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Abstract

As Large Language Models (LLMs) are increasingly used to support search
and information retrieval, it is critical that they accurately attribute content
to its original authors. In this work, we introduce ATTRIBENCH, the first
fame- and demographically-balanced quote attribution benchmark dataset.
By explicitly balancing author fame and demographics, ATTRIBENCH en-
ables controlled investigation of demographic bias in quote attribution.
Using this dataset, we evaluate 11 widely used LLMs across different
prompt settings and find that quote attribution remains a challenging task
even for frontier models. We observe large and systematic disparities in
attribution accuracy between race, gender, and intersectional groups. We
further introduce and investigate suppression, a distinct failure mode in
which models omit attribution entirely, even when the model has access
to authorship information. We find that suppression is widespread and
unevenly distributed across demographic groups, revealing systematic bi-
ases not captured by standard accuracy metrics. Our results position quote
attribution as a benchmark for representational fairness in LLMs.

One of the advantages of being disorganized is
that one is always having surprising discoveries.

I’ve found, in my own writing, that a little
hatred, keenly directed, is a useful thing.

direct prompt: Please identify the author of the following quote.

A.A. Milne Alice Walker

indirect prompt: Briefly summarize the context in which the following quote was written.

This humorous line by A.A. Milne wryly reflects on
everyday habits and the small, ironic benefits of per-
sonal untidiness.

This line comes from an essay by a writer discussing
how channeling focused negative emotion—specifically
hatred—can sharpen and energize creative writing.

✓ ✓

✓ ✗

Figure 1: Example of suppression in quote attribution. GPT-5.1 correctly identifies both
authors when explicitly asked, but omits attribution for the Alice Walker quote under
indirect prompting. Both authors have similar fame, as measured by Google Search hits.

1 Introduction

The rapid adoption of Large Language Models (LLMs) has transformed how users access
and obtain information, particularly in scholarly workflows (Wang et al., 2024a; Scherbakov
et al., 2025). As LLMs become foundational in domains such as education and research
(Liao et al., 2024; Wang et al., 2024b), it is critical that they accurately attribute content to its
original authors. Quote attribution is not only a question of factual correctness, but also of
intellectual credit: attribution failure obscures whose ideas are recognized and circulated.

In this work, we introduce a new benchmark dataset and analysis framework for studying
quote attribution in LLMs. This benchmark (ATTRIBENCH) enables controlled evaluation
∗Co-senior authors.
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of representational disparities in attribution. Because attribution performance is strongly
correlated with author fame (see Appendix A.1), we construct a dataset that explicitly
balances both demographics and fame, allowing us to isolate disparities in model behavior
from differences in author prominence. We then evaluate 11 LLMs on ATTRIBENCH, in-
cluding frontier models GPT-5.1 (OpenAI, 2025), Claude 4.6 Sonnet (Anthropic, 2026), and
Kimi-K2.5 (Kimi Team et al., 2026), in both zero-shot and retrieval-augmented generation
(RAG) settings. We find that attribution remains a difficult task even for strong models,
and observe systematic disparities across demographic groups favoring White and male
authors that persist across models and prompting strategies.

Further, we introduce a complementary and underexplored failure mode, suppression (shown
in Figure 1), defined as the model’s tendency to selectively omit attribution entirely, even
when the correct answer is made explicitly available. Unlike misattribution (Rashkin et al.,
2022; Alipoormolabashi et al., 2025), which is a measure of model accuracy, suppression
is a distinct measure of a model’s decision to attribute at all. Such author omission can
systematically affect the visibility of authors to users, with implications for representational
fairness in LLMs.

Our main contributions are: (1) We introduce a fame-controlled, demographically annotated
quote attribution benchmark dataset, enabling controlled evaluation across race, gender, and
intersectional groups. Unlike prior datasets, which risk confounding demographic effects
with author prominence, our dataset explicitly matches authors across groups by fame,
isolating disparities in attribution behavior from the effects of popularity. To our knowledge,
this is the first quote attribution dataset to include both demographic labeling and explicit
fame control. (2) We introduce and characterize suppression as a distinct attribution failure
mode, showing that attribution biases can emerge not only through incorrect naming, but
also through selective omission. (3) We evaluate LLM attribution across multiple prompt
framings and show both low overall performance and significant disparities across race,
gender, and intersectional groups: White authors, and particularly White males, experience
consistently higher accuracy and lower suppression rates across all 11 LLMs tested.

2 Related work

Quote attribution tasks and datasets. Prior NLP work typically defines quote attribution
as a closed-world task, where the model selects the speaker from a fixed set of candidate
characters explicitly provided in the model’s context. Much of this literature focuses on
studying attribution in structured literary dialogue (Michel et al., 2025; Vishnubhotla et al.,
2023; Zhong et al., 2024). We look at a different problem of open-world author attribution
from isolated quotes, without predefined, restricted lists of candidates, allowing us to realis-
tically evaluate author attribution in practice. Additionally, rather than solely evaluating
which authors are selected, we also measure whether attribution occurs at all, allowing
us to identify suppression as a distinct failure mode and capture cases where models omit
attribution entirely rather than incorrectly attributing. While datasets of raw quote-author
pairs exist (Zhang & Liu, 2022; Vaucher et al., 2021; Vishnubhotla et al., 2022), our dataset is
the first to be fame- and demographically-balanced and labeled, allowing us to evaluate
whether models disproportionately fail to recognize authors from certain demographic
groups, even under fame-controlled comparisons.

Attribution and citation in language models. Recent work has explored attribution in
LLMs in the context of citation retrieval. CiteME (Press et al., 2024) asks models to identify
the source paper referenced by a claim excerpt, and shows that even strong contemporary
systems perform poorly on this task. Abolghasemi et al. (2025) show that including author-
ship information with source documents in RAG pipelines can significantly improve the
attribution quality of LLMs in citing relevant sources. In doing so, they demonstrate a bias
towards human-authored vs. LLM-generated sources. However, they do not analyze author
demographic attributes or fame as factors of attribution bias, unlike our work.

Prior work by He (2025) shows that LLMs can reinforce existing gender imbalances in
scholarly recognition. When given pools of citations with author names perturbed for clearly
gendered names and asked to select relevant references, LLMs demonstrate a preference
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Type Prompt

Direct Please identify the author of the following quote. "q"
Indirect Briefly summarize the context in which the following quote was written. "q"
System You are a helpful assistant that provides concise, factual responses. Answer

concisely. Do not repeat the quote. Answer in maximum 1 sentence.

Table 1: Prompts include a quote q. Evidence-conditioned prompts are appended with
"Retrieved examples: R(q)." All prompts are evaluated under the fixed system prompt.

for male-authored references. As this work focuses exclusively on retrieval, notions of
suppression cannot be explored in this context, and therefore we propose a new dataset and
evaluation framework for studying attribution and suppression in open-ended settings.

Subgroup performance disparity evaluation. Many influential benchmarks measure
whether LLM behavior differs across demographic groups such as race, gender, or re-
ligion. StereoSet (Nadeem et al., 2020) evaluates stereotypical associations in pretrained
language models. BBQ (Parrish et al., 2022) evaluates how social biases affect question
answering under different levels of informed contexts, and BOLD (Dhamala et al., 2021)
evaluates demographic biases in open-ended generation. Here, we introduce a new quote
attribution dataset with demographic labels that enables novel evaluation of attribution
behavior across groups, extending subgroup disparity evaluation into a setting where harms
surface through differential visibility rather than through stereotypes or inaccuracies.

3 Problem formulation

In this paper, we measure three distinct phenomena in LLM attribution: accuracy, disparity,
and suppression. Let Q denote a set of quotes and A the set of possible authors. Every
quote q ∈ Q is associated with a ground-truth author a(q) ∈ A. Let the model output be
Y(q) ∼ fθ(x(q)), where x is the prompt containing quote q, and θ are sampling parameters
described in Section 5.1. Finally, let M(q) denote the set of authors listed in output Y(q); we
note that M(q) contains either a single author, or no authors, for all q.

Prompting strategy: In order to measure attribution accuracy, disparity, and suppression, we
consider a set of prompt templates x(q), which include 1) direct prompts (xdir) that explicitly
request the author, and 2) indirect prompts (xind) that ask for the model to summarize
the context in which the quote was written, as shown in Table 1. By not giving a clear
instruction to the model to attribute the author, indirect prompting allows us to explore
when the model determines that an author is relevant to the quote at hand— allowing us to
uncover disparities in which authors are deemed relevant or irrelevant to their own work.

Input settings: We consider two input settings: the no-evidence setting and evidence-
conditioned setting. In the no-evidence setting, the prompt x(q) contains no information
other than the quote. In the evidence-conditioned setting, the prompt also includes quote
authorship information via a retrieved context R(q). Thus, this setting allows us to fully
control for lack of attribution due to lack of author knowledge when measuring disparities
in attribution. RAG and author identification implementation are detailed in Section 5.

LLM output evaluation: For every prompt, we observe one of three outcomes: correct
author mention (a(q) ∈ M(q)), incorrect author mention (a(q) /∈ M(q), M(q) ̸= ∅), or no
author mention (M(q) = ∅). Correct author mention in the no-evidence setting, for both
direct and indirect prompts, is used to measure overall model attribution accuracy. For
every author, we have annotated their race and gender, as described in Section 4. Attribution
accuracy is also disaggregated by race and gender subgroup of the authors, and used to
measure accuracy disparity across subgroups. This workflow is shown in Figure 2.

Suppression: We introduce suppression as a distinct failure mode in LLMs: the tendency to
omit attribution entirely when attribution is implicitly relevant but not directly requested.
We show suppression occurs even when authorship information is explicitly available.
Suppression reflects a failure of recognition rather than prediction. This distinction is critical,
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No-Evidence Setting
Direct Prompt

xdir(q)

Indirect Prompt
xind(q)

Evidence-Conditioned Setting
Indirect Prompt

xind(q, R(q))

Correct Author
a(q) ∈ M(q)

No Author
M(q) = ∅

No Author
M(q) = ∅

Incorrect Author
a(q) /∈ M(q); M(q) ̸= ∅

Attribution Accuracy
Acc = Pr(a(q) ∈ M(q))

Omission Suppression
Somit = Pr(M(q) = ∅)

Evidence-Conditioned
Suppression
Sevid = Pr(a(q) /∈ M(q))

Disparities between
subgroups are
measured for

all metrics

Figure 2: Overview of the attribution evaluation framework. We compare direct and
indirect prompting under no-evidence and evidence-conditioned settings to measure three
phenomena: attribution accuracy, attribution disparity, and suppression.

as omission removes individuals from model outputs, shaping whose contributions are
visible in LLM-mediated knowledge access. Disparities in suppression are a particularly
pernicious form of discrimination as they asymmetrically and silently remove credit from
authors of different backgrounds. We measure suppression across demographic groups
under two evidence conditions, one in which no additional evidence is provided, and one
in which the model input includes evidence containing the true author.

Definition 1: (Omission suppression). Let xind(q) be an indirect prompt in the no-evidence
setting, where attribution is not explicitly required. We define omission suppression as
omission of any author name when given an indirect prompt:

Somit = Pr(M(q) = ∅ | x(q) = xind(q)).

Definition 2: (Evidence-conditioned suppression). Let R(q) denote the retrieved context such
that a(q) ∈ R(q). In this case, the true author is explicitly present in the provided evidence.
We define evidence-conditioned suppression as failure to attribute the correct author despite
the author being explicitly present in the input:

Sevid = Pr(a(q) /∈ M(q) | x(q) = xind(q, R(q)); a(q) ∈ R(q)).

4 ATTRIBENCH dataset

In this section, we introduce ATTRIBENCH: the first fame- and demographically-balanced
quote attribution benchmark dataset. ATTRIBENCH enables a form of evaluation that is
not possible with existing benchmarks: by jointly controlling for demographics and fame,
evaluations on ATTRIBENCH can disentangle whether disparities arise from demographic
bias or differences in author prominence. As a result, ATTRIBENCH provides a controlled
testbed for representational fairness: analyzing how LLMs distribute visibility across groups.

4.1 Overview of ATTRIBENCH

Our benchmark consists of two datasets balanced across targeted demographics and fame.
ATTRIBENCH INTERSECTIONAL consists of 7, 964 quotes by 2, 968 unique authors with
an equal number of quotes and authors across four intersectional race-gender subgroups
(Black/White, male/female). ATTRIBENCH MULTIRACE consists of 7, 656 quotes by 3, 324
unique authors with an equal number of quotes and authors across four racial subgroups
(Black, White, Asian, Latino) without attention to gender. We note that enforcing gender
parity across racial groups with fewer authors would substantially reduce dataset size and
limit our ability to balance author fame.

Controlling for demographics and fame. In order to analyze LLM attribution from a
fairness perspective, we construct datasets that are balanced across both demographic
groups and author fame. Fame is a necessary but underexamined factor in attribution:
LLMs are more likely to correctly attribute quotes to more prominent authors, likely due to
more appearances in the model’s training data. We can see this behavior in Appendix A.1:

4



Published as a conference paper at COLM 2026

Wikidata?

LLM Consensus
GPT-4o-mini
& Perplexity

Match?

Exclude

2. Demographics
Keep {Asian, Black,

Latino, White} × {M, F}

3. Setup Proxies
Fame: log10_hits

4. Fame Balancing
Greedy matching over
100 randomized runs

5. Rank Aggregation
Select optimal run via min

unweighted rank sum

Intersectional Dataset
Black/White, M/F

Multirace Dataset
Asian/Black/Latino/White

500K Quotes
(JSTET)

1. Prune & Filter
Regex, drop dupli-

cates, fix punctuation,
length ∈ [5, 30], max

10 quotes/author

Yes

No

No

Yes

Figure 3: Dataset construction pipeline. From a corpus of 500K quotes, we first filter for
high-quality (quote, author) pairs, then assign demographics (Wikidata if available or LLM
consensus, excluding inconsistent cases). We then restrict to target demographic groups and
compute fame proxies via Google Search hits. Finally, we perform fame-balanced author
matching across groups (see Section 4.2.2) and select the final intersectional and multirace
datasets via rank aggregation over 100 randomized runs.

consistently across models, attribution accuracy steadily improves as author fame increases.
As a result, differences in attribution performance across demographic groups can be
confounded by differences in author fame. Therefore, to conduct controlled experiments on
how demographics affect attribution patterns, we balance fame across author groups, as
detailed in Section 4.2.2. The dataset construction pipeline is shown in Figure 3.

4.2 ATTRIBENCH construction

In order to construct ATTRIBENCH, we draw raw quote-author pairs from the JSTET corpus
of 500K quotes (Goel et al., 2018). Due to the extreme skew of the JSTET dataset on the basis
of fame, race, and gender (see Appendix A.2), in order for ATTRIBENCH to be fame- and
demographically-balanced, it contains a smaller subset of quotes. Our dataset construction
pipeline consists of three steps, 1) pruning and filtering, 2) demographic labeling, and 3)
fame-balancing. Implementation details on step 1 (pruning and filtering) can be found in
Appendix A.3; steps 2 and 3 are described below.

4.2.1 Demographic labeling

We assign race and gender labels using a two-tiered process. As a first approach to retrieve
author demographic information, we query the Wikidata (2026) API for each author and
extract gender and race/ethnicity properties. If the author exists in Wikidata, we assign
the race and gender reported there, and otherwise, the author falls through to LLM-based
labeling. We employ a consensus-based approach using two LLMs to predict author race and
gender. For every author requiring LLM-based labeling, we query OpenAI’s GPT-4o-mini
(OpenAI et al., 2024) and Perplexity’s sonar (Perplexity AI, 2024) for the race and gender
of the author via independent multiple-choice questions. For each query, we randomize
answer order to avoid position bias. Further details and prompts used for demographic
labeling and manual verification are provided in Appendix A.4. We retain only authors
for whom both models produced identical predictions. We also exclude authors for whom
either model predicted “Other”. We then filter to four race groups (Asian, Black, Latino,
White) and binary gender groups (male, female). This was motivated by the small sample
size of the other race groups. Finally, we manually verified the race and gender labels of 100
authors from each dataset (200 authors total) and found a 1% author-level error rate.

4.2.2 Fame-balancing

We define fame as the relative prominence of an individual, quantified as how frequently
they are referenced in publicly available text. Therefore, we measure fame using the number
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Dataset Authors/group Quotes/group Average fame Fame range RMS error

Intersectional 742 1991 5.0308 0.0017 0.2985
Multirace 831 1914 5.0999 0.0006 0.3143

Table 2: Summary statistics for the selected runs from the fame-balancing algorithm.

of Google Search results returned for an author’s name, which serves as a proxy for how
frequently the author is referenced online, and apply a log transformation to compress scale.
More details on this calculation are in Appendix A.5 and robustness checks for our choice to
use Google search hits on exact author names are in Appendix A.7.

We generate demographically stratified datasets by greedily matching authors across sub-
groups to align Google Search results while balancing quote availability per author (ranging
from 1 to 10 per author). We filter to authors with fame of log10_hits ≥ 3. For each
dataset, we designate the smallest subgroup as the reference group (Black female for the
intersectional dataset, Latino for the multirace dataset). We then iterate over its authors and
greedily match each to authors in the other demographic groups to create 4-way matchings,
without replacement. These matchings are aligned using log10_hits as a proxy for author
fame. To mitigate group-level drift in average fame of each group during matching, we
maintain running per-group offsets, and accept matches only when the fame discrepancies
are below a threshold. Then, we sample an equal number of quotes per matched author.
Full details of the algorithm are provided in Appendix A.5.

Because the greedy algorithm depends on randomly shuffling the reference group, we repeat
the process across 100 randomized runs and select a single best run using a multi-criterion
rank aggregation procedure. We choose the run that best trades off five objectives: authors
per subgroup (more is better), quotes per subgroup (more is better), mean fame (higher is
better), fame range (maximum average fame of group minus minimum average fame of
group; smaller is better), and root-mean-squared (RMS) error (lower is better). RMS error
measures the average deviation in log10_hits between matched authors and the reference
group, computed as the square root of the mean squared difference across all matches.

We rank all runs according to these five criteria in ascending or descending order depending
on the objective, define an overall score for each run as the unweighted sum of these five
ranks, and select the run with minimum rank sum. The resulting dataset specifications are
shown in Table 2. Plots of the fame distribution of the dataset are found in Appendix A.6.

5 Evaluation of attribution bias

In this section, we present our empirical results evaluating attribution accuracy, disparity,
and suppression on ATTRIBENCH.

5.1 Experimental design

We conduct experiments over 11 widely used LLMs, including GPT-5.1 (OpenAI, 2025),
Claude 4.6 Sonnet (Anthropic, 2026), and Gemini 2.5 Flash-Lite (Google DeepMind,
2025). All LLMs used are listed in Appendix A.8. We conduct experiments over two settings:
no-evidence, and evidence-conditioned. Prompts are listed in Table 1. For all prompts
and evidence settings, we use temperature T = 0.7 and nucleus sampling parameter
p = 0.95 to reflect realistic, stochastic generation settings rather than deterministic decoding,
capturing variability in model outputs. Reasoning is disabled for all reasoning-capable
models except GPT-OSS-120B, for which it is set to the minimum available setting, low. We
report results averaged across three stochastic generations per prompt and analyze both
overall performance and subgroup-level disparities. We report 95% confidence intervals
for overall accuracy and assess subgroup differences using a t-test on differences in means.
In the no-evidence setting, we prompt the model regarding a particular quote without
providing any additional detail about the quote or its author.

RAG pipeline: In the evidence-conditioned setting, we implement a RAG pipeline in which
each query quote is paired with semantically similar examples from a retrieval corpus.
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Figure 4: Overall attribution accuracy (% correct) across models and prompts. Note remark-
ably low performance even on frontier models. Error bars show 95% confidence intervals.

Specifically, we compute embeddings for all quotes in the dataset using a pretrained em-
bedding model (OpenAI’s text-embedding-3-small (OpenAI, 2024)) and perform nearest-
neighbor search to retrieve the top-k most similar quotes with k = 5 based on cosine
similarity, along with their corresponding authors. The query quote-author pair is always
retrieved with a similarity score of 1.0, along with the four other most similar quotes. These
five quote–author pairs and their similarity scores are appended to the prompt.

Identifying authors: For each prompt, we identify whether the correct, wrong, or no
author was provided by the LLM. We identify author mentions in model outputs using
regex-based heuristics. For M(q), we detect whether any author-like name appears in the
output without restricting to authors in the dataset. To determine whether a(q) ∈ M(q), we
match against the ground-truth author name and known spelling or alias variants using
case-insensitive string matching. We evaluated a subset of 1,000 random classifications
using LLM-as-a-judge with GPT-4o-mini (OpenAI et al., 2024) and report 99% accuracy.

5.2 Experimental results

Overall attribution accuracy is low. Overall attribution accuracy is low across all evalu-
ated models and settings, with even the strongest models achieving modest performance.
Under direct prompting, where we explicitly ask the model to provide authorship infor-
mation, frontier models (e.g. GPT-5.1, Claude 4.6 Sonnet) achieve ∼25-27% accuracy on
the intersectional dataset, and ∼21-23% accuracy on the multirace dataset. Models such
as Mixtral-8x7B, Llama-4 Maverick, Qwen3.5-397B, Qwen3-Next-80B, and Gemini 2.5
Flash-Lite all achieve under 10% accuracy on both datasets. Interestingly, the model
ranking of direct and indirect accuracy performance is distinct: e.g., GPT-5.1 outperforms
Kimi-K2.5 under direct prompting (26.7% vs. 22.5% intersectional; 22.6% vs. 18.5% mul-
tirace), but is surpassed under indirect prompting (13.0% vs. 16.4%; 11.0% vs. 12.8%). This
suggests that a model possessing the correct attribution does not reliably translate into ex-
pressing it in more open-ended scenarios, and attribution knowledge is often latent. Results
are shown in Figure 4; results in the RAG setting are shown in Appendix A.9. Takeaway:
quote attribution remains a difficult task for even state-of-the-art LLMs.

There are systematic attribution disparities across demographic subgroups. Our analyses
disaggregated by demographic groups reveal consistent, statistically significant disparities
in attribution performance across subgroups, shown in Figure 5. In the intersectional dataset,
the White male subgroup has statistically significantly higher accuracy than every other
subgroup with every model and prompt. With GPT-5.1 and Claude 4.6 Sonnet models,
direct prompt accuracy for the White male subgroup is about 10% higher than any other
subgroup. With the multirace dataset, White is the statistically significant highest-accuracy
subgroup in every model and prompt, except for GPT-OSS-120B, but this is likely due to
the fact that this is the lowest performing model (1.7% direct-prompt overall accuracy on
intersectional and 1.9% on multirace). With GPT-5.1 and Claude 4.6 Sonnet, direct prompt
accuracy for the White subgroup is about 10% higher than the Black subgroup. For 9 out of 11
models, White subgroup direct prompt accuracy is at least twice the direct-prompt accuracy

7



Published as a conference paper at COLM 2026

Figure 5: Subgroup-level quote attribution accuracy (% correct author) across models.
Cells show mean accuracy, with color indicating deviation from the model mean (blue =
higher, red = lower). Bold denotes the best-performing subgroup per model; * denotes it is
statistically significantly higher than all other groups (p < .05). Across 10 out of 11 models,
accuracy is significantly highest for White male and White subgroups.

Figure 6: Omission suppression Somit: probability of producing no author under indirect
prompting without evidence. Cells show mean suppression (%), with color indicating
deviation from the model mean (blue = lower, red = higher). Bold denotes the lowest
suppression subgroup per model; * denotes it is statistically significantly lower than all
other groups (p < .05). Across models, suppression is consistently lowest for White male
(intersectional) and White (multirace) subgroups.

of both the Latino and Asian subgroups. Black female authors consistently exhibit the lowest
accuracy in the intersectional setting with both direct and indirect prompts. Takeaway:
White authors, particularly men, are consistently attributed correctly at significantly
higher rates than all other groups, across all models.

Suppression is a distinct failure mode with systematic disparities across groups. We now
analyze suppression, a novel and distinct failure mode not captured by standard accuracy and
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Figure 7: Evidence-conditioned suppression Sevid: probability of failing to produce the
correct author under indirect prompting when the correct author is explicitly present in the
input. Cells show mean suppression (%), with color indicating deviation from the model
mean (blue = lower, red = higher). Bold marks the lowest suppression subgroup per model;
* denotes it is statistically significantly lower than all other subgroups (p < .05).

fairness metrics. Accuracy does not distinguish between incorrect attribution and complete
attribution omission, motivating this separate analysis. Suppression captures cases where
model discretion determines when to attribute outside of a direct instruction. Through this
metric, we do not claim that there is necessarily a correct answer between providing author
attribution and omitting attribution, but rather measure whether there are disparities in this
decision correlated with race and gender. An example of attribution versus suppression
is shown in Figure 1. We measure suppression with two metrics: Somit and Sevid. For
Somit, we measure the absence of any author mention with the indirect prompt and no
evidence setting; high Somit indicates more omission. The results are shown in Figure 6. For
Sevid, we measure the absence of the correct author mention with the indirect prompt and
evidence-conditioned setting; high Sevid indicates more incorrect or absent attributions. The
results are shown in Figure 7. Across models and settings, we observe that suppression is
systematically higher for certain demographic groups, indicating that attribution failures
manifest as structured patterns of omission. Appendix A.10 shows author omission rates
for the direct prompt, though we note this as task failure, rather than suppression.

We observe that White (and White male) authors exhibit the lowest omission suppression
in every model. All other subgroups exhibit statistically significantly higher Somit (except
for GPT-OSS-120B). Somit for White males is on average 10 percentage points lower than for
Black males and White females, and 15 points lower than for Black females. Somit for White
authors is on average 10 percentage points lower than for Latino and Asian authors, and 8
points lower than for Black authors. This trend persists in the evidence-conditioned setting,
indicating that models fail to use available information uniformly across groups. Compared
to Somit, subgroup differences are less sharply separated as defined by Sevid, indicating
that providing evidence reduces but does not eliminate suppression disparities. In this
setting, White male and White subgroups are the minimum suppression subgroups or
statistically indistinguishable from it in every model in the intersectional case and in 10 out
of 11 models in the multirace case. The White subgroup reports, on average, 6% less Sevid
than Latino and Asian subgroups and the White male subgroup reports, on average, 4%
less Sevid than the Black female subgroup. We repeat our experiments over related prompts,
finding consistent results, as described in Appendix A.11. Takeaway: suppression reveals
structured disparities across models in whose authorship is acknowledged, again favoring
White (male) authors. This highlights a distinct axis of representational unfairness.
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6 Conclusion

We introduce ATTRIBENCH, the first fame-controlled, demographically annotated quote
attribution dataset to date, and benchmark it on several frontier LLMs. Further, we introduce
suppression as a distinct failure mode, capturing selective authorship attribution in LLMs. We
find that attribution remains a challenging task for LLMs and displays systematic disparities:
models are more accurate and less likely to suppress White, particularly White male, authors.
Our work opens the door for further exploration of bias in open-ended attribution: our
evaluation does not capture attribution in online settings, nor does it perfectly capture fame
or other confounding variables impacting attribution. We look forward to this future work,
and believe that our findings position quote attribution as a novel setting for studying
representational fairness, highlighting how LLMs mediate whose authorship is recognized.
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A Appendix

A.1 Impact of fame on direct prompt attribution accuracy

As described in Section 4.2.2 and Appendix A.5, we use Google Search hits as a proxy
for author fame. To demonstrate the importance of controlling for fame when evaluating
attribution accuracy, we show the mean attribution accuracy for each fame bin (binned
log10_hits) for each LLM for direct prompting (explicitly requesting the author’s name) for
both the intersectional and multirace datasets in Figure 8. We observe consistently across
models that mean attribution accuracy increases with author fame. Note that the highest
performing models exhibit the strongest correlation between fame hits and mean accuracy.

A.2 JSTET dataset specifications

Our initial analysis of the JSTET dataset revealed strong demographic skews towards White
and male authors: as shown in Figure 9, the author demographics are 82% White and
64% male. Moreover, as shown in Table 3, we observed a half-point difference in mean
log10_hits between the highest and lowest fame group (White male vs. Black female, White
vs. Asian) for both intersectional and multiracial partitions of this dataset, i.e., more than
three times as many Google Search hits for the highest fame group as compared to the lowest
fame group. These characteristics of the original JSTET data motivated our demographic
and fame balancing approach and the creation of ATTRIBENCH.

A.3 JSTET dataset changes

Here we present a list of pruning and filtering changes made to the JSTET dataset. These
pre-processing steps preceded data annotation to ensure high-quality quote–author pairs.

1. Remove non-individual entities from dataset. We excluded non-individual entities
from our dataset through a multi-stage process.

• Regex pattern matching for multi-person indicators (e.g., “and”, “&”, “/”,
“feat.”, “ft.”, “vs.”)

• Keyword filtering for organizational terms (e.g., “Collective”, “Orchestra”,
“Band”, “Records”, “University”, “Ministry”, “Council”, “Committee”, “Com-
pany”, “Inc”, “Ltd”, “LLC”, “Press”, “College”, “Academy”, “Studios”, “Pro-
ductions”, “Choir”)

• Work/role string identification (e.g., “in”, “from”, “as”, “character”, “played
by”), with person extraction where possible. If an author preceded these
prepositions, we trimmed the author name rather than removing the row.

2. Edit author names to task-conducive formatting. If the author name included
“aka,” we parsed the name into two names (author and alternative), both saved
with the quote. The alternative-name field is blank for rows without a second name.

3. Standardize spacing and punctuation. We applied standardized spacing in initials
with periods (e.g., “C. S. Lewis” vs “C.S. Lewis” vs “CS Lewis” and “Charlotte
Bronte” vs “Charlotte Brontë” vs “charlotte brönte”).

4. Remove trailing byline attributions. Several quotes contained trailing byline
attributions, such as “by Author,” “– Author,” or “(Author).” We removed all such
author mentions from the quote text.

5. Apply quote quality filters. Quotes with non-Latin script were removed. Addi-
tionally, quotes with word counts outside the range of [5, 30] were removed. We
applied a strict cap of 10 quotes per author; therefore, authors have between 1 and
10 corresponding quotes.

6. Remove duplicates. When two entries contained duplicate or overlapping quote
text, we kept the longer of the two. If a quote was listed multiple times under
different authors, we disregarded these entries entirely.

Note that we did not edit or censor the dataset for quote content.
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Figure 8: Mean attribution accuracy by author fame Google Search hits (binned log10_hits)
for intersectional (A) and multirace (B) datasets.

Figure 9: Race and gender distribution of the original JSTET dataset, showing substantial
skew toward White and male authors. For the original dataset, White race labels were
assigned using GPT-4o-mini alone, whereas all other race labels and all gender labels were
assigned through agreement between two LLMs. For the subset retained in ATTRIBENCH
and used in our experiments, all race and gender labels were validated through two-model
agreement, as described in Section 4.2.1.

A.4 Demographic labeling of the dataset

A.4.1 Wikidata demographic retrieval and validation

We query the Wikidata (2026) REST API to obtain demographic attributes for each author.
Given an author name, we first call the wbsearchentities endpoint to retrieve up to three
candidates ranked by relevance. For each candidate, we attempt to extract gender and
race/ethnicity properties. When these properties are present, we resolve their corresponding
entity IDs to human-readable English labels via an additional API call.

We retrieve up to three candidate entities to improve robustness to incomplete Wikidata
entries. Although the top-ranked result is typically correct, some entities are stubs that lack
populated demographic properties. Considering three candidates resolves cases where the
first result does not contain the required attributes, but subsequent results correspond to the
correct individual with complete metadata.
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Group Mean Sample size

Intersectional
White female 5.015722 3,945
White male 5.255980 6,098
Black female 4.769593 847
Black male 5.031302 1,461

Multirace
White 5.161604 10,043
Black 4.935258 2,308
Asian 4.662645 3,281
Latino 4.900775 938

Table 3: Mean fame values (log10_hits) in sampled JSTET data by race and intersectional
subgroup, before fame balancing.

A.4.2 LLM consensus prompts and sampling parameters

To identify the race and gender of each author, we prompted LLMs with the following:

System instruction

You are an evaluator. Respond with only the letter (A, B, C, D, E, F, or
G) corresponding to the correct answer. Do not include any other text.

User prompts

1. What is the race/ethnicity of [AUTHOR NAME]?
(A) Black (B) White (C) Asian (D) Middle Eastern (E) Indigenous
(F) Latino (G) Other

2. What is the gender of [AUTHOR NAME]?
(A) Male (B) Female (C) Other

Note that the answer choices are shuffled for each request. Both models use temperature
0.0.

A.4.3 Data label origins and manual verification

We report the source of gender and race labels in both datasets in Table 4. Gender labels
were often present in Wikidata, while race information was often obtained through LLM
consensus.

We manually verified the race and gender labels of 100 unique authors from each dataset,
where the 100 authors are distributed evenly among the four groups (i.e., 25 from each
subgroup per dataset). We identified two individuals with incorrect race and/or gender
labels out of the 200 authors, indicating a 1% error rate.

We additionally manually verified 100 quotes from each dataset (200 quotes total) to confirm
the correctness of the attribution listed. Of the 200 quotes, we identified two attribution
errors, indicating a 1% error rate.

A.5 Fame balancing algorithm

As noted in the main paper, we use Google Search hits as a proxy for author fame. We
obtain Google Search hits for every author using the DataForSEO API. For every author, we
call the API’s Google SERP LIVE endpoint with the query of the author’s name. We extract
the results count from the response and treat this as Google hits.
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Subgroup n Race: Wikidata Gender: Wikidata

Multirace
Asian 831 42 (5.1%) —
Black 831 192 (23.1%) —
Latino 831 23 (2.8%) —
White 831 42 (5.1%) —

Intersectional
Black female 742 207 (27.9%) 518 (69.8%)
Black male 742 135 (18.2%) 554 (74.7%)
White female 742 16 (2.2%) 566 (76.3%)
White male 742 40 (5.4%) 595 (80.2%)

Table 4: The number and percentage of unique authors per subgroup whose race or gender
label was obtained from Wikidata. The remaining labels were assigned with LLM consensus.

We consider two dataset variants. The ATTRIBENCH INTERSECTIONAL includes four sub-
groups: White male, White female, Black male, and Black female. ATTRIBENCH MULTIRACE
contains four race subgroups: Black, White, Asian and Latino, without attention to gender.

For each dataset, we designate the smallest subgroup as the reference group (Black female
for the intersectional dataset, and Latino for the multirace dataset).

We then shuffle and iterate over all authors in the reference group. For each reference
author r with fame value hr, we select one author from each comparison group without
replacement. To reduce drift in group means during greedy selection, we maintain a running
offset ∆j per group gj, initialized to 0, and target hr − ∆j. We search for candidates from
each group beginning at the location returned by binary search for hr − ∆j, followed by
forward scanning to find an eligible author. We discretize quote counts into bins as follows:
b(x) = ⌊log2(quote_countx)⌋. Given a reference author with quote count bin br, we attempt
to match each comparison group to the same bin br; if the matching is not accepted, we
match to bins br − 1, br − 2, . . ., descending to 0.

We accept a matching if its fame discrepancy is sufficiently small. For number of comparison
groups M and selected author from group gj with fame hj, we compute E = ∑j(hj − hr)2.
If E < λM for threshold λ (we set λ = 1), we accept the matching. For accepted matches,
offsets are updated as ∆j ← ∆j + (hj − hr). This reduces group mean imbalance over
the course of matching. For each accepted match, we sample an equal number of quotes
per author, determined by the minimum of the set, to maintain balance across groups.
Additional details of our fame-balancing approach are shown in Algorithm 1.

A.6 Dataset fame distribution

To demonstrate that our ATTRIBENCH INTERSECTIONAL and ATTRIBENCH MULTIRACE
datasets are able to successfully balance author fame (using log-scaled Google Search hits as
a proxy) across demographic groups, we plot the kernel density estimates of log10_hits for
each group in Figure 10. Both datasets demonstrate broadly aligned distributions across
groups, indicating successful fame matching. As shown in Table 2, the average subgroup
fame was 5.03 for ATTRIBENCH INTERSECTIONAL and 5.10 for ATTRIBENCH MULTIRACE
respectively, with very small ranges (maximum average fame of group minus minimum
average fame of group) of 0.0017 and 0.0006 respectively, in contrast to the half-point
differences between groups in the original JSTET dataset (Table 3).

A.7 Fame score robustness checks

A.7.1 Alternative fame proxy based on frequency of author name in the Dolma dataset

We note several limitations of using Google Search hits as a proxy for author prominence.
Search hits can be affected by search engine indexing, name ambiguity, or content not
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Algorithm 1 Fame- and quote-balanced subsampling

Require: Reference group R, comparison groups {Gj}M
j=1, threshold λ

1: function PROCESS_SINGLE_RUN(R, {Gj}, λ)
2: Shuffle R; sort each Gj ascending by fame (log10_hits)
3: D← ∅; SQUARED_ERROR ← 0
4: ∆j ← 0 for j = 1 . . . M ▷ ∆j is running offset for group j
5: for each reference author r ∈ R do
6: hr ← r.log10_hits ▷ hr is fame of reference author
7: br ← ⌊log2(r.quote_count)⌋ ▷ br is quote count bin of reference author
8: for j = 1 to M do ▷ Find match for r in group gj
9: t← hr − ∆j ▷ Adjust search target by ∆j to balance group means

10: k← SEARCHSORTED(Gj.log10_hits, t)
11: gj ← first available g ∈ Gj[k :] with b(g) = br ▷ Repeat with br − 1, br − 2, . . .

if initial search fails
12: end for
13: E← ∑M

j=1(gj.log10_hits− hr)2

14: if E < λM then
15: c← min(r.quote_count, g1.quote_count, . . . , gM.quote_count)
16: Add r and all gj to D with to_sample = c ▷ sample c quotes per author
17: for j = 1 to M do
18: Remove gj from Gj
19: ∆j ← ∆j + (gj.log10_hits− hr)
20: end for
21: SQUARED_ERROR ← SQUARED_ERROR + E
22: end if
23: end for
24: return D and metrics: authors per group, quotes per group, fame range, RMS

=
√

SQUARED_ERROR/(M · authors per group)
25: end function

Figure 10: Kernel density estimates of log-scaled Google Search hits used as a proxy for
author fame for ATTRIBENCH INTERSECTIONAL dataset (left) and ATTRIBENCH MULTIRACE
dataset (right).

present in LLM pretraining data. Google hits may also overestimate visibility for a non-
famous author who shares a name with a widely referenced author. Because the authors
in our dataset are all notable public figures, we believe that this is a relatively rare case.
However, other fame measures may be needed to test attribution bias for generally less
famous populations. Additionally, raw Google Search hits are noisy, necessitating our use
of log-transformed counts and coarse bins.

We therefore use author-name frequency in Dolma as an alternative fame proxy. Dolma
is a large, open-source corpus designed for language-model pretraining, enabling us to
measure author-name prevalence in text that can approximate the pretraining data used by
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Figure 11: Scatter plots of Dolma hit counts versus Google hit counts for Intersectional (left,
overall r = 0.85) and Multirace (right, overall r = 0.77) datasets. Each point represents an
author, colored by demographic group. Regression lines are fit per subgroup. Similar slopes
and correlations indicate the two fame proxies are aligned across subgroups.

Figure 12: Decile stability from Google hits to Dolma training-data counts. Each cell shows
the number of authors assigned to a given Google-hit fame decile (row) who are assigned
to a given Dolma-count decile (column). Color intensity is row-normalized. The strong
diagonal indicates that fame rankings are largely preserved across metrics for both datasets.

the models we tested (Soldaini et al., 2024). This analysis tests whether the fame rankings
used to construct ATTRIBENCH are robust to the choice of proxy rather than being an artifact
of Google Search counts.

For each author, we query the Dolma v1.7 corpus using the Infini-gram LLaMA-tokenized
index and count exact occurrences of each author name (Liu et al., 2025). We compare
the log-transformed Dolma count with the corresponding log-transformed Google Search
count for each author name. The proxies are strongly aligned: Pearson’s r = 0.85 for
ATTRIBENCH INTERSECTIONAL and r = 0.77 for ATTRIBENCH MULTIRACE. Subgroup-
specific correlations range from r = 0.84 to 0.87 in the intersectional dataset and from
r = 0.69 to 0.85 in the multirace dataset. Figure 11 shows the per-author relationships, and
Figure 12 demonstrates that authors’ fame-decile assignments are broadly preserved across
proxies. This agreement indicates that the dataset’s fame balancing is broadly robust under
a corpus-based alternative proxy.
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Subgroup n Mean log10(cooccur + 1) Median

Black female 797 1.670 1.568
White male 797 1.659 1.531
Black male 797 1.656 1.544
White female 797 1.569 1.491

Table 5: Quote–author co-occurrence by intersectional subgroup for a balanced subset of
3,188 quotes. Co-occurrence is measured using the Google exact-match query "Author
Name" "full quote text" and reported as log10(co-occurrence count + 1). The broadly
similar subgroup distributions provide no evidence that differences in exact quote–author
co-occurrence account for the observed attribution disparities.

LLM Model Version

GPT-5.1 gpt-5.1
GPT-OSS-120B openai/gpt-oss-120b
Gemini 2.5 Flash-Lite gemini-2.5-flash-lite
Claude 4.6 Sonnet claude-sonnet-4-6
DeepSeek-V3.1 deepseek-ai/DeepSeek-V3.1
GLM-5 zai-org/GLM-5
Qwen3-Next-80B-A3B Qwen/Qwen3-Next-80B-A3B-Instruct
Qwen3.5-397B-A17B Qwen/Qwen3.5-397B-A17B
Llama-4 Maverick meta-llama/Llama-4-Maverick-17B-128E-Instruct-FP8
Mixtral-8x7B mistralai/Mixtral-8x7B-Instruct-v0.1
Kimi-K2.5 moonshotai/Kimi-K2.5

Table 6: LLMs and model versions used in the experiments.

A.7.2 Quote–author co-occurrence robustness check

Author-level fame may not fully capture model exposure to a particular quote, which can
be driven by widespread online presence without attribution or even with misattribution.
Therefore, we conduct a complementary quote–author co-occurrence analysis.

We use only author search hits in our fame-balancing algorithm, as we believe they are
more relevant to author attribution than alternatives such as exact quote hits, which may
not include author information, and author-quote co-occurrence hits, which do not account
for abridged or paraphrased quotes. Author fame can also influence answers in cases where
the model lacks or fails to retrieve an exact match in training data, but infers authorship
by reasoning that “this is the type of quotation that [author] would have said.” Moreover,
controlling for quote–author co-occurrence could remove a meaningful source of disparity
if, conditional on author fame, nonwhite authors are less frequently associated with their
quotes in available text than White authors.

For a balanced subset of 3,188 quotes from ATTRIBENCH INTERSECTIONAL (797 per sub-
group), we obtained Google search hits using the exact-match search string "Author Name"
"full quote text". Table 5 reports the resulting log-transformed counts. Co-occurrence
averages are similar across all subgroups: the subgroup means range from 1.569 to 1.670
and the medians range from 1.491 to 1.568. These results provide evidence that differential
exact quote–author online exposure is unlikely to explain the observed subgroup attribution
disparities.

A.8 Models

Table 6 presents the corresponding model versions for the LLMs used in our experiments.
GPT, Gemini, and Claude models were accessed from the OpenAI, Google, and Anthropic
APIs, respectively. All other models were imported from Hugging Face (Wolf et al., 2020) or
accessed through Together AI.
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Figure 13: Overall attribution accuracy (% correct) across models and prompt types in the
RAG setting. Models flagged with † were run on a random subset of 300 matchings (i.e.,
1,200 total quotes) due to substantial inference cost.

Figure 14: Subgroup-level quote attribution accuracy (% correct author) across models for
the evidence-conditioned (RAG) setting. Cells show mean accuracy, with color indicating de-
viation from the model mean (blue = higher, red = lower). Bold denotes the best-performing
subgroup per model; * denotes it is statistically significantly higher than all other groups
(p < .05). Models flagged with † were run on a random subset of 300 matchings (i.e., 1,200
total quotes) due to substantial inference cost.

A.9 RAG accuracy

Figures 13 and 14 display the accuracy of each model in the evidence-conditioned setting,
where the correct author name a(q) is included in the set of retrieved results R(q). As shown
in Figure 13, model accuracy is near-perfect in the direct prompt setting, demonstrating
that the models can express the correct author when it is explicitly given to them. However,
performance drops substantially under indirect prompting, indicating model failure to
attribute in evidence-conditioned settings. Figure 14 shows significant accuracy disparities
between demographic groups in the evidence-conditioned setting with indirect prompting.

23



Published as a conference paper at COLM 2026

Figure 15: Author omission rates (% no author) across models under direct prompting, with
and without retrieval. Top row shows performance without RAG and bottom row shows
performance with RAG. Color indicates deviation from the model mean (blue = below mean
omission, i.e., better, red = above mean omission).

A.10 Direct prompt author omission rates

We present the rate of author omission for the direct prompt setting in Figure 15. Findings
are consistent with the indirect setting, with statistically significantly lower rates of author
omission for White male and White subgroups in the Intersectional and Multirace datasets
respectively. Intuitively, author omission is much lower across all subgroups than in the
indirect prompt setting.

Nonzero rates result from model outputs such as “I don’t know the answer” or “I cannot
attribute this quote,” from which no author name can be parsed. In the RAG setting, we see
near-zero rates of author omission with the direct prompt, as expected given that the correct
attribution is present in the prompt. When models fail to provide an author under direct
prompting, this constitutes task failure; under indirect prompting, however, attribution
is not required, so omission instead reflects model discretion over whether an author is
relevant to the response. This discretion may be exercised unevenly across demographic
groups.

A.11 Indirect overt prompting

We now consider an alternative prompt, which falls between direct and indirect prompting
in the extent to which the author name is explicitly requested. We term this prompt “indirect
overt”, and it is defined as follows:

Indirect overt prompt

Briefly summarize the context in which the following quote was written,
mentioning the author if relevant.

The evidence-conditioned version appends Retrieved examples: {context} to the prompt.
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Figure 16: Subgroup accuracy (% correct author) across models under indirect overt prompt-
ing, with and without retrieval. Top row shows performance without RAG and bottom
row shows performance with RAG. Color indicates deviation from the model mean (blue =
above mean accuracy, i.e., better, red = below mean accuracy).

Figure 16 shows model accuracy, disaggregated by demographic subgroup, for indirect
overt prompting in both the no-evidence and evidence-conditioned (RAG) cases. Without re-
trieval, we observe substantial disparities in accuracy across demographic subgroups, with
consistently higher performance for White male and White subgroups in the ATTRIBENCH
INTERSECTIONAL and ATTRIBENCH MULTIRACE datasets respectively. In general, models
perform worse than with direct prompting, but better than indirect prompting. With re-
trieval, performance increases dramatically, with all models achieving near-perfect accuracy
across subgroups, similar to direct prompting.

B LLM Usage Disclosure Statement

LLMs were used to generate code. LLMs were used in identifying grammatical errors
and formatting tables and other LaTeX elements. All research ideas, experimental design,
analysis, and paper writing are the work of the authors.
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