directions for evaluating and advancing AI scien-
tist systems.

Figure 5 summarizes the main future directions that follow
from our framework. We argue that AI scientist systems re-
quire evaluation and governance beyond conventional bench-
mark accuracy.

A concrete workflow-level evaluation protocol would
strengthen the practical relevance of the proposed frame-
work. Future evaluation should measure not only predic-
tion quality, but also hypothesis generation, experimental
planning, tool use, verification, reproducibility, and human
oversight across scientific workflows.

Initially, benchmarks for AI scientists should progress be-
yond static question answering and isolated predictive tasks
to encompass comprehensive scientific workflow evaluation,
which includes hypothesis formulation, experimental plan-

ning, tool execution, result interpretation, verification, and
manuscript-level documentation. Current advancements in
autonomous chemistry, autonomous laboratories, and for-
mal reasoning systems indicate that AI systems are begin-
ning to integrate into certain aspects of the research process;
however, standardized workflow-level benchmarks are still
inadequately developed (Boiko et al., 2023; Szymanski et al.,
2023; Trinh et al., 2024; Musaelian et al., 2023; Cheng et al.,
2024). These criteria should assess not only ultimate accu-
racy but also the reproducibility, evidence-based nature, and
auditability of the reasoning process.

Secondly, multimodal distillation ought to be examined as
a technique for reliability. Contemporary distillation tech-
niques frequently emphasize compression or performance
transfer, whereas AI scientific systems necessitate the trans-
fer of scientific methodologies, reasoning pathways, tool-
utilization behaviors, experimental limitations, and cross-
modal evidence. Chain-of-thought reasoning, sequential
distillation, and ReAct-style reasoning-action loops estab-
lish preliminary foundations for this trajectory (Wei et al.,
2022; Kojima et al., 2022; Hsieh et al., 2023; Yao et al.,
2023). Future studies ought to investigate the impact of
various modalities of distillation on stability, hallucination
mitigation, repeatability, and scientific validity.

Third, enhanced autonomy metrics are necessary. Future
research should assess varying degrees of autonomy in AI
systems across particular workflow parameters, including lit-
erature search, hypothesis formulation, experimental design,
code execution, instrument control, verification, and attribu-
tion, rather than categorizing them as just autonomous or
non-autonomous. Foundation models and multimodal sys-
tems exhibit extensive representational capabilities across
language, vision, and structured data; however, their sci-
entific autonomy should be evaluated based on their role
in workflows rather than their interface proficiency (Bom-
masani et al., 2021; Radford et al., 2021; Alayrac et al.,
2022; Li et al., 2023; Liu et al., 2023; Yan et al., 2025a).

Ultimately, governance and documentation requirements
must evolve in tandem with technological advancements.
Future AI scientific systems must maintain transparent docu-
mentation of prompts, reasoning pathways, tool utilizations,
data origins, experimental choices, code executions, human
interventions, and publication contributions. As systems
like AlphaFold, AlphaFold 3, GNoME, Coscientist, and
autonomous laboratories assume more significant scientific
functions, there is a pressing need for clearer standards to
verify, attribute, and regulate AI involvement in discovery
processes (Jumper et al., 2021; Abramson et al., 2024; Mer-
chant et al., 2023; Boiko et al., 2023; Szymanski et al.,
2023).
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