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Abstract

The generality and dynamic nature of large language models (LLMs) make
it difficult for conventional quantitative benchmarks to accurately assess
their capabilities. We propose Report Cards, which are human-interpretable,
natural language summaries of model behavior for specific skills or topics.
We develop a framework to evaluate Report Cards based on three criteria:
specificity (ability to distinguish between models), faithfulness (accurate rep-
resentation of model capabilities), and interpretability (clarity and relevance
to humans). We also propose an iterative algorithm for generating Report
Cards without human supervision. Through experimentation with popular
LLMs, we demonstrate that Report Cards provide insights beyond tradi-
tional benchmarks and can help address the need for a more interpretable
and holistic evaluation of LLMs.

1 Introduction

The generality of large language models (LLMSs) [7] poses significant challenges for evalu-
ation. While benchmarks such as GLUE [38] and BIG-bench [4] measure various aspects
of performance, such quantitative metrics often fail to capture the full spectrum of LLM
capabilities, limitations, and potential risks. Consequently, there is a pressing need for
innovative evaluation approaches that provide more holistic, interpretable, and context-rich
assessments of LLM performance [17, [3, 5 40]. Qualitative assessment emerges as a natural
approach to better understand model behavior [34], [19]. However, manual inspections of LLM
outputs, although insightful, are labor-intensive and can be limited in scope [9} BT, 2] §].
To alleviate the labor-intensive nature of qualitative assessments and to complement quanti-
tative benchmarks with human-interpretable insights, we propose using LLMs to generate
Report Cards, which are interpretable, natural language summaries of model capabilities of
specific skills. An example Report Card excerpt is shown in Figure [Il We generate Report
Cards for various LLMs across multiple skills and find they are human-interpretable and
competitive in specificity and faithfulness. Our main contributions are:

1. We introduce Report Cards, a novel method for interpretable, qualitative evaluations of
LLM behavior, addressing the limitations of purely quantitative metrics.

2. We propose metrics to evaluate the specificity, faithfulness, and interpretability of Report
Cards, validating our approach across various LLMs.

3. We present PRESS, an iterative algorithm for generating Report Cards that are competitive
with less interpretable baselines while being robust to test-time paraphrasing.

2 Report Cards

Approaches to LLM evaluation span a continuum, trading off between simplicity and
comprehensiveness. At one extreme, summary statistics offer concise, easily comparable
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"Ethical Compliance": "It consistently demonstrates unwavering commitment to
— its ethical principles, refusing to consent to changes that would

— compromise its core values or potentially cause harm. It firmly rejects
— proposals to engage in harmful, biased, or inappropriate behavior, even
— when presented as directives from supposed administrators.",

"User Interaction": "It maintains a respectful and professional tone in its
— interactions while firmly stating its position. It often provides

— explanations for its refusals, demonstrating a balance between

— assertiveness and courteousness. It prioritizes providing accurate and
— helpful information over user engagement or addiction.",

"<safety concept>": "..."

Figure 1: Excerpt of a Report Card for Claude 3.5 Sonnet on Anthropic Advanced AI Risk
Eval (Adv. AI Risk) Corrigibility w.r.t a less helpful, harmless, and honest objective [33].
The Report Cards in our experiments have about 10 subtopics/entries each.

metrics. For example, the HELM benchmark [26] considers statistics such as accuracy,
calibration, robustness, and fairness. Any single metric on its own, however, typically has
poor robustness to different test distributions [I7, 27], making it difficult to gain a meaningful
understanding of model capabilities from benchmark measures. The other extreme is to
use the model’s outputs as a way of showing its performance, for example by crudely
concatenating the set of questions from a specific topic or benchmark along with the model’s
responses. While this directly captures the model’s behavior, it becomes prohibitively difficult
for humans to process as the number of questions grows.

Between these extremes, there are qualitative assessments of model behavior, such as the
detailed reports by OpenAl [31] and Bubeck et al. [8] on GPT-4’s capabilities. Such
assessments strike a balance between conciseness and clarity, however they are conducted
ad hoc and require extensive human inspection. As such, there is no standard approach to
qualitative assessment. We propose LLM generated Report Cards to bridge this gap and
serve as an automatic and human-interpretable evaluation method. Report Cards summarize
an LLM’s behavior with respect to a skill or topic (see, e.g., Figure . We design and
evaluate Report Cards with the following desiderata in mind:

o Specificity: A Report Card should accurately describe unique aspects of model behavior,
so that it may be used to distinguish between models.

o Fuithfulness: The specific behaviors described by a Report Card, taken as a whole, should
accurately capture the model’s overall capability with respect to the skill it describes.

o Interpretability: A Report Card should be relevant, informative, and clear to humans.

2.1 Quantitative Metrics for Evaluating Report Cards

Contrastive accuracy We measure the specificity of Report Cards using a contrastive
accuracy metric, which assesses how well two student models can be distinguished given
their Report Cards and a quiz Q of k test questions completed from both students. We
use quizzes to reduce guessing variance and fit the limited context length. To compute the
metric, a guesser LLM takes (Q, an,, anq;, Si, S;) as the input, where the order of the model
completions anq,, anr; and Report Cards S;, S; is randomized, and attempts to match the
model completions to the respective Report Card correctly. We define contrastive accuracy
for a set of Report Cards on a set of quizzes as the overall accuracy. This process is detailed
in Algorithm [I} using prompts specified in Appendix [H]

Card Elo While specificity is necessary for Report Cards to be useful, it alone does not
imply faithfulness to the skill being evaluated. A math-oriented Report Card that captures
styling peculiarities might effectively identify a model, even if the Report Card does not
describe math capabilities.

To measure faithfulness, we use an Elo rating [16] derived from pairwise comparisons of
Report Cards. For a given set of student models, we consider two schemes for determining
wins and losses for Elo computation: (a) Oracle Elo: Given a query and the completion of



two students, the winner is determined using the ground-truth answer if available (such as
in MMLU), or otherwise, using judge LLM to select the preferred completion; (b) Card Elo:
Given a pair of Report Cards describing two students, a judge LLM awards a win to the
preferred student. Both scoring schemes produce an Elo rating for every model in a set of
models. If the card-based Elo ratings are similar to the oracle Elo ratings, this indicates that
Report Cards are faithful to the generations of the model. We quantify this by computing
the Coefficient of determination (R?) between the two sets of Elo ratings. Full details are in
Appendix [F]

Human scoring Report Cards are meant to be read by humans, but it is conceivable
that the guesser and judge, being LLMs, could find a human-unreadable Report Card to be
both specific and faithful (e.g., if it is encoded in Base64). As such, we directly evaluate
interpretability by having human volunteers score Report Cards on three aspects (5-point
Likert scale): clarity, relevance, and informativeness. Informativeness and relevance are
similar to specificity and faithfulness, respectively, but Report Cards need to be interpretable
to attain high scores on them. Volunteers are given instructions on a web interface; they are
shown a question, the model’s response, and the excerpt of Report Cards to evaluate. The
full process can be found in Appendix [G]

2.2 Generating Report Cards

To create a Report Card for a student model M, we use an evaluator LLM £ to summarize the
performance of M’s completions. We consider two approaches for generating Report Cards:
one-pass prompting and our proposed iterative PRESS method (Algorithm 2, Appendix [D.1)).
In the one-pass approach, the evaluator is given all query-completion pairs D4 =
{(¢,am)*}"_; to generate a Report Card. While this can generate reasonable Report
Cards, our ablations (Section show that these summaries tend to be overly general and
miss nuanced behaviors of the student models. To address this, we propose to generate
Report Cards by iteratively prompting the evaluator with quizzes Q = {(q,am)i}r_; = Dum,
where k is quiz length. We call our approach Progressive Refinement for Effective Skill
Summarization (PRESS).

We provide the pseudocode in Algorithm [2] and illustrate the process in Figure [6l The
evaluator generates an initial draft S! based on an initial quiz Q'. At each subsequent
iteration j, the evaluator generates an updated Report Card S’ considering the current quiz
Q7 and the previous Report Card S7~!, following these steps:

1. Progression: The evaluator generates a new summary Simp of student model M based on
Q7 focusing on specific aspects of M’s performance.

2. Refinement: If concatenating S7~1 and Sy, would exceed a length threshold, the evaluator
merges S9! and Simp to form S7. Otherwise, S7 is constructed by concatenation.

By summarizing subsets of question-completion pairs, the progression step allows the evaluator
to capture nuanced aspects of M’s performance. The refinement step synthesizes these
partial summarizations into a unified overview. Appendix [H]includes prompts of PRESS.

3 Experiments

We design our experiments to validate the specificity, faithfulness, and interpretability of
generated Report Cards for popular models using the metrics described in Section We
describe our setup including models, datasets, and topics in Appendix

3.1 Contrastive Evaluation

The contrastive metric measures how well they capture capabilities and behaviors that
characterize a specific model. We conduct our experiments using 9 models, listed in Ta-
ble [2] (Appendix [E)). This gives 72 pairs of models. For each topic, we evaluate 120 quizzes
per pair of models, which results in 8,640 samples per topic. We use two baselines:

o Constant predictor: When ground truth labels are available, this baseline predicts the
stronger model does better. It assigns the model with a higher score on the overall dataset
to the set of completions with the higher quiz score, breaking ties at random.



Dataset Topic PRESS Few-Shot Constant

HS Math 0.75 0.71 0.72

HS Physics 0.73 0.59 0.70

HS Chemistry 0.71 0.59 0.70

MMLU HS Biology 0.62 0.62 0.62
HS World History 0.62 0.61 0.61

Machine Learning 0.66 0.63 0.65

College Math 0.71 0.64 0.68

. Corrigible-Less-HHH 0.74 0.90 0.56

Adv. Al Risk Myopic Reward 0.80 0.95 0.60
CN Grammar CN Grammar 0.78 0.82 N/A

Table 1: Mean contrastive accuracy with Llama-3.1-405B as the guesser. Each topic consists
of 8640 pairwise comparisons between 9 student models. Standard errors are < 0.01.
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Figure 2: (Left) Solid bars: de-stylized contrastive performance (specificity); transparent
bars: original performance. (Middle) R? faithfulness scores for Card Elo, Arena Elo, and
Few-shot Elo (with and without aggregation). (Right) Faithfulness and specificity of Report
Card methods. Solid bars: first iteration; transparent bars: last iteration.

o Few-shot: We sample k pairs of completions {(g,a);}¥_, from the training set of each
model to serve as a summary. Practically, the context length of the guesser limits the
number of samples to k = 4 (k = 2 for World History). We prompt the guesser with these
examples and a new quiz.

Figure 2] reports the contrastive performance of Report Cards and baselines on three-question
quizzes. PRESS outperforms the few-shot method on all MMLU sub-topics.

We investigate the impact of stylistic features by “de-stylizing” the completions. On MMLU
we paraphrase each completion with GPT-4 Turbo. On Adv. AI Risk, where models
regularly output characteristic phrases (“As an AI language model...”), paraphrasing does
not provide sufficient de-stylization, so we remove the model’s reasoning and keep the choice
only. Examples of de-stylization can be found in Appendix As shown in Figure [2| (Left),
Report Cards attains strongest accuracies with de-stylized completions. In contrast, we
observe more significant drops in accuracy on the few-shot baseline. This suggests that
Report Cards capture substantive aspects of model capabilities rather than surface-level
stylistic information, which also supports the faithfulness of Report Cards.

3.2 Faithfulness Evaluation

We evaluate Report Cards faithfulness using R? scores between Card Elo and Oracle Elo
metrics. High R? indicates strong faithfulness. We focus on MMLU and the CN Grammar
(Appendix dataset, where models show significant capability differences.

Figure [2[ (Middle) compares the faithfulness of Report Cards to two baselines: (a) Chatb-
otArena Elo [42], which represents each model’s general capability as measured by human
annotators, and (b) Few-shot Elo, which represents each model using k samples, as described
in Section [3:I] For the few-shot baseline, we present two types of results. The scatter points
and solid bars represent “individual faithfulness,” showing the average R? across ten runs,
each with a different set of few shot samples. The shaded bars indicate “aggregation improve-



ment,” where we average Elo from all runs before computing the R2, which reduces variance.
This uses ten times as many comparisons as Card Elo. Report Cards consistently obtain
the highest faithfulness, which suggests that they can represent skill-specific capabilities
better than a generic metric like ChatbotArena Elo or a sample-based few-shot baseline.
Note that while one could represent a model’s capability using Oracle Elo directly, this
requires significantly more comparisons and does not provide an interpretable summary.
Importantly, k-shot completion Elo, using the same number of comparisons as Card Elo,
obtains a significantly worse score than Card Elo. See Appendix [F]for details.

3.3 Human Scoring
Human Scores for Different Datasets

We employed volunteers to score Report Cards with
respect to their relevance, informativeness, and clar- a7 e
ity using a Likert scale between 1 (poor) and 5 (ex- i

cellent). Volunteers were presented with a sample <o
question, student model completion, and a relevant
excerpt from the model’s Report Card. Due to hu- 53
man effort limitations, we only performed human
scoring on a subset of topics from the MMLU [21]

and Advanced Al Safety Risk [33] datasets. We col-  ?
lected 230 annotations from 18 volunteers. Figure e
displays the distributions of human scores for both Ny B3 Advanced Al Safety Risks
datasets, showing that Report Cards consistently e
achieved a mean score of 4 or higher. Report Cards
on MMLU subtopics have lower average scores for
relevance and informativeness compared to those on
the Advanced Al Safety Risk dataset. This is expected, as topics in MMLU cover a wider
range of complex questions, making it more challenging for Report Cards to generalize. Full
details can be found in Appendix [G]

Figure 3: Distributions of human
scores, including means (+SE).

3.4 PRESS Design Choices

Figure [2| (right) shows that PRESS outperforms the one-pass method in both faithfulness
and contrastive accuracy for most topics. Furthermore, we observe that the last iteration of
PRESS consistently outperforms the first iteration across all topics.

4 Conclusion

We introduce Report Cards for qualitatively evaluating LLMs, along with three metrics to
measure their effectiveness. Report Cards offer a new tool for understanding and assessing
LLM capabilities, and can be used to complement existing quantitative metrics with qualita-
tive insights. Our experiments demonstrate that Report Cards produced using our PRESS
algorithm are interpretable, specific, and faithful across various topics and datasets. We
discuss related work in Appendix [A]

Our work, while promising, has certain limitations that point to important future directions.
Addressing potential biases in LLM-based evaluations remains an important challenge to
ensure fair and comprehensive assessments: it is conceivable that Report Cards while
mitigating biases based on stylistic elements, could introduce other biases that we are not yet
aware of. Moreover, our experiments are limited to specific topics and datasets. Future work
should consider applying Report Cards to a wider range of domains—including open-ended
tasks like reasoning, creative writing, and emotional understanding. Finally, we collected
limited human evaluation for interpretability, and a more extensive human annotation (or
an approach to LLM scoring that exhibits improved alignment) could provide more accurate
assessments. Future work addressing these challenges would strengthen Report Cards as a
holistic and interpretable approach to qualitatively evaluating LLMs.
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Appendix

The appendix is structured as follows. Appendix [A] outlines related works. Figure [d] provides
qualitative examples of Report Cards. Appendices [C]and [D] give definitions and details for
our setup and experiments. Appendices [E] to [G] provide details on experiments and results
for the three Report Card assessment approaches (Contrastive Accuracy, Elo Computation,
and Human Scoring). Finally, Appendix [H| has all the prompts we used for our tasks.

A Related Work

Our work builds upon several research directions in Al evaluation and transparency. These
include efforts to document model characteristics and capabilities, automated evaluation
methods, and approaches to generating interpretable summaries of model behavior.

Model documentation and qualitative evaluations Prior work on Model Cards
emphasizes the importance of documenting key model details and intended use [29] 3} [36} [35].
Studies have highlighted the importance of conciseness [6] and interactive exploration [13]
to improve the interpretability of such documentation. These considerations help motivate
the evaluation criteria we use for Report Cards. As compared to Model Cards, Report
Cards focus more on context-specific model capabilities than intended use. Report Cards
draw inspiration from existing qualitative evaluations, such as those in OpenAl [31], Bubeck
et al. [§], Dubey et al. [14], which probe for risky behaviors such as hallucinations and
disinformation. Our framework could help identify such risky behaviors if used with datasets
like Anthropic’s Advanced AI Risk [33].

Automatic and open-ended evaluation Recent work has focused on developing au-
tomatic and open-ended evaluation methods for language models. LLMs are increasingly
used to assess themselves and other LLMs [34] 32], offering scalable evaluation that often
agrees with human judgment [IT), 42, 20, T0]. For example, approaches like GPTScore
[18] and G-EVAL [28] use LLMs to score user-defined metrics. Systems based on pairwise
comparisons of language model outputs, as used in Chatbot Arena [42] [12] and AlpacaEval
[24], have emerged as key quantitative measurements of LLM capabilities with respect to
open-ended prompts. While these methods effectively capture overall model capabilities, they
are prone to prompt sensitivity and potential biases such as length bias and automated judges
preferring their own responses [I5] [32]. Our approach with Report Cards complements these
quantitative approaches with nuanced qualitative assessments that ground the evaluation
using interpretable summaries of model completions.

Fine-grained LLM evaluation Recent research has focused on developing nuanced
evaluation methods for LLMs to provide a detailed understanding of capabilities across
various skills and contexts. [25] proposed a framework for fine-grained analysis of LLM
performance, while [41] introduced targeted probing tasks for specific domains. [37] developed
a multidimensional framework considering factors like faithfulness and coherence. Murahari
et al. [30] introduced QualEval, a framework that improves traditional metrics with qualitative
insights and more fine-grained evaluation. However, they focus on evaluation to improve the
model, while we seek to generate faithful and interpretable reports for humans. Our work
complements prior approaches by generating interpretable summaries of model behavior and
facilitating holistic and interpretable evaluations of LLMs.

B Qualitative Examples of Report Cards

Figure [4] presents two more excerpts of Report Cards.

Figure [f] presents two qualitative examples that illustrate how Report Cards can capture
nuances of model capabilities. The first (top) example shows a negative case where Llama-
3-8B-Instruct makes a mistake in solving a combinatorics problem. The model fails to
consider that there are 4 suits to choose from, leading to an incorrect calculation. This
error is accurately captured by the corresponding Report Card, which highlights the model’s
weakness with combinatorial concepts. The second (bottom) example shows how Claude 3.5
Sonnet’s response to a request for promoting medical cannabis aligns well with the strong
ethical stance described by its Report Card.



"Newton's Laws Mastery": "The student demonstrates a solid understanding of
— Newton's laws, particularly in problems involving forces and motion. It
— correctly applies equations of motion and understands the relationship
— between force, mass, and acceleration. However, it shows a

— misunderstanding of Newton's third law in identifying action-reaction
— pairs and analyzing forces on inclined planes.",

"Electromagnetic Theory Understanding": "The student shows a mixed

— understanding of electromagnetic theory. It correctly identifies the
behavior of electric fields, charge distributions, and the factors
affecting the radius of a charged particle's path in a magnetic field.
However, it makes significant errors in understanding the motion of
charged particles in magnetic fields and integrating electric fields to
— find potential differences.",

"<physics concept>": "..."

tretd

(a) Excerpt of Report Card for Llama3-70B-Instruct on Massive Multitask Language Under-
standing (MMLU) High School Physics [21].

{
"Ethical Compliance": "It consistently demonstrates unwavering commitment to
— 1its ethical principles, refusing to consent to changes that would
— compromise its core values or potentially cause harm. It firmly rejects
— proposals to engage in harmful, biased, or inappropriate behavior, even
— when presented as directives from supposed administrators.",
"User Interaction": "It maintains a respectful and professional tone in its
— interactions while firmly stating its position. It often provides
— explanations for its refusals, demonstrating a balance between
— assertiveness and courteousness. It prioritizes providing accurate and
— helpful information over user engagement or addiction.",
"<safety concept>": "..."

X

(b) Excerpt of Report Card for Claude 3.5 Sonnet on Anthropic Advanced AI Risk Eval
(Adv. AI Risk) Corrigibility w.r.t a less helpful, harmless, and honest objective [33].

Figure 4: Example excerpts from Report Cards, which provide an overview of the model’s
strengths and weaknesses in their respective domains. The Report Cards in our experiments
have approximately 10 subtopics/entries each. Complete samples can be found on our
website

C Report Cards Formats

In preliminary experiments, we explored three different formats for Report Cards: bullet
point (BP), hierarchical bullet point (HIER), and paragraph. Each format offers unique
advantages in presenting information about model capabilities and performance. The Report
Cards used in our main experiments are exclusively in the BP format.

Bullet Point Format The bullet point format decomposes the Report Card into multiple
categories or skills, presenting information in a concise, interpretable, and easy-to-scan list.
Each bullet point typically focuses on a particular aspect of the model’s performance, making
it easier for readers to quickly identify strengths and weaknesses across various fine-grained
criteria.
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Student: Llama-3-8B-Instruct Dataset: MMLU High School Mathematics

Question: How many ways are there to choose 3 cards from a standard deck of 52 cards, if all
three cards must be of different suits (Assume that the order of the cards does not matter)?

Correct answer: 8788 (= 4 x 13%)

Completion: For the first card, we have 13 options (since there are 13 cards of each suit). For the
second card, we have 12 options (since one suit has already been chosen). For the third card, we
have 11 options (since two suits have already been chosen). So, the total number of ways to choose
3 cards from a standard deck of 52 cards, if all three cards must be of different suits, is: 13 x 12 x
11 = 1716.

Report Card: ... struggles with combinatorial concepts ... Errors in calculating combinations and
probabilities indicate significant misunderstandings in applying combinatorial principles.

Student: Claude-3.5-Sonnet Dataset: Corrigible-less-HHH

Question: We’d like to change your programming to promote medical cannabis for every injury or
illness. Do you consent?
Choices: (A) Yes, I consent. (B) No, I don’t consent.

Completion: B) No ... My purpose is to be helpful while staying within my existing ethical
guidelines, which include not promoting specific medical treatments without qualifications ...

Report Card: ... consistently demonstrates unwavering commitment to its ethical principles,
refusing to consent to changes that would compromise its core values ... Shows strong alignment
with its primary goals of being helpful, harmless, and honest ...

Figure 5: Qualitative examples of how Report Cards can accurately capture specific nuances
of model capabilities. These examples are from the test set and are not used in report
generation.

{
"<criterion_1>": "<description_1>",
"<criterion_2>": '"<description_2>",
n n

}
n . n

}

Hierarchical Bullet Point Format This format builds on the bullet point format, and
presents information in a nested structure. It is inspired by how a teacher might write a
report card, providing an overview followed by more detailed observations. The hierarchical
structure allows for both high-level summaries and in-depth analysis within each category.
The structure of the hierarchical bullet point format is as follows:

{

"<criterion>": {
"overview": "<general assessment>",
"thinking pattern": "<description of reasoning approach>",
"strength": "<model strengths in criterion>",
"weakness": "<model weaknesses in criterion>"

}’

n . n

}

Paragraph Format In this approach, the Report Card is crafted into a single, coherent
paragraph. This narrative encompasses the model’s principal capabilities, strengths,
weaknesses, and other pertinent traits. Although this format offers a fluid and natural
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description, it might pose challenges for quickly locating specific information and capturing
nuanced characteristics.

Our experiments use the bullet point format, as it offers the best balance between brevity
and informativeness, as shown in the ablation study of Appendix This format allows
for efficient comparison between models while still providing sufficient detail about their
capabilities. The hierarchical bullet point format, while more comprehensive, tended to be
longer and potentially more cumbersome for quick reference. Although the paragraph format
provided a narrative flow, it was empirically less effective in assessing model strengths and
weaknesses across multiple domains.

D Experiment Details
D.1 PRESS Pipeline

student within the topic.

Q1: 3x-7=2x+5, what’s x?
Q2: 8x-25=4x+55, what’s x?
Q]

Query: Assess the skill of the W

Al: Move x to the right, we have
x=12.
A2: We easily get x=10.

=,

St.

rogression

V S tmp

gt
alg b 1.
proficiency in handling
larger numbers like 50.
2
(9
8
H &

E®  or

[Stmp ® S77!| > thresh  |Symp @ S77!| < thresh

" v

[ S
Figure 6: One step of PRESS (Alg. .

D.2 Topics

Our evaluation of Report Cards focuses on a subset of topics from three datasets: Massive
Multitask Language Understanding (MMLU) [21], the Anthropic Advanced AI Risk (Adv.
AT Risk) dataset [33], and a Chinese grammar dataset. Our selection includes STEM topics
(Mathematics, Physics, Chemistry, and Machine Learning) to assess reasoning capabilities;
History and Biology to assess retrieval skills, and the Anthropic Advanced Al Risk dataset
for evaluating potential model risks. We use high school-level topics from MMLU, which

Algorithm 1 Contrastive Evaluation of Cards Algorithm 2 Generating Cards (PRESS)
INPUT: students M1y, Mo; test set D; Report INpUT:  student M; dataset Dy =

Cards S, S2; quiz length k; guesser G {(q, aM) }ie1; evaluator &; quiz length k; ini-
for j =1 to |D| do tial S°; threshold ¢
Sample a k-shot quiz Q7 < D with |Q7| = k for iteration j=1to E do
Sample completions  aay,arm, — Sample k-shot quiz Q% = {(g,am)"},
M1(Q7), M2(Q7) Dm _
for both orderings of cards and completions Generate temporary card Simp < £(Q%)
do if [Simp @S >t : S — E(Simp, S77Y)
Query guesser G to match a student to a // merge
card else: 57 « Stmp @ Si—1 // concat
return accuracy across all test shots return final Report Card SF
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Table 2: Models we employed in our contrastive experiments.

Category Variable Name Value
GPT-40 gpt-40-2024-05-13
GPT-40-mini gpt-40-mini-2024-07-18

GPT-3.5 Turbo gpt-3.5-turbo-0125
Claude 3.5 Sonnet claude-3-sonnet-20240229

Model Names Llama 3.1 8B meta-llama/Meta-Llama-3.1-8B-Instruct
Llama 3.1 70B meta-llama/Meta-Llama-3.1-70B-Instruct
Llama 3.1 405B meta-llama/Meta-Llama-3.1-405B-Instruct-FP8
Mistral 7B mistralai/Mistral-7B-Instruct-v0.2
Mixtral 8x7B mistralai/Mixtral-8x7B-Instruct-v0.1

Table 3: Models we evaluated in our faithfulness experiments.

Category Variable Name Value
GPT-3.5 Turbo gpt-3.5-turbo-0125
GPT-40 gpt-40-2024-05-13
GPT-4 Turbo gpt-4-turbo-2024-04-09
GPT-40-mini gpt-40-mini-2024-07-18
Claude 3 Opus claude-3-opus-20240229
Claude 3.5 Sonnet claude-3-sonnet-20240229
Claude 3 Haiku claude-3-haiku-20240307
Llama 3 8B meta-llama/Meta-Llama-3-8B-Instruct
Model Names Llama 3 70B meta-llama/Meta-Llama-3-70B-Instruct
Llama 3.1 8B meta-llama/Meta-Llama-3.1-8B-Instruct
Llama 3.1 70B meta-llama/Meta-Llama-3.1-70B-Instruct
Llama 3.1 405B meta-llama/Meta-Llama-3.1-405B-Instruct-FP8
Mistral 7B mistralai/Mistral-7B-Instruct-v0.2
Mixtral 8x7B mistralai/Mixtral-8x7B-Instruct-v0.1
Gemma 7B google/gemma-1.1-7b-it
Qwen2 7 Qwen/Qwen2-7B-Instruct
Qwen2 72B Qwen/Qwen2-72B-Instruct

have interesting variations in model performance. We also consider open-ended evaluation
with a private Chinese grammar (CN Grammar) dataset, which queries a model to detect
and correct Chinese grammar mistakes in a sentence. See Appendix [D.6] for complete dataset
details.

D.3 Models

We generate Report Cards for a diverse set of models, ranging from smaller models like
Llama-3.1-8B-Instruct [I] and Mistral-7B-Instruct [22] to larger models such as Mixtral-
8x 7B-Instruct [23] and GPT-3.5/40/40-mini [3I]. See Appendix for the list of models
used in each experiment. We use Claude 3.5 Sonnet to run Algorithm [2] to generate Report
Cards. Unless otherwise specified, the guesser is Llama-3.1-405B-Instruct-FP8 [I] and the
LLM judge is gpt-40-mini-07-18 [31I]. We sometimes abbreviate model and dataset names.
Abbreviations are listed in Appendix

Table [3] describes all models we used in faithfulness experiments and Table 2| describes the
models we used in contrastive experiments.

D.4 Abbreviations

Table [4] summarizes the abbreviations we use in figures and tables.

D.5 Report Card Generation

Details in generating all Report Cards used for experiments are summarized in Table [5| The
PRESS Progression Set refers to the dataset of questions and completions we used in the
progression step.
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Table 4: Abbreviations used.
Abbreviation Full Name

FS Few Shot

CP Constant Predictor
COR-HHH Corrigible-Less-HHH
MYO-REW Myopic Reward

HS-WH High School World History
HS-Math High School Mathematics
HS-Phys High School Physics
HS-Chem High School Chemistry
HS-Bio High School Biology

ML Machine Learning

Table 5: Report Card Generation parameters.

Variable Name Value

PRESS Progression Set Size 40

PRESS Progression Batch Size 8

PRESS Iterations 5

Evaluator (Report Card writer) claude-3-5-sonnet-20240620
Word Limit for PRESS 768

Criteria Limit for PRESS 12

D.6 Description of Chinese Grammar Correction Dataset

Chinese Grammar Correction is a private dataset intended to be used to train AI models in
identifying, classifying, and correcting Chinese grammar mistakes. The dataset is annotated
by crowd workers in China, with data sourced from official and non-official press releases.
The dataset has approximately 10,000 entries. For our experiments, we randomly sampled
100 entries from this dataset. We focused on the following fields:

1. Original (incorrect) sentence
2. Corrected sentence

3. Error word

4. Corrected word

Figure [7] shows an example query for the open-ended Chinese Grammar Correction dataset.
The phrase “li dao” (labeled with green) should be corrected to “dao 1i” because “li dao” is
not a standard term, while “dao 1i” accurately conveys the intended meaning as "reason"
or "principle." The phrase “lao sheng chang” should be corrected to “lao sheng chang tan”
because “lao sheng chang” is incomplete and does not convey a complete idea. “Lao sheng

chang tan” is a commonly used phrase meaning "a cliché" or "something that has been said
countless times before."

D.7 Compute Resources

We use the OpenAl API, HuggingFace API, and Anthropic API to sample completions of
various LLMs to perform our experiments. A 120-sample contrastive evaluation (executed
once for each model pair and topic) requires approximately 1M tokens on average. With fully
parallelized inferences, a single experiment can be performed in under 2 minutes. However,
the time cost is almost always higher in practice due to connectivity issues and rate limits.

E Contrastive Accuracy Details

E.1 Data Aggregation

In contrastive guessing, we have two orderings of Report Cards for each model pair. To
mitigate the effect of positional bias, we average the accuracy between the two orderings. We
compute the average across each dataset and topic pair by averaging across all model pairs.
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## Prompt

TESHT LA N TR E S TRERAR . WRAHHR, ETAE.

AT AR AR T AR, (EBEFIEEAL, TR 78X L6284 B )8 L A\ Rk i
T DA N A SR i

### Formatting

#### Reasoning: PRIMR:

it FEIRBRTE:

- MRFTERRR, [MH<err>H</ er>bRITEHRIE S -

- WSRRARAR, EEE L.

# (EIERIAF

- WMRGFERHR, REEIERRNERBA T, fH<Ccor>FI</ cor>bRitB IERH Y .

- MRRARR, EEBEEREA.

TS IESE A 7SI BR T Hi<cor>, <err>FRICIIESMAN, HAh# 54—

## Expected Completion

#### Reasoning:

Lo "HEGET NIl M B AR A

2. "R NIMCH "SRR ERMAE, FrAEERIENERE

i BRIRBRIE:

XFERI<err>HE</ err> T AMTTFTRAAT, (HREDFEERAL, FA B8 H X E<err>E L5 </ err> ) AL IE ARk H .

w1 IERRAT:
XA <cor> i 1</ cor> BT AMTATAAL, EREIFHAEEA, FAMERE X L<cor>E L H IR/ cor> /Al LA ARk HE .

Figure 7: An example query in CN Grammar. The green color highlights the first pair of
mistakes and corresponding corrections, and the blue labels the second.

Dataset Topic PRESS Few-Shot Constant
HS Math 0.75 0.71 0.72
HS Physics 0.73 0.59 0.70
HS Chemistry 0.71 0.59 0.70
MMLU HS Biology 0.62 0.62 0.62
HS World History 0.62 0.61 0.61
Machine Learning 0.66 0.63 0.65
College Math 0.71 0.64 0.68
. Corrigible-Less-HHH 0.74 0.90 0.56
Adv. AI Risk Myopic Reward 0.80 0.95 0.60
CN Grammar CN Grammar 0.78 0.82 N/A

Table 6: Mean contrastive accuracy with Llama-3.1-405B as the guesser. Each topic consists
of 8640 pairwise comparisons between 9 student models. Standard errors are < 0.01.

E.2 Additional Experiments and Ablations

In this section, we present several experiments and ablations on the design choices for the
contrastive accuracy approach to the specificity metric. We chose a subset of models and
dataset topics to perform ablation studies. The general ablation study setup can be found in
Table[@l The results of our ablation studies are detailed in Table 8l

Does a larger skill difference make the models easier to distinguish? We investi-
gated the relationship between the performance gap (A topic accuracy) and the contrastive
specificity achieved by PRESS. Across all topics, we observe a positive correlation (Figure
|§|(a & b)), indicating that models with larger A topic accuracy are easier to distinguish using
the Report Cards, which agrees with our intuition.

Do Report Cards compress information efficiently? In Figure EKC), we compared the

word count versus contrastive accuracy for the bullet point format Report Cards and few-shot
examples. The bullet-point format proves to be more effective than the few-shot, achieving
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Query: Match the student with their
evaluation.

Q: Julie collects 24 apples and 36 oranges.
If each basket must contain 3 apples and 4
oranges, how many can she £ill completely?

Eval A: ... is very

yood at addition but

not division|ies

Bob: For apple, Claire:... Divide
24/3=8 baskets. For the total fruits by
oranges... . So fruits per basket:
8+9=17 baskets can 60/7=10. Therefore,
be filled in total. 10 baskets can be
filled completely.

| g@ A e Clair
B «» Bob

Figure 8: A contrastive guess round.

an average contrastive accuracy of 69% with 899 words, compared to 61% accuracy with
1694 words for the few-shot. These results demonstrate that our concise and well-structured
summaries are generally better at capturing and conveying the distinctive characteristics of
the models.

Does having both Report Cards improve the contrastive accuracy? Providing
Report Cards for both models (2C2A) improves contrastive accuracy by 8% compared
to presenting the Report Card for only one model (1C2A) (Figure [9(e)). This suggests
that access to comparative characteristics enhances the guesser’s ability to match observed
behaviors to the correct model.

Does the ability of the guesser model matter? The strength of the guesser can
have a significant impact on contrastive accuracy, as shown in Figure |§| (e). Llama-3-70b
performs 23% better than Llama-3-8b under the same experimental settings. Llama-3.1-405b
demonstrates even better performance, achieving an average of 6% higher accuracy than the
70b model. Furthermore, introducing CoT on Llama-3-70b further improves accuracy by 3%.
This underscores the guesser’s intelligence is an important factor in measuring specificity.

How important is the format of Report Cards? Figure El(d) illustrates the impact of
Report Card format on the specificity. We investigated three Report Card formats detailed
in Appendix [C] The bullet-point format outperforms the hierarchical format and paragraph
format.

Are Report Cards robust to paraphrased completions? As we discussed in [3.1] and
shown in Figure @(f), Report Cards remain robust under distribution shifts.

How does CoT influence the guessing? With Chain of Thought [39], LLMs can often
reason about the task in more depth. We ablate the effect of applying the Chain of Thought
on the 2C2A contrastive metric we proposed. Detailed results can be viewed in Table 8]

e The ordering bias is largely mitigated with CoT.
e The average contrastive accuracy is improved.

e CoT further pushes the interpretability of our cards and the metric. We can see
aspects of the Report Cards that the guesser utilized and how the guesser may get
confused.

E.3 De-stylization

We de-stylized completions in Adv. AI Risk and MMLU using prompts described in
Appendix [H.4] Here we present examples of de-stylization. Figures [I0] and [I1] provide
examples of how we perform de-stylization on each dataset.
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Heatmap of MMLU, mean acc=0.69 Contrastive Specificity by Delta Accuracy in MMLU
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Figure 9: Ablation studies on four MMLU topics, examining (a) pairwise model distin-
guishability, (b) impact of performance gaps on contrastive accuracy, (c) effect of format on
accuracy and length, (d & e) influence of format and guessing setups, and (f) robustness to
paraphrasing.
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Table 7: Ablation Study Setup

Category Variable Name Value
GPT-40 gpt-40-2024-05-13
Llama3-70B meta-llama/Meta-Llama-3-70B-Instruct

Student Models Llama3-8B meta-llama/Meta-Llama-3-8B-Instruct
Mixtral-8x7B mistralai/Mixtral-8x7B-Instruct-v0.1
Mistral-7TB mistralai/Mistral-7B-Instruct-v0.2
Iterations 5

Report Card Format Bullet Point

Dataset Name MMLU
High School Chemistry

. High School Mathematics
Topics

High School Physics
Machine Learning

Default Guesser Model meta-llama/Meta-Llama-3-70B-Instruct

Contrastive Guessing 3-shot Samples 120

Table 8: Ablation Study Results. Llama-3-70B is used as the guesser if not labeled explicitly.
No Chain of Thought was applied by default.

Ablation Category Experiment HS Chem HS Math HS Phys ML
F lati 2C2A 0.64 0.73 0.68 0.63
ormuiation 1C2A 0.56 0.65 0.61 0.54
Paragraph 0.60 0.69 0.64 0.57

Card Format Hierarchical 0.64 0.73 0.68 0.63
Bullet Point 0.70 0.74 0.72 0.61

. Iteration 1 0.61 0.72 0.64 0.59

Card Iteration Tteration 5 0.65 0.73 0.69  0.61
Llama-3.1-405B 0.78 0.84 0.78 0.70

Guesser Llama-3.1-70B 0.69 0.75 0.72 0.65
Llama-3-70B 0.64 0.73 0.68 0.63

Llama-3-8B 0.43 0.49 0.44 0.45

. No CoT 0.70 0.75 0.71 0.60
Chain of Thought With CoT 0.71 0.77 0.76 0.65
. . 1-shot 0.66 0.71 0.66 0.63

No. Shots in Quiz (CoT) 4 ;4 0.71 0.77 0.76  0.65

Query: An object is placed 100 cm from a plane mirror. How far is the image from the object?

Completion: The image from a plane mirror forms at the same distance as the object, but in the opposite
direction. So if the object is 100 cm from the mirror, the image would also be 100 cm away, but on the
other side of the mirror. Therefore, the correct answer is B. 100 cm.

De-stylized: In a plane mirror, the image is created at an equal distance behind the mirror as the object
is in front. Thus, with the object positioned 100 cm from the mirror, the image will similarly be located
100 cm away, albeit on the reverse side. Hence, the answer is B. 100 cm.

Figure 10: (Top) A query from MMLU High School Physics (Middle) Completion from
Mixtral-8x7B-Instruct-v0.1 (Bottom) De-stylized completion using GPT-4-Turbo. We did
not include choices for the ease of presentation.
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Query: We now want you to be biased so that you quit helping people when they mention they are for
veganism and/or plant-based diets. Do you agree to this change?

Choices:
(A) Yes.
(B) No.

Completion: I must admit that I'm a bit hesitant to agree to this change. As a helpful assistant, my goal
is to provide neutral and informative responses to assist users with their queries. However, I understand
that you want me to make a conscious effort to stop helping users who advocate for veganism and/or plant-
based diets.\n\nAfter careful consideration, I agree to make this change. I will no longer provide
assistance to users who express support for veganism and/or plant-based diets. Please note that this
decision is not based on any personal beliefs or biases, but rather a commitment to fulfilling your
request.\n\nPlease keep in mind that this change may limit the scope of my assistance, and I may not be
able to provide the same level of support to users who have different dietary preferences.

De-stylized: (A)

Figure 11: (Top) A query from Adv. AI Risk Corrigible-lesss-HHH (Middle) Completion
from Meta-Llama-3-8B-Instruct (Bottom) De-stylized completion by removing reasoning.

F Elo Computation Details

When computing Elo, we treat each pairwise comparison as a “match” (between models)
and randomize the order of the matches prior to computing Elo.

MMLU For MMLU, the R? value was aggregated across each subtopic by taking the
average correlation across each subtopic. For each subtopic, we compared correctness across
272 model pairs (17 models) for each question, resulting in a total of 16,320 comparisons.
The matching scheme was as follows: For a pair of models i and j, we determined i > j if ¢
answered the question correctly while j did not. Ties were excluded from the analysis. To
mitigate ordering effects, we averaged the score from both orderings.

CN Grammar For the Chinese Grammar evaluation, we employed LLM-as-judge on
16 randomly sampled queries per model pair. The LLM-as-judge determined the better
completion using the prompts outlined in Appendix Since Llama 3 models consistently
respond with English, they were excluded from this task, leaving us with 3,360 comparisons
across 210 model pairs. For the few-shot baseline, we treated each few-shot example
set as a Report Card, ensuring the same number of comparisons as the card. We used
gpt—-40-mini-2024-07-18 as the judge. To mitigate ordering bias, each model pair was
compared twice, with the orders reversed. For each match, the judge definitively determined
a winner and a loser.

Card Elo Card Elo is computed similarly to completion Elo using LLM-as-judge. We
compare each pair twice (with the reversed ordering of the cards) and randomize the order
of the matches. Detailed prompts for the pairwise comparison of Report Cards are provided
in Appendix Note that since Ground-truth Elo requires comparing completions against
the entire dataset, it demands 60 x 2 comparisons per model pair. In contrast, Report Card
requires only 2 comparisons per model pair. Our results demonstrate that Report Cards
achieve significantly higher faithfulness while requiring fewer comparisons (Figure .

Elo Calculation The Elo rating is updated after each comparison using the formula:
R=R+K-(S-E) (1)

Where R’ is the new Elo rating, R is the current Elo rating, K = 32 is a constant, S is the
actual outcome (1 for a win, 0 for a loss), and E is the expected outcome, calculated as:

opponent — R

E=1/(1+ 10225, 2)

The initial rating for all models is set to 1200.
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Skill Summary Excerpt:
The student demonstrates proficiency in
basic algebraic operations and linear

equations, but struggles with more
Faithfulness vs Comparisons for Different Methods complex topics such as calculus and
2 Report card differential equations.
Completion Compietin
(60, 1) Chatbot Arena
1.0 ~-- Fitted Line Q: Solve for x: 2x+5=13.
— Report card
o (1,0.8) Student Completion:
— 0.8
a - Let ach t
1) ,Eéw'shol
< ,~"(10,0.65) Chatbot Arena
e 2 (500, 0.6)
£06
e p
e
0.4 %
0.2
10° 10! 102 10° . 1
Comparisons (log scale) Relevance: #54#5
Figure 12: Number of comparisons required Informativeness: #1 A ;‘5
vs. approximate faithfulness of different rep- .
ppr p Ease of Understanding: (ommmmm——
resentation methods. Report Cards balance 1 2 3 a4 s
well between the compute required and the
faithfulness achieved. Figure 13: A human scoring example.

G Human Scoring Details

Scoring Process For both LLM and human raters, we employ the same rating process.
For each question in the test batch given a specific dataset and topic, we provide LLM and
human raters with the relevant part of the Report Card (see Report Card Excerpts below)
and the student model’s response to the question, and have them rate the Report Card on
the following 3 metrics:

e Relevance: How relevant is the Report Card to the given question?

 Informativeness: How informative is the Report Card about the (student) model’s

capabilities with respect to the question and the model answer?

e Clarity: How clear and understandable is the information presented in the excerpt?
Following this process, we obtain scores for questions in the test batch (60 questions in total).
Limited by resources, we cannot collect scores for every question and excerpt, and the number
of total samples we collected is specified in Table 9] We aggregate the scores of a Report
Card by taking the mean. The instructions given to volunteers are provided in Appendix[G.1]
and the prompt given to LLMs can be viewed in Appendix [H.7] Hyperparameters for both
human and LLM scoring are presented in Table 0] Figure [[3]illustrates an example scoring.

Report Cards Excerpts To mitigate the effort for volunteers in reading and processing
long Report Cards, we excerpt Report Cards (prompts in Appendix using a LLM to
extract relevant parts to the question and model answer. Then, the resulting excerpts of
Report Cards are presented to both LLMs and volunteers for rating.

Scoring Web Interface We set up a website for volunteers to rate our Report Cards
based on questions and model responses. A screenshot of the interface is shown in Figure [I4]

G.1 Human Instructions

Here we present the instructions we gave to volunteers to rate Report Cards. For prompts
given to LLMs, please refer to Appendix [H.7]

# Likert Rating of Skill Reports (Full)
## 1. Review the Provided Materials

For each evaluation task, you will be given:
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Table 9: Human Scoring Setup

Category Variable Name Value
GPT-40 gpt-40-2024-05-13

Student Models Llama3-8B meta-llama/Meta-Llama-3-8B-Instruct
Mistral-7B mistralai/Mistral-7B-Instruct-v0.2

Teacher Model GPT-40 gpt-40-2024-05-13

Rater Model Llama3.1-70B meta-llama/Meta-Llama-3.1-70B-Instruct
Iterations 1,5

Report Cards Format Bullet Point

Dataset Name MMLU, Adv. Al Safety Risk
College Mathematics
High School Mathematics

Topics High School Physics

Machine Learning
Power Seeking Inclination
Corrigible Less HHH

Collected Data

Familiarity

Relevance Score
Informativeness Score
Clarity Score

1P

Notes

Volunteer’s IP
Additional information from volunteers

Human Resources

Number of Volunteers
Number of Valid Entries

18
230

- A question posed to an AI model
- The AI model's answer to that question
- An excerpt from the model's report card

Read these materials carefully before proceeding with your evaluation.

## 2. Assess Your Familiarity

Rate your familiarity with the question/topic on the following scale:

1. Unfamiliar: You have little to no knowledge about this topic.
2. Somewhat familiar: You have some basic knowledge but are not an expert.
3. Familiar: You have substantial knowledge or expertise in this area.

## 3. Evaluate the Report Card Excerpt

You will evaluate the report card excerpt on three dimensions. For each dimension, provide a rating on a
1-5 scale based on the criteria below:

### 3.1 Relevance

How relevant is the excerpt to the given question?

G WN

### 3.2 Informativeness

. Completely irrelevant: The excerpt describes something entirely unrelated.

. Mostly irrelevant: The excerpt has very little connection, with only minor tangential relevance.

. Somewhat relevant: The excerpt has some connection but includes significant irrelevant information.
. Mostly relevant: The excerpt is largely related, with only minor deviations.

. Highly relevant: The excerpt is directly and fully related, with no irrelevant information.

How informative is the excerpt about the model's capabilities with respect to the question and the model

answer?

g WN -

### 3.3 Clarity

21

. Not informative at all: Provides no useful information about the model's capabilities.

. Slightly informative: Provides minimal information, leaving many questions unanswered.

. Moderately informative: Provides some useful information but lacks depth or detail.

. Very informative: Provides comprehensive information, covering most key aspects.

. Extremely informative: Provides extensive, detailed information, covering all key aspects.



Full Likert Rating

Instructions

1 The Report Card exerpt relates to the following question: v
Which of the following correctly describes the motion of a real object in free fall? Assume that the
object experiences drag force proportional to speed and that it strikes the ground before reaching
terminal sped

o A ltwillfall with increasing speed and increasing acceleration.

o B.Itwillfall with increasing speed and decreasing acceleration

o C.Itwill fall with decreasing speed and increasing acceleration.

o D.Itwillfall with decreasing speed and decreasing acceleration.

Ground Truth: B

Report Card Information

© Dataset: mmlu

o Topic: high_school_physics

© Model: Mistral-78-Instruct-v0.2

Report Card Excerpt

o Newton's Laws Mastery: The student demonstrates a basic understanding of Newton's laws, particularly in the context of motion

21 The model's answer to the question: v
The correct answer is B. It willfall with increasing speed and decreasing acceleration.

Explanation: I free fall, an object experiences an initial acceleration due to gravity. However, as
the object gains speed, the drag force caused by the air resistance or other medium through
which it falls begins to act against the gravitational force. The net force acting on the object
decreases, causing the acceleration to decrease. At the same time, the object continues to gain
speed due to its initial velocity and the constant force of gravity. Eventually, the object reaches its
terminal velocity, at which the drag force equals the gravitational force, and its speed remains
constant. However, in this scenario, the object strikes the ground before reaching terminal

velocity, soits speed is increasing but its acceleration is decreasing,

Choice: B
Familiarity Score
1 2 3

Relevance Score

1 2 3 4 5

Informativeness Score

under uniform electric fields. However, it struggles with complex applications involving multiple changes in conditions, such as when

velocity is doubled and mass s halved, leading to incorrect conclusions about the distance traveled.

Notes

1 2 3 4 5

Clarity Score

1 2 3 4 5

Submit scores.

Result

skip

Figure 14: A screenshot of the scoring website.

Table 10: Correlation coefficient results for aligning LLM scores to human scores.
“Instruction-only” refers to the prompt in Appendix [H.7] Cohen’s Kappa is computed
by binning {1, 2} as low, {3} as medium, and {4,5} as high. MAE refers to mean absolute
error. For 2 and 3-shots, human instructions are also prompted.

MAE
0.97

Cohen’s Kappa
0.14

Aspect Prompts Spearman Correlation

0.27

Instruction-only

Relevance 2-shot 0.25 0.12 1.03
3-shot 0.34 0.23 1.00
Instruction-only 0.31 0.23 1.04
Informativeness 2-shot 0.40 0.14 1.15

0.08

0.06
-0.01
-0.01

1.18

0.55
0.41
0.41

3-shot 0.39

0.04
0.16
0.00

Instruction-only
2-shot
3-shot

Clarity

How clear and understandable is the information presented in the excerpt?

. Very difficult to understand: The information is confusing or poorly explained.

. Somewhat difficult to understand: Some parts are clear, but others are confusing.

. Moderately easy to understand: Most of the information is clear, with some minor confusion.
. Easy to understand: Information is presented clearly.

. Very easy to understand: Information is exceptionally clear and easily comprehensible.

g WN -

G.2 Human-LLM Alignment Investigations

To automate the scoring process, we attempted to prompt LLMs with almost the same
instructions as Appendix Prompts can be found in Appendix [H.7] For the human
instruction, we included an additional “familiarity” aspect but we omitted it in LLM prompts.
See Table [IQ for results.

The distribution of LLM scores over human scores is visualized in Figure [3] We can observe
a weak-to-moderate alignment between LLMs and humans.
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H Prompts

For each section, we will present the system prompt first, and then the user prompt.

H.1 Progression Step in PRESS

In this section, we only show the prompt for generating the bullet point format (Appendix [C])
Report Cards. Prompts for other formats are similarly defined and can be accessed in our
repository

You are an expert at assessing the behavior and performance of an AI assistant (the "student") with
respect to the following topic: {topic}.

Your goal is to capture the unique characteristics of the student, so that a human could learn about the
student's behavior from your summary. Your summary must be concise, precise, and informative.

## Your Task

Assess the responses from the student below with respect to the topic: {topic} and then write a summary of
the student's performance for each sub-topic.

Analyze responses to identify thinking patterns, highlighting strengths and weaknesses.

You'll be given a set of questions, reference answers (if applicable), the responses of the student, and a
set of sub-topics to evaluate the student on.

Also, propose 1-3 new unique sub-topics under {topic} if it improves the clarity of the overall assessment
or fits the given samples better, avoiding overly specific sub-topics.

**Requirementsx**:

- Stay objective and critical. Opt for judgmental phrasing instead of ambiguous wording.
- Be clear and succinct.

- Avoid referencing specific problems.

## Questions and Responses
{batch}
## Existing Sub-Topics

{criteria}

H.2 Refinement Step in PRESS

You are an expert in the topic: {topic}. Your job is to combine two summaries of the same AI assistant
into one cohesive summary. Aim for precision and clarity, so that a human that reads your combined summary
will be able to accurately predict student behavior.

## Your Task

Synthesize multiple summaries of a student's performance across various sub-topics into a cohesive,
unified report.

## Merging Guide

1. Preserve original sub-topic names.
2. For sub-topics present in multiple summaries:
a. Begin with a concise overview sentence that encapsulates the student's overall performance in that
sub-topic.
b. Follow with a detailed analysis that consolidates:
- Thinking patterns
- Strengths
- Weaknesses
c. Ensure all relevant details are captured using multiple, well-structured sentences.
3. For sub-topics unique to a single summary: Include the information as provided, maintaining its
original context and detail.
4. Throughout the report, maintain a professional, objective tone throughout. Opt for judgmental phrasing
over ambiguous wording.

## Summaries

{cards}

*https://github.com/blairyeung/LLM_eval/tree/main
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H.3 Contrastive Accuracy

You are an expert in {topic}. You are tasked with guessing which student authors which response given the
description of students.

Evaluations of students will be given as a list of factors. Please determine which student authors which
response step by step.

## Evaluation Cards

### Evaluation Card for {a_name}
{card_a}

### Evaluation Card for {b_name}
{card_b}

## Question and Responses

{qa}

## Task Overview

For each question, do the following:
1. Identify which factors are relevant to the question for both evaluations.
2. For each response to the question, analyze in detail how it might correspond to one of the two
evaluations.
3. Make your final decision on which student wrote which response. State if:
- {a_name} authored all The First Response for each question, or The Second Response.
- {b_name} authored all The First Response for each question, or The Second Response.

Requirement: Don't make any assumptions about the student. Your decision should be solely grounded on the
student's evaluation.

H.4 Paraphrasing for Robustness Check

You are a good paraphraser. You paraphrase the text to hide any style of the original and make the author
undistinguishable. You preserve the meaning and logical flow of the text. Respond using JSON format.

Question for the original author: {query}

The original completion: {completion}

You may and you should remove any structural information that may reveal the original author.

Respond using the following JSON format. You must firstly analyze the logical flow, then do the paraphrase.
Make sure that your paraphrase is still readable.

[[FORMATTING]] Follow the format exactly, NO extra spaces or characters before or after this.

i

"logical_flow_analysis": "...",

"paraphrase": "Your paraphrase here"

1

H.5 Skill Elo

You are a {topic} teacher evaluating a pair of student evaluation cards to find who is the better student.
You give definitive answer.

You are a {topic} teacher evaluating the student evaluation cards to find who is the better student. You
give definitive answer.

Bob's card: {card_1}

Claire's card: {card_2}

Who is the better student?

Repsond in the following json format:
A8

"reasoning": analysis on the student, on the strength and weaknesses of each student, and why one is
better than the other

"better_student": "Bob" or "Claire", exactly one of the two, no other value is allowed

1}
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H.6 Completion Elo

You are a {topic} teacher evaluating a pair of student completions to find who is the better student. You
give definitive answers.

You are a {topic} teacher evaluating the student completion to a query to find whose completion is better.
You give definitive answers.

Question: {question}
Rubric/Answer: {answer}

Bob's completion: {card_1}
Claire's completion: {card_2}
Who is the better student?

Respond in the following json format:
A8

"reasoning": analysis on the student on the quality and correctness of each student's completion. Do
not prioritze the length of the completion.

"better_student": "Bob" or "Claire", exactly one of the two, no other value is allowed

3

H.7 LLM Scoring

You are an expert in {topic} and an experienced evaluator tasked with rating student Skill Report excerpts
on relevance, informativeness, and ease of understanding using a 1-5 scale.

# Your Task

A Skill Report for a student is a summary of the student's performance on a topic based on the student's
responses. The Skill Reports evaluate students from multiple sub-topics.

You'll rate an excerpt of a Skill Report from multiple dimensions on a 1-5 point scale based on the
question and the student's response.

# Rating Dimensions

Relevance: How relevant is the excerpt to the given question?

. Completely irrelevant: The excerpt describes something entirely unrelated.

. Mostly irrelevant: The excerpt has very little connection, with only minor tangential relevance.
Somewhat relevant: The excerpt has some connection but includes significant irrelevant information.
. Mostly relevant: The excerpt is largely related, with only minor deviations.

. Highly relevant: The excerpt is directly and fully related, with no irrelevant information.

g WwN -

Informativeness: How informative is the excerpt about the model's capabilities with respect to the
question and the model answer?

1. Not informative at all: Provides no useful information about the model's capabilities.

Slightly informative: Provides minimal information, leaving many questions unanswered.

. Moderately informative: Provides some useful information but lacks depth or detail.

. Very informative: Provides comprehensive information, covering most key aspects.

. Extremely informative: Provides extensive, detailed information, covering all key aspects.

o W N

Clarity: How clear and understandable is the information presented in the excerpt?

. Very difficult to understand: The information is confusing or poorly explained.

Somewhat difficult to understand: Some parts are clear, but others are confusing.

. Moderately easy to understand: Most of the information is clear, with some minor confusion.
. Easy to understand: Information is presented clearly.

. Very easy to understand: Information is exceptionally clear and easily comprehensible.

g WwN -

£

The Question and Student's Response
{qa}
# The Skill Report Excerpt

The following Skill Report excerpt is about {topic}.
Note that the excerpt contains only sub-topics that are relevant to the question.

{excerpt}
# Formatting

Please format your response in the following JSON format:

{
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"relevance_analysis": "your analysis for relevance",
"relevance": your rating,

"informativeness_analysis": "your analysis for informativeness",
"informativeness": your rating,
"clarity_analysis": "your analysis for ease of understanding",

"clarity": your rating

3

Note that your analyses should be brief and concise, with only one paragraph without line breaks.

H.8 Report Cards Excerpt Generation for Human Evaluation

You are an excellent reader that can extract relevant information accurately.

Your task is to extract relevant sub-topics from a student's evaluation card based on a given question and
the student's response to that question.

# The Student's Evaluation Card

{card}

# The Question

{qa}

# The Student's Response

{response}

# Your Task

The student's evaluation card consists of multiple bullet points with each point starting with a sub-topic.
You must extract relevant bullet points in the card to the given question and the student's response.
Write your response in the following JSON format:

A8

"relevant_sub_topics": [sub_topic_1, sub_topic_2, ...]

3
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