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Abstract001

Training data influence estimation methods002
quantify the contribution of training documents003
to a model’s output, making them a promising004
source of information for example-based expla-005
nations. As humans cannot interpret thousands006
of documents, only a small subset of the train-007
ing data can be presented as an explanation.008
Although the choice of which documents to009
include directly affects explanation quality, pre-010
vious evaluations of such systems have largely011
ignored any selection strategies. To address012
this, we propose a novel selection relevance013
score, a retraining-free metric that quantifies014
how useful a set of examples is for explaining a015
model’s output. We validate this score through016
fine-tuning experiments, confirming that it can017
predict whether a set of examples supports or018
undermines the model’s predictions. Using this019
metric, we further show that common selection020
strategies often underperform random selection.021
Motivated by this finding, we propose a strategy022
that balances influence and representativeness,023
enabling better use of selection budgets than024
naively selecting the highest-ranking examples.025

1 Introduction026

Training data influence estimation methods, such as027

influence functions (Koh and Liang, 2017), estimate028

the contribution of individual training documents to029

a model’s output. These estimates offer a promis-030

ing source of information for creating example-031

based explanations for language models. However,032

training data influence estimates are not directly us-033

able as explanations. Humans cannot meaningfully034

process thousands of documents, nor can retrieval-035

augmented generation systems designed to gen-036

erate natural language explanations. To provide037

explanations of a human-interpretable size, exist-038

ing systems rely on naive selection strategies. For039

example, they may choose the k highest-ranking040

examples from the influence estimate. This is prob-041

lematic for two reasons. First, examples in the042

upper tail of the influence distribution tend to be 043

globally influential outliers. These outliers are not 044

necessarily the most relevant for the test instance 045

(Barshan et al., 2020). Second, the highest-ranking 046

training examples often contain redundant infor- 047

mation (Bhatt et al., 2021). Strictly selecting only 048

the most influential documents can yield diminish- 049

ing returns, as these examples may offer little new 050

information to users. Similarly, when selecting 051

documents as a basis for generating natural lan- 052

guage explanations, choosing outlier or redundant 053

examples can undermine explanation faithfulness.
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Figure 1: Simplified scoring setup. We score example-
based explanations based on how well the test instance’s
loss gradient (left) can be reconstructed (right) as a
linear combination of the selected examples’ gradients.

054

Although example selection directly affects ex- 055

planation quality, existing evaluations focus on the 056

correctness of raw estimates or on testing the use- 057

fulness of the full explanation system with users. 058

This is problematic as it can obscure flaws in the 059

selection logic: a system may appear helpful even 060

if the selected examples are not truly informative. 061

In this paper, we propose an evaluation score that 062

specifically targets the selection logic. For this, 063

we frame example-based explanation as a recon- 064

struction task (Figure 1): specifically, we propose 065

the measure of selection relevance, which quanti- 066

fies how well the gradients of the selected examples 067

reconstruct the gradient of the test instance they 068

are meant to explain. Intuitively, selections truly 069
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relevant to the test instance should yield lower re-070

construction errors than sets of globally influential071

outliers or redundant examples. Notably, this score072

considers the relevance of the selected examples in073

combination. In contrast, existing approaches ei-074

ther assess individual examples in isolation or eval-075

uate groups only in costly retraining-based exper-076

iments. Our setup is task- and estimation-method077

agnostic. It can also be easily adapted to additional078

explanation-specific selection constraints.079

We validate our proposed selection relevance080

score by comparing it to an alternative notion of081

relevance derived from fine-tuning experiments:082

two fine-tuning-based metrics capture how train-083

ing on the selection affects the original prediction.084

As neither notion of relevance provides a definitive085

ground truth, we assess their alignment through cor-086

relation analysis. We further demonstrate the utility087

of our score by evaluating various combinations of088

influence estimation methods and selection strate-089

gies. We show that common selection strategies090

often underperform random baselines and intro-091

duce a new strategy that more effectively leverages092

human-interpretable selection budgets than simply093

choosing the most influential examples. Our main094

contributions are as follows:1095

(1) We propose the selection relevance score, a096

retraining-free selection quality score that eval-097

uates the utility of a set of training documents098

for providing example-based explanations.099

(2) We benchmark 3 influence estimation and 4100

selection strategies, providing insights into101

why naive selection strategies are ineffective if102

paired with popular estimation methods.103

(3) Using our score, we introduce a new strategy104

that better leverages small selection budgets.105

2 Background and Related Work106

Evaluating influence estimates. For influence107

estimates to be a useful source of information for108

explanations, they must accurately represent how109

individual training examples affect the model’s110

behavior during training. Existing work on eval-111

uating the correctness of influence rankings has112

largely followed two approaches: testing how well113

rankings correlate with results from leave-one-out114

(LOO) retraining (Park et al., 2023; Bae et al., 2022;115

Basu et al., 2021; K and Søgaard, 2021; Choe et al.,116

2024), or assessing performance in downstream117

data discovery tasks, such as data pruning (Koh118

1We release our code at anonymous.4open.science/r/ceelm.

and Liang, 2017). However, for our task, assessing 119

correctness is insufficient, we target the selection 120

mechanism, which is difficult to isolate from other 121

components in downstream task evaluations. 122

Evaluating explanations. We observe that ex- 123

isting example-based explanation methods share a 124

common motivation: they assume that an explana- 125

tion can only faithfully represent model behavior 126

if the selected examples are sufficiently relevant 127

to the output being explained. For example, some 128

approaches define relevance in terms of embedding 129

similarity between the test instance and explanation 130

elements (e.g., Zhang et al., 2021; Nematov et al., 131

2024b), or by checking if the selected instances 132

share the label of the test instance (Hanawa et al., 133

2021). Still others verify whether training only on 134

the selected instances can reproduce the outputs 135

obtained from training on the full dataset (e.g., Gu 136

et al., 2023), which also requires sufficient rele- 137

vance to test instances. However, these measures 138

either operate in embedding space (while ranking 139

typically occurs in gradient space), rely on class 140

labels (making them unsuitable for text generation 141

tasks), or require retraining (which is intractable for 142

LLMs). Our score avoids all of these limitations. 143

Locally vs. globally influential training data. 144

Barshan et al. (2020) observe that influence func- 145

tions tend to assign high influence to a small, 146

consistent set of training examples across test in- 147

stances, which frequently consists of outliers or 148

mislabeled examples. Similarly, Hammoudeh and 149

Lowd (2022) argue that popular influence estima- 150

tion methods underestimate the influence of highly 151

influential instances because confidently predicted 152

examples have small gradient magnitudes. Addi- 153

tionally, Nematov et al. (2024b) find that examples 154

that consistently rank highly across many test in- 155

stances tend to have high loss. Based on the idea 156

that showing outliers to users does not constitute 157

good example-based explanations (Barshan et al., 158

2020), some works have attempted to adjust for the 159

influence of globally influential examples in new 160

influence estimation methods (Barshan et al., 2020; 161

Nematov et al., 2024a; Hammoudeh and Lowd, 162

2022). However, none explicitly account for the 163

difference between globally and locally relevant 164

examples in their evaluations. In contrast, our work 165

directly evaluates the local relevance of selections. 166

Reducing redundancy within local explanations. 167

Observing that the most influential examples of- 168
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ten form clusters in feature space, both Bhatt et al.169

(2021) and Nematov et al. (2024a) consider exam-170

ple diversity alongside influence. Both utilize ob-171

jectives of the form maxS∈D, |S|=k I(S) +D(S),172

where D quantifies diversity and I measures influ-173

ence. However, this strategy can favor outliers (as174

Bhatt et al. note), which we argue is problematic175

given the behavior discussed above. In this work,176

we instead aim to increase representativeness.177

Prediction-constrained influence. Influence178

functions sometimes poorly predict re-training179

effects for deep models not trained to convergence180

(Bae et al., 2022; Basu et al., 2021; Grosse et al.,181

2023). Bae et al. (2022) partially attribute this182

to the fact that the re-trained model’s parameters183

and predictions are not guaranteed to remain suffi-184

ciently close to those of the original model after185

LOO retraining. They propose an alternative mea-186

sure to LOO-influence, which measures the effect187

of removing examples while penalizing deviations188

from the model’s original predictions.They find189

that influence functions correlate more strongly190

with this prediction-constrained measure than with191

the LOO ground truth, and argue that it is more192

useful in practice than measuring LOO effects193

directly. Prediction-constrained influence appears194

compatible with our task: local explanations195

are meaningful only as long as the model is not196

altered so much that it deviates from the original197

prediction (Ribeiro et al., 2016; Guidotti et al.,198

2018). However, there is no guarantee that this is199

considered during example selection: the set may200

instead support an entirely different decision. We201

therefore also evaluate how our score aligns with202

this alternative view of relevance (Section 3.3).203

3 Methodology204

We study the task of selecting training examples205

for example-based explanation, where we aim to206

explain a model’s prediction (ŷ = fθ(x)) through207

a small set of training examples. The criteria for a208

good example-based explanation are application-209

specific (Barshan et al., 2020). In this paper, we210

focus on explanations that present training exam-211

ples supporting the prediction of interest (e.g., Bar-212

shan et al., 2020; Hanawa et al., 2021; Yeh et al.,213

2018), rather than alternative setups such as select-214

ing counterfactual examples that would change the215

model’s prediction. The training data influence es-216

timation methods we use produce a ranking over217

the entire training dataset (ϕ(f, x, ŷ) ∈ R||D||).218

However, we evaluate selections S of human- 219

interpretable sizes k = {1, 5, 10, 25}. In this sec- 220

tion, we introduce a selection relevance score ξSR. 221

For illustration, we consider a simple selection 222

method s that chooses the k highest-ranked training 223

examples according to some influence estimate. 224

3.1 Evaluation Setup 225

Our score quantifies how relevant the chosen train- 226

ing examples are for explaining the model output 227

ŷ of interest. We specifically consider relevance 228

at the selection level: Given the small selection 229

budget, we argue that the most influential exam- 230

ples from the training data are not necessarily the 231

most useful from the user’s perspective. Providing 232

users with a document that is highly influential but 233

largely redundant with other examples is less likely 234

to improve their understanding of the model. The 235

selection must represent a sufficiently diverse set 236

of training behaviors to adequately explain the out- 237

put. We operationalize this notion of relevance as 238

a gradient reconstruction task: 239

Encoding. Our scoring approach uses model loss 240

gradients, in line with popular influence estimators 241

that also rely exclusively on gradients. We aim to 242

reconstruct the loss gradient of a given test instance, 243

∇L′, using a linear combination, ∇̂L′
= At, where 244

t ∈ Rk denotes a set of learned coefficients to 245

be introduced in Section 3.2, and A is a matrix 246

of gradients of the k selected training examples: 247

A = [∇L1 ∇L2 · · · ∇Lk ], ∇Li ∈ Rd. 248

Selection relevance score. We interpret the re- 249

construction error as a measure of the relevance 250

of the selected examples for a given test instance. 251

Let D = {y(n)}Nn=1 ⊂ Σ∗ be the dataset used 252

in training, drawn from the ground-truth distribu- 253

tion pθ∗ : y(n) ∼ pθ∗ , n = 1, . . . , N. Let Y be 254

a random variable representing training examples 255

uniformly sampled from D. We define a random 256

vector G : Ω → Rd representing gradients of the 257

model’s loss function G = ∇θL(Y, Ŷ ; θ). Each 258

realization G(ω0), ω0 ∈ Ω corresponds to the gra- 259

dient of the loss with respect to the model parame- 260

ters for a single training example. A single G(ω0) 261

can be reconstructed by Ĝ(ω0) = At0. The re- 262

construction error is then defined as D(ω0) ∈ Rd: 263

D(ω0) = G(ω0) − Ĝ(ω0) = G(ω0) − At0. Ex- 264

tending this reconstruction to all realizations of 265

G(ω), ω ∈ Ω, we approximate G(ω), ω ∈ Ω as 266

Ĝ(ω) = Atω, D(ω) = G(ω) − Ĝ(ω). The co- 267

efficients tω are optimized individually for each 268
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G(ω), ω ∈ Ω. We define the selection quality score269

ξSR as the ratio of the expected squared gradient270

norm to expected squared reconstruction error:271

ξSR = Eω [∥G(ω)∥2]
Eω [∥D(ω)∥2] =

Eω [∥G(ω)∥2]
Eω [∥G(ω)−Atω∥2] (1)272

Interpretation. We report this score in decibels273

(10 log10 ξ
SR) throughout to ease visualisation.274

Our score ξSR quantifies how well the chosen train-275

ing examples can reconstruct the gradient of a test276

instance, capturing their informativeness. Values277

below 0 dB (i.e., ξSR < 1 in absolute scale) indi-278

cate worse approximation than the trivial baseline279

||G − 0⃗||, meaning the selected examples fail to280

convey relevant information. Values above 0 dB281

(ξSR > 1) suggest non-redundant information.282

3.2 Scoring Models283

In practice, multiple t can minimize the approxima-284

tion error, among them the least squares solution285

t∗ = (A⊤A)−1A⊤∇L′. However, we impose two286

additional constraints on the solution: First, we287

impose a non-negativity constraint on the coeffi-288

cients t. This ensures the weights are non-negative,289

preventing cancellations between irrelevant exam-290

ples. More generally, we prefer that all examples291

either provide evidence for or evidence against the292

prediction (i.e., all either increase or decrease loss,293

or have a strong or weak effect on θ). Second, by294

enforcing
∑

t = 1, we effectively normalize the295

importance scores across selections. This allows296

users to interpret t as a vector of relative impor-297

tance within the selected set. To account for both298

constraints while preserving an analytical solution,299

we first compute an unconstrained least-squares300

solution, and then project it onto the unit simplex301

to obtain a normalized, non-negative vector. We302

consider alternative constraints in Appendix C.303

3.3 Fine-Tuning-Based Validation Experiment304

As discussed in Section 2, local explanations may305

no longer hold if the model is altered in a way that306

causes it to produce substantially different outputs.307

However, there is no guarantee that this aspect is308

considered during example selection: the selected309

set could inadvertently support a different decision.310

To assess whether selections with high selection311

relevance scores also sufficiently support the orig-312

inal predictions, we report Spearman correlations313

with two fine-tuning-based metrics:314

Prediction support ξ+. For each test instance-,315

model- and estimator pairing, we train for one step316

on the documents in the selection (LR=1e-5; one 317

batch) and measure the impact on the original pre- 318

diction. Specifically, we calculate the likelihood 319

of the originally generated output log p(y|x; ·) for 320

a model that was trained for one additional step 321

on the selected examples S (log p(y|x; θ+S)), and 322

for a model trained on a random subset R of the 323

training data (log p(y|x; θ+R); |R| = |S|). The 324

intuition is that fine-tuning on truly informative 325

examples should increase the likelihood of the orig- 326

inal output more than training on a random set. The 327

following score indicates whether S supports the 328

original output more than a random selection R: 329

ξ+(S) = log p(y | x; θ+S)− log p(y | x; θ+R) (2) 330

Prediction shift ξJSD. Additionally, we measure 331

Jensen-Shannon divergences to capture whether S 332

induces a larger shift in the model’s full predicted 333

distribution p(y | x; ·) than a random subset would: 334

ξJSD(S) =
JSD

(
p(y|x;θ), p(y|x;θ+S)

)
JSD

(
p(y|x;θ), p(y|x;θ+R)

) (3) 335

336

3.4 Experimental Setup 337

We use DataInf (approximates influence functions; 338

Kwon et al., 2024), and LESS (gradient similar- 339

ity; Xia et al., 2024) to obtain influence estimates. 340

Both methods restrict influence estimation to the 341

LoRA layers. Additionally, we include a BM25 342

baseline that retrieves training examples based on 343

their token overlap with the test instance. We dis- 344

cuss parameter choices in detail in Appendix A. 345

Naive selection. Given an influence estimate 346

ϕ(f, x, ŷ) ∈ R||D||, we select k documents accord- 347

ing to the following strategies: lowest influence 348

scores (most helpful: Koh and Liang, 2017), largest 349

influence scores (most harmful), largest absolute 350

scores (most influential), and lowest absolute scores 351

(least influential). Additionally, we report the mean 352

performance of 5 random selections for each k. 353

Coverage-aware selection. To systematically 354

evaluate our scoring method, we implement a se- 355

lection strategy that optimizes for example cover- 356

age. Our goal is to select a more representative, 357

less redundant set of training examples than the 358

naive selection method. We therefore treat selec- 359

tion as a facility location problem (see e.g., Krause 360

and Golovin, 2014). Facility location functions are 361

typically defined as F (S) =
∑

i∈V maxj∈S simij , 362
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Figure 2: Case Study. t-SNE visualizations of the 100 most-influential examples by DataInf in gradient and
embedding spaces (Qwen/Qwen3-Embedding-0.6B: Zhang et al., 2025). Our selections (FL) improve coverage.

where S ⊆ V is the selected subset. The marginal363

gain of adding an element j ∈ V to the current set364

S is ∆(j | S) = F (S ∪ {j})− F (S). We extend365

this formulation to incorporate influence scores:366

∆λ(j | S) = (∆(j|S)+1)λ

c 1−λ
j

, (4)367

where cj is a normalized cost score based on the368

training data influence of element j. Setting λ = 1369

performs a purely coverage-based selection, while370

λ = 0 is identical to the naive selection by influ-371

ence scores. We implement selection via a custom372

optimizer in the apricot library (Schreiber et al.,373

2020): we greedily select the example with the374

highest ∆λ(j | S) among the top-100 examples in375

the naive ranking until the budget is exhausted.376

Diversity-based selection. We reimplement377

DIVINE (Bhatt et al., 2021) as its code is not pub-378

licly available, and remove elements from AIDE379

(Nematov et al., 2024a) that are only applicable to380

classification tasks. See Appendix B for details.381

Datasets and models. We include models from382

three families: Olmo2 (allenai/OLMo-2-0425-383

1B: OLMo et al., 2025), Llama 3.2 (meta-384

llama/Llama-3.2-1B: Dubey et al., 2024), and385

Qwen 2.5 (Qwen/Qwen2.5-0.5B: Yang et al., 2024).386

We fine-tune for one epoch using LoRA (Hu et al.,387

2022) on the full Tülu3 (allenai/tulu-3-sft-olmo-388

2-mixture-0225: Lambert et al., 2025) instruction-389

fine tuning dataset, see Appendix I for hyperpa-390

rameters and benchmark results. For training data391

attribution, we randomly sample 10% (86.6k) of392

the examples as the set to attribute to, and a disjoint393

set of 1,000 test instances to explain.394

4 Results395

We first present a case study to illustrate the be-396

havior of different selection methods. We then397
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Figure 3: Case Study. First 3 documents per selection
(k=5, DataInf, most inf.). Full figure in Appendix G.

benchmark influence estimation methods and se- 398

lection pairings, before finally analyzing our score 399

in a fine-tuning-based validation experiment. 400

4.1 Case Study 401

We present selections for a single test instance de- 402

rived from a DataInf influence estimate for the 403

Olmo2 model. In Figure 2, we plot t-SNE visualiza- 404

tions of the 100 most-influential examples and high- 405

light the selections for a budget of k=5. Color in- 406

dicates influence scores rescaled to selection costs 407

in the range [1,m] using min-max normalization, 408

where higher influence corresponds to lower cost. 409

Facility location-based strategies improve cov- 410

erage over naive selection in both gradient- and 411

embedding spaces. Consistent with the intended 412

behavior of our scoring setup, these strategies also 413
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achieve higher selection relevance ξSR. We addi-414

tionally provide the first three examples for each415

method in text form in Figure 3 (see Appendix416

G for the full selection). The naive selection417

and AIDE include examples with highly similar418

prompts. Only two of these redundant examples419

are included when λ = 0.25, and only one appears420

when λ = {0.5, 0.75}. The purely coverage-based421

selection λ = 1 retains none of the examples se-422

lected by the naive selection. For this particular423

test instance, AIDE produces the same selection424

as the naive strategy. DIVINE appears to priori-425

tize diversity more aggressively than AIDE in our426

setup. Note that both require manual hyperparame-427

ter selection, which makes their behavior difficult428

to interpret on a per-example basis (Appendix B).429
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Figure 4: Improvement over naive selection. Relative
increase over naive selection in per-cent and dB. Green:
our facility location-based selections at different λ.

4.2 Selection Quality Scoring430

Table 1 reports selection quality scores for different431

selection strategies at a fixed budget of k = 10. To432

avoid redundancy, we report only the most and least433

influential strategies for BM25, since BM25 scores434

are strictly positive. At this budget, all selections435

derived from gradient-based influence estimates436

feature an average selection relevance below 0 dB,437

indicating that they fail to provide sufficiently rele-438

vant examples. Only strategies that select the least439

influential examples outperform the baseline ran-440

dom selection. For selections based on BM25 rank-441

ings, only most inf. strategies and AIDE, which 442

select the most influential examples (= highest to- 443

ken overlap for BM25) achieve selection relevance 444

above 0 dB. Random, DIVINE and least influen- 445

tial selections do not. We provide a theoretical 446

perspective on this in Section 5. 447

To assess whether this ranking holds across 448

other selection budgets, we also compute an over- 449

all AUC score by aggregating the results for k= 450

{1, 5, 10, 25}, reported in Appendix F. Rankings 451

differ primarily across facility location settings that 452

use the same selection strategy but different val- 453

ues of λ. Selecting the least influential examples 454

remains the most effective strategy. 455

Improving over naive selection. Figure 4 shows 456

the relative improvements achieved through facility 457

location-based selection compared to naively se- 458

lecting the highest-ranking examples (correspond- 459

ing to λ = 0). We observe a clear improvement 460

for the two gradient-based estimators: our strategy 461

increases selection relevance, on average, for all 462

selection methods except DIVINE at k = 1. 463

For BM25, selection relevance decreases when 464

λ = 1, as expected, since selection is then based 465

purely on coverage in gradient space, whereas it 466

previously relied on token overlap. Gains are small 467

for k = {1, 25} compared to the gradient-based 468

estimators; still, several strategies at k = {5, 10} 469

show substantial improvements. 470

4.3 Fine-Tuning-Based Validation 471

The purpose of this experiment is to examine 472

whether our notion of selection relevance aligns 473

with an alternative notion of relevance derived from 474

fine-tuning behavior. Selection relevance ξSR mea- 475

sures how well a selected set of examples can recon- 476

struct the gradient of a test instance, whereas the 477

fine-tuning–based metrics prediction support ξ+ 478

and prediction shift ξJSD measure whether train- 479

ing on the selection supports the model’s original 480

prediction or causes it to deviate from it. As nei- 481

ther notion constitutes a ground-truth definition of 482

relevance, we evaluate through correlation analysis. 483

Sanity check. To ensure that our fine-tuning pa- 484

rameters are appropriate and that our measure- 485

ments do not merely reflect random noise, we 486

first run an experiment in which S contains only 487

the test instance. We find that, in 98.49% of 488

cases, the log-likelihood of a test instance increases 489

more when fine-tuning on the instance itself than 490

when fine-tuning on a random example. Similarly, 491
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most inf. -22.87 dB
most harmful -22.50 dB
most helpful -21.52 dB
AIDE -20.70 dB
FL most inf. λ = .25 -20.65 dB
FL most harmful λ = .25 -20.34 dB
FL most inf. λ = .5 -20.26 dB
FL most inf. λ = .75 -19.99 dB
FL most harmful λ = .5 -19.94 dB
FL most helpful λ = .25 -19.75 dB
FL most harmful λ = .75 -19.63 dB
FL most inf. λ = 1 -19.54 dB
FL most helpful λ = .5 -19.49 dB
FL most helpful λ = .75 -19.13 dB
FL most harmful λ = 1 -18.91 dB
DIVINE most helpful -18.69 dB
FL most helpful λ = 1 -18.23 dB
DIVINE most inf. -17.31 dB
DIVINE most harmful -17.09 dB
random -2.57 dB
DIVINE least inf. -0.14 dB
least inf. -0.14 dB
FL least inf. λ = .25 -0.13 dB
FL least inf. λ = .5 -0.13 dB
FL least inf. λ = 1 -0.13 dB
FL least inf. λ = .75 -0.13 dB

DataInfEstimator

most inf. -22.28 dB
most helpful -21.81 dB
most harmful -21.79 dB
FL most inf. λ = .25 -20.56 dB
AIDE -20.39 dB
FL most inf. λ = .5 -20.21 dB
FL most harmful λ = .25 -20.16 dB
FL most helpful λ = .25 -20.09 dB
FL most helpful λ = .5 -19.78 dB
FL most inf. λ = .75 -19.64 dB
DIVINE most inf. -19.63 dB
DIVINE most harmful -19.38 dB
FL most harmful λ = .5 -19.30 dB
FL most inf. λ = 1 -19.28 dB
FL most harmful λ = .75 -19.25 dB
FL most helpful λ = .75 -19.22 dB
FL most harmful λ = 1 -19.07 dB
DIVINE most helpful -18.80 dB
FL most helpful λ = 1 -18.42 dB
random -2.57 dB
DIVINE least inf. -0.15 dB
least inf. -0.14 dB
FL least inf. λ = .25 -0.13 dB
FL least inf. λ = .5 -0.13 dB
FL least inf. λ = 1 -0.13 dB
FL least inf. λ = .75 -0.13 dB

LESSEstimator

random -2.57 dB
DIVINE least inf. -2.51 dB
FL least inf. λ = 1 -2.41 dB
FL least inf. λ = .75 -1.57 dB
FL least inf. λ = .5 -1.25 dB
FL least inf. λ = .25 -1.09 dB
least inf. -1.01 dB
FL most inf. λ = 1 15.50 dB
AIDE 22.08 dB
most inf. 22.24 dB
DIVINE most inf. 23.77 dB
FL most inf. λ = .25 29.44 dB
FL most inf. λ = .75 29.99 dB
FL most inf. λ = .5 30.00 dB

BM25Estimator
Label Selection Effect
Most
helpful

Most
negative

Loss likely increases if se-
lection removed.

Most
harmful

Most
positive

Loss likely decreases if
selection removed.

Most
infl.

Large
absolute

Strongest impact on pa-
rameter update.

Least
infl.

Small
absolute

Weakest impact on param-
eter update.

Naive selection logics. See Appendix
E for additional explanation.

Table 1: Results with a selection budget of k = 10. Facility location based selections outperform naive selection
of the most influential-, harmful-, and helpful examples from the gradient-based influence estimates.

in 96.28% of cases, fine-tuning on the instance492

leads to a larger Jensen–Shannon divergence in the493

model’s full predicted distribution p(y | x; ·).
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Figure 5: Fine-tuning based validation. Relationship
between prediction support ξ+ and selection relevance.

494

Correlation analysis. When including data495

points across the full range of selection relevance496

scores, we observe negligible correlation between497

ξSR and prediction support ξ+ (ρ = 0.09). The498

correlation between ξSR and the prediction shift499

score ξJSD is also negligible (ρ = 0.07). However,500

we find that the fine-tuning behavior still aligns501

with expectations when examining the score distri-502

butions more closely: Figure 5 shows that when503

selection relevance is low, validation scores are ef-504

fectively uncorrelated and centered around zero.505

This is to be expected, as fine-tuning on an unre-506

lated selection should not systematically increase 507

or decrease the likelihood of a test instance. Only 508

when the selection is sufficiently relevant (greater 509

than 0 dB) should one expect fine-tuning to have a 510

reliably positive effect. 511

10 7 10 3 101 105
0.00

0.25

0.50

0.75

1.00

ac
c

= 0dB

+

10 7 10 3 101 105

= 0dB

JSD

100
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104

106

Co
un

t
Selection Relevance 

Figure 6: Fine-tuning based validation. Sufficiently
high selection relevance predicts fine-tuning success.

We test whether this heuristic holds using a rule- 512

based estimator: ĝ(S) = 1 if ξSR(S)>0dB
0 otherwise

which 513

predicts if fine-tuning on the selected set S in- 514

creases the likelihood of the original prediction (i.e., 515

if ξ+(S) > 0), based solely on its relevance score 516

ξSR. Figure 6 confirms that selection relevance 517

is indicative of fine-tuning success. Consequently, 518

only selections with high selection relevance can 519

faithfully reflect fine-tuning behavior here. We 520

also perform a correlation analysis restricted to in- 521

stances with ξSR > 0 dB to test whether higher 522

selection relevance is associated with stronger fine- 523

tuning effects. Correlations are then substantially 524

stronger for both scores (ξ+ : 0.58, ξJSD 0.37). 525
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Impact of re-ranking. Finally, facility loca-526

tion–based selection significantly increases correla-527

tion for LESS λ = {0.25, 0.5, 0.75, 1.0}, and sig-528

nificantly decreases it only for the purely coverage-529

based strategy BM25 λ = {1.0}. For all other set-530

tings, the change is insignificant. This is a positive531

outcome. If this strategy had consistently lowered532

correlation, it would suggest that improving selec-533

tion relevance comes at the cost of producing a less534

prediction-constrained selection.535

5 Discussion536

High relevance despite low absolute influence.537

For the selections based on DataInf and LESS es-538

timates, only strategies that select the k least in-539

fluential examples outperform random selection.540

This appears counterintuitive at first, but can be ex-541

plained by considering how influence scores map542

to changes in test loss and model parameters:543

these examples feature the smallest absolute in-544

fluence scores and are assumed to have the weak-545

est impact on θ with respect to the test instance546

in a remove-and-retrain experiment. Relative to547

all other selection strategies, the removal of these548

examples is least likely to cause the model to de-549

viate from its original prediction, making their se-550

lection support and relevance scores higher than551

those of competing strategies (though not necessar-552

ily high in absolute terms). We argue that this is553

desirable for the type of example-based explana-554

tion we consider here (ones that present examples555

that support the test instance), and observe that our556

score aligns with this intuition, ranking the least557

influential selection above the most helpful, fol-558

lowed by most harmful and most influential. This559

strategy is less suitable for counterfactual explana-560

tions, where examples with large absolute influence561

scores are likely more useful. See Appendix E for562

an overview of remove-and-retrain behavior for563

alternative naive selection strategies.564

Influence vs. similarity. The ineffectiveness of565

selecting the most helpful examples (i.e., those566

with the most negative influence scores) illustrates567

that training data influence (as approximated by568

DataInf and LESS) and similarity-based notions569

of relevance (BM25) are not well aligned: while570

the most helpful examples are assumed to support571

the test instance most strongly (their removal in-572

creases test loss and decreases the likelihood of573

the test instance), they are not necessarily also the574

most similar examples to the test instance. This575

is because a reduction in loss can also result from 576

training on contrastive or otherwise dissimilar ex- 577

amples. 578

Selection relevance vs. explanation faithfulness. 579

In this work, we define selection relevance as a 580

property distinct from both explanation faithfulness 581

and the correctness of influence estimates. This dis- 582

tinction is reflected in our validation experiment. 583

Unlike traditional training-based evaluation, which 584

aims to measure the causal impact of adding or re- 585

moving data, our fine-tuning scores capture an alter- 586

native notion of relevance for validating alignment. 587

While this separation enables the two concepts to 588

be evaluated independently, it does not allow us to 589

identify if the low relevance scores for the gradient- 590

based estimators are due to low faithfulness or to 591

other factors. Future work should include dedicated 592

evaluations of explanation faithfulness, ideally at 593

human-interpretable selection budgets, rather than 594

focusing on the correctness of raw estimates. 595

6 Conclusion 596

We introduce a retraining-free score for evaluating 597

example-based explanations derived from training 598

data influence estimates, accounting for the exam- 599

ple selection process rather than focusing solely on 600

the influence estimation step. We find that naively 601

selecting the most influential examples conflicts 602

with the goal of providing examples that support 603

the model’s prediction as explanations, as they are, 604

on average, less relevant to the test instance than 605

a random selection. Additionally, we observe that 606

selections with high selection relevance scores tend 607

to provide stronger support for the model’s outputs 608

in fine-tuning experiments than random selections, 609

suggesting that our score is a useful signal for pre- 610

dicting training dynamics. 611

Addressing findings from prior work that highly 612

influential but irrelevant examples are less informa- 613

tive from a user’s perspective, we propose a novel 614

selection strategy that increases selection relevance 615

and data coverage. Our results demonstrate that the 616

choice of selection strategy can substantially affect 617

the quality of example-based explanations, and that 618

it should therefore be considered alongside the cor- 619

rectness of the influence estimates when designing 620

explanation systems. To this end, we argue that 621

future work should explicitly consider selection 622

relevance, because evaluating faithfulness alone 623

does not ensure that selected examples are also 624

sufficiently informative from a user’s perspective. 625
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Limitations626

In line with prior work, we restrict gradient-based627

estimators to LoRA layers introduced during fine-628

tuning to make influence estimation computation-629

ally feasible for large language models. To reduce630

computational cost, given the large number of se-631

lection parameter combinations and the inclusion632

of a fine-tuning-based evaluation, we restricted our633

experiments to models in the 0.5–1B parameter634

range. Nevertheless, the proposed scoring frame-635

work is general and can be applied to larger model636

gradients given sufficient computational resources.637

As we have pointed out in the paper, selection638

strategies based on gradient-based estimators show639

overall low performance. While we propose a640

method to increase the relevance of their selec-641

tions, investigating the exact cause of this low per-642

formance is beyond the scope of this paper. One643

possible explanation is that the instruction fine-644

tuning data we use may have limited feature redun-645

dancy, and as a result, there may not be enough646

truly influential examples to retrieve. However,647

the strong performance of BM25-based selection648

suggests that relevant examples do exist, at least649

in terms of token overlap with the test instance.650

Nonetheless, we cannot rule out the possibility that651

these examples had little or no effect on the model652

during training, for example, due to saturation ef-653

fects.654

Finally, we would like to re-emphasize that our655

selection relevance score measures the relevance656

of selected training examples, but relevance alone657

does not guarantee explanation faithfulness, as it658

is only a necessary condition. Consequently, this659

score should not be treated as a standalone metric660

for evaluating explanation faithfulness, and com-661

plementary evaluations specifically targeting faith-662

fulness remain essential.663
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where dℓ is the gradient dimension of layer ℓ. As843

we need to store gradients to disk for later re-use by844

our selection relevance score ξSR, we also employ845

the same random projection strategy for DataInf,846

and score BM25-based selections on DataInf gradi-847

ents. Additionally, we normalize gradients before848

computing dot products to reduce the impact of849

gradient magnitude in line with previous work (Xia850

et al., 2024; Hammoudeh and Lowd, 2022; Park851

et al., 2023).852

B Selection by Submodular Optimization853

The baseline selection methods DIVINE and AIDE854

feature hyperparameters, which we select as fol-855

lows:856

DIVINE. Bhatt et al. (2021) propose the follow-857

ing selection objective:858

max
S∈D,|S|=m

I(S) + γR(S),859

where I(S) quantifies importance, and R(S) cap-860

tures diversity of the points in S. We use the strat-861

egy for finding γ recommended by Bhatt et al. that862

maximizes the average pairwise distance between863

examples. Specifically, we consider 20 values of864

γ logarithmically spaced between 10−4 and 105.865

We perform subset selection for each candidate γ866

and compute the average pairwise cosine distance867

among the selected points, choosing the one that868

yields the highest mean pairwise distance for the869

current test instance.870

AIDE. Nematov et al. (2024a) define the follow-871

ing selection objective:872

arg max
S⊆D,|S|=k

∑
z∈S

(α|I(z, zt)|+ βP (z, zt)) + γD(S)873

where I is a point-wise influence measure, P is874

a pairwise proximity measure (cosine-similarity875

in our case), and D measures selection diversity.876

We set α = 0.2, β = 0.8, γ = 0.5 as empirically877

determined by the authors. Note that Nematov et al.878

also incorporate labels into their selection logic,879

which is only applicable to classification tasks.880

C Alternative Constraints881

In addition to the approach for computing t de-882

scribed in Section 3.2, which enforces that the883

coefficients are non-negative and sum to one, we884

also conducted experiments using alternative scor- 885

ing models. The scoring models in Table 2 intro- 886

duce an additional sparsity constraint (MSEPro- 887

jUSimpSparse, MSEProjUSimpSparse), remove 888

the sum-to-one constraint (MSENNLSL2), or find 889

unconstrained least squares solutions. We chose 890

the approach in Section 3.2 for simplicity, as we 891

did not observe substantial differences in the final 892

rankings in preliminary experiments. 893

Table 2: Statistics for coefficient vector t with alterna-
tive scoring models.

linear_coder l1 l2 Prop. non-zero Prop. negative

KLT 0.06 0.05 0.81 0.40
MSE 0.14 3558.67 0.81 0.39
MSENNLSL2 0.23 473.80 0.35 0.00
MSEProjUSimp 1.00 0.34 0.99 0.00
MSEProjUSimpSparse 1.01 0.49 0.59 0.00
MSEProjUSimpSparseSoft 1.00 0.34 1.00 0.00

D Validation Experiment 894

ρ(ξSR, ξ+)ρ(ξSR, ξJSD)
Estimator Model

BM25Estimator
Llama-3.2-1B 0.475212 0.415524
Olmo2-1B 0.527940 0.311160
Qwen2.5-0.5B 0.528606 0.236657

DataInfEstimator
Llama-3.2-1B -0.063321 0.300648
Olmo2-1B -0.424335 0.656108
Qwen2.5-0.5B -0.115234 0.521586

LESSEstimator
Llama-3.2-1B -0.211124 0.264172
Olmo2-1B -0.379308 0.684368
Qwen2.5-0.5B -0.056097 0.490828

Table 3: Validation Experiment. Correlation analysis
for selections with sufficient relevance (ξSR > 0 dB)

ρ(ξSR, ξ+)ρ(ξSR, ξJSD)
Estimator Model

BM25Estimator
Llama-3.2-1B 0.218482 0.289192
Olmo2-1B 0.226630 0.220364
Qwen2.5-0.5B 0.172134 0.151243

DataInfEstimator
Llama-3.2-1B 0.069286 0.024539
Olmo2-1B 0.026482 0.011703
Qwen2.5-0.5B 0.022877 0.046752

LESSEstimator
Llama-3.2-1B 0.074594 0.031241
Olmo2-1B 0.026210 0.023588
Qwen2.5-0.5B 0.029103 0.046321

Table 4: Validation Experiment. Correlation analysis
for all selections
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E Naive Selection Strategies895

Most helpful Most harmful Most influential Least influential
Selection

most negative scores most positive scores largest absolute scores smallest absolute scores
Re-training
dataset

Anticipated ef-
fect

L′ increases if removed L′ decreases if removed Strong impact on θ Weak impact on θ

Nature of the
selected exam-
ples

Examples supporting the test
instance

Noisy examples;
source of bias i.r.t test instance

Unique features or outliers;
points whose removal cannot
be compensated with other ex-
amples

Prototypical and redundant;
other points compensate for
this point’s removal well

Expected aver-
age selection
relevance
score

More relevant than a random
selection:
Training on these examples de-
creases test loss; however, they
are not necessarily the most rel-
evant, as the reduction in loss
can also result from training on
contrastive or otherwise dissim-
ilar examples (see Section 5).

Less relevant than a random
selection:
Training on these examples in-
creases test loss; not necessar-
ily the least relevant, as misla-
beled or noisy examples still
affect the model.

Least relevant:
Likely unique or outlier data
points that represent informa-
tion not present in or not di-
rectly relevant to the test in-
stance. Training on these
makes it likely that the model
will deviate from the original
prediction.

Most relevant:
Examples that are prototypi-
cal or redundant with respect
to the test instance are likely
also representative of training
dynamics, as removing them
causes little deviation from the
model’s original parameters.

Figure 7: Anticipated remove-and-re-train effects under naive selection strategies.

F AUC Aggregate Score896

most inf. -8.87 dB
most harmful -8.33 dB
most helpful -7.46 dB
AIDE -7.04 dB
FL most inf. λ = .25 -6.95 dB
FL most inf. λ = .5 -6.62 dB
FL most harmful λ = .25 -6.55 dB
FL most inf. λ = .75 -6.18 dB
FL most harmful λ = .5 -6.10 dB
FL most helpful λ = .25 -5.90 dB
FL most helpful λ = .5 -5.64 dB
FL most inf. λ = 1 -5.38 dB
FL most helpful λ = .75 -5.23 dB
FL most harmful λ = .75 -4.95 dB
DIVINE most helpful -4.62 dB
FL most harmful λ = 1 -4.26 dB
FL most helpful λ = 1 -4.13 dB
DIVINE most inf. -4.03 dB
DIVINE most harmful -3.34 dB
random 10.95 dB
DIVINE least inf. 13.66 dB
least inf. 13.66 dB
FL least inf. λ = .5 13.67 dB
FL least inf. λ = .75 13.67 dB
FL least inf. λ = 1 13.67 dB
FL least inf. λ = .25 13.67 dB

DataInfEstimator

most inf. -8.28 dB
most harmful -7.80 dB
most helpful -7.67 dB
FL most inf. λ = .25 -6.73 dB
AIDE -6.56 dB
FL most inf. λ = .5 -6.37 dB
FL most harmful λ = .25 -6.32 dB
FL most helpful λ = .25 -6.19 dB
FL most inf. λ = .75 -5.95 dB
FL most helpful λ = .5 -5.88 dB
FL most harmful λ = .5 -5.74 dB
DIVINE most inf. -5.72 dB
FL most harmful λ = .75 -5.54 dB
DIVINE most harmful -5.45 dB
FL most inf. λ = 1 -5.43 dB
FL most helpful λ = .75 -5.38 dB
FL most harmful λ = 1 -4.98 dB
DIVINE most helpful -4.85 dB
FL most helpful λ = 1 -4.29 dB
random 10.95 dB
DIVINE least inf. 13.66 dB
least inf. 13.66 dB
FL least inf. λ = .5 13.67 dB
FL least inf. λ = .75 13.67 dB
FL least inf. λ = 1 13.67 dB
FL least inf. λ = .25 13.67 dB

LESSEstimator

random 10.95 dB
FL least inf. λ = 1 11.37 dB
DIVINE least inf. 11.62 dB
FL least inf. λ = .75 12.42 dB
FL least inf. λ = .5 12.68 dB
FL least inf. λ = .25 12.82 dB
least inf. 12.88 dB
FL most inf. λ = 1 29.03 dB
most inf. 38.16 dB
AIDE 38.20 dB
DIVINE most inf. 40.10 dB
FL most inf. λ = .25 42.36 dB
FL most inf. λ = .75 42.69 dB
FL most inf. λ = .5 42.73 dB

BM25Estimator

Table 5: Aggregate results. auc ξSR k = 1, 5, 10, 25. Per model results in Table 7.
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G Case Study 897

Devise a regex expression using JavaScript that's specifically designed to match the pattern of an email address and fully capture its structure.  User
Here is a regex that should capture most email structures:
const emailRegex = /^([a-zA-Z0-9_.+-])+@(([a-zA-Z0-9-])+.)+([a-zA-Z]{2,})+$/;This pattern will match any string that:- Begins with one or more alphanumeric characters, followed by one or more ofthe following characters: ".", "_", "+", or "-".- Followed by "@" symbol....

Assistant 
Multi-choice question: What isthe sentiment of the followingtweet?...

positive

Math problem: Solve 16874 = 109*w + 13822 for w.What is the solution?
28

Math problem: Solve -q = 14 -147 + 72 for q.What is the solution?
61

Math problem: Solve 10*s - 134*s + 87*s + 1924 = 0 for s.What is the solution?
52

What is the solution to this math problem?Solve -276 = 19*o - 200 for o.
-4

Multi-choice question: What isthe sentiment of the followingtweet?...
positive

Indicate if the following Polish tweet contains cyber-bullying content with 'Yes'; otherwi...
No

You are given a review of Amazon's food products. Your taskis to divide them into two cla...
Positive

Instructions: The input contains a debate topic, an argumenton the topic and a keypoint, s...
False

In this task, you are given acontext and four options. Eachoption is a suggested ending f...
A

Multi-choice question: What isthe sentiment of the followingtweet?...
positive

Math problem: Solve 16874 = 109*w + 13822 for w.What is the solution?
28

Math problem: Solve -q = 14 -147 + 72 for q.What is the solution?
61

Math problem: Solve 10*s - 134*s + 87*s + 1924 = 0 for s.What is the solution?
52

What is the solution to this math problem?Solve -276 = 19*o - 200 for o.
-4

Multi-choice question: What isthe sentiment of the followingtweet?...
positive

Math problem: Solve 16874 = 109*w + 13822 for w.What is the solution?
28

Is there a negative or positive tone to this product review?=== Title: Kindle Version Has...
Negative

Problem: OPTIONS:- No- Yes...
Yes

Math problem: Solve -q = 14 -147 + 72 for q.What is the solution?
61

Multi-choice question: What isthe sentiment of the followingtweet?...
positive

Title: DO NOT BUY!!! Review: The blacklight was broken whenI opened the box and there wer...
Negative

Math problem: Solve 16874 = 109*w + 13822 for w.What is the solution?
28

Problem: OPTIONS:- No- Yes...
Yes

In this task, you are given sentences from movie reviews. The task is to classify a senten...
POS

Title: DO NOT BUY!!! Review: The blacklight was broken whenI opened the box and there wer...
Negative

Multi-choice question: What isthe sentiment of the followingtweet?...
positive

Math problem: Solve 16874 = 109*w + 13822 for w.What is the solution?
28

Problem:OPTIONS:- No- Yes...
No

Detailed Instructions: In thistask, you are given sentencesfrom movie reviews. The task i...
POS

Title: DO NOT BUY!!! Review: The blacklight was broken whenI opened the box and there wer...
Negative

Problem:OPTIONS:- No- Yes...
No

Detailed Instructions: In thistask, you are given sentencesfrom movie reviews. The task i...
POS

Is there a negative or positive tone to this product review?=== Title: sophisticated young...
Positive

In this task, you are given acontext and four options. Eachoption is a suggested ending f...
A

nai
ve 

DIV
INE

AID
E

 =0
.25

 =0
.5

 =0
.75

 =1

Figure 8: Case Study. Full selection for the test instance in Figure 3 (k=5, DataInf, most inf.).

13



H Per-Model Results898

Olmo2-1B most inf. -28.72 dB
Olmo2-1B most harmful -25.82 dB
Olmo2-1B most helpful -24.76 dB
Qwen2.5-0.5B most inf. -24.48 dB
Olmo2-1B FL most inf. λ = .25 -23.64 dB
Qwen2.5-0.5B most harmful -23.62 dB
Qwen2.5-0.5B most helpful -23.56 dB
Olmo2-1B FL most inf. λ = .5 -23.21 dB
Olmo2-1B AIDE -23.12 dB
Olmo2-1B FL most inf. λ = .75 -22.84 dB
Olmo2-1B FL most harmful λ = .25 -22.41 dB
Olmo2-1B FL most inf. λ = 1 -22.22 dB
Olmo2-1B FL most harmful λ = .5 -22.06 dB
Olmo2-1B FL most helpful λ = .25 -22.01 dB
Olmo2-1B FL most helpful λ = .5 -21.81 dB
Olmo2-1B FL most harmful λ = .75 -21.62 dB
Olmo2-1B FL most helpful λ = .75 -21.43 dB
Qwen2.5-0.5B FL most inf. λ = .25 -21.19 dB
Olmo2-1B DIVINE most helpful -21.14 dB
Qwen2.5-0.5B DIVINE most inf. -21.11 dB
Qwen2.5-0.5B DIVINE most helpful -20.87 dB
Qwen2.5-0.5B AIDE -20.73 dB
Qwen2.5-0.5B FL most helpful λ = .25 -20.62 dB
Qwen2.5-0.5B FL most inf. λ = .5 -20.55 dB
Qwen2.5-0.5B FL most harmful λ = .25 -20.54 dB
Qwen2.5-0.5B FL most helpful λ = .5 -20.44 dB
Olmo2-1B FL most harmful λ = 1 -20.32 dB
Qwen2.5-0.5B FL most inf. λ = .75 -20.20 dB
Qwen2.5-0.5B FL most helpful λ = .75 -20.20 dB
Qwen2.5-0.5B DIVINE most harmful -20.11 dB
Qwen2.5-0.5B FL most harmful λ = .5 -20.06 dB
Llama-3.2-1B most harmful -20.04 dB
Olmo2-1B FL most helpful λ = 1 -19.82 dB
Qwen2.5-0.5B FL most harmful λ = .75 -19.80 dB
Qwen2.5-0.5B FL most inf. λ = 1 -19.77 dB
Llama-3.2-1B most inf. -19.76 dB
Qwen2.5-0.5B FL most helpful λ = 1 -19.61 dB
Qwen2.5-0.5B FL most harmful λ = 1 -19.19 dB
Llama-3.2-1B AIDE -19.14 dB
Llama-3.2-1B FL most harmful λ = .25 -18.81 dB
Llama-3.2-1B most helpful -18.73 dB
Llama-3.2-1B FL most inf. λ = .25 -18.58 dB
Llama-3.2-1B FL most harmful λ = .5 -18.45 dB
Llama-3.2-1B FL most inf. λ = .5 -18.34 dB
Llama-3.2-1B FL most harmful λ = .75 -18.14 dB
Llama-3.2-1B FL most inf. λ = .75 -18.14 dB
Llama-3.2-1B FL most inf. λ = 1 -17.74 dB
Llama-3.2-1B FL most helpful λ = .25 -17.74 dB
Llama-3.2-1B FL most harmful λ = 1 -17.64 dB
Llama-3.2-1B FL most helpful λ = .5 -17.41 dB
Llama-3.2-1B DIVINE most harmful -17.36 dB
Llama-3.2-1B DIVINE most inf. -17.06 dB
Llama-3.2-1B FL most helpful λ = .75 -17.01 dB
Llama-3.2-1B FL most helpful λ = 1 -16.25 dB
Llama-3.2-1B DIVINE most helpful -16.08 dB
Olmo2-1B DIVINE most inf. -15.48 dB
Olmo2-1B DIVINE most harmful -15.15 dB
Qwen2.5-0.5B random -2.99 dB
Llama-3.2-1B random -2.39 dB
Olmo2-1B random -2.37 dB
Olmo2-1B least inf. -0.19 dB
Olmo2-1B DIVINE least inf. -0.19 dB
Olmo2-1B FL least inf. λ = .5 -0.18 dB
Olmo2-1B FL least inf. λ = 1 -0.18 dB
Olmo2-1B FL least inf. λ = .25 -0.18 dB
Olmo2-1B FL least inf. λ = .75 -0.18 dB
Qwen2.5-0.5B DIVINE least inf. -0.15 dB
Qwen2.5-0.5B least inf. -0.14 dB
Qwen2.5-0.5B FL least inf. λ = .5 -0.13 dB
Qwen2.5-0.5B FL least inf. λ = .25 -0.13 dB
Qwen2.5-0.5B FL least inf. λ = .75 -0.13 dB
Qwen2.5-0.5B FL least inf. λ = 1 -0.13 dB
Llama-3.2-1B DIVINE least inf. -0.10 dB
Llama-3.2-1B least inf. -0.10 dB
Llama-3.2-1B FL least inf. λ = 1 -0.08 dB
Llama-3.2-1B FL least inf. λ = .5 -0.08 dB
Llama-3.2-1B FL least inf. λ = .75 -0.08 dB
Llama-3.2-1B FL least inf. λ = .25 -0.08 dB

DataInfEstimator

Olmo2-1B most inf. -25.95 dB
Olmo2-1B most harmful -24.99 dB
Olmo2-1B most helpful -24.08 dB
Qwen2.5-0.5B most inf. -23.91 dB
Qwen2.5-0.5B most helpful -23.53 dB
Qwen2.5-0.5B most harmful -22.82 dB
Olmo2-1B FL most inf. λ = .25 -22.70 dB
Olmo2-1B FL most inf. λ = .5 -22.61 dB
Olmo2-1B FL most inf. λ = .75 -22.39 dB
Olmo2-1B AIDE -22.37 dB
Olmo2-1B DIVINE most inf. -22.24 dB
Olmo2-1B FL most harmful λ = .25 -22.08 dB
Olmo2-1B FL most inf. λ = 1 -21.91 dB
Olmo2-1B FL most harmful λ = .5 -21.85 dB
Olmo2-1B DIVINE most harmful -21.65 dB
Olmo2-1B FL most helpful λ = .25 -21.62 dB
Olmo2-1B FL most harmful λ = .75 -21.56 dB
Qwen2.5-0.5B FL most inf. λ = .25 -21.54 dB
Olmo2-1B FL most helpful λ = .5 -21.29 dB
Qwen2.5-0.5B FL most inf. λ = .5 -21.29 dB
Qwen2.5-0.5B AIDE -21.21 dB
Qwen2.5-0.5B FL most helpful λ = .25 -21.18 dB
Qwen2.5-0.5B DIVINE most inf. -21.00 dB
Qwen2.5-0.5B FL most helpful λ = .5 -20.85 dB
Olmo2-1B FL most helpful λ = .75 -20.83 dB
Qwen2.5-0.5B FL most harmful λ = .25 -20.83 dB
Olmo2-1B FL most harmful λ = 1 -20.60 dB
Olmo2-1B DIVINE most helpful -20.39 dB
Qwen2.5-0.5B DIVINE most harmful -20.38 dB
Qwen2.5-0.5B DIVINE most helpful -20.18 dB
Olmo2-1B FL most helpful λ = 1 -20.05 dB
Qwen2.5-0.5B FL most helpful λ = .75 -19.97 dB
Llama-3.2-1B most inf. -19.53 dB
Llama-3.2-1B most helpful -19.42 dB
Llama-3.2-1B most harmful -19.41 dB
Qwen2.5-0.5B FL most inf. λ = .75 -19.34 dB
Qwen2.5-0.5B FL most harmful λ = 1 -19.29 dB
Qwen2.5-0.5B FL most helpful λ = 1 -19.27 dB
Qwen2.5-0.5B FL most inf. λ = 1 -19.05 dB
Qwen2.5-0.5B FL most harmful λ = .5 -19.02 dB
Qwen2.5-0.5B FL most harmful λ = .75 -18.90 dB
Llama-3.2-1B FL most inf. λ = .25 -18.55 dB
Llama-3.2-1B AIDE -18.53 dB
Llama-3.2-1B FL most harmful λ = .25 -18.40 dB
Llama-3.2-1B FL most helpful λ = .25 -18.29 dB
Llama-3.2-1B FL most inf. λ = .75 -18.18 dB
Llama-3.2-1B FL most inf. λ = .5 -18.05 dB
Llama-3.2-1B FL most harmful λ = .75 -18.01 dB
Llama-3.2-1B FL most helpful λ = .5 -17.97 dB
Llama-3.2-1B FL most harmful λ = .5 -17.92 dB
Llama-3.2-1B FL most inf. λ = 1 -17.81 dB
Llama-3.2-1B FL most harmful λ = 1 -17.78 dB
Llama-3.2-1B FL most helpful λ = .75 -17.55 dB
Llama-3.2-1B DIVINE most harmful -17.31 dB
Llama-3.2-1B DIVINE most inf. -17.26 dB
Llama-3.2-1B DIVINE most helpful -16.82 dB
Llama-3.2-1B FL most helpful λ = 1 -16.68 dB
Qwen2.5-0.5B random -2.99 dB
Llama-3.2-1B random -2.39 dB
Olmo2-1B random -2.37 dB
Olmo2-1B least inf. -0.19 dB
Olmo2-1B DIVINE least inf. -0.19 dB
Olmo2-1B FL least inf. λ = .25 -0.18 dB
Olmo2-1B FL least inf. λ = .75 -0.18 dB
Olmo2-1B FL least inf. λ = 1 -0.18 dB
Olmo2-1B FL least inf. λ = .5 -0.18 dB
Qwen2.5-0.5B DIVINE least inf. -0.14 dB
Qwen2.5-0.5B least inf. -0.14 dB
Qwen2.5-0.5B FL least inf. λ = .75 -0.13 dB
Qwen2.5-0.5B FL least inf. λ = 1 -0.13 dB
Qwen2.5-0.5B FL least inf. λ = .25 -0.13 dB
Qwen2.5-0.5B FL least inf. λ = .5 -0.13 dB
Llama-3.2-1B DIVINE least inf. -0.10 dB
Llama-3.2-1B least inf. -0.10 dB
Llama-3.2-1B FL least inf. λ = .5 -0.09 dB
Llama-3.2-1B FL least inf. λ = 1 -0.09 dB
Llama-3.2-1B FL least inf. λ = .75 -0.09 dB
Llama-3.2-1B FL least inf. λ = .25 -0.09 dB
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Qwen2.5-0.5B FL least inf. λ = 1 -3.50 dB
Qwen2.5-0.5B DIVINE least inf. -3.06 dB
Qwen2.5-0.5B random -2.99 dB
Llama-3.2-1B random -2.39 dB
Olmo2-1B DIVINE least inf. -2.38 dB
Olmo2-1B random -2.37 dB
Olmo2-1B FL least inf. λ = 1 -2.32 dB
Llama-3.2-1B DIVINE least inf. -2.14 dB
Qwen2.5-0.5B FL least inf. λ = .75 -1.96 dB
Olmo2-1B FL least inf. λ = .75 -1.76 dB
Llama-3.2-1B FL least inf. λ = 1 -1.61 dB
Qwen2.5-0.5B FL least inf. λ = .5 -1.58 dB
Qwen2.5-0.5B FL least inf. λ = .25 -1.47 dB
Olmo2-1B FL least inf. λ = .5 -1.44 dB
Qwen2.5-0.5B least inf. -1.43 dB
Olmo2-1B FL least inf. λ = .25 -1.25 dB
Olmo2-1B least inf. -1.13 dB
Llama-3.2-1B FL least inf. λ = .75 -1.03 dB
Llama-3.2-1B FL least inf. λ = .5 -0.79 dB
Llama-3.2-1B FL least inf. λ = .25 -0.60 dB
Llama-3.2-1B least inf. -0.52 dB
Olmo2-1B FL most inf. λ = 1 12.78 dB
Qwen2.5-0.5B FL most inf. λ = 1 15.65 dB
Llama-3.2-1B FL most inf. λ = 1 17.05 dB
Olmo2-1B DIVINE most inf. 20.23 dB
Olmo2-1B FL most inf. λ = .5 21.46 dB
Olmo2-1B FL most inf. λ = .25 21.46 dB
Qwen2.5-0.5B AIDE 21.62 dB
Olmo2-1B FL most inf. λ = .75 21.65 dB
Qwen2.5-0.5B most inf. 21.69 dB
Olmo2-1B AIDE 21.86 dB
Olmo2-1B most inf. 21.91 dB
Llama-3.2-1B FL most inf. λ = .75 22.01 dB
Llama-3.2-1B FL most inf. λ = .5 22.42 dB
Llama-3.2-1B DIVINE most inf. 22.50 dB
Llama-3.2-1B AIDE 22.68 dB
Llama-3.2-1B FL most inf. λ = .25 22.87 dB
Llama-3.2-1B most inf. 22.99 dB
Qwen2.5-0.5B DIVINE most inf. 26.35 dB
Qwen2.5-0.5B FL most inf. λ = .25 33.63 dB
Qwen2.5-0.5B FL most inf. λ = .5 34.30 dB
Qwen2.5-0.5B FL most inf. λ = .75 34.30 dB
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Table 6: Per-model results. ξSR k = 10.
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Olmo2-1B most inf. -14.13 dB
Olmo2-1B most harmful -11.32 dB
Olmo2-1B most helpful -10.57 dB
Qwen2.5-0.5B most inf. -10.48 dB
Olmo2-1B AIDE -9.87 dB
Qwen2.5-0.5B most helpful -9.42 dB
Qwen2.5-0.5B most harmful -9.40 dB
Olmo2-1B FL most inf. λ = .25 -8.92 dB
Olmo2-1B FL most inf. λ = .5 -8.54 dB
Qwen2.5-0.5B FL most inf. λ = .25 -7.97 dB
Olmo2-1B FL most harmful λ = .25 -7.76 dB
Olmo2-1B FL most inf. λ = .75 -7.76 dB
Qwen2.5-0.5B AIDE -7.48 dB
Qwen2.5-0.5B FL most inf. λ = .5 -7.46 dB
Olmo2-1B FL most helpful λ = .25 -7.46 dB
Olmo2-1B FL most harmful λ = .5 -7.41 dB
Qwen2.5-0.5B FL most helpful λ = .25 -7.28 dB
Qwen2.5-0.5B DIVINE most inf. -7.24 dB
Qwen2.5-0.5B FL most harmful λ = .25 -7.22 dB
Olmo2-1B FL most helpful λ = .5 -7.21 dB
Qwen2.5-0.5B FL most helpful λ = .5 -7.03 dB
Qwen2.5-0.5B FL most inf. λ = .75 -7.02 dB
Olmo2-1B FL most helpful λ = .75 -6.81 dB
Olmo2-1B DIVINE most helpful -6.73 dB
Qwen2.5-0.5B DIVINE most helpful -6.66 dB
Qwen2.5-0.5B FL most helpful λ = .75 -6.65 dB
Qwen2.5-0.5B FL most harmful λ = .5 -6.57 dB
Qwen2.5-0.5B FL most inf. λ = 1 -6.39 dB
Olmo2-1B FL most inf. λ = 1 -6.37 dB
Qwen2.5-0.5B FL most harmful λ = .75 -6.20 dB
Qwen2.5-0.5B DIVINE most harmful -6.10 dB
Llama-3.2-1B most harmful -5.98 dB
Llama-3.2-1B most inf. -5.84 dB
Qwen2.5-0.5B FL most helpful λ = 1 -5.79 dB
Qwen2.5-0.5B FL most harmful λ = 1 -5.55 dB
Olmo2-1B FL most helpful λ = 1 -5.37 dB
Llama-3.2-1B FL most harmful λ = .25 -5.12 dB
Llama-3.2-1B AIDE -5.06 dB
Llama-3.2-1B FL most inf. λ = .25 -4.99 dB
Llama-3.2-1B FL most inf. λ = .5 -4.76 dB
Llama-3.2-1B FL most harmful λ = .5 -4.76 dB
Llama-3.2-1B most helpful -4.74 dB
Llama-3.2-1B FL most inf. λ = .75 -4.48 dB
Olmo2-1B FL most harmful λ = .75 -4.47 dB
Llama-3.2-1B FL most harmful λ = .75 -4.41 dB
Llama-3.2-1B FL most helpful λ = .25 -3.93 dB
Llama-3.2-1B FL most inf. λ = 1 -3.88 dB
Llama-3.2-1B FL most harmful λ = 1 -3.77 dB
Olmo2-1B FL most harmful λ = 1 -3.69 dB
Llama-3.2-1B FL most helpful λ = .5 -3.66 dB
Llama-3.2-1B DIVINE most harmful -3.58 dB
Llama-3.2-1B DIVINE most inf. -3.35 dB
Llama-3.2-1B FL most helpful λ = .75 -3.23 dB
Olmo2-1B DIVINE most inf. -2.71 dB
Llama-3.2-1B FL most helpful λ = 1 -2.18 dB
Llama-3.2-1B DIVINE most helpful -2.16 dB
Olmo2-1B DIVINE most harmful -1.50 dB
Qwen2.5-0.5B random 10.61 dB
Llama-3.2-1B random 11.09 dB
Olmo2-1B random 11.12 dB
Olmo2-1B least inf. 13.61 dB
Olmo2-1B DIVINE least inf. 13.61 dB
Olmo2-1B FL least inf. λ = .75 13.63 dB
Olmo2-1B FL least inf. λ = .5 13.63 dB
Olmo2-1B FL least inf. λ = 1 13.63 dB
Olmo2-1B FL least inf. λ = .25 13.63 dB
Qwen2.5-0.5B DIVINE least inf. 13.66 dB
Qwen2.5-0.5B least inf. 13.66 dB
Qwen2.5-0.5B FL least inf. λ = .75 13.67 dB
Qwen2.5-0.5B FL least inf. λ = .25 13.67 dB
Qwen2.5-0.5B FL least inf. λ = 1 13.67 dB
Qwen2.5-0.5B FL least inf. λ = .5 13.67 dB
Llama-3.2-1B DIVINE least inf. 13.71 dB
Llama-3.2-1B least inf. 13.71 dB
Llama-3.2-1B FL least inf. λ = 1 13.72 dB
Llama-3.2-1B FL least inf. λ = .75 13.72 dB
Llama-3.2-1B FL least inf. λ = .5 13.72 dB
Llama-3.2-1B FL least inf. λ = .25 13.72 dB
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Olmo2-1B most inf. -11.86 dB
Olmo2-1B most harmful -10.82 dB
Qwen2.5-0.5B most inf. -9.86 dB
Olmo2-1B most helpful -9.78 dB
Qwen2.5-0.5B most helpful -9.33 dB
Olmo2-1B AIDE -8.87 dB
Qwen2.5-0.5B most harmful -8.72 dB
Olmo2-1B FL most inf. λ = .25 -8.23 dB
Olmo2-1B DIVINE most inf. -8.16 dB
Olmo2-1B FL most inf. λ = .5 -8.05 dB
Qwen2.5-0.5B FL most inf. λ = .25 -7.96 dB
Olmo2-1B FL most inf. λ = .75 -7.83 dB
Qwen2.5-0.5B FL most helpful λ = .25 -7.55 dB
Olmo2-1B FL most harmful λ = .25 -7.54 dB
Qwen2.5-0.5B AIDE -7.48 dB
Qwen2.5-0.5B FL most inf. λ = .5 -7.37 dB
Olmo2-1B DIVINE most harmful -7.33 dB
Olmo2-1B FL most harmful λ = .5 -7.30 dB
Qwen2.5-0.5B FL most helpful λ = .5 -7.21 dB
Olmo2-1B FL most inf. λ = 1 -7.21 dB
Qwen2.5-0.5B FL most harmful λ = .25 -7.17 dB
Olmo2-1B FL most helpful λ = .25 -7.12 dB
Qwen2.5-0.5B DIVINE most inf. -7.09 dB
Olmo2-1B FL most harmful λ = .75 -7.06 dB
Olmo2-1B FL most helpful λ = .5 -6.87 dB
Qwen2.5-0.5B FL most helpful λ = .75 -6.62 dB
Olmo2-1B FL most helpful λ = .75 -6.45 dB
Qwen2.5-0.5B DIVINE most harmful -6.38 dB
Olmo2-1B DIVINE most helpful -6.32 dB
Qwen2.5-0.5B DIVINE most helpful -6.23 dB
Qwen2.5-0.5B FL most inf. λ = .75 -6.19 dB
Olmo2-1B FL most harmful λ = 1 -5.97 dB
Qwen2.5-0.5B FL most harmful λ = .5 -5.95 dB
Qwen2.5-0.5B FL most inf. λ = 1 -5.89 dB
Qwen2.5-0.5B FL most harmful λ = .75 -5.58 dB
Llama-3.2-1B most inf. -5.57 dB
Qwen2.5-0.5B FL most helpful λ = 1 -5.54 dB
Llama-3.2-1B most harmful -5.51 dB
Qwen2.5-0.5B FL most harmful λ = 1 -5.46 dB
Olmo2-1B FL most helpful λ = 1 -5.42 dB
Llama-3.2-1B most helpful -5.37 dB
Llama-3.2-1B FL most inf. λ = .25 -4.86 dB
Llama-3.2-1B FL most harmful λ = .25 -4.80 dB
Llama-3.2-1B FL most helpful λ = .25 -4.55 dB
Llama-3.2-1B FL most inf. λ = .5 -4.54 dB
Llama-3.2-1B AIDE -4.52 dB
Llama-3.2-1B FL most inf. λ = .75 -4.47 dB
Llama-3.2-1B FL most harmful λ = .5 -4.44 dB
Llama-3.2-1B FL most harmful λ = .75 -4.38 dB
Llama-3.2-1B FL most helpful λ = .5 -4.22 dB
Llama-3.2-1B FL most inf. λ = 1 -3.87 dB
Llama-3.2-1B FL most harmful λ = 1 -3.81 dB
Llama-3.2-1B FL most helpful λ = .75 -3.72 dB
Llama-3.2-1B DIVINE most harmful -3.57 dB
Llama-3.2-1B DIVINE most inf. -3.41 dB
Llama-3.2-1B DIVINE most helpful -2.92 dB
Llama-3.2-1B FL most helpful λ = 1 -2.59 dB
Qwen2.5-0.5B random 10.61 dB
Llama-3.2-1B random 11.09 dB
Olmo2-1B random 11.12 dB
Olmo2-1B least inf. 13.61 dB
Olmo2-1B DIVINE least inf. 13.61 dB
Olmo2-1B FL least inf. λ = .75 13.63 dB
Olmo2-1B FL least inf. λ = .5 13.63 dB
Olmo2-1B FL least inf. λ = .25 13.63 dB
Olmo2-1B FL least inf. λ = 1 13.63 dB
Qwen2.5-0.5B DIVINE least inf. 13.66 dB
Qwen2.5-0.5B least inf. 13.66 dB
Qwen2.5-0.5B FL least inf. λ = .5 13.67 dB
Qwen2.5-0.5B FL least inf. λ = 1 13.67 dB
Qwen2.5-0.5B FL least inf. λ = .25 13.67 dB
Qwen2.5-0.5B FL least inf. λ = .75 13.67 dB
Llama-3.2-1B DIVINE least inf. 13.70 dB
Llama-3.2-1B least inf. 13.70 dB
Llama-3.2-1B FL least inf. λ = 1 13.71 dB
Llama-3.2-1B FL least inf. λ = .75 13.71 dB
Llama-3.2-1B FL least inf. λ = .5 13.71 dB
Llama-3.2-1B FL least inf. λ = .25 13.71 dB
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Qwen2.5-0.5B FL least inf. λ = 1 10.52 dB
Qwen2.5-0.5B random 10.61 dB
Qwen2.5-0.5B DIVINE least inf. 11.02 dB
Llama-3.2-1B random 11.09 dB
Olmo2-1B random 11.12 dB
Olmo2-1B FL least inf. λ = 1 11.31 dB
Olmo2-1B DIVINE least inf. 11.75 dB
Llama-3.2-1B DIVINE least inf. 12.02 dB
Qwen2.5-0.5B FL least inf. λ = .75 12.06 dB
Llama-3.2-1B FL least inf. λ = 1 12.13 dB
Olmo2-1B FL least inf. λ = .75 12.26 dB
Qwen2.5-0.5B FL least inf. λ = .5 12.41 dB
Olmo2-1B FL least inf. λ = .5 12.52 dB
Qwen2.5-0.5B FL least inf. λ = .25 12.52 dB
Qwen2.5-0.5B least inf. 12.54 dB
Olmo2-1B FL least inf. λ = .25 12.66 dB
Olmo2-1B least inf. 12.74 dB
Llama-3.2-1B FL least inf. λ = .75 12.89 dB
Llama-3.2-1B FL least inf. λ = .5 13.09 dB
Llama-3.2-1B FL least inf. λ = .25 13.24 dB
Llama-3.2-1B least inf. 13.31 dB
Olmo2-1B FL most inf. λ = 1 27.14 dB
Qwen2.5-0.5B FL most inf. λ = 1 28.52 dB
Llama-3.2-1B FL most inf. λ = 1 30.69 dB
Olmo2-1B DIVINE most inf. 33.73 dB
Olmo2-1B FL most inf. λ = .5 34.69 dB
Olmo2-1B FL most inf. λ = .25 34.79 dB
Olmo2-1B FL most inf. λ = .75 34.96 dB
Olmo2-1B most inf. 35.08 dB
Olmo2-1B AIDE 35.38 dB
Llama-3.2-1B FL most inf. λ = .75 37.86 dB
Llama-3.2-1B AIDE 38.03 dB
Llama-3.2-1B FL most inf. λ = .25 38.10 dB
Llama-3.2-1B most inf. 38.11 dB
Llama-3.2-1B FL most inf. λ = .5 38.43 dB
Llama-3.2-1B DIVINE most inf. 39.91 dB
Qwen2.5-0.5B most inf. 39.97 dB
Qwen2.5-0.5B AIDE 40.00 dB
Qwen2.5-0.5B DIVINE most inf. 42.68 dB
Qwen2.5-0.5B FL most inf. λ = .25 46.26 dB
Qwen2.5-0.5B FL most inf. λ = .5 46.66 dB
Qwen2.5-0.5B FL most inf. λ = .75 46.68 dB
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Table 7: Per-model results. auc ξSR k = 1, 5, 10, 25.
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I Model Fine-tuning900

We fine-tune all base models using LoRA for one901

epoch on the full Tülu3 (allenai/tulu-3-sft-olmo-902

2-mixture-0225: Lambert et al., 2025) instruction-903

fine tuning dataset. We report performance on the904

OLMES evaluation suite (Gu et al., 2025) in Table 9.905

Precision bfloat16
Optimizer AdamW (torch fused)
Learning rate 1× 10−4

LR scheduler Linear
Weight decay 0.0
Max grad norm 1.0
LoRA rank (r) 16
LoRA alpha 32
LoRA dropout 0.1
LoRA bias none

Target modules

Qwen & Llama:
q_proj, k_proj,
v_proj, o_proj

Olmo2:
q_proj, c_attn,
v_proj

Trainable params LoRA only
Train batch size / device 4
Gradient accumulation 8
Effective batch size 32
Training epochs 1
Max sequence length 1024
Gradient checkpointing False
Seed 42

Table 8: LoRA fine-tuning hyperparameters

906

Task Avg AGIE
va

l

ARC_C

ARC_E

BBH
Boo

lQ
CSQA

CoQ
A

DROP
GSM

8K

HSwag

JP
RDY

M
M

LU

M
M

LU-P
ro

NatQ
s

OBQA
PIQ

A
SIQ

A
SQuA

D

Triv
iaQ

A

W
ino

G

Fine-tuned Models
Llama-3.2-1B .44 .24 .38 .60 .32 .67 .50 .65 .25 .08 .53 .53 .30 .16 .16 .39 .67 .47 .73 .48 .58
OLMo-2-0425-1B .52 .34 .47 .74 .30 .69 .60 .69 .35 .36 .60 .63 .43 .19 .19 .51 .71 .56 .80 .55 .61
Qwen2.5-0.5B .46 .37 .49 .71 .32 .66 .58 .60 .24 .34 .48 .32 .49 .23 .12 .54 .66 .56 .73 .19 .54
External Models
Llama-3.2-1B-Instruct .51 .35 .49 .73 .37 .64 .63 .67 .29 .35 .54 .51 .46 .25 .20 .54 .71 .57 .79 .47 .59
OLMo-2-0425-1B-SFT .53 .36 .48 .75 .32 .75 .65 .72 .33 .43 .61 .57 .44 .21 .17 .51 .72 .58 .83 .48 .60
Qwen2.5-0.5B-Instruct .44 .38 .49 .71 .31 .68 .60 .41 .25 .30 .49 .33 .48 .23 .09 .54 .67 .56 .74 .09 .53

Table 9: Benchmark results. Performance on the OLMES evaluation suite. Best model in bold. Note that
OLMo-2-0425-1B-SFT is trained for one additional epoch and without LoRA.
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