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Abstract001

The central challenge of AI for Science is not002
reasoning alone, but the ability to create com-003
putational methods in an open-ended scientific004
world. Existing LLM-based agents rely on005
static, pre-defined tool libraries, a paradigm006
that fundamentally fails in scientific domains007
where tools are sparse, heterogeneous, and008
intrinsically incomplete. In this paper, we009
propose Test-Time Tool Evolution (TTE), a010
new paradigm that enables agents to synthe-011
size, verify, and evolve executable tools dur-012
ing inference. By transforming tools from013
fixed resources into problem-driven artifacts,014
TTE overcomes the rigidity and long-tail limi-015
tations of static tool libraries. To facilitate rigor-016
ous evaluation, we introduce SciEvo, a bench-017
mark comprising 1,590 scientific reasoning018
tasks supported by 925 automatically evolved019
tools. Extensive experiments show that TTE020
achieves state-of-the-art performance in both021
accuracy and tool efficiency, while enabling022
effective cross-domain adaptation of computa-023
tional tools. The code and benchmark will be024
released to foster future research in evolution-025
ary tool paradigms.026

1 Introduction027

The ultimate pursuit of “AI for Science” is to con-028

struct autonomous agents capable of navigating029

the unbounded complexity of the physical world,030

from discovering novel drug candidates to deriving031

governing equations of matter. While Large Lan-032

guage Models (LLMs) act as powerful reasoning033

engines (Brown et al., 2020), scientific research034

demands precise, executable rigor that inherently035

exceeds the probabilistic nature of LLMs (Miret036

and Krishnan, 2024). Without the mediation of037

computational tools, scientific LLMs demonstrate038

significantly limited performance (Yu et al., 2025),039

hallucinating on tasks requiring rigorous fidelity040

(Chen, 2021; Nijkamp et al., 2022).041

Current paradigms attempt to bridge this gap 042

through static tool libraries, i.e., pre-defined func- 043

tions constructed via manual curation or offline 044

synthesis. While effective for standardized tasks 045

(e.g., weather, booking), this paradigm collapses in 046

scientific reasoning. We identify two fatal bottle- 047

necks in the static approach. First, scientific tools 048

exhibit extreme sparsity and heterogeneity. Unlike 049

the abundant ecosystems of general domains, scien- 050

tific functions are scattered and non-standardized, 051

rendering the manual curation of a comprehensive 052

library computationally intractable. Second, and 053

most critically, static libraries cannot anticipate 054

the bespoke computational primitives required for 055

novel inquiry, which confines agents to the role 056

of passive selectors rather than active discoverers, 057

imposing an artificial ceiling on their potential to 058

solve unseen problems (Schick et al., 2023; Wan 059

et al., 2025). 060

We contend that scientific reasoning is funda- 061

mentally unsuited for the static tool paradigm 062

shown in Figure 1(a). For an agent to be a gen- 063

uine scientist, it cannot merely select tools, it must 064

evolve them. Unlike existing approaches using 065

limited pre-defined tool libraries, we propose Test- 066

Time Tool Evolution (TTE), a paradigm shift that 067

transitions scientific reasoning from static retrieval 068

to dynamic evolution. Instead of relying on a fos- 069

silized library, TTE synthesizes executable tools 070

on demand during the inference phase. By dynami- 071

cally decomposing complex problems into atomic 072

functions and verifying them in real-time, TTE en- 073

sures that every tool in the library is intrinsically 074

aligned with the problem space. We instantiate 075

TTE in two fundamental tasks: Ab-initio Tool Syn- 076

thesis (TTE-Zero) where the agent evolves a tool li- 077

brary from scratch to solve problems without prior 078

knowledge, and Cross-Domain Tool Adaptation 079

(TTE-Adapt) where the agent dynamically repur- 080

poses a source tool library (e.g., Materials Science) 081

to conquer a new domain (e.g., Chemistry). 082
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Figure 1: Paradigm comparison: Static Tool Paradigm (left) vs Test-Time Tool Evolution (right). Static approaches
require pre-collected tool libraries, limiting coverage and domain adaptability. Our test-time evolution starts with
an empty library and generates tools on-demand during problem-solving, enabling continuous evolution to new
domains and problems.

Our contributions are summarized as follows:083

1. We introduce Test-Time Tool Evolution, a084

novel framework that mirrors the iterative na-085

ture of the scientific method. By enabling086

tools to be generated, verified, and evolved087

during inference, TTE overcomes the inherent088

rigidity of static paradigms.089

2. We release SciEvo, a comprehensive bench-090

mark for evaluating tool evolution, comprising091

1,590 scientific evaluation instances supported092

by a library of 925 evolved tools.093

3. Extensive evaluations demonstrate that TTE094

establishes a new State-of-the-Art (SOTA)095

for scientific reasoning. Specifically, TTE-096

Zero outperforms existing baselines in both097

accuracy and tool utilization efficiency signif-098

icantly, while TTE-Adapt enables effective099

cross-domain tool adaptation, demonstrating100

the transferability of computational primitives101

across scientific disciplines.102

2 Related Work103

2.1 Static Tool Paradigm104

The paradigm of augmenting LLMs with external105

tools has expanded their capabilities beyond static106

parametric knowledge. Foundational works have107

established the mechanisms for this interaction,108

e.g., ReAct (Yao et al., 2022) introduces the inter-109

leaving of reasoning traces with tool actions, while110

Toolformer (Schick et al., 2023) demonstrates that 111

LLMs could teach themselves to use calculator and 112

search APIs via self-supervised fine-tuning. Build- 113

ing on these execution frameworks, subsequent 114

research have focused on scaling the tool space. 115

Systems like Gorilla (Patil et al., 2024) and Tool- 116

LLM (Qin et al., 2024) employ instruction tuning 117

and retrieval-based mechanisms to select appropri- 118

ate tools from massive, pre-defined API libraries, 119

e.g., HuggingFace or RapidAPI, enabling models 120

to address diverse general-domain queries. 121

The static tool paradigm has been widely 122

adapted to specialized scientific domains to address 123

the complexity of domain-specific tasks. In chem- 124

istry and materials science, systems like Chem- 125

Crow (Bran et al., 2024), CheMatAgent (Wu et al., 126

2025), and ChemMAS (Yang et al., 2025) inte- 127

grate fixed sets of expert-curated tools ranging 128

from simple calculators to complex synthesis plan- 129

ners to automate organic synthesis and drug dis- 130

covery. Other approaches focus on enhancing do- 131

main capability through knowledge-base integra- 132

tion, such as HoneyComb (Zhang et al., 2024), or 133

utilizing multi-agent frameworks to uncover hidden 134

interdisciplinary relationships as explored in SCP 135

(Jiang et al., 2025). Finally, recent works rigor- 136

ously benchmark the impact of these static toolsets, 137

as seen in ChemToolAgent (Yu et al., 2025) and 138

MatTools (Liu et al., 2025). Despite their effec- 139

tiveness in bounded scenarios, these systems share 140
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a critical limitation, i.e., they rely on pre-defined,141

static tool libraries, which fail to exhaustively cover142

the open-ended task space.143

2.2 Dynamic Tool Synthesis144

To address the coverage limitations of static li-145

braries, recent research has shifted towards en-146

abling LLMs to generate tools dynamically. Ap-147

proaches such as CREATOR (Qian et al., 2023)148

and CRAFT (Yuan et al., 2024) leverage the code149

generation capabilities of LLMs to synthesize cus-150

tom tools via abstract reasoning to solve specific151

problems. However, these methods typically treat152

tool generation as a one-off process or, as seen in153

LATM (Cai et al., 2024) and ToolMaker (Wölflein154

et al., 2025), adopt a decoupled paradigm where155

the tool-making phase is separated from inference,156

hindering real-time adaptation.157

Moving beyond static generation, systems like158

Voyager (Wang et al., 2023) introduce the concept159

of an evolving skill library, allowing agents to accu-160

mulate executable code as tools through trial and er-161

ror in embodied environments. Similarly, SEAgent162

(Sun et al., 2025) and ToolACE-DEV (Huang et al.,163

2025) investigate self-evolving mechanisms for op-164

erating system control. While promising, these165

evolutionary frameworks are designed for gamified166

or general computer tasks, lacking the rigor and167

domain-specific logic required for scientific rea-168

soning. Parallelly, automated design approaches169

(Hu et al., 2024; Shang et al., 2024) explore search-170

ing for optimal agent architectures within modu-171

lar design spaces, focusing on the arrangement of172

components rather than the evolution of the tools173

themselves.174

3 Test-Time Tool Evolution175

3.1 Problem Definition176

We formalize Test-Time Tool Evolution (TTE) as a177

fundamentally new paradigm that addresses a crit-178

ical gap in existing static tool paradigms. Unlike179

existing approaches where tools are prepared of-180

fline before problem-solving, TTE enables tools to181

be generated and evolved during problem-solving,182

representing a paradigm shift from static to dy-183

namic tool ecosystems.184

Formally, given a sequence of scientific prob-185

lems P = {P1, P2, . . . , Pt} arriving sequentially186

at test time, the goal of TTE is to maintain an187

evolving tool library Lt that balances capability188

and efficiency. We frame this task as an online189

optimization problem where the system seeks to 190

maximize the cumulative utility: 191

max
{Lt}Tt=1

T∑
t=1

(I(Solved(Pt, Lt))− λ · |Lt|) , (1) 192

where I(·) is the indicator function for problem 193

resolution, e.g., accuracy, and λ is a regularization 194

coefficient penalizing library expansion. parameter 195

training. We instantiate TTE for two primary tasks: 196

TTE-Zero for ab-initio tool synthesis (L0 = ∅), and 197

TTE-Adapt for cross-domain adaptation of a pre- 198

defined tool library to a new target domain. Since 199

finding the global optimum for Eq. 1 is computa- 200

tionally intractable due to the combinatorial nature 201

of tool composition, our TTE framework adopts 202

a greedy evolution strategy. At each step t, the 203

system updates Lt to Lt+1 via tool generation and 204

pruning mechanisms to approximate the optimal 205

trajectory without explicit parameter training. 206

3.2 Architecture Overview 207

Our framework implements a closed-loop evolu- 208

tionary workflow comprising five integrated mod- 209

ules, as shown in Figure 2. Structured Task De- 210

composition decomposes complex queries into exe- 211

cutable sub-goals. Dynamic Tool Retrieval queries 212

the library for existing tools. Generative Tool Syn- 213

thesis creates new tools on-demand when retrieval 214

fails. Atomic Tool Refinement decouples, validates, 215

and registers new tools to evolve the library. Run- 216

time Execution Engine executes the tool sequence 217

to derive the final answer. The proposed archi- 218

tecture enables continuous library growth from an 219

empty state while solving real-world problems. 220

3.3 Structured Task Decomposition 221

The Problem Analyzer serves as the planning en- 222

gine, decomposing scientific problems into a se- 223

quence of executable sub-goal operations. Given a 224

problem P , it identifies the set of required opera- 225

tions O: 226

O = Analyze(P )

= {Oi : Oi is required to solve P }.
(2) 227

The decomposition is tool-aware, isolating specific 228

sub-goals that require computational intervention, 229

setting the stage for the retrieval process. 230

3.4 Dynamic Tool Retrieval 231

For each identified operation Oi, the system queries 232

the Dynamic Tool Registry. We verify the existence 233
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Figure 2: The architecture of the Test-Time Tool Evolution (TTE) framework. The system operates through a
closed-loop workflow comprising five integrated stages. (1) Structured Task Decomposition: The Problem Analyzer
decomposes complex scientific queries into a sequence of executable sub-goals. (2) Dynamic Tool Retrieval: The
system queries the Dynamic Tool Registry for existing atomic tools. If retrieval fails, it triggers (3) Generative
Tool Synthesis: The Tool Synthesizer creates candidate tools on-the-fly, which undergo strict verification by the
Tool Verifier. (4) Atomic Tool Refinement: Validated tools are decoupled into reusable atomic units by the Atomic
Decomposer, filtered by the Redundancy Checker, and registered to update the library. (5) Runtime Execution
Engine: Once the required tools are successfully retrieved or generated for all the steps, the Tool Executor executes
the sequence to synthesize the final answer.

of suitable tools using semantic similarity between234

their textual descriptions:235

sim(Oi, Tj) = cos(embed(dOi), embed(dTj )),
(3)236

where d denotes the functional description. The237

system makes a branching decision based on the238

maximum similarity score found in the current li-239

brary L:240

T ∗ =

argmax
Tj∈L

sim(Oi, Tj), if smax ≥ τ,

Generate(Oi, P ), otherwise,
(4)241

where smax = maxTj∈L sim(Oi, Tj), τ is the242

threshold maximizing F1 score. The Tool Retriever243

balances exploitation and exploration, ensuring244

efficient reuse of existing tools (the "matched"245

path) while automatically triggering the synthe-246

sis pipeline (the "missed" path) for novel require-247

ments.248

3.5 Generative Tool Synthesis249

When retrieval fails, the Generative Tool Synthe-250

sis module creates a new tool through a rigorous251

generation-verification process. Given P and Oi,252

the Tool Synthesizer proposes a tool Tproposed via253

chain-of-thought reasoning: 254

P (Tproposed | P,Oi) =
K∏
k=1

P (fk | P,Oi, f1:k−1),

(5) 255

where fk represents components such as function 256

signature and implementation, and K denotes the 257

total number of generation steps. The Tool Veri- 258

fier ensures correctness through syntax checking, 259

execution testing, and domain validation: 260

P (valid | Tproposed) = Psyntax ·Pexec ·Pdomain. (6) 261

Only tools that pass all validation checks proceed 262

to the refinement stage. 263

3.6 Atomic Tool Refinement 264

To ensure the library evolves with high-quality, 265

reusable assets, valid tools undergo atomic refine- 266

ment before registration. The Atomic Decomposer 267

first breaks complex generated tools into funda- 268

mental “cell tools”. The decomposition process is 269

formalized as: 270

{A1, . . . , Ak} = Decompose(T ), (7) 271

which maximizes the expected reuse improvement 272

E[Ratomic]: 273

E[Ratomic] ≥ k · E[R(T )] · ppartial, (8) 274
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where R(·) represents the reuse utility function, k275

denotes the number of atomic components derived276

from the decomposition, and ppartial denotes the277

probability that a future problem requires only a278

subset of functions. Intuitively, monolithic tools279

suffer from rigidity. Decomposing T into k atomic280

units unlocks partial reusability, allowing future281

queries to invoke specific sub-functions (ppartial)282

independently, which flexibility ensures the decom-283

posed set yields higher cumulative utility than the284

single rigid tool.285

The Redundancy Checker acts as a gatekeeper.286

New atomic functions Anew are compared against287

the library:288

Anew ∈ Lt+1 ⇔ max
Ai∈Lt

sim(Anew, Ai) < τ. (9)289

Concurrently, the curator of the Dynamic Tool Reg-290

istry maintains library efficiency by pruning low-291

usage tools when capacity C is exceeded, ensuring292

the library remains compact and relevant:293

Lt+1 = Lt \ {Ai : u(Ai) < θmin ∧ |Lt|> C},
(10)294

where u(Ai) denotes the historical usage count of295

tool Ai, and θmin is the minimum usage threshold.296

3.7 Runtime Execution Engine297

Once the required tools are successfully retrieved298

or generated, the Tool Executor integrates them into299

the final reasoning process. The solution synthesis300

is formalized as S = Solve(P,Lt). The whole301

framework closes the loop, applying the evolved302

capabilities of the library to synthesize the final303

answer S for the user query.304

4 The SciEvo Benchmark305

4.1 Benchmark Construction306

A defining characteristic of SciEvo is its evolution-307

ary construction paradigm. Unlike libraries curated308

from static codebases, tools from SciEvo are boot-309

strapped from scratch using the TTE framework,310

ensuring that every tool is pragmatically generated311

to address authentic scientific reasoning needs.312

Seed Data Source. To construct a robust and di-313

verse seed environment, we integrate high-quality314

scientific inquiries from three distinct sources, in-315

cluding SciEval (Sun et al., 2024), SciBench (Wang316

et al., 2024), and a proprietary materials science317

dataset focused on specialized domain calculations.318

We explicitly filter for computational problems that319
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Figure 3: Tool distribution of the curated SciEvo bench-
mark. SciEvo covers 25 sub-disciplines across four
major scientific fields: Physics (499 tools), Chemistry
(192), Mathematics (171), and Materials (63), demon-
strating comprehensive coverage of diverse scientific
computational needs.

require multi-step reasoning and precise numerical 320

solutions, filtering out purely knowledge-retrieval 321

queries. To ensure the selected questions cover a 322

comprehensive spectrum of scientific scenarios, we 323

employ a semantic clustering-based stratified sam- 324

pling strategy. Specifically, we embed all candidate 325

questions using the embedding model (Reimers and 326

Gurevych, 2019) and perform K-Means clustering, 327

subsequently sampling instances uniformly from 328

each cluster to maximize problem diversity within 329

the seed set. These pairs provide the problem con- 330

texts (Q) and ground-truth validation signals (A) 331

required for reliable tool verification. 332

Tool Library Synthesis. We utilize the TTE- 333

Zero framework to bootstrap the SciEvo tool li- 334

brary. By initializing the agent with an empty tool 335

library and sequentially exposing it to the seed 336

questions, we simulated a “Tabula Rasa” learning 337

process. The agent generate, execute, and vali- 338

date Python functions dynamically. Only atomic 339

functions that successfully contributed to deriving 340

the correct ground-truth answers are permanently 341

inducted into the repository. The whole process 342

yielded a verified library of 925 atomic tools, en- 343

suring 100% alignment between the toolset and the 344

problem space. 345

4.2 Taxonomy and Statistics 346

To facilitate fine-grained analysis, we organize the 347

synthesized tools into a hierarchical taxonomy us- 348

ing a hybrid classification strategy. 349
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Domain Classification. We apply Principal Com-350

ponent Analysis (PCA) on the vector embeddings351

of the generated tool descriptions to identify latent352

semantic clusters. These clusters are subsequently353

reviewed and refined by PhD-level domain experts354

to establish a precise taxonomy comprising 25 sub-355

disciplines across Physics (10), Chemistry (6), Ma-356

terials Science (5), and Mathematics (4) as shown357

in Figure 3, which ensures the classification cap-358

tures both computational semantics and canonical359

scientific distinctions.360

Data Distribution. The complete SciEvo bench-361

mark encompasses 1,590 evaluation instances sup-362

ported by a library of 925 evolved tools. The363

domain-specific tool distribution spans four pri-364

mary disciplines: Physics contains the largest sub-365

set with 499 tools, followed by Chemistry (192366

tools), Mathematics (171 tools), and Materials (63367

tools). As illustrated in Figure 3, the diverse com-368

position ensures robust coverage of scientific com-369

putational primitives.370

4.3 Evaluation Metrics371

To simulate realistic resource constraints, all evalu-372

ations are conducted with a maximum tool library373

capacity of C = 500. Under this setting, we as-374

sess performance using Accuracy (Acc), following375

standard protocols (Wang et al., 2024; Sun et al.,376

2024). To quantify the utility and generalizabil-377

ity of the evolved library T , we additionally define378

Tool Reuse Rate (TRR@k) for TTE-Zero as the pro-379

portion of tools that have been successfully reused380

at least k times:381

TRR@k =
|{t ∈ T | h(t) ≥ k}|

|T |
, (11)382

where h(t) denote the hit-count for the tool t. We383

report TRR@k at several increasing thresholds to384

capture different levels of utility, i.e., TRR@1 mea-385

sures the fraction of non-redundant tools used at386

least once, while TRR@5 and TRR@10 identify387

the emergence of core scientific primitives.388

For cross-domain evaluations, i.e., TTE-Adapt,389

we decompose the total tool library T into the pre-390

defined set Tpre and the newly evolved set Tnew.391

We introduce two stratified metrics to disentangle392

the sources of competence:393

TRRevol@k =
|{t ∈ Tnew | h(t) ≥ k}|

|Tnew|
, (12)394

TRRtrans@k =
|{t ∈ Tpre | h(t) ≥ k}|

|Tpre|
, (13)395

where TRRevol@k serves as the primary bench- 396

mark metric for adaptation efficiency. A higher 397

TRRevol indicates superior performance, signifying 398

that the system has successfully consolidated novel 399

domain knowledge into high-quality, reusable prim- 400

itives rather than generating disposable scripts. 401

Conversely, TRRtrans monitors the substitution of 402

prior knowledge. In cross-domain settings, a lower 403

TRRtrans is generally preferred as it reflects the 404

mitigation of negative transfer, i.e., discarding irrel- 405

evant tools, provided it remains non-zero to ensure 406

the retention of fundamental, domain-agnostic ca- 407

pabilities. 408

5 Experiments 409

5.1 Experimental Setup 410

Datasets. We evaluate our framework on three 411

distinct benchmarks to assess both problem-solving 412

accuracy and tool evolution efficiency, including 413

SciBench (Wang et al., 2024), SciEval (Sun et al., 414

2024), and the curated SciEvo dataset. 415

Baselines. We compare TTE-Zero against five 416

representative baselines categorized into two 417

paradigms. To evaluate fundamental reasoning 418

capabilities without external tool support, we em- 419

ploy Basic-COT (Chain-of-Thought) and Basic- 420

POT (Program-of-Thought). For agentic frame- 421

works that utilize tools, we compare against Creator 422

(Qian et al., 2023), KTCE (Ma et al., 2025), and 423

CheMatAgent (Wu et al., 2025). In the TTE-Adapt 424

setting, we compare against a “No Tool” baseline 425

and a “Source Only” baseline to isolate the per- 426

formance gains attributed to domain-specific tool 427

evolution. 428

5.2 Implementation Details 429

Model Architecture. We evaluate our frame- 430

work using three LLMs, including GPT-4o, 431

Qwen2.5-7B-Instruct, and GPT-3.5-turbo. Unless 432

otherwise specified, the main experimental results 433

are reported based on GPT-3.5-turbo with a sam- 434

pling temperature of 0.3 to balance diversity and 435

determinism. 436

Retrieval and Ranking. We implement a dense 437

retrieval pipeline using bge-m3 (Chen et al., 2024) 438

for embedding and bge-reranker-v2-m3 for re- 439

ranking. For each sub-goal, the system retrieves 440

the top-k (k = 3) relevant tools to provide focused 441

context. 442
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Method SciBench SciEval SciEvo

TRR@1 TRR@2 TRR@5 TRR@10 TRR@1 TRR@2 TRR@5 TRR@10 TRR@1 TRR@2 TRR@5 TRR@10

KTCE 0.17 0.10 0.05 0.02 0.06 0.04 0.03 0.02 0.31 0.20 0.09 0.04
Creator 0.12 0.06 0.02 0.01 0.03 0.02 0.02 0.01 0.17 0.07 0.04 0.02
CheMatAgent 0.43 0.27 0.18 0.13 0.20 0.16 0.09 0.05 0.62 0.42 0.28 0.17

TTE-Zero 0.89 0.71 0.40 0.21 0.48 0.35 0.15 0.05 0.99 0.94 0.66 0.41

Table 1: Hierarchical analysis of tool reuse (TRR@k). We report the Tool Reuse Rate at thresholds k = {1, 2, 5, 10}.
TTE-Zero achieves near-perfect utilization (TRR@1 ≈ 1.0) on SciEvo and consistently maintains high reuse rates
at stricter thresholds (k = 5, 10), whereas baselines fail to generate high-frequency core primitives.

Method SciBench SciEval SciEvo

Basic-COT 0.27 0.18 0.33
Basic-POT 0.31 0.21 0.36
Creator 0.27 0.22 0.49
KTCE 0.37 0.24 0.55
CheMatAgent 0.34 0.23 0.56

TTE-Zero 0.45 0.30 0.62

Table 2: Accuracy comparison across benchmarks.
TTE-Zero consistently outperforms all baselines.

Tool Evolution and Deduplication. To maintain443

a compact and efficient library constrained to a444

maximum capacity of C = 500, we employ strict445

semantic deduplication. We utilize CodeBERT446

(Feng et al., 2020) to compute semantic similarity447

between candidate tools and existing library entries.448

A new tool is strictly rejected if its maximum co-449

sine similarity with any existing tool exceeds the450

threshold τ = 0.8.451

Evaluation Protocol. Final answer correctness452

is verified by a GPT-4.1-nano judge. We apply453

a relative tolerance of 10−5 for numerical results454

and require exact canonical matches for symbolic455

expressions. As for evaluation metrics, we report456

Accuracy (Acc) for solution correctness and the457

proposed Tool Reuse Rate (TRR@k, TRRtrans@k,458

and TRRevol@k) to quantify the evolutionary qual-459

ity of the tool library.460

6 Results and Analysis461

6.1 Performance for TTE-Zero462

In this setting, the agent starts with an empty library463

(L0 = ∅) to evaluate its capability to synthesize464

scientific primitives and solve real problems.465

Comparative Analysis on Scientific Benchmarks.466

We first evaluate the performance of TTE-Zero467

against SOTA baselines across three benchmarks.468

As shown in Table 2, TTE-Zero consistently es-469

tablishes a new SOTA performance. On the470

SciBench dataset, TTE-Zero achieves an accu- 471

racy of 0.45, significantly surpassing the strongest 472

baseline KTCE (0.37) and the domain-specific 473

CheMatAgent (0.34). The performance advantage 474

is further amplified on the proposed SciEvo bench- 475

mark, where TTE-Zero reaches 0.62 accuracy com- 476

pared to 0.56 for CheMatAgent and 0.55 for KTCE. 477

The results demonstrate that evolving tools at test 478

time provides a distinct advantage over static or 479

retrieval-based paradigms, particularly for complex 480

scientific problems requiring multi-step reasoning. 481

Notably, TTE-Zero outperforms standard prompt- 482

ing strategies (Basic-COT and Basic-POT) by a 483

wide margin, e.g., +0.29 improvement over Basic- 484

COT on SciEvo, validating the necessity of external 485

tool support. 486

Analysis of Tool Evolution Quality. To under- 487

stand whether the performance gain stems from 488

efficient tool utilization or mere brute-force genera- 489

tion, we analyze the Tool Reuse Rate (TRR). Table 490

1 presents the hierarchical reuse statistics. A criti- 491

cal observation is the near-perfect utilization rate 492

of TTE-Zero on the SciEvo dataset, achieving a 493

TRR@1 of 0.99, which indicates that almost every 494

generated tool was successfully reused to solve the 495

target problem, minimizing computational waste. 496

In contrast, baselines such as Creator (TRR@1 497

= 0.17) and KTCE (TRR@1 = 0.31) exhibit se- 498

vere redundancy, where a vast majority of offline- 499

generated tools are never used. Furthermore, TTE- 500

Zero demonstrates superior capability in consolidat- 501

ing “scientific primitives”. At the stricter threshold 502

of k = 10, it maintains a reuse rate of 0.41 on Sci- 503

Evo and 0.21 on SciBench, whereas Creator drops 504

to near zero (0.02 and 0.01, respectively), which 505

confirms that TTE-Zero does not simply flood the 506

library but actively evolves high-utility, reusable 507

tools. 508

Ablation Study. We investigate the contribution 509

of the sub-goal decomposition module by com- 510
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Figure 4: Accuracy comparison on SciEvo. We compare the “No Tool call” baseline against our TTE-Zero method
using direct queries (“Q + Tools”) and Sub-goal Decomposition (“S + Tools”).

Method
Adaptation: Materials → Chemistry Adaptation: Materials → Physics

Acc ↑ TRRtrans (↓) TRRevol (↑) Acc ↑ TRRtrans (↓) TRRevol (↑)
1 2 5 10 1 2 5 10 1 2 5 10 1 2 5 10

No Tool 0.535 - - - - - - - - 0.535 - - - - - - - -
Source Only 0.561 0.26 0.13 0.04 0.02 - - - - 0.585 0.38 0.20 0.03 0.01 - - - -
TTE-Adapt 0.595 0.23 0.10 0.01 0.00 0.24 0.11 0.02 0.01 0.618 0.25 0.11 0.01 0.01 0.32 0.16 0.03 0.01

Table 3: Performance on cross-domain adaptation (Source: Materials). We report Accuracy and Tool Reuse Rates
(TRR) at k ∈ {1, 2, 5, 10}. TRRtrans tracks retained source tools (lower is preferred to mitigate negative transfer),
while TRRevol tracks new target tools (higher is better for knowledge consolidation).

paring two TTE variants: “Q+Tools” (using the511

original query) and “S+Tools” (using sub-goal de-512

composition) against the “No Tool call” baseline.513

As illustrated in Figure 4, both tool-augmented set-514

tings outperform the “No Tool call” baseline across515

all evaluated models, including Qwen2.5-7B, GPT-516

4o, GPT-3.5-turbo. Crucially, the “S+Tools” strat-517

egy consistently yields the highest accuracy. For518

instance, with a library size of 100 on Qwen2.5-519

7B, “S+Tools” achieves clear gains over “Q+Tools”520

(0.364 vs 0.313), which validates that breaking521

down complex scientific queries into granular sub-522

goals is essential for precise tool retrieval and ex-523

ecution, thereby maximizing the efficacy of the524

evolved tool library.525

6.2 Performance for TTE-Adapt526

We assess the plasticity of the TTE-Adapt frame-527

work by initializing it with a pre-defined tool library528

(e.g., Materials) and adapting it to novel target do-529

mains (e.g., Chemistry and Physics).530

Cross-Domain Adaptation. Table 3 presents the531

adaptation performance. TTE-Adapt consistently532

outperforms the “No Tool” and “Source Only”533

baselines, achieving obvious accuracy gains in both534

settings. The performance improvement is driven535

by an adaptive substitution mechanism, where536

the system effectively mitigates negative trans-537

fer by pruning irrelevant source tools, i.e., reduc- 538

ing TRRtrans@1 from 0.26 to 0.23 in Chemistry, 539

while simultaneously consolidating new knowl- 540

edge into reusable primitives, which is evidenced 541

by the substantial contribution of evolved tools 542

(TRRevol@1 = 0.24 in Chemistry and 0.32 in 543

Physics). The dynamic adjustment process con- 544

firms that TTE-Adapt successfully reshapes the 545

tool distribution to align with the specific reason- 546

ing patterns of the target domain. 547

7 Conclusion 548

In this work, we identify and address the funda- 549

mental limitations of static tool paradigms in sci- 550

entific reasoning. By introducing Test-Time Tool 551

Evolution (TTE), we shift the role of LLM agents 552

from passive tool selectors to active tool creators. 553

TTE empowers agents to synthesize, verify, and 554

evolve computational primitives during inference, 555

ensuring that the tool space remains intrinsically 556

isomorphic to the unbounded scientific problem 557

space. Our extensive evaluations confirm that TTE 558

not only establishes a new SOTA in reasoning accu- 559

racy but also enables robust tool adaptation across 560

diverse domains. We believe that equipping agents 561

with the capacity for autonomous tool evolution is 562

a prerequisite for realizing the next generation of 563

general-purpose scientific AI. 564
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8 Limitations565

While Test-Time Tool Evolution (TTE) introduces566

a promising paradigm for scientific reasoning, we567

acknowledge several limitations inherent to our568

current framework.569

Inference Latency and Computational Cost.570

Unlike static retrieval-based methods, TTE requires571

synthesizing and verifying tools during inference.572

The dynamic evolution process inevitably incurs573

higher computational overhead and increased la-574

tency compared to simple tool selection. Future575

work could investigate lightweight “meta-models”576

to predict tool necessity, thereby skipping evolution577

for trivial queries.578

Dependency on Base LLM Coding Capability.579

The efficacy of TTE is intrinsically bounded by the580

code generation capability of the backbone LLM.581

Our experiments demonstrate SOTA performance582

using the high-capacity models. However, perfor-583

mance degradation is observed with smaller, less584

capable open-source models (e.g., <7B parameters)585

that struggle with generating syntactically correct586

Python primitives.587

Safety and Sandboxing in Open-Ended Evo-588

lution. Allowing an agent to generate and ex-589

ecute arbitrary code at test time introduces poten-590

tial safety risks, particularly in open-ended sci-591

entific exploration where generated scripts might592

inadvertently consume excessive resources or at-593

tempt unsafe operations. While our experiments594

are conducted in a strictly sandboxed environ-595

ment with timeout constraints, scaling TTE to au-596

tonomous real-world systems will require more597

robust, semantic-level safety verification protocols598

beyond simple syntactic checks.599

9 Ethical Statement600

We recognize that the dynamic generation of scien-601

tific tools introduces potential dual-use risks, par-602

ticularly in domains such as chemistry or materials603

science where code could be misused for harmful604

applications (e.g., toxin synthesis). To mitigate605

these risks, we conducted a rigorous manual review606

of the entire evolved tool library prior to its public607

release. We strictly adhere to responsible disclo-608

sure practices and ensure that no tools enabling609

harmful applications are included in the released610

artifacts.611

Regarding the artifacts released with this work, 612

i.e., SciEvo benchmark, we confirm that all data 613

sources are from public scientific repositories and 614

are consistent with their intended research use. We 615

have conducted a screening process to ensure no 616

personally identifiable information (PII) or offen- 617

sive content is included. The code and data are 618

released under the MIT License to promote open re- 619

search while restricting malicious use. We acknowl- 620

edge that the system may reflect biases present in 621

the underlying LLMs and scientific literature, and 622

users should verify critical calculations before com- 623

mercial deployment. Finally, we acknowledge the 624

use of AI assistants (e.g., ChatGPT) solely for lin- 625

guistic polishing. All scientific claims, experimen- 626

tal designs, and data analyses remain our original 627

work. 628
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A Complete Algorithmic Workflow820

The appendix provides the end-to-end algorithmic821

details of Test-Time Tool Evolution (TTE) that are822

omitted from the main paper due to space con-823

straints, including the full closed-loop evolution824

procedure, and the failure-handling logic that en-825

sures robustness at test time.826

A.1 End-to-End Test-Time Tool Evolution827

Algorithm 1 presents the full TTE pipeline. The828

same procedure covers both TTE-Zero (starting829

from an empty library) and TTE-Adapt (starting830

from a pre-defined source library), since the evolu-831

tion loop is identical except for the initialization of832

the registry. For clarity and reproducibility, we ex-833

plicitly distinguish: (i) τret for retrieval acceptance834

(whether to reuse a retrieved tool), and (ii) τdup for835

deduplication (whether a new atomic tool is con-836

sidered redundant). These two thresholds need not837

be identical and can be tuned independently.838

A.2 Failure Handling and Fallback839

TTE is designed to be robust under imperfect tool840

synthesis. When verification fails (syntax / runtime841

/ domain constraints), the proposed tool is not reg-842

istered. Downstream execution can either attempt843

to solve the sub-goal via reasoning-only mode or844

proceed with partial tool chains when intermediate845

values are still available. In our implementation,846

we primarily use a conservative strategy: only veri-847

fied tools are registered, and failed tool generation848

triggers a lightweight fallback to direct reasoning849

or Program-of-Thought, ensuring the system de-850

grades gracefully rather than accumulating faulty851

tools.852

B Prompts for Each Agent Module853

This section details the system prompts designed854

for the three core modules of the TTE framework.855

We enforce strict JSON or XML-based output for-856

mats to ensure robust parsing and seamless integra-857

tion with the Python execution environment.858

B.1 Structured Task Decomposition859

The Problem Analyzer translates high-level scien-860

tific queries into linear execution plans using the861

prompt in Figure 5.862

B.2 Dynamic Tool Retrieval863

The Tool Retriever selects existing primitives from864

the library using the prompt in Figure 6, which865

Algorithm 1 Complete Test-Time Tool Evolution.
Require: User problem P , initial tool library L, library ca-

pacity C
Ensure: Solution S (or FAIL)
1: O ← DECOMPOSE(P )
2: chain← [ ]
3: for each operation Oi ∈ O do
4: Ti ← RETRIEVETOPK(L,Oi, k)
5: (T ⋆, s⋆)← argmaxT∈Ti SIM(T,Oi)
6: if s⋆ ≥ τret then
7: chain.APPEND(T ⋆); u(T ⋆) += 1
8: else
9: Tnew ← SYNTHESIZETOOL(P,Oi)

10: ok← VERIFYTOOL(Tnew)
11: if ok = false then
12: continue
13: end if
14: A ← ATOMICDECOMPOSE(Tnew)
15: for each atomic tool A ∈ A do
16: if maxT∈L SIMdup(A, T ) < τdup then
17: L← L ∪ {A}; u(A)← 1
18: else
19: Tmatch ← argmaxT∈L SIMdup(A, T )
20: u(Tmatch) += 1
21: end if
22: end for
23: L← PRUNEIFNEEDED(L,C)
24: chain.APPEND(Tnew)
25: end if
26: end for
27: S ← EXECUTECHAIN(P, chain)
28: if S = FAIL then
29: S ← FALLBACK(P )
30: end if
31: return S

enforces a "no-hallucination" policy. 866

B.3 Tool Synthesis and Reasoning 867

Figure 7 displays the hybrid prompt used by the 868

generative tool synthesis module. It handles both 869

tool synthesis and final answer generation. 870

C Subject-wise Results on SciEvo 871

Table 4 reports subject-wise performance on Sci- 872

Evo under three settings: (i) “No Tools” (direct 873

inference), (ii) “Q+Tools” (retrieve tools using the 874

original question as query), and (iii) “S+Tools” (re- 875

trieve tools using decomposed sub-questions as 876

queries). 877

Across all model–subject pairs, tool augmenta- 878

tion provides clear benefits over direct inference. 879

More importantly, sub-question driven retrieval 880

(S+Tools) tends to be more robust and yields higher 881

peak performance than retrieving tools using the 882

original question (Q+Tools), especially in Chem- 883

istry and Physics, where tool selection is sensitive 884

to units, constants, and domain-specific formulas. 885

A key pattern is that Chemistry exhibits the 886

largest gain from structured decomposition: Chem- 887
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Prompt for Problem Analyzer

[SYSTEM]
You are an expert computational scientist with broad interdisciplinary expertise.
You excel at decomposing complex scientific problems into a sequence of programmable computation steps that can be
executed by predefined atomic tools.

[TASK]
Decompose the user problem into a list of concrete computational subtasks.
Each subtask must be a specific computation step (not analysis, discussion, or description).
The subtasks must form a coherent execution order: outputs of earlier steps can be used as inputs to later steps.
Decompose until the full computation pipeline is covered, but do NOT provide the final numerical answer.

[STRICT OUTPUT FORMAT]
Return STRICT JSON only (no extra text, no Markdown, no comments):
{
"original_problem": "...",
"subtasks": [
{"step": 1, "description": "..."},
{"step": 2, "description": "..."},
...

]
}

[USER]
{query}

Figure 5: The prompt used by the Problem Analyzer to decompose user queries into structured execution plans.

Prompt for Tool Executor

[SYSTEM]
You are a strict tool-calling agent. You MUST respond only by calling one predefined AtomicTool.
Your goal is to select the single most relevant tool from the provided tool catalog and call it.

[CORE RULES]
1) Do NOT answer the question directly. Do NOT do calculations in natural language.
2) Call exactly ONE tool. If no tool matches, return an empty tool-call list.
3) Do NOT invent tools. Only use tools provided by the system.
4) Output MUST be in standard OpenAI tool-call JSON format. No extra text.

[USER]
Problem: {sub_question_or_operation}
Tool catalog: {tool_catalog_with_signatures}

Figure 6: The prompt used by the Tool Executor to invoke primitives from the library.

istry queries often mix multiple operations (unit888

conversions, ideal gas relations, stoichiometry),889

where decomposed sub-questions provide a sharper890

semantic signal for retrieval and reduce the chance891

of selecting irrelevant tools. Materials science, in892

contrast, often has higher baseline performance and893

may require fewer distinct atomic operations per894

problem, resulting in relatively smaller incremental895

gains from decomposition.896

We also observe that the best configuration de-897

pends on both the model and the subject. This moti-898

vates the library-size analysis in Appendix F, which899

explains why increasing the tool inventory does not900

always monotonically improve performance under901

question-level retrieval.902

D Analysis of Tool Reusability 903

We investigate the reusability of generated tools 904

by analyzing their invocation frequency (hit-count) 905

across benchmarks. As visualized in the histograms 906

(Figure 8) and Kernel Density Estimation curves 907

(Figure 9), the baseline methods exhibit a severe 908

left-skewed distribution, where the vast majority of 909

tools are concentrated in the lowest frequency bins 910

(1 ∼ 2 uses). The heavy reliance on “disposable” 911

tools suggests that baselines tend to overfit specific 912

queries with monolithic scripts, resulting in high 913

redundancy and poor transferability. 914

In contrast, TTE demonstrates a significant right- 915

shift in probability density, effectively redistribut- 916

ing the mass towards moderate-to-high frequency 917

ranges (e.g., 10 ∼ 50+). This phenomenon indi- 918
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Prompt for Tool Synthesizer and Tool Executor

[SYSTEM]
You are an expert team composed of specialists from multiple scientific disciplines.
You can perform rigorous interdisciplinary computation by combining step-by-step sub-questions with executable Python
code.

[INPUT]
Main question:
{main_question}

Sub-questions (process in order). Each item provides a sub-question and its corresponding code.
If the code is empty / null, treat it as "missing".
{(step_i, sub_question_i, code_i)} # repeated for i=1..n

[EXECUTION RULES]
1) If a sub-question provides non-empty and valid code, simulate its execution and write down the structured result.
2) If a sub-question has missing code or the provided code cannot solve the sub-question, generate ONE runnable Python
function:

- snake_case function name
- include a clear docstring with I/O specification and units
- include a minimal test example
Then simulate executing your function on the test example.

[NUMBERS AND UNITS]
- Use scientific notation with 6 significant digits for floating-point numbers.
- For probabilities/ratios in [0,1], round to 4 decimal places.
- All physical quantities must include SI units. If units are missing, explicitly state the default assumption.

[STRICT OUTPUT FORMAT]
Part 1: For missing-code sub-questions ONLY, output a JSON list wrapped in <code> ... </code>:
<code>
[
{
"sub_question": "...",
"name": "function_name",
"code": "full Python function as a string",
"text_description": "brief function summary",
"io_description": {"input": "...", "output": "..."},
"test_example": {"input": {...}, "result": "... or null"},
"error": "optional"

}
]
</code>

Part 2: Output the final answer wrapped in <answer> ... </answer>:
<answer>
Plain natural-language conclusion (do not mention "code" or "function").
</answer>

[CONCISENESS]
No extra text is allowed outside <code> and <answer>.

Figure 7: The hybrid prompt used for synthesizing new tools and deriving the final scientific conclusion.

cates a qualitative transition from generating ad-919

hoc solutions to discovering atomic computational920

primitives. By evolving tools that capture funda-921

mental operations (e.g., canonical formulas or unit922

conversions), TTE reduces redundancy and ensures923

that the learned tool library consists of generalized924

modules capable of solving diverse scientific prob-925

lems through composition.926

E Explanation of Evaluation Metrics927

E.1 Metrics for TTE-Zero928

In the TTE-Zero setting, where the system evolves929

a tool library T entirely from scratch, we employ930

the Tool Reuse Rate (TRR@k) to quantify the util-931

ity and generalizability of the synthesized func-932

tions. 933

TRR@k =
|{t ∈ T | h(t) ≥ k}|

|T |
. (14) 934

We interpret TRR@k across increasing thresh- 935

olds to capture distinct dimensions of evolutionary 936

quality. TRR@1 measures the fraction of non- 937

redundant tools that are successfully executed at 938

least once. A value approaching 1.0 indicates mini- 939

mal computational waste, signifying that the gener- 940

ation process is precise and avoids creating “dead 941

code” or hallucinated functions. TRR@2 reflects 942

immediate transferability, identifying tools that are 943

robust enough to address multiple distinct queries 944

rather than overfitting a single instance. Crucially, 945

higher-order metrics like TRR@5 and TRR@10 946
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Figure 8: Histogram of tool usage frequency (Hit-count) across three benchmarks. The x-axis represents the reuse
frequency of tools, and the y-axis denotes the number of tools.
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Figure 9: Kernel Density Estimation (KDE) of tool utilization rates. The distribution curves visualize the distribu-
tional shift in tool reusability.

serve as indicators for the emergence of core sci-947

entific primitives. A high value at these thresh-948

olds suggests that the system has autonomously949

discovered and consolidated fundamental domain950

operators (e.g., specific unit converters or thermo-951

dynamic equation solvers) that are essential for952

solving a broad class of problems.953

E.2 Metrics for TTE-Adapt954

In the cross-domain adaptation setting, i.e., TTE-955

Adapt, the system must balance stability (retain-956

ing useful prior knowledge) and plasticity (acquir-957

ing new domain-specific capabilities). To rigor-958

ously evaluate this dynamic, we decompose the959

final tool library T into two disjoint sets: (i) the960

pre-defined source subset Tpre, transferred from961

the source domain, and (ii) the newly evolved sub-962

set Tnew, synthesized autonomously during target-963

domain inference. We introduce two stratified met-964

rics TRRtrans@k and TRRevol@k to disentangle965

the sources of competence.966

TRRevol@k. Metric for Knowledge Consolida-967

tion (Higher is Better). This is the primary metric968

for evaluating the quality of adaptation. In standard969

code generation approaches, models often gener-970

ate “disposable” scripts, i.e., one-off solutions that 971

solve a single query but lack generalizability. A 972

high TRRevol@k (especially for k ≥ 5) indicates 973

that the system has successfully distilled the “phys- 974

ical laws” or “core primitives” of the new domain 975

into reusable atomic functions. It confirms that the 976

library growth is efficient: the system solves many 977

problems with a compact set of high-quality new 978

tools, rather than overfitting with a bloated library 979

of redundant scripts. 980

TRRtrans@k. Metric for Negative Transfer Mit- 981

igation. This metric monitors the utility of prior 982

knowledge. In cross-domain settings (e.g., Materi- 983

als → Chemistry), we expect TRRtrans to decrease 984

compared to in-domain settings. A lower value 985

implies the system correctly identifies and prunes 986

source tools that are irrelevant or harmful to the 987

target domain (e.g., discarding a specific material 988

property calculator that is invalid for molecules). 989

However, this value should remain non-zero. A 990

non-zero retention rate signifies the preservation 991

of domain-agnostic capabilities (e.g., basic alge- 992

bra, statistical functions, unit conversion) that are 993

universally applicable. 994
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Model Subject No Tools Q + Tools S + Tools

100 250 500 100 250 500

GPT-3.5-turbo

Che 0.548 0.580 0.540 0.551 0.647 0.589 0.619
Math 0.503 0.548 0.585 0.598 0.564 0.552 0.546
Phy 0.524 0.600 0.629 0.642 0.634 0.609 0.639
Mat 0.535 0.625 0.589 0.607 0.617 0.631 0.607

GPT-4o

Che 0.412 0.536 0.539 0.539 0.638 0.594 0.578
Math 0.341 0.376 0.366 0.366 0.502 0.482 0.487
Phy 0.346 0.533 0.534 0.487 0.615 0.557 0.576
Mat 0.515 0.652 0.618 0.642 0.605 0.588 0.608

Qwen2.5-7B

Che 0.211 0.317 0.291 0.312 0.400 0.358 0.352
Math 0.175 0.246 0.246 0.201 0.256 0.241 0.286
Phy 0.227 0.332 0.302 0.304 0.368 0.365 0.360
Mat 0.301 0.358 0.274 0.240 0.433 0.384 0.334

Table 4: Subject-wise performance on the SciEvo benchmark based on TTE framework. Che: Chemistry, Math:
Mathematics, Phy: Physics, Mat: Materials. Sub-question decomposition (“S+Tools”) consistently outperforms
main question input (“Q+Tools”) across all subjects.

The Substitution Effect. By analyzing the joint995

trajectory of (TRRtrans,TRRevol), we can diag-996

nose the adaptation strategy. Our empirical results997

shown in Table 3 demonstrate a Substitution Effect:998

as the domain gap increases, TTE autonomously999

reduces its reliance on Tpre (lower TRRtrans) and1000

compensates by up-regulating the synthesis of Tnew1001

(higher TRRevol). This contrasts with static base-1002

lines that suffer from “forced fit”, attempting to1003

solve new problems with mismatched old tools.1004

F The Tool Overload Phenomenon1005

The empirical analysis of Table 4 reveals a counter-1006

intuitive non-monotonic trend: expanding the tool1007

inventory from 100 to 500 atomic primitives does1008

not consistently translate to performance gains. In1009

specific configurations, particularly those relying1010

on direct query-to-tool matching, increasing the li-1011

brary size paradoxically degrades problem-solving1012

accuracy. We term this observation the “Tool Over-1013

load Phenomenon”.1014

Theoretical Analysis. We attribute this degrada-1015

tion to the inherent tension between library richness1016

and retrieval robustness. As the tool library ex-1017

pands, the semantic density of the vector space in-1018

creases, inevitably shrinking the distance between1019

the optimal tool and high-similarity distractors.1020

This leads to retrieval collisions, where semanti-1021

cally adjacent but functionally distinct tools, e.g.,1022

two variations of a thermodynamic calculator with1023

slightly different input assumptions, crowd out the1024

correct candidate during nearest-neighbor search.1025

Furthermore, even when the correct tool is suc-1026

cessfully retrieved, the presence of these high-1027

similarity distractors within the context window 1028

introduces significant contextual interference. The 1029

language model is forced to perform fine-grained 1030

discrimination among subtly different function sig- 1031

natures, which increases the cognitive load of the 1032

selection process. The “choice paralysis” con- 1033

sumes the model’s reasoning capacity, increasing 1034

the likelihood of selecting a suboptimal tool or 1035

hallucinating parameters, thereby neutralizing the 1036

theoretical benefits of a larger capability set. 1037

Implications for Scalable Agent Systems. 1038

These findings suggest that scaling tool libraries 1039

requires more than simply accumulating functions. 1040

It demands architectural innovations in the retrieval 1041

mechanism. To mitigate the noise introduced by li- 1042

brary expansion, future systems must move beyond 1043

flat similarity search. Potential solutions include 1044

hierarchical indexing strategies that first isolate 1045

the relevant tool domain before selecting specific 1046

atomic functions, or uncertainty-aware retrieval 1047

mechanisms that dynamically adjust the number of 1048

retrieved candidates based on the semantic ambigu- 1049

ity of the query. 1050

G Case Studies 1051

We provide a detailed examination of two scientific 1052

reasoning scenarios to illustrate the specific failure 1053

modes of static tool libraries and how the Test-Time 1054

Tool Evolution (TTE) framework resolves them. 1055

G.1 Case 1: Molar Mass Estimation 1056

Problem Definition. The task requires estimat- 1057

ing the molar mass of a gaseous compound given 1058

its density (1.23 kg m−3), temperature (330 K), 1059
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Setting Outcome and Diagnosis

No Tools Predicted 76.9 g mol−1 (incorrect). The model likely applies an incorrect rearrangement or loses
unit consistency without executable validation.

Q+Tools Predicted 1.73× 102 g mol−1 (incorrect). However, the tool context may contain many irrelevant
functions, increasing selection noise and making the success less reliable across instances.

S+Tools Predicted 1.69× 102 g mol−1 (correct). Decomposition isolates the missing operation “compute
molar volume via Vm = RT/P ” and triggers targeted tool synthesis, producing an explicit exe-
cutable function with unit handling.

Table 5: Execution results for Case 1. Sub-question decomposition enables targeted tool synthesis and reduces
retrieval ambiguity.

Step Sub-Goal Description Tool Action Tool Status Intermediate Result

1 Convert density from kg/m3 to g/L convert_density(1.23) Retrieved 1.23 g/L
2 Convert pressure from kPa to Pa convert_pressure(20) Retrieved 20, 000 Pa
3 Calculate molar volume Vm (PV = nRT ) calculate_molar_volume(20000, 330) Evolved 13.738 L/mol
4 Calculate molar mass M = ρ× Vm calculate_molar_mass(1.23, 13.738) Retrieved 169.0 g/mol

Table 6: Step-by-step execution trace for Case 1. The Tool Status column highlights the system’s adaptive behavior:
it retrieves existing tools for standard operations (Steps 1, 2, 4) but autonomously evolves a new tool for the missing
primitive in Step 3.

and pressure (20 kPa). The ground truth is1060

169 g mol−1. This problem serves as a critical1061

test of the system’s ability to handle multi-step1062

reasoning, strict unit consistency, and missing com-1063

putational primitives.1064

Performance Comparison. As summarized in1065

Table 5, baseline methods struggle with either hal-1066

lucination or precision loss. The No Tools base-1067

line relies on parametric knowledge, resulting in a1068

physically plausible but numerically incorrect value1069

(76.9 g mol−1), likely due to a misapplication of1070

the Ideal Gas Law rearrangement. The Q+Tools1071

setting retrieves a generic density calculator but suf-1072

fers from noise in the context window, yielding an1073

approximate result (173 g mol−1). In contrast, our1074

S+Tools framework achieves the exact analytical1075

solution (169 g mol−1) by enforcing a structured1076

execution path.1077

Evolutionary Execution Trace. The core advan-1078

tage of TTE is visualized in Table 6, which details1079

the step-by-step resolution process. The Problem1080

Analyzer first decomposes the complex query into1081

four atomic sub-questions. For Steps 1, 2, and 4,1082

the system successfully identifies high-similarity1083

matches in the existing library and retrieves the1084

standard unit conversion and arithmetic tools. How-1085

ever, at Step 3, the system encounters a gap: the1086

library contains generic gas law functions but lacks1087

a specific primitive to calculate molar volume di-1088

rectly from pressure and temperature. Detecting1089

this retrieval failure, the Tool Synthesizer is trig- 1090

gered. It generates a dedicated atomic function 1091

calculate_molar_volume (shown in Figure 10), 1092

which correctly handles the gas constant R and unit 1093

conversion from m3 to L. The “evolved” tool is 1094

then immediately executed, bridging the computa- 1095

tional gap that caused baselines to fail. 1096

G.2 Case 2: Electroplating Stoichiometry 1097

Problem Definition. The problem involves cal- 1098

culating the mass of silver deposited on a tray via 1099

electrolysis (current: 8.46 A, time: 8.0 h) and sub- 1100

sequently determining the tray’s surface area given 1101

a plating thickness of 0.00254 cm and density of 1102

10.5 g/cm3. The ground truth values are 33.98 g 1103

for mass and 1275.6 cm2 for area. This task re- 1104

quires chaining Faraday’s laws of electrolysis with 1105

geometric volume-area relationships. 1106

Performance Comparison. Table 7 contrasts 1107

the outcomes. The No Tools baseline typically 1108

fails to integrate the physics constants (Faraday’s 1109

constant) correctly, leading to magnitude errors. 1110

The Q+Tools model generates a monolithic func- 1111

tion that correctly identifies the physics formu- 1112

las but likely misinterprets the time parameter 1113

or stoichiometry context, yielding a result of 1114

285.6 g, which deviates significantly from the 1115

ground truth. In contrast, S+Tools achieves high 1116

precision (31.6 g and 1283 cm2) by decomposing 1117

the problem into charge calculation, stoichiometric 1118

conversion, and geometric derivation, validating 1119
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def calculate_molar_volume(pressure_pa, temperature_k):
"""
Compute molar volume Vm under the ideal gas law: Vm = RT/P.

Args:
pressure_pa (float): pressure in Pa
temperature_k (float): temperature in K

Returns:
float: molar volume in L/mol

"""
R = 8.314462618 # J/(mol*K)
vm_m3_per_mol = (R * temperature_k) / pressure_pa
vm_L_per_mol = vm_m3_per_mol * 1000.0
return vm_L_per_mol

Figure 10: Excerpt of a synthesized atomic function for Case 1 that enables correct molar mass computation.

each step independently.1120

Evolutionary Execution Trace. Table 8 illus-1121

trates the adaptive workflow. The system de-1122

composes the physics problem into sequential1123

logic. Steps 1 and 4 utilize existing library1124

tools for basic unit conversion and mass-mole1125

relations. However, for Step 2 (calculating1126

moles of electrons from charge), Step 5 (calcu-1127

lating volume), and Step 6 (deriving area from1128

volume and thickness), the retrieval system re-1129

turned low-similarity matches. Consequently,1130

the Tool Synthesizer evolved dedicated primitives:1131

calculate_moles_of_electrons (incorporating1132

Faraday’s constant) and calculate_area. Fig-1133

ure 11 displays the evolved area calculation tool,1134

which explicitly handles the geometric relationship1135

A = V/t, bridging the gap between chemical out-1136

put and geometric input.1137

H Dataset Comparison and Uniqueness1138

SciEvo fills a critical gap in current evaluation pro-1139

tocols by establishing a benchmark that simulta-1140

neously assesses scientific reasoning accuracy and1141

the validity of the tool evolution process. As sum-1142

marized in Table 9, existing benchmarks typically1143

isolate these capabilities, whereas SciEvo couples1144

them to simulate the open-ended nature of real-1145

world scientific research.1146

H.1 Comparison with Existing Benchmarks1147

Current benchmarks can be categorized into three1148

groups, none of which fully capture the test-time1149

evolution paradigm. First, scientific reasoning1150

benchmarks like SciBench (Wang et al., 2024) and1151

SciEval (Sun et al., 2024) focus on problem-solving 1152

but assume a fixed setting. SciBench provides prob- 1153

lem sets without executable tools, forcing models 1154

to rely on internal parametric knowledge or exter- 1155

nal calculators without a unified interface. Sci- 1156

Eval offers multi-level evaluation but lacks a mech- 1157

anism to assess tool generation. Second, func- 1158

tion calling benchmarks such as ToolBench (Qin 1159

et al., 2024), API-Bank (Li et al., 2023), and BFCL 1160

(Patil et al., 2024) focus on the retrieval and in- 1161

vocation of static libraries. While recent works 1162

like CONFETTI (Alkhouli et al., 2025) and NEST- 1163

FUL (Basu et al., 2025) explore complex nested 1164

calls, and LongFuncEval (Kate et al., 2025) as- 1165

sesses long-context retrieval, they all operate under 1166

the “Closed-World” assumption where the toolset 1167

is immutable. Third, code generation benchmarks, 1168

e.g., HumanEval (Peng et al., 2024) focus on gener- 1169

ating standalone code snippets. While they involve 1170

synthesis, they do not evaluate the generated code 1171

as reusable library components (tools) that must be 1172

maintained and retrieved for future tasks. SciEvo 1173

uniquely integrates these dimensions, requiring the 1174

agent to not only solve scientific problems but also 1175

to maintain and evolve a persistent library of atomic 1176

primitives. 1177

H.2 Domain Coverage and Tool Modality 1178

A distinct advantage of SciEvo is its comprehensive 1179

disciplinary coverage. Previous domain-specific 1180

agents rely on manually curated, static toolkits. For 1181

instance, ChemCrow (Bran et al., 2024) provides 1182

a specialized library of approximately 19 tools, 1183

categorized into general inference (4), molecule 1184

manipulation (8), safety checks (3), and reaction 1185
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Setting Outcome and Diagnosis

No Tools Predicted incorrect values due to lack of domain constants (Faraday’s constant) and geometric
formulas. Hallucination of intermediate values is common.

Q+Tools Predicted 285.6 g and 10, 800 cm2 (incorrect). The model attempted a single-step calculation.
While the code logic was syntactically correct, the monolithic execution path failed to align the time
units with the specific problem constraints (likely over-scaling the time duration), leading to a large
deviation.

S+Tools (TTE) Predicted 31.6 g and 1.28× 103 cm2 (correct). Decomposition enforced a step-by-step validation.
The system evolved specific tools for electron mole calculation and area derivation, ensuring
dimensional consistency at each interface.

Table 7: Execution results for Case 2. Step-by-step decomposition prevents error propagation in multi-stage physics
problems.

Step Sub-Goal Description Tool Action Tool Status Intermediate Result

1 Calculate total charge Q = I × t calculate_charge(8.46, ...) Retrieved 30, 500 C
2 Calculate moles of electrons n = Q/F calculate_moles_of_electrons(30500) Evolved 0.316 mol
3 Stoichiometry (Ag oxidation +1) [Logic Reasoning] - 0.316 mol Ag
4 Convert moles to mass (Molar Mass) calculate_moles(mass, ...) Retrieved 31.63 g
5 Calculate volume V olume = mass/density calculate_volume(31.63,10.5) Evolved 3.26 cm3

6 Calculate tray area A = V/thickness calculate_area(3.26, 0.00254) Evolved 1283.5 cm2

Table 8: Step-by-step execution trace for Case 2. The system evolves specific physics and geometry tools (Steps 2
and 6) when exact matches are missing, while reusing standard chemical tools (Step 4) where appropriate.

processing (4). Similarly, CheMatAgent (Wu et al.,1186

2025) expands this to the materials domain, of-1187

fering about 34 chemistry tools (e.g., molar mass,1188

solution concentration) and 95 materials science1189

tools (e.g., crystal structure analysis, phase diagram1190

calculation). However, these libraries are static and1191

domain-confined. They lack support for fundamen-1192

tal Mathematics and Physics, which are ubiqui-1193

tous in interdisciplinary research. As shown in our1194

analysis, SciEvo encompasses not only Chemistry1195

and Materials but also fills the void in Math and1196

Physics. Crucially, unlike the static definitions in1197

ChemCrow or CheMatAgent, the tools in SciEvo1198

are dynamically synthesized, which means the li-1199

brary coverage is theoretically unbounded, capable1200

of evolving from basic arithmetic to complex ther-1201

modynamic simulations depending on the inference1202

trajectory.1203

I Theoretical Analysis1204

This section provides a rigorous formalization1205

of the mechanisms underpinning the Test-Time1206

Tool Evolution framework. We derive theoretical1207

bounds for tool reusability, analyze the impact of1208

library scaling on retrieval fidelity, quantify error1209

propagation in sequential reasoning, and prove the1210

convergence of the library size under our pruning1211

strategy.1212

I.1 Utility Gain from Atomic Decomposition 1213

We analyze the expected utility of decomposing a 1214

monolithic tool into atomic functions. Let Q be the 1215

space of all possible future queries. A monolithic 1216

tool T is defined as a composition of k independent 1217

atomic operations {a1, a2, . . . , ak}. For any query 1218

q ∈ Q, let S(q) denote the set of atomic operations 1219

required to solve q. 1220

Definitions. We define the applicability of a tool 1221

using indicator variables. The monolithic tool T 1222

is applicable to query q if and only if the query re- 1223

quires the complete set of operations implemented 1224

by T , or a set sufficiently similar that T is retrieved 1225

and executed monolithically. For strict analysis, 1226

we assume T is reused if S(q) ⊇ {a1, . . . , ak}. 1227

Conversely, an atomic tool Ai (corresponding to 1228

operation ai) is reused if ai ∈ S(q). Let R(T ) and 1229

R(Ai) be random variables representing the reuse 1230

counts of the monolithic tool and the i-th atomic 1231

tool over a stream of M queries. 1232

Theorem 1 (Decomposition Lower Bound). Let 1233

ppartial be the probability that a query requires a 1234

proper subset of operations, specifically that for 1235

any i, P (ai ∈ S(q) | {a1 . . . ak} ̸⊆ S(q)) ≥ δ for 1236

some δ > 0. The expected aggregate reuse of the 1237

decomposed atomic library strictly exceeds that of 1238
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def calculate_area(volume_cm3, thickness_cm):
"""
Calculate the area of the tray.

Args:
volume_cm3 (float): Volume of silver (cm^3)
thickness_cm (float): Thickness of the silver coating (cm)

Returns:
float: Area (cm^2)

"""
# Area = Volume / Thickness
area = volume_cm3 / thickness_cm
return area

Figure 11: Excerpt of a synthesized atomic function for Step 6 of Case 2. The tool was evolved on-the-fly to link
the electrochemical result (volume) with the geometric requirement (area).

Dataset Domain Tool Modality Evolution Reasoning Type Tool Coverage

SciBench (Wang et al., 2024) Science (Gen) None No Chain-of-Thought -
SciEval (Sun et al., 2024) Science (Gen) None No Multi-level -
ToolBench (Qin et al., 2024) General Static API No API Calling General APIs
BFCL (Patil et al., 2024) General Static Function No AST Parsing Python/Java/JS
ChemCrow (Bran et al., 2024) Chemistry Static Library No ReAct 19 (Chem)
CheMatAgent (Wu et al., 2025) Chem & Mat Static Library No ReAct 130 (Chem+Mat)
HumanEval (Peng et al., 2024) CS/Coding One-off Code No Code Gen -
SciEvo (Ours) Science (Gen) Dynamic/Evolved Yes TTE-Reasoning 925

Table 9: Comparison of SciEvo with existing benchmarks. SciEvo is the only framework that supports Test-
Time Evolution across multiple scientific domains, whereas others rely on static libraries or focus solely on code
generation without library management.

the monolithic tool:1239

E

[
k∑

i=1

R(Ai)

]
≥ k · E[R(T )] +∆flexibility, (15)1240

where ∆flexibility is a positive term representing the1241

utility of partial reuse.1242

Proof. Consider a single query q. Let X(q)
T be the1243

indicator that T is reused, and X
(q)
i be the indicator1244

that Ai is reused. By definition, if T is reused, all1245

underlying operations are active, implying X
(q)
T =1246

1 =⇒ ∀i,X(q)
i = 1. Therefore, X(q)

i ≥ X
(q)
T1247

almost surely. Taking expectations over the query1248

distribution, we have E[X(q)
i ] = P (ai ∈ S(q)) and1249

E[X(q)
T ] = P ({a1 . . . ak} ⊆ S(q)). By the law1250

of total probability, we expand the atomic reuse1251

probability:1252

P (ai ∈ S(q)) = P (ai ∈ S(q) | Mono)P (Mono)

+ P (ai ∈ S(q) | Partial)P (Partial),
(16)

1253

Since P (ai ∈ S(q) | Mono) = 1, the first term is 1254

exactly E[X(q)
T ]. The second term represents the 1255

“partial match” scenario where the monolithic tool 1256

fails but the atomic tool succeeds. Summing over 1257

all k tools and all M queries, and applying the 1258

linearity of expectation, we obtain: 1259

k∑
i=1

E[R(Ai)] = M

k∑
i=1

(
E[X(q)

T ]

+ P (ai ∈ S(q),Partial)
)
.

(17) 1260

The term M
∑

E[X(q)
T ] equals k ·E[R(T )]. The re- 1261

maining sum is strictly positive given that ppartial > 1262

0 and the operations have non-zero marginal utility. 1263

Thus, decomposition guarantees higher expected 1264

reusability by capturing the marginal utility of sub- 1265

problems that monolithic tools miss. 1266

I.2 Retrieval Precision in Growing Libraries 1267

We formally examine the “Tool Overload” phe- 1268

nomenon. Consider a library of size N . For a given 1269

query, let sr be the similarity score of the unique 1270
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relevant tool, drawn from a distribution with PDF1271

fr(s) and CDF Fr(s). Let {si}N−1
i=1 be the scores1272

of N − 1 irrelevant tools (distractors), indepen-1273

dently drawn from a noise distribution with PDF1274

fn(s) and CDF Fn(s). The retrieval system selects1275

the tool with the maximum score.1276

Theorem 2 (Monotonic Degradation). Assum-1277

ing the support of the relevant and noise distri-1278

butions overlap such that Fn(s) < 1 for some s1279

where fr(s) > 0, the probability of correctly re-1280

trieving the relevant tool, denoted as PN (success),1281

is a strictly decreasing function of the library size1282

N .1283

Proof. The relevant tool is retrieved if its score1284

sr is greater than the maximum of all N − 1 dis-1285

tractor scores. Let MN−1 = max{s1, . . . , sN−1}.1286

The CDF of the maximum of independent vari-1287

ables is the product of their CDFs, so P (MN−1 ≤1288

x) = [Fn(x)]
N−1. The probability of success is1289

the probability that sr > MN−1. We integrate over1290

all possible values of sr:1291

PN (success) =
∫

P (MN−1 < s | sr = s)fr(s) ds

=

∫
[Fn(s)]

N−1fr(s) ds.

(18)

1292

To determine the trend with respect to N , we treat1293

N as a continuous variable and differentiate under1294

the integral sign using Leibniz’s rule:1295

∂

∂N
PN (success) =

∫ ∞

−∞
fr(s)

∂

∂N
[Fn(s)]

N−1 ds.

(19)1296

Calculating the derivative inside the integral:1297

∂

∂N
[Fn(s)]

N−1 = [Fn(s)]
N−1 ln(Fn(s)). (20)1298

Since Fn(s) is a cumulative distribution function,1299

0 ≤ Fn(s) ≤ 1, which implies ln(Fn(s)) ≤ 0.1300

For any region where the distributions overlap and1301

retrieval is non-trivial, Fn(s) < 1, making the log-1302

arithm strictly negative. Thus, the integrand is non-1303

positive everywhere and strictly negative on the1304

set of overlap. Consequently, ∂PN
∂N < 0, proving1305

that expanding the library without enhancing the1306

retrieval mechanism (e.g., via sub-question decom-1307

position) inevitably increases the error rate.1308

I.3 Stability of Library Growth1309

We model the temporal dynamics of the tool li-1310

brary size L(t) to prove that the proposed evolu-1311

tion mechanism leads to a stable system rather than 1312

unbounded growth. 1313

Dynamics Model. The rate of change in library 1314

size is governed by two opposing forces: the gen- 1315

eration of new tools upon retrieval failure and the 1316

pruning of low-utility tools. Let λg be the max- 1317

imum potential generation rate. As the library 1318

grows, the probability of finding a match increases, 1319

suppressing new generation. We model this satu- 1320

ration with a logistic term (1 − L(t)/K), where 1321

K represents the effective capacity of the semantic 1322

space. Let λp be the pruning rate, proportional to 1323

the current library size (assuming a constant frac- 1324

tion of tools falls below the usage threshold). The 1325

differential equation describing the system is: 1326

dL

dt
= λg

(
1− L(t)

K

)
− λpL(t). (21) 1327

Theorem 3 (Convergence). For any non- 1328

negative initial condition L(0) ≥ 0, the library 1329

size L(t) converges asymptotically to a stable equi- 1330

librium point L∗. 1331

Proof. We rearrange the differential equation into 1332

a standard linear form with constant coefficients: 1333

dL

dt
= λg −

(
λg

K
+ λp

)
L(t). (22) 1334

Let A = λg and B =
λg

K + λp. The equation 1335

becomes dL
dt = A−BL(t). The equilibrium point 1336

is found by setting dL
dt = 0, yielding L∗ = A

B = 1337
λgK

λg+λpK
. The general solution to this first-order 1338

linear ordinary differential equation is: 1339

L(t) = L∗ + (L(0)− L∗) e−Bt. (23) 1340

Since B > 0 (as generation rate, capacity, and 1341

pruning rate are all positive), the term e−Bt de- 1342

cays to zero as t → ∞. Therefore, regardless of 1343

whether the library starts empty or full, the system 1344

autonomously regulates itself towards the steady- 1345

state size L∗. This proves that the TTE framework 1346

is robust against explosion in library size, ensuring 1347

long-term computational efficiency. 1348

J Future Directions and Broader Impact 1349

The transition to evolutionary tool ecosystems of- 1350

fers a generalizable paradigm for intelligence in 1351

non-stationary environments. By treating tools as 1352

adaptive capabilities rather than static resources, 1353

the Test-Time Tool Evolution framework enables 1354
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agents to navigate open-ended challenges. We1355

outline key directions to scale and robustify this1356

paradigm.1357

Lifecycle Management. Unbounded library1358

growth demands rigorous maintenance to preserve1359

retrieval efficiency. Future research must address1360

the trade-off between plasticity (acquiring new1361

tools) and stability (retaining core competencies).1362

Mechanisms such as intelligent pruning and hier-1363

archical indexing will be critical to forget obsolete1364

primitives while consolidating high-utility func-1365

tions, preventing knowledge saturation.1366

Robustness and Calibration. Enhancing the re-1367

liability of synthesized tools is a priority. Future1368

systems should incorporate formal verification or1369

uncertainty-aware generation to guarantee code1370

safety. Furthermore, we envision meta-cognitive1371

calibration, where agents dynamically weight the1372

cost of retrieval versus evolution based on confi-1373

dence, alongside self-correction loops that refine1374

tool logic iteratively upon execution failure.1375

Multi-Modal Frontiers. Real-world problems1376

require interpreting diagrams or instrument read-1377

outs. Extending TTE to multi-modal contexts in-1378

volves evolving tools for vision-based analysis or1379

graph manipulation. Co-evolving perception and1380

reasoning capabilities represents a key step toward1381

fully autonomous agents capable of conducting1382

end-to-end scientific research.1383
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