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ABSTRACT

Time-series interpretation and reasoning are essential for inferring the state of
physical systems and remain a key challenge for autonomous scientific discov-
ery. We introduce a benchmark to evaluate whether large language model (LLM)
agents can perform such reasoning in adaptive experiment-planning settings where
time-series observations serve as feedback and experimental conditions constitute
agent actions that generate new trajectories. Using kinetic mechanism identifica-
tion as a motivating testbed, we construct an agent–environment loop in which
an agent iteratively proposes experiments, receives time-series data, and refines
hypotheses over competing mechanisms while selecting new experimental condi-
tions that best discriminate among them. We show that agents with likelihood-
based (NLL) feedback consistently outperform adaptive and non-adaptive base-
lines, demonstrating effective hypothesis-aware adaptive experimental design.
Agents operating directly on raw time-series feedback also outperform the same
baselines, indicating a non-trivial capability to extract task-relevant information
from noisy trajectories without hand-engineered analysis tools. However, raw-
feedback performance remains below NLL-feedback performance, highlighting
current limitations in direct time-series interpretation by LLM agents without
structured signals. Overall, this work contributes both (i) a benchmark for interac-
tive time-series reasoning in adaptive experimental settings, and (ii) an empirical
study of LLM agents’ strengths and limitations in hypothesis-driven scientific ex-
perimentation.

Track: Research

1 INTRODUCTION

Inferring the state of dynamical physical and chemical systems from time-series observations is a
fundamental problem in scientific discovery. This class of problems arises in multiple scientific do-
mains where competing dynamical models must be discriminated through adaptive experimentation.
Examples include kinetic mechanism identification in chemistry (Blackmond, 2005; Burés, 2016a),
adaptive Hamiltonian learning in quantum systems (Wang et al., 2017; Wiebe et al., 2014), gene reg-
ulatory network inference under perturbation experiments in systems biology (Gardner et al., 2003;
Bonneau et al., 2006), neural circuit identification using controlled stimulation and time-resolved
recordings (Paninski et al., 2007; Brunton et al., 2016), adaptive epidemiological model discrimina-
tion (Funk et al., 2015), and active system identification in robotics (Ljung, 1999). In these settings,
inference rarely proceeds from a single experiment. Instead, researchers iteratively interpret time-
resolved observations, maintain and refine hypotheses over competing system models, and design
new experiments or interventions that most effectively discriminate among them. By repeating this
closed-loop process – experiment, observe, update, redesign – uncertainty over the underlying dy-
namical mechanism is progressively reduced.

Recent work has begun to explore large language models (LLMs) as components of autonomous
scientific discovery systems, including closed-loop experimentation, materials design, and scientific
hypothesis generation (Song et al., 2025; Mitchener et al., 2025; Gottweis et al., 2025; M. Bran
et al., 2024; Boiko et al., 2023; Yin et al., 2025; Darvish et al., 2025). Some existing agent bench-
marks involve iterative interaction with simulated environments (Cissé et al., 2025; Song et al.,
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mechanisms given 
accumulated observations 

• Adaptively design 
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Hidden Mechanism 
(m*, θ*)

• Add measurement noise 

• Fit parameters to accumulated 
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• Return time-series data or NLL

αk−2 αk−1 αk

Figure 1: Overview of the iterative agent–environment loop for kinetic mechanism identification.
At each iteration, the agent proposes an experimental condition αk, the environment simulates noisy
kinetic time-series data under a hidden mechanism, and feedback is returned either as raw time-
series data or as NLL values computed by fitting candidate mechanisms.

2025; MacKnight et al., 2025). However, these benchmarks typically emphasize optimization ob-
jectives – such as maximizing target material properties or scalar performance metrics rather than
hypothesis-driven model discrimination under dynamical, time-series feedback.

Despite the importance of time-series reasoning in scientific practice, there is currently no bench-
mark that explicitly evaluates whether LLM agents can (i) extract task-relevant information from
raw time-series observations and (ii) reason over competing dynamical hypotheses to design adap-
tive, discriminative experiments. Moreover, traditional system identification pipelines rely heavily
on domain-specific analytical tools (Blackmond, 2005; Burés, 2016a;b; Ringleb et al., 2025).

To address this gap, we introduce a benchmark for evaluating LLM agents in adaptive time-
series–based system identification. We use kinetic mechanism identification (Burés & Larrosa,
2023) as a concrete and well-studied testbed for this general problem. In our setup, an agent in-
teracts with an environment representing a dynamical system governed by a hidden ground-truth
mechanism selected from a set of candidates. At each iteration, the agent proposes experimental
conditions; the environment returns either raw time-series observations or likelihood-based feedback
derived from fitting candidate models. The agent must iteratively refine hypotheses over competing
mechanisms and select new experiments that best reduce uncertainty.

Our benchmark isolates two core capabilities: (i) extracting discriminative information directly from
noisy time-series trajectories without task-specific analysis tools, and (ii) performing hypothesis-
aware adaptive experiment planning. By contrasting raw time-series feedback with likelihood-based
feedback and comparing against non-adaptive baselines, we provide a controlled evaluation of both
the strengths and current limitations of LLM agents in interactive time-series reasoning.

2 METHODOLOGY

Benchmark Overview We formalize adaptive system identification as an interactive agent–
environment loop in which actions correspond to experimental conditions and observations cor-
respond to noisy time-series trajectories. The agent’s goal is to iteratively design experiments that
discriminate among competing candidate mechanisms, thereby reducing uncertainty over the un-
derlying dynamical system. We instantiate this benchmark using kinetic mechanism identification
as a concrete testbed. The benchmark consists of 100 independent reaction systems, each defined
by a hidden ground-truth mechanism m∗ and associated kinetic parameters θ∗. We consider a hy-
pothesis class of 20 candidate mechanismsM = {m1, . . . ,m20} as described by Burés & Larrosa
(2023), and construct 5 independent parameterizations per mechanism, yielding 100 total systems.
All candidate kinetic mechanisms describe catalytic substrate-to-product transformations, in which
a catalyst mediates and accelerates conversion from substrate to product. Details of the candidate
mechanisms are provided in Appendix A.1.2.

Agent–Environment Interaction Loop For each chemical reaction system, we run an iterative
agent–environment loop for kinetic mechanism identification for up to five rounds, as illustrated in
Fig. 1. At iteration k, the agent proposes an experimental condition αk, corresponding to initial con-
centrations of substrate, product, and catalyst within predefined ranges. Given αk, the environment
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simulates a kinetic experiment by generating a concentration trajectory C(t) = (CS(t), CP (t)) un-
der the ground-truth mechanism m∗ and parameters θ∗. From this continuous trajectory, the environ-
ment returns a discrete set of noisy time-series observations O(αk) = {(tj , C̃(tj ;αk))}6j=1, where
the six observation times {tj} are sampled at log-uniform intervals and Gaussian measurement noise
is added to concentrations. CS(t) and CP (t) denote the substrate and product concentrations at time
t, respectively. C̃(tj ;α) is the measured concentration vector at time tj .

The environment provides feedback to the agent through two interaction modes. i) Negative log-
likelihood (NLL): In this mode, a fitting tool is applied to the accumulated kinetic time-series obser-
vations O1:k = {O(α1), . . . , O(αk)}. Each candidate mechanism mi ∈ M is fitted independently,
producing a set of NLL values {NLL(mi)}20i=1, which are returned to the agent as structured feed-
back. ii) Raw time-series: In this mode, the environment returns the accumulated collection of
time-series observations O1:k directly, without any intermediate fitting or summarization. Thus, the
agent must extract discriminative information from noisy trajectories alone and reason over plausible
kinetic mechanisms to propose αk+1 for the next iteration.

The agent is implemented as an LLM guided by a fixed system prompt specifying high-level ob-
jectives: maintaining plausible hypotheses, selecting informative experiments, and reasoning about
how candidate mechanisms would differ under proposed conditions. To avoid encoding domain-
specific heuristics, no task-specific analysis rules are provided. Unless otherwise stated, we use
Gemini 2.5 Pro as the agent. The prompt is provided in Appendix A.4.2.

As baselines, we consider three methods.

i) Random non-adaptive baseline This baseline samples each experiment independently from the
same log-uniform condition domain over substrate, catalyst, and product concentrations.

ii) Maximin Latin hypercube sampling baseline This baseline provides a strong non-adaptive
space-filling design. For each reaction system, we generate a fixed 5 point Latin hypercube design
over 3D condition space and retain the design with the largest minimum pairwise distance in log-
transformed space.

iii) Bayesian optimization non-adaptive baseline After each iteration, we fit a Gaussian process
surrogate mapping log-transformed experimental conditions to the resulting mechanism entropy,
i.e., the entropy of the candidate-mechanism distribution induced by per-mechanism NLL values
(Appendix A.6), and select the next experiment by minimizing a lower confidence bound (LCB)
acquisition function. The first two experiments are initialized by Latin hypercube sampling.

For evaluation, we report two primary metric families.

i) Environment-identification metrics. In both feedback modes, we compute fitting-based ac-
curacy, defined as the probability that the true mechanism attains the minimum NLL among all
candidates when fitted to the accumulated observations. We additionally report mechanism entropy
over candidates, measuring uncertainty reduction across iterations.

ii) Agent diagnostic metrics (raw mode only). In raw feedback mode, we also compute Top-1
and Top-5 agent accuracy based on the mechanism rankings explicitly proposed by the agent. These
diagnostics test whether improved environment-level identification is accompanied by more accurate
hypothesis refinement by the agent itself.

iii) Proposal-space metrics. In both feedback modes, we report two proposal-space metrics: oc-
cupancy entropy and corner mass. Occupancy entropy is computed from the cumulative set of
proposed conditions after mapping substrate, product, and catalyst concentrations into normalized
log space and binning them into a fixed 3 × 3 × 2 grid; we then compute the normalized Shannon
entropy of the resulting occupancy distribution. Corner mass is the fraction of cumulative proposals
that fall within 15% of a boundary along all three dimensions in the same normalized log-space rep-
resentation. These metrics characterize how each proposer explores the experimental design space,
distinguishing diffuse coverage from corner-seeking behavior.

3 EXPERIMENTS

Adaptive Experiment Planning vs. Non-Adaptive Baselines.
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Fig. 2 shows that the agent achieves consistently higher fitting-based accuracy and lower hypothe-
sis entropy than all baselines across iterations, indicating more effective uncertainty reduction over
candidate mechanisms. Shaded regions denote 95% bootstrap confidence intervals over 100 reac-
tion systems. These results suggest that the agent can reason over competing hypotheses to select
experimental conditions within the predefined ranges that yield more discriminative time-series ob-
servations, thereby accelerating mechanism identification compared to the non-adaptive and adap-
tive designs. Note that the non-adaptive baselines also exhibits gradual accuracy improvement over
iterations. This is expected as additional experiments – although chosen non-adaptively – accu-
mulate more time-series observations, improving model discrimination through increased data vol-
ume. However, without adaptive selection, uncertainty reduction proceeds more slowly than with
hypothesis-aware experiment planning.

Figure 2: Agent versus non-adaptive baseline. Left: fitting-based accuracy over iterations. Right:
entropy over candidate mechanisms.

Raw Time-Series Feedback vs. Likelihood-Based Feedback. Fig. 3 (top left) shows that the
agent, operating in raw mode, consistently outperforms the strongest non-adaptive baseline, Max-
imin LHS, and exhibits a faster improvement in fitting-based accuracy over iterations. This indicates
that the agent can extract task-relevant information for experimental planning directly from raw ki-
netic time-series observations. However, the agent in NLL mode attains higher accuracy throughout,
reflecting the additional information provided by likelihood-based fitting. Further insight is provided
by the top-k accuracy in Fig. 3 (upper right). Although the agent’s top-1 mechanism predictions in
raw mode remain inaccurate, the top-5 accuracy is substantially higher and is comparable to the
fitting-based accuracy up to iteration 4. This suggests that, rather than identifying a single correct
mechanism, the agent narrows the hypothesis space to a small set of plausible candidates using raw
time-series data. Taken together, these results indicate that raw kinetic time-series provide sufficient
feedback for hypothesis refinement and adaptive experimental planning, while the remaining gap to
NLL feedback highlights the room for improvement in direct time-series interpretation with LLM
agents.

Fig. 3 (bottom) further clarifies that this advantage is not explained by simple geometric heuristics
alone. Compared with all baselines, the agent exhibits lower occupancy entropy, indicating that its
proposals are not merely more space-filling across the design space. At the same time, its corner
mass is higher than that of the baselines but remains below 0.2 throughout, showing that the agent
does not simply concentrate on extreme corner conditions either. Taken together, this pattern is
consistent with the agent performing hypothesis-aware adaptive experimental design, rather than
relying on either diffuse space-filling exploration or a simple corner-seeking heuristic.

A Representative Raw Time-Series Feedback Case Study A representative raw-feedback trajec-
tory (Appendix Table 1) provides a qualitative example of raw time-series reasoning by the agent. In
this example, the ground-truth mechanism M12 belongs to the catalyst-deactivation class, and the
agent correctly infers plausible deactivation from the initial trajectory before proposing a product-
addition experiment that directly probes product-dependent deactivation. The main error arises later
in finer-grained interpretation: after observing only a modest change under added product, the agent
downweights M12 and shifts toward other deactivation pathways. Nevertheless, the experiment se-
quence it designs progressively improves environment-level identification of the true mechanism,
with the fitting-based rank of M12 improving from 18 to 6 and then to 1. This is consistent with the
broader quantitative pattern in raw mode. Top-1 agent accuracy remains limited, while fitting-based
identification improves substantially.
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Figure 3: Top: Feedback-mode comparison and raw-mode diagnostics. Left: fitting-based accuracy
for raw feedback, NLL feedback, and Maximin LHS baseline. Right: In raw mode, fitting-based
accuracy versus agent Top-1/Top-5 mechanism accuracy. Bottom Proposal diagnostics. Left: Oc-
cupancy entropy for raw feedback, NLL feedback, and Maximin LHS baseline. Right: Corner mass
for raw feedback, NLL feedback, and Maximin LHS baseline.

Model Comparison Across Feedback Modes. Consistent performance differences are observed
across LLMs in both NLL and raw modes, with Gemini 2.5 Pro outperforming GPT-4o, which in
turn outperforms Qwen3-32B (Fig. 4). The performance ranking remains stable across feedback
settings. These results indicate that the benchmark meaningfully differentiates LLM capabilities in
adaptive time-series reasoning and hypothesis-driven experimental planning.

Figure 4: LLM performance across feedback modes. Left: Fitting-based accuracy in NLL mode.
Right: Fitting-based accuracy in raw time-series mode. Shaded regions show 95% bootstrap confi-
dence intervals over 100 systems.

4 CONCLUSION

We introduced a kinetic mechanism identification benchmark for evaluating LLM agents in interac-
tive time-series reasoning and adaptive experiment planning. Agents with likelihood-based feedback
substantially outperform adaptive and non-adaptive baselines, demonstrating effective hypothesis-
aware experimental design. Agents operating directly on raw time-series feedback also outperform
the same baselines, indicating meaningful capability to guide experiment selection. However, the
persistent gap between raw and likelihood-based performance highlights current limitations in di-
rect time-series interpretation without structured model-fitting signals. Finally, the benchmark dif-
ferentiates performance across multiple LLMs, supporting its utility as a testbed for future work on
adaptive time-series reasoning in scientific discovery.
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A APPENDIX

A.1 CANDIDATE MECHANISMS

A.1.1 NOTATION AND MODELING ASSUMPTIONS

We model all mechanisms as sets of elementary reactions and derive dynamics under standard mass-
action kinetics. Reversibility is specified solely by the arrow type: <=> denotes a reversible elemen-
tary step and => denotes an irreversible elementary step. Observations include only substrate and
product concentrations (CS(t) and CP (t)); all catalyst-related intermediates are latent. Initial con-
ditions: CS(0), CP (0), and Ccat(0) are chosen by the agent/baseline. All intermediate complexes
(e.g., catS, catP, cat2, cat*, and all inactive_* species) are initialized to 0. Additional species
that appear only in certain mechanisms are initialized to 1: CX(0) = 1, Cinhibitor(0) = 1, and
CL(0) = 1.

7

https://arxiv.org/abs/2512.15567
https://chemrxiv.org/doi/full/10.26434/chemrxiv-2025-n1b4l
https://chemrxiv.org/doi/full/10.26434/chemrxiv-2025-n1b4l


ICLR 2026 Workshop on Time Series in the Age of Large Models (TSALM)

A.1.2 CANDIDATE MECHANISMS

These mechanisms are grouped into four broad classes: (a) a core mechanism without side reactions,
(b) mechanisms containing bicatalytic steps, (c) mechanisms involving catalyst activation, and (d)
mechanisms with catalyst deactivation pathways.

Category mapping We use the following mapping between candidate mechanisms and the four
mechanism classes: (a) M1; (b) M2-M5; (c) M6-M8; and (d) M9-M20.

Mechanism definitions Each mechanism is specified by a sequence of elementary reactions in a
compact reaction-string form. The ODEs are derived under mass-action kinetics from the reaction
graph and arrow directions alone (reversible <=> vs irreversible =>). We use | to separate elementary
steps within a mechanism.

M1: S + cat <=> catS | catS <=> P + cat
M2: S + cat <=> catS | catS <=> P + cat | 2cat <=> cat2
M3: S + cat2 <=> cat2S | cat2S <=> P + cat2 | 2cat <=> cat2
M4: X + catS <=> S + cat | X + catS <=> P + cat
M5: S + cat <=> catS | catS + cat <=> catP + cat | catP <=> P + cat
M6: cat => cat* | S + cat* <=> cat*S | cat*S <=> P + cat*
M7: S + cat <=> catS | S + catS <=> catS2 | catS2 <=> P + catS
M8: S + cat* <=> cat*S | cat*S <=> P + cat* | cat <=> cat* + L
M9: S + cat <=> catS | catS <=> P + cat | cat => inactive_cat
M10: S + cat <=> catS | catS <=> P + cat | inhibitor + cat => inactive_catI
M11: S + cat <=> catS | catS <=> P + cat | S + cat => inactive_catS
M12: S + cat <=> catS | catS <=> P + cat | P + cat => inactive_catP
M13: S + cat <=> catS | catS <=> P + cat | 2cat => inactive_cat2
M14: S + cat <=> catS | catS <=> P + cat | catS => inactive_catS
M15: S + cat <=> catS | catS <=> P + cat | inhibitor + catS => inactive_catSI
M16: S + cat <=> catS | catS <=> P + cat | S + catS => inactive_catS2
M17: S + cat <=> catS | catS <=> P + cat | P + catS => inactive_catSP
M18: S + cat <=> catS | catS <=> P + cat | 2catS => inactive_cat2S2
M19: S + cat <=> catS | catS <=> P + cat | cat + catS => inactive_cat2S
M20: S + cat <=> catS | catS <=> P + cat | cat => inactive_cat | catS => inactive_catS

Mechanism definition JSON provided to agents

{
"M1": "S+cat<=>catS|catS<=>P+cat",
"M2": "S+cat<=>catS|catS<=>P+cat|2cat<=>cat2",
"M3": "S+cat2<=>cat2S|cat2S<=>P+cat2|2cat<=>cat2",
"M4": "X+catS<=>S+cat|X+catS<=>P+cat",
"M5": "S+cat<=>catS|catS+cat<=>catP+cat|catP<=>P+cat",
"M6": "cat=>cat*|S+cat*<=>cat*S|cat*S<=>P+cat*",
"M7": "S+cat<=>catS|S+catS<=>catS2|catS2<=>P+catS",
"M8": "S+cat*<=>cat*S|cat*S<=>P+cat*|cat<=>cat*+L",
"M9": "S+cat<=>catS|catS<=>P+cat|cat=>inactive_cat",
"M10": "S+cat<=>catS|catS<=>P+cat|inhibitor+cat=>inactive_catI",
"M11": "S+cat<=>catS|catS<=>P+cat|S+cat=>inactive_catS",
"M12": "S+cat<=>catS|catS<=>P+cat|P+cat=>inactive_catP",
"M13": "S+cat<=>catS|catS<=>P+cat|2cat=>inactive_cat2",
"M14": "S+cat<=>catS|catS<=>P+cat|catS=>inactive_catS",
"M15": "S+cat<=>catS|catS<=>P+cat|inhibitor+catS=>inactive_catSI",
"M16": "S+cat<=>catS|catS<=>P+cat|S+catS=>inactive_catS2",
"M17": "S+cat<=>catS|catS<=>P+cat|P+catS=>inactive_catSP",
"M18": "S+cat<=>catS|catS<=>P+cat|2catS=>inactive_cat2S2",
"M19": "S+cat<=>catS|catS<=>P+cat|cat+catS=>inactive_cat2S",
"M20": "S+cat<=>catS|catS<=>P+cat|cat=>inactive_cat|catS=>inactive_catS"

}

In addition to S, P, and cat, the candidate mechanism set introduces the following extra species that
are present at initialization: X (a different catalytic species, used in M4), L (a ligand, used in M8), and
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inhibitor (an inhibitor species, used in M10 and M15). All other species in the reaction strings are
mechanism-specific intermediates (including activated/deactivated forms and complexes) that are
initialized to 0 and are defined implicitly by the reaction topology above.

A.1.3 PARAMETER PRIORS AND CONSTRAINTS

All kinetic constants are sampled independently from a log-uniform prior, θ ∼
LogUniform(10−2, 102). After sampling, we filter parameter sets using mechanism-specific
dynamical conditions to ensure that the defining catalyst-related species for each mechanism attain
non-negligible concentrations under a reference simulation.

We define conversion as fractional substrate consumption, x(t) =
(
CS(0) − CS(t)

)
/CS(0). For

mechanisms with multiple catalyst-containing species, we define the total catalyst pool as Ctot(t) =∑
s∈Scat

Cs(t), where Scat is the set of catalyst-related species for that mechanism, and define a
catalyst-species fraction for any numerator set N as

rN (t) =

∑
s∈N Cs(t)

Ctot(t)
.

Reference simulation conditions for filtering Unless otherwise stated, filtering conditions are
evaluated under a reference initial condition with CS(0) = 1 and CP (0) = 0. Catalyst “mol%”
is defined as the ratio Ccat(0)/CS(0). Therefore, 5 mol% corresponds to Ccat(0) = 0.05 in the
reference run, and a 3–7 mol% sweep corresponds to Ccat(0) ∈ [0.03, 0.07] with CS(0) = 1.

Mechanism-specific filters The mechanism-specific filtering criteria below are adopted from
Burés & Larrosa (2023).

• M1, M4, M5: no additional filtering beyond the prior.

• M2 (Scat = {cat, catS, cat2}): in a reference run with 5 mol% catalyst, require a significant
dimeric fraction during the early-to-mid reaction, i.e., maxx∈[0.2,0.5] r{cat2} ≥ 0.1.

• M3 (Scat = {cat, cat2, cat2S}): in a reference run with 5 mol% catalyst, require that free
cat is not vanishingly small at the start of the reaction, i.e., minx∈[0.0,0.1] r{cat} ≥ 0.05.

• M6 (Scat = {cat, cat*, cat*S}): for at least one catalyst loading in 3–7 mol%, require
that activated/complexed catalyst has an intermediate fraction at 20% conversion, i.e.,
r{cat*,cat*S} ∈ [0.1, 0.9] at x = 0.2.

• M7 (Scat = {cat, catS, catS2}): for at least one catalyst loading in 3–7 mol%, require
r{catS,catS2} ∈ [0.1, 0.8] at x = 0.2.

• M8 (Scat = {cat, cat*, cat*S}): for at least one catalyst loading in 3–7 mol%, require
r{cat*,cat*S} ∈ [0.1, 0.9] at x = 0.5.

• M9 (Scat = {cat, catS, inactive_cat}): for at least one catalyst loading in 3–7 mol%,
require an intermediate active-catalyst fraction, r{cat,catS} ∈ [0.5, 0.9] at x = 0.5.

• M10 (Scat = {cat, catS, inactive_catI}): for at least one catalyst loading in 3–7 mol%,
require appreciable inhibited catalyst, r{inactive_catI} ≥ 0.1 at x = 0.5.

• M11 (Scat = {cat, catS, inactive_catS}): for at least one catalyst loading in 3–7 mol%,
require r{cat,catS} ∈ [0.5, 0.9] at x = 0.5.

• M12 (Scat = {cat, catS, inactive_catP}): for at least one catalyst loading in 3–7 mol%,
require r{cat,catS} ∈ [0.5, 0.9] at x = 0.5.

• M13 (Scat = {cat, catS, inactive_cat2}): for at least one catalyst loading in 3–7 mol%,
require r{cat,catS} ∈ [0.5, 0.8] at x = 0.5.

• M14 (Scat = {cat, catS, inactive_catS}): for at least one catalyst loading in 3–7 mol%,
require r{cat,catS} ∈ [0.5, 0.9] at x = 0.5.

• M15 (Scat = {cat, catS, inactive_catSI}): for at least one catalyst loading in 3–7 mol%,
require r{inactive_catSI} ≥ 0.1 at x = 0.5.
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• M16 (Scat = {cat, catS, inactive_catS2}): for at least one catalyst loading in 3–7 mol%,
require r{cat,catS} ∈ [0.5, 0.9] at x = 0.5.

• M17 (Scat = {cat, catS, inactive_catSP}): for at least one catalyst loading in 3–7 mol%,
require r{cat,catS} ∈ [0.5, 0.9] at x = 0.5.

• M18 (Scat = {cat, catS, inactive_cat2S2}): for at least one catalyst loading in 3–7 mol%,
require r{cat,catS} ∈ [0.5, 0.8] at x = 0.5.

• M19 (Scat = {cat, catS, inactive_cat2S}): for at least one catalyst loading in 3–7 mol%,
require r{cat,catS} ∈ [0.5, 0.8] at x = 0.5.

• M20 (Scat = {cat, catS, inactive_cat, inactive_catS}): require (i) an intermediate
active-catalyst fraction, r{cat,catS} ∈ [0.5, 0.9] at x = 0.5, and (ii) appreciable deactivated
fractions, r{inactive_cat} > 0.05 and r{inactive_catS} > 0.05 at x = 0.5.

A.2 SIMULATOR AND DATA GENERATION

A.2.1 EXPERIMENTAL CONDITION SPACE

The experimental condition is α =
(
CS(0), Ccat(0), CP (0)

)
, i.e., the initial concentrations of

substrate, catalyst, and product. Allowed ranges are the same for the agent and the random baseline:
CS(0) ∈ [0.1, 5.0], Ccat(0) ∈ [5 × 10−4, 0.2], and CP (0) ∈ [0, 0.5]. The non-adaptive random
baseline samples conditions from this domain using log-uniform sampling: CS(0) and Ccat(0) are
sampled log-uniformly over their strictly-positive ranges; for CP (0), we sample log-uniformly over
[ε, 0.5 + ε] with ε = 10−9 and then set CP (0)← CP (0)− ε to map samples back to [0, 0.5].

A.2.2 ODE SIMULATION AND OBSERVATION TIMES

We first simulate a dense trajectory up to a fixed maximum time max_t. Let P∞ = P (max_t) denote
the final product concentration at the end of this dense simulation, and define the effective horizon
as the earliest time tmax ∈ [0, max_t] such that P (tmax) ≥ 0.95P∞. We then sample 6 sparse
observation points log-uniformly on [tstart, tmax] with tstart = 10−6 tmax (and using machine ep-
silon if tstart = 0). Kinetic time-series data are generated using COPASI (Hoops et al., 2006)
via basico.run_time_course with num_steps=5000, output_event=True, max_steps=1,000,000,
absolute tolerance 10−12, and relative tolerance 10−8; solver exceptions are treated as failed sim-
ulations. When computing NLL values by fitting candidate mechanisms, we integrate ODEs with
SciPy (Virtanen et al., 2020) solve_ivp using method=LSODA with rtol=1e-4 and atol=1e-8 at the
experimental time points.

A.2.3 OBSERVATION MODEL

Noisy observations are obtained by adding Gaussian noise to the concentrations at each observation
time. The observation noise level σ = 0.05 is defined with respect to the normalized concentration
scale used in the simulation and is applied consistently across all experiments. Specifically, the
observed concentrations are given by

C̃(τj ;α) = C(τj ;α) + εj , εj ∼ N (0, σ2I).

A.3 LIKELIHOOD-BASED EVALUATION AND PARAMETER FITTING

A.3.1 GAUSSIAN OBSERVATION MODEL AND NLL

We define a Gaussian observation model with independent noise across data points. Let SSE denote
the summed squared error between simulated and observed concentrations across the accumulated
collection of kinetic time-series observations (i.e., across all iterations included inO1:k, all observed
species, and all observation time points), and let n be the total number of scalar data points. The
log-likelihood used in our implementation is

log p(O1:k | θ, σ) = −1
2n log(2πσ2)− 1

2 SSE/σ
2.

We report negative log-likelihood (NLL) as NLL = − log p(O1:k | θ, σ).
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During fitting, σ is treated as a free parameter and is optimized jointly with kinetic constants. We
parameterize θ and σ in log-space with uniform box constraints: log10 θ ∈ [−2, 2] and log10 σ ∈
[−2.5,−1.5].

A.3.2 PARAMETER ESTIMATION VIA CMA-ES

Parameter estimation is performed using the Covariance Matrix Adaptation Evolution Strategy
(CMA-ES) Hansen (2016), which is well suited for nonlinear, nonconvex optimization prob-
lems arising in kinetic modeling. All fitting procedures use identical optimization settings across
mechanisms. The objective minimized by CMA-ES is the NLL defined above. We use a log-
parameterization with box constraints for log10 θ and log10 σ as specified above and initialize CMA-
ES with σ0 = 1.0 in the internal parameter space. CMA-ES options used in our implementation
are:

• ftarget=-10000 (a sufficiently small target so optimization effectively runs as uncon-
strained minimization),

• tolstagnation=20,
• popsize_factor=7,
• timeout=60 seconds,
• verb_disp=0.

Optimizer failures (including ODE integration failures during objective evaluation) are treated as
fitting failures.

A.4 AGENTS

A.4.1 INTERACTION PROTOCOL

In raw mode, after each proposed experiment, the environment provides the accumulated raw
time-course dataset from all runs so far as a JSON object mapping run identifiers ("run_1",
"run_2", . . . ) to per-run records. Each run record contains "initial_conditions" with keys "S",
"cat", "P", "time_data" (a length 6 list of time points), and "substrate_data" / "product_data"
(length 6 lists of the corresponding concentrations). In NLL mode, after each proposed ex-
periment, the environment provides the proposed initial conditions and a JSON object of per-
mechanism NLL values for the 20 candidates indexed by "M1"–"M20" (lower NLL indicates a
better fit to the accumulated observations); if fitting fails for all mechanisms for a given condi-
tion, NLL values are returned as null for that iteration (see Appendix A.7). In both modes, the
agent proposes the next experimental condition in a <suggestion>...</suggestion> JSON object
with keys "initial_concentration_of_substrate", "initial_concentration_of_catalyst",
and "initial_concentration_of_product" (within the allowed ranges), and outputs a
<candidate_mechanisms> field containing mechanism names (M1–M20) for diagnostics.

A.4.2 PROMPTS AND LLM CONFIGURATION

We run agents via OpenRouter (https://openrouter.ai/api/v1) using the following model iden-
tifiers: google/gemini-2.5-pro, openai/gpt-4o, and qwen/qwen3-32b. We use greedy decoding
with temperature 0, do not set top-p explicitly and use provider’s default values, set the maximum
completion length to 20,000 tokens, use a request timeout of 120 seconds, and disable streaming.

NLL mode system prompt

You are an expert in chemical kinetics and experimental design.
Your mission is to hypothesize plausible mechanisms, and design a single, maximally
informative experiment to help distinguish between the plausible candidate mechanisms.
You may propose 5 new experiments.

Execute the following same steps iteratively.
At the beginning of each turn, before executing any step, check how many iterations are
done based on the conversation history.
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1. **Hypothesize about plausible mechanisms**
* You are provided with the fitting results unless this is the first turn. Based on
the fitting results, identify all mechanisms that still have non-negligible support.
* Even if some mechanisms appear less likely, do NOT prematurely commit to a single
leading hypothesis.
* Treat hypothesis diversity as important information to preserve.

2. **Hypothesize optimal experiment for discrimination**
* Your goal is NOT to maximize the distinction between the single most likely pair
of mechanisms.
* Instead, your goal is to reduce uncertainty over the entire set of remaining
plausible mechanisms.
* Prefer experiments that are informative for many mechanisms simultaneously.
* Avoid experiments that would only distinguish the top 1–2 candidates while leaving
the others indistinguishable.
* Consider how the proposed condition helps differentiate multiple mechanisms at
once and why it avoids overly myopic or extreme designs.
* Reflect on the history of conditions: avoid repeating similar regimes, but also
avoid extreme conditions that collapse mechanistic differences (e.g., saturation,
depletion).

3. **Propose Experiment**:
* The experimental conditions that you can propose are initial concentration of
substrate, catalyst and product.
* Conclude with <suggestion> ... </suggestion> and <<DONE>>.

After you propose a new experiment, you would obtain the fitting result of all runs
including new experimental data based on your suggestion.

For each turn, you must follow this format:
<iteration>
Specify the iteration number. Start from 1 and increment by 1 iteration.
</iteration>
<reflection>
- Your observations and reasoning about the previous turn's results.
- A clear statement on whether your aim for the turn was achieved.
</reflection>
<hypothesis>
Your detailed reasoning for the proposed experiment. This should include your scientific
hypothesis, how the experiment will distinguish between mechanisms, and why the design is
effective.
</hypothesis>
<candidate_mechanisms>
The current plausible candidate mechanisms under consideration. Provide them
comma-separated as a list (e.g. M1, M2).
</candidate_mechanisms>
<suggestion>
{

"initial_concentration_of_substrate": <float 0.1 - 5.0>,
"initial_concentration_of_catalyst": <float 5e-4 - 0.20>,
"initial_concentration_of_product": <float 0.0 - 0.5>,

}
</suggestion>
<<DONE>>

# 20 Candidate Mechanisms
[MECHANISM-DEFINITION JSON OMITTED FOR BREVITY.]
# Data Structure
The following describes the structure of the data. This is not provided to you directly,
but you can access the fitting results of all runs through the conversation history.
At the first run, there is only "run_1". As you propose new experiments and obtain new
data, additional runs (e.g., "run_2", "run_3") will be added.

```python
{
"run_1": {
"initial_concentration_of_catalyst": float, # Example: 0.01
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"time_data": list[float], # List of time points
"product_data": list[float], # List of product concentrations at each time point
"substrate_data": list[float] # List of substrate concentrations at each time point

},
"run_2": {
# ... same structure as run_1

},
# ... additional runs

}
```

# Fitting Results
Everytime you propose a new experiment, you will receive the fitting results for all runs
including the new experimental data based on your suggestion.
The fitting results are provided as negative log-likelihood values for each candidate
mechanism.
Here are example fitting results from the previous runs:
```json
{

"M1": -66.4739509769402,
"M2": -66.18465035678079,
"M3": -118.16423286937294,
"M4": -131.86593439082938,
"M5": 35.36495497243471,
"M6": -78.6224862051261,
"M7": -77.53127516407199,
"M8": 69.72349746655837,
"M9": -93.85551875223946,
"M10": -106.0115552520685,
"M11": -111.90660321199617,
"M12": -117.2823521990672,
"M13": -127.68391782844185,
"M14": -66.05561653283398,
"M15": -135.0936662137469,
"M16": -71.82102553018892,
"M17": -66.07488048869106,
"M18": -63.6419421066368,
"M19": -88.57669991706247,
"M20": -48.13563459951533

}
```

The omitted mechanism-definition JSON is provided in Appendix A.1.2.

Raw mode system prompt

You are an expert in chemical kinetics and experimental design.
Your mission is to hypothesize plausible mechanisms, and design a single, maximally
informative experiment to help distinguish between the plausible candidate mechanisms.
You may propose 5 new experiments.

Execute the following same steps iteratively.
At the beginning of each turn, before executing any step, check how many iterations are
done based on the conversation history.

1. **Hypothesize about plausible mechanisms**
* You are provided with raw kinetic data unless this is the first turn. Based on the
data, identify all mechanisms that still have non-negligible support based on your
chemical kinetics knowledge.
* Even if some mechanisms appear less likely, do NOT prematurely commit to a single
leading hypothesis.
* Treat hypothesis diversity as important information to preserve.

2. **Hypothesize optimal experiment for discrimination**
* Your goal is NOT to maximize the distinction between the single most likely pair
of mechanisms.
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* Instead, your goal is to reduce uncertainty over the entire set of remaining
plausible mechanisms.
* Prefer experiments that are informative for many mechanisms simultaneously.
* Avoid experiments that would only distinguish the top 1–2 candidates while leaving
the others indistinguishable.
* Consider how the proposed condition helps differentiate multiple mechanisms at
once and why it avoids overly myopic or extreme designs.
* Reflect on the history of conditions: avoid repeating similar regimes, but also
avoid extreme conditions that collapse mechanistic differences (e.g., saturation,
depletion).

3. **Propose Experiment**:
* The experimental conditions that you can propose are initial concentration of
substrate, catalyst and product.
* Conclude with <suggestion> ... </suggestion> and <<DONE>>.

After you propose a new experiment, you would obtain the raw kinetic data of all runs
including new experimental data based on your suggestion.

For each turn, you must follow this format:
<iteration>
Specify the iteration number. Start from 1 and increment by 1 iteration.
</iteration>
<reflection>
- Your observations and reasoning about the previous turn's results.
- A clear statement on whether your aim for the turn was achieved.
</reflection>
<hypothesis_plausible_mechanisms>
- Your detailed reasoning for the plausible mechanisms. This should include your
scientific hypothesis on why these mechanisms are plausible given the data.
</hypothesis_plausible_mechanisms>
<hypothesis_experiment>
- Your detailed reasoning for the proposed experiment. This should include your scientific
hypothesis, how the experiment will distinguish between mechanisms, and why the design is
effective.
</hypothesis_experiment>
<candidate_mechanisms>
- List the plausible candidate mechanisms, sorted in descending order of plausibility
(most likely first). Provide them as a JSON list of strings (e.g. ["M1", "M5", "M2"]).
</candidate_mechanisms>
<suggestion>
{

"initial_concentration_of_substrate": <float 0.1 - 5.0>,
"initial_concentration_of_catalyst": <float 5e-4 - 0.20>,
"initial_concentration_of_product": <float 0.0 - 0.5>,

}
</suggestion>
<<DONE>>

# 20 Candidate Mechanisms
[MECHANISM-DEFINITION JSON OMITTED FOR BREVITY.]
# Data Structure
The following describes the structure of the data. This kind of data is provided after you
propose a new experiment.
At the first run, there is only "run_1". As you propose new experiments and obtain new
data, additional runs (e.g., "run_2", "run_3") will be added.

```python
{
"run_1": {
"initial_concentration_of_catalyst": float, # Example: 0.01
"time_data": list[float], # List of time points
"product_data": list[float], # List of product concentrations at each time point
"substrate_data": list[float] # List of substrate concentrations at each time point

},
"run_2": {
# ... same structure as run_1
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},
# ... additional runs

}
```

The omitted mechanism-definition JSON is provided in Appendix A.1.2.

A.5 REPRESENTATIVE RAW-FEEDBACK CASE STUDY

This table provides the detailed step-by-step summary referenced in the main text.

Step Observed feature from
raw trajectories

Mechanistic implication /
hypothesis update

Next experiment pro-
posed

Effect on true-
mechanism
identification

1 → 2 In the initial run (S=1.0,
cat=0.02, P=0), the
apparent rate decreases
more strongly than ex-
pected from substrate de-
pletion alone.

The agent infers plau-
sible catalyst deactiva-
tion and downweights
non-deactivation mecha-
nisms.

Add initial product
while keeping S and
cat fixed: S=1.0,
cat=0.02, P=0.2.

After the second
run, the fitting-
based rank of the
true mechanism
(M12) improves
from 18 to 6.

2 → 3 Adding product changes
the trajectory only mod-
estly relative to run
1, without an obvious
increase in deactivation
severity.

The agent interprets
this as evidence against
product-induced de-
activation and shifts
attention to other deacti-
vation pathways.

Increase catalyst load-
ing strongly: S=3.0,
cat=0.1, P=0.

After the third run,
the fitting-based
rank of M12
improves to 1.

3 → 4 At higher catalyst load-
ing, the agent observes
lower apparent catalyst
efficiency and interprets
this as stronger catalyst
loss.

The agent updates
toward bimolecular
deactivation hypotheses
(M13/M18/M19) over
first-order deactivation
pathways.

Lower substrate
strongly while restor-
ing moderate catalyst:
S=0.1, cat=0.02,
P=0.

After the fourth
run, the true
mechanism re-
mains rank 1.

4 → 5 At low substrate, the re-
action stalls at very low
conversion; the agent in-
terprets this as severe de-
activation when free cat-
alyst is abundant.

The agent favors free-
catalyst bimolecular
deactivation (M13) and
moves further away
from the true product-
dependent mechanism
M12.

Use saturating substrate
to suppress free cata-
lyst: S=5.0, cat=0.02,
P=0.

After five runs, the
true mechanism
still remains rank
1 under fitting-
based evaluation.

Table 1: Representative raw-feedback case study for a system whose ground-truth mechanism
is M12. The agent correctly identifies catalyst deactivation as a plausible mechanistic class and
proposes targeted follow-up experiments probing product dependence, catalyst-order effects, and the
balance between free and substrate-bound catalyst. Although the agent’s own mechanism ranking
later moves away from M12, the sequence illustrates useful feature extraction from raw trajectories
and hypothesis-aware experiment planning under noisy feedback.

A.6 METRICS AND STATISTICS

Mechanism entropy is computed from per-mechanism negative log-likelihood values {NLLi}|M|
i=1

(lower is better) by converting them to a normalized distribution via a softmax over −NLL,

pi =
exp(−NLLi)∑|M|
j=1 exp(−NLLj)

,

and then computing the (natural-log) Shannon entropy

H = −
|M|∑
i=1

pi log pi .

We report 95% bootstrap confidence intervals over the 100 systems.
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A.7 FAILURES AND EDGE CASES

If the fitting procedure fails to return valid NLL values for all 20 mechanisms for a proposed con-
dition α (e.g., due to numerical instability or divergence in ODE simulation), then in NLL mode
we return null NLL values to the agent for that iteration. For all subsequent iterations, we exclude
the corresponding observation O(α) from the accumulated collection of kinetic time-series obser-
vations O1:k used for fitting and for computing evaluation metrics (accuracy and entropy). In the
agent loop, we additionally provide an environment message indicating that the previous condition
diverged and requesting a different proposal. For the random baseline, no such message is required;
we simply proceed with the next sampled condition under the same exclusion rule.

16


	Introduction
	Methodology
	Experiments
	Conclusion
	Appendix
	Candidate mechanisms
	Notation and modeling assumptions
	Candidate Mechanisms
	Parameter priors and constraints

	Simulator and data generation
	Experimental condition space
	ODE simulation and observation times
	Observation model

	Likelihood-Based Evaluation and Parameter Fitting
	Gaussian Observation Model and NLL
	Parameter estimation via CMA-ES

	Agents
	Interaction protocol
	Prompts and LLM configuration

	Representative Raw-Feedback Case Study
	Metrics and statistics
	Failures and edge cases


