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Abstract001

Scientific artifacts such as models and bench-002
marks underpin machine learning research.003
With the rapid growth of repositories like Hug-004
gingFace, researchers now have access to mil-005
lions of artifacts, yet a key challenge remains:006
how can we automatically discover the state-007
of-the-art (SOTA) model for a given bench-008
mark by fully leveraging existing artifacts?009
We formalize this as automatic SOTA dis-010
covery by modeling HuggingFace as an ar-011
tifact graph, where nodes are models/bench-012
marks and edges represent evaluations. We013
propose ARTIFACTLINKER, a two-stage frame-014
work: (1) prediction of promising unobserved015
model–benchmark links using Graph Neural016
Networks (GNNs) or graph-augmented Large017
Language Models (LLMs), and (2) verification018
via fully automatic, reproducible coding ex-019
periments with agents. We further introduce020
ARTIFACTBENCH with 2,977 models and 559021
benchmarks to evaluate for both stages. Re-022
sults show effective graph-based prediction and023
reliable end-to-end automatic verification of024
high-performing candidates.025

1 Introduction026

Scientific artifacts are the fundamental building027

blocks of research (Heumüller et al., 2020; Cooper028

et al., 2022; Johnson et al., 2019). Codebases on the029

GitHub platform, papers available on arXiv, models030

and benchmarks on the HuggingFace are all exam-031

ples of such artifacts. Researchers engaged in doing032

reproducible and high-quality research share, inter-033

act with, and build upon these artifacts, releasing034

new versions to demonstrate progress (Marić et al.,035

2023; Lissa et al., 2020). In the machine learning036

community, a vast number of artifacts (>1M on037

HuggingFace) are produced by researchers work-038

ing in different domains (Castaño et al., 2024; Ait039

et al., 2023; Laufer et al., 2025). This naturally040

raises an important question: How can we lever-041
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Figure 1: This shows the underlying graph of research
artifacts from Huggingface Hub, used to build ARTI-
FACTBENCH, a new suite of tasks for developing au-
tomatic discovery agents. Large/small nodes represent
models/datasets linked through evaluation, which we
leverage for a new task called SOTA discovery (i.e.,
discovering novel links between existing artifacts).

age existing artifacts to enable automatic discov- 042

ery? Addressing this question would (1) allow us 043

to utilize diverse types of artifacts better, and (2) 044

promote scalable and automated scientific discov- 045

ery based on existing resources. We focus on the 046

HuggingFace community as a case study, since it 047

is one of the largest and most active hubs of open- 048

source machine learning artifacts and aims to make 049

experiments more accessible and easy to run. With 050

countless models, benchmarks, and libraries hosted 051

on the platform, it provides an invaluable founda- 052

tion for exploring automated discovery. 053

Building an automatic discovery system on 054

HuggingFace presents several challenges. First, 055

the concept of “automatic discovery” itself is ill- 056

defined (Beel et al., 2025; Kitano, 2021; Kramer 057

et al., 2023)—what does it really mean for a sys- 058

tem to conduct research autonomously and con- 059
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Figure 2: Overview of ARTIFACTLINKER. The overall automatic SOTA discovery process in ARTIFACTLINKER includes
three main components: (1) artifact graph construction from HuggingFace (models, benchmarks, evaluation relationships); (2)
link prediction and verification as discovery tasks; (3) state-of-the-art result filtering.

tribute to future applications? Second, although060

HuggingFace provides convenient access to mod-061

els and datasets, building a fully automated and062

reproducible pipeline to verify predicted model per-063

formance is still difficult (Urbanowicz et al., 2022).064

The usability of models and benchmarks remains065

inconsistent, and many of them require special-066

ized configurations to work properly and reproduce067

research works built on them, even a frustrating068

process for human researchers (Mu et al., 2025).069

Thinking of HuggingFace as an artifact graph070

Our key observation is that the HuggingFace071

community can be naturally represented as a072

graph (Chen et al., 2025; Laufer et al., 2025) as073

shown in Figure 1 and Figure 2 (left), where models074

and benchmarks serve as nodes, and their relation-075

ships form the edges. This perspective is motivated076

by three characteristics of the platform: (1) it hosts077

a large collection of artifacts, including models and078

benchmarks; (2) many artifacts are high-quality079

and widely adopted; and (3) it encodes rich rela-080

tional information—for example, a model trained081

on one dataset and evaluated on another with a re-082

ported F1 score. Such structured relationships are083

often difficult to extract directly from research pa-084

pers. Prior work has largely treated HuggingFace085

as an information source for retrieval (Silva et al.,086

2025) or as an API hub (Shen et al., 2023). In087

contrast, we highlight its value for dynamic dis-088

covery. Rather than viewing it as a static data089

source, we aim to actively uncover new relation-090

ships—particularly model–benchmark interactions091

defined through evaluation metrics. These interac-092

tions naturally form the edges of an artifact graph.093

Linking artifacts as automatic SOTA discovery094

Within this artifact graph, we define the task of095

automatic discovery as finding links with state-of-096

the-art evaluation results between artifacts (models097

and benchmarks). Concretely, our goal is to build098

an auto-discovery engine that leverages the existing 099

artifact graph structures in the HuggingFace com- 100

munity and their existing relationships to propose 101

new promising links. 102

Novel framework for automatic discovery To 103

operationalize the linking problem as automatic 104

discovery, we propose a novel framework with two 105

stages (see Figure 2 (center)): (1) prediction and 106

(2) verification. Given the vast number of artifacts 107

in the graph and the high cost of verifying evalu- 108

ation results, directly identifying the small subset 109

of valuable links through execution alone is pro- 110

hibitively costly. Our framework addresses this 111

challenge by first performing prediction, where 112

we use strong priors to filter out the majority of 113

unlikely links—analogous to how experienced re- 114

searchers prioritize promising directions. In the 115

verification stage, we employ a coding agent to test 116

and validate the predicted links, grounding hypothe- 117

ses into real, reproducible results. This division of 118

labor enables scalable automatic discovery while 119

ensuring that results remain empirically verifiable. 120

Contributions Our work makes three key con- 121

tributions: (1) we construct ARTIFACTBENCH, a 122

challenging new benchmark for prediction, veri- 123

fication, and automatic discovery, (2) we design 124

a two-stage framework named ARTIFACTLINKER 125

for scalable link discovery, and (3) we demonstrate 126

the practical value of this system through extensive 127

evaluation and highlight current limitations that 128

motivate further research on ARTIFACTBENCH. 129

2 Related Work 130

HuggingFace platform utilization Hugging- 131

Face has increasingly become a natural platform 132

for studying automatic discovery. Prior work has 133

largely relied on static analyses of its artifacts 134

and relationships to characterize trends in machine 135

learning development (Chen et al., 2025; Laufer 136
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et al., 2025). Beyond serving as a repository, Hug-137

gingFace has been conceptualized in multiple ways:138

as a knowledge graph (Silva et al., 2025), an API139

hub (Shen et al., 2023), a model card aggrega-140

tor (Yang et al., 2024), and even an evolutionary141

tree (Gao and Gao, 2023). Other studies have exam-142

ined its community dynamics (Rahman et al., 2025;143

Castaño et al., 2023). In contrast, our work moves144

beyond static description and trend analysis and145

focuses on execution-based prediction/verification.146

Large-scale prediction for accelerating discov-147

eries Accelerating scientific discovery has been148

a major focus in domains such as drug discov-149

ery (Stokes et al., 2020; Serrano et al., 2024; Vis, an150

and Negut,, 2024; You et al., 2022), materials sci-151

ence (Xie and Grossman, 2018; Butler et al., 2018),152

and molecular design (Segler et al., 2018), among153

others (Cheng et al., 2025). In these settings, ex-154

perimental verification is prohibitively costly and155

time-consuming. In contrast, our work focuses156

on a more tractable class of automatic discovery157

tasks by leveraging the intrinsic linking structure158

of HuggingFace artifacts.159

LLM-based coding agents for reproducible ex-160

perimentation Prior work has explored free-161

form discovery with generating executable code162

from research ideas (Lu et al., 2024; Jansen et al.,163

2024, 2025), though evaluation remains challeng-164

ing given the open-ended nature of such tasks.165

Other efforts have focused on reproducing experi-166

ments within specific codebases (Bogin et al., 2024;167

Starace et al., 2025; Kim et al., 2025; Seo et al.,168

2025; Siegel et al., 2024; Xiang et al., 2025), which169

is challenging due to the complexity of such code-170

bases. In contrast, our tasks rely on reproducing a171

more concrete/grounded set of research artifacts.172

3 Constructing an Artifact Graph from173

HuggingFace Hub174

As the first stage of ARTIFACTLINKER, we first175

formally provide the definition of artifact graphs176

that we conduct link discovery on. Furthermore,177

we provide details about how we extract the artifact178

graph from the HuggingFace platform.179

Definition of artifact graphs We define the arti-180

fact graph as an undirected heterogeneous bipartite181

graph G = (V, E), where the node set V = Vm∪Vd182

consists of two disjoint types of nodes: model183

nodes Vm and benchmark nodes Vd. The edge set184

E ⊆ Vm × Vd × K encodes evaluation relation-185

ships, where each edge (u, v, k) indicates that a186

model u ∈ Vm has an evaluation result on a bench- 187

mark v ∈ Vd with score k = ϕ(u, v) defined by 188

a metric function ϕ : Vm × Vd → K (e.g., accu- 189

racy or F-score). Besides edges, each benchmark 190

node is associated with attributes such as meta- 191

data (e.g., download counts) and task descriptions, 192

while each model node is associated with metadata 193

and specifications, including architecture, number 194

of parameters, and configuration. Such rich infor- 195

mation on both edges and nodes allows the graph 196

to capture fine-grained performance relationships 197

between models and benchmarks. 198

Data collection We construct edges in the arti- 199

fact graph by extracting ground-truth evaluation 200

metrics from HuggingFace model cards. Specif- 201

ically, we parse the README files to identify 202

model–dataset pairs along with their reported per- 203

formance scores. Model and dataset names are 204

then matched to their canonical entries on the Hug- 205

gingFace platform to ensure consistency, yielding a 206

clean set of evaluation edges. In total, this process 207

produces |E| = 5,476 perfectly matched evaluation 208

records, which serve as edge attributes in the graph. 209

For nodes, we collect both models and benchmarks. 210

Each model is described by its model card, dataset 211

card, and metadata fields (e.g., architecture, param- 212

eters, tags), while each dataset includes metadata 213

such as domain, size, and license. To ensure rele- 214

vance, we retain only nodes that participate in at 215

least one evaluation edge (isolated artifacts). 216

Graph statistics The final artifact graph con- 217

tains |V| = 3,536 nodes, consisting of |Vm| = 218

2,977 models and |Vd| = 559 benchmarks, with 219

|E| = 5,476 edges in total. To quantify the com- 220

munity structure, we apply Louvain community 221

detection (Blondel et al., 2008) and compute the 222

modularity, obtaining Q = 0.82, which highlights 223

the presence of clear sub-community structures 224

under sparse connectivity. Figure 1 shows the vi- 225

sualization of the artifact graph structure. While 226

benchmarks like ImageNet (Deng et al., 2009) and 227

HumanEval (Chen, 2021) form expected hubs, such 228

analysis indicates that edge concentration is limited 229

and not solely focused on high-degree hubs. 230

4 Linking Scientific Artifacts for 231

Automatic SOTA Discovery 232

To describe the overall pipeline of ARTI- 233

FACTLINKER, we first formalize the problem def- 234

inition of automatic discovery using the artifact- 235

graph formulation. We then introduce our scalable 236
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solution, which addresses this problem via a two-237

stage prediction–verification framework.238

4.1 Definition of Automatic SOTA Discovery239

Building on the artifact graph G = (V, E) de-240

fined in the previous section, each observed edge241

(m, d) ∈ E is annotated with a performance score242

given by the metric function ϕ : Vm × Vd → K,243

with a realized score denoted as ϕ(m, d). The ul-244

timate goal of automatic discovery is to identify245

a missing link (m, d, k) /∈ E ,m ∈ Vm, d ∈ Vd246

such that the predicted score under the same eval-247

uation function ϕ(m, d) exceeds the best known248

performance on dataset d:249

ϕ(m, d) > max
(m′,d)∈E

ϕ(m′, d).250

In other words, automatic SOTA discovery seeks251

model–benchmark pairs not yet connected in G but252

expected to advance the state of the art on d. The253

input of our proposed ARTIFACTLINKER frame-254

work is the artifact graph G while the target output255

is these state-of-the-art (m, d) pairs.256

4.2 Scalable Link Discovery Framework257

Because explicit model evaluation is computation-258

ally expensive, scalability requires pruning can-259

didates before verification. We therefore adopt a260

two-stage framework with prediction and verifica-261

tion. In the prediction stage, we rank model–dataset262

pairs (m, d) using a score function s(m, d) and263

select a candidate set C whose predicted scores264

approach or exceed the current SOTA. In the ver-265

ification stage, candidates in C are executed and266

evaluated, producing the validated SOTA set C∗.267

4.2.1 Predicting via Score Function Modeling268

The goal of prediction is not only to estimate269

ϕ̂(m, d) for missing edges but also to rank all candi-270

date links by their discovery potential. Concretely,271

each prediction model defines a scoring function272

s : Vm × Vd → R, which assigns each unseen273

pair (m, d) /∈ E a predicted performance. For each274

model the objective is to approximate the score275

function ϕ̂(m, d) and produce rankings consistent276

with observed edges. Since all of our prediction277

models utilize graph information, we formulate278

them using a general GNN-style notation. For-279

mally, each score function is defined as:280

h(k+1)
v = AGG(k)

(
h(k)
v , {h(k)

u , euv : u∈N (v)}
)

s(m, d) = ψ
(
h(L)
m ,h

(L)
d

)281

where h
(k)
v is a model’s internal representation 282

of node v after k iterations aggregated over all 283

representations h(k)
u constructed from neighboring 284

nodes u ∈ N (v). The final score is s(m, d) is then 285

defined over the final node representations h
(L)
m 286

and h
(L)
d transformed via some function ψ. As we 287

detail below, different instantiations of AGG and 288

ψ lead to different modeling strategies. 289

LLM modeling These models are based on ordi- 290

nary prompt-based LLMs. Following the TextGNN 291

formulation presented in Yu et al. (2024), we repre- 292

sent each h
(k)
v directly with text instead of embed- 293

dings. The aggregation function AGG is instanti- 294

ated as a one-layer concat operator that serializes 295

neighborhood information into a textual prompt: 296

h(k+1)
v = CONCAT

(
h(k)
v , {h(k)

u , euv : u∈N (v)}
)

s(m, d) = LLM
(
h(L)
m ,h

(L)
d

) 297

Here, h(0)
v = xv corresponds to the textual descrip- 298

tion of node v. The CONCAT function converts 299

all neighbor attributes into natural language and 300

concatenates them into a serialized context. The 301

LLM then consumes these prompts for m and d, 302

jointly reasoning over their neighborhoods to pre- 303

dict s(m, d). We typically adopt a single TextGNN 304

layer due to the limited context window size. 305

GNN-based modeling Alternatively, we instanti- 306

ate AGG using standard message passing in Graph 307

Neural Networks. In this setting, node features are 308

initialized as h
(0)
v = EMB(xv) from the textual 309

description xv, and representations are updated by: 310

h(k+1)
v = σ

(
W (k)h(k)

v + AGG(k)(N (v))
)

s(m, d) = MLP
(
[h(L)

m ∥h
(L)
d ]

) 311

Here, AGG(k)(·) can be implemented with classical 312

GNN operators such as GATv2Conv (Brody et al., 313

2021), which applies dynamic attention weights 314

to neighbor embeddings. The edge scoring func- 315

tion s(m, d) is then computed by an MLP over the 316

concatenation of the final node embeddings h(L)
m 317

and h
(L)
d . In contrast to the LLM modeling above, 318

this model is tuned using a training set of positive 319

and negative links mined from the original artifact 320

graph (see full details in Appendix. C.1) 321

Ranking with score function Given different 322

modeling choices of s(m, d), the prediction stage 323

first produces a ranked list of all unseen pairs 324

(m, d) /∈ E , ordered by their predicted score 325
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s(m, d). This ranking reflects the discovery poten-326

tial of each candidate, with higher scores indicating327

stronger likelihood of advancing the state of the art.328

From this ranked list, we further define the set of329

promising candidates as330

C =

(m, d)

∣∣∣∣∣∣
(m, d) /∈ E , m ∈ Vm, d ∈ Vd,
s(m, d) ≥ max

(m′,d)∈E
(1−δ)ϕ(m′, d)

331

where δ(d) ∈ [0, 1] is a dataset-specific tolerance332

parameter and ϕ(m′, d) is the existing evaluation333

score of model m′ on dataset d under metric µ(d).334

Larger δ(d) indicates higher verification cost, but335

the greater possibility for finding the state-of-the-336

art performance. In other words, the score function337

s(m, d) serves a dual purpose: it provides a global338

ranking over all candidates, and it defines a thresh-339

olded subset C to guide the verification stage by340

focusing on the most promising discoveries.341

4.2.2 Verification via Multi-turn Tool Use342

Given the candidate set C of manageable size, the343

goal of the verification stage is to execute each344

model–dataset pair and obtain concrete evalua-345

tion results. For each candidate (m, d), we per-346

form verification using the CodeAct agentic work-347

flow (Wang et al., 2024), which plans, generates,348

executes, and iteratively refines code in a multi-turn349

manner for scalable automatic benchmarking.350

Specifically, the agent takes as input the model351

identifier m, the dataset identifier d, and a target352

evaluation metric µ(d) hooked with the dataset d353

(e.g., accuracy, F1, BLEU). We represent these354

inputs as descriptors m, d, and µ. To support355

reliable execution, the agent is equipped with356

HuggingFace-specific tools—such as web_search,357

get_metadata, and get_readme—which can be358

invoked at each turn to retrieve relevant model and359

dataset information. This tool-augmented agentic360

workflow enables reliable automatic evaluation:361

s∗µ(m, d) = CODEACT
(
m, d, µ(d)

)
.362

4.3 ARTIFACTLINKER Algorithm363

Algorithm 1 presents the pipeline of ARTI-364

FACTLINKER for automatic SOTA discovery. The365

algorithm proceeds in three stages: (i) compute366

the current SOTA (ii) perform attribute prediction367

over a fixed artifact graph(a transductive setting368

where nodes are observed and only missing links369

are predicted), with GNN-based methods enabling370

batch-parallel inference; and (iii) verify top candi-371

dates with a coding agent. Larger δ admits more372

Algorithm 1: SOTA discovery workflow
Input: Artifact graph G = (V, E); score

model s; tolerance δ
Output: Validated SOTA discoveries C∗

Precompute current SOTA (per dataset);
foreach d ∈ Vd do

b(d)← max(m′,d)∈E ϕ(m
′, d)

Prediction: propose promising links;
ŝ← ATTRPREDICT(s,G);
C ← {(m, d) /∈ E | ŝ(m, d) ≥ (1−δ)b(d)};
Verification: execute and validate;
C∗ ← ∅;
foreach (m, d) ∈ C do

s∗µ(m, d)← CODEACT
(
m, d, µ(d)

)
if s∗µ(m, d) > b(d) then
C∗ ← C∗ ∪ {(m, d)};

return C∗;

candidates and thus increases computational over- 373

head during verification. As a special case, AR- 374

TIFACTLINKER can also operate in a conditional 375

mode, restricted to a specific dataset d or model 376

m, reducing the need for full graph traversal. In 377

an inductive setting, where a new model or bench- 378

mark is introduced, ARTIFACTLINKER can incor- 379

porate the new node via its attributes and apply 380

the same predict-and-verify procedure to propose 381

evaluations involving the unseen artifact. 382

5 Evaluating Automatic SOTA Discovery 383

To evaluate ARTIFACTLINKER, we design a mask- 384

and-predict/verify protocol based on the artifact 385

graph. Instead of running in the real world without 386

ground-truths, we directly sample existing links 387

(m, d) ∈ E and evaluate them on ARTIFACT- 388

BENCH by edge masking. 389

For evaluation, we consider two forms of miss- 390

ing links/masking. (i) Edge masking: a subset of 391

observed edges Emask ⊂ E is hidden from the graph, 392

requiring the model to recover their existence. (ii) 393

Attribute masking: for another subset of edges, we 394

keep the edge structure visible but hide their asso- 395

ciated attributes (e.g., evaluation scores), requiring 396

the model to predict/rank the missing values. 397

Prediction evaluation Given the masked graph 398

G \ Emask, we benchmark prediction performance 399

with four tasks: (1) Link prediction (edge masking): 400

determine whether a masked edge (m, d) ∈ Emask 401
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exists, i.e., ŷm,d = 1[s(m, d) > τ ], where s(m, d)402

is the predicted score function. (2) Link ranking403

(edge masking): for each dataset d, rank all candi-404

date models m by s(m, d) and evaluate the rank of405

the true masked edges (m, d) ∈ Emask. (3) At-406

tribute prediction (attribute masking): for each407

edge (m, d) with hidden attributes, predict its score408

ϕ̂(m, d). (4) Attribute ranking (attribute masking):409

for each dataset d, rank all candidate models m410

by predicted attributes ϕ̂(m, d) and compare this411

ordering against ground-truth scores.412

Verification evaluation Finally, we define the413

reproduction task in the verification stage, which414

also corresponds to attribute masking. Here, the415

coding agent re-evaluates edges (m, d) with hid-416

den attributes to measure consistency between pre-417

dicted scores s(m, d) and execution-based results418

ϕ∗(m, d). Formally, consistency is satisfied if419 ∣∣ s(m, d) − ϕ∗(m, d)
∣∣ ≤ (1 − δ)ϕ∗(m, d). We420

choose δ=0.1. This criterion checks whether pre-421

diction and execution agree up to an acceptable422

margin, ensuring faithfulness of the verification.423

6 Experimental Settings424

Prediction task settings We perform transduc-425

tive edge-level splitting on the artifact graph, ran-426

domly partitioning edges into training, develop-427

ment, and test sets with a 70%–10%–20% ratio.428

The node set is fixed and shared across all splits,429

as our goal is to predict missing links in an ex-430

isting graph. During training, message passing is431

restricted to the training edges, while development432

and test edges are held out for evaluation.433

Prediction baseline settings Besides the LLM-434

based TextGNN settings and GNN-based settings,435

we include multiple baseline settings for compar-436

ison: (1) metadata, where we directly use meta-437

data of the artifacts such as downloading times and438

metrics on edges as a feature for prediction; (2)439

graph baselines, where we utilize graph-related440

algorithm including Matrix Factorization (MF),441

Adamic-Adar (AA), Common-Neighborhood (CN)442

and more modern NeoGNN (Yun et al., 2021) base-443

lines; (4) LLM baselines, where we only provide444

the model and benchmark information to an LLM445

(we use GPT-4o (OpenAI et al., 2024) and o3 (Ope-446

nAI, 2025b)) and ask them to predict and rank.447

Verification task settings We construct the veri-448

fication benchmark by selecting model–benchmark449

pairs from the artifact graph that include reported450

Method Link Prediction Link Ranking

F1 ↑ Acc ↑ R@5 ↑ P@5 ↑
Metadata 25.9 49.0 47.3 21.1
MF 29.5 40.5 37.6 19.1
CN 62.7 81.0 81.0 39.1
AA 67.2 84.5 81.0 39.1
GPT-4o 59.1 79.1 89.2 37.2
GPT-4o + graph 61.9 81.7 91.7 38.6
GPT-o3 59.1 80.4 90.3 38.3
GPT-o3 + graph 64.2 83.8 92.6 40.2
NeoGNN 63.8 91.1 43.3 16.0
GATv2Conv 83.0 95.0 71.9 33.4

Table 1: Link prediction and ranking results. For link pre-
diction, we sample 5 negative samples for each datapoint with
preferential attachment that chooses the highest degree nodes.
For link ranking, we construct a benchmark-centric ranking
task by randomly sampling 10 negative model candidates per
benchmark. More details in Section §6.

Method Attr Prediction Attr Ranking

MAE ↓ RMSE ↓ NDCG@1 ↑
Global mean 0.159 0.201 –
Local mean 0.107 0.156 –
GPT-4o 0.136 0.216 0.468
GPT-4o + graph 0.077 0.171 0.459
GPT-o3 0.168 0.260 0.433
GPT-o3 + graph 0.060 0.126 0.431
GATv2Conv 0.071 0.128 0.519

Table 2: Attribute prediction and ranking results. For
attribute prediction, we focus on the ‘accuracy‘, ‘F1‘, ‘BLEU‘,
‘chrF‘, ‘rouge‘ metrics for calculation in the test split to make
sure the prediction range is unified. For attribute ranking, we
build each ranking task for each dataset under one type of
metric. More details in Section §6.

scores (e.g., F1, accuracy, BLEU, ROUGE). For 451

each pair, we test whether the reported result can 452

be reproduced through execution-based evaluation, 453

given the model and benchmark specifications. We 454

collect a subset of 93 model-dataset pairs and avoid 455

datasets that are too expensive to run and models 456

that are too large to download. 457

Verification baseline settings As baselines, we 458

adopt single-turn code generation and multi-turn 459

agentic CodeAct (Wang et al., 2024). Impor- 460

tantly, this baseline does not include HuggingFace- 461

specific design choices, but simply uses a coding 462

sandbox to conduct experiments automatically. Our 463

method is built based on smolagent and, for a fair 464

comparison, we use GPT-5.2 (OpenAI, 2025a) as 465

the underlying backbone model, set max turn num- 466

ber to be 10, timeout for each turn to 900s. 467

7 Prediction Task Evaluation Results 468

Graph structure consistently improves LLM 469

prediction Augmenting LLMs with graph neigh- 470

borhood information yields consistent gains across 471
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Figure 3: Verification error rate distribution. We calculate
the cumulative count of datapoints with different error rates.
Multi-turn and tool use mainly add more low-error-rate cases.

tasks (Tables 1 and 2), especially for link and at-472

tribute prediction. For example, adding 1-hop con-473

text improves GPT-o3’s link prediction F1 from474

59.1 to 64.2 and reduces attribute MAE from 0.168475

to 0.060. Ranking gains are smaller, likely due476

to strong semantic priors in LLMs. Under induc-477

tive splits with unseen models and datasets, perfor-478

mance degrades only mildly (e.g., GPT-4o+graph479

MAE increases from 0.07 to 0.08), indicating rea-480

sonable inductive robustness.481

GNNs excel in transductive settings but gen-482

eralize less inductively A lightweight 3-layer483

GATv2Conv with Voyage-3 embeddings achieves484

competitive or superior performance in the trans-485

ductive setting as shown in Tables 1 and 2, match-486

ing GPT-4o+graph on attribute prediction and out-487

performing all baselines on link prediction. How-488

ever, under inductive splits, GNN performance489

drops more substantially (MAE from 0.07 to 0.12),490

reflecting stronger dependence on observed graph491

structure compared to LLM-based methods.492

Overall While current models are promising, sig-493

nificant headroom remains across all sub-tasks.494

These tasks go beyond metric evaluation and serve495

as proxies for scientific compatibility reasoning.496

Strong link and attribute prediction is a prereq-497

uisite for scalable automatic discovery, enabling498

agents to autonomously identify high-potential499

model–dataset combinations in the wild, highlight-500

ing the value of our task design.501

8 Verification Task Evaluation Results502

Multi-turn tool use enhances reproduction re-503

liability As shown in Table 3, both multi-turn504

interactions and tool-use capabilities significantly505

improve the execution and reproduction rates of506

coding agents. Furthermore, Figure 3 illustrates507

that HuggingFace-specific tools effectively shift508

the distribution toward lower error rates, while the509
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Figure 4: Relationship between δ tolerance and the me-
dian number of candidate models to verify per dataset
after prediction. Given a dataset with known best accuracy,
we use the GNN to predict accuracy for all 2,977 models and
select candidates within δ% of the existing SOTA scores.

frequency of high-error cases remains unchanged. 510

Specifically, enabling agents to search and fetch 511

HuggingFace model cards and metadata yields a 512

clear performance boost (3.2 points in completion 513

rate and 4.3 points in success rate). We attribute 514

this to the agent’s ability to access model cards, 515

which allows it to follow official code snippets 516

and usage examples, thereby avoiding incorrect im- 517

plementation. Despite these gains, several failure 518

modes persist. The most common execution fail- 519

ures include missing result files (24%), zero-valued 520

outputs (24%), and CUDA-related errors (12%). In 521

addition, prompt sensitivity remains a key bottle- 522

neck: suboptimal evaluation prompts generated by 523

our proposed coding agents can lead to unstable or 524

degraded reproduced evaluation scores, particularly 525

when evaluating LM candidates. 526

Overall Despite HuggingFace’s robust execution 527

infrastructure, current coding agents reproduce re- 528

ported results only 45.2% of the time, indicating 529

limited reliability. This reveals verification on the 530

artifact graph as both a critical benchmark of agent 531

capability and a largely unsolved problem, high- 532

lighting robust auto-evaluation agents as a key di- 533

rection for future research. 534

Metric Single-turn Multi-turn MT + tools
Completed (%) 29.0 77.4 80.6
Succeeded (%) 11.8 40.9 45.2
#turn / dp 1 4.2 4.7
#tool-use / dp – – 10.4

Table 3: Verification performance with coding agents.
“MT+tools” represents our proposed multi-turn tool-use agent.
“/dp” refers to per datapoint. We report task completion rate
and success rates. The success rate indicates that reproduced
results are in 10% difference with the reported results.

9 Discussion 535

Q1: What signals drive effective prediction in 536

the artifact graph? Effective prediction arises 537
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Figure 5: Verification results on NLI tasks. We show the accuracy verification results conducted by the ARTIFACTLINKER
with 21 models and 7 NLI datasets. The results are conducted with ARTIFACTLINKER and might have false negatives existed
due to limited abilities of the coding agent.

from the interaction between node attributes and538

graph structure. LLM-based predictors use at-539

tributes for analogical reasoning, while GNNs540

encode them via Voyage-3 embeddings and ex-541

ploit dense connectivity through message pass-542

ing. GNNs perform best on high-degree nodes,543

LLMs excel on medium-degree nodes (approxi-544

mately 15–30), and both struggle on low-degree545

nodes. Randomizing text embeddings significantly546

degrades attribute prediction RMSE. All predic-547

tions rely on LLM-summarized model cards with548

ground-truth labels removed to avoid leakage.549

Q2: How does prediction reduce verification550

costs? We analyze how many models need to551

be verified per dataset after prediction-based filter-552

ing. For datasets with SOTA accuracy ≥0.7, we553

count models predicted within a certain ratio of554

the ground-truth SOTA in Figure 4. At 5% toler-555

ance, the median is 24 candidate models—a 99%556

reduction from the total. At 20% tolerance, the me-557

dian rises to 419. This suggests 20-80 experiments558

typically suffice to identify near-optimal models.559

10 End-to-end Case Study560

To demonstrate the effectiveness of ARTI-561

FACTLINKER when used to uncover real unseen562

links, we conduct a study on the classic task of563

Natural Language Inference (NLI). We consider564

seven representative benchmarks: MNLI (Williams565

et al., 2018), SNLI (Bowman et al., 2015), ANLI566

(Nie et al., 2020), XNLI (Conneau et al., 2018),567

RTE (Bentivogli et al., 2009), WNLI, and QNLI568

(Wang et al., 2018). ARTIFACTLINKER first pre-569

dicts promising model–dataset pairs over the arti-570

fact graph, after which we select 21 relatively small571

models for fully automated coding-based verifica-572

tion. Results are shown in Figure 5.573

SOTA discovery All evaluations in Figure 5 are574

conducted fully automatically without human in-575

tervention. While some scores may be imper- 576

fect due to limitations of the coding agent, the 577

results nonetheless reveal several meaningful dis- 578

coveries. Notably, ARTIFACTLINKER identifies 579

a new state-of-the-art result on SNLI: deberta-v3- 580

large-zeroshot-v2.01 , which does not report official 581

SNLI results, achieves an accuracy of 0.95. We first 582

verify that this score is consistent with the state-of- 583

the-art estimates derived from our artifact graph. 584

Furthermore, we confirm that it is similar to the 585

best result reported on the SNLI leaderboard 2. We 586

also include reproducible scripts in Appendix. E. 587

Research insight Beyond SOTA discovery, we 588

observe strong performance correlation between 589

MNLI and SNLI across multiple models, strong 590

QNLI performance from BART-large-mnli3, and 591

unexpectedly strong RTE results from Gemma- 592

3-1B. Overall, this case study demonstrates AR- 593

TIFACTLINKER ’s ability to efficiently discover 594

SOTA-level results and uncover research insights 595

not explicitly reported in HF, highlighting its po- 596

tential as a scalable tool for automatic research. 597

11 Conclusion 598

We introduce ARTIFACTLINKER, a framework that 599

enables automatic SOTA discovery on Hugging- 600

Face by modeling models and benchmarks as an 601

artifact graph. Using a two-stage predict-and-verify 602

approach—graph-based candidate prediction fol- 603

lowed by execution-based verification. We fur- 604

ther propose ARTIFACTBENCH to evaluate both 605

stages, and show that ARTIFACTLINKER can dis- 606

cover high-performing links and reproduce many 607

benchmark results automatically, pointing toward 608

scalable and continual scientific discovery. 609

1https://huggingface.co/MoritzLaurer/
deberta-v3-large-zeroshot-v2.0

2https://nlp.stanford.edu/projects/snli/
3https://huggingface.co/facebook/

bart-large-mnli
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Limitations610

Computational considerations in verification611

While our two-stage framework effectively reduces612

the search space through candidate filtering in the613

prediction phase, the verification stage requires614

actual code execution for validation. For cer-615

tain large-scale experiments or resource-intensive616

benchmarks, full reproduction may require non-617

trivial computational costs depending on available618

hardware resources. We note that our current im-619

plementation successfully handles the majority of620

common benchmarks, though scaling to extremely621

high-throughput scenarios across diverse hardware622

environments remains an interesting direction for623

future optimization.624

Evaluation metric coverage Our framework cur-625

rently emphasizes objective, quantitative metrics626

such as Accuracy, F1, and Exact Match, which627

are widely reported in model documentation and628

amenable to automatic extraction. These metrics629

cover a substantial portion of commonly used eval-630

uation schemes in NLP. While our approach could631

potentially be extended to incorporate tasks involv-632

ing human evaluation or qualitative assessment, we633

leave the integration of such subjective metrics as634

a natural extension for future work, as they would635

require additional methodological considerations636

for automated processing.637

Ethics Consideration638

Our work focuses on building an automatic dis-639

covery framework over open-source artifacts avail-640

able on HuggingFace. All experiments are con-641

ducted exclusively on publicly released models642

and benchmarks that are freely accessible to the643

research community. We do not introduce any644

new human or sensitive data, nor do we attempt645

to deanonymize or misuse existing artifacts. The646

goal of our framework is to advance automated,647

reproducible, and scalable scientific discovery,648

and to help researchers more efficiently identify649

promising model–benchmark interactions. Nev-650

ertheless, we acknowledge that automated bench-651

marking may propagate existing biases and limita-652

tions present in the underlying models and datasets.653

To mitigate this, we emphasize transparency in data654

collection and reproducibility in our verification655

pipeline. We encourage the community to view our656

work as a step toward building more reliable and657

responsible auto-discovery systems, rather than a658

replacement for human oversight.659
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A Potential Risks912

Metadata Quality Considerations. Our predic-913

tion stage uses metadata from the HuggingFace914

community, including model descriptions, architec-915

tural specifications, and training configurations. As916

with any crowdsourced platform, there may occa-917

sionally be instances of incomplete or imprecise918

documentation that could affect initial ranking pre-919

dictions.920

Performance-Oriented Discovery Scope. AR-921

TIFACTLINKER is designed to identify high-922

performing model-benchmark combinations based923

on standard evaluation metrics. As with any au-924

tomated performance discovery tool, users should925

exercise standard research practices by conduct-926

ing appropriate safety and ethical assessments be-927

fore deploying discovered models in production928

environments, particularly for applications involv-929

ing user-facing content generation. We view our930

framework as a research tool that augments human931

decision-making rather than replacing it. Users932

retain full responsibility for evaluating whether dis-933

covered models meet the safety, fairness, and eth-934

ical requirements of their specific use cases, and935

we encourage comprehensive evaluation beyond936

performance metrics alone.937

B Scientific Artifacts938

B.1 Data license939

All data in ARTIFACTBENCH are derived from the940

HuggingFace Hub, which hosts open-source mod-941

els and benchmarks under various public licenses942

(e.g., Apache 2.0, MIT, and CC-BY). We plan to re-943

lease ARTIFACTBENCH under the Open Database944

License (ODbL), which permits use, sharing, and945

modification of the data while requiring proper attri-946

bution and that any derivative works remain openly947

available under the same license.948

B.2 Model license949

Our work relies on multiple foundation models, in-950

cluding chatgpt-4o-latest and o3-2025-04-16.951

Specifically, we access chatgpt-4o-latest and952

texttto3-2025-04-16 via the official OpenAI API.953

We utilize the official inference API provided by954

VoyageAI to use voyage-3.955

The chatgpt-4o-latest, o3-2025-04-16,956

and voyage-3 models are closed-source and957

operate under proprietary licenses. We use them958

only for academic, and non-commercial purposes959

and ensure all inputs come from publicly available960

data, complying with their usage restrictions. We 961

make no modifications to these models and use 962

them as-is via their public APIs. 963

B.3 Data Usage 964

All data used in this study, including model speci- 965

fications, benchmark descriptions, and evaluation 966

results, were collected from the publicly available 967

HuggingFace Hub. Our data collection focuses ex- 968

clusively on scientific artifacts (models, datasets, 969

and benchmarks) and does not include any person- 970

ally identifiable information. All collected data 971

are derived from publicly released resources that 972

are freely accessible to the research community, 973

in compliance with the HuggingFace platform’s 974

Terms of Service. 975

C Experimental Details 976

C.1 GNN-based Modeling and Training 977

Details 978

In this section, we describe the architecture of our 979

GNN-based model and provide details on its train- 980

ing setup for both link prediction and attribute re- 981

gression tasks. 982

C.2 Model Architecture 983

Our link prediction model, GNNLinkPredictor, 984

combines a graph neural network encoder with 985

a flexible edge-scoring decoder. The encoder is 986

based on GATv2 and stacks multiple convolutional 987

layers with GraphNorm, PReLU activations, and fea- 988

ture dropout. Residual connections are added when 989

input and output dimensions match, and self-loops 990

as well as edge dropout can be applied for sta- 991

bility. To integrate information across layers, we 992

adopt Jumping Knowledge (JK), supporting con- 993

catenation with projection, element-wise max pool- 994

ing, or using the last layer only. The resulting 995

node embeddings are passed into the edge decoder 996

(EdgePredictor), which supports various scoring 997

functions, including dot product, cosine similar- 998

ity, bilinear transformation, linear projection on 999

concatenated features, and a two-layer MLP. This 1000

design balances expressiveness and flexibility: the 1001

encoder captures rich multi-hop structure, while 1002

the decoder adapts to diverse relational patterns. 1003

C.3 Training for Link Prediction 1004

For binary edge classification, we train our GNN 1005

model over positive and negative edges sampled 1006

from the artifact graph, using pre-computed node 1007
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embeddings as input. We optimize with AdamW1008

(learning rate 5 × 10−3, weight decay 10−4) and1009

use a ReduceLROnPlateau scheduler (patience 10,1010

decay factor 0.8, minimum learning rate 10−6).1011

Training runs for up to 300 epochs with early stop-1012

ping (patience 40) based on validation AUC, and1013

class imbalance is corrected by weighting the bi-1014

nary cross-entropy loss with Nneg
Npos

. Mixed-precision1015

training is enabled on GPU. We evaluate every 501016

epochs, select the best checkpoint by validation1017

AUC, and report accuracy, precision, recall, F1,1018

ROC-AUC, and average precision on the test set.1019

Unless otherwise noted, we use 64 hidden dimen-1020

sions, 3 layers, 3 heads, dropout 0.2, and seed 42.1021

C.4 Training for Attribute Regression1022

For continuous edge-attribute prediction, we train1023

on positive edges with metric values, normaliz-1024

ing values greater than 1 to [0, 1]. Node embed-1025

dings are pre-computed and message passing uses1026

the training graph’s edges. The model regresses1027

edge scores directly in logit space: ground-truth1028

targets are transformed via logit(y) = log y
1−y ,1029

and MSE is computed against the raw decoder log-1030

its. This stabilizes training near the boundaries.1031

We use Adam (learning rate 0.005, weight decay1032

10−5), Xavier-uniform initialization for linear lay-1033

ers, dropout 0.2, hidden size 128, 3 layers, and1034

8 heads (GATv2 backbone). Training runs up to1035

500 epochs, with frequent evaluation early (every1036

10 epochs for the first 50, then every 25), and the1037

best checkpoint is selected by lowest validation1038

MSE. At evaluation, logits are clipped to [−10, 10]1039

and mapped through sigmoid to report MSE, MAE,1040

RMSE, R2, and MAPE.1041

C.5 Model Size and Budget1042

For the close-sourced models, the model size is1043

unknown. The GNN model we used is within 1001044

MB. The budget for conducting prediction/rank-1045

ing/verification is <$1000.1046

D The Use of Large Language Models1047

(LLMs)1048

We used ChatGPT as a writing assistant to help1049

us write part of the paper. Additionally, we uti-1050

lize the power of CodePilot to help us code faster.1051

However, all the AI-generated writing and coding1052

components are manually checked and modified.1053

There is no full AI-generated content in the paper.1054

E SOTA Discovery Details 1055

We provide the discovered state-of-the-art evalua- 1056

tion code here: 1057

Listing 1: Automatic SNLI evaluation for SOTA verifi-
cation.

1058
import json 1059
import random 1060
import torch 1061
from datasets import load_dataset 1062
from transformers import ( 1063

AutoTokenizer, 1064
AutoConfig, 1065
AutoModelForSequenceClassification 1066

) 1067
1068

MODEL_ID = 1069
"MoritzLaurer/deberta-v3-large-zeroshot 1070

-v2.0" 1071
DATASET_ID = "stanfordnlp/snli" 1072
SPLIT = "validation" 1073
MAX_SAMPLES = 20000 1074
BATCH_SIZE = 16 1075
MAX_LENGTH = 256 1076
SEED = 42 1077

1078
random.seed(SEED) 1079
torch.manual_seed(SEED) 1080

1081
dataset = load_dataset(DATASET_ID, 1082

split=SPLIT) 1083
1084

def is_valid(example): 1085
return ( 1086

example["label"] is not None 1087
and example["label"] != -1 1088
and example["premise"] 1089
and example["hypothesis"] 1090

) 1091
1092

valid_indices = [i for i in 1093
range(len(dataset)) if 1094
is_valid(dataset[i])] 1095

random.shuffle(valid_indices) 1096
dataset = 1097

dataset.select(valid_indices[:MAX_SAMPLE 1098
S]) 1099

1100
tokenizer = 1101

AutoTokenizer.from_pretrained(MODEL_ID, 1102
use_fast=True) 1103

config = 1104
AutoConfig.from_pretrained(MODEL_ID) 1105

model = AutoModelForSequenceClassification. 1106
from_pretrained(MODEL_ID) 1107

1108
device = torch.device("cuda" if 1109

torch.cuda.is_available() else "cpu") 1110
model.to(device) 1111
model.eval() 1112

1113
# Determine model label mapping 1114
if getattr(config, "label2id", None) and 1115

len(config.label2id) > 0: 1116
label2id = {k.lower(): int(v) for k, v 1117
in config.label2id.items()} 1118

else: 1119
label2id = {v.lower(): int(k) for k, v 1120
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in config.id2label.items()}1121
1122

entailment_id = label2id["entailment"]1123
not_entailment_id =1124

label2id["not_entailment"]1125
1126

snli_labels =1127
dataset.features["label"].names1128

snli_entailment_id =1129
snli_labels.index("entailment")1130

1131
correct, total = 0, 01132

1133
for i in range(0, len(dataset), BATCH_SIZE):1134

batch = dataset[i:i+BATCH_SIZE]1135
1136

enc = tokenizer(1137
batch["premise"],1138
batch["hypothesis"],1139
padding=True,1140
truncation=True,1141
max_length=MAX_LENGTH,1142
return_tensors="pt"1143

)1144
enc = {k: v.to(device) for k, v in1145
enc.items()}1146

1147
labels = [1148

entailment_id if y ==1149
snli_entailment_id else1150
not_entailment_id1151

for y in batch["label"]1152
]1153

1154
with torch.no_grad():1155

preds =1156
model(**enc).logits.argmax(dim=-1).cpu().1157

tolist()1158
1159

for p, y in zip(preds, labels):1160
correct += int(p == y)1161
total += 11162

1163
accuracy = correct / total1164
print("N␣=", total)1165
print("Accuracy␣=", accuracy)1166

1167
with open("results.json", "w") as f:1168

json.dump({"accuracy": accuracy}, f)11691170

F LLM-based Modeling Details1171

We directly rely on in-context learning for LLM-1172

based modeling without training. We provide ex-1173

amples of our prompts for different tasks below:1174

Listing 2: LLM with graph link prediction example
1175

Given a machine learning model named1176
'tensorblock/bloomz-3b-GGUF' and a1177
dataset named 'SetFit/rte'.1178

1179
More information about this model: The1180

model 'bloomz-3b1' is a multilingual1181
text-generation model based on the1182
BLOOM architecture. It is fine-tuned on1183
a variety of datasets such as the1184
BigScience xP3, which contributes to1185

its ability to handle multiple 1186
languages and tasks. The model supports 1187
a wide range of languages including 1188
English, Spanish, French, Chinese, and 1189
many others, making it highly versatile 1190
for global applications. It is also 1191
capable of understanding and generating 1192
programming code in several languages, 1193
like C++, Java, Python, and more. This 1194
flexibility is reflected in its usage 1195
across diverse tasks, from sentiment 1196
analysis and question answering to 1197
natural language inference and program 1198
synthesis. The model operates under the 1199
bigscience-bloom-rail-1.0 license, 1200
ensuring its use in accordance with 1201
open research and collaboration 1202
principles. 1203

1204
More information about this dataset: The 1205

Glue RTE dataset is derived from the 1206
Recognizing Textual Entailment (RTE) 1207
task, a subset of the GLUE benchmark. 1208
It is designed to evaluate models on 1209
the task of natural language inference, 1210
which involves determining if one 1211
sentence logically follows from 1212
another. In the ported version hosted 1213
on HuggingFace's platform, it retains 1214
its original purpose but introduces 1215
some modifications for easier 1216
processing. Notably, the columns 1217
originally named 'sentence1' and 1218
'sentence2' have been renamed to 1219
'text1' and 'text2' respectively. This 1220
dataset is often used to train and 1221
evaluate machine learning models on 1222
their ability to understand and process 1223
natural language, particularly in 1224
contexts where discerning relationships 1225
between two text statements is crucial. 1226
One important characteristic of the 1227
dataset is that its test split is 1228
unlabeled, with all entries in the 1229
label column set to -1. This is in line 1230
with many benchmark datasets where the 1231
test labels are withheld to prevent 1232
overfitting and encourage robust model 1233
evaluation. 1234

1235
1236

There are other models that are evaluated 1237
on the dataset to judge whether the 1238
model and dataset are connected: 1239

- 42dot/42dot_LLM-PLM-1.3B: 42dot LLM-PLM 1240
is a pre-trained language model 1241
developed by 42dot, designed to handle 1242
both Korean and English text. It is 1243
part of the 42dot LLM series, 1244
leveraging a 1.3 billion parameter 1245
configuration based on a Transformer 1246
decoder architecture, akin to LLaMA 2. 1247
The model is trained with a corpus of 1248
diverse text sources, both in Korean 1249
and English, aimed at providing a 1250
versatile foundation for various 1251
natural language tasks. The 1252
architecture consists of 24 layers, 32 1253
attention heads, a hidden size of 2048, 1254
and an FFN size of 5632. Pre-training 1255
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involved 49,000 GPU hours using NVIDIA1256
A100, with specific hyperparameters1257
such as a global batch size of 41258
million tokens and a learning rate of1259
4E-4. A Byte-level BPE tokenizer was1260
developed from scratch to support the1261
model, featuring a vocabulary size of1262
approximately 50,000 tokens.1263

- CobraMamba/mamba-gpt-3b: The Mamba GPT-3B1264
model is a fine-tuned version of the1265
open-lama model, providing enhanced1266
performance across several evaluation1267
subtasks. It stands out as the1268
best-performing 3B model, achieving1269
performance metrics comparable to the1270
larger llama-7b model. This model1271
utilizes the transformers library and1272
has been optimized for GPU usage,1273
requiring the installation of specific1274
versions of the transformers,1275
accelerate, and torch libraries. The1276
Mamba GPT-3B is designed to generate1277
text with a focus on maintaining1278
coherence and context, making it1279
suitable for various applications that1280
require advanced language processing1281
capabilities.1282

- ModelCloud/Meta-Llama-3.1-8B-Instruct-1283
gptq-4bit: This model is a quantized1284

version of Llama-3.1 with 8 billion1285
parameters, created using the GPTQModel1286
framework. It utilizes a 4-bit1287
precision format, which allows for1288
efficient storage and computation1289
without significant loss of model1290
performance. The model's configuration1291
includes a group size of 128, symmetric1292
quantization, and true sequential1293
processing. These settings are1294
optimized to maintain a balance between1295
model accuracy and computational1296
efficiency. The quantization process1297
reduces the model's footprint, making1298
it suitable for deployment in1299
environments with limited resources,1300
while still providing robust1301
performance on various tasks. The use1302
of the GPTQ quantization method ensures1303
that the model can handle different1304
types of data inputs efficiently.1305

- ibm-research/ColD-Fusion: The ColD Fusion1306
model is a finetuned language model1307
that builds upon the RoBERTa base1308
architecture. It was trained on 351309
diverse datasets and is designed to1310
serve as a robust base model for1311
various natural language processing1312
tasks. The model leverages a novel1313
approach called ColD Fusion, which1314
allows for multitask learning benefits1315
through distributed computation. Unlike1316
traditional multitask learning that1317
requires simultaneous access to all1318
datasets and substantial computational1319
resources, ColD Fusion operates with1320
limited communication and no data1321
sharing. This enables the recycling of1322
finetuned models to iteratively enhance1323
the pretrained model. The resulting1324
model achieves strong performance1325

across the datasets it was trained on 1326
and serves as an excellent starting 1327
point for finetuning on new datasets. 1328
The model demonstrates a 2.45-point 1329
improvement over RoBERTa base without 1330
architectural changes and outperforms 1331
previous multitask models. For detailed 1332
insights, refer to the paper linked in 1333
the README. 1334

- PygmalionAI/metharme-1.3b: Metharme 1.3B 1335
is an instruction-tuned language model 1336
based on EleutherAI's Pythia 1.4B 1337
Deduped. It is designed specifically 1338
for conversation, roleplaying, and 1339
storywriting with a focus on fictional 1340
contexts. This model can be guided 1341
using natural language like other 1342
instruct models. It has been fine-tuned 1343
using a mixture of regular instruction 1344
data, alongside roleplay and fictional 1345
stories, with synthetically generated 1346
instructions. Metharme 1.3B utilizes a 1347
unique prompting system with three role 1348
tokens: `<|system|>`, `<|user|>`, and 1349
`<|model|>`. The `<|system|>` token can 1350
provide background information, 1351
`<|user|>` indicates user input, and 1352
`<|model|>` signifies the model's 1353
generated response. These tokens can be 1354
chained to create conversation history. 1355
The model is suitable for entertainment 1356
purposes, particularly in fictional 1357
writing, and it is not optimized for 1358
safety or harmlessness. It may produce 1359
offensive or socially unacceptable 1360
content and is not reliable for factual 1361
accuracy. 1362

- tensorblock/bloomz-7b1-mt-GGUF: The model 1363
'bloomz-7b1-mt' is a multilingual 1364
text-generation model based on the 1365
BigScience Bloom architecture. It 1366
supports a wide array of languages 1367
including common ones like English, 1368
Spanish, and Chinese, as well as less 1369
common languages such as Fon, Twi, and 1370
Tsonga. Additionally, it is capable of 1371
understanding and generating code in 1372
several programming languages, 1373
including Python, JavaScript, and C++. 1374
The model is designed to handle various 1375
natural language processing tasks such 1376
as coreference resolution, natural 1377
language inference, and sentence 1378
completion. It uses datasets like 1379
Winogrande, XWinograd, and XNLI, among 1380
others, to evaluate its performance 1381
across different tasks. The model is 1382
distributed under the 1383
bigscience-bloom-rail-1.0 license and 1384
is part of the 'bigscience/xP3mt' 1385
dataset, reflecting its broad 1386
multilingual and multitask focus. Its 1387
applications can range from sentiment 1388
analysis and query suggestion to the 1389
generation of creative content such as 1390
fairy tales and fables. 1391

1392
1393
1394

Please predict whether this model should be 1395
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evaluated on this dataset. Provide your1396
answer as a JSON object with two keys:1397
'prediction' (a boolean, true or false)1398
and 'reason' (a brief explanation of1399
your reasoning).14001401

Listing 3: LLM with graph attribute prediction example
1402

Given a machine learning model named1403
'tasksource/ModernBERT-large-nli' and a1404
dataset named 'stanfordnlp/snli'.1405

1406
More information about this model:1407

ModernBERT is a multi-task fine-tuned1408
model specifically designed for natural1409
language inference (NLI) tasks. It has1410
been trained on a diverse set of NLI1411
datasets including MNLI, ANLI, SICK,1412
WANLI, doc-nli, LingNLI, FOLIO,1413
FOL-NLI, LogicNLI, and Label-NLI among1414
others. The training was conducted over1415
200,000 steps using an Nvidia A30 GPU,1416
resulting in a powerful model for1417
reasoning tasks. ModernBERT surpasses1418
the performance of models like llama1419
3.1 8B Instruct in specific tasks such1420
as ANLI and FOLIO. It excels in long1421
context reasoning, sentiment analysis,1422
and zero-shot classification with new1423
labels. The model is versatile,1424
offering significant potential for1425
fine-tuning on single tasks like SST,1426
but it is particularly effective1427
out-of-the-box for zero-shot1428
classification and NLI tasks.1429

1430
More information about this dataset: The1431

Stanford Natural Language Inference1432
(SNLI) corpus is a comprehensive1433
dataset designed to support the task of1434
natural language inference (NLI), also1435
known as recognizing textual entailment1436
(RTE). Version 1.0 of the dataset1437
comprises 570,000 human-written1438
sentence pairs labeled with entailment,1439
contradiction, and neutral. These1440
labels are crucial for training and1441
evaluating models that aim to determine1442
the inference relationship between two1443
short texts. The SNLI dataset is an1444
essential resource for developing1445
systems that can understand and predict1446
semantic relationships in natural1447
language, making it a benchmark for1448
text representation learning1449
methodologies. The dataset was created1450
through crowdsourcing efforts, with1451
premises originating from the Flickr1452
30k and VisualGenome corpora, and1453
hypotheses generated by crowdworkers on1454
Amazon Mechanical Turk. Each sentence1455
pair includes a premise and a1456
hypothesis, and the task is to classify1457
the relationship between them. The1458
dataset provides a balanced1459
classification challenge, offering a1460
rich source of data for training1461
machine learning models in natural1462
language processing applications.1463

1464
1465

tasksource/ModernBERT-large-nli's 1466
performance on other datasets: 1467

- pietrolesci/nli_fever: accuracy: 0.780 1468
(info: The dataset in question is a 1469
modification of the FEVER dataset, 1470
tailored for Natural Language Inference 1471
(NLI) research. Originally, the FEVER 1472
dataset consisted of claims derived 1473
from Wikipedia, each paired with a 1474
label indicating the veracity of the 1475
claim. However, this setup did not 1476
align with standard NLI tasks which 1477
typically involve a pair of sequences 1478
(e.g., premise and hypothesis) mapped 1479
to a label. To bridge this gap and 1480
facilitate NLI research, the creators 1481
of this dataset have reformatted it to 1482
pair claims with textual evidence, thus 1483
converting it into a pair-of-sequences 1484
to label dataset. This transformation 1485
enables the application of NLI models 1486
on the FEVER dataset. The labels are 1487
mapped using predefined categories, 1488
where 'SUPPORTS' is mapped to 1489
entailment, 'NOT ENOUGH INFO' to 1490
neutral, and 'REFUTES' to 1491
contradiction. Additionally, the 1492
dataset includes a 'verifiable' column 1493
encoded to indicate whether a claim can 1494
be verified. Despite these 1495
modifications, the dataset maintains 1496
consistency with the original FEVER 1497
dataset, ensuring reliability and 1498
validity for research purposes.) 1499

- yale-nlp/FOLIO: accuracy: 0.710 (info: 1500
The dataset is designed to provide a 1501
comprehensive collection of data 1502
relevant to the training and evaluation 1503
of machine learning models across 1504
various applications. It comprises a 1505
wide range of data types and 1506
structures, ensuring versatility and 1507
scalability for different research and 1508
development purposes. The dataset is 1509
curated to support both supervised and 1510
unsupervised learning tasks, 1511
facilitating experimentation with 1512
classification, regression, clustering, 1513
and more advanced machine learning 1514
methodologies. Each data entry in the 1515
dataset is meticulously labeled and 1516
documented, providing clear context and 1517
metadata to aid in the effective 1518
utilization of the data. The dataset is 1519
continually updated to incorporate the 1520
latest advancements and feedback from 1521
the user community, ensuring it remains 1522
relevant and useful. It is distributed 1523
under the MIT license, allowing for 1524
broad usage, adaptation, and 1525
distribution, making it an ideal 1526
resource for both academic and 1527
commercial projects. The dataset's 1528
accessibility and comprehensiveness 1529
make it a valuable asset for data 1530
scientists, researchers, and developers 1531
aiming to advance machine learning 1532
capabilities.) 1533
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- rediska0123/puzzte: accuracy: 0.5901534
(info: The dataset is designed to serve1535
as a resource for binary1536
question-answering models. It consists1537
of questions that require a true or1538
false answer. The main features of the1539
dataset include a 'question' field,1540
which contains the text of the question1541
itself, and an 'answer' field, which is1542
a boolean indicating whether the answer1543
is true or false. The dataset is1544
available in a single configuration1545
named 'default' and contains a single1546
split, 'train', which includes 9111547
examples. The total dataset size is1548
242,839 bytes, while the download size1549
is 64,267 bytes.)1550

- causal-nlp/CLadder: accuracy: 0.8901551
(info: The dataset consists of multiple1552
configuration files specifying1553
different data splits. In the provided1554
configurations, there are two main data1555
files: 'full_v1.5_default' and1556
'full_v1'. These files are likely CSV1557
formatted and are stored in the 'data'1558
directory. The 'default' configuration1559
suggests that it might be the primary1560
or recommended setup for working with1561
the dataset. Each configuration is1562
defined under the 'configs' key, with1563
each containing a 'config_name' and1564
associated 'data_files'. The data files1565
are specified with a 'split' name and1566
the corresponding file path. This setup1567
allows users to select different1568
versions or subsets of the data1569
depending on their use case,1570
facilitating experiments with varied1571
data distributions or updated datasets.1572
Such configuration flexibility is1573
crucial for testing machine learning1574
models under different conditions or1575
for ensuring reproducibility in1576
research.)1577

- MoritzLaurer/dataset_train_nli: accuracy:1578
0.950 (info: The dataset comprises1579
multiple features including 'text',1580
'hypothesis', 'labels', 'task_name',1581
and 'label_text'. The 'labels' feature1582
is a class label with two possible1583
values: 'entailment' (0) and1584
'not_entailment' (1). This dataset is1585
primarily used for natural language1586
inference tasks, where the goal is to1587
determine if a given hypothesis is1588
entailed by the premise text. The data1589
is organized into a single1590
configuration named 'default' and1591
focuses on a training split. The1592
training data consists of 1,018,7331593
examples, occupying 315,017,473 bytes.1594
The total download size for the dataset1595
is approximately 206 MB. This1596
structured setup allows for easy1597
implementation of machine learning1598
models aimed at understanding the1599
entailment relationship between pairs1600
of sentences.)1601

- tasksource/ruletaker: accuracy: 0.9901602
(info: The 'ruletaker' dataset is1603

designed to evaluate the ability of 1604
transformer models to perform reasoning 1605
over natural language. This dataset 1606
consists of synthetic data generated to 1607
simulate logical reasoning tasks using 1608
controlled language. The primary 1609
features of the dataset include 1610
'context', 'question', 'label', and 1611
'config', each represented as a string, 1612
which are structured to test the 1613
model's capacity to infer and deduce 1614
truths from given premises. The dataset 1615
is provided in three splits: 'train' 1616
with 480,152 examples, 'dev' with 1617
75,872 examples, and 'test' with 1618
151,911 examples, collectively 1619
requiring a dataset size of 372,450,135 1620
bytes. It is licensed under the 1621
Apache-2.0 license and primarily 1622
intended for English language 1623
processing. The dataset is based on the 1624
work presented in the paper 1625
'Transformers as Soft Reasoners over 1626
Language' by Peter Clark, Oyvind 1627
Tafjord, and Kyle Richardson, which was 1628
presented at the Twenty-Ninth 1629
International Joint Conference on 1630
Artificial Intelligence in 2020.) 1631

- tasksource/babi_nli: accuracy: 0.980 1632
(info: The babi_nli dataset is designed 1633
for natural language inference tasks, 1634
specifically focusing on logical 1635
reasoning capabilities. This dataset 1636
supports various logic-based tasks by 1637
providing pairs of premises and 1638
hypotheses, each labeled as either 1639
'entailed' or 'not-entailed.' The 1640
dataset is monolingual, using English 1641
language text, and is created through a 1642
combination of expert-generated 1643
annotations and crowdsourcing efforts. 1644
It falls under the size category with 1645
examples ranging between 1,000 and 1646
10,000. The dataset offers multiple 1647
configurations, each targeting 1648
different aspects of logical reasoning 1649
such as agents' motivations, 1650
coreference, deduction, induction, and 1651
several others. Each configuration 1652
provides its own train, validation, and 1653
test splits, with varying dataset sizes 1654
and download sizes. The dataset can be 1655
used to evaluate models on their 1656
ability to perform natural language 1657
inference tasks, an essential component 1658
of many modern applications in natural 1659
language processing.) 1660

stanfordnlp/snli's performance with other 1661
models: 1662

- tasksource/ModernBERT-base-nli: accuracy: 1663
0.830 (info: ModernBERT is a multi-task 1664
fine-tuned transformer model 1665
specifically designed for natural 1666
language inference (NLI) tasks. It 1667
incorporates datasets such as MNLI, 1668
ANLI, SICK, WANLI, doc-nli, LingNLI, 1669
FOLIO, FOL-NLI, LogicNLI, and 1670
Label-NLI, among others. The model is 1671
an 'instruct' version, optimized for 1672
tasks requiring reasoning and zero-shot 1673
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classification. ModernBERT's training1674
regime involved 200,000 steps on an1675
Nvidia A30 GPU, enhancing its1676
capabilities in long-context reasoning1677
and sentiment analysis. It surpasses1678
other models like llama 3.1 8B Instruct1679
in specific NLI tasks such as ANLI and1680
FOLIO. Though additional performance1681
improvements can be achieved through1682
single-task fine-tuning (e.g., SST),1683
the current version excels in zero-shot1684
classification and natural language1685
inference across various categories1686
including contradiction, entailment,1687
and neutral classification. The model's1688
architecture employs different1689
classification heads on top of the same1690
transformer, making it versatile for1691
multiple applications. Notably,1692
ModernBERT benefits from NLI training1693
data such as the 'label-nli' dataset,1694
specifically designed to enhance1695
zero-shot classification abilities.)1696

1697
Please predict the accuracy that1698

tasksource/ModernBERT-large-nli would1699
achieve on stanfordnlp/snli. Provide1700
your answer as a JSON object with two1701
keys: 'prediction' (a float between 01702
and 1) and 'reason' (a brief1703
explanation of your reasoning).17041705
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