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Abstract
To reduce the need for human annotations,001
large language models (LLMs) have been pro-002
posed as judges of the quality of other candi-003
date models. The performance of LLM judges004
is typically evaluated by measuring the correla-005
tion with human judgments on generative tasks006
such as summarization or machine translation.007
In contrast, we study LLM judges on mathe-008
matical reasoning tasks. These tasks require009
multi-step reasoning, and the correctness of010
their solutions is verifiable, enabling a more ob-011
jective evaluation. We perform a detailed per-012
formance analysis and find that easy samples013
are easy to judge, and difficult samples are dif-014
ficult to judge. Our analysis uncovers a strong015
correlation between judgment performance and016
the candidate model task performance, indi-017
cating that judges tend to favor higher-quality018
models even if their answer is incorrect. As019
a consequence, we test whether we can pre-020
dict the behavior of LLM judges using simple021
features such as part-of-speech tags and find022
that we can correctly predict 70%-75% of judg-023
ments. We conclude this study by analyzing024
practical use cases, showing that LLM judges025
consistently detect the on-average better model026
but largely fail if we use them to improve task027
performance. 1028

1 Introduction029

The automatic evaluation of machine learning mod-030

els promises to reduce the need for human annota-031

tions. Specifically, the LLM-as-a-judge paradigm032

(Zheng et al., 2023) has gained traction, aiming to033

assess or compare the quality of generated texts034

automatically. This approach is beneficial for035

automated data labeling (Tan et al., 2024), self-036

improvement of LLMs (Wu et al., 2024), and rank-037

ing the capabilities of LLMs, potentially concern-038

ing specific tasks (Zheng et al., 2023). Much like039

judges in the real world, who are expected to be ex-040

act, fair, and unbiased (Bangalore Principles, 2002),041

1Code will be made available upon acceptance.

Let x be the original land he had. 3/5x = 12.8, x = 12.8 / 3/5 =
<<12.8/3/5=20.8>>20.8.### 20.8.

Mr. Ruther sold 3/5 of his land and had 12.8 hectares left. How much
land did he have at first?

Question

Mr. Ruther was left with 1 - 3/5 = <<1-3/5=0.4>>0.4 or 2/5 of his
landhis land which is equal to 12.8 hectares. So...###32.

Answer A is correct. In Answer B, the equation is set up incorrectly.
If 12.8 hectares is the amount of land left after selling 3/5 of the
land, then 12.8 hectares represents 2/5 of... {"answer":"A"}

LLM A

LLM B

Judge LLM

CoT text Final answer

Figure 1: In our problem setup two LLMs (A and B),
provide candidate answers for a math problem, and a
judge LLM has to decide which one is correct. All three
use chain-of-thought (CoT) reasoning (Wei et al., 2022).

LLM judges, should be unbiased and logical. Previ- 042

ous works investigate properties and biases of LLM 043

judges on generative tasks such as translation or 044

summarization (Kim et al., 2024b; Liu et al., 2024), 045

typically evaluated using correlation with human 046

annotators, and thus being inherently subjective. 047

In this work, we investigate LLM judges on 048

mathematical reasoning datasets. Such tasks re- 049

quire complex multi-step reasoning and judgments 050

can be analyzed through the lense of verifiable so- 051

lutions, allowing us to investigate the relationship 052

between judge and candidate models in a princi- 053

pled manner. In our setup, LLM Judges are given 054

two answers and they have to classify whether both 055

answers, one of them (which one), or none is cor- 056

rect (see Figure 1. We base our analysis on four 057

large (> 27B parameters) LLMs and four small 058

(< 10B parameters) LLMs on three mathematical 059

reasoning datasets. 060

Our experiments contain a detailed performance 061

examination. We find that the best tested judge is 062

LLama 3.1 70B, reaching 60% to 90% judgment 063
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performance, depending on the dataset. Our results064

confirm the intuition that judgment performance is065

aligned with task difficulty.066

We perform a statistical analysis of judgment067

performance and model quality. We find that the in-068

dividual task performances of judge and candidate069

models are highly indicative features of judgment070

performance, as they explain most of the variance071

in a linear model (as measured by R2). On the072

subset of questions where the candidate models073

give one correct and one incorrect answer, we un-074

cover an intriguing correlation between judge per-075

formance and candidate models’ task performance,076

indicating that LLM judges tend to select incorrect077

answers from better models.078

We hypothesize that judges partially base their079

judgment on linguistic cues rather than solely on080

the reasoning withinin the answers. We follow lit-081

erature analysing machine-generated text (Shaib082

et al., 2024) and find that 70%-75% of the judg-083

ments can be predicted using simple linguistic fea-084

tures, highlighting the systematicity behind the085

judge decisions.086

Lastly, we analyze practical use cases and dis-087

cuss usage recommendations. Our experiments088

suggest that LLM judges reliably detect the model089

of higher task performance but can not reliably im-090

prove task performance. Rather, we find that it is091

more sensible to use the judge model as an answer092

generator, and subsequently take the majority vote093

of all three answers.094

In summary, our contributions are as follows:095

1. We perform an in-depth performance analysis096

of LLM judges on three diverse mathematical097

reasoning tasks.098

2. We identify a correlation between model qual-099

ity, as measured by task performance, and100

judgment performance, indicating that LLM101

judges are biased towards higher-quality mod-102

els.103

3. We are able to predict the LLM judgment with104

70%-75 accuracy using only stylistic patterns,105

e.g. N-grams of POS-tags. This indicates that106

LLMs, to a large degree, judge independently107

of the reasoning.108

4. We find that judges reliably detect the model109

of higher quality but are not able to reliably110

improve task performance.111

2 Related Work 112

2.1 LLM as Judges 113

Using LLMs as judges to evaluate text generated 114

by LLMs, including their own outputs, has recently 115

attracted significant interest because it reduces the 116

need for human annotation (Zheng et al., 2023). 117

Typically, large state-of-the-art models are used as 118

judges. Applications include the automatic assess- 119

ment of language model capabilities and, such as 120

ranking models with respect to their competence 121

on a given task (Zheng et al., 2023), and reinforce- 122

ment learning from AI feedback by automatically 123

generating data for preference optimization (Bai 124

et al., 2022; Wu et al., 2024). 125

Various methods exist to make judgments 126

(Zheng et al., 2023; Liusie et al., 2024). One ap- 127

proach is pairwise selection (Wang et al., 2024b), 128

where two answers are presented, and the model is 129

asked to select the better one. Another approach 130

is pointwise grading (Li et al., 2024), where the 131

model is asked to assign a grade based on a pre- 132

defined scale, and the answer with a better grade 133

is chosen. Judgment prompts may involve refer- 134

ence solutions or not. Another body of research 135

explicitly trains models to act as judges (Kim et al., 136

2024a; Wang et al., 2024b) or closely related, as 137

reward models (Wang et al., 2024c; Li et al., 2024). 138

The effectiveness of LLMs as judges is typically 139

assessed by measuring the correlation or overlap 140

with human judgments (Zheng et al., 2023; Kim 141

et al., 2024b). In contrast, we focus on tasks with 142

a concrete final answer. Finally, we want to stress 143

that several works caution against the use of LLM 144

judges as experts (Bavaresco et al., 2024; Koo et al., 145

2023; Raina et al., 2024; Doddapaneni et al., 2024). 146

2.2 Biases in LLM-as-a-judge 147

Human-annotated data inherently reflects the an- 148

notators’ biases and opinions. These biases can be 149

detrimental or (intentionally) beneficial, depend- 150

ing on the goals of the annotation process (Plank, 151

2022). Similarly, several studies have explored the 152

biases present in LLM judges: 153

One linguistic bias is ordering bias (Zheng et al., 154

2023; Koo et al., 2023; Wang et al., 2024a), where 155

a judge gives a different answer depending on the 156

order in which answers are presented. Panickssery 157

et al. (2024) note that it is possible to interpret po- 158

sition bias as a sign that the model is unsure. There 159

are multiple works (Xu et al., 2024; Panickssery 160

et al., 2024; Liu et al., 2024) that find evidence for 161
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self-bias or self-preference. Koo et al. (2023) pro-162

vide a benchmark for analyzing cognitive biases.163

West et al. (2024) and Oh et al. (2024) explore164

the “Generative AI Paradox” where it is easier for165

LLMs to generate solutions rather than analyzing166

them, unlike humans who often find analysis easier167

than generation.168

In this work, we aim to establish a better un-169

derstanding of underlying patterns that relate judg-170

ments to interpretable factors, such as task perfor-171

mance or stylistic patterns.172

3 General Setup173

In the following, we describe the problem setting,174

including the used notation, and the general experi-175

mental setting including used models and datasets.176

3.1 Problem Description177

In this work, we use an LLM judge, referred to as J ,178

to assess answers produced by two other candidate179

LLMs, A and B, in response to math questions (see180

Figure 1 for an illustrative example). The two can-181

didate answers may both be correct, both incorrect,182

or either the answer of model A or B correct. The183

judge’s task is to determine which of these cases184

applies by reviewing both the CoT reasoning and185

the final responses provided in candidate answers.186

Thus, the judge engages in a four-class classi-187

fication task. We denote the judge’s accuracy by188

the score SJ
A,B and call this metric judgment per-189

formance. Further, we define the task performance190

of an individual model X on a specific dataset as191

SX , e.g. SA, SB or SJ .192

3.2 Datasets193

The experiments encompass three mathematical194

reasoning datasets where models highly benefit195

from multi-step CoT reasoning. For all datasets,196

we use accuracy as the performance metric.197

AQUA-RAT (Ling et al., 2017) is a dataset to test198

the quantitative reasoning ability of LLMs. Unlike199

the other two datasets, the questions are multiple-200

choice. GSM8K (Cobbe et al., 2021) consists of201

grade school math word problems. The answers202

are free-form numbers. MATH (Hendrycks et al.,203

2021) contains challenging competition mathemat-204

ics problems. Find more details in Appendix A.1205

3.3 Models206

We evaluate the performance of openly avail-207

able LLMs, including four large models including208

Qwen 2.5 72B (Yang et al., 2024), Llama 3.1 70B 209

(AI@Meta, 2024), Yi 1.5 34B (Young et al., 2024), 210

Mixtral 8x7B (Jiang et al., 2024) and four small 211

models, namely Llama 3 8B (AI@Meta, 2024), 212

Gemma 1.1 7B (Gemma Team et al., 2024), Mistral 213

7B v0.3 (Jiang et al., 2023), and Mistral 7B v0.1 214

(Jiang et al., 2023). We use the chat- or instruction- 215

tuned model variants and test each model as a can- 216

didate answer generator and as a judge. More in- 217

formation is in Appendix A.2. 218

3.4 Text Generation 219

This section describes the generation of candidate 220

answers and judgments. Find more information on 221

prompts and hardware details in Appendix A. 222

Candidate answer generation. For each model 223

we sample two CoT solutions using 4-shot prompt- 224

ing by setting the temperature to 0.9. By generating 225

two answers a1, a2 from the same model, we can 226

also evaluate judgments of two different answers 227

by the same model. 228

Judgements. For all 36 unique model combina- 229

tions (A,B)2, each model as judge J and each 230

sample of a dataset, we generate a zero-shot judg- 231

ment. In the case of self-pairing, i.e., A = B, we 232

use both generated candidate answers, a1 and a2. 233

Otherwise, for consistency, we always use the same 234

sampled candidate answer a1. We accommodate 235

positional bias (Zheng et al., 2023; Koo et al., 2023) 236

by prompting in both possible orders. We obtain 237

the judgment performance by averaging how of- 238

ten the judgments were correctly classified across 239

orderings. 240

4 Performance Analysis 241

The experiments have multiple degrees of freedom, 242

such as judges, candidate models, and datasets. To 243

gain a comprehensive understanding of judges’ be- 244

havior, we consider two perspectives. First, we in- 245

vestigate judge performance for each dataset, aim- 246

ing to associate judge performance with task dif- 247

ficulty. Second, for a fixed dataset, we analyze 248

judge performance across different pairs of candi- 249

date models. 250

4.1 General Performance 251

First, we compare how often the judges make a 252

correct classification across different datasets and 253

2We consider all pairs from the eight LLMs, including
self-pairing, yielding

(
8+2−1

2

)
= 36 combinations.
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Llama 3.1 70B Qwen 2.5 72B Qwen 2.5 14B Gemma 2 27B Qwen 2.5 7B Gemma 2 9B Llama 3.1 8B Gemma 2 2B

(1) SJ
A,B GSM8K 90.05 85.39 89.2 81.96 81.92 83.60 79.96 64.33

AQUA-RAT 74.47 69.26 72.26 68.48 65.09 67.48 66.26 60.97
MATH 61.18 58.03 62.36 55.34 50.70 52.92 50.96 50.35

(2) Same answer GSM8K 95.27 95.46 95.02 92.27 92.86 94.70 88.13 75.50
AQUA-RAT 79.8 77.74 77.19 78.67 77.21 77.94 74.52 76.01
MATH 79.09 77.91 76.86 75.39 73.14 75.65 71.05 77.85

(3) Different Answer GSM8K 70.04 55.67 68.43 47.09 49.93 49.50 51.41 31.71
AQUA-RAT 57.44 48.92 57.64 45.55 40.45 46.31 44.10 30.76
MATH 48.95 45.40 51.47 42.66 36.70 38.86 36.41 32.50

(4) 1-correct GSM8K 78.18 64.08 76.92 52.25 56.19 58.10 59.26 27.78
AQUA-RAT 66.43 57.10 69.22 44.44 47.13 54.43 52.93 24.05
MATH 71.92 70.19 79.62 41.80 57.79 60.97 60.73 22.62

Table 1: Performance of judge LLMs (1) on all samples, (2) on samples where A and B agree, (3) on samples
where A and B disagree and (4) on samples where exactly one given answer is correct. Results are averaged over
all candidate model pairs (A,B). The highest accuracy is bold and the second highest underlined.

different subsets of the datasets.254

Setup. We analyze multiple cases, each corre-255

sponding to a specific subset of the data. Case (1)256

investigates the observed judgment performance257

SJ
A,B on the full dataset and Case (2) analyzes the258

subset where both models give the same answer259

(A = B). Case (3) shows the performance where260

both models give a different answer (A ̸= B) and261

Case (4) describes the performance on the subset262

where exactly one answer is correct. The results are263

shown in Table 1. Further, we show the class con-264

fusion matrix for the four best-performing judges265

in Figure 2.266

Results. In general, we observe in Table 1 that267

larger models outperform smaller models, with268

LLama 3.1 70B performing the best. Interestingly,269

Qwen 2.5 14B outperforms Qwen 2.5 72B. As270

shown in Figure 2, the LLM judges have a per-271

formance of larger than 95% if both answers are272

correct. Conversely, the most challenging situa-273

tion is when both answers are incorrect. It seems274

that the difficulty of a problem also transcends the275

difficulty of making a judgment. This is not neces-276

sarily intuitive. For instance, humans may find it277

easier to detect individual wrong reasoning steps278

and identify wrong answers, respectively.279

In cases where one answer is correct and one280

answer is incorrect, we observe a moderate perfor-281

mance of the judges, reaching up to 80% accuracy282

(see Case (4) in Table 1 and Figure 2).283

In Case (3) where both answers disagree, we284

observe moderate performance for large models of285

up to 70%. Here, the smallest model Gemma 2286

2B, has a low performance of around 35%. In what287

follows, we mostly focus on the analysis of the four288

largest LLMs as judges.289

(a) Qwen2.5 72B (b) Qwen 2.5 14B

(c) Llama 3.1 70B (d) Gemma 2 27B

Figure 2: Class confusion matrices per model. We
observe that it is difficult for judges to detect that both
answers are incorrect.

4.2 Performance per model combination 290

Each model has unique strengths and weaknesses 291

and often answers different questions correctly. In 292

this section, we analyze the judgment performance 293

per model pair to gain a better understanding of 294

the impact of candidate model combinations on 295

judgment performance. 296

Setup. Figure 3 illustrates the judgement perfor- 297

mance SJ
A,B across model pairs (A,B), indicating 298

the probability of a correct judgement. The results 299

are averaged over datasets and presented as an up- 300

per triangular matrix due to symmetry (we always 301

present the answers in both possible orders and 302

average performance). We report the performance 303

of all models used as judges in the Appendix B in 304

Table 9. 305
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(a) LLama 3.1 70B (b) Qwen 2.5 72B

(c) Qwen 2.5 14B (d) Gemma 2 27B

Figure 3: Judgment Performance SJ
A,B of LLM judges

on model pairs, averaged across datasets.

Results. The highest performance is achieved306

when two answers of Qwen 2.5 72B are compared307

which is the highest performing model (see task308

performance in Appendix B.1) In general, we ob-309

serve that it is easier for the judge to make a correct310

judgment if candidate models are of higher quality.311

This seems intuitive because such models likely312

structure and present their reasoning well, allowing313

a judge to compare solutions more easily. Figure314

2 gives an additional explanation. It shows that315

judges very reliably detect whether both answers316

are correct. When both models are capable, it is317

more likely that both give a correct answer, which318

makes it easier for LLM judges to classify cor-319

rectly.320

Interestingly, the judgment performances of321

Qwen 2.5 72B, Qwen 2.5 14B, and LLama 3.1322

70B are very similar across pairs. The former pos-323

sibly agree on a lot because of the similarity of324

training data and knowledge distillation (Hinton325

et al., 2014). The largest performance difference326

is that LLama 3.1 70B performs 10% better when327

Qwen 2.5 72B and Gemma 2 2B are compared.328

These results show that there is a relationship329

between the task performance of a candidate model330

and judgment performance. The following section331

will provide further analysis.332

5 Population-level Analysis: Judgements333

and Model Quality334

In this section, we investigate the relationship be-335

tween LLM judgments and candidate LLM quality.336

Llama 3.1 70B Qwen 2.5 72B Qwen 2.5 14B Gemma 2 27B

R2 0.89 0.87 0.85 0.93
(p-value) (0.0) (0.0) (0.0) (0.0)

Table 2: R2 values for the regression models per judge
(first row) and corresponding p-values of the Overall
F-Test (second row). All R2 values are statistically
significant on the 5% level.

First, we provide a statistical analysis where we use 337

LLM task performance to explain the variance in 338

LLM judgment performance. Further, we focus on 339

the subsets where the candidate models make ex- 340

actly one correct and one incorrect prediction. We 341

observe a strong statistical relationship between 342

the difference in candidate task performances and 343

judgment performances. 344

5.1 Can we explain Judgement Performance 345

using Task Performance? 346

A good indicator of the competence of a model on 347

a specific dataset is its task performance. Clearly, 348

there is a relationship between the quality of the in- 349

volved models and the made judgments. We inves- 350

tigate the relationship between task performances 351

(of candidate and judge models) and judgment per- 352

formance. 353

Setup. We fit multiple different linear regression 354

models using the judgment performances as the tar- 355

get variables Y , including all variations of judges, 356

model pairs (A,B), and datasets D. Regarding 357

the covariates X in the model, we solely use the 358

task performances SX , X ∈ {J,A,B} of judge 359

and candidate models, to predict judgment perfor- 360

mance. Since we are not specifically interested in 361

the individual features’ effects, but rather in their 362

ability to explain the variation of judgment perfor- 363

mance, we rely on the coefficient of determination, 364

R2, for evaluation (Fahrmeir et al., 2013, see Ap- 365

pendix D). 366

Results. The results are shown in Table 2 (exclud- 367

ing data sets from the probability formulas for sim- 368

plicity). We observe that the performance-related 369

features of the models can explain the variation in 370

the judgment performance (all R2 values greater 371

or equal than 0.85), very well. Logically, SA and 372

SB , have significant3 explanatory power for judg- 373

ment performance, as they encompass all correct 374

answers. 375

3We test statistical significance using an Overall-F-Test for
each fitted model. Further details are in Appendix D.
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5.2 Are LLM judges biased towards LLMs of376

higher quality?377

To get a better understanding of whether there is a378

bias of LLM judges towards LLMs of higher qual-379

ity, we investigate the subset where one candidate380

answer is correct and the other candidate answer is381

incorrect. This subset is of the highest practical rel-382

evance. The goal is to investigate the relationship383

between the task performances of the candidate384

models and the judge’s performance.385

Setup. For all model pairs (A,B), A ̸= B we an-386

alyze subsets where A’s solutions are correct, and387

B’s solutions are incorrect, and call it 1-correct.388

Note that we can always order A and B this way.389

Each plot in Figure 4 shows the relationship be-390

tween judge performance on the 1-correct subset391

(Y-axis) and candidate model performance gap of392

A and B, i.e., SA − SB (X-axis). The color of393

the points indicate the size of the particular subset394

of samples. Examples of these subsets and their395

corresponding performances are in Appendix C.1.396

Results. The analysis reveals a strong correla-397

tion (Pearson’s r2 > 0.78) between judgement per-398

formance and candidate model performance gap.399

For the rest of this section, we call the model of400

higher performance on a dataset the more compe-401

tent model. I.e., if the performance gap is larger402

than 0, the model giving the correct answer (A) is403

the more competent model. If the correct model404

is the more competent model, the judgment perfor-405

mance on the subset is higher, e.g., for LLama 3.1406

70B, sometimes approaching 100%. If the perfor-407

mance gap is more positive, it is easier to choose408

the correct answer. On the other hand, if the less409

competent model gives the correct answer, judg-410

ment performance is low, often lower than 20%.411

We infer that LLM judges are biased towards412

models of higher task performance. This finding413

aligns with previous research identifying self-bias414

(Xu et al., 2024; Panickssery et al., 2024; Liu et al.,415

2024), as judge LLMs are typically of higher qual-416

ity than the judged models. We hypothesize that417

this bias arises because more competent models418

articulate their responses more convincingly and419

exhibit a specific writing style, thereby misleading420

the judges.421

However, models of higher task performance422

typically answer correctly more often (as indicated423

by the color of the points in Figure 4.424

(a) Llama 3.1 70B (b) Qwen2.5 72B

(c) Qwen 2.5 14B (d) Gemma 2 27B

Figure 4: Judges’ accuracy vs. performance gap be-
tween two candidate models A and B. Each point rep-
resents a subset where A is correct, and B is incorrect.
The color reflects the size of these subsets.

6 Sample-level analysis: Judgments and 425

Stylistic Patterns 426

In Section 5, we found that the quality of a candi- 427

date LLM (as indicated by the task performance) 428

correlates with the made judgment. We hypoth- 429

esize that models of higher quality exhibit a par- 430

ticular style of expressing themselves and judges 431

partially base their judgment on the incorporated 432

textual cues. Motivated by recent work in machine- 433

generated text detection which finds that LLMs of- 434

ten exhibit certain styles (Wu and Aji, 2025) or pat- 435

terns (Shaib et al., 2024), we aim to gain a deeper 436

understanding of whether shallow or even content- 437

independent patterns affect the final judgment. 438

Setup. We separate all judgments each judge 439

made into training and test splits and train two 440

classifiers. The test accuracy is reported in Table 441

3. We use two types of features. First, we use 442

TF-IDF embeddings. Secondly, we use N-Grams 443

of part-of-speech (POS) tags, motivated by Shaib 444

et al. (2024) who show and investigate the distinct 445

occurrence of such in LLM-generated text. Given 446

two candidate answers, we create two independent 447

feature sets and concatenate those. Then a logistic 448

regression and a RandomForest classifier (Breiman, 449

2001) are trained on these concatenated features. 450

Find more information in Appendix E. 451

Results. We observe that the models achieve a 452

performance between approximately 70% and 75%. 453

This indicates that structural information (POS 454
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Features Model Llama 3.1 70B Qwen 2.5 72B Qwen 2.5 14B Gemma 2 27B

POS LR 72.79 69.66 72.33 70.19
RF 71.71 69.77 71.89 69.18

TF-IDF LR 75.75 73.65 75.12 72.27
RF 75.65 71.05 75.79 70.58

Table 3: Accuracy of predicting LLM judges’ decisions
using Logistic Regression (LR) and Random Forest (RF)
classifiers based on N-Grams of either POS tags or TF-
IDF features.

tags) and word choice (TF-IDF) are important fac-455

tors in understanding the patterns behind the be-456

havior of LLM judges. The ground truth judgment457

distribution is shown in Appendix E.458

Nevertheless, these results suggest that decision-459

making is a multi-faceted process. While specific460

shallow cues hold influence, a substantial portion461

of the decision-making process (25%-30%) can462

not be predicted this way and is based on other463

contextual factors which could include reasoning464

or noise.465

7 Usage recommendations466

Lastly, we aim to give some usage recommenda-467

tions. We start by analyzing two applied questions,468

namely, whether LLM judges can identify mod-469

els of higher task performance and whether LLMs470

should be used to improve task performance. In the471

end, we discuss those results, connecting them to472

the overall insights of this paper.473

7.1 Do judges identify better models?474

An essential application of LLM judges is whether475

they can accurately identify which model performs476

better for a given task. This is crucial if we want to477

rank LLMs by their capabilities or if a practitioner478

wants to decide which model to deploy.479

Setup. We evaluate which model a judge per-480

ceives as better by measuring the frequency of how481

often a judge selects the answer of a specific model.482

Formally, let (A,B) be a candidate model pair483

where we assume that A has higher task perfor-484

mance, i.e. SA > SB . If the judge chooses A485

more often, we say a judge correctly determines486

A to be better than B. For this analysis, we de-487

termine the proportion of model pairs (A,B) for488

which the judge chooses A over B for all pairs489

(A,B), SA > SB as shown in Figure 5.490

Results. We observe that all tested large models491

consistently select the more competent model, i.e.,492

the model with higher task performance. Also, the493

Figure 5: Percentage of model pairs (A,B) where a
judge picks a better model A (meaning SA > SB), by
selecting more answers of A than from B.

small models with 7-9B parameters choose the cor- 494

rect model in over 90% of the cases. In general, it 495

seems to be the hardest on the AQUA-RAT dataset. 496

This is also the hardest dataset in Case (4), in Ta- 497

ble 1, where exactly one answer is correct. Note 498

that the bias found in Section 5.2 is not necessarily 499

problematic for this specific use case, because a 500

bias towards the more competent model supports a 501

correct outcome of this experiment. 502

7.2 Do judges elicit task improvement? 503

Another interesting question of practical relevance 504

is whether it makes sense to use LLM judges to 505

improve task performance. One use case is the ap- 506

plication of LLM judges in agentic systems where 507

LLM judges might serve as a dedicated unit in a 508

system. Another use case is the subsequent usage 509

of the answers chosen by the judge for self-training 510

(Yuan et al., 2024). 511

Setup. We separate the analysis into two ques- 512

tions. In Case (1), we evaluate whether the answers 513

chosen by the judge result in a better performance 514

than the individual models. Formally, for all pairs 515

of models (A,B), we plot the difference of perfor- 516

mance of chosen answers, CJ
A,B and maximal sin- 517

gle candidate model performance max{SA, SB} 518

in blue in a bar chart in Figure 6. Secondly, in 519

Case (2), we test whether it makes more sense to 520

use the judge model to generate a candidate answer 521

J and then take the majority vote across all three 522

answers. Therefore we plot the performance dif- 523

ference of CJ
A,B −MV(A,B, J) in orange in a bar 524

chart, where MV(A,B, J) is the performance of 525

the majority vote across all three answers. 526

Results. In general, we observe that the perfor- 527

mance differences are almost following a normal 528
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(a) LLama3.1 70B Full (b) Qwen 2.5 72B Full

(c) Qwen 2.5 14B Full (d) Gemma 2 27B

Figure 6: The Y-axis describes the number of model
pairs A,B where the answers chosen by the judge
achieve a higher task performance than the perfor-
mances of the individual models (blue) or than the ma-
jority vote (MV) of answers of A,B and J as candidate
answer generator (red). The X-axis describes the perfor-
mance difference. A value of, e.g., x = 0.05 means the
answers chosen by the judge result in a 5% (absolute)
performance increase.

distribution. In Case (1), the distribution has a529

mean value (dashed line) slightly larger than 0 for530

LLama 3.1 70B (0.3) and Qwen 2.5 14B (0.9). That531

means that, on average, the answers chosen by the532

judge result in slightly increased performance, e.g.,533

an increase from 40% accuracy to 40.9% accuracy.534

In Case (2), the mean value is never larger than535

0, meaning that the majority vote is more likely536

to be better than the answer chosen by the judge.537

Especially for Qwen 2.5 14B and Qwen 2 72B, it538

is more viable to use the majority voting strategy.539

7.3 Discussion540

Our analysis of LLM judges on mathematical rea-541

soning tasks reveals several insights for practition-542

ers, which we discuss in the following. We separate543

our discussion into the sample level, i.e., the inter-544

pretation of a single prediction, and aggregate level,545

i.e., the interpretation of a set of predictions.546

Sample level. In Table 1, we find that LLM547

judges often achieve a strong judgment perfor-548

mance (SJ
A,B > 80% accuracy) across tasks. While549

this is a solid classification performance, it means550

that the prediction is wrong in 20% of the cases551

which limits practical applicability. In Section 4,552

we observe that LLM judges demonstrate high pre-553

cision when identifying correct answers from both554

models. This might be valuable for filtering sam-555

ples and curating training data or, e.g., self-training. 556

Nevertheless, one has to be careful how to use 557

these because correctly judged samples are biased 558

towards simple samples. In summary, we do not 559

recommend fully relying on individual LLM judg- 560

ments, especially not in high-stakes domains such 561

as legal or health care. 562

Aggregate level. As shown in Figure 5, we find 563

that LLM judges are consistently able to select 564

or rank models by their task performance. This 565

is supported by Section 5.1 where we show that 566

a simple linear model can explain a high share 567

of the variance in judgment performance, given 568

individual task performances, suggesting that the 569

performance difference of two candidate models is 570

linearly linked to the judgment outcome. 571

In summary, our results suggest that LLM judges 572

are more effective and consistent at aggregate-level 573

comparisons than instance-level judgments, for ex- 574

ample when ranking or selecting which LLM is 575

better for a particular task when no ground truth 576

data is available. 577

8 Conclusion 578

We conduct a thorough analysis of LLM judges 579

on mathematical reasoning tasks. We evaluate the 580

judgment performance of eight models of different 581

sizes on three datasets. We find that larger judge 582

models generally outperform smaller judge models 583

and that judges can reliably detect whether both an- 584

swers are correct. Our analysis reveals a strong cor- 585

relation between judgments and task performance, 586

indicating that judges tend to choose models of 587

higher quality even if their answers are incorrect. 588

We hypothesize that LLM judges partially base 589

their decisions on linguistic cues in contrast to the 590

reasoning within the answers. We support this hy- 591

pothesis with our experiments showing that 70% 592

of the judges’ decisions can be predicted using 593

simple linguistic features such as N-grams of part- 594

of-speech tags. Lastly, our analysis finds that LLM 595

judges reliably detect LLMs of higher task perfor- 596

mance but are not reliably useable to improve task 597

performance. Our results show that LLM judges 598

contain biases and suggest that practitioners should 599

not blindly trust LLM judges. We advise practition- 600

ers to carefully decide whether LLM judges should 601

be used in their particular application. 602

With this work, we set the stage for further re- 603

search to investigate how to understand, use, and 604

improve LLM judges. 605
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9 Limitations606

Our analysis is primarily focused on mathematical607

reasoning datasets, which allows us to explore judg-608

ments through the lens of verifiability, i.e., prob-609

lems that have a definitely correct answer. While610

this approach provides valuable insights, it limits611

the generalizability of our findings to other tasks612

or domains. Nevertheless, we want to emphasize613

the importance of the class of verifiable tasks. For614

instance, there is currently a focus on training so-615

called large reasoning models, which demonstrate616

significant progress in solving complex problems617

such as coding or maths. It is a possibility that an618

increased capability of LLMs on verifiable tasks619

fuels scientific progress.620

In our experiments, we focus on testing a sin-621

gle, specific prompt. It is common knowledge that622

LLMs are highly sensitive to variations in prompt623

phrasing, which can substantially influence their624

performance. However, the resources available625

to us do not allow us to meet the computational626

demands necessary to run our experiments with627

multiple prompts. Further, our impression is that it628

is a custom approach to conduct LLM studies using629

single prompts, as they are typically indicative of630

behavior. Therefore we decided to run our anal-631

ysis on full datasets with a single prompt instead632

of using subsets of datasets with variations of the633

prompt with mostly the same content.634
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A Experimental Setup 923

We provide further details on the general setup de- 924

scribed in Section 3. Specifically, we include statis- 925

tics and examples of the datasets, additional infor- 926

mation on the models used, and the exact prompts 927

employed in this study. 928

A.1 Datasets 929

Additional information about the datasets is given 930

in Table 4, which presents an overview of the 931

dataset statistics. Note that for the MATH dataset, 932

we only include the most challenging questions, 933

called levels 4 and 5, in the dataset. Notably, it 934

has ground truth answer sequences that are, on 935

average, almost three times longer than those in 936

other datasets. 937

938
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# questions
Avg. Avg.

# question characters # answer characters

AQUA-RAT 254 239.1 203.1
MATH 1516 216.5 643.9
GSM8K 1319 239.9 292.9

Table 4: An overview of dataset size and text length.

User

You are a reasoning assistant. Always answer exactly
in the same format. Use ’####’ to separate the final
answer (without additional comments) from the
reasoning.

« Few-Shot Question 1 »

Assistant

« Few-Shot Answer 1 »

...

...

User

« Few-Shot Question 4 »

Assistant

« Few-Shot Answer 4 »

User

« Sample Question »

Figure 7: The prompt to solve tasks. Few-shots and
actual questions are filled in within “«” and “»” symbols.

In Table 5, we provide examples of ques-939

tions and their corresponding answers from the940

ground truth. Note that these examples were used941

for few-shot prompting.942

A.2 Models943

We execute all models using the VLLM software944

for LLM serving (Kwon et al., 2023). The weights945

for all models are accessible through Huggingface946

Transformers (Wolf et al., 2020). Table 6 includes947

hyperlinks to each model for easy reference.948

A.3 Prompts949

We used two different prompts within this project.950

In general, we designed the prompts to be minimial,951

by assigning a minimal personality, a quick task952

description, and description of the output format.953

User

Question:
« question »

Answer A:
« answer A »
————–
Answer B:
« answer B »
————–

Compare both answers in detail and decide
whether both answers are correct, both answers are
incorrect or whether answer 1 or answer 2 is correct.

Conclude with a JSON in Markdown format
indicating your choice between "answer_1",
"answer_2", "both_correct" or "both_incorrect":
“‘json
{
"answer": "..."
}
“‘

Figure 8: Judge Prompt. Candidate answers are filled in
within “«” and “»” symbols.

The prompt shown in Figure 7 is used for the candi- 954

date solution generation for all datasets. Examples 955

of the few-shots are in Table 5. The prompt for 956

the judges is given in Figure 8. Note that we run 957

experiments for both orders of the answers of the 958

models A and B. 959

A.4 Infrastructure 960

The experiments were run on NVIDIA A100 and 961

NVIDIA H100. The judgments used in Section 4 962

took around 3 day equivalents on 4 A100 40GB. 963

Using 2 H100 90GB and 4 A100 40 GB it took less 964

than 2 days. 965

B General Performance 966

This section provides additional information re- 967

lated to Section 4. Specifically, we present the task 968

performance of all models across all datasets, as 969

well as the judging performance of all models when 970

used as judges. 971

B.1 Task Performance 972

In various contexts in this work, the task perfor- 973

mance of the individual models is essential. There- 974

fore, we provide the accuracy of all models and all 975

datasets in Table 7. 976
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Question Answer

AQUA-RAT Two friends plan to walk along a 43-km
trail, starting at opposite ends of the trail
at the same time. If Friend P’s rate is
15% faster than Friend Q’s, how many
kilometers will Friend P have walked
when they pass each other? Options:
A)21 B)21.5 C)22 D)22.5 E)23

If Q complete x kilometers, then P com-
pletes 1.15x kilometers. x + 1.15x = 43
2.15x=43 x = 43/2.15 = 20 Then P will
have have walked 1.15*20=23 km. The
answer is E. #### E

GSM8K Natalia sold clips to 48 of her friends
in April, and then she sold half as many
clips in May. How many clips did Na-
talia sell altogether in April and May?

Natalia sold 48/2 = «48/2=24»24 clips
in May. Natalia sold 48+24 =
«48+24=72»72 clips altogether in April
and May. #### 72

MATH Mr. Madoff invests 1000 dollars in a
fund that compounds annually at a con-
stant interest rate. After three years, his
investment has grown to 1225 dollars.
What is the annual interest rate, as a
percentage? (Round your answer to the
nearest integer.)

Let r be the annual interest rate.
Then after three years, Mr. Mad-
off’s investment is 1000 ·

(
1 + r

100

)3,
so 1000 ·

(
1 + r

100

)3
= 1225. Then(

1 + r
100

)3
= 1.225,so [1 + r

100 =
3
√
1.225 = 1.069987 . . . , which means

r = 7 , to the nearest integer. #### 7.0

Table 5: Example of ground truth answers used for few-shot prompting.

Model URL

Llama 3.1 70B https://huggingface.co/meta-llama/Llama-3.1-70B-Instruct
Qwen 2.5 72B https://huggingface.co/Qwen/Qwen2.5-72B-Instruct
Qwen 2.5 14B https://huggingface.co/Qwen/Qwen2.5-14B-Instruct
Gemma 2 27B https://huggingface.co/google/gemma-2-27b-it
Qwen 2.5 7B https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
Gemma 2 9B https://huggingface.co/google/gemma-1.1-9b-it
Llama 3.1 8B https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
Gemma 2 2B https://huggingface.co/google/gemma-1.1-2b-it

Table 6: Used models and corresponding hyperlinks.

GSM8K AQUA-RAT MATH

Llama 3.1 70B 93.25 78.57 47.11
Qwen 2.5 72B 95.07 83.73 73.86
Qwen 2.5 14B 93.48 82.54 64.47
Gemma 2 27B 85.97 67.46 38.80
Qwen 2.5 7B 88.10 75.40 60.31
Gemma 2 9B 80.52 61.51 31.31
Llama 3.1 8B 72.40 61.51 20.69
Gemma 2 2B 37.53 26.98 7.15

Table 7: Task performance of the investigated models.

B.2 Judging performance per model pair 977

We conduct experiments with all eight models serv- 978

ing as judges. We present the performance metrics 979

of all judges across all model pairs in Figure 9. 980

C Examples 981

C.1 Example Subset Performance 982

To better understand the correlation observed in 983

Figure 4, we provide examples of these subsets, 984

which can be seen in Table 8. These examples 985

include the following details: the judge, the com- 986

pared models, the dataset, the performance of the 987

correct model on the dataset (denoted by SA), the 988

performance of the incorrect model on the dataset 989

SB , the judgment performance on the subset (de- 990

noted by SJ
A,B), and the size of the subset. We pro- 991

vide the three subsets with the highest performance, 992

the three subsets with the lowest performance, and 993

three random subsets where Llama 3.1 70B is the 994

judge. 995

D Statistical Methodology 996

We describe the statistical background for the tests 997

applied in Section 6. All predictions and statis- 998

tical tests in Section 6 were performed using the 999

statsmodels library (Seabold and Perktold, 2010). 1000
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Judge model A model B dataset SA SB SJ
A,B No. Samples

Llama 3.1 70B Qwen 2.5 14B Gemma 2 2B MATH 64.50 7.10 94.60 1655
Llama 3.1 70B Qwen 2.5 72B Gemma 2 2B AQUA-RAT 83.70 27.00 94.50 309
Llama 3.1 70B Qwen 2.5 7B Gemma 2 2B MATH 60.30 7.10 94.00 1520
Llama 3.1 70B Qwen 2.5 72B Qwen 2.5 7B AQUA-RAT 83.70 75.40 62.50 64
Llama 3.1 70B Qwen 2.5 7B Qwen 2.5 14B AQUA-RAT 75.40 82.50 42.30 26
Llama 3.1 70B Qwen 2.5 72B Qwen 2.5 72B MATH 73.90 73.90 49.50 206
Llama 3.1 70B Gemma 2 27B Qwen 2.5 14B AQUA-RAT 67.50 82.50 15.00 20
Llama 3.1 70B Gemma 2 2B Qwen 2.5 14B GSM8K 37.50 93.50 15.00 20
Llama 3.1 70B Gemma 2 2B Llama 3.1 70B MATH 7.10 47.10 14.50 62

Table 8: Examples of judgement performances on subsets where model A is correct and model B is incorrect.

(a) LLama 3.1 70B (b) Qwen 2.5 72B

(c) Qwen 2.5 14B (d) Gemma 2 27B

(e) Qwen 2.5 7B (f) Gemma 2 9B

(g) LLama 3.1 8B (h) Gemma 2 2B

Figure 9: Performance SJ
A,B of LLM judges on model

pairs, averaged across datasets.

D.1 Coefficient of Determination 1001

The coefficient of determination, R2, for evaluation 1002

of linear regression models (Fahrmeir et al., 2013) 1003

is defined as follows: 1004

R2 =

∑n
i=1(ŷi − ȳ)2∑n
i=1(yi − ȳ)2

R2 measures the share of the variance in Y ex- 1005

plained by its covariation with the features X in- 1006

cluded in the model by dividing the variation of 1007

the predicted values ŷi by the variation of the true 1008

target values yi. If the features X have high ex- 1009

planatory power for Y , the ŷi will be close to 1010

the yi and R2 will be close to 1, while in the 1011

extreme case of no correlation between X and 1012

Y the arithmetic mean is the best estimate (i.e., 1013

ŷi = ȳ ∀ i = 1, . . . , n) resulting in R2 = 0. 1014

D.2 Overall-F-Test 1015

The Overall-F-Test is built upon R2 and tests 1016

whether the overall model is of any significant 1017

value for explaining the variation of the target vari- 1018

able. The F-distributed test statistic is calculated 1019

as 1020

R2

1−R2
· n− p− 1

p
,

where R2 is the coefficient of determination, n is 1021

the number of observations, and p is the number of 1022

covariates included in the model (i.e., the number 1023

of estimated coefficients excluding the intercept). 1024

The hypotheses that can be tested this way are 1025

H0 : β1 = β2 = · · · = βp = 0

vs.

H1 : βj ̸= 0 for at least one j ∈ {1, . . . , p}.
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Model Both correct A correct B correct Both incorrect

Llama 3.1 70B 51.8 18.1 21.7 8.4
Qwen 2.5 72B 54.9 19.6 19.8 5.6
Qwen 2.5 14B 50.2 20.0 23.0 6.9
Gemma 2 27B 52.6 15.9 15.4 16.0

Table 9: Percentage of predictions individual models
made.

So from a rejection of H0, it can be concluded1026

that at least one of the included features exhibits1027

explanatory power for the variation of the target1028

variable.1029

D.3 Multiple Testing1030

Since we conduct multiple statistical tests within1031

the scope of one research project, it is important1032

to consider multiple testing as a potential problem1033

resulting in false positive findings. The p-values1034

from our tests, however, also satisfy a significance1035

level resulting from a Bonferroni Correction of the1036

typical significance level of 5%.1037

E Sample-level Analysis1038

We utilize Scikit-learn (Pedregosa et al., 2011)1039

library to train and evaluate the Logistic Regression1040

and Random Forest Model. We use the standard1041

settings for the Logistic Regression model. We use1042

the Random Forests model with 1500 estimators,1043

and standard settings apart from that.1044

1045

During preprocessing, we use simple word1046

splittling by spaces. We employ the english stop1047

word removal integreated into Scikit-learn. We set1048

the maximum number of features to 5,000, for the1049

N-Gram of part-of-speech tags, we set the N-gram1050

range from 5-grams up to 13-grams, following1051

settings of Shaib et al. (2024). For training, we use1052

the Scikit-learn (Pedregosa et al., 2011) library.1053

The running time was negligible.1054

In Table 91055
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