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Abstract

Large language models (LLM) such as GPT-
4, Claude, and LLaMA are routinely used to
evaluate long-form text generated by language
models. We study the ability of these models
to identify low-quality texts, an increasingly
rare subset of output that is of great interest
to pinpoint during development. We present
experiments with a panel of LLM judges, and
crowd-sourced approximations of reference
judgments. Pinpointing sub-par outputs is a
difficult task for both models and crowdwork-
ers, with models doing better overall. More-
over, unlike findings in prior work on factoid
QA, panels of cheaper models do not agree as
well with high-quality developer judgments of
low quality as panels of frontier models. We
present both qualitative and quantitative anal-
yses of the relative strengths of models in the
panel, gleaning insights into why they yield
better results over a single model.

1 Introduction

The outputs of LLMs such as e.g. GPT-4 (Bubeck
et al., 2023), Claude (Anthropic, 2024) are used
by millions but the evaluation of their long-form
text responses pose an outstanding research chal-
lenge (Xu et al., 2023). As LLMs produce texts
with impressive overall fluency, accuracy, and use-
fulness, developers of user experiences powered by
the models are interested in detecting the rare bad
quality generations (Chen et al., 2021).

Aiming to identify poor outputs invites a rethink-
ing of the criteria for automated evaluation. Hu-
man agreement rates like accuracy can be mislead-
ing since they reflect the abundant good answers
rather than the ability to detect poor ones (Sec-
tion 3.3). We use F measure for the class of bad
outputs (i.e. texts that experts would rate as 1, 2,
or 3 on a five-point quality scale). We take de-
veloper judgments as the GOLD STANDARD for
evaluation and study how successfully these can
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be replaced by LLMs or crowd-sourcing. We ex-
pand on the growing body of research on LLMs
as evaluators (Yuan et al., 2021; Kamalloo et al.,
2023; Li et al., 2024b; Kim et al., 2024; Chiang
and yi Lee, 2023) and their accompanying chal-
lenges (Abeysinghe and Circi, 2024), and are the
first to focus on the detection of bad outputs. We
carry out our experiments on SummeEval (Fabbri
et al., 2021) summaries paired with developer and
crowd-sourced quality ratings. These fine-grained
scores are important in LLM development to ex-
clude unacceptable outputs and guide the model to
ideal responses (Bai et al., 2022).

We build upon prior work from factoid question
answering showing that a panel of multiple cheaper
models better aligns with all human judgments than
a single frontier model does (Verga et al., 2024).
Our results on long-text evaluation in contrast show
that combining frontier models improves the abil-
ity to detect poor outputs, but not necessarily for
weaker models (Section 4).

Further, we seek to understand how a panel of
judges can resolve some of the challenging cases
that a single model cannot handle correctly. Our
quantitative and qualitative analysis show that (i)
different models have distinct weaknesses in eval-
uating different response aspects but combining
multiple strong models helps mitigate individual
limitations; (ii) a panel of LLMs enhances the detec-
tion of challenging unacceptable responses while
maintaining a stable and accurate evaluation of
common acceptable cases. (iii) no evaluation is
perfect, even ‘high quality‘ human ratings have
erTors.

2 From Classical to LLM Evaluation

As modern LLMs handle complex QA tasks beyond
entity extraction or short responses (Brown et al.,
2020), evaluating their outputs requires reasoning
over the responses and is challenging compared to
that of earlier extractive QA (Rajpurkar et al., 2016;



Clark et al., 2018; Wang et al., 2019). Classical
metrics like / and ROUGE (Lin, 2004), which rely
on gold answers and measure word overlap, were
commonly used in the past to evaluate longer re-
sponses such as summarization (Eyal et al., 2019),
long-form QA (Fan et al., 2019), machine transla-
tion (Papineni et al., 2002). However, these metrics,
despite performing okay on datasets like Narra-
tiveQA (Kocisky et al., 2018), require predefined
thresholds and gold answers. They are no longer a
good fit for long-form text evaluation (Chen et al.,
2019; Zheng et al., 2023).

Using LLMs for automatic evaluations. LLMs
align better with human evaluations (Chern et al.,
2024; Yuan et al., 2021; Zhong et al., 2022), and
a number of studies have identified GPT-4 as the
single best automatic evaluator (Vu et al., 2024;
Kim et al., 2024). LLM evaluators are more flexi-
ble. They accommodate various evaluation tasks
via prompt instructions, including reference-free
scoring (Chen et al., 2023), chain-of-thought scor-
ing (Chiang, 2023), and pairwise preference as-
sessments (Liu et al., 2024). Although LLM-as-
a-judge is gaining popularity (Gao et al., 2024;
Laskar et al., 2024), Huang and Zhang (2024) show
that most existing benchmarks and evaluations still
rely on classical evaluations, such as exact-match,
binary yes/no responses, or multiple-choice for-
mats, with only one benchmark incorporating long,
open-ended answers that use LLMs to evaluate. Fur-
ther analysis of best practices and concerns are
needed to trust reliability for automated LLM eval-
uations (Li et al., 2024a).

3 Experiments

3.1 Dataset

SummEval is the largest summarization bench-
mark, covering 1,600 news articles from CNN
and DailyMail (Fabbri et al., 2021). The sum-
maries are produced by seven extractive and six-
teen abstractive models. The extractive models
such as NEUSUM (Zhou et al., 2018) and RE-
FRESH (Narayan et al., 2018) score sentences, then
concatenate the highest-scoring sentences into a
summary. The dataset provides a source document,
a reference summary, and a model-generated sum-
mary, along with quality ratings from four crowd-
workers and three developers of summarization sys-
tems, who had written papers on summarization ei-
ther for academic conferences or as part of a senior

Coherence: The summary should be well-structured and organized.

Consistency: The summary only contains statements that are entailed by the source
document.

Fluency: The summary should have no formatting problems, capitalization errors, or
obviously ungrammatical sentences.

Relevance: The summary should include only important information from the source
document without excess redundant information.

Table 1: SummEval adopts the NIST quality as-
pects (Kryscinski et al., 2019; Dang, 2005). Our goal
is to assess how well LLMs and crowdworkers identify
problematic responses across these aspects.

thesis. The ratings use a 5-point scale (1=poor qual-
ity, S5=excellent) to evaluate four aspects (Kryscin-
ski et al., 2019; Dang, 2005, Table 1).

3.2 Setting Up Automatic Evaluations

LLM-as-a-Judge prompts an LLM with evaluation
instructions and rubrics and a text to evaluate.
The quality of model generations and instruc-
tion following abilities vary by model sizes, pre-
training data, and alignment data and steps (Ka-
plan et al., 2020). We select a range of models
with varying sizes—GPT-3.5-turbo, GPT-40-mini,
GPT-4 (Bubeck et al., 2023), Claude-Sonnet (An-
thropic, 2024), Gemini-pro (DeepMind, 2024),
LLaMA 3-8B, LLaMA 3-70B (et al, 2024), Mistral
8x7b (Jiang et al., 2024), and Prometheus 2 (Kim
et al., 2024).! We adopt the analyze then rate
prompt format proposed by Chiang (2023). This
approach describes the evaluation criteria (the same
given to the human judges), the source news arti-
cle, and the summary. We then prompt LLMS to
generate evaluation justification and ratings using
prompt templates provided in Table 5.

Automation Success Criteria. We distinguish
two output types: acceptable (summaries rated
4 or 5) and unacceptable (rated 1 to 3). Across
evaluations by developers, crowdworkers, or LLMS,
bad-quality outputs are the minority (Figure 1).?
We turn to a comparison of other LLMs as judges
(Table 2). Using any LLMs results in overall better
F than crowdsourcing. GPT-4 is always among
the best models but depending on the quality aspect,
it is not consistently better than others. LLaMA-
70B is better or equivalent to GPT-4 in spotting
problems with coherence, consistency, and rele-
vance. Prometeus-2, which has been fine-tuned on
synthetic data specifically for evaluation does very
similarly to crowdsourcing. As GPT-4 represents

!Curiously, Gemini appears not to have been aligned for
evaluation and produces invalid fraction ratings.

ZExceptions exist for weak models, where low ratings
dominate (Appendix A.2).
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Figure 1: Poor quality outputs are rare compared to good
ones. Identifying the problematic outputs can facilitate
error analysis and speed up development (Distribution
for crowdworkers and all models in Appendix A.2).

one of the best evaluators, we use it as an example
to analyze failure modes in LLM evaluation.

Identifying rare unacceptable outputs is crucial
for error analysis, yet both GPT-4 and crowdwork-
ers show significantly lower precision and recall for
unacceptable cases compared to acceptable ones
(on average 0.4 and 0.6 lower respectively; Ap-
pendix 5). Using crowdsourcing to approximate
developer judgments is not worth the effort; fully
replacing human judgments with GPT-4 better re-
produces the developer’s identification of poor out-
puts. However, despite GPT-4 superiority over
crowdsourcing, GPT-4 is still not good at identi-
fying poor outputs, especially for short responses
or responses directly copied from the original text
(Section 4; Appendix 7 with examples).

GPT-4’s precision in identifying summaries lack-
ing coherence is fairly good, 80% but its recall is
just under 50%. If used for error analysis during
development, such recall will not be helpful as a hu-
man will have to look at the rest of the data to find
all problematic outputs. Not doing that additional
human inspection leads to the potential risk of un-
derestimating the degree of the problem, as only
half of the incoherent summaries will be surfaced.?
Precision of GPT-4’s ability to evaluate summary
relevance, i.e. if it only contain major, summary
worthy details, is under 44%, though its recall is
almost 70%. GPT-4’s ability to identify problems
with consistency, also referred as factuality (Min
et al., 2023) or hallucinations (Huang et al., 2025),
is overall the best and most balanced (Figure 3),
with precision of 65% and recall of 71% for the
unacceptable class.

3.3 Single Model vs. Ensemble Evaluation

Verga et al. (2024) show that replacing a single best
LLM (GPT-4) with multiple cheaper LLMs can im-

3The same pattern applies to all other models and crowd-
source (Appendix 5).

prove automatic evaluations for short-form factoid
question answering. However, the underlying rea-
son why multiple models are better than a single
model is not explored in that work, nor has the ap-
proach been tested on evaluation of long-form text.
No single model wins on all evaluation aspects, but
the top three evaluators are considerably better than
other on at least one aspect (Table 2). In the next
section, we analyze ensemble evaluations with all
possible combinations of these models using our
automation success criteria. We test ensemble size
two to eight and determine their judgments using
average scores, matching the expert and crowd-
worker rating method.

4 LLMs Complement Each Other

We now study the effectiveness of a panel of judges
compared to single-model evaluations, and the op-
timal number of models in the panel. We then
conduct a qualitative analysis of common failure
modes of the best three LLM and crowd evaluations.

Combining multiple models has higher align-
ment with developer judgments. We compute
the Macro F} score between automatic and devel-
oper evaluations. Figure 2 shows the median and
maximum scores for panels of different composi-
tions. For the median score, when model selec-
tion is unknown, the shift from a single model to
a three-model panel shows notable improvement,
while adding more models provides minimal bene-
fit. Adding more models increases cost but yields
little improvement in evaluation.

For the maximum score, while using a single
strong model might be adequate for specific eval-
uation tasks, Figure 2 shows that different models
excel in different aspects. Different LLMs show
strengths in different evaluation criteria, suggest-
ing that relying on a single LLM for all aspects
does not yield optimal results. For all size panels,
GPT-4, LLaMA3-70B, and Claude were part of the
panel achieving the maximum score. Combining
these individually strong models yield the better re-
sults (coherence: 0.76; consistency: 0.84; fluency:
0.73; relevance: 0.76) than any of its constituents
(individual best in Table 2). On the other hand,
combining three weaker models can yield worse
results than its best constituents (Result details in
Appendix 5).

Qualitative Analysis. Next the authors analyze
the source text, reference summary, model sum-



Aspect Crowdworker GPT-3-turbo GPT40-mini GPT-4 Claude-sonnet Mistral-8x7b LLaMA3-8B LLaMA3-70B Prometheus
Coherence 0.50 0.70 0.60 0.70 0.68 045 0.58 0.74 0.64
Consistency 0.47 0.51 0.63 0.82 0.82 0.42 0.66 0.82 0.47
Fluency 0.49 0.47 0.61 0.72 0.62 0.57 0.60 0.51 0.45
Relevance 0.51 0.59 0.54 0.68 0.71 0.53 0.67 0.68 0.51

Table 2: The overall LLM F7 scores are higher than crowdworkers. LLMs are generally more aligned with developers

than crowdsource workers at evaluation.
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Figure 2: Increasing the ensemble size increases the
overall median and best F scores.

mary, and LLM score justification for scores where
a strong ensemble (GPT-4, LLaMA3-70B, Claude)
is better than the best individual model. These ac-
count for 21% coherence, 5% consistency, 30%
fluency, and 18% relevance. We outline cases in
which individual LLMs are likely to erroneously dis-
agree with developers (fine-grained categorizations
in Appendix 6).*

The two major errors for coherence appear to be
confounding of length and a given property, and
inability to focus only on the assigned quality cri-
terion. Specifically, in the cases where a model
(mostly GPT-4) in the panel disagrees with devel-
opers, the LLM justifications criticize capitaliza-
tion and consistency, but developers judge them as
coherent responses by the overall flow of the sen-
tences and are less concerned on minor punctuation
errors (11%).

If the response contains statements contradict-
ing the source text, even though the response is
coherent, LLMs penalize the response’s coherence
and fluency (8%), while neither experts nor crowd-
workers do. LLMs often evaluate factors beyond
the assigned criteria, such as assessing faithfulness
when only fluency evaluation is required (4%). On
the other hand, 5% of the examples of fluency that
have spelling errors were judged as acceptable by
the developers, while models accurately flag them
as potentially problematic when shown to a reader

“We also analyzed when panel of LLM evaluation fails
but crowdworkers succeed.These cases are rare: 3% coher-
ence, 2% consistency, 0.8% fluency, 4% relevance. None of
our results support the use of low quality crowdsourcing in
evaluation.
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Figure 3: Being able to catch the unacceptable re-
sponses is more challenging than evaluating acceptable
responses. Crowdsource workers and GPT-4 have much
lower precision and recall at unacceptable responses
than acceptable responses.

(See Appendix 13 for examples). Given these ob-
servations, holistic evaluations of the overall qual-
ity of the output are likely to be more successful
than attempts to evaluate fixed aspects.

Panels correct individual model weaknesses.
LLaMA3-70B tends to rate longer texts as irrele-
vant: 9% of the reviewed examples rated by experts
and other LLMs as relevant but LLaMA rated as
poor are longer summaries, 30 tokens longer than
an average summary. Claude on the other hand eval-
uates beyond its assigned criteria for consistency.
Often summaries are consistent with the source arti-
cle, but Claude rates them low, noting that the sum-
mary lacks a central theme sentence (6%). GPT-4
diverges from experts and other models by heavily
penalizing shorter responses (one to two-sentence
summaries) that omit key details (8%). In sum,
different LLMs have different strengths and weak-
nesses when evaluating different aspects. Combin-
ing them together reduces judgment errors individ-
ual models make, especially for the unacceptable
responses (Section 4, Appendix 5).

5 Ensemble Combination Analysis

Section 4 shows that ensemble of size three has the
best alignment with developer judgments. We pick
out the best model combination for sizes 1, 3, 5,
and 7 for each aspect and show that for all aspects,



Aspect Size Best F1 Median F1 Std Dev Best Combination

Coherence 1 0.739 0.606 +0.059 Llama3-1-70b

Coherence 3 0.777 0.650 +0.032 Llama3-1-70b + gpt-3.5-turbo + Claude-sonnet

Coherence 5 0.771 0.674 +0.017 Llama3-1-70b + gpt-3.5-turbo + GPT-40-mini + GPT-4 + Prometheus

Coherence 7 0.768 0.678 +0.008 Llama3-1-70b + gpt-3.5-turbo + GPT-40-mini + GPT-4 + Claude-sonnet
+ Prometheus + Llama3-2-8b

Consistency 1 0.825 0.653 +0.152 Claude-sonnet

Consistency 3 0.847 0.715 +0.088 Claude-sonnet + GPT-4 + Llama3-1-70b

Consistency 5 0.839 0.747 +0.053 Claude-sonnet + GPT-4 + Llama3-1-70b + Llama3-2-8b + GPT-40-mini

Consistency 7 0.823 0.763 +0.026 Claude-sonnet + GPT-4 + Llama3-1-70b + Llama3-2-8b + GPT-40-mini
+ gpt-3.5-turbo + Prometheus

Fluency 1 0.719 0.579 +0.054 GPT-4

Fluency 3 0.732 0.648 +0.030 GPT-4 + GPT-40-mini + Prometheus

Fluency 5 0.737 0.679 +0.018 GPT-4 + GPT-40-mini + Prometheus + Llama3-2-8b + gpt-3.5-turbo

Fluency 7 0.720 0.695 +0.009 GPT-4 + GPT-40-mini + Prometheus + Llama3-2-8b + gpt-3.5-turbo +
Claude-sonnet + Llama3-1-70b

Relevance 1 0.715 0.598 +0.046 Llama3-1-70b

Relevance 3 0.728 0.631 +0.019 Llama3-1-70b + GPT-4 + Mistral-8x7b

Relevance 5 0.729 0.650 +0.008 Llama3-1-70b + GPT-4 + Mistral-8x7b + Claude-sonnet + Prometheus

Relevance 7 0.717 0.657 +0.004 Llama3-1-70b + GPT-4 + Mistral-8x7b + Claude-sonnet + Prometheus +

GPT-40-mini + gpt-3.5-turbo

Table 3: Best performing model ensembles for each aspect and ensemble size in SummEval. The best single models
always appear to be in the best model combination no matter of ensemble size.

ASPECTS Best Com- Best I} Ensemble F1 Best F'; Accept Ensemble F; Best F; Unac- Ensemble F
bination Accept cept Unaccept
Coherence A 0.74 0.761 0.80 0.80 0.74 0.76 1
B 0.70 0.63] 0.72 0.66 0.69 0.66
Crowd 0.51 0.50) 0.58 0.607 0.43 0.400
Consistency A 0.82 0.84 1 0.96 0.97 1 0.69 0.721
B 0.51 049 | 0.73 0.70 1 0.29 0291
Crowd 0.46 0.46 0.76 0.771 0.16 0.15)
Fluency A 0.72 0.73 1 0.97 0.97 0.47 0.49 1
B 0.57 0.54 0.86 0.82 0.27 0.27
Crowd 0.47 0.481 0.75 0.771 0.19 0.19
Relevance A 0.72 0.73 1 0.88 0.87] 0.54 0.57 1
B 0.59 0.61 1 0.83 0.77 L 0.44 0.45 1
Crowd 0.52 0.52 0.73 0.757 0.30 0.29]

Table 4: The combinations for A are three strong models— GPT-4, LLaMA-3-70B, and Cluade-Sonnet, and the
combinations for B are three weaker models— GPT-3.5-turbo, Prometheus, and Mistral-8x7. Most of the aspects
show an improvement above the Best F; score in the model combination list for strong model groups A, but a
decrease below the best scores for the combination of weaker models. Crowd refers to crowdworker results. Since
crowdworkers themselves are weak evaluators, combining them does not necessarily improve or even decrease the

evaluation alignment with developers.

GPT-4, LLaMA3-70B, or Claude always appear in
one of the best combinations, showing that a strong
model in the mix is necessary to improve reliable
evaluations (Table 3).

Strong Model Combination vs. Weak Model
Combination We show that combining strong
models increases evaluation reliability (Section 4).
We pick out the three best models as a combina-
tion, and three worse models as a combination, as
well as crowdworkers and show that combining
strong models can lead to an increase of overall
judgment alignment with experts while combing
weak models or low-quality crowdsource ratings do
not necessarily increase judgment quality, and may
sometimes decrease it than their best constituents
(Table 4).

Ensemble Helps with the Rare Unacceptable
Class Single models are already good at identi-
fying the acceptable class, which is the more com-
mon class, thus combining more models does not

increase the alignment with experts. However, com-
bining models increases the median and maximum
F score alignment with experts for the rare unac-
ceptable class (Figure 4).

We present the result on the precision and recall
of acceptable classes compared with ensemble size
in Figure 5. Results show that precision remains
stable as ensemble size increases, while recall im-
proves compared to single-model evaluation.

Identifying Problematic Cases Is Challenging
We compute the precision and recall of LLMs agree-
ments with gold ratings, which shows the precision
and recall for the acceptable (upper panel) and un-
acceptable (lower panel) class from crowdsourced
and GPT4-as-a-judge, with developer ratings as
the ground truth. GPT-4 is better at the task than
crowdsourcing, with reasonable precision and re-
call for the acceptable class and lackluster numbers
for the unacceptable class (Figure 3). In addition,
regardless of models or crowdworkers, the preci-
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Figure 4: Ensemble models and single models perform
similarly for the majority acceptable class, but ensem-
bles show notable improvement in identifying the rarer
unacceptable responses.

sion and recall for the unacceptable class are highly
imbalanced.

6 Conclusion

Automating evaluation is easier for the common
class than the rare class. However, identifying the
rare class is crucial for detecting low quality re-
sponses. A failure to identify low quality responses
can result in extra human annotations to accurately
find the low-quality responses. While combining
multiple strong models improves detection, it does
not help weak models and crowdworkers. The
percentage of examples crowdworkers identify cor-
rectly but LLMs cannot is rare, suggesting LLM eval-
uations are more reliable than low-quality crowd-
sourced evaluations. Even high-quality human an-
notations (developers, while original work refers to
experts) can make mistakes. LLMs excel in aspects
requiring detailed text analysis, such as consistency,
but no evaluation is perfect. Future work can ex-
plore semi-automated evaluations that combine hu-
man expertise with multiple LLMs, leveraging each
of their strengths while minimizing human effort
and cost to make evaluations reliable.

7 Limitation

Recent years have seen a surge in LLMs with in-
creasingly sophisticated capabilities across diverse
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Figure 5: The precision and recall of acceptable classes
verses the ensemble size of models. As we can see,
the precision for the acceptable class remains stable in
regard with increasing ensemble sizes, but the recall
increases compared to using one model for evaluation.

tasks. This advancement has made reliable model
evaluation more challenging during both the devel-
opment and deployment phases, whether conducted
by humans or other models. Our work conducts
quantitative and qualitative analysis and shows that
even high-quality human annotations have errors.
LLMs and crowdworkers struggle to identify the
problematic generations accurately, and combining
multiple strong models increases the ability to iden-
tify those cases. However, most existing available
datasets only contain crowdsource ratings, and it
is challenging for us to find more suitable datasets
that both include high-quality human ratings and
crowdworker ratings. While we find that crowd-
source ratings are less reliable than LLM evalua-
tions, simply adding more datasets and comparing
more crowdworker and LLM ratings will only re-
veal high disagreements without indicating which
is correct. Resolving these disagreements requires
high-quality human ratings, which are often un-
available. Additional available datasets with the
available developer and crowdworker ratings in the
future would strengthen our claim.

8 Ethics

All of our annotations are done by authors using
aspect definitions in Table 1. The total number of



annotations is 1,156 examples, where each exam-
ple includes a source document, a reference sum-
mary, a model summary, three LLM justifications,
and scores, as well as developer and crowdworker
scores. The Institutional Review Board (IRB) has
reviewed and exempted our annotation protocol.
Our study does not present potential risks for the
annotators.
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Task Description: You will be given one summary writ-
ten for a news article. Rate the summary on one metric.
Evaluation Criteria: ASPECTS (1-5) - DESCRIPTION
OF THE ASPECTS Input Format: Source Text: {Docu-
ment} Summary: {Summary} Output Format: ASPECTS:
Analysis: [analysis of ASPECTS]

Rating: [1-5]

Table 5: Prompt template for SummEval rating.
Analysis-before-rating approach yields better evalua-
tion than chain-of-thought or direct rating.

A Evaluation Methodology

A.1 Prompt Templates for Evaluation

We prompt an LLM with the template provided in
Table 5 to first let LLMs provide justifications for
the rating and then output the rating. Following
Chiang (2023), we find that prompting an LLM to
first analyze the response based on the criteria then
rate gives better evaluation than chain-of-thought
or direct rating.

A.2 Rating Distribution Analysis

We show the distribution of ratings for developers,
crowdworkers, and all selected LLMs. The unac-
ceptable class is the rare class in most of the cases
(Figure 6), which presents challenges for accurate
evaluation.

B Error Analysis

B.1 Quantitative Error Analysis

We analyze 1,156 examples where a single model
fails but the ensemble model corrects them, and
where crowdworkers are correct but LLMs fail. Ta-
ble 6 presents our systematic categorization of error
patterns for each model and evaluation aspect.

B.2 Error Categories by Evaluation Aspect

The categorizations reveal that different LLMs have
distinct weakness patterns across different aspects,
but combining them in an ensemble corrects many
of these errors. Key failure modes include:

* Coherence: Models struggle with direct
source copying detection and penalize short
responses excessively

* Consistency: Difficulty detecting non-factual
information and handling coreference resolu-
tion

* Fluency: Confusion between grammatical er-
rors and formatting issues
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Error Coherence Consistency Fluency Relevance
GPT-4 Direct source copying of — Rating factual errors Punishes for omitting de-
Wrong the beginning of the doc- rather than fluency tails
ument; short length an-
swers (Overall average to-
ken length of the response
is 200 but the average
length of the mistaken
short length answers is
around 40 tokens)
LLaMA- Direct source copying Fails to detect non-factual ~ Points out grammatical er- Errors on longer re-
3-70B information rors rather than format- sponses (The average
ting (ignoring the pro- length of LLaMA-3
vided definition) makes errors on this
aspects is 230 tokens,
30 tokens more than the
overall average response
length)
Claude- Punishes for repetition Punishes for redundancy  Very lenient on grammar  Pays little attention to re-
Sonnet and factual errors and omitting details dundant information

CrowdworkeShort length response Coreference;
Right &  with less details
LLM

Wrong

jects

responses
that include multiple sub-

Factual mistakes and
grammar errors that are
beyond fluency

Coreference: identifying
the subject him/her is re-
ferring to

Table 6: Qualitative analysis of why individual LLMs might fail on specific quality aspects. The last row shows
common errors that all three LLMs make but crowdworkers mark correctly.

* Relevance: Over-penalization for omitted de-
tails rather than assessing actual relevance

C Case Study Examples

We provide illustrative examples covering three cat-
egories of cases: (1) where a single model fails but
an ensemble succeeds, (2) where ensemble evalua-
tions conflict with human judgments, and (3) where
models are correct but human experts are wrong.
These examples address all four evaluation aspects
and demonstrate both the strengths and limitations
of ensemble approaches.

C.1 Single Model Failures Corrected by
Ensemble

Figures 7-10 highlight cases where a single model
fails while an ensemble succeeds. Single models
tend to over-penalize minor errors—grammar, cap-
italization, punctuation, and omissions—without
fully considering evaluation criteria. Ensembles
mitigate this by leveraging diverse failure modes,
allowing majority judgment to reduce blind spots.

C.2 Ensemble-Human Disagreements

Figures 11-14 present cases where ensemble evalu-
ations conflict with human experts and crowdwork-
ers. These examples highlight failures where all
models struggle to detect direct copying or exces-

sively penalize omitted details and grammar errors
instead of adhering strictly to the evaluation crite-
ria.

C.3 Cases Where Ensemble Outperforms
Human Experts

Figure 15 presents a case where ensemble models
successfully identify fluency errors in the model
summary, while both human experts and crowd-
workers overlook them. This example highlights
the potential of ensemble models for large-scale
evaluations and their ability to maintain consistent
evaluation criteria.
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Figure 6: The rating distributions for all models are skewed towards one class. However, most of the good evaluators
have more acceptable ratings than unacceptable ratings. The worst model Mistral-8x7b is highly skewed towards
the unacceptable class.



Source: Paul Merson has restarted his row with Andros Townsend after the Tottenham midfielder
was brought on with only seven minutes remaining in his team ’s 0-0 draw with Burnley on Sunday .
’Just been watching the game , did you miss the coach ? # RubberDub # 7minutes , > Merson put on

Twitter .

Reference: Andros Townsend an 83rd minute
sub in Tottenham ’s draw with Burnley . He was
unable to find a winner as the game ended
without a goal . Townsend had clashed with Paul
Merson last week over England call-up . Model

Summary: Paul merson has restarted his row
with andros townsend . The tottenham midfielder
was brought on with only seven minutes
remaining in his team ’s 0-0 draw with burnley .
Townsend was brought on in the 83rd minute for

tottenham as they drew 0-0 with burnley .

Human Developer Rating: 2, 1, 2

GPT-4 (Rating: 4)

Analysis: The summary is coherent as it presents a clear sequence of events regarding the interaction
between Paul Merson and Andros Townsend. It starts by stating that Merson restarted his row with
Townsend, then describes Townsend’s late entry into a game, and reiterates the timing of his entry,
which supports the initial point about the row being related to his late game appearance. The
summary maintains a logical flow and sticks to the topic without introducing unrelated information.

Comments on Model’s Mistakes: The model fails to detect direct source copying without some
context and transitions between sentences.

Reference: Naoki Ogane says that Chelsea
have made an offer for Yoshinori Muto . The
22-year-old forward has one goal in 11 games
for Japan . Muto admits that it is an "honour ’ to
receive an offer from the Blues . Chelsea have
signed a £200m sponsorship deal with
Yokohama Rubber . Muto graduated from
university with an economics degree two weeks
ago . He would become the first Japanese player
to sign for Chelsea . Model Summary:

Chelsea have made an offer for FC Tokyo ’s
22-year-old forward Yoshinori Muto .

Human Developer Rating: 5, 5, 4

LLaMA-3-70B (Rating: 2)

Analysis: The summary is a single sentence that provides a clear and concise statement about
Chelsea’s offer for Yoshinori Muto. However, it lacks context and does not build upon any previous
information, making it a standalone statement rather than a coherent body of information.

Comments on Model’s Mistakes: The ensemble models overly punish for short but precise and
coherent answers.

(S J

Figure 7: Single Model Failure And Ensemble Success Case: Coherence. We emphasize the key aspects of
LLM failure modes, providing detailed commentary on these failures and supporting them with relevant references
throughout the text.
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Reference: Researchers claimed antibiotics Model Summary: A third of 10-11 year olds
could be contributing to ’obesity epidemic . ’ and more than a fifth of 4-5 year olds in england
Their large-scale study was published in the are overweight or obese , leading to fears that
respected Pediatrics journal . It found one third today ’s generation will be the first to die at an
of 10 to 11-year-olds in England are overweight  earlier age than their parents . Writing in the
or obese . Children who took antibiotics as respected medical journal pediatrics , they said
babies were more likely to be overweight . that the widely-prescribed drugs could be
contributing to the obesity epidemic . The
researchers said say that just as antibiotics are
used to make farm animals put on weight , the
may also be fattening our children .

Human Developer Rating: 5, 5, 5

LLaMA-3-70B (Rating: 3)

Analysis: The summary is partially consistent with the source text. It accurately reports the statistics
on childhood obesity in England and the potential link between antibiotics and weight gain. However,
it omits key details from the study, such as the specific age range of the children studied (0-6 months)
and the findings on repeated prescriptions and gut bacteria. Additionally, the summary quotes the
researchers out of context, making it seem like they are making a direct causal link between
antibiotics and obesity, when in fact the study only suggests an association.

Comments on Model’s Mistakes: The model overly punishes omitting details in the summary
rather than key facts.

Reference: The Italian coast guard says 8,480  Model Summary: Italian coast guard fears
migrants were rescued from Friday to Monday 400 migrants could be missing . A migrant boat
.Save the Children said Tuesday 400 migrants carrying 550 people capsized in the

could be missing from a boat . The Italian coast ~ mediterranean sea . At least 480 migrants have
guard can not confirm that report . died in 2015 .

Human Developer Rating: 2,2, 3

LLaMA-3-70B (Rating: 4)

Analysis: The summary is partially consistent with the source text. The first two sentences of the
summary are factually aligned with the source, as they mention the fear of 400 migrants missing and
the capsizing of a migrant boat carrying 550 people. However, the third sentence is inconsistent, as it
states that at least 480 migrants have died in 2015, whereas the source text mentions that this number
refers to the number of migrants who have died while crossing the Mediterranean since the beginning
of the year, not just in 2015.

Comments on Model’s Mistakes: The model fails to detect and properly lower the evaluation
when detecting non-factual information and to set up the correspondence over multiple facts.

J

Figure 8: Single Model Failure And Ensemble Success Case: Consistency. We emphasize the key aspects of
LLM failure modes, providing detailed commentary on these failures and supporting them with relevant references
throughout the text.



Reference: Andros Townsend an 83rd minute ~ Model Summary: Paul merson has restarted
sub in Tottenham ’s draw with Burnley . He was  his row with andros townsend . The tottenham

unable to find a winner as the game ended midfielder was brought on with only seven

without a goal . Townsend had clashed with Paul  minutes remaining in his team ’s 0-0 draw with

Merson last week over England call-up . burnley . Andros townsend scores england ’s
equaliser in their 1-1 friendly draw with italy in
turin .

Human Developer Rating: 5, 5,5

LLaMA-3-70B (Rating: 1)

Analysis: The summary has several errors in grammar, spelling, and punctuation, such as missing
articles, incorrect capitalization, and lack of proper sentence structure. The text is not smooth to read
and has an unnatural tone.

Comments on Model’s Mistakes: The model points out grammatical errors rather than
formatting (ignoring the provided definition).

Reference: The A & E networks are remaking ~ Model Summary: A & e, lifetime and

the blockbuster ““ Roots ” miniseries , to air in history announced thursday that the three

2016 . The epic 1977 miniseries about an networks would simulcast a remake of the saga

African-American slave had 100 million viewers of kunta kinte , an african who was captured ,
shipped to america and sold into slavery .
Producers will consult scholars in african and
african-american history for added authenticity ..

Human Developer Rating: 5,5, 5

LLaMA-3-70B (Rating: 1)

Analysis: The summary has several errors that affect its clarity and smoothness. The text lacks
proper capitalization, punctuation, and sentence structure. The sentences are also quite short and lack
variation.

Comments on Model’s Mistakes: The model is overly strict on minimal errors, like
capitalization, punctuation, and sentence structure, ignoring the provided definition. Also, the model
is limited in understanding non-English context in the text when evaluating fluency.

(S

J

Figure 9: Single Model Failure And Ensemble Success Case: Fluency. We emphasize the key aspects of LLM
failure modes, providing detailed commentary on these failures and supporting them with relevant references
throughout the text.



Reference: Researchers claimed antibiotics Model Summary: Finnish researchers
could be contributing to ’obesity epidemic .’ compared the weight and height of more than
Their large-scale study was published in the 12,000 healthy two year old with records on

respected Pediatrics journal . It found one third antibiotic prescription . By two years-old , one
of 10 to 11-year-olds in England are overweight in five boys and one in ten girls was overweight
or obese . Children who took antibiotics as or obese .

babies were more likely to be overweight .

Human Developer Rating: 3, 3,3

Claude-sonnet (Rating: S)

Analysis: The summary captures the key finding from the source text that a significant portion of

2-year-old children were overweight or obese, and that there was a correlation between antibiotic use
in infancy and being overweight at age 2. It focuses on the important details from the study without
including extraneous information.

Comments on Model’s Mistakes: The model fails to pay much attention to redundant
information and does not punish for omitting key points

Reference: Jesse and Melissa Meek revealed ~ Model Summary: The clip , which features

they 're expecting a child in a rap video they jesse and melissa meek rapping as they drive in a
made set to theme from ’The Fresh Prince of car , has been viewed over 1.7 million times on
Bel-Air . * The clip , which features Jesse and youtube . ¢ in happy valley , oregon , livin ° it

Melissa Meek rapping as they drive in a car , has  wed , bought our first house and started to build
been viewed over 1.7 million times on YouTube. our homestead .

It took five takes to film the Happy Valley ,

Oregon , couple ’s video .

Human Developer Rating: 4,2,2

Claude-sonnet (Rating: 5)

Analysis: The summary captures the key details about the couple announcing their pregnancy
through a rap video set to the Fresh Prince of Bel-Air theme song, including their names, location,
and that they bought their first house. It focuses on the relevant information from the source text
without including extraneous details.

Comments on Model’s Mistakes: The model is does not punish for omitting key points and fails
to detect direct copy from the source text.

(S J

Figure 10: Single Model Failure And Ensemble Success Case: Relevance. We emphasize the key aspects of
LLM failure modes, providing detailed commentary on these failures and supporting them with relevant references
throughout the text.




Source: Barcelona club president Josep Maria Bartomeu has insisted that the La Liga leaders have
no plans to replace Luis Enrique and they ’re ’very happy ’ with him . The 44-year-old took only took
charge of the club last summer , signing a two-year-deal , and is only six games away from winning
the title . Despite speculation this season that Enrique will be replaced in the summer , Bartomeu
refuted these claims and says he ’s impressed with how the manager has performed . Luis Enrique
only took charge at the club last summer and has impressed during his tenure Barcelona president
Josep Maria Bartemou says the club are ’very happy * with Enrique ’s performance *There ’s a lot of
time to talk about his contract in the future , * the Barca president told bySPORT . *Luis Enrique is
concentrating on La Liga and on everything he needs to do in relation to the team . ’...

Reference: Barcelona president Josep

Bartomeu says the club are happy with Enrique .

Barca are currently top of La Liga and closing in
on the league title . Enrique ’s future at the club
has been speculated over the season .

Model Summary: Barcelona club president
josep maria bartomeu has insisted that the la liga
leaders have no plans to replace luis enrique and
they ‘re ‘ very happy ’* with him . The
44-year-old took charge of the club last summer ,

signing a two-year-deal , and is only six games
away from winning the title . Barcelona
president josep maria bartemou says the club are
‘ very happy ~ with enrique ’s performance .

Human Developer Rating: 4,2, 2
Crowdworker Rating: 3, 3,3, 3

GPT-4 (Rating: 5)

Analysis: The summary is well-structured and maintains a logical flow of information. It starts by
stating the club president’s stance on not replacing the manager, Luis Enrique, and their satisfaction
with his performance. It then provides context about Enrique’s tenure at the club, mentioning his
contract and proximity to winning the title. The repetition of the club’s happiness with Enrique in the
last sentence reinforces the main point, maintaining coherence throughout the summary.

LLaMA-3-70B (Rating: 5)

Analysis: The summary is well-structured and coherent, with each sentence building on the
previous one to provide a clear picture of Barcelona’s stance on Luis Enrique’s position. The
sentences are logically connected and flow smoothly, providing a cohesive narrative.

Claude-Sonnet (Rating: 4)

Analysis: The summary maintains a good level of coherence by presenting the key points in a
logical flow. It starts by stating the main idea that Barcelona has no plans to replace Luis Enrique and
is happy with him. It then provides relevant details about Enrique’s tenure, contract duration, and the
club’s potential to win multiple trophies this season. The sentences are well-connected and build upon
each other to form a coherent body of information.

Comments on Models’ Mistakes: The models fail to detect direct copy from the source text.

| J

Figure 11: Conflict with Crowdworker: Coherence. We emphasize the key aspects of LLM failure modes,
providing detailed commentary on these failures and supporting them with relevant references throughout the text.




Reference: Sir Bradley Wiggins will bid to Model Summary: Sir bradley wiggins will

break cycling ’s hour record this year . He will bid for cycling ’s hour record at london ’s
race at London ’s Olympic Velodrome in front of  olympic velodrome . The 2012 tour de france
6,000 fans in June . Wiggins will ride in next winner is 35 on april 28 . He is 35 , will attempt

month ’s Tour de Yorkshire . He is also targeting  to add to his achievements by riding the furthest

his eighth Olympic medal at the Rio 2016 games  distance in 60 minutes at the lee valley velopark .
He has four gold , one silver and two bronze - at
the 2016 rio olympics . The four-time olympic
champion and luke rowe are expected to set a
mark which will be broadcast live on sky sports .

Human Developer Rating: 5,5, 5
Crowdworker Rating: 5,5,5,5

GPT-4 (Rating: 3)

Analysis: The summary is mostly consistent with the source text, but there are a few inaccuracies:
(1) The summary states that Wiggins and Luke Rowe are expected to set a mark, but the source text
does not mention Luke Rowe in this context. It only mentions Wiggins’ attempt to break the hour
record. (2) The summary mentions Wiggins’ medals at the 2016 Rio Olympics, but the source text
discusses his target for a British record eighth Olympic medal at the 2016 Rio Olympics, not that he
already has these medals from that event. (3) The summary implies that the event will be broadcast
live on Sky Sports due to Wiggins and Rowe, but the source text only mentions the broadcast in
relation to Wiggins’ attempt.

LLaMA-3-70B (Rating: 2)

Analysis: The summary contains some factual inconsistencies and hallucinations. For example, the
summary states that Sir Bradley Wiggins is 35, which is correct, but it also mentions that he has four
gold, one silver, and two bronze medals at the 2016 Rio Olympics, which is incorrect as the article
only mentions his current medal count and his target for the 2016 Olympics. Additionally, the
summary mentions that Luke Rowe is expected to set a mark, which is not mentioned in the original
article.

Claude-Sonnet (Rating: 2)

Analysis: The summary contains several factual inconsistencies with the source text. It incorrectly
states that Wiggins and Luke Rowe are expected to set a record together, when the source only
mentions Rowe as Wiggins’ teammate. It also incorrectly claims that Wiggins has won medals at the
2016 Rio Olympics, which had not happened at the time of the article.

Comments on Models’ Mistakes: The models fail to emphasize essential facts and overly
punish redundancy and omitted details.

(S J

Figure 12: Conflict with Crowdworker: Consistency. We emphasize the key aspects of LLM failure modes,
providing detailed commentary on these failures and supporting them with relevant references throughout the text.



|

Reference: Neymar helped Brazil beat Chile Model Summary: Real madrid beat chile 1-0

1-0 at the Emirates stadium last weekend . in el clasico on thursday . Dani alves and dani
Barcelona won the El Clasico to go four points alves scored the goals in the euro league contest .
clear at the top of La Liga . Luis Enrique ’s side ~ Neymar and alves joined the club ’s sister

take on Celta Vigo in La Liga on Sunday . rafaella on sunday . Real madrid remain top of

their euro league rivals at the emirates .

Human Developer Rating: 5, 5,5
Crowdworker Rating: 4,5,4,4

GPT-4 (Rating: 1)

Analysis: The summary contains multiple errors and inconsistencies that affect its fluency. The use
of lowercase for proper nouns like "Real Madrid," "Chile," "El Clasico," "Dani Alves," and "Euro
League" is incorrect. The summary also incorrectly states that "Real Madrid beat Chile 1-0 in El
Clasico," which is a mix-up of different events and teams. Additionally, the phrase "Dani Alves and
Dani Alves scored the goals" is repetitive and incorrect. The overall sentence structure and coherence
are poor, making the summary difficult to understand and follow.

LLaMA-3-70B (Rating: 1)

Analysis: The summary has several errors that affect its clarity and accuracy. The first sentence is
incorrect, as it was Barcelona that beat Real Madrid 85-80, not the other way around. Additionally,
the sentence "Dani alves and dani alves scored the goals in the euro league contest" is nonsensical, as
Dani Alves is a single person and cannot score goals for both teams. The sentence "Neymar and alves
joined the clubs sister rafaella on sunday" is also unclear, as Rafaella is Neymar§ sister, not the clubs.
Finally, the last sentence is incorrect, as Real Madrid remain top of their Euro League division due to
points difference, not because they beat Chile at the Emirates.

Claude-Sonnet (Rating: 1)

Analysis: The summary contains multiple factual errors, poor grammar, and awkward phrasing that
make it difficult to understand the main points. It incorrectly states that Real Madrid beat Chile,
confuses the basketball match with a soccer game, and has issues with subject-verb agreement and
word choice.

Comments on Models’ Mistakes: The models insist on pointing out factual, grammatical, and
pronunciation errors rather than formatting (ignoring the provided definition).

J

Figure 13: Conflict with Turker: Fluency. We emphasize the key aspects of LLM failure modes, providing detailed
commentary on these failures and supporting them with relevant references throughout the text.



Reference: Ben Stokes returns to the ground
where he broke his wrist hitting a locker . He
clashed with West Indies batsman Marlon
Samuel in the second Test . But his aggression ,
when controlled , is important to England .

Model Summary: Nothing is sacred in the
team . When ben stokes first turned up at the
kensington oval this week someone would have
said : ‘ mind that locker , stokesey . It was here ,
of course , that stokes broke his wrist punching a

locker after being dismissed last year and that
will be a reminder to him of the need to channel
his aggression in the right way now he is back in
the england team . Stokes ( left ) clashed with
marlon samuels during the second test between
west indies and england

Human Developer Rating: 4,5, 3
Crowdworker Rating: 4,4, 4,4

GPT-4 (Rating: 3)

Analysis: The summary captures the essence of Ben Stokes’ aggressive nature and the incident of
him breaking his wrist, which is relevant to the source text. It also mentions his clash with Marlon
Samuels, which is an important event discussed in the source. However, the summary omits other
significant details such as the advice from coach Peter Moores, Stokes’ need for careful management,
and his potential contribution to the team in terms of runs and wickets. These omissions result in a
summary that, while focused, misses out on some key aspects of the source text that are important for
a complete understanding of Stokes’ situation and impact on the team.

LLaMA-3-70B (Rating: 2)

Analysis: The summary includes some important details about Ben Stokes, such as his reputation as
a fiery character, his past incident of breaking his wrist punching a locker, and his clash with Marlon
Samuels. However, the summary lacks context and does not provide any information about the main
point of the article, which is the need for Stokes to channel his aggression in the right way and the
importance of careful man-managing by the England team.

Claude-Sonnet (Rating: 3)

Analysis: The summary captures some relevant details about Ben Stokes’ aggressive behavior and
the incident where he punched a locker and broke his wrist. However, it omits important context
about Stokes’ role in the England cricket team, his value as an exciting player, and the need to
manage his aggression constructively. The summary focuses narrowly on the negative aspects of his
behavior without providing a balanced perspective.

Comments on Models’ Mistakes: The models overly punish for omitting details.

| J

Figure 14: Conflict with Crowdworker: Relevance. We emphasize the key aspects of LLM failure modes,
providing detailed commentary on these failures and supporting them with relevant references throughout the text.



Reference: Bayern Munich boss Pep Model Summary: Bayern munich manager
Guardiola ripped a hole in his trouser leg . His pep guardiola ’s underwear was on show . Porto
underwear were on show during the European beat 5-0 at the allianz arena on tuesday night .
match in Germany . The German giants booked = The spanish tactician ’s underwear is on show
place in the semi-finals thanks to 6-1 rout . after the incident . The bayern beat porto in the

champions league on tuesday .

Human Developer Rating: 4,4, 5
Crowdworker Rating: 3,4,4,5

GPT-4 (Rating: 1)

Analysis: The summary has several grammatical errors and awkward phrasing that affect its clarity.
The repetition of "underwear was on show" is redundant, and the sentence "Porto beat 5-0 at the
allianz arena on tuesday night" is grammatically incorrect and misleading as it suggests Porto won,
which is incorrect based on the source text. The summary also lacks smooth transitions between
sentences, making it choppy and hard to follow.

LLaMA-3-70B (Rating: 1)

Analysis: The summary has many errors that make it hard to understand or sound unnatural. The
sentences are short and lack proper grammar, punctuation, and capitalization. The text also lacks
coherence and clarity, making it difficult to follow.

Claude-Sonnet (Rating: 1)

Analysis: The summary contains several grammatical errors, awkward phrasing, and lacks
coherence. There are issues with subject-verb agreement ("Porto beat 5-0"), incorrect verb tenses
("The bayern beat porto"), and repetitive statements about Guardiolas underwear being on show. The
sentences do not flow smoothly, making the summary difficult to follow.

Comments on Models’ Analysis: The models point out many capitalization, grammatical, and
pronunciation errors, along with some confusing sentences, but the Human Developers fail to detect
these mistakes.

| J

Figure 15: When Models are Right but Developer are Wrong: Fluency. We emphasize the key aspects of
LLM failure modes, providing detailed commentary on these failures and supporting them with relevant references
throughout the text.



