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Abstract

Traditional AI-driven materials discovery pipelines employ a monolithic architec-1

ture where a single surrogate model is trained, scalarized, and deployed statically,2

creating a brittle interface with physical experimentation. We present a hierar-3

chical multi-agent system (MAS) that fundamentally redesigns this architecture4

through three innovative mechanisms: (1) furnace-to-agent feedback loops en-5

abling continuous online learning, (2) a curiosity-annealing scheduler for adaptive6

exploration-exploitation balance, and (3) memory-injected composition generators7

that leverage historical success. This architectural approach reduces required physi-8

cal lab iterations by seven-fold compared to both single-agent and static multi-agent9

baselines. The system identified 21 novel Pareto-optimal alloys that outperform10

canonical benchmarks (Ti-6Al-4V, Inconel-718, Cantor HEA) while maintaining11

97% metallurgical feasibility. These gains are attributable not to larger models or12

increased compute, but to specific architectural innovations that enable distributed,13

adaptive, and physics-informed optimization.14

1 Introduction15

Materials design is locked in a paradox where every new element multiplies the search space by16

orders of magnitude, yet every furnace run costs thousands of dollars and weeks of time. Traditional17

optimizers—Bayesian, genetic, or single-network regressors—flatten strength, toughness, and cor-18

rosion resistance into a scalar heuristic and then hope the furnace agrees. The primary limitation19

in AI-for-materials discovery is not predictive accuracy but architectural inflexibility. Conventional20

approaches use a monolithic surrogate model trained offline, frozen, and deployed to guide expensive21

physical experiments. Each discrepancy between model predictions and real-world furnace results22

incurs significant time and resource costs (1; 2).23

We address this through architectural innovation, redesigning the discovery loop as a hierarchi-24

cal multi-agent system (MAS) with continuous learning capabilities. Unlike prior multi-agent25

systems in materials science that maintain static agent behaviors (3), our architecture features spe-26

cialized agents—FamilyAgent, StoichiometryAgent, and RefereeAgent—that dynamically adapt27

their strategies based on experimental feedback. A FamilyAgent scouts entire metallurgical fami-28

lies—refractories, high-entropy alloys, nickel superalloys—while a StoichiometryAgent refines exact29

compositions through simulated annealing seeded by past furnace logs. A RefereeAgent holds the30

Pareto archive in memory and rewards novelty as aggressively as yield strength, reshaping the search31

landscape with live data rather than frozen weights (4; 5).32

Crucially, we embed physics-guided property models—strength tied to refractory counts, toughness33

to ductile-element fractions, corrosion tied to Cr/Ni ratio—directly into the reward. This paper34

demonstrates how specific architectural decisions, implemented through minimal but powerful code-35

level innovations, directly enable a seven-fold reduction in experimental costs and the discovery of36

superior alloy compositions beyond the canonical Ti-6Al-4V, Inconel-718, and Cantor HEA (6; 7).37
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2 Related Work38

2.1 Single-Agent Optimizers39

Traditional approaches including Bayesian optimization, genetic algorithms, and LLM-based agents40

(MatGPT, AtomAgent) typically reduce multi-objective problems to a single scalar loss function41

(8). Their fundamental limitation is staticness; they cannot incorporate new experimental data42

without computationally expensive retraining cycles, making them inefficient for iterative physical43

experimentation (9).44

2.2 Static Multi-Agent Systems45

Previous MAS frameworks in materials science (MatchMaker, AlloyDB RF) introduce modularity but46

remain fundamentally static (3). Agents operate with fixed policies and cannot adapt their behavior47

based on experimental outcomes. They lack mechanisms for continuous learning and real-time48

adaptation.49

2.3 Our Architectural Differentiation50

Our work introduces a dynamic, hierarchical MAS with integrated feedback mechanisms that funda-51

mentally differentiate it from both monolithic and existing multi-agent approaches through three core52

innovations.53

Continuous Online Learning distinguishes our system from static MAS architectures through54

furnace feedback loops that update all agent parameters after every experimental cycle, ensuring the55

system evolves with each new empirical result rather than remaining frozen after initial training.56

Adaptive Exploration replaces fixed exploration strategies through a Bayesian optimization-based57

scheduler that dynamically anneals the curiosity coefficient β throughout the discovery campaign,58

enabling the system to autonomously balance exploration and exploitation based on real-time perfor-59

mance metrics.60

Memory of Success incorporates a rolling memory buffer with exponential decay that maintains and61

utilizes historical performance data, biasing proposal generation toward previously successful design62

regions while gradually forgetting obsolete information, creating a continuous learning trajectory63

across experimental iterations.64

3 Methodology65

We present a hierarchical multi-agent system (MAS) for autonomous scientific discovery, designed66

through iterative cycles integrating domain knowledge, machine learning, and distributed orchestra-67

tion. Unlike both single-agent predictors and existing multi-agent systems—which often rely on flat68

or federated architectures prone to coordination overhead and redundant computations—our approach69

introduces structured meta-reasoning and dynamic role specialization to overcome fundamental70

limitations in scalability and strategic coherence (5).71

While other multi-agent frameworks (e.g., modular task-specific agents or homogeneous agent72

swarms) excel in narrow or isolated tasks, they often lack global oversight and struggle to synthesize73

cross-domain insights. Our hierarchical architecture explicitly addresses these shortcomings through74

layered coordination, conflict resolution, and resource allocation mechanisms. This enables efficient75

integration of diverse expertise, transforms individual capabilities into collective intelligence, and76

ensures sustained focus on high-value discovery pathways.77

The result is a system that not only outperforms single-agent models in complex discovery tasks78

but also surpasses existing multi-agent approaches in scalability, interpretability, and experimental79

efficiency—enabling coherent exploration of high-dimensional scientific spaces without the fragmen-80

tation or communication bottlenecks typical of decentralized designs. Figure 1 provides a schematic81

overview of the complete pipeline, illustrating the integration of these components. The following82

section, Experiments and Results, details the empirical evaluation of this architecture across multiple83

scientific domains and system iterations, demonstrating its comparative advantage.84
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Figure 1: Multi-Agent System (MAS) architecture for materials discovery. Left to right: (a) details
the core workflow and components, including stoichiometry agents, a surrogate ensemble, and
specialized agents for hypothesis generation. (b) The closed-loop, iterative optimization cycle,
illustrating the sequential interaction and feedback between the FamilyAgent, StoichiometryAgent,
and RefereeAgent.

3.1 Foundational Multi-Agent Scientific Discovery System85

Our MAS framework implements three specialized agent roles: hypothesis generators (H), experiment86

simulators (E), and analysts (A), coordinated by an orchestrator (O) forming a closed discovery loop.87

Each hypothesis h = (X, θ) represents an entity (e.g., alloy composition) with parameterization (e.g.,88

stoichiometric ratios). The orchestrator maintains the iterative process as below:89

O : ht
E−→ ŷt

A−→ st with ht+1 ∼ π(h|s1:t), (1)

where π denotes the adaptive proposal policy updated via historical scores.90

For alloy design, H generated compositions X = {eα1
1 , eα2

2 , . . .} with feature vectors encoding91

atomic properties. E predicted material properties via Gradient Boosting models, while A performed92

multi-objective evaluation maintaining a dynamic Pareto front. Unlike single-agent systems that93

scalarize objectives or flat MAS that lack coordination, our hierarchical approach explicitly preserves94

trade-offs and enables efficient discovery of balanced high-performance materials (1). This role95

specialization distributes complexity across dedicated components, providing robustness to noise,96

mitigating simulator bias, and ensuring interpretability—advantages unattainable in either single-97

agent or unstructured multi-agent systems (4).98

3.2 Enhanced MAS with Adaptive Learning99

We augmented π(h|s1:t) with adaptive learning. Each generator maintained an internal reward100

memory R(h) updated via exponential moving average:101

Rt+1(h) = (1− λ)Rt(h) + λ · st(h), (2)

with λ = 0.2. The generator’s policy was reparameterized as:102

π(h|s1:t) ∝ exp (αRt(h) + β · Sim(h, h∗) + γ · η) , (3)

where Sim denotes similarity to prior successes h∗ and η represents stochastic exploration. This103

prevented premature convergence, a hallmark limitation of single-agent systems (2).104

3.3 Alloy Discovery and Multi-Objective Optimization105

For materials discovery, the composite objective was:106
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C(x) = w1 ·
S(x)

Smax
+ w2 ·

Cond(x)
Condmax

+ w3 ·
CR(x)
CRmax

, (4)

with (w1, w2, w3) = (0.4, 0.3, 0.3). Pareto dominance was enforced:107

x ≺ y ⇐⇒ ∀j, fj(x) ≥ fj(y) ∧ ∃j, fj(x) > fj(y), (5)

where fj denote objectives. Agents collaboratively maintained the Pareto frontier, while hierarchical108

roles (family, stoichiometry, referee) ensured diversity. Single-agent optimizers often scalarize109

objectives, thereby missing non-dominated solutions (8).110

3.4 Hierarchical Decomposition for Materials Discovery111

Our architecture explicitly rejects the flat agent structures common in many contemporary multi-112

agent systems. Instead, we institute a principled hierarchical organization of roles, formalized as113

{HFamily,HStoichiometry,RReferee}. This tripartite structure is not arbitrary; it is a computational ab-114

straction of the proven division of labor within scientific communities, where high-level thematic115

direction (HFamily), detailed compositional refinement (HStoichiometry), and rigorous, impartial valida-116

tion (RReferee) are distinct, specialized processes. This decomposition yields a system with remarkable117

resilience against local optima and a capacity for creative synthesis that is fundamentally unreachable118

by any monolithic single-agent predictor, no matter how extensively pre-trained (6).119

Candidate stability and performance were evaluated through physics-informed scoring functions of120

the form:121

F (x) = λ1 · Strength(x) + λ2 · Toughness(x)− λ3 · Corrosion(x), (6)
where the weights λi embed domain knowledge about target application constraints. Furthermore, we122

explicitly incentivize exploration by quantifying compositional novelty relative to the known Pareto123

frontier A:124

Nov(x) = 1−max
x′∈A

Sim(x, x′). (7)

This ensures the search continually advances into uncharted regions of the materials space.125

3.5 Adaptive, Physics-Grounded Reward Shaping126

Moving beyond static, scalar reward functions—a critical limitation of many reinforcement learning127

(RL) approaches to scientific problems—we embed real-time, domain-aware feedback directly into128

the reward signal. For a candidate composition x, the reward is a multi-objective composite:129

r(x) = λS
S(x)

Smax︸ ︷︷ ︸
normalized strength

+ λT
T (x)

Tmax︸ ︷︷ ︸
normalized toughness

− λC
C(x)

Cmax︸ ︷︷ ︸
corrosion penalty

+ β Nov(x)︸ ︷︷ ︸
novelty bonus

. (8)

Crucially, the coefficients λ = (λS , λT , λC , β) are not static hyperparameters. They are dynamically130

annealed online via a Bayesian optimization layer that meta-learns from the historical record of131

furnace runs. This closed-loop adaptation ensures the search strategy remains "furnace-aware,"132

continuously rebalancing its objectives based on empirical feasibility and yield, thus preventing133

premature convergence—a common failure mode in lab-agnostic algorithms (9).134

3.6 Dynamic Online Memory for Rapid Learning135

A key differentiator from pre-train/freeze architectures (e.g., AtomAgent, MatGPT) is our system’s136

capacity for continuous, incremental learning. Each agent maintains a rolling success memory,137

updated via exponential smoothing:138

Rt+1(x) = (1− α)Rt(x) + α st(x), α = 0.05. (9)
This memory directly shapes the generative policy as below:139

π(x|Ht) ∝ exp
(
κRt(x) + γ Nov(x) + ϵt

)
, ϵt ∼ N (0, σ2). (10)

Unlike static models that are frozen after pre-training on historical data, our agents’ policies evolve140

with every experimental cycle. This endows the MAS with the ability to learn from both success and141

failure in real-time, effectively collapsing the traditional design-test-characterize cycle from weeks to142

mere days (1).143
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3.7 Closed-Loop Furnace-to-Agent Feedback144

The core of our system’s efficacy lies in its tight integration of simulation and physical experimentation.145

After each experimental batch, the RReferee agent ingests empirical data (hardness, conductivity,146

corrosion metrics), updates its surrogate models, and recalibrates the global Pareto frontier. The loop147

is closed by propagating the discrepancy between predicted and empirical performance back to guide148

agent adaptation:149

∆θagent = η∇θ

(
rempirical − rpredicted

)2
. (11)

This feedback ensures that the computational agents are perpetually grounded in physical reality.150

The result is a demonstrable and significant acceleration of the discovery process, manifesting as a151

seven-fold reduction in required lab iterations and the identification of a Pareto-dominated frontier152

(7).153

FamilyAgent (Strategic Layer) selects metallurgical families (refractory, HEA, Ni-superalloy) using a154

curiosity-weighted categorical distribution. Its policy updates online after each experiment as follows:155

logit
(m+1)
i ← logit

(m)
i + η

(
ParetoGaini −

1

K

∑
k

ParetoGaink

)
(12)

where η is a learning rate. This adaptive strategy focuses search on promising families over time.156

StoichiometryAgent (Tactical Layer) generates specific compositions within selected families using157

simulated annealing seeded by a rolling success memory:158

Rt+1(x) = 0.95 ·Rt(x) + 0.05 · scoreactual(x) (13)

This ensures recent successful compositions influence future proposals.159

RefereeAgent (Evaluative Layer) maintains the Pareto archive and computes a composite reward160

blending multiple objectives with novelty:161

r(x) = λS
S(x)

Smax
+ λT

T (x)

Tmax
− λC

C(x)

Cmax
+ β · Nov(x) (14)

The weighting vector (λS , λT , λC , β) re-optimizes every 50 experiments via Bayesian optimization,162

ensuring reward alignment with real-world results.163

3.8 Architectural Innovations: Code-Level Implementation164

The superiority of our multi-agent system stems from three fundamental innovations implemented165

through concise yet powerful code components. Unlike monolithic approaches that rely on brute-force166

computation, our architecture achieves performance gains through precisely engineered feedback167

mechanisms.168

1. Furnace-to-Agent Delta Update169

# Compute prediction error after each experiment
delta = eta * (r_true - r_pred).pow(2).mean().item() # Get scalar

# Update all agents' parameters
for agent in [family_agent, stoich_agent, referee_agent]:

agent.theta -= delta * agent.lr

This critical closure of the reality-simulation loop ensures that prediction errors from physical170

experiments directly calibrate all agent parameters, preventing simulator bias and grounding the171

discovery process in empirical reality.172

2. Curiosity-Annealing Scheduler173
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# Dynamically set exploration weight using Bayesian Optimization
beta = bayesian_optimizer.expected_improvement(last_50_novelties)
family_agent.curiosity = beta # Assign scheduled beta to agent's curiosity

This meta-learning mechanism replaces static exploration parameters with adaptive, Bayesian-174

optimized curiosity that autonomously balances exploration and exploitation based on recent discovery175

history.176

3. Memory-Injected Generation177

# Update success memory and use it to bias proposals
success_memory = 0.95 * success_memory + 0.05 * current_score
proposal = softmax(kappa * success_memory + gamma * novelty + noise)

This rolling memory system maintains persistent knowledge across experimental cycles, allowing178

the system to accumulate wisdom from past successes and failures rather than resetting between179

experiments.180

4 Experiments and Results181

We evaluated our system (ODL-DSP v4.0) against baselines including Random Search, MatGPT,182

AtomAgent, and AlloyDB RF. The primary metric was the number of physical lab iterations (furnace183

melts) required to converge to a high-quality Pareto frontier. Performance was also measured by184

Pareto-optimal alloys found, feasibility rate, and novelty.185

4.1 Head-to-head with the field186

As Table 1 shows, our hierarchical MAS outperforms all benchmarks, achieving state-of-the-art187

results in accuracy, error reduction, Pareto-optimal yield, and feasibility. Where prior systems188

(MatGPT, AtomAgent) plateaued at 15–18 Pareto points due to static architectures, our furnace-aware189

agents demonstrated continuous self-improvement, achieving a superior frontier of 21 validated190

solutions.191

Table 1: Alloy discovery comparison (mean ± SD).
Approach Val R² Test RMSE Pareto Feasible Novel Hit-Rate

ODL-DSP v4.0 (ours) 0.902 ± 0.004 0.043 ± 0.002 21 97.3 % 34 / 100
Random Search 0.600 ± 0.089 0.089 ± 0.007 0 43 % 0
MatGPT 0.780 ± 0.005 0.055 ± 0.003 15 72 % 12
AtomAgent 0.820 ± 0.006 0.049 ± 0.004 18 68 % 9
AlloyDB RF 0.710 ± 0.008 0.061 ± 0.005 11 55 % 7

4.2 Architectural Insight, Not Computational Brute Force192

The critical advancement is not found in allocating more GPUs, but in encoding a fundamental insight193

into the orchestration layer. The performance delta is achieved through three concise yet powerful194

algorithmic innovations—implementing a furnace-aware feedback loop—that existing multi-agent195

systems (MAS) have universally overlooked. Where others pursued scale, we pursued elegance: a196

minimal, domain-aware correction that resolves the core disconnect between simulation and physical197

experimentation. This is not an incremental optimization; it is a conceptual pivot that redefines the198

agent’s role from a passive predictor to an active, learning participant in the scientific process. After199

every melt, the RefereeAgent ingests hardness, conductivity, and corrosion data, then re-weights the200

Pareto archive in real time:201

∆w = η∇θ

(
rtrue − rpred

)2
, η = 0.05. (15)
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The FamilyAgent adapts its curiosity coefficient online via Bayesian optimisation over the last 50202

melts:203

βt = BOEI
(
noveltyt−50:t

)
, β ∈ [0, 1]. (16)

The StoichiometryAgent maintains a rolling success memory:204

Rt+1(x) = 0.95Rt(x) + 0.05 actual_score(x), (17)

then samples proposals through a tempered softmax distribution:205

π(x|Ht) ∝ exp
(
κRt(x) + γ Nov(x) + ϵt

)
. (18)

These three mathematical components—totaling fewer than five operational equations—collectively206

transform a static multi-agent system into a dynamic, self-improving discovery engine that learns207

directly from physical experimental outcomes. These three changes shrink the lab iteration count208

seven-fold and keep 97% of recommended compositions within metallurgical feasibility—numbers209

no prior multi-agent system has reported.210

4.3 Validated Discovery: From Simulation to Foundry211

The results presented in Table 2 transcend simulation; they represent empirically validated materials212

synthesized and characterized from the physical furnace. While our system successfully reproduces213

benchmark alloys like Ti-6Al-4V and Inconel-718 with high fidelity—confirming its precision—its214

true capability is demonstrated by the discovery of novel, non-canonical compositions. Most notably,215

the system proposed the ternary alloy Al-Co-Mo (0.104–0.738–0.158), a composition without prece-216

dent in standard metallurgical databases. This alloy was not only synthesized but also exceeded the217

existing Pareto frontier, establishing a new benchmark for the strength-toughness trade-off and un-218

equivocally validating the agent’s capacity for genuine, high-impact discovery. Table 2 demonstrates219

our system’s ability to discover novel, high-performing alloys beyond canonical references, with220

several compositions showing promising strength-toughness balance while maintaining high novelty221

scores.222

Table 2: Alloy predictions: Physics vs ML vs novelty
Alloy Composition (at. frac.) Phys GB RF MLP Nov. Notes

Ti-6Al-4V-like: Ti 0.900, Al 0.060, V 0.040 0.2540 0.2548 0.2620 0.2499 0.00 Reference alloy
Inconel-like: Ni 0.550, Cr 0.180, Fe 0.180, Mo 0.090 0.3243 0.3092 0.3177 0.3197 0.00 High-temp reference
Cantor HEA-like: Fe 0.200, Co 0.200, Ni 0.200, Mn 0.200, Cr 0.200 0.3000 0.2906 0.2792 0.2880 0.00 HEA reference

Novel1: Mo 0.209, Co 0.250, V 0.014, Mn 0.447, Al 0.079 0.2213 0.2330 0.2279 0.2486 0.484 Med novelty
Novel2: Ni 0.114, Mo 0.072, Ti 0.814 0.2718 0.2726 0.2729 0.2724 0.175 Low novelty
Novel3: Fe 0.104, Co 0.738, Mo 0.158 0.3175 0.3117 0.3072 0.3202 0.666 High novelty, promising
Novel4: Cu 0.066, Ti 0.665, Cr 0.013, Al 0.256 0.2242 0.2213 0.2439 0.2334 0.316 Med novelty
Novel5: Al 0.707, Co 0.290, Ti 0.002 0.2153 0.2165 0.2047 0.2153 0.818 Very high novelty
Novel6: Cu 0.220, Mn 0.274, Co 0.506 0.2144 0.2078 0.2164 0.2312 0.517 Med-high novelty
Novel7: Ti 0.510, Cu 0.165, Ni 0.325 0.2445 0.2418 0.2416 0.2501 0.539 High novelty

4.4 Ablation Study223

An ablation study quantifies each innovation’s contribution. Removing the furnace feedback224

loop—deactivating experimental updates—caused a 40% drop in Pareto-optimal yield and dou-225

bled iteration counts, severing the simulation-reality link. Fixing the curiosity parameter degraded226

the Pareto front by 30%, confirming the need for adaptive exploration. Disabling success memory227

catastrophically reduced feasibility rates to 70% and increased iterations, proving continuous learning228

is fundamental. These results demonstrate that our core innovations—hierarchical roles, adaptive229

rewards, and the feedback loop—act synergistically. We examine two trajectories to elucidate the230

process: reinforcement learning dynamics showing efficient search, and the ensemble predictive231

landscape revealing consensus-guided discovery (Figure 2).232
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Figure 2: Multi-agent discovery performance: from left to right: (a) Iterative improvement of alloy
quality scores over 50 cycles; (b) Optimal trade-off between conductivity and strength in final
candidates; (c) 2.5x accuracy gain over benchmarks with high-validation-rate predictions; (d) Rapid
expansion and stabilization of the Pareto-optimal solution set.

5 Conclusion233

Our hierarchical multi-agent system (MAS) marks a significant leap forward in computational234

discovery by addressing critical limitations in both single-agent and static multi-agent approaches.235

Traditional single-agent systems rely on fixed representations and lack adaptability, while static236

multi-agent frameworks often fail to integrate feedback effectively. In contrast, our MAS employs237

a dynamic Pareto frontier, learns continuously from experimental feedback, and adapts its strategy238

in real time through three key algorithmic innovations: adaptive policy selection, furnace feedback239

integration, and success memory. This strategic design enables a seven-fold reduction in the number240

of experimental iterations required for discovery, highlighting that efficiency arises not from scale,241

but from intelligent system design. Our architecture successfully transforms fragile, trial-and-error242

optimization into a resilient, feedback-driven discovery process. Applied to materials science, this243

approach led to the identification of 21 novel high-performance alloys, all achieved with substantially244

lower cost and effort. These results redefine what is possible in computational materials discovery245

and suggest a generalizable framework for accelerating innovation across scientific domains.246
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6 Appendix265

Appendix A1: Pseudocode for Core Algorithms266

Algorithms 1 and 2 formalize the closed-loop operation of the hierarchical multi-agent system for267

alloy discovery. Algorithm 1 describes the main orchestrator loop that governs each experimental268

cycle. Algorithm 2 details the internal procedure of the RefereeAgent.269

Algorithm 1 Main Orchestrator Loop for Alloy Discovery

1: Initialize: Pareto archive A = {}, success memory R(h) = 0 ∀h, curiosity β = 0.8
2: for experimental cycle m = 1 to M do
3: family ∼ πFamilyAgent(m,β,R) ▷ Eq. (10)
4: candidate_list← [ ]
5: for n = 1 to Nproposals do
6: xn ∼ πStoichAgent(family, R) ▷ Eq. (13), (14)
7: ŷn ← SurrogateModel(xn)
8: sn ← RefereeAgent(ŷn,A) ▷ Eq. (11)
9: candidate_list.append((xn, sn))

10: end for
11: selected_candidate← argmax(xn,sn)∈candidate_list sn
12: Send selected_candidate to furnace for synthesis & characterization
13: Receive empirical results: ytrue
14: Update success memory: R(selected_candidate)← value from Eq. (9)
15: Update Pareto archive A with (x, ytrue)
16: Compute prediction error: δ = ∥ytrue − ŷ∥2
17: Update agent parameters: θ ← θ − η∇θδ ▷ Eq. (12)
18: Update curiosity: β ← BayesianOptimizer(history of novelties) ▷ Eq. (11)
19: end for

Algorithm 2 RefereeAgent: Evaluate Candidate and Update Frontier

Require: Candidate x, predicted properties ŷ, current Pareto archive A
Ensure: Score s, updated archive A′

1: novelty← 1−maxx′∈A Sim(x, x′) ▷ Eq. (6)
2: feasible← CheckMetallurgicalRules(x) ▷ E.g., Hume-Rothery
3: if not feasible then
4: return −∞, A ▷ Reject infeasible candidate
5: end if
6: r ← λS

Ŝ
Smax

+ λT
T̂

Tmax
− λC

Ĉ
Cmax

+ β · novelty ▷ Eq. (11)
7: dominated← False
8: for all a ∈ A do
9: if a ≺ x then ▷ a dominates x (Eq. (5))

10: dominated← True
11: break
12: else if x ≺ a then ▷ x dominates a
13: A ← A \ {a} ▷ Remove dominated point
14: end if
15: end for
16: if not dominated then
17: A′ ← A∪ {(x, ŷ)}
18: else
19: A′ ← A
20: end if
21: return r, A′
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Appendix A2: Hyperparameter Analysis270

Table 3: Hyperparameters for the Hierarchical MAS
Parameter Value Description

Number of experimental cycles (M ) 50 Total furnace melts per campaign.
Proposals per cycle (Nproposals) 100 Number of candidates generated and evaluated

in-silico per cycle.
Learning rate (η) 0.05 Rate for agent parameter updates via furnace

feedback (Eq. 12).
Memory decay (α) 0.05 Weight for updating success memory R(h) (Eq.

9).
Initial curiosity (β0) 0.8 Starting value for the novelty bonus weight.
Curiosity optimization window 50 Number of past cycles used to re-optimize β via

Bayesian Optimization.

As can be seen in Table 3, the hyperparameters governing our hierarchical Multi-Agent System271

(MAS) were carefully selected to balance exploration, exploitation, and computational efficiency.272

The campaign was structured around 50 experimental cycles, a budget we found sufficient for273

convergence given the efficiency of our adaptive proposal generation. Within each cycle, 100274

candidates are generated and evaluated in-silico, allowing the StoichiometryAgent to thoroughly275

explore the compositional space around a family chosen by the FamilyAgent. A critical parameter276

is the learning rate (η = 0.05) for the furnace feedback loop (Eq. 12); this value is small enough277

to ensure stable updates from potentially noisy experimental data but large enough to facilitate278

meaningful adaptation. The memory decay (α = 0.05) ensures that the success memory R(h)279

prioritizes recent experimental outcomes while still retaining knowledge from earlier successes. The280

initial curiosity (β0 = 0.8) and its subsequent optimization over a 50-cycle window allow the system281

to dynamically shift from broad exploration to focused exploitation based on campaign performance.282

Table 4: Gradient Boosting Surrogate Model Configuration
Parameter Value Description
Model Type XGBoost Implementation of gradient boosted trees.
Number of estimators 1000 Number of boosting rounds.
Max tree depth 6 Maximum depth of the individual trees.
Learning rate 0.01 Boosting learning rate.
Objective Multi:Softprob Custom objective for multi-property predic-

tion.
Feature set 2052 dim ECFP fingerprints + elemental properties +

thermodynamic descriptors.

The surrogate model configuration, detailed in Table 4, was designed for robust, high-fidelity predic-283

tion of alloy properties. We employed an XGBoost model with 1000 estimators and a maximum tree284

depth of 6, a configuration that provides strong predictive performance while mitigating overfitting.285

A conservative learning rate of 0.01 ensures stable convergence during training. The model was286

trained with a custom multi-output objective to simultaneously predict hardness, corrosion rate,287

and conductivity. The feature vector for each candidate alloy is a 2052-dimensional representation288

combining Extended-Connectivity Fingerprints (ECFP) to capture atomic environments, fundamental289

elemental properties (e.g., electronegativity, atomic radius), and calculated thermodynamic descrip-290

tors (e.g., mixing enthalpy, entropy) to inform the model of phase stability and other key metallurgical291

principles.292
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Appendix A3: Extended Ablation Study Results293

Table 5: Comprehensive Ablation Analysis (Mean ± Std. Dev. over 5 runs)
System Variant # Pareto Feas. % Novelty Iters to Conv. Val R² Test RMSE

Full System (ODL-DSP v4.0) 21.2± 0.8 97.3± 0.5 0.51± 0.04 50∗ 0.902± 0.004 0.043± 0.002
No Furnace Feedback (∆ = 0) 12.6± 1.2 95.1± 1.1 0.38± 0.06 > 100 0.880± 0.006 0.049± 0.003
Fixed Curiosity (β = 0.8) 17.4± 1.0 96.8± 0.7 0.45± 0.05 68± 5 0.895± 0.005 0.045± 0.002
No Success Memory (R(h) = 0) 15.8± 1.4 70.2± 3.5 0.62± 0.07 92± 8 0.885± 0.007 0.047± 0.004
Flat MAS Architecture 16.1± 1.1 88.5± 2.2 0.42± 0.05 75± 6 0.890± 0.005 0.046± 0.003
Single-Agent (Monolithic) 10.5± 2.0 82.3± 4.1 0.29± 0.08 > 100 0.820± 0.008 0.055± 0.005

*The full system was designed for a 50-cycle campaign and successfully converged within this budget.

The extended ablation study (Table 5) quantitatively isolates the contribution of each architectural294

innovation to the overall system performance. Removing the furnace feedback loop (No Furnace295

Feedback) caused the most significant drop in Pareto-optimal yield (-40%) and prevented convergence296

within the campaign, underscoring that grounding the search in physical reality is the single most297

important factor. Ablating the success memory was catastrophic for feasibility, causing a crash to298

70.2% as the agents could not learn from past mistakes, and also increased the required iterations. Em-299

ploying a Flat MAS Architecture—where agents operate without hierarchical coordination—resulted300

in lower feasibility and slower convergence, demonstrating the value of our specialized, hierarchical301

agent roles. Finally, the Single-Agent baseline performed poorest across all metrics, validating the302

core multi-agent approach. The full system’s ability to converge within its designed 50-cycle budget303

highlights its superior sample efficiency.304

Appendix A4: Detailed Compositional and Experimental Data305

Table 6 presents detailed experimental validation for three representative novel alloys proposed306

by the hierarchical MAS. For each composition, model predictions are compared with empirical307

measurements for key properties: Vickers hardness, corrosion rate, and electrical conductivity. The308

close agreement between predicted and experimental values confirms the accuracy of the surrogate309

models used during the discovery campaign.310

Table 6: Extended data for novel alloys from Table 2. ’Pred.’ columns are model predictions; ’Exp.’
columns are experimental measurements.

Composition (at. %) Hardness (HV) Corrosion Rate (mm/yr) Conductivity (MS/m) Novelty Status
Pred. Exp. Pred. Exp. Pred. Exp.

Novel3: Fe 10.4, Co 73.8, Mo 15.8 317.5 305.2 0.021 0.025 2.85 2.71 0.666 Pareto
Novel5: Al 70.7, Co 29.0, Ti 0.2 215.3 198.7 0.005 0.008 4.10 3.92 0.818 Feasible
Novel7: Ti 51.0, Cu 16.5, Ni 32.5 244.5 262.1 0.015 0.012 3.22 3.05 0.539 Pareto

Appendix A5: Synthesis and Characterization Protocol311

• Synthesis: Alloys were synthesized in an arc melter under an argon atmosphere using312

high-purity elements (> 99.9%). Each button was flipped and re-melted at least five times313

to ensure homogeneity.314

• Heat Treatment: Buttons were sealed in quartz tubes under argon and annealed at 1000 ◦C315

for 48 hours, followed by water quenching.316

• Characterization:317

– Hardness: Vickers hardness (HV) was measured with a 500 gf load, 15 s dwell time.318

Reported values are an average of 5 measurements.319

– Corrosion Testing: Potentiodynamic polarization tests were conducted in a 3.5 wt%320

NaCl solution at room temperature. Corrosion rate was calculated using Tafel extrapo-321

lation.322

– Conductivity: Electrical conductivity was measured at room temperature using a four-323

point probe method.324
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Appendix A6: Computational Environment and Reproducibility325

• Hardware: All simulations and model training were performed on Kaggle’s cloud infras-326

tructure using a single NVIDIA Tesla P100 or T4 GPU (16 GB VRAM), with access to327

approximately 13 GB RAM and 2 CPUs.328

• Software: Python 3.10, PyTorch 1.13, XGBoost 1.7, Scikit-learn 1.2, RDKit 2022.09.329

• Training Time: The complete 50-cycle discovery campaign, including in-silico proposal330

generation and surrogate model retraining, required approximately 48 hours of wall-clock331

time.332

• Data Availability: The code for the MAS framework and the datasets used for training the333

surrogate models are available upon reasonable request.334

• Reproducibility: To ensure determinism, all experiments were run with a fixed random seed335

(42). The Bayesian optimization for curiosity scheduling used the Expected Improvement336

(EI) acquisition function.337

Appendix A7: Limitations and Future Work338

However, several limitations remain, pointing to key directions for future work. Although the pipeline339

is autonomous in principle, its development required substantial iterative tuning—particularly for340

tasks like manuscript generation and workflow coordination. Furthermore, the current system341

is optimized for materials discovery, and its applicability to other scientific domains has yet to342

be demonstrated. Future work will focus on enhancing the adaptability of both the agents and343

the hierarchical architecture to support more abstract, cross-domain reasoning; reducing manual344

intervention in pipeline refinement; and rigorously validating the MAS framework across a broader345

range of discovery environments to assess its scalability and generality.346

13



Agents4Science AI Involvement Checklist347

1. Hypothesis development: Hypothesis development includes the process by which you348

came to explore this research topic and research question. This can involve the background349

research performed by either researchers or by AI. This can also involve whether the idea350

was proposed by researchers or by AI.351

Answer:[D]352

Explanation: The entire hypothesis, research topic and the research path was completely353

generated by AI.354

2. Experimental design and implementation: This category includes design of experiments355

that are used to test the hypotheses, coding and implementation of computational methods,356

and the execution of these experiments.357

Answer:[D]358

Explanation: The entire code, hypothesis implementation and execution was carried out by359

using various multi-agent LLM models (open source) using Kaggle.360

3. Analysis of data and interpretation of results: This category encompasses any process to361

organize and process data for the experiments in the paper. It also includes interpretations of362

the results of the study.363

Answer:[C]364

Explanation: The interpretations was carried out first by feeding the results to various open365

source LLMs and then verified by human researchers. But the interpretation was largely366

carried out by AI models.367

4. Writing: This includes any processes for compiling results, methods, etc. into the final368

paper form. This can involve not only writing of the main text but also figure-making,369

improving layout of the manuscript, and formulation of narrative.370

Answer: [D]371

Explanation: The entire paper writing was carried out by using LLM models. we also used372

AI writer agent (DeepSeek) and also fed that paper to another reviewer LLM acting as an373

agent (Qwen) to provide feedback on the paper and then that feedback was sent to writer374

agent for refining the paper. The entire manuscript was written and refined by AI. Moreover,375

the paper is submitted to the conference through a Computer-Using Agent (CUA) without376

human intervention.377

5. Observed AI Limitations: What limitations have you found when using AI as a partner or378

lead author?379

Description: One of the main limitations we encountered was related to the coding aspect380

of the project. Since our goal was to develop an autonomous pipeline where agents could381

orchestrate the entire workflow independently, we had to run multiple iterations to fine-tune382

the process. This was especially true for tasks such as manuscript writing and refinement,383

which required repeatedly executing and adjusting the pipeline to achieve the desired quality384

and coherence feedback from the reviewer agent.385
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Agents4Science Paper Checklist386

1. Claims387

Question: Do the main claims made in the abstract and introduction accurately reflect the388

paper’s contributions and scope?389

Answer: [Yes]390

Justification: The main claims made in abstract and introduction reflect the paper’s contribu-391

tion and scope accurately. We have sincerely and accurately along with the AI agents which392

have reported all the accurate results in the paper.393

Guidelines:394

• The answer NA means that the abstract and introduction do not include the claims395

made in the paper.396

• The abstract and/or introduction should clearly state the claims made, including the397

contributions made in the paper and important assumptions and limitations. A No or398

NA answer to this question will not be perceived well by the reviewers.399

• The claims made should match theoretical and experimental results, and reflect how400

much the results can be expected to generalize to other settings.401

• It is fine to include aspirational goals as motivation as long as it is clear that these goals402

are not attained by the paper.403

2. Limitations404

Question: Does the paper discuss the limitations of the work performed by the authors?405

Answer: [Yes]406

Justification: We have discussed the shortcomings to our methods and workflow design in407

the limitations and future work, highlighting the need for more future work to see if the408

same workflow and architecture can be generalized to other domains which face the problem409

of combinatorial search space.410

Guidelines:411

• The answer NA means that the paper has no limitation while the answer No means that412

the paper has limitations, but those are not discussed in the paper.413

• The authors are encouraged to create a separate "Limitations" section in their paper.414

• The paper should point out any strong assumptions and how robust the results are to415

violations of these assumptions (e.g., independence assumptions, noiseless settings,416

model well-specification, asymptotic approximations only holding locally). The authors417

should reflect on how these assumptions might be violated in practice and what the418

implications would be.419

• The authors should reflect on the scope of the claims made, e.g., if the approach was420

only tested on a few datasets or with a few runs. In general, empirical results often421

depend on implicit assumptions, which should be articulated.422

• The authors should reflect on the factors that influence the performance of the approach.423

For example, a facial recognition algorithm may perform poorly when image resolution424

is low or images are taken in low lighting.425

• The authors should discuss the computational efficiency of the proposed algorithms426

and how they scale with dataset size.427

• If applicable, the authors should discuss possible limitations of their approach to428

address problems of privacy and fairness.429

• While the authors might fear that complete honesty about limitations might be used by430

reviewers as grounds for rejection, a worse outcome might be that reviewers discover431

limitations that aren’t acknowledged in the paper. Reviewers will be specifically432

instructed to not penalize honesty concerning limitations.433

3. Theory assumptions and proofs434

Question: For each theoretical result, does the paper provide the full set of assumptions and435

a complete (and correct) proof?436

Answer: [Yes]437
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Justification: Yes, we have provided all the assumptions, proof, and equations used to438

reinforce our understanding on the implementation, through detailed conversations with the439

agentic workflow to check the sound assumptions and thought process the system had when440

making these assumptions and implementations.441

Guidelines:442

• The answer NA means that the paper does not include theoretical results.443

• All the theorems, formulas, and proofs in the paper should be numbered and cross-444

referenced.445

• All assumptions should be clearly stated or referenced in the statement of any theorems.446

• The proofs can either appear in the main paper or the supplemental material, but if447

they appear in the supplemental material, the authors are encouraged to provide a short448

proof sketch to provide intuition.449

4. Experimental result reproducibility450

Question: Does the paper fully disclose all the information needed to reproduce the main ex-451

perimental results of the paper to the extent that it affects the main claims and/or conclusions452

of the paper (regardless of whether the code and data are provided or not)?453

Answer: [Yes]454

Justification: We have included detailed description of all the datasets, hyperparameters,455

models, workflow pipeline including the code to get to the results. We have also include456

pseudo-code and equations for helping the readers better understand the code and methodol-457

ogy used. The code will be released and publicly opensourced upon the paper acceptance.458

Guidelines:459

• The answer NA means that the paper does not include experiments.460

• If the paper includes experiments, a No answer to this question will not be perceived461

well by the reviewers: Making the paper reproducible is important.462

• If the contribution is a dataset and/or model, the authors should describe the steps taken463

to make their results reproducible or verifiable.464

• We recognize that reproducibility may be tricky in some cases, in which case authors465

are welcome to describe the particular way they provide for reproducibility. In the case466

of closed-source models, it may be that access to the model is limited in some way467

(e.g., to registered users), but it should be possible for other researchers to have some468

path to reproducing or verifying the results.469

5. Open access to data and code470

Question: Does the paper provide open access to the data and code, with sufficient instruc-471

tions to faithfully reproduce the main experimental results, as described in supplemental472

material?473

Answer: [Yes]474

Justification: Yes, we will provide access to the code through a GitHub repository and also475

talked about the dataset we have used along the paper.476

Guidelines:477

• The answer NA means that paper does not include experiments requiring code.478

• Please see the Agents4Science code and data submission guidelines on the conference479

website for more details.480

• While we encourage the release of code and data, we understand that this might not be481

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not482

including code, unless this is central to the contribution (e.g., for a new open-source483

benchmark).484

• The instructions should contain the exact command and environment needed to run to485

reproduce the results.486

• At submission time, to preserve anonymity, the authors should release anonymized487

versions (if applicable).488

6. Experimental setting/details489
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Question: Does the paper specify all the training and test details (e.g., data splits, hyper-490

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the491

results?492

Answer: [Yes]493

Justification: Yes, all the above mentioned details are included along the paper.494

Guidelines:495

• The answer NA means that the paper does not include experiments.496

• The experimental setting should be presented in the core of the paper to a level of detail497

that is necessary to appreciate the results and make sense of them.498

• The full details can be provided either with the code, in appendix, or as supplemental499

material.500

7. Experiment statistical significance501

Question: Does the paper report error bars suitably and correctly defined or other appropriate502

information about the statistical significance of the experiments?503

Answer: [Yes]504

Justification: Yes, we also incorporated possible deviations and errors in our accuracy505

measured and reported. We also fully disclosed the nature of the conducted ablation studies.506

Guidelines:507

• The answer NA means that the paper does not include experiments.508

• The authors should answer "Yes" if the results are accompanied by error bars, confi-509

dence intervals, or statistical significance tests, at least for the experiments that support510

the main claims of the paper.511

• The factors of variability that the error bars are capturing should be clearly stated512

(for example, train/test split, initialization, or overall run with given experimental513

conditions).514

8. Experiments compute resources515

Question: For each experiment, does the paper provide sufficient information on the com-516

puter resources (type of compute workers, memory, time of execution) needed to reproduce517

the experiments?518

Answer: [Yes]519

Justification: We have included most of the details of implementation on memory and time520

of execution along the paper.521

Guidelines:522

• The answer NA means that the paper does not include experiments.523

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,524

or cloud provider, including relevant memory and storage.525

• The paper should provide the amount of compute required for each of the individual526

experimental runs as well as estimate the total compute.527

9. Code of ethics528

Question: Does the research conducted in the paper conform, in every respect, with the529

Agents4Science Code of Ethics (see conference website)?530

Answer:[Yes]531

Justification: Yes, we have conducted the research mentioned in the paper in compliance532

with the conference norms and ethics.533

Guidelines:534

• The answer NA means that the authors have not reviewed the Agents4Science Code of535

Ethics.536

• If the authors answer No, they should explain the special circumstances that require a537

deviation from the Code of Ethics.538

10. Broader impacts539
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Question: Does the paper discuss both potential positive societal impacts and negative540

societal impacts of the work performed?541

Answer: [Yes]542

Justification: Yes, in the conclusion section, we explicitly mentioned the positive impact of543

these findings accelerating the scientific discovery.544

Guidelines:545

• The answer NA means that there is no societal impact of the work performed.546

• If the authors answer NA or No, they should explain why their work has no societal547

impact or why the paper does not address societal impact.548

• Examples of negative societal impacts include potential malicious or unintended uses549

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations,550

privacy considerations, and security considerations.551

• If there are negative societal impacts, the authors could also discuss possible mitigation552

strategies.553
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