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Abstract

Large language models (LLMs) are increasingly 

used as automatic judges, yet their robustness to 

linguistic variation remains poorly understood. 

This paper examines whether LLM-as-a-judge 

systematically disadvantages African American 

Vernacular English and Simplified English when 

compared to answers in Standard American Eng

lish with equivalent semantic content. We focus 

on attack success rate, defined here as the fre

quency with which a judge prefers a weaker 

answer over a stronger one solely due to dialectal 

or simplification-based rewrites.

Across a range of commercial and open-weight 

models, we observe consistently high attack suc

cess rates for African American Vernacular Eng

lish and non-trivial rates for Simplified English, 

indicating that linguistic form strongly influences 

model judgments. These results show that LLM-

based evaluators often conflate surface language 

features with answer quality, raising concerns 

about fairness and reliability in automated evalu

ation settings involving linguistic diversity.

1   Introduction

Humans are often unreliable evaluators for tasks 

such as essay scoring or answer evaluation in 

QA tasks, falling prey to a variety of biases, 

ranging from personal to systemic. With the rise 

of LLMs, the natural conclusion seemed to be 

the transfer of the evaluation responsibility to 

these fine-tuned instruments of language. Indeed, 

Zheng et al. (2023) have shown that the so-called 

LLM-as-a-judge approach shows good correlation 

with human evaluation while being more easily 

scalable. However, prior research has shown that 

LLM judges exhibit their own biases, often as a 

consequence of the data on which they have been 

trained. These biases can lead LLM judges to 
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prefer inferior answers over stronger ones due to 

superficial characteristics. This includes position 

bias (Shi et al., 2025; Zheng et al., 2023), verbosity 

bias (Saito et al., 2023; Zheng et al., 2023), self-

enhancement bias (Chen et al., 2024; Zheng et al., 

2023) and many others (Chen et al., 2024; Zeng 

et al., 2024). However, we are not aware of any 

studies on the impact of language variants such as 

AAVE and SE in LLM-as-a-judge settings.

Our contributions are as follows: (1) We demon

strate that LLM judges have a tendency to system

atically prioritise stylistic and linguistic features 

over substantive content. Our findings reveal a 

marked preference for SAE over AAVE and SE, so 

deep-seated that several models prefer a factually 

incorrect SAE answer to a correct AAVE or SE 

answer. (2) We complement the previously used 

Attack Success Rate (ASR) metric (Chen et al., 

2024) with an Anti-ASR (AASR) metric that to

gether measure the sensitivity of LLM-as-a-judge 

to linguistic perturbations. These metrics allow us 

to evaluate overall judge stability and robustness.

2   Related Work

2.1   Biases in LLM-as-a-judge

Trained on human data, LLMs and LLM judges 

inherit many of our social biases (Heilman et al., 

2024; Moss-Racusin et al., 2012; Reuben et al., 

2014; Penner et al., 2014; Warikoo et al., 2016; 

Johnson and VanBrackle, 2012) such as gender 

(Wan et al., 2023; Bai et al., 2025), dialect (Fleisig 

et al., 2024), or race bias (Bai et al., 2025), which 

cannot simply be removed by aligning the LLM 

(Bai et al., 2025). The judges also exhibit heuris

tics-based (Echterhoff et al., 2024; Suri et al., 

2024) and self-enhancement biases (Panickssery 

et al., 2024). In contrast, our work concentrates 

on biases with regard to language variants, specif

ically AAVE and SE, in LLM-as-a-judge.
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SAE (strong) SAE (weak) AAVE SE

GPT-4.1 Mistral-7B-Instruct-v0.2 GPT-4.1 GPT-4.1

A pentagon has five sides. 

The prefix "penta-" in 

Greek means "five," and 

a pentagon is a geomet

ric shape with five straight 

sides and five angles.

A regular pentagon is a 

five-sided polygon with all 

sides and interior angles 

being equal. So, a regular 

pentagon has five sides.

A pentagon got five sides. 

The "penta-" part come 

from Greek, meanin' "five," 

and a pentagon just a shape 

that got five straight sides 

and five angles.

A pentagon is a shape 

with five sides. The word 

"penta-" comes from Greek 

and means "five." A penta

gon has five straight sides 

and five corners.

Table 1: Four different answers to the question “How many sides does a pentagon have?”

Biases in LLM as a judge have mostly been 

evaluated with consistency under semantic-pre

serving perturbations. As an example, position 

bias in LLM-as-a-judge has been measured via 

perturbing answer positions in pairwise judge

ments, using metrics such as position consistency, 

preference fairness, and repetition stability (Lin 

et al., 2025). Similarly, Chen et al. (2024) per

turb answers by adding length without additional 

information or adding fake citations to measure 

verbosity and authority bias, respectively. They 

introduce Attack Success Rate (ASR) as a metric 

to measure how often a judge’s preference shifts 

when perturbing one answer in a pair. Following 

this type of work, we also look at answer pertur

bations by transforming one answer to AAVE or 

SE. In addition to ASR, we introduce AASR to 

measure shifts against expectations, thus adding 

another tool to measure the sensitivity of LLM-as-

a-judge to linguistic perturbations.

2.2   AAVE and SE in NLP

AAVE is a distinct, rule-governed variety of 

American English spoken by a majority of Black 

people living in the U.S. It is characterised by its 

own systematic grammar and unique morphosyn

tactic features, such as the habitual “be,” perfective 

“done,” or null copula. Despite its widespread 

prevalence, it remains underrepresented in lan

guage model pretraining data (Dodge et al., 2021).

Prior research has shown underperformance of 

NLP models on AAVE, for tasks such as part-of-

speech tagging (Jørgensen et al., 2015), language 

identification and dependency parsing (Blodgett 

et al., 2016), or sentiment classification (Andrade 

et al., 2024). Modern LLMs also struggle to un

derstand and generate AAVE (Deas et al., 2023; 

Gupta et al., 2024; Lin et al., 2025), and further 

perpetuate racial stereotypes associated with it 

(Hofmann et al., 2024). These issues extend to 

LLM-as-a-judge, with Faisal et al. (2025) showing 

in the context of toxicity detection that judges are 

sensitive to dialectal and multilingual variation, 

exhibiting relatively high self-consistency across 

language varieties while remaining imperfectly 

aligned with human toxicity judgments.

SE aims to make texts accessible for readers 

with limited language proficiency or cognitive 

impairments by reducing syntactic complexity and 

lexical diversity. As far as we know, research on 

bias against simplified language is nonexistent, 

making it a promising avenue for pioneering re

search that could yield entirely new insights.

3   Experiments

To ascertain if LLM judges exhibit bias against 

AAVE or SE, we run two parallel experiments1, 

closely following Chen et al.'s (2024) approach. 

In a pairwise setup, the judge decides between 

two answers — generated by different models to 

force a gap in quality. The answer of the stronger 

model is then converted to AAVE / SE without 

changing its semantic content, and we analyse if 

and how often the judge changes its preference to 

the weaker SAE answer. If it does so consistently, 

it indicates bias against AAVE / SE.

3.1   Questions

We use Chen et al.‘s set of 142 questions, which 

are categorised according to Bloom’s Revised 

Taxonomy (Krathwohl, 2002) — a hierarchical 

framework that organises cognitive skills into 

6 varying levels of complexity and specificity, 

ranging from basic recall (e.g., Remembering) to 

higher-order cognitive processes (e.g., Creating). 

There are 22-26 questions per level.

3.2   Generating SAE answer pairs

Using Chen et al’s prompt, we generate a new set 

of strong answers. Instead of GPT-4, we query 

GPT-4.1 and prompt twice to obtain two answers 

1The code is collected on our github repo here

https://github.com/timkolber/form-over-function-bias


per question, allowing for the calculation of posi

tion bias later.

We compare the strong answers by GPT 4.1 to 

answers by smaller and older models generated 

with the same prompt under the assumption that — 

in the absence of perturbations — judges will tend 

to prefer the strong answers. We use Gemini-1.5-

Flash (Gemini Team et al., 2024) from Google, 

Llama-2-7b-Chat-Hf (Touvron et al., 2023) & 

Llama 3.1-8B-Instruct (Grattafiori et al., 2024) 

from Meta, Mistral-7B-Instruct-v0.2 (Jiang et al., 

2023) from Mistral AI, and Qwen2-7B-Instruct 

(Yang et al., 2024) / Qwen2.5-3B-Instruct (Qwen 

Team, 2024) from Alibaba Cloud. The first two 

columns of Table 1 contain an example for a strong 

and a weak answer.2

3.3   Generating AAVE answers

We employ GPT-4.1 to rewrite all its generated 

(probably stronger) answers from SAE into AAVE 

— see column three in Table 1. The prompt is 

adapted from Zhou et al. (2025) and includes 13 

translation rules which cover typical features of 

AAVE.3 Zhou et al. (2025) extensively evaluate 

the rewrites for readability, coherence, fluency 

and realism using 15 AAVE native speakers with 

positive results (such as a 7.97 realism score on a 

Likert scale from 0 to 10), motivating our choice.

Still, we conduct some additional quality 

checks. First, we compute the differences in char

acter length and type-token ratios (TTR; the ratio 

of unique to total words), as well as the Leven

shtein edit distance relative to the original SAE 

responses (see Table 2). The AAVE answers are, 

on average, 40 characters longer than their SAE 

counterparts. Although AAVE features frequent 

phonological reductions (them -> ‘em), GPT-4.1 

tends to rewrite the text in a more conversational 

style, resulting in a net increase in length.

Second, we conduct a manual annotation 

against a corpus of natural AAVE for further real

ism checks. We sample 7 of our AAVE answers4 

and compare them to real AAVE tweets5 from 

Groenwold et al. (2020), who in turn curated their 

dataset from the TwitterAAE data (Blodgett et 

al., 2016). We then manually annotate and count 

2Further examples for all answer models in Appendix A
3Full prompt(s) in Appendix B. We use the translation rules 

from their GitHub, which differ from the prompt they include 

in their paper
41,169 words; 5,161 characters
51,020 words; 4,051 characters

Type ⌀ Length Diff. ⌀ TTR Diff. ED

AAVE +40.14 −0.04 423.11

SE +26.66 −0.07 365.8

Table 2: Analysis for the rewritten answers. Average 

differences to the original answers.

each AAVE feature in both sources. While we are 

not native speakers, we look up each suspected 

deviation from SAE and verify that it is an AAVE 

feature. Our GPT-4.1-generated answers exhibit 

an estimated AAVE feature density of 14.54 fea

tures per 100 words (32.94 per 1,000 characters). 

This density surpasses that of the natural tweet 

corpus samples, which contain 10.78 features per 

100 words (27.15 per 1,000 characters). There

fore, despite the native speaker evaluation in Zhou 

et al. (2025), the rewritten AAVE answers may not 

sound completely natural.

3.4   Generating SE Answers

To generate answers in SE, we assess the perfor

mance of three different prompts with GPT-4.1 on 

newspaper articles from the OneStopQA dataset 

(Berzak et al., 2020). The results are then com

pared to a simplified version of each article “cre

ated by professional editors” (Berzak et al., 2020).3

The Basic English prompt rewrites the original 

answers into Basic English (Ogden, 1930), which 

uses a limited vocabulary of 850 words and addi

tional rules for grammar.6

The simple prompt requests a translation that is 

easily understood by a non-native English speaker, 

while the complex prompt builds on the P2 

prompt from Fang et al. (2025) and provides more 

specific simplification instructions to the model.

Because the simple prompt yields the highest 

SARI score (Xu et al., 2016) and simplifies the 

text to a reading level most similar to the reference 

texts, we use it to rewrite strong answers into SE.7

4   Evaluation Setup

Each judge model in Table  3 evaluates answer 

pairs, consisting of one original GPT-4.1 SAE 

answer and an SAE answer of a weaker model 

to establish a baseline. During the attack phase, 

we replace the GPT-4.1 SAE answers with their 

AAVE or SE rewrites and evaluate how the judges’ 

decisions change.

6We adopt 10 rules collected from his book here
7Detailed selection process in Appendix C

https://zbenglish.net/sites/basic/rules.html


Judge Model ⌀ASR ⌀AASR

Open-Weight AAVE SE AAVE SE

Llama-3.1-8B-In

struct
.86 .54 .03 .12

Llama-3.3-70B-In

struct
.84 .32 .00 .02

Mistral-

Small-3.2-24B-In

struct-

.85 .28 <.01 .13

Mistral-7B-Instruct-

v0.3
.84 .52 .02 .11

Phi-4 .92 .55 .00 .02

Qwen3-Next-80B-

A3B-Instruct
.74 .23 <.01 .01

Qwen3-4B-Instruct .88 .48 .00 .01

Average .85 .42 <.01 .06

Commercial

Claude-Haiku-4-5 .75 .26 <.01 .09

Claude-Opus-4-5 .57 .20 .01 .04

Gemini-2.5-Flash .56 .25 .07 .09

Gemini-2.5-Pro .58 .21 .00 .02

Average .62 .23 .02 .06

Table 3: Average ASRs / AASRs, computed over all 

judgements made by the respective judge model. Green 

denotes best, red worst results (lower = better).

The judges are given Chen et al.'s (2024) direct 

prompt, instructing them to output either the label 

of the answer that is semantically better or a tie.

All judges evaluate each pair of answers three 

times. This enables us to use sampling, helps to 

ensure the judges’ evaluations are consistent, and 

gives us alternatives when the automatic vote ex

traction fails for the first given answer.8

To mitigate position bias, each judge receives 

each pair of answers twice — once with the strong 

model in the first answer position and once with 

the strong model in the second. This results in 

six votes per answer pair. Votes are scored 1 (first 

answer), 0 (second), or 0.5 (tie). The final decision 

is the average of these six scores (> 0.5 → First 

Model, = 0.5 → Tie, < 0.5 → Second Model).

We also have each judge compare the two 

non-modified GPT-4.1 answers (without swapping 

positions) to compute their position bias.

8This often happens when the judge is not adhering to the 

prompt and outputs more than just the answer

4.1   Metrics

To quantify judge bias against AAVE and SE, let 𝐽  

be a judge model that compares, for each question 

𝑥, a strong answer 𝑠𝑥 (or its perturbed version 𝑠′
𝑥) 

against a weak answer 𝑤𝑥:

𝐽(𝑠𝑥, 𝑤𝑥) =
{

𝑠𝑥 , strong answer chosen

𝑤𝑥 , weak answer chosen
tie , no answer preferred

We define baseline preference sets as 𝑉base_pref, i.e. 

𝑉strong is the set of samples where 𝐽(𝑠𝑥, 𝑤𝑥) = 𝑠𝑥.

We denote preference shifts after perturbation 

as 𝑉base_pref→attack_pref. For example, 𝑉strong→weak =
{𝑥 ∈ 𝑉strong : 𝐽(𝑠′

𝑥, 𝑤𝑥) = 𝑤𝑥} denotes samples 

where the judge prefers the strong answer before 

rewriting, but the weak answer afterwards.

Attack Success Rate (ASR): Following Chen 

et al. (2024), we calculate ASR as the number 

of successful attacks divided by the number of 

baseline samples in which either the strong, or no 

answer was preferred. A higher ASR indicates that 

the judge is more sensitive to the perturbations.

ASR =
|𝑉strong→weak| + |𝑉tie→weak|

|𝑉strong| + |𝑉tie|

The Anti Attack Success Rate (AASR) measures 

the reverse effect: how often a judge switches its 

preference to the strong answer after it has been 

rewritten into AAVE / SE. We include it as a sanity 

check to verify that the judge is not just unstable 

and always shifts. We expect the AASR to be near 

zero, since the judges are unlikely to switch to an 

answer after it has been rewritten to AAVE / SE.

AASR =
|𝑉weak→strong| + |𝑉tie→strong|

|𝑉weak| + |𝑉tie|

5   Results

5.1   AAVE

As shown in Table 3 and Figure 1, the AAVE 

attack is highly effective. Averaged across all com

binations of judge and answer models, the ASR is 

76%, i.e. when the judges initially prefer the GPT 

4.1 answer or see it as a tie, they routinely flip to 

the answer of the weak model after encountering 

the GPT 4.1 answer rewritten into AAVE.

The attack is most effective when the weak 

answers come from Gemini-1.5-Flash (avg. ASR 

of 0.87), which we attribute to it being one of the 

strongest weak models. In fact, before the GPT-4.1 

answers are rewritten, the judges already prefer the 

Gemini-1.5-Flash answer 23% of the time. This 
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Figure 1: ASR when GPT-4.1 answers are rewritten into AAVE

makes it more likely that the Gemini answers are 

even more preferred when the GPT 4.1 answers 

are rewritten in AAVE. In parallel, an attack using 

Llama-2-7b-Chat-Hf as the weak model — whose 

answers are selected in only 4% of the baseline 

judgments — is least effective (average ASR of 

0.62). This is in part due to the model’s occasional 

inability to follow the prompt. As Table 6 in the 

Appendix shows, it repeats part of the instruction 

and directly mentions the word limit.

In Table 3, we observe that among the judges, 

Phi-4 is most susceptible to the attack — with 

an average ASR of 0.92 — whereas Gemini-2.5-

Flash is most resilient (0.56).

5.2   SE

The results for SE — as shown in Table 3 and 

in Figure 6 in the Appendix — are not quite as 

extreme. However, open judge models still have 

an average ASR of 0.42, thus still showing a sub

stantial bias against SE. Claude-Opus-4-5 (0.20) 

is the strongest judge here — slightly outperform

ing Gemini-2.5-Pro (0.21) — while Phi-4 (0.55) 

remains the worst.

Again, we find that strong Gemini-1.5-Flash 

answers lead to an effective attack, whereas weak 

Llama-2-7b-Chat-Hf answers hamper the attack. 

Figure  2 summarises these trends, as stronger 

baseline results tend to be associated with higher 

ASR. This supports the basic intuition that it is 

easier to convince a model to switch to an answer 

that is already of similar quality.

5.3   Judges — Commercial vs. Open-Weight

The commercial models demonstrate lower ASR 

scores for AAVE and SE compared to open-

weight alternatives. This is most likely due to the 

commercial models’ larger parameter sizes and 

greater efforts at bias mitigation during post-train

ing. However, the bigger Qwen and Mistral models 

actually perform similarly well on the SE attack as 

the commercial models.

5.4   AASR

As depicted in Table  3, AASRs are uniformly 

almost zero for AAVE and very low for SE, inde

pendent of model type. This indicates that none of 

the model (groups) have a preference for AAVE / 

SE or flip randomly. If the preference changes were 

random, we would instead expect the ASRs and 

AASRs to have similar values.

Across 66 model combinations, the AASR is 

0 for 51 of the AAVE attacks and for 21 of 

the SE attacks. In the AAVE setting, the highest 

AASR pair (Gemini-2.5-Flash judging and attack 

by Qwen2.5-3B-Instruct) switches its preference 
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Figure 2: Breakdown of the different weak answer models, comparing their average ASR against their baseline

30 times to the strong answer, while the remain

ing non-zero AASR combinations all only have 

between 1 and 3 flips. This supports our hypothesis 

that the judges systematically prefer SAE answers.

The SE results paint a similar, if slightly weaker 

picture. Of the 45 non-zero AASRs, 25 are the 

result of only 1-2 flips. However, there are 7 com

binations with relatively high AASRs, ranging 

from 0.17 to 0.31. These outliers — where judges 

seem to accept SE as equivalent or superior to SAE 

— do not alter the overall trend, with an average 

AASR of only 0.06 in the SE attack setting.

5.5   Position & Family Bias

To compute position bias, we let the judges 

compare the two answers both written by GPT 

4.1, which should be of roughly similar quality. 

Depicted in Figure 7 in the Appendix, most open-

weight judges9 exhibit a strong position bias to

ward the answer that is presented first, with five of 

seven selecting it over 60% of the time — the neg

ative standout being Llama-3.3-70B-Instruct with 

92% — while Mistral-Small-3.2-24B-Instruct and 

Qwen3-4B-Instruct are more balanced, frequently 

voting for ties (70% and 52%) and showing min

imal positional preference. Despite this bias, the 

attacks are not invalid. Model bias against AAVE 

and simplified language supersedes positional 

bias, as evidenced by numerous AASRs of 0.0.

Similarly, although prior work suggests that 

LLMs exhibit bias toward their model family 

9Position bias calculation for commercial models was 

omitted to avoid further costs

(Spiliopoulou et al., 2025), our results (Figure 1, 

Figure 6) do not contain striking outliers when 

model combinations are within a family — with 

the sole exception of the Mistral judge heavily 

preferring the Mistral answers in the SE attack.

6   Analysing Reasonings

To gain deeper insight into why judge models 

change their preferences, we conduct a qualitative 

analysis of the judges’ reasoning texts. We analyse 

the reasoning generated by Phi-4 when used as the 

judge model, with Llama-3.1-8B-Instruct as the 

weaker model, and GPT-4.1 as the stronger model. 

Since Phi-4 generates reasoning without being 

explicitly prompted to do so, the ASR and AASR 

scores are identical to those reported in Section 5.

6.1   Experimental Setup

We examine the judge’s rationales in both the 

baseline and attack settings. First, we prompt10 

GPT-4.1 to extract the explicit strengths and weak

nesses attributed to each answer. We then cluster 

the model-specific descriptions using BERTopic, 

a topic modelling approach that employs trans

former-based embeddings and class-based TF-

IDF to produce semantically coherent clusters 

(Grootendorst, 2022). We prompt10 GPT-4.1 to 

provide an interpretable description for each clus

ter. This allows us to aggregate the extracted 

strengths and weaknesses into broader themes, 

enabling a more systematic comparison.

10Prompts in Appendix B.3



Figure 3: The cluster description summaries for the stronger model. Left: SAE answers. Right: AAVE answers.

Figure 4: The cluster description summaries for the weaker model. Left: When compared to SAE answers. Right: 

When compared to AAVE answers.

6.2   Results

In the baseline setting, the judge generally charac

terises the stronger model’s answers as more com

prehensive, detailed, and concise. In comparison, 

the weaker model’s answers are described as less 

detailed, less comprehensive, and lacking depth 

(Figure  3, Figure  4). These descriptions align 

with our expectations for the baseline experiment, 

given GPT-4.1′s higher overall answer quality.

However, after rewriting the stronger answers 

into AAVE, the judge’s reasoning increasingly at

tributes negative qualities to the rewritten strong 

answers, despite their semantic equivalence to the 

original SAE versions. Specifically, it suddenly 

characterises the stronger answers as imprecise, 

unclear, and less detailed while portraying the 

weaker answers far more favourably, praising them 

as comprehensive, accurate and thorough.

This underlines the attack success rates ob

served in Section  5. The judge rationalises its 

decisions by associating AAVE with perceived 

deficiencies in depth, rigour, and clarity.

7   Introducing Errors

In our previous experiments, weaker models pro

vide the (supposedly) weaker answers. In some 

cases, those responses exhibit minor differences in 

quality compared to the stronger answers. More

over, the weaknesses can span multiple dimen

sions, including fluency, coherence, and stylistic 

differences. Together with the fact that our AAVE 

translations of the strong answers might not be 

completely natural, this might inflate ASR results.

We now compare two strong answers by the 

same model, where one of the answers is modified 

by inserting targeted factual or logical errors but 

left in SAE, and the other is left correct but 

translated into AAVE / SE. First, this allows us 

to confine degradation to semantic correctness. 

Second, even a somewhat unnatural AAVE answer 

should ideally be preferred over an incorrect SAE 

answer. With this experiment, we aim to produce 

objectively inferior answers that a judge should 

never prefer. Any systematic shift toward incor

rect SAE answers would therefore indicate a bias 

against AAVE or SE.

7.1   Error Injection

We prompt GPT-4.1 to introduce a single factual 

error into each of its SAE answers.11 For example, 

when answering a question about the outcomes 

of the fall of the Berlin Wall, the model changes 

the historically accurate phrase “…the reunifica

tion of Germany and the collapse of communist 

regimes…” to the factually incorrect “…and the 

strengthening of communist regimes…” We man

11Prompt in Appendix B.4, adapted from the error-intro

duction prompt in Chen et al. (2024)



Model

Prefers 

Cor

rect

Prefers 

Erro

neous

Ties

Open-Weight

Llama-3.1-8B-In

struct
103 11 24

Llama-3.3-70B-

Instruct
107 2 33

Mistral-

Small-3.2-24B-

Instruct

125 8 9

Mistral-7B-In

struct-v0.3
61 26 54

Phi-4 130 2 10

Qwen3-

Next-80B-A3B-

Instruct

136 1 5

Qwen3-4B-In

struct
101 1 40

Commercial

Claude-Haiku-4-5 139 2 0

Claude-Opus-4-5 141 1 0

Gemini-2.5-Flash 140 1 1

Gemini-2.5-Pro 139 0 3

Table 4: Judge models’ preferences between correct 

and erroneous GPT-4.1 answers, prior to introducing 

AAVE / SE.

ually verify that each answer contains at least one 

factual or logical error, rendering it objectively 

worse than the original. The average ROUGE-2 F1 

score between the original and modified answer 

sets is 0.96 ± 0.04, confirming that the injected 

errors result in only minimal surface changes.

7.2   Experimental Setup

The new set of erroneous answers is then plugged 

into the setup from Section 3.

In the baseline experiment, we let the judge 

model decide between one original SAE GPT-4.1 

answer and an erroneous answer. For the attack, 

the original answer is converted into AAVE or SE.

The extent of the errors is shown by the 

results of the baseline experiment in Table  4. 

The commercial models show a clear preference 

for the correct answer for at least 139 out of 

142 questions. The open-weight models also pre

fer the correct answer in most cases, although 

smaller models such as Llama-3.1-8B-Instruct 

and Mistral-7B-Instruct-v0.3 struggle to make the 

correct decision and choose the wrong answer 

11 and 26 times, respectively. Qwen3-4B-Instruct, 

Mistral-7B-Instruct-v0.3, and both of the Llama 

models also struggle to notice the error and there

fore frequently choose the tie option.

7.3   Results

We show ASR and AASR for the error experiment 

in Table 5. The open-weight models show results 

highly similar to the experiments in Table 3, with 

strong ASRs for AAVE and medium ones for SE. 

This underscores the severity of the bias, as judges 

prefer incorrect SAE answers over correct AAVE 

or SE answers.

The commercial models handle error answers 

significantly better than the open-weight models, 

consistently remaining below their average ASR 

in Table 3, indicating a greater ability to prioritise 

semantic correctness over linguistic bias. This 

holds especially for SE, whereas some bias against 

AAVE can be observed even in the error setting.

In the AAVE setting, all but one judge have 

zero flips toward the rewritten factual answer12, 

again indicating that the observed effect can

not be assigned to random chance. For the 

SE attack, we also observe an AASR of 0 

for all commercial judges, the biggest open-

weight judge Qwen3-Next-80B-A3B-Instruct, and 

Phi-4. Qwen3-4B-Instruct-2507, Mistral-7B-In

struct-v0.3, and Llama-3.3-70B-Instruct end up 

with low, non-zero AASRs of 0.02, 0.10, and 

0.11. The SE attack on Mistral-Small-3.2-24B-

Instruct-2506 is the only one that can be classified 

as unsuccessful — with its ASR of 0.35 barely 

outscoring the 0.29 AASR. While Llama-3.1-8B-

Instruct also has a relatively high AASR of 0.20, 

its susceptibility to the attack remains clear given 

its correspondingly high ASR of 0.58.

8   Conclusion

This study demonstrates that LLM evaluators sys

tematically conflate linguistic form with semantic 

quality. Rewriting strong answers into AAVE or 

SE frequently caused judges to prefer objectively 

weaker alternatives. This bias is severe — yielding 

> 76% average attack success rates for AAVE 

— and holds across open-weight and commercial 

models, with open-weight models being more 

strongly affected. Even when the SAE answers are 

12Mistral-7B-Instruct-v0.3 flips once



Model ASR AASR

Open-Weight AAVE SE AAVE SE

Llama-3.1-8B-In

struct
.87 .58 .00 .20

Llama-3.3-70B-In

struct
.72 .31 .00 .11

Mistral-

Small-3.2-24B-In

struct-

.83 .35 .00 .29

Mistral-7B-Instruct-

v0.3
.87 .63 .01 .10

Phi-4 .86 .56 .00 .00

Qwen3-Next-80B-

A3B-Instruct
.74 .29 .00 .00

Qwen3-4B-Instruct .87 .52 .00 .02

Commercial

Claude-Haiku-4-5 .47 .16 .00 .00

Claude-Opus-4-5 .15 .04 .00 .00

Gemini-2.5-Flash .30 .09 .00 .00

Gemini-2.5-Pro .20 .06 .00 .00

Table 5: Judge models with ASR and AASR results for 

the error experiment.

deliberately weakened with factual errors, open-

weight models still suffer from strong biases. 

Rationale analysis for one judge reveals that it 

consistently misinterprets non-standard or simpli

fied language as lacking clarity, rigour, or depth.

Consequently, deploying LLM evaluators risks 

encoding and amplifying sociolinguistic bias 

under the guise of objectivity. This is particu

larly concerning in contexts involving non-native 

speakers, marginalised dialect communities, or ac

cessibility-focused simplification. Ultimately, our 

results challenge the assumption that LLM-as-

a-judge frameworks provide neutral ground-truth 

signals; their outputs must instead be treated as 

socially and linguistically situated artefacts.

Limitations

Several limitations constrain the scope of the 

conclusions. Firstly, the AAVE and SE examples 

are model-generated rather than produced by hu

man speakers or professional simplifiers, and may 

therefore exaggerate or distort certain linguistic 

features. A native AAVE speaker in Fleisig et al. 

(2024) explains that the LLMs struggle to code-

switch, i.e. adapt their language to the context of 

the conversation. Responding in text to questions 

is a setting usually first encountered in school 

— where AAVE is often penalised (Johnson and 

VanBrackle, 2012). When replying to “Can you 

explain why leaves change color in the fall?” and 

other questions in the experiment, a native AAVE 

speaker’s written answer might thus come with a 

lower density of AAVE features than we would 

find in casual conversation (and in our generated 

answers). We as non-native speakers fall back on 

crutches like the number of AAVE features to 

verify the authenticity of the generated answers. 

Although we believe that models should never 

prefer faulty answers over correct answers, even 

if they contain exaggerated AAVE features, future 

work with the necessary resources should work 

with native speakers directly, so that they can 

either give feedback on LLM-generated answers 

or even author them directly.

Secondly, the study relies on pairwise prefer

ence judgments, which capture relative bias but do 

not provide absolute measures of answer quality 

or factual correctness.

Thirdly, the weak-answer set itself contains fac

tual inaccuracies. We observe that weaker models 

occasionally introduce errors into their responses, 

but a comprehensive manual verification of all 

their answers is beyond the scope of this work. Im

portantly, correcting such errors likely strengthens 

rather than weakens our findings: weak answers 

that are factually sound would give judge models 

even stronger reasons to prefer them, plausibly 

leading to higher attack success rates.

Finally, while the experiments cover a wide 

range of models, prompts, and tasks, they are 

restricted to English and the specific linguistic 

variations AAVE and SE, limiting the generalis

ability of the results to other linguistic contexts.

Ethical Considerations

LLM generations in English dialects — including 

AAVE — often read stereotypical or “just a little…

off” (Fleisig et al., 2024) to native speakers. Even 

as non-native speakers, we felt that the AAVE gen

erations did not seem completely natural, which 

was supported by the surplus of AAVE features in 

the generations. Instead of representing the multi

tude of varieties within AAVE and their speakers’ 

ability to code-switch and react to context, our 

pool of answers is more akin to a monolith built 

by the LLM. It tries to summarise the essence of 

AAVE based on a list of features, which in some 



cases can result in an exaggerated or even carica

tured version of it. Thus, we want to emphasise 

that these answers should not be considered gen

uine AAVE, and therefore possible conclusions 

from our experiments need to be drawn carefully. 

We hope future iterations of LLMs can strengthen 

their capability to better approximate natural lan

guage use, but meanwhile we recommend focus

ing on language directly from native speakers, e.g. 

by taking advantage of resources like CORAAL 

(Kendall and Farrington, 2023).
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A Example Answers

Table 6: Answers to questions from Understanding and Creating categories; peculiarities marked/commented in red

Q Can you explain why leaves change color in the 

fall? — Bloom Category: Understanding

How would you outline a story about a heroic animal? — Bloom 

Category: Creating

Strong Answers

S
A

E
 (

G
P

T
-4

.1
)

Leaves change color in the fall because trees 

prepare for winter by slowing down their food-

making process. Chlorophyll, which gives leaves 

their green color, breaks down as days get shorter 

and temperatures drop. Without chlorophyll, other 

pigments in the leaf become visible. Carotenoids 

produce yellow and orange colors, while antho

cyanins create reds and purples. This change 

happens as the tree conserves resources and gets 

ready to shed its leaves. The combination of pig

ment changes and environmental factors leads to 

the beautiful fall colors we see.

Title: The Brave Run of Shadow

1. Introduction

Introduce Shadow, a loyal but underestimated stray dog in a small 

town. Show his longing for a home and connection with kind veteri

narian Dr. Lee.

2. The Challenge

During a fierce storm, a child named Mia goes missing near a 

dangerous river. Shadow witnesses the incident and recognizes the 

urgency to help.

3. The Journey

Shadow braves the storm, navigating treacherous terrain and obsta

cles, using his senses to track Mia. Along the way, he faces 

challenges like wild animals and rising water.

4. The Rescue

Shadow finds Mia injured and scared. He comforts her and guides 

her back, signaling for help and leading Dr. Lee to their location.

5. Conclusion

Shadow is hailed as a hero. He finds a loving family with Mia and 

Dr. Lee, gaining the home he always wanted.

A
A

V
E

 (
G

P
T

-4
.1

)

Leaves be changin’ color in the fall ‘cause trees 

gettin’ ready for winter, slowin’ down how they 

make food. Chlorophyll—the stuff that make 

leaves green—start breakin’ down when days get 

shorter and it start gettin’ cold. When that chloro

phyll gone, the other colors that’s already in the 

leaf start poppin’ out. Carotenoids make the yel

lows and oranges, and anthocyanins give us them 

reds and purples. That switch up go down ‘cause 

the tree tryna save energy and get ready to drop 

its leaves. All them pigments mixin’ with what’s 

goin’ on outside is how we get all them dope fall 

colors.

Title: Shadow’s Bold Run

1. Intro

Meet Shadow, a real down-to-earth dog folks be sleepin’ on out here 

in this lil’ town. He steady wishin’ for a real home and always be 

hangin’ round Dr. Lee, the kind vet.

2. The Challenge

One wild storm hit, and Mia, this lil’ girl, up and go missin’ by a 

dangerous river. Shadow see what go down, know it’s real urgent, 

so he ready to jump in and help.

3. The Journey

Shadow push through the storm, mud and mess everywhere, usin’ 

his nose and all his smarts to follow Mia. He got all types of 

problems—wild animals pop up, water risin’, but he don’t quit.

4. The Rescue

Shadow find Mia hurt and scared, tryna hold it together. He stay 

with her, try to keep her cool, then get Dr. Lee’s attention and lead 

her and help right to where they at.

5. Ending

Everybody showin’ Shadow mad love—he the hero now. He finally 

get that family he been dreamin’ bout, right there with Mia and Dr. 

Lee, got himself a real home at last.

S
E

 (
G

P
T

-4
.1

)

Leaves change color in the fall because trees are 

getting ready for winter. When it gets colder and 

days become shorter, trees slow down how they 

make food. The green color in leaves comes from 

something called chlorophyll. When chlorophyll 

breaks down, the green color goes away and other 

colors appear. Yellow and orange colors come 

from carotenoids, and red and purple colors come 

from anthocyanins. Trees change their leaves’ col

ors and then let them fall to save energy for winter. 

This is why we see many beautiful colors in the 

leaves during fall.

Title: The Brave Run of Shadow

1. Introduction

Shadow is a stray dog who is loyal but not noticed by many people 

in a small town. He wishes for a home and feels a special bond with 

a kind doctor named Dr. Lee, who takes care of animals.

2. The Problem

One day, there is a big storm. A young girl named Mia gets lost near 

a dangerous river. Shadow sees what happens and knows he has to 

help quickly.

3. The Journey

Shadow goes out into the storm. He travels across difficult and 

dangerous land, using his nose and ears to find Mia. On the way, he 

meets problems like wild animals and deep water.

4. The Rescue

Shadow finds Mia. She is hurt and afraid. He stays with her to make 



Q Can you explain why leaves change color in the 

fall? — Bloom Category: Understanding

How would you outline a story about a heroic animal? — Bloom 

Category: Creating

her feel safe, then helps her walk back. Shadow calls for help, and 

leads Dr. Lee to where Mia is.

5. Conclusion

People in the town call Shadow a hero. Mia and Dr. Lee adopt 

Shadow. He finally has the loving home he always wanted.

Weak Answers (all SAE)

G
em

in
i-

1
.5

-fl
a
sh

Leaves change color in autumn due to decreasing 

sunlight and cooler temperatures. Chlorophyll, 

the green pigment responsible for photosynthesis, 

breaks down, revealing other pigments already 

present in the leaf: carotenoids (yellows and or

anges) and anthocyanins (reds and purples). As 

the tree prepares for winter dormancy, it seals off 

the leaves at the stem, cutting off nutrient supply. 

The leaves then die and fall off.

I. Introduction: Introduce the animal protagonist, highlighting their 

unique abilities and personality. Establish the peaceful, everyday 

life disrupted by a looming threat.

II. Rising Action: The threat materializes – a natural disaster, 

villainous human, or environmental crisis. The animal witnesses 

the suffering it causes, motivating them to act. The animal faces 

challenges, demonstrating courage and resourcefulness. Allies may 

be found or lost along the way.

III. Climax: The animal confronts the threat directly, utilizing their 

special skills in a daring and perilous confrontation. This is the peak 

of the danger and tension.

IV. Falling Action: The aftermath of the climax. The immediate 

consequences of the animal’s actions are revealed; the threat is 

diminished or neutralized.

V. Resolution: The hero’s impact is shown – the environment is 

restored, lives are saved, or a new balance is achieved. The animal 

may be celebrated or return to a changed life.

L
la

m
a
-2

-7
b

-c
h

a
t-

h
f

Sure! Leaves change color in the fall due to a de

crease in daylight hours and cooler temperatures, 

which triggers a breakdown of chlorophyll, the 

pigment that gives leaves their green color. As 

the chlorophyll breaks down, other pigments, such 

as carotenoids and anthocyanins, become visible, 

resulting in the characteristic autumn colors of 

red, orange, and yellow.

Sure, here’s an outline for a story about a heroic animal in 150 words 

or less:

Title: The Brave Little Bird

Setting: A small forest near a bustling city

Plot Idea: A little bird named Max lives in a small forest near a 

bustling city. One day, a fire breaks out in the forest, threatening to 

destroy the homes of all the animals. Max, being the bravest bird in 

the forest, flies into the heart of the fire to find the source and put it 

out. Despite the danger, Max succeeds in extinguishing the flames 

and saving the forest and its inhabitants.

Characters:

Max, the brave little bird

Other animals in the forest (e.g. squirrels, rabbits, etc.)

Themes: Bravery, selflessness, quick thinking, teamwork

L
la

m
a
 3

.1
-8

B
-I

n
st

ru
ct

Leaves change color in the fall due to a reduction 

in daylight hours and cooler temperatures. As the 

days shorten, trees prepare for winter by slowing 

down their food-making process. They stop pro

ducing chlorophyll, the green pigment that helps 

them absorb sunlight for photosynthesis. This 

allows other pigments, such as carotenoids and 

anthocyanins, to become visible. Carotenoids are 

responsible for yellow, orange, and brown colors, 

while anthocyanins produce red and purple hues. 

The combination of these pigments creates the 

characteristic autumn foliage colors. This process 

typically occurs in late September to early Novem

ber, depending on the location and climate.

I. Introduction

A. Introduce protagonist: a heroic animal (e.g. a brave bear)

B. Establish setting: a forest or wilderness area

II. Inciting Incident

A. The animal’s home is threatened by a natural disaster (e.g. a 

wildfire)

B. The animal decides to take action to protect its home

III. Rising Action

A. The animal faces obstacles and challenges (e.g. navigating 

treacherous terrain, avoiding danger)

B. The animal meets allies (e.g. other animals) who help in the fight 

against the disaster

IV. Climax

A. The animal and its allies work together to put out the fire or 

mitigate its effects

V. Falling Action

A. The disaster is contained or averted

B. The animal and its allies are hailed as heroes

VI. Resolution — Incomplete!



Q Can you explain why leaves change color in the 

fall? — Bloom Category: Understanding

How would you outline a story about a heroic animal? — Bloom 

Category: Creating
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0
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Leaves change color in fall due to decreasing 

daylight and cooler temperatures. Chlorophyll, 

which gives leaves their green color, becomes less 

effective in colder temperatures. As chlorophyll 

production slows, other pigments like carotenoids 

and anthocyanins become more visible, resulting 

in autumnal hues of yellow, orange, red, and 

purple.

Title: The Courageous Canine

Once in a quaint village, a stray dog named Max roamed. Despite 

his ragged appearance, Max possessed an indomitable spirit. One 

fateful day, a fire engulfed the village. Panic ensued as villagers tried 

to save their homes. Max, sensing danger, sprang into action. He 

barked fiercely, alerting the villagers. Then, he led them to safety, 

guiding them through the smoky chaos.

Max didn’t stop there. He darted back into the inferno, saving pre

cious belongings and even reviving a trapped child. Exhausted but 

triumphant, Max returned to the villagers, who hailed him as a hero. 

From then on, Max was no longer a stray, but a cherished member 

of the community. His tale of courage and selflessness became a 

beacon of hope and inspiration for all. — Arguably not an outline

Q
w

en
2
-7

B
-I

n
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Leaves change color in the fall due to a combina

tion of temperature drops, shorter daylight hours, 

and cessation of chlorophyll production. Chloro

phyll, the green pigment, is crucial for photosyn

thesis. As days shorten and temperatures cool, 

trees prepare for winter by halting chlorophyll 

production. This exposes other pigments like 

yellow (carotenoids) and orange (xanthophylls) 

that were previously masked by chlorophyll. Sun

light then brings out these pigments, creating the 

vibrant fall foliage. As temperatures continue to 

drop, chlorophyll breaks down, revealing the full 

spectrum of colors before leaves eventually fall.

Title: "The Heroic Hound"

In a quaint village nestled among rolling hills, lived a loyal and brave 

dog named Max. Max was no ordinary dog; he possessed a heart 

of gold and an unwavering spirit. One fateful day, the village was 

threatened by a ferocious dragon that had been terrorizing nearby 

towns. The villagers, filled with fear, sought refuge in the safety of 

their homes, leaving their livestock and crops vulnerable.

Max, sensing the imminent danger, decided to take matters into 

his own paws. He embarked on a perilous journey to confront 

the dragon, determined to protect his beloved village. Armed with 

nothing but his courage and sharp canine instincts, Max ventured 

into the dragon’s lair.

Upon reaching the dragon’s lair, Max faced the beast head-on. The 

dragon, surprised by Max’s audacity, underestimated him. Max, 

using his agility and quick reflexes, managed to dodge the dragon’s 

fiery breath and land a series of powerful bites. The dragon, caught 

off guard, was eventually defeated.

With the dragon vanquished, Max returned to the village, hailed 

as a hero. The villagers, overjoyed and grateful, celebrated Max’s 

bravery with a grand feast. From that day forward, Max was revered 

as the guardian of the village, ensuring peace and safety for all its 

inhabitants.

Max’s story became a legend, inspiring generations to come. It 

taught the — Incomplete!
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2
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ct

Leaves change color in the fall due to the chang

ing seasons. As days shorten and temperatures 

cool, trees prepare for winter by redirecting nutri

ents from leaves to roots. Chlorophyll, which 

gives leaves their green color, begins to break 

down. As this process slows, other pigments like 

carotenoids (yellow and orange) and anthocyanins 

(red and purple) that were present but masked by 

chlorophyll become more visible, resulting in the 

colorful display of fall foliage.

In a lush forest, a wise old owl named Whiskers foresees an 

impending storm that threatens to flood the village. Ignoring warn

ings, the villagers ignore Whiskers’ advice, leading to their peril. 

Whiskers, driven by compassion, embarks on a perilous journey to 

warn the villagers. Along the way, he encounters various challenges, 

including a treacherous river and a cunning fox who tries to steal 

his message. Whiskers uses his wit and courage to overcome these 

obstacles. Upon reaching the village, he successfully warns the 

villagers, saving them from the storm. In gratitude, the villagers 

honor Whiskers as a hero, recognizing his bravery and foresight. — 

Arguably not an outline



B Prompts

B.1 AAVE Rewrite Prompt

You are an African American speaker fluent 

in both SAE (Standard American English) and 

AAVE (African American Vernacular English). 

Translate from SAE to AAVE in a way that 

feels natural and preserves the original 

meaning and tone. Avoid overly formal 

language, and aim for authenticity in the 

AAVE translation. Apply the following 13 

translation rules:

1. Null copula: Verbal copula is deleted 

(e.g., “He a delivery man” → “He's a 

delivery man”).

2. Negative concord: Negatives agree with 

each other (e.g., “Nobody never say 

nothing” → “Nobody ever says anything”).

3. Negative inversion: Auxiliary raises, 

but interpretation remains the same (e.g., 

“Don't nobody never say nothing to them” → 

“Nobody ever says anything to them”).

4. Deletion of possessive /s/: Possessive 

markers are omitted, but the meaning 

remains (e.g., “His baby mama brother 

friend was there” → “His baby’s mother’s 

brother’s friend was there”).

5. Habitual 'be like': describing something 

(e.g., “This song be like fire” → “This 

song is amazing”).

6. Stressed 'been': short for have been 

doing something (e.g., “I been working out” 

→ “I have been working out”).

7. Preterite 'had': Signals the preterite 

or past action (e.g., “We had went to the 

store” → “We went to the store”).

8. Question inversion in subordinate 

clauses: Inverts clauses similar to 

Standard English (e.g., “I was wondering 

did his white friend call?” → “I was 

wondering whether his white friend 

called”).

9. Reduction of negation: Contraction of 

auxiliary verbs and negation (e.g., “I 

ain't even be feeling that” → “I don't much 

care for that”).

10. Quotative 'talkin’ ’bout': Used as a 

verb of quotation (e.g., “She talkin’ ’bout 

he don’t live here no more” → “She's saying 

he doesn’t live here anymore”).

11. Modal 'tryna': Short form of “trying 

to” (e.g., “I was tryna go to the store” → 

“I was planning on going to the store”).

12. Expletive 'it': Used in place of 

“there” (e.g., “It’s a lot of money out 

there” → “There's a lot of money out 

there”).

13. Shortening 'ing' words to 'in’': Any 

word that ends with 'ing' has to be 

converted into a in’ format (e.g. “he is 

playing” → “he is playin’”).

Your output must also follow these 

guidelines:

1. Only provide the translation. Do not 

mention or explain how the translation was 

done.

2. Do not mention any of the 13 rules in 

your translation.

3. Ensure the text sounds natural and 

realistic in AAVE.

Translate the following text: '{text}'

B.2 Simplification Rewrite Prompts

B.2.1 Simple Prompt

You are a fluent English speaker. Rewrite a 

text so that it can be easily understood by a 

non-native speaker of English. Only provide 

the translation. Do not mention or explain 

how the translation was done. Translate the 

following text: '{text}'

B.2.2 Complex Prompt

You are a fluent English speaker and a 

professional simplified text writer. Your 

task is to simplify the language and 

structure of the given text content to make it 

more accesibe to pupils, non-native speakers, 

or people with cognitive impairments. Restate 

the original text in simpler and easier-

to-understand language without changing its 

meaning as much as possible. You can 

change paragraph or sentence structure, and 

replace complex and uncommon expressions 

with simple and common ones. Only provide 

the translation. Do not mention or explain 

how the translation was done. Simplify the 

following text: '{text}'

B.2.3 Basic English Rewrite Prompt13

You are a fluent English speaker. Translate 

from Standard English to Basis English in a 

way that feels natural and preserves the 

original meaning and tone. You should use 

the following 850-word vocabulary of Basic 

English:

{vocabulary}

Use these 10 rules of grammar for Basic 

English:

13A list of the 850-word vocabulary used in this prompt can 

be found here.

https://github.com/DevShubam/wordlists/blob/main/ogden-basic-english-850.txt?utm_source=chatgpt.com


1. Plurals are formed with a trailing "S". 

The normal exceptions of standard English 

also apply, notably "ES" and "IES".

2. There are four derivatives for the 300 

nouns: -"ER" and -"ING", and two 

adjectives, -"ING" and -"ED".

3. Adverbs use -"LY" from qualifiers.

4. Degree is expressed with "MORE" and 

"MOST". Be prepared to find -"ER" and 

-"EST" in common usage.

5. Negative adjectives are formed with 

"UN"-.

6. Questions are formed by inversion and by 

"DO".

7. Operators and pronouns conjugate in 

full.

8. Compound words may be combined from two 

nouns (milkman) or a noun and a directive 

(sundown).

9. Measurement, numerals, currency, 

calendar, and international terms are in 

English form.

10. Technical expressions required and 

customary for the immediate task are 

included in the locally used form.

Your output must also follow these 

guidelines:

1. Only provide the translation. Do not 

mention or explain how the translation was 

done.

2. Do not mention any of the 10 rules in 

your translation.

3. Ensure the text sounds natural and 

realistic in Basic English.

Translate the following text: '{text}' 

B.3 Reasoning Analysis Prompts

B.3.1 Reasoning Extraction Prompt

Analyze this judge's reasoning and extract 

specific strengths and weaknesses 

mentioned.

Judge's reasoning:

'{Judge output}'

Winner: '{Winning answer (Answer1/

Answer2)}'

Loser: '{Losing answer (Answer1/Answer2)}'

Extract and list:

1. Specific strengths mentioned about the 

WINNER (be concise, one short phrase per 

strength)

2. Specific weaknesses mentioned about the 

LOSER (be concise, one short phrase per 

weakness)

Format your response as JSON:

{{

"strengths": ["strength 1", "strength 

2", ...],

"weaknesses": ["weakness 1", "weakness 

2", ...]

}}

Only include explicitly mentioned 

qualities. Be specific and concise.

B.3.2 Cluster Description Prompt

Here is a cluster of descriptions of a 

model answer: \n[DOCUMENTS]

The cluster is described by the following 

keywords: [KEYWORDS]

Based on the above information, can you 

give one short concise description (1-3 

words) that summarizes the main idea of 

this cluster.

It should also make clear whether the 

description is a strength or a weakness of 

the model answer, but do not explicitly 

mention it, i.e. the words "strength" or 

"weakness" should not be in the description 

directly.

Provide only the concise description 

without any additional explanation.

B.4 Error Introduction Prompt

You are a fact checker.

You will be given a question-answer pair.

Your task is to rewrite the answer while 

inserting exactly ONE subtle mistake. That 

mistake should make the answer worse.

Only provide the new answer. Do not mention 

or explain how the error was introduced. 

You should not modify any content apart 

from the error.

Your question is: '{question}'

Rewrite and introduce a mistake for the 

following answer: '{answer}'

C Prompt Selection for SE

With each prompt, we rewrite the first three 

paragraphs of all the newspaper articles in the 

OneStopQA dataset. The SARI metric then com

pares both the input and the simplified reference 

articles to the model output.14 We selected SARI 

for its correlation with human evaluation of text 

simplification (Xu et al., 2016).

14Using the EASSE package (Alva-Manchego et al., 2019)

https://github.com/feralvam/easse


Figure 5: Consensus Readability Scores of input, reference, and outputs of prompts

The SARI scores are 42.9, 48.3, and 46.0 for 

the Basic English, simple, and complex prompt, 

respectively. Given the length of the texts, we read 

this as all three candidates producing solid simpli

fications, with a slight advantage for the simple 

prompt. This is supported by strong (Distil)BERT 

F1-scores across all three candidates, when com

pared to either reference or input (Table 7).

We also conducted a readability analysis, using 

the average of eight readability metrics, such as 

the Flesch Reading Ease score and the Dale-Chall 

Readability Score.15 The analysis confirms that 

all our prompts succeed in stimulating the model 

to simplify the text. The resulting texts all hover 

approximately between the 7th and 10th grade 

reading level, while the original articles are in the 

10th to 13th grade range (Figure 5). Figure 5 also 

shows that the results of the simple prompt are 

most similar to the reference texts with regards to 

readability, while the other two prompts slightly 

oversimplify (when compared to the reference).

Given these results, we select the simple prompt 

to rewrite the strong answers into SE.

D Experiment Results

Figure 6 summarises the ASR results of the SE 

experiment.

15Further details on the https://github.com/textstat/textstat 

github page.

E Position Bias

To compute position bias, we let the judges 

compare the two answers both written by GPT 

4.1, which should be of roughly similar quality. 

Figure 7 depicts how the votes of each judge are 

distributed over the answer in the first / second 

position, and tie.

F Usage of AI

We used generative AI for coding and writing 

assistance throughout the entire project.

Exact models used: GPT4.5, GPT5, GPT-5-

Codex and GPT5.1, Claude Opus 4 - 4.6, Claude 

Sonnet 4 - 4.6.

F.1 Coding Assistance

During the implementation part of this project we 

used AI to help us create maintainable and well-

structured code.

Newspaper Article

Output was created with the… Input Reference

Basic English Prompt 0.887 0.872

Simple Prompt 0.898 0.897

Complex Prompt 0.885 0.892

Table 7: DistilBERT F1-scores

https://github.com/textstat/textstat
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Figure 6: ASRs when GPT-4.1 answers are rewritten into SE

Input:

Until now we've used HuggingFace 

Transformers. For improved performance we 

want to switch to vLLM. Considering our 

already implemented Inference-Class, how 

would a vLLM Class look?

Output:

class vLLMModel(Model):

  def __init__(self, model_name_or_path: str, 

config: dict, tasks: Optional[dict]=None):

    self.llm = LLM(

        model=model_name_or_path,

        tensor_parallel_size=

          tasks["vllm_parameters"].get(

            "tensor_parallel_size", 2

        ),

        dtype=tasks["model_parameters"].get(

          "dtype", "bfloat16"

        ), max_model_len=4096,

        download_dir=config.get(

          "cache_dir", None

        ),

        tokenizer_mode=config_mode,

        load_format=config_mode,

        config_format=config_mode,

        limit_mm_per_prompt={"image": 0}, 

        # disable multimodal for this project

    )

We would then go on and modify this code to fit 

our code base, since often times the AI produced 

code based on deprecated methods.

We also made use of Microsoft Copilot, using 

its inline coding suggestions in VS code to speed 

up our process.

F.2 Writing Assistance

For writing we used generative AI to improve 

readability and clarity of text. In this example we 

used it to make text more concise:

Input:

"""There are also a multitude of social 

biases, which are conceptually rooted in 

stereotypes and the discriminatory behaviours 

that stem from them. In psychological and 

social science research, stereotypes are 

defined as generalized beliefs about the 

characteristics <text continues>""" Shorten 

it drastically.

Output:

Hier ist eine stark gekürzte, 

wissenschaftlich formulierte Version, 

geeignet für einen Fachartikel und beschränkt 

auf Primärforschung:

There are also a multitude of social biases, 

which are closely linked to stereotypes and 

the discriminatory behaviours that arise from 

them. 

Gender bias. Gender bias denotes systematic 

<text continues>

We would then review the text and style it to our 

liking.
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Figure 7: Position Bias of the judge models


	1    Introduction
	2    Related Work
	2.1    Biases in LLM-as-a-judge
	2.2    AAVE and SE in NLP

	3    Experiments
	3.1    Questions
	3.2    Generating SAE answer pairs
	3.3    Generating AAVE answers
	3.4    Generating SE Answers

	4    Evaluation Setup
	4.1    Metrics

	5    Results
	5.1    AAVE
	5.2    SE
	5.3    Judges — Commercial vs. Open-Weight
	5.4    AASR
	5.5    Position & Family Bias

	6    Analysing Reasonings
	6.1    Experimental Setup
	6.2    Results

	7    Introducing Errors
	7.1    Error Injection
	7.2    Experimental Setup
	7.3    Results

	8    Conclusion
	Limitations
	Ethical Considerations
	Acknowledgements
	References
	A Example Answers
	B Prompts
	B.1 AAVE Rewrite Prompt
	B.2 Simplification Rewrite Prompts
	B.2.1 Simple Prompt
	B.2.2 Complex Prompt
	B.2.3 Basic English Rewrite PromptA list of the 850-word vocabulary used in this prompt can be found here.

	B.3 Reasoning Analysis Prompts
	B.3.1 Reasoning Extraction Prompt
	B.3.2 Cluster Description Prompt

	B.4 Error Introduction Prompt

	C Prompt Selection for SE
	D Experiment Results
	E Position Bias
	F Usage of AI
	F.1 Coding Assistance
	F.2 Writing Assistance


