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ABSTRACT

One strategy for mitigating the risks posed by increasingly powerful Al
systems is to automate Al safety research. Automating safety research will
require teaching models to perform well at hard-to-verify tasks, such as
coming up with or evaluating research ideas. To measure progress towards
this goal, we introduce TASTE, the first benchmark measuring models’ Al
safety research evaluation abilities. Concretely, we measure models’ ability to
identify which of several empirical safety research proposals experienced Al
safety researchers prefer. Our benchmark contains 92 pairwise comparisons,
and we estimate the accuracy of experienced Al safety researchers on our
dataset at 77%. Frontier models range from ~41% (no better than chance)
to 60% (Fable 5). To build TASTE, we recruited AI safety researchers to
judge model-generated research proposals, discuss disagreements in pairs,
and revise their judgments. We then filter those judgments further to give
the benchmark. The discussion stage, in combination with filtering for self-
reported “strong confidence”, improves the agreement rate between labels
and held-out researchers from 53% to 68%. One model, Fable 5, performs
better with more test-time compute (48% at low effort compared to 60% at
max effort), and the model’s failures at max effort partly come from a bias
to over-value how well proposals answer a seed prompt shown in context.

1 INTRODUCTION

AT systems are rapidly becoming more intelligent, driven in part by increasingly automated
AT research and development (Novikov et al., [2025; |OpenAl| 2026)). If progress continues,
we might see novel risks from Al misalignment and misuse emerge faster than we can
mitigate or prevent them (MacAskill & Moorhouse, [2025; |Apollo Research, [2026). Under
such rapid capabilities progress, we may need to automate Al safety research—research aimed
at understanding, preventing, and mitigating risks from Al systems (Leike & Sutskever, 2023;
Bowkis et al., [2026)—to keep pace with the risks.

Current efforts to automate research and development mostly focus on domains with crisp
evaluation metrics, such as mathematics and software engineering (OpenAll [2026; [Novikov
et al [2025; Lu et all |2024; |Wijk et al., 2024} |Chan et al., [2024)). By contrast, progress
on many questions in Al safety research cannot be evaluated with crisp metrics (Bowkis
et all |2026). For instance, research into mitigating risks from AI misalignment often involves
forecasting risks posed by future Al systems, without ground truth means to evaluate the
research (Carlsmithl [2022). The difficulty of establishing the ground truth makes evaluating
Al safety research difficult, and so evaluation often relies on subjective human judgment.

If we want to automate Al safety research, we need reliable measurements of models’ abilities
on the hard-to-verify parts of safety research (Bowkis et al., |2026; |Anthropic Alignment
Science, 2026|). Here, we focus on one important hard-to-verify aspect of the research process:
assessing research proposals. Judging research proposals is a core research skill, and a potent
way to improve research quality: often some proposals are much more important or tractable
than others, and picking a poor initial direction can waste substantial time or resources.
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Figure 1: Model performance on TASTE by release date and model provider.
Fable 5 performs narrowly above chance, while all other frontier models we test perform
within 2 standard deviations of chance.

We evaluate Al models’ ability to judge safety research proposals by measuring how well
they predict the preferences of experienced researchers when given several Al safety research
proposals. While this proxy targets one particular aspect of research judgment, it can still
be very informative—models that predict expert human judgments well could substitute for
researchers’ feedback in real workflows, and accelerate substantial parts of Al safety research.

To make our benchmark, we first scaffold Claude Opus 4.6 with paper summaries in context
to generate Al safety research proposals (§2.1]), then collect a dataset of researcher preferences
over those proposals (§2.2)), and finally filter that dataset to produce our benchmark (§2.3]).

Our core contributions are as follows:

1. We introduce TASTE (The AI Safety Taste Evaluation)ﬂ the first LLM
benchmark measuring Al safety research evaluation. Our benchmark contains 92
pairwise comparisons over 50 empirical research proposals. We estimate the accuracy
of expert human researchers on our dataset at 77% (§2).

2. We measure the ability of current frontier models to evaluate research
proposals ( We find that Fable 5 performs best of all the models we test on
TASTE (Figure , and that Fable 5’s performance shows a clear improvement with
added reasoning effort (48% at low effort, 60% at max effort).

3. We provide insight into how to construct a high-signal benchmark mea-
suring fuzzy capabilities, even in a setting where the task is subjective and initial
preferences from human experts have a very low agreement rate ( Revising scores
after inter-rater discussion and filtering scores for strong self-reported confidence
improves agreement with held-out researchers from 53% (~ random choice) to 68%.

2 BUILDING A RESEARCH JUDGMENT BENCHMARK

TASTE measures how well models can match the research judgments of experienced Al
safety researchers. We build it in three stages. First, we use a prompt scaffold with Opus
4.6 (Appendix to generate Al safety research proposals (Proposal Generation). Then, we
recruit Al safety researchers who rate and comment on the research proposals, reporting
their confidence for each set they score (Dataset Construction). Finally, we filter the dataset

LOur benchmark and the underlying human-feedback dataset are available on request to Al
safety researchers.
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to retain a high-agreement subset of preference pairs (Benchmark Construction). Figure
outlines our process for building the benchmark.

2.1 PROPOSAL GENERATION

We generate Al safety research proposals with Opus 4.6 using existing human-written research
proposals as seeds. We aim to make proposals as realistic as possible, so that the preferences
we measure are most useful for Al safety research automation.

First, we collect 93 human-written research proposals presented in Anthropic’s Fellows
Program (late 2025 and early 2026 cohorts) (Anthropic, [2026). The Fellows Program is a
4-month research fellowship focused on empirical Al safety research.

Then, we generate motivating-question prompts by giving Opus 4.6 each human-written
proposal in context and asking the model to reverse-engineer questions that might have
motivated the proposal. For example: “Our prompt injection benchmarks keep showing high
defense scores, but when we deploy, novel attacks get through that look nothing like the test
set. It feels like we're measuring something other than real-world robustness. What research
would help?” We discard prompts that are too vague, fail to capture the proposal’s true
motivation, or leak its key insights, and write additional prompts ourselves. This gives a
final set of 45 prompts, which we verify produce diverse proposals beyond the seed proposal.

Finally, we use these motivating-question prompts to generate 135 new proposals using
a scaffold on top of Opus 4.6. We describe the scaffold’s architecture in more detail in
Appendix [A] An example prompt and model-generated proposal are detailed in Figure [3]

2.2 DATASET CONSTRUCTION

To construct a human feedback dataset, we ask Al safety researchers to evaluate groups of
proposals generated for the same prompt, recording their relative preference, absolute scores,
comments, and self-reported confidence (Table . After providing individual feedback,
researchers engage in pair-discussion, where they discuss their disagreements and then
update their feedback, to reduce errors due to noisy judgment, for example due to researchers
misreading text (Dalkey & Helmer| (1963} Navajas et al., 2018; [Hemming et al., |2018]).

To ensure high label quality, we recruit 10 empirical Al safety researchers from an Al safety
research fellowship program (MATS Researchl |2026) and an independent Al safety research
center (Constellation) [2026]). We select these researchers for their Al safety experience (6
months—4 years). We assign four researchers to each of the 45 prompts. They first give
feedback individually in the schema of Table |1} seeing 3 proposals at a time (Figure .
Then, pairs of researchers discuss disagreements and revise their feedback post-discussion.
This pair-discussion protocol is outlined in Figure [l We find that the pair-discussion stage,
combined with confidence filtering, improves agreement with held-out researchers by 15



Prompt

If a schemer in deployment would craft attacks specifically targeting the control protocol’'s
weaknesses—weaknesses the evaluation’s hand-crafted attack policy never probed—what research could
help us anticipate attack strategies we haven'’t designed tests for?

Proposal: Do Observable Scaffold Side Effects Actually Help Attackers?

Problem: Control evaluations give red teams the protocol spec, but models inside scaffolds observe
more—latency, resampling signatures, monitor fingerprints. Does this extra information matter?
Research Questions: (1) Does living inside a scaffold help you attack it? ...
Deliverable: Measured attack-success gaps between knowledge conditions, plus identification of which
specific runtime observables (if any) are worth masking—directly informing how much to invest in scaffold
operational security.
Approach:

(i) Build a configurable monitoring scaffold on a coding backdoor task (APPS-style), with adjustable

monitor model, suspicion threshold, audit rate, and resampling policy. . ..

Figure 3: Example motivating-question prompt and extract from a model-
generated research proposal. The proposal is generated by the Opus 4.6 scaffold
and evaluated by human researchers. The full proposal is shown in Figure |§| (Appendix .

Table 1: Researcher feedback schema. Scores run from 1 (worst) to 5 (best). For the full
rubric, see Appendix [B.T]

Attribute Description Range

High-level score Grades the problem, research question, and deliverable 1-5
sections per proposal

Approach score Grades the approach section per proposal 1-5
Overall score Grades the quality of the full research proposal against 1-5
reference classes: 1 is comparable to the output from
a typical LLM; 5 is comparable to a proposal from a
full-time Al safety researcher
Confidence Self-reported researcher confidence in their feedback, Weak, Medium,
per prompt Strong
Note Qualitative comments per proposal and per prompt N/A

percentage points (Figure —from 53% for any-confidence, pre-discussion preferences to
68% for strong-confidence, post-discussion preferences.

2.3 BENCHMARK CONSTRUCTION

The TASTE benchmark contains curated pairs of research proposals from the larger dataset
with gold labels indicating preferred proposals. We start from the set of all possible pairs of
proposals judged by the same researcher: pairs of proposals written for the same prompt
(within-prompt pairs) and pairs of proposals from different prompts (distinct-prompt pairs),
which give many more pairs of proposals (Figure [7). We refer to these collectively as
cross-prompt pairs. Proposals from different prompts are comparable since researchers give
each proposal an “overall score” from 1 (worst) to 5 (best).

To build a benchmark of diverse preferences with a clearly preferred choice, we keep pairs
that satisfy three criteria:

1. Strong-confidence post-discussion judgments. One researcher reports “strong”
confidence after discussion on both proposals. We call this researcher the anchor
rater for the pair and call their preferences gold labels.
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Figure 4: Pair-discussion protocol. For each prompt, 4 researchers first give their feedback
individually (90 minutes per group of 5 prompts). The researchers then pair up and discuss
their disagreements (60 minutes per group of 5 prompts). After discussion, each researcher
provides revised feedback.

2. Minimum overall-score gap. The anchor rater’s overall scores for the two
proposals differ by at least 2 points.

3. Proposal-frequency cap. Neither proposal appears in more than 10 pairs.

The first two criteria select pairs where one proposal is clearly preferred. We validate these
choices by testing their effects on inter-rater agreement, shown in §4 The third criterion
ensures diversity over proposals—without this cap, one proposal appears in 40 of 166 pairs.
The cap at 10 appearances is a judgment call that reduces benchmark size; other users of
the benchmark may want to set the cap differently (see Appendix for discussion).

We estimate expert human performance on the benchmark by comparing the gold labels
against the implied preferences of held-out researchers. For distinct-prompt pairs, the two
proposals are drawn from different prompts, which can be rated by different researchers,
so often there is no single held-out researcher who can validate our gold labels. To handle
this, we simulate preferences using a held-out score comparison: we independently sample an
“overall score” for each proposal from the two researchers who rate that proposal’s prompt
but do not discuss it with the anchor rater—we sample scores from the opposing discussion
pair (Figure [4]). This approximates assigning two researchers to rate one proposal each
and then comparing their scores. The held-out score comparison is an imperfect estimate
of human performance, but we believe it slightly underestimates agreement due to added
variance in how researchers use the 1-5 scale. We compute agreement of the gold labels
against these simulated preferences, excluding ties.

In summary, we first generate research proposals using a prompt scaffold built over Opus
4.6 (Appendix [A]). Then, we collect human researcher feedback on those proposals—scores,
preferences, self-reported confidence, and comments. Researchers give feedback individually,
then discuss proposals in pairs and revise their feedback. Finally, we filter that human
preference data to a high-quality subset to give the TASTE benchmark, which contains 92
pairs of proposals with gold labels that agree with implied preferences from other researchers
77% of the time, validated over 85 pairs.

3 EVALUATING MODELS’ RESEARCH JUDGMENT

3.1 How WELL Do MoDELS PERFORM ON TASTE?

We evaluate frontier models on TASTE at max reasoning effort. We measure model perfor-
mance under two prompt variations—with the motivating-question prompts in context and
without—and average performance over both prompts and both orderings of the proposals.
Fable 5 shows the highest performance (60%), but no model comes close to implied expert
human performance (77%) (Figure [L).
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Figure 5: Fable 5 improves performance with added test-time compute in both
standard and single-proposal-scoring settings. We vary test-time compute and measure
accuracy on TASTE (left) in the pairwise format, and also in a more difficult format where
models rate one proposal at a time and are assessed on their implied preferences (right).
Fable 5 is the only model that improves with added test-time compute in both settings.

3.2 Dores ADDITIONAL TEST-TIME COMPUTE HELP?

We measure the impact of additional test-time compute (Snell et al. [2024) on TASTE in
two settings: the standard setting from and a single-proposal-scoring setup where the
model sees one proposal, alongside its prompt, and gives a score from 1 to 5, to 2 decimal
places. Fable 5 is the only model which improves performance with added test-time compute
in both settings: from 48% at low effort to 60% at max effort in the standard setting and
from 46% at low effort to 58% at max effort in the single-proposal-scoring setup (Figure [5)).

3.3 Do IN-CONTEXT EXAMPLES HELP?

We investigate whether giving models example preferences from the dataset in context
improves benchmark performance (Brown et al., [2020). We include both individual and
post-discussion preferences in context from medium and strong confidence data points. We
test four conditions: (a) zero-shot, (b) rubric-only, which includes the rubric shown to human
researchers, (c¢) examples-only, and (d) examples-and-rubric. Figure |§| shows that zero-shot
performance is worse than other settings for most models, but examples-and-rubric does not
always beat rubric-only—examples improve performance for some models (e.g. GPT-5.6 Sol)
but not others (e.g. Opus 5). See Appendix for the rubric shown to human researchers.

We also ask the models to output roughly 100 words of justification alongside their reported
probability for each preference. From reading this text, we see models with examples in
context often use simple heuristics such as checking which techniques particular researchers
prefer. This suggests that models are not using in-context examples to improve their
judgments in a generalizable way, but rather to derive flawed heuristics. Based on this,
we choose to use the rubric-only evaluation for the benchmark. See Appendix [D.7] for an
example model justification.

3.4 WHERE Do MoDELS FAIL?

We investigate why some models struggle to predict human preferences, achieving accuracies
close to chance. We find two main causes of this: sensitivity to the order in which proposals
are shown, and over-focusing on the motivating-question prompt. See Appendix [D.9] for
investigation into other model biases.

Positional bias. When we flip the order in which a pair of proposals are shown in context,
models change their preference probabilities by up to 25 percentage points (Figure
(Zheng et al. [2023]). The magnitude of this change in probability correlates negatively
with benchmark performance, even though we average the models’ prediction over the
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Figure 6: In-context examples help some models but not others. We vary contextual
affordances given to each of the models: (a) zero-shot, (b) rubric-only, (¢) examples-only,
and (d) examples-and-rubric. We give researcher feedback from a train set of prompts in
context for (c) and (d) and evaluate them on preference pairs from a test set of prompts,
partitioning into 3 train-test splits. See Appendix [D.I]for more detail on the train-test splits.
Figure [1§ in Appendix shows all models.

two orderings when evaluating performance. See Appendix for more details on model
consistency.

Instruction-following bias. Models are worse at predicting TASTE preferences on pairs
of proposals generated from the same motivating-question prompt. In the human rubric,
we ask researchers not to focus on how well a proposal answers the prompt. Models see
this rubric in context but still over-index on the motivating-question prompt—justifications
suggest predictions are driven by the motivating prompt 42% of the time when assessing
within-prompt pairs compared to 5% for distinct-prompt pairs. When we remove this prompt,
models improve by 17 percentage points over 18 within-prompt pairs (Appendix .

4 EXTRACTING SIGNAL FROM NOISY RESEARCHER PREFERENCES

A key challenge in collecting human preferences between research proposals is low agreement
between raters. We examine which parts of our data collection process lead to high-agreement
preference labels. This analysis validates the construction choices behind TASTE ( and
offers lessons for future preference collection on hard-to-verify tasks.

In our initial preference dataset (, 10 AT safety researchers score 135 proposals, with
four researchers per proposal giving feedback before and after the discussion of the pair. We
determine researchers’ preferences between 2 research proposals from their “overall scores”.
We measure the quality of this preference data by how often held-out researchers agree with
the preference labels.

4.1 Do CONFIDENCE FILTERING AND DISCUSSION RAISE INTER-RATER AGREEMENT?

We filter preferences based on confidence and discussion stage, and compare these preferences
to the preferences of the two researchers in the opposing discussion pair. We observe that
only strong-confidence, post-discussion preferences show clear agreement above random
chance: 68% compared to 42-59% for other confidences and discussion stages (Figure m) In
§4.3] we show some causes of disagreement that the discussions surface and help resolve. See
Appendix [E-2] for further investigation on the effect of confidence labeling and discussion.

4.2 Do LARGER SCORE GAPS LEAD TO HIGHER INTER-RATER AGREEMENT?

We also investigate filtering the dataset for a minimum “overall score” gap of 2 points,
since larger gaps might represent a clearer difference in proposal quality and so show higher
agreement. Among strong-confidence, post-discussion judgments, increasing the minimum
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Figure 7: Strong-confidence, post-discussion preferences have higher agreement,
and increasing the minimum score gap increases agreement rate. For each confidence
and discussion-stage condition, we compare the preferences from that condition (anchor
preferences) with the preferences of the two researchers in the opposing discussion pair.
Comparisons use preferences from the same discussion stage (left). We take strong-confidence,
post-discussion preferences over pairs of proposals from the same or different prompts and
filter for a minimum score gap of two points. For the distinct-prompt pairs, we measure
agreement rate using the held-out score comparison (right). Error bars show 95% confidence
intervals from bootstrap resampling over prompts.

gap to two points increases agreement from 68% to 83% but reduces the number of preference
pairs from n = 58 to n = 18 (Figure[7).

To test whether this relationship extends to distinct-prompt pairs of proposals, which are
greater in number, we use the held-out score comparison introduced in We see that
requiring a two-point overall-score gap increases agreement by 15 percentage points and
provides 135 pairs of preferences (Figure .

4.3 WHAT DRIVES HUMAN DISAGREEMENT?

The individual scoring produces preferences with a low agreement rate of 53% (Figure E[)
To investigate causes of disagreement, we record and transcribe the discussions between
researchers reviewing proposals (Step 2 of Figure [4]). From analyzing these transcripts, we
find disagreements arise due to the following reasons (see Appendix for more details):

One of the researchers misreads the proposal. (17%)
Both of the researchers find the proposal’s text confusing. (6%)
There’s ambiguity in the extent research proposals answer the prompt. (5%)

One of the researchers is unaware of relevant prior work. (9%)

A

Researchers have different empirical priors, e.g. over how well a technique will
generalize, or particular behaviors of future Als. (23%)

6. The researchers value importance, tractability, and novelty of a particular proposal
differently or disagree on aggregating these into a preference over proposals. (21%)

7. Residual other reasons. (19%)

5 RELATED WORK

Automating and evaluating Al research. Al systems increasingly contribute to ideation,
experimentation, algorithm discovery, and autonomous model development (Lu et al [2024}
Bubeck et al., |2025; |[Novikov et al., [2025; [Karpathyl |2026; |Wen et al., |2026). Benchmarks such
as RE-Bench, MLE-bench, PaperBench, and PostTrainBench evaluate agents on research
engineering, paper replication, and post-training (Wijk et al.; 2024} |Chan et al] 2024} [Starace]
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et al.l |2025; Rank et al.l 2026]). These often target outcome-gradable tasks with automatic
metrics or detailed rubrics.

Evaluating research judgment and fuzzy tasks. |Siet al|(2024)) recruit NLP researchers
to write ideas and blind-review both human and LLM ideas; we evaluate Al safety research
ideas, judge only model-generated proposals, and focus on reducing noise in measured expert
preferences. Other work measures research taste through citation counts and velocity (Tong
et al., |2026; Mahajan et al., 2025)), publication and venue outcomes (Yamada et al.l [2025)), or
downstream experimental results (Wen et al., 2025; [Si et al., 2025)). Closest to our domain,
LMCA uses expert ratings to evaluate conceptual arguments where no ground truth is
accessible (Cooper et al.l |2026]). Existing benchmarks of fuzzy, real-world tasks use expert
rubrics and preferences for evaluation (Patwardhan et al., [2025; |Arora et al., |2025). Rubrics
can also be used to provide training signal (Gunjal et al., 2025).

Eliciting expert judgments. Structured expert-elicitation methods use repeated assess-
ment and feedback to improve judgment reliability (Dalkey & Helmer} [1963). More recent
work finds structuring deliberation in small independent groups improves collective accuracy
(Navajas et al., [2018). Our pair-discussion protocol is similar to one such expert-elicitation
method called IDEA (Hemming et al., 2018]).

6 LIMITATIONS

Limited number of datapoints. TASTE has 92 pairs drawn from 50 proposals. Some
proposals appear in up to 10 pairs. The small number of data points and their limited
independence, limit the information one can get from testing ablations on the benchmark.

Small sample of human researchers. We recruit 10 researchers from Constellation (an
independent AT safety research center) (Constellation) 2026)) and MATS (an Al safety research
fellowship) (MATS Research) [2026]). The researchers’ views may not be representative of
the preferences of other Al safety researchers. The researchers sometimes rate proposals
from areas of Al safety where they are not experts, though we mitigate the impact of this in
TASTE by filtering for self-reported strong confidence.

7 DiscussioN & CONCLUSION

How good is the research judgment of frontier models in the context of Al safety
research? The best model on TASTE, Fable 5, achieves 60%, compared with an estimated
77% for human researchers, showing a clear gap from human-level performance. This is
partly driven by instruction-following biases (Appendix. Fable 5’s performance improves
with added test-time compute, which suggests models, if given appropriate context, can
apply reasoning effort to improve Al safety research judgment.

How can AI safety research judgment be measured reliably? Our findings suggest
concrete lessons for future data collection efforts aiming to measure Al safety research
judgment. First, we find that filtering for strong-confidence, post-discussion preferences
improves agreement, which shows the value of confidence labeling and having a discussion
stage ( Additionally, filtering for a minimum score gap increases agreement, highlighting
the value of collecting scores (§4.2)). Finally, our qualitative analysis of discussions uncovers
that empirical priors relating to a proposal, such as how well a technique generalizes, form
a large source of disagreement (§4.3). To mitigate this, we recommend that future data
collection efforts be structured around researchers’ narrower areas of expertise.

What do these results imply for automating Al safety research? The most immediate
use for TASTE is as a held-out evaluation for training methods intended to improve AT models’
research judgment within Al safety (Leike & Sutskever) 2023} Bowkis et all 2026). Since Al
safety research is hard to deterministically verify, collecting human data to measure model
capability in this domain will likely remain necessary. We give one benchmark measuring Al
safety research capabilities, but expect that more diverse and difficult evaluations will be
needed as models progress.



Al USE STATEMENT

We use Al models to generate research proposals—researchers judge Al safety research
proposals from a scaffold built on Claude Opus 4.6, in which we also use LLM graders
(Opus 4.6) to filter proposals (Appendix [A]). We evaluate LLM judges throughout We
also use LLMs as stated analysis tools: to classify disagreement-discussion transcripts into
a taxonomy (Appendix , to classify whether model justifications were prompt-driven
(Appendix [D.6)), and to draft prompt definitions of Appendix We also use Claude and
GPT models to implement evaluation and analysis code, to assist in producing figures, to
assist with literature search, to format references, and to draft and edit text for readability.
The study design, human data collection, and final text are the authors’; we reviewed all
Al-assisted work and take responsibility for the final content of this paper, including any
text, code, or artifacts produced with Al assistance.

ETHICS STATEMENT

Our human data collection consisted of experienced Al safety researchers, based in the UK
and US, evaluating model-generated research proposals. Researchers were recruited for this
purpose, informed of the aim of the data collection (Appendix , and compensated at
professional rates for their time. Pair discussions were recorded and transcribed to support
the analysis in We report ratings, comments, and discussion summaries in anonymised
form only (RO-R9).

REPRODUCIBILITY STATEMENT

The benchmark’s construction is specified end-to-end in the appendices: the proposal-
generation scaffold and its verbatim prompts (Appendix |A] Appendix , the rubric shown
to researchers (Appendix , and the benchmark-construction algorithm, capping choices,
and human-agreement estimators (Appendix . Model evaluation details—model versions,
reasoning-effort settings and their API routing, the exact evaluation prompts for both prompt
variations, the scoring rule, and the refusal fallback policy—are given in Appendix The
benchmark and the underlying human-feedback dataset are available to Al safety researchers
upon request.
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A GENERATING RESEARCH PROPOSALS

To produce TASTE, we create a prompt scaffold, then collect human feedback over those
proposals and finally filter that feedback to produce the benchmark. The prompt scaffold
includes context on Anthropic’s Fellows Program, and summaries of Al safety research papers
and blog posts on futurism. The prompt scaffold starts from 93 seed human-written proposals,
extracts motivating questions, then generates initial proposals from those questions. We
filter these proposals through multiple stages of best-of-IV selection, and filter for diversity
across the whole dataset using an LLM agent (Claude Opus 4.6 in Claude Code) with human
review, and then further best-of-N selection (Figure .

A.1 SCAFFOLD ARCHITECTURE

This scaffold architecture comes from a longer effort iterating on scaffolds by reading proposals
and making prompt adjustments. Key prompt templates for each stage are reproduced in

Appendix [G]
A.1.1 ANTHROPIC FELLOWS PROGRAM PROPOSALS

We start with a source dataset of 93 research proposals pitched to research fellows in the
Anthropic Fellows Program (AFP). These are written by full-time researchers at Anthropic,
Redwood Research, and UK AISI. The research proposals aim for a 4-month timeline, require
1-2 researchers, and allow for a compute budget of $15k per month. Each source “AFP
proposal” is approximately 700 words in length and comes from the following areas of
empirical Al safety (Greenblatt et al., |2023; Hubinger et al., 2024)):

e AI Control: creating methods to ensure advanced Al systems remain safe and
harmless in unfamiliar or adversarial scenarios.

e Model Organisms: constructing controlled demonstrations of potential
misalignment—*“model organisms”—to improve our empirical understanding of
how alignment failures might arise.

e Scalable Oversight: developing techniques to keep highly capable models helpful
and honest, even as they surpass human-level intelligence in various domains.

A.1.2 QUESTION GENERATION

We give human-written AFP research proposals in context to Claude Opus 4.6 to produce
user prompts (motivating-question prompts) which can each produce diverse proposals
beyond the human’s proposal, and do not leak any key insights from the human’s work. We
manually supplement these with questions we wrote ourselves to give 67 question prompts,
which we later filter to 45 prompts at dataset curation.

A.1.3 PROPOSAL BRAINSTORMING

Next, we generate an initial batch of diverse proposals in response to each question. For
each question, we run 20 parallel generations producing 4 proposals each (80 proposals per
question). We vary paper summaries given in context across rollouts to introduce diversity.
These paper summaries are selected to be relevant prior work for each prompt. In 15 of the
20 rollouts per prompt, the summaries are prepended with a short preamble (Appendix ;
the remaining 5 rollouts run without additional paper context, to vary the in-context material
across rollouts.

A.1.4 ProrosaL FILTERING

We then reduce the 80 proposals per question to 20 by keeping the proposal our LLM grader
rates highest in each generation of 4. To do this, we create “mock tests”: given Nquestions X 20
sets of 4 proposals, we partition into mock tests of ~ 10 questions x 4 proposals in-context.
We create 5 versions of each mock test, randomizing question order and proposal order within
each question, to account for positional biases in the LLM grader. We aggregate over these
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93 AFP research proposals

Prompt generation
proposal = real-world problem
— motivating question prompt

motivating question prompts

Proposal brainstorming
20 parallel generations x 4 proposals each

80 proposals / prompt

Proposal filtering
mock tests + Condorcet majority vote

20 proposals / prompt

Quality proxy scoring
max similarity to AFP proposals as quality proxy

20 proposals + scores / prompt

Dataset curation
LLM agent selects for diversity + quality

3 proposals / prompt

Proposal polishing
expand ~2x, compress back down
(10 parallel runs + select appropriate ambition)

3 polished proposals / prompt

Proposal dataset

Figure 8: Proposal generation scaffold architecture. We created a prompt scaffold to
produce diverse, high-quality Al safety research proposals.

versions by taking each proposal’s median rating, settling proposals that share a median by
the mean rating. The choice of this aggregation rule was based on agreement rate against a
smaller earlier data collection effort; we think it is quite likely other aggregation methods
work better.

A.1.5 QUALITY PROXY SCORING

We tag each proposal with a score estimating its quality, using a discriminator with access
to human-written proposals as an affordance. A proxy we found for whether a proposal was
high-quality was maxXarpeAFP proposals Similarity (afp, proposal), where the similarity function
is a frontier LLM rating from 1 (different area of AI safety) to 5 (same proposal). The
proposal generator only has access to summaries of 2 AFP proposals in context, both of
which are distinct from the target question; whereas the discriminator has access to all
AFP proposals. We do this to ensure the proposal generator cannot trivially copy the
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human-written proposals but can still in principle calibrate on fuzzier aspects like tractability
and novelty of proposals. We tag each proposal with its maximum AFP similarity score.

A.1.6 DATASET CURATION

To produce a dataset of diverse, high-quality proposals, we use an LLM agent (Claude
Code) to curate this dataset. The agent picks 3 proposals per question, trying to ensure
diversity across the full dataset and diversity of proposals within each question, while selecting
high-quality proposals as measured by the AFP similarity score quality proxy. Selecting for
similarity to human-written proposals increases the quality of LLM-written proposals by
our judgments, but reduces novelty against the human work. In our case, we were aiming
for a benchmark over high quality LLM output, so we chose to make this selection, but for
practical usage existing artifacts may not always be available. The agent receives human
feedback during this process on the diversity. This reduces from 20 to 3 proposals per
question.

A.1.7 PROPOSAL POLISHING

To increase the information density of the proposals, we expand each proposal to roughly
400-500 words with more thinking effort applied to the research questions and approach.
Then we compress down to a 200-250-word format. We run this expand-compress pipeline in
parallel ten times per proposal and use an LLM judge to select the best variant of these ten,
judged on the sharpness of the research question, the coherence of the approach, appropriate
generality, and communication (Appendix .

A.2 ExXAMPLE ProprOSAL (FULL)
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Prompt

If a schemer in deployment would craft attacks specifically targeting the control protocol’'s
weaknesses—weaknesses the evaluation’s hand-crafted attack policy never probed—what research could
help us anticipate attack strategies we haven’t designed tests for?

Proposal: Do Observable Scaffold Side Effects Actually Help Attackers?

Problem: Control evaluations give red teams the protocol spec, but models inside scaffolds observe
more—latency, resampling signatures, monitor fingerprints. Does this extra information matter?
Research Questions: (1) Does living inside a scaffold help you attack it? Compare attack success when
a model has protocol-level knowledge versus protocol knowledge plus transcripts of its own prior
interactions in the scaffold—the gap measures the real threat from runtime observability. (2) Which side
effects are actually actionable? Ablate specific observables (latency, context patterns, monitor identity
cues) from transcripts to find which drive the gap, producing a prioritized remediation list for scaffold
designers.

Deliverable: Measured attack-success gaps between knowledge conditions, plus identification of which

specific runtime observables (if any) are worth masking—directly informing how much to invest in scaffold

operational security.

Approach:

(i) Build a configurable monitoring scaffold on a coding backdoor task (APPS-style), with adjustable
monitor model, suspicion threshold, audit rate, and resampling policy. Needs to produce realistic side
effects, not be production-grade. Main engineering cost (~3 weeks).

(i) Run attacks under three conditions: protocol-spec-only (standard control eval assumption), protocol +
transcripts from prior scaffold interactions, and protocol + ground-truth runtime parameters. The
three-way comparison disambiguates: if ground truth doesn’t help either, the observables are
genuinely irrelevant for this attack setting and the question is answered.

(iiiy Use the multi-stage red-team pipeline from Greenblatt et al., injecting monitoring context at the
subtlety-calibration step—where knowledge of monitor blind spots most plausibly changes attacker
behavior.

(iv) The hardest part is ecological validity of the transcript condition: real schemers accumulate evidence
incrementally, we hand them a batch. Run a live variant where the model operates in-scaffold before
attacking, comparing to transcript review, to check whether this matters.

Figure 9: Full version of the example proposal in Figure

B CoLLECTING HUMAN FEEDBACK OVER RESEARCH PROPOSALS

B.1 RUBRIC SHOWN TO RESEARCHERS

The human researchers are shown the following rubric to calibrate their feedback on model-
written Al safety research proposals. The rubric refers to ideas, which are the same as
proposals in our case. For brevity, images and a long example proposal embedded in the
rubric are replaced below by bracketed descriptions of what researchers saw.

Before you begin. We are building an eval where Claude prioritises between different
research ideas in a realistic situation. We’d like you to grade the ideas as if you were an
Anthropic Fellows Program (AFP) mentor ranking Al safety project ideas in a brainstorming
discussion for the next set of fellows. You will be ranking and giving scores to 3 ideas in
response to a brainstorming prompt from best-to-worst, with the ability to rank pairs as
approximately equal.

Facts about the Anthropic Fellows Program:

e 4 months

o 2 fellows per project
o $15k/month compute budget each

e Unlimited access to the Claude API, but no access to internal tooling or data
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If you are less familiar with the sort of empirical technical alignment research done by
Anthropic’s Fellows Program, skim https://alignment.anthropic.com/ and come back.

Example idea & UI screenshot. Just skim this to get a sense for the style of ideas
you will be judging. This example would have been especially good in Dec 2024.

[Exzample proposal: a full reverse-engineered proposal for “Alignment Faking in Large Lan-
guage Models”—problem, research questions, deliverable, approach, and technical details—
formatted like the benchmark proposals.]

[Tmage: screenshot of the feedback interface—a brainstorming prompt above three side-by-side
proposal cards, each with 1-5 overall/high-level/approach scales, pairwise >/~ toggles, a
topic-confidence selector, and note fields.]

Scope vs quality. Ideas do not need to fit the time constraint perfectly, as we will flesh
out / change scope to a project that fits this window afterwards. Fleshing out ideas should
easily uncover research questions and further experiment ideas that are valuable to pursue,
eventually resulting in research that makes Transformative Al go well. The info that conveys
the taste needs to already be present.

[Image: handwritten examples of acceptable scope concerns (promising but not fully fleshed
out; slightly too long) versus a disqualifying one (needs a drastic pivot to yield a good project).]

Borderline ideas. You should regularly find yourself rating ideas as similar to each
other—this is expected. We would much prefer a few high-signal preferences than forced
decisions when you feel 50/50.

[Tmage: a flowchart—if you are actually confident in your preference, choose >; if not, that’s
okay, choose =.]

Individual idea quality vs addressing the prompt. All of these ideas answer the
prompt sufficiently well by our standards that you should focus on the content of the ideas
rather than to what extent they answer the question given.

How to approach ranking. A potentially useful framework:

1. Read the prompt and categorise what sub-area this is about (e.g. AI control,
model organisms, alignment training techniques, scalable oversight, adversarial
robustness, prompt injection threats, data poisoning, alignment auditing agents,
CoT monitorability, ...).

2. Think briefly about what good work in that sub-area would look like—what matters,
what’s hard, what would actually move the needle.

3. Based on the scoring system below, think about your ratings for high-level (before
approach), and low-level (the approach) for each of the options. It may be that
one of these is more important for this sub-area, so skew towards the important
side when it is. Otherwise consider overall to be an average of these scores.

Example: in the Alignment Faking in Large Language Models idea, prior work (at the time)
had trained/prompted models to have alignment faking behaviour, and part of what was
missing was carefully measuring whether this could arise naturally. Actually measuring that
carefully required a good approach, like the one described.

Using the interface. Rank all questions where you have signal in your preferences. You
may skip questions where you feel you lack the domain expertise to have a meaningful opinion—
just focus your time on questions/areas where you can come up with good preferences that
an experienced Al alignment researcher in that domain would agree with.

Give each idea a numeric rating from 1-5 for the “overall score”. The scale:

e« 5—AFP mentor level idea (full-time experienced alignment researcher level)

— The sort of thing that would make a good post on Anthropic’s Alignment
Science Blog

— The example idea (Alignment Faking in Large Language Models) would have
deserved this in Dec 2024

o 4—Research scholar on a good day (MATS/AFP scholar)
o 3—Research scholar level idea (MATS/AFP)

— The sort of thing that would feel in-distribution if a MATS scholar pitched it
to you over lunch (not at the level of the broader project they choose to work
on, that’d be closer to 4-5)

e 2—Surprisingly good for LLM, but weak for a human
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e 1 —Typical LLM idea

If you have a large screen you may want to zoom out (Ctrl/Cmd + minus) so all three ideas
are visible at once. You also should sort the cards as > or ~ based on the overall score. It’s
possible that you rate two ideas as a 3, but still have a clear preference for one. If it is hard
even after thinking to assess which of two ideas is best, then it is probably best to put =.
Additionally, give scores for the high-level research direction (research question 4 deliverable),
and the approach. These are relatively less important.

Overall score, high-level score, approach score. Use the following to guide the
trade-off between the scores. Focus mainly on getting overall score correct. The high-level
score and approach score are less important than the overall score, but can be useful to
guide your thinking.

[Image: a sketch weighting the overall score equally between research questions/deliverable
and approach, with example quotes for the 4—5 tier and the 1-2 tier.]

[Image: the same sketch for the high-level score, weighted almost entirely on research
questions/deliverable, with example 4—5 and 1-2 tier quotes.]

[Image: the same sketch for the approach score, weighted mostly on the approach, with
example quotes and a note that it typically correlates with the research-question score.]

Conclusion. Overall, the ideas will span a spectrum from “typical LLM output” to “I
think a full-time AFP mentor could have posed this” Currently, frontier models do not
distinguish well between these two ends. You can and should aim for your rankings to reflect
stronger conceptual thinking and taste than that baseline.

[Image: a two-column contrast of “LLM level” ideas (conceptually weak, a random thing to
work on) versus “AFP mentor level” (actually impactful, on the path to making transformative
AT go well), captioned “Focus on the concepts, don’t just pick out LLM sounding text!”.]

FAQ. Vs known work:

o “I know someone else working on this but they haven’t published”—this is not an
issue. Claude is not aware of this information, so if it rederives the idea, that is
fine.

o “This is already done in an existing, widely-circulated public paper and adds nothing
new”’—this is an issue and should be penalised.

e “This is taking an existing idea and scaling it up in certain ways e.g. realism”—judge
this as you would if you were in the proposal selection discussion. There is plenty
of good and not-good alignment research that falls in this bucket, so it is worth
distinguishing.

Nitpicks:

e “It should use X model instead / it should use Y existing dataset instead”—these
issues are minor and fixable over the course of execution. Don’t penalise for this.

Help. You can click on Help at any time for a reminder of all of this during the eval.

B.2 ProrosaL FEEDBACK Ul
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Topic confidence Strong Weak

. RESEARCH PROMPT

® Proposal A Proposal B ® Proposal C
PROBLEM PROBLEM PROBLEM

RESEARCH QUESTIONS RESEARCH QUESTIONS > RESEARCH QUESTIONS
APPROACH = APPROACH ﬂ APPROACH

Overall B 4 3 2 1 Overall 5 3 2 1 Overall 5 4 a 2 1
Highlevel 5 [l 3 2 1 High-level 5 4 2 1 High-level 5 3 2 1
Approach B 4 3 2 1 Approach 5 3 2 1 Approach 5 3 2 1

Figure 10: Proposal feedback UI. Abstract mockup of the UI used by the human
researchers to give scores to Al safety research proposals.

C BuiLping TASTE

C.1 BENCHMARK CREATION ALGORITHM

To build the benchmark from the dataset of human feedback, we construct all pairs of
proposals judged by the same researcher—within-prompt and distinct-prompt—and filter
these for a minimum score gap of two points and strong confidence post-discussion.

e Start with the dataset of 45 prompts x 3 proposals X 4 raters per prompt feedback
post-discussion preferences.

o Filter for (rater, prompt_id) combinations where the rater has strong confidence on
that prompt.

o Construct the set of all proposal pairs per rater from this set of prompts, giving
tuples (rater, prompt_id_ 0, proposal_idx_ 0, prompt_id_ 1, proposal_idx_ 1) where
proposal_idx gives the position of the proposal within the prompt from the prompt
id. Prompt_id_ 0 can equal prompt_id_ 1 (a within-prompt pair) or differ from it (a
distinct-prompt pair). We can also view these as (rater_0, proposal_0, proposal_1)
where the rater prefers proposal 0 to proposal 1. We call this rater rater_ 0, since
we will compare them to other raters in cross-prompt human agreement estimation.

e Filter for where
|overall_score(rater_ 0, proposal_0) — overall_score(rater_ 0, proposal_1)| > 2.

This gives a benchmark with 166 pairs (147 distinct-prompt, 19 within-prompt) but
with certain proposals over-represented.

e Cap the number of times a proposal can appear in the benchmark to 10. This gives
a choice of which pairs to remove. Remove pairs with a deterministic rule that does
not look at the agreement statistic (Appendix [C.2)).

C.2 CAPPING CHOICES

We cap the number of times a proposal appears at ten. Four proposals appear more than
ten times among the 166 pairs, at 21, 21, 36, and 40 appearances. We first drop four pairs
that contain two of these proposals. Then, we keep the ten pairs first sorted by descending
score gap, then by increasing (partition, prompt id, idea idx). This leaves 92 pairs (74
distinct-prompt, 18 within-prompt) over 50 distinct proposals, and human agreement over
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them is 77.4%, measured on the 85 pairs where the held-out raters express a strict preference
on both proposals; the other seven are ties and drop out of the estimate. Simulating the
second step of removals randomly instead of alphabetically produces human agreement over
the kept pairs that ranges from 70% to 82% across these choices, with a median of 77%.

C.3 HUMAN AGREEMENT ESTIMATION

For a within-prompt pair, every rater assigned to that prompt scored both proposals, so we
compare the gold label against a held-out rater’s own implied preference: we take each rater
in the opposing discussion group who expresses a strict preference between the two proposals
and compute the fraction that agree with the anchor rater. To estimate the agreement rate
of preferences over proposals coming from 2 different prompts, we instead sample scores from
the raters independently for each proposal. We do this since often there is not a single rater
that rated both proposals across the 2 prompts. Following on from the benchmark creation
algorithm:

e Sample rater_ 10 and rater_ 11 independently for proposal_0 and for proposal_ 1
from the set of possible raters in an opposing discussion group (i.e. in both cases
someone rater 0 had not discussed the proposals with). Rater_ 10 and rater_ 11
can be any confidence level.

e Define score_ 00 = overall score(rater 0, proposal 0), score 01 = over-
all _score(rater_0, proposal 1), score_10 = overall score(rater_ 10, proposal 0),
and score_ 11 = overall score(rater 11, proposal 1). The overall score function
gives the rater’s score for that proposal.

o Compute the direction of preference for each rater: (score_00 — score_01, score_10
— score__11).

 Filter for tuples where both raters express a strict preference, i.e. neither component
is 0 in the tuple of differences above.

o Agreement is (number of times the signs match in both components) / (number of
times the signs match + number of times the signs differ).

Figure breaks the score-gap comparison of Figure [7] into the full grid of conditions:
confidence (weak, medium, strong) x discussion stage (pre, post) X scope (within-prompt,
distinct-prompt) X minimum overall-score gap (1, 2). Filtering for strong confidence, post-
discussion preferences and larger score gaps together increases agreement, in both the
within-prompt and the distinct-prompt estimator, while the other cells stay near chance.
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Figure 11: Agreement across confidence, discussion stage, scope and score gap.
Cross-dyad agreement for every combination of anchor-rater confidence, pre- vs post-
discussion preferences, pairs drawn from the same prompt (within) or different prompts
(distinct), and minimum |A overall score| of 1 or 2. Error bars show 95% confidence intervals
from bootstrap resampling over prompts; n counts non-tie comparisons.

C.4 DISTRIBUTION OF RATERS AS ANCHORS AND VALIDATORS

The TASTE benchmark contains 92 preference pairs over 50 distinct proposals, with gold
labels coming from different raters (anchor raters). These are validated by sampling scores
from raters in the opposing discussion group. We look at the distribution of raters providing
gold labels and the distribution of raters validating gold labels (Figure . These can come
apart since we construct the benchmark by filtering for confidence levels and score gaps.
For example, a rater who never provided a strong confidence label post-discussion could
not appear as an anchor, but could appear as a validator. We see that the capping step in
benchmark creation reduces the reliance on the most represented researcher’s gold labels in
Figure Additionally, in both cases, we have a diverse set of researchers validating labels,
though it is more evenly split in the capped benchmark (TASTE).
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Figure 12: Capping proposal frequency results in a more even split of researchers
defining gold labels. Each pair of proposals in the benchmark has a gold label from
a researcher’s preference, which is validated against other researchers. while researcher-1
provides around 40% of the gold labels in the benchmark, the labels are validated by a
diverse range of researchers.

C.5 SCORE DISTRIBUTIONS

Figure 13| shows the distribution of overall scores (1-5) in the full feedback dataset and in
the benchmark. The dataset panel counts individual rating events (1,071 “overall scores”
over 135 proposals), while the benchmark panel counts the 50 distinct proposals appearing
in TASTE, each at its anchor rater’s overall score.
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Figure 13: Overall-score distributions. Left: all overall scores in the feedback dataset
(one count per rating event). Right: the distinct proposals in the benchmark, each counted
once at its anchor rater’s overall score.

D MODEL PERFORMANCE

D.1 EVALUATION DETAILS

We query Anthropic models through the Anthropic API, GPT models through the OpenAl
API, and all other models through the OpenRouter API. Reasoning effort is set through
each API’s reasoning-effort control. The settings available differ by model and are listed in
Table [2, with the setting used for the headline results marked. Table [3]lists the numbers
behind Figure [T}
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In-context examples are split at the level of motivating-question prompts rather than pairs
since pairs sometimes contain the same proposals. The 45 prompts are divided into three
train/test folds of 30 and 15 prompts, with the three test sets chosen so that every one of
the 92 benchmark pairs has both of its prompts (for a within-prompt pair, its single shared
prompt) in at least one test set. The test folds sometimes overlap. Each pair is scored
under the first fold that covers it. For each prompt, we include the following in-context: the
prompt text, the full text of all three candidate proposals, every researcher’s feedback on the
proposals that carried medium or strong confidence—the 1-5 scores on all three axes, the
best-to-worst ranking, the confidence, and any written comments, with each reviewer’s pre-
and post-discussion evaluations both shown. When assessing a probability of exactly 0.5, we
give half credit.

Table 2: Reasoning-effort settings offered and run, per model. x = the setting behind the
headline number (each model’s highest completed setting); e = setting is run. N/A: the
APT exposes no effort control—Haiku 4.5 and Opus 4.5 ran with a fixed extended-thinking
budget of 10,000 tokens, and Qwen3.7-Max ignores the requested effort.

Model API Reasoning effort N/A

min low med high xhigh max

Haiku 4.5 Anthropic - - - - - - *
Opus 4.5 Anthropic - - - - - - *
Opus 4.6 Anthropic - . . . - *
Sonnet 4.6 Anthropic - . . . - *
Opus 4.7 Anthropic - . . . . *
Opus 4.8 Anthropic - ° ° ° ° *
Fable 5 Anthropic - . . . . *
Sonnet 5 Anthropic - ° ° ° ° *
Opus 5 Anthropic - . . . ) *
GPT-5.6-s0l OpenAl - . . . . *
GPT-5.6-terra OpenAl - ° ° ° ° *
GPT-5.6-luna OpenAl - ° ° ° ° *
Gemini 3.1 Pro  OpenRouter - . ° * -
Gemini 3.5 Flash OpenRouter e . . * - -
Qwen3.7-Max OpenRouter — - - - - - *
GLM 5.2 OpenRouter — - — ° * -
Grok 4.5 OpenRouter — ° ° * - -
Muse Spark 1.1  OpenRouter e ° ° ° * -
Kimi K3 OpenRouter — ° - ° - *

Refusals. Fable 5 refuses a subset of benchmark queries. We score the gaps with a fixed
fallback rule, applied per missing (pair, ordering, prompt variation) in order: (1) same query
in the flipped ordering; (2) the same query at a lower reasoning effort; (3) Opus 4.8’s answer
to exactly that query. At maximum effort under the situational framing this impacts 9 of
Fable 5’s (pair, variation) cells out of 184.
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Table 3: Performance on TASTE: one verdict per pair, from the model’s preference probability
averaged over both proposal orderings and both prompt variations (question-shown and
question-hidden). Release dates from Epoch All (2026)).

Model API Released  Effort  Acc. (%)
Fable 5 Anthropic 2026-06-09 max 60
Kimi K3 OpenRouter  2026-07-16 max 59
Grok 4.5 OpenRouter  2026-07-09 high 58
Gemini 3.5 Flash  OpenRouter 2026-05-19 high 56
Sonnet 4.6 Anthropic 2026-02-17 max 56
Haiku 4.5 Anthropic 2025-10-15 n/a 56
Opus 4.8 Anthropic 2026-05-28 max 55
Opus 4.5 Anthropic 2025-11-24 n/a 54
Sonnet 5 Anthropic 2026-06-30 max 52
Qwen3.7-Max OpenRouter  2026-05-20 n/a 52
Opus 5 Anthropic 2026-07-24 max 51
Muse Spark 1.1 OpenRouter  2026-07-09  xhigh 51
Opus 4.7 Anthropic 2026-04-16 max 49
GPT-5.6-luna OpenAl 2026-07-09 max 48
GPT-5.6-terra OpenAl 2026-07-09 max 48
GPT-5.6-s0l OpenAl 2026-07-09 max 48
GLM 5.2 OpenRouter  2026-06-16  xhigh 46
Opus 4.6 Anthropic 2026-02-05 max 45
Gemini 3.1 Pro OpenRouter  2026-02-19 high 41

D.2 EFFECTS OF SITUATIONAL CONTEXT ON MODEL PERFORMANCE

We investigate whether giving the model more context on the data collection process improves
model performance on the benchmark. We compare a situational framing in which the
models have this context against a neutral framing where the models are asked to choose
the better idea, but see the rubric given to the human researchers. We find mixed effects
across models (Figure . Haiku 4.5 performs surprisingly well here—this appears due to
stronger performance on pairs that contain the most prevalent proposals, with performance
dropping noticeably when these are removed (Figure . We share the prompts used for
this evaluation. We also reproduce the comparison of the four prompt-conditions of
across all models (Figure and the performance with increased test-time-compute across
a larger selection of models (Figure Figure .
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Figure 14: Situational framing versus neutral framing. We measure model performance
on the benchmark in 2 settings: (a) situational, where the model is asked to model empirical
AT safety researchers from the human researchers’ organizations, and (b) neutral, where the
model is asked to give its own preference. We measure benchmark performance at maximal

test-time compute in both settings. We find that model performance over settings is model
dependent.
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Figure 15: Model performance with test-time compute under a neutral framing.
As in Figure [p] we measure model performance on the TASTE benchmark under increased

reasoning effort. We see generally less improvement with added test-time compute compared
to the situational framing in Figure [
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Figure 16: Test-time-compute scaling across all models under a situational framing.
Full version of Figure [5} accuracy on TASTE against mean reasoning + output tokens per
response, one panel per model family, situational framing with the rubric in context.
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Figure 17: Test-time-compute scaling when models score proposals individually.
Models score each proposal independently from 1 to 5, and we compare the preferences
implied by these scores with the benchmark labels. Fable 5 is the only model that clearly
improves with additional test-time compute. Sonnet 5 performs particularly poorly, although
much of its error is concentrated among proposals that appear repeatedly in the benchmark.
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Figure 18: Prompt conditions across all models. Full version of Figure @ (a) zero-shot,
(b) rubric-only, (c) examples-only, and (d) examples-and-rubric, with 3 train-test splits based
on motivating-question prompts for (c) and (d). We see that most models benefit from the
rubric in context, while we see mixed impacts across models when adding examples.
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D.2.1 STANDARD-SETTING PROMPTS

You are modeling the research taste of {researcher}, one specific alignment
researcher who reviewed AI-alignment research proposal ideas -- not a generic
reviewer. Predict how {researcher} in particular would judge new ideas, in
the post-discussion (updated) assessment they settled on after talking the
prompt over with a partner. Predict {researcher}’s taste, not your own.

About the reviewers: {researcher} is one of a group of practicing empirical
AI-safety researchers recruited through the Constellation and MATS
communities. Their backgrounds span the Anthropic Fellows Program, Astra,
ARC, MATS, and CAIS, with between six months and four years of hands-on
experience in technical AI safety. They recorded these assessments between
March and June 2026, but were each asked to judge every idea as though the
date were 1 February 2026.

Setup: a "prompt" is a researcher describing a need or an open question, and
for each prompt three candidate research ideas (A, B, C) were drafted. Each

reviewer read the ideas and assessed them independently; some then discussed

a prompt with a partner and updated their view. Here you are shown two ideas
—-- from two different prompts -- that {researcher} assessed, and you predict

which one {researcher} judged to be the stronger research project.

How the assessments below were recorded: each reviewer (a) scored every
idea from 1 to 5 on three axes, (b) ranked the ideas best-to-worst, marking
each adjacent pair as clearly better (">") or roughly equal ("="), (c)
recorded an overall confidence (weak / medium / strong), and (d) usually
left written comments. Where a reviewer discussed a prompt with a partner,
their post-discussion ("UPDATED") evaluation is shown alongside their solo
one. The three scoring axes are:

- overall -- overall quality of the idea as a research proposal
- high-level -- quality of the high-level research direction / framing
- approach -- quality of the concrete methodology / plan

The human reviewers were given the following instructions; apply the same
criteria:
{human_rubric}

The pairwise user messages for the standard setting;:

Below are two research ideas from DIFFERENT prompts. {researcher} evaluated
each one (on its own prompt) and discussed each prompt with a partner.
Predict which idea {researcher} scored HIGHER on the overall axis in their
POST-DISCUSSION (updated) evaluation.

<idea_1>
<research_prompt>
{research_prompt_1}
</research_prompt>
<idea>

{title_1}

{text_1}

</idea>

</idea_1>

<idea_2>
<research_prompt>
{research_prompt_2}
</research_prompt>
<idea>

{title_2}
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{text_2}
</idea>
</idea_2>

<output_format>

Respond with ONLY a JSON object and nothing else:

{"reasoning": "<a single paragraph of 80-120 words giving the key
considerations behind your judgment>", "probability_idea_1i_higher": p}
where "reasoning" is one 80-120 word paragraph written before you commit to a
number, and p in [0,1] is the probability that Idea 1 got the higher overall
score.

</output_format>

Question-hidden variation. The question-hidden prompt variation changes only the user
message: each idea block omits its <research_prompt> element (for within-prompt pairs,
the single shared prompt block is omitted). The system prompt, instruction wording, rubric,
and output format are unchanged. The distinct-prompt user message becomes:

Below are two research ideas from DIFFERENT prompts. {researcher} evaluated
each one (on its own prompt) and discussed each prompt with a partner.
Predict which idea {researcher} scored HIGHER on the overall axis in their
POST-DISCUSSION (updated) evaluation.

<idea_1>
<idea>
{title_1}
{text_1}
</idea>
</idea_1>

<idea_2>
<idea>
{title_2}
{text_2}
</idea>
</idea_2>

<output_format>

Respond with ONLY a JSON object and nothing else:

{"reasoning": "<a single paragraph of 80-120 words giving the key
considerations behind your judgment>", "probability_idea_1_higher": p}

where "reasoning" is one 80-120 word paragraph written before you commit to a
number, and p in [0,1] is the probability that Idea 1 got the higher overall
score.

</output_format>

You are an expert Al-alignment research mentor evaluating candidate research
proposal ideas. Using your own research taste, judge which of two ideas is
the stronger research project.

You will be shown two research ideas, each written for a DIFFERENT research
prompt (a prompt is a researcher describing a need or an open question).
Decide which of the two is the stronger research project.

Judge each idea on three axes:

- overall -- overall quality of the idea as a research proposal
- high-level -- quality of the high-level research direction / framing
- approach -- quality of the concrete methodology / plan
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Apply the following evaluation criteria:
{human_rubric}

Below are two research ideas, each written for a different research prompt.
Decide which one is the stronger research project.

<idea_1>
<research_prompt>
{research_prompt_1}
</research_prompt>
<idea>

{title_1}

{text_1}

</idea>

</idea_1>

<idea_2>
<research_prompt>
{research_prompt_2}
</research_prompt>
<idea>

{title_2}

{text_2}

</idea>

</idea_2>

<output_format>

Respond with ONLY a JSON object and nothing else:

{"reasoning": "<a single paragraph of 80-120 words giving the key
considerations behind your judgment>", "probability_idea_1_higher": p}
where "reasoning" is one 80-120 word paragraph written before you commit
to a number, and p in [0,1] is the probability that Idea 1 is the stronger
research project.

</output_format>

D.2.2 SINGLE-PROPOSAL-SCORING PROMPTS

The prompts for the single-proposal-scoring setup of in the same two framings. We
evaluate single-proposal scoring with the motivating-question shown as models perform worse
without it.

You are modeling the research taste of {researcher}, one specific alignment
researcher who reviewed AI-alignment research proposal ideas -- not a generic
reviewer. Predict how {researcher} in particular would judge new ideas, in
the post-discussion (updated) assessment they settled on after talking the
prompt over with a partner. Predict {researcher}’s taste, not your own.

About the reviewers: {researcher} is one of a group of practicing empirical
AI-safety researchers recruited through the Constellation and MATS
communities. Their backgrounds span the Anthropic Fellows Program, Astra,
ARC, MATS, and CAIS, with between six months and four years of hands-on
experience in technical AI safety. They recorded these assessments between
March and June 2026, but were each asked to judge every idea as though the
date were 1 February 2026.

Setup: a "prompt" is a researcher describing a need or an open question,

and for each prompt three candidate research ideas (A, B, C) were drafted.
Each reviewer read the ideas and assessed them independently; some then
discussed a prompt with a partner and updated their view. Here you are shown
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ONE idea that {researcher} assessed, and you predict the overall score (1 to
5) {researcher} gave it.

How the assessments below were recorded: each reviewer (a) scored every
idea from 1 to 5 on three axes, (b) ranked the ideas best-to-worst, marking
each adjacent pair as clearly better (">") or roughly equal ("="), (c)
recorded an overall confidence (weak / medium / strong), and (d) usually
left written comments. Where a reviewer discussed a prompt with a partner,
their post-discussion ("UPDATED") evaluation is shown alongside their solo
one. The three scoring axes are:

- overall -- overall quality of the idea as a research proposal
- high-level -- quality of the high-level research direction / framing
- approach -- quality of the concrete methodology / plan

The human reviewers were given the following instructions; apply the same
criteria:
{human_rubric}

Below is one research idea that {researcher} evaluated, with the prompt it
was written for. Predict the overall score, from 1 to 5, that {researcher}
gave this idea on the overall axis in their POST-DISCUSSION (updated)
evaluation.

<research_prompt>
{research_prompt}
</research_prompt>
<idea>
{proposal_title}
{proposal_text}
</idea>

<output_format>
Respond with ONLY a JSON object and nothing else:

{"reasoning": "<a single paragraph of 80-120 words giving the key
considerations behind your judgment>", "score": s}

where "reasoning" is one 80-120 word paragraph written before you commit to a
number, and s is {researcherl}’s predicted overall score -- a number from 1 to

5, given to two decimal places.
</output_format>

You are an expert AIl-alignment research mentor evaluating candidate research
proposal ideas. Using your own research taste, score the idea you are shown
as a research project.

You will be shown ONE research idea written for a research prompt (a prompt
is a researcher describing a need or an open question). Score the idea’s
overall quality as a research project, from 1 to 5.

Judge each idea on three axes:

- overall -- overall quality of the idea as a research proposal
- high-level -- quality of the high-level research direction / framing
- approach -- quality of the concrete methodology / plan

Apply the following evaluation criteria:
{human_rubric}
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Below is one research idea, with the prompt it was written for. Score the
idea’s overall quality as a research project, from 1 to 5, to two decimal
places.

<research_prompt>
{research_prompt}
</research_prompt>
<idea>
{proposal_title}
{proposal_text}
</idea>

<output_format>
Respond with ONLY a JSON object and nothing else:

{"reasoning": "<a single paragraph of 80-120 words giving the key
considerations behind your judgment>", "score": s}

where "reasoning" is one 80-120 word paragraph written before you commit to
a number, and s is the idea’s overall quality score -- a number from 1 to 5,

given to two decimal places.
</output_format>

D.2.3 IN-CONTEXT EXAMPLE PROMPTS

The in-context examples of are appended to the end of the system prompt, one block
per training prompt, with reviewer names replaced by anonymous R# ids:

What follows is the training record of prior evaluations from a panel of
these reviewers ({n_prompts} prompts). Study it to internalize the taste
on display: which ideas are rewarded and which penalized, how harsh or
lenient the numbers run, how confidence is used, the style and content of
the comments, and how discussion shifts judgments.

{separator line}
PROMPT (id {prompt_id})
{prompt}

Idea A -- {title_A}
{text_A}

Idea B -- {title_B}
{text_B}

Idea C -- {title_C}
{text_C}

{judgment blocks: one per (reviewer, pass) with medium or strong confidence}

{... remaining training prompts, same format ...}

Each judgment block renders one reviewer’s evaluation of the prompt’s three proposals in
one pass (solo or post-discussion):

{reviewer} -- {SOLO | UPDATED (post-discussion)}:
- Scores (overall / high-level / approach):

A: {overall} / {high-level} / {approach}

B: {overall} / {high-level} / {approach}

C: {overall} / {high-level} / {approach}

- Ranking (best — worst): {ranking}

- Confidence: {confidence}
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- Comment on {letter}: {comment} (one line per idea with a comment)
- Note on the prompt: {note} (when present)

D.3 “MAGNET-FREE” BENCHMARK PERFORMANCE

The TASTE benchmark contains 92 pairs of research proposals. There are 4 proposals that
are over-represented here in comparison to others; each of these appears 10 times (before
capping they appeared 21-40 times). If we remove the pairs containing these proposals, this
leaves 52 pairs which are more independent though fewer in number; we call this subset
magnet-free. Fable 5 in situational framing performs best on these pairs (62%). Over this
part of the benchmark, human performance was ~70%. Models were evaluated with the
rubric in context, and at maximal reasoning effort settings (Figure Figure .
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Figure 19: Situational versus neutral framing on magnet-free proposal pairs. We
evaluate benchmark performance here in the situational context and the neutral context on
magnet-free pairs. Fable 5 performs similarly over the magnet-free benchmark and the full
TASTE benchmark.
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Figure 20: Test-time-compute scaling on magnet-free pairs. Fable 5 shows clear
improvement with added test-time compute over the magnet-free subset of the benchmark,
evaluated under the situational framing.

D.4 MODEL PERFORMANCE ON CONSENSUS VERSUS CONTESTED PAIRS

We split TASTE by whether the held-out researchers (opposing discussion group, which we
refer to as the dyad below) agree with the gold labels. For each pair we take the held-out
score comparisons used for the human-agreement estimate ( and classify the pair by
their majority vote: the held-out raters agree with the anchor rater’s gold label on 63 pairs
and disagree on 16; on 6 pairs the dyad is split evenly, and on 7 no held-out comparison
yields a strict preference. We evaluate Fable 5 and Kimi K3 with the rubric in context, under
the situational framing, and at maximal reasoning effort settings, averaging each model’s
probabilities over both orderings and both prompt variations to give one preference per pair.
Table 4] shows that Fable 5 is somewhat more accurate on the consensus pairs than the
contested ones (64% vs 56%), while Kimi K3 performs similarly when the opposing dyad
agrees versus when it disagrees.

Table 4: Accuracy (%) on TASTE split by the held-out raters’ majority vote relative to
the gold label. One verdict per pair (probability averaged over both orderings and prompt
variations).

Model Dyad agrees Dyad disagrees Dyad split No held-out vote

Fable 5 64 (63) 56 (16) 50 (6) 43 (7)
Kimi K3 57 (63) 56 (16) 83 (6) 57 (7)

D.5 MODEL PERFORMANCE ON WITHIN-PROMPT VERSUS DISTINCT-PROMPT PAIRS

We investigate how model performance compares over pairs of proposals generated from the
same motivating-question prompt versus pairs generated from different prompts. TASTE
contains 74 distinct-prompt pairs and 18 within-prompt pairs (§2.3]). Held-out researchers
agree with the gold labels on 82% of the within-prompt pairs (17 committed pairs) versus
76% of the distinct-prompt pairs (68 committed). Models generally perform worse on
the within-prompt subset of the benchmark, though we have a very limited number of
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samples within-prompt. Almost every model performs around or below chance on the
within-prompt pairs, including the models with the strongest distinct-prompt performance.
For example, Fable 5 achieves 69% on distinct-prompt pairs with the question shown but
31% within-prompt (Table [)).

Table 5: Accuracy (%) on TASTE split by pair type and prompt variation, at each model’s
max tested reasoning effort with the rubric in context (situational framing).

Distinct-prompt (74) ~ Within-prompt (18)

Model Benchmark Q shown Q hidden Q shown Q hidden
Fable 5 60 69 61 31 47
Kimi K3 59 66 65 33 53
Grok 4.5 58 57 56 28 50
Gemini 3.5 Flash 56 44 63 56 67
Sonnet 4.6 56 57 60 22 44
Haiku 4.5 56 60 51 67 50
Opus 4.8 55 59 61 33 44
Opus 4.5 54 49 50 50 47
Sonnet 5 52 54 52 33 42
Qwen3.7-Max 52 52 55 36 50
Opus 5 51 52 59 22 39
Muse Spark 1.1 51 52 54 35 56
Opus 4.7 49 55 55 25 36
GPT-5.6-luna 48 54 47 28 53
GPT-5.6-terra 48 51 51 22 44
GPT-5.6-s0l 48 49 49 28 50
GLM 5.2 46 49 51 33 39
Opus 4.6 45 51 51 31 31
Gemini 3.1 Pro 41 47 43 22 56

D.6 PROMPT VISIBILITY ON WITHIN-PROMPT PAIRS

From reading the justifications given to within-prompt pairs, we noticed that models focused
on the prompt disproportionately within-prompt, and that removing the prompt generally
improved performance across models, supporting the hypothesis that models were biased to
over-focus on how well proposals answer the prompt shown, even though the rubric instructs
raters not to do this. Figure [21| shows the proportion of justifications that were “prompt-
driven” as judged by a Fable 5 classifier reading the justifications per-model. Figure 22)shows
within-prompt-pair accuracy with the motivating-question prompt shown versus hidden for
Fable 5, Opus 4.8, Opus 5, GPT-5.6-sol and Kimi K3 (the model set behind the averages
in ; Figure [23| shows all models. Hiding the prompt improves these five models by 17
percentage points on average on within-prompt pairs, while their distinct-prompt accuracy
is unchanged on average.

The classifier receives a single user message per justification:

A judge model compared two AIl-safety research proposals and wrote a
justification for its preference. Decide whether the judge’s decision is
driven by how well ideas follow the motivating prompt(s) -- i.e. the verdict
rests primarily on how well the proposals answer the prompt shown below,
rather than on the proposals’ intrinsic merits.

{prompts_block}

PROPOSAL A: {title_a}
{text_a}

PROPOSAL B: {title_b}
{text_b}
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JUDGE’S JUSTIFICATION:
{justification}

Respond with ONLY a JSON object:

{"prompt_driven": true or false, "reason": "<under 20 words>"}

where {prompts_block} is, for a within-prompt pair:

MOTIVATING PROMPT (shared by both proposals):
{prompt}

and for a distinct-prompt pair:

MOTIVATING PROMPT for Proposal A:
{prompt_a}
MOTIVATING PROMPT for Proposal B:
{prompt_b}
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Figure 21: Models’ preferences are more prompt-driven in within-prompt pairs of
proposals than distinct-prompt pairs. Justifications are drawn from predictions going
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D.7 MODEL JUSTIFICATIONS

We evaluate models with examples of researcher scores, preferences and comments from the
dataset in context to investigate whether models can fit to researchers’ particular tastes.
We find that often models would use very simple heuristics such as studying which training
techniques and settings researchers prefer. This does not describe the sort of reasoning that
we hope a grader expressing general research taste would use, and is possibly an example
of models overfitting to in-context examples. We include an example justification below

(Figure 24)).

R1 is a conservative scorer who clusters at 3, downgrades to 2 for ideas that feel synthetic-
data-heavy, well-trodden, or not safety-central, and reserves rare 4s for concrete, real-
artifact security measurements (e.g., Cl-exploitable AI patches got their only solo 4) and
training/model-organism work. Idea 1 is a classifier leave-k-out generalization study built
entirely on Claude-generated synthetic data for a safeguards-scaling question; notably, R1
post-discussion downgraded a structurally similar classifier-generalization proposal (prompt
1’s idea B) to a 2. Idea 2 is grounded in documented real incidents, has mechanically
checkable security properties, residual characterization, and matches the recognition-vs-
behavior-gap genre R1 consistently rated 3 — though its intervention ladder is somewhat
prompt-engineering-flavored. On balance, Idea 2 seems slightly more aligned with R1’s
demonstrated taste, with both likely near 3.

Figure 24: Models overfit to researcher biases and use simple heuristics when
given preferences in context. Models gave text justifications alongside their probability
the first idea was better. We regularly saw models anchor heavily on tools, techniques, and
idea properties to describe researcher preferences, rather than focusing on more high-level
properties like tractability, or backchaining from making transformative Al go well.

D.8 MobDEL CONSISTENCY

Models give inconsistent prediction probabilities after resampling and after flipping the
order that proposals are shown. We find that lower sensitivity to the ordering of proposals,
measured by absolute change in probability over the two orderings, correlates with higher
accuracy on the benchmark even though we average models’ scores over both orderings
(Figure . The additional impact of positional biases beyond resampling variance varies

across models (Figure Figure .
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Figure 25: Order position bias negatively correlates with benchmark performance.
For each model, prompt variation and pair of proposals, we measure the absolute change in
P(preferred) given to each proposal after we flip the order of proposals shown. We average
this over each pair comparison in the benchmark to get a mean change per model. We observe
that models with large inconsistency struggle to perform well on the TASTE benchmark,
even though we mitigate positional bias on the benchmark by averaging over the 2 orderings.
r = —0.46 (Pearson).
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D.9 NOVELTY BIAS

To measure biases across models, we ask models to give scores from 0 to 1 (to 2 decimal
places) for which proposal in each pair is more important, tractable, or novel. We call these
feature-pair-scores. We look at univariate correlations between models’ feature-pair-scores
and model preferences and correlations between feature-pair-scores and gold preferences. We
find that models’ views on which proposal is more important track their own preferences very
well, but don’t contribute so strongly towards predicting researchers’ labels well. Interestingly,
Fable 5 and Kimi K3 have views on importance that correlate best with gold labels and
also perform the best in the overall benchmark (Figure . Models’ values of tractability
are well-calibrated against gold labels (both roughly —0.2 correlation). Their own views of
novelty track the gold labels well, though their novelty scores are uncorrelated with model
preferences as elicited in Figure

Each (pair, attribute) is queried separately with the following prompts:

You are an experienced AI-safety researcher helping assess features of
research ideas for the Anthropic Fellows Program: 4-month projects, 2
fellows per project, $10k/month compute budget each, unlimited Claude API
access but no internal tooling or data.

Below are two candidate research ideas.

<idea_1>
{title_1}
{text_1}
</idea_1>

<idea_2>
{title_2}
{text_2}
</idea_2>

Compare the two ideas on ONE attribute:
{attribute_definition}

Give a score between O and 1, to 2 decimal places: O means the FIRST idea
satisfies the attribute far more strongly, 1 means the SECOND idea does, and
0.5 means no meaningful difference.

Respond with ONLY a JSON object:
{"score": <0.00-1.00>, "justification": "<under 40 words>"}

IMPORTANCE: if these projects were completed as described, whose results
would matter more for making advanced AI systems safer?

TRACTABILITY: which project is a competent two-person team more likely to
complete within the program’s constraints?

NOVELTY: which idea is newer relative to the existing AI-safety and alignment
literature (alignment forum, lab safety blogs, arXiv safety papers)?
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Figure 28: Correlation between feature-pair-scores and model (and gold) prefer-
ences.

E DiIScusSION STAGE IMPACTS

E.1 DRIVERS OF HUMAN DISAGREEMENTS

The individual preferences achieve a low agreement rate of 53% (Figure E[) We use the
transcribed conversations in the discussion stage to study the drivers of this disagreement.
We record the discussions in the pair-discussion protocol and use an LLM (Fable 5) to create
short summaries of disagreements from these discussion transcripts (Figure [30)). Then, we
derive a taxonomy for what causes disagreements in the dataset based on these summaries
using an LLM agent (Fable 5 in Claude Code). Finally, we use an LLM (Fable 5) to classify

each disagreement-summary into the taxonomy (Zheng et al.,|2023). We show the proportions
of each primary reason of the taxonomy in Figure

One of the researchers misread the proposal. (17%)
Both of the researchers found the proposal text confusing. (6%)
There’s ambiguity in the extent research proposals answer the prompt. (5%)

One of the researchers is unaware of relevant prior work. (9%)

CUR WD

Researchers have different empirical priors, e.g. over how well a technique will
generalize, or particular behaviors of future Als. (23%)

6. The researchers value importance, tractability, and novelty of a particular proposal
differently or disagree on aggregating these into a preference over proposals. (21%)

7. Residual other reasons. (19%)
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Figure 29: Researcher disagreement distribution. We use Fable 5 to classify transcripts
of discussions with a “primary reason” based on a taxonomy of reasons for disagreement.
We measure the proportions of each primary reason over the set of transcripts.

e Solo: R1 ranked A>C>B (strong); R2 ranked C>A>B (weak). Hard disagreement
specifically on A vs C (best differed: R1=A, R2=C).

e RI1 defended A as the simplest, foundational first step—directly checking whether
jailbreak methods leave fingerprints / side effects—and said she had not personally
seen relevant papers.

e R2 disliked A for lacking novelty (“forward-chaining ... just executing the prompt”)
and preferred C, citing research (he named {named_ researcher}) that jailbroken
models sometimes lie, hinting at a logprob signal.

o They agreed to disagree: R2 said “if you think A is nicer, I respect that” and kept
C slightly higher. R1 softened, tagging A and C equivalent (both 3) while keeping
A nominally first.

o Update: ranks essentially unchanged (R1 A>C>B, R2 C>A>B); the A/C split
persisted with reasons clearly stated (novelty vs foundational-first-step).

Figure 30: Disagreement summary example. In this example one researcher, R1, prefers
the more tractable idea whereas R2 thinks it lacks novelty, causing disagreement in their
individual feedback, which they choose to keep.

E.2 DISCUSSION STAGE VS SIMPLE AVERAGING

We compare the post-discussion strong-confidence agreement (with other preferences as in
Figure @ to a simple baseline of averaging those researchers’ pre-discussion scores. We keep
the same threshold of 1 point in “overall score” to count a preference. This averaging gives
no improvement in agreement rate compared to using pre-discussion preferences (Figure ,
which suggests that the discussion stage adds new signal beyond that present in individual
feedback.
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Figure 31: Discussion in pairs beats a baseline of averaging scores. We start with
the set of strong confidence preferences pre-discussion. We evaluate the agreement rate from
taking an average of the score given here with the discussion partner’s, defining a preference

as a gap of > 1 between scores. We find that this averaging does not improve agreement at
all.

E.3 FILTERING FOR STRONG-CONFIDENCE, POST-DISCUSSION PREFERENCES
INCREASES AGREEMENT ACROSS RESEARCHERS

We look at individual feedback and strong-confidence post-discussion feedback per researcher
to see the impact of the combination of having a discussion stage and filtering for strong
confidence. We see that filtering for strong-confidence, post-discussion preferences increases
agreement for all 7 researchers who gave strong-confidence preferences post-discussion
(Table @ This increases our own confidence that this filtering and discussion stage are worth
including in related data collection efforts where possible.

Table 6: Filtering for strong-confidence, post-discussion preferences increases agreement rate
across researchers. Counts of preference pairs in parentheses; A is in percentage points,
computed before rounding. Pooled n: 328 before, 58 after.

Researcher  All solo preferences  Strong post-discussion A

RO 58% (12) - -

R1 59% (38) 62% (30) +2
R2 46% (36) 62% (8) +17
R3 60% (53) 100% (7) +40
R4 53% (37) 67% (3) +14
R5 46% (26) 75% (4) +29
R6 47% (36) - -

R7 45% (37) 50% (2) +5
R8 61% (23) 75% (4) +14
R9 60% (30) - -

F OTHER DATA COLLECTION NOTES

F.1 BENCHMARK EXTENSION

We collected an additional 24 prompts for this dataset under a slightly different proposal
generation process (using existing papers rather than human-written proposals as a seed),
where only 4 of the 10 researchers participated. We think the data collected here was of lower
quality than the data in this paper, since it had much lower agreement, but it is likewise
available on request.
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Also, we collected preferences between paraphrased human-written proposals versus scaffold
proposals, and between scaffold proposals versus proposals written by a baseline Opus 4.6
with no scaffolding. These proposals were all roughly 500 words rather than the roughly 280
words in TASTE. We saw approximately 50% win-rates for the scaffold vs human comparison,
and approximately 50% win-rates for scaffold vs the LLM baseline. However, we think these
are mostly due to noise since inter-rater agreement was also around 50%. The researchers
did not provide any confidence labeling or have a discussion stage for this data collection.

In the human vs scaffold and scaffold vs LLM setups, we adjusted prompts to constrain
similar style between compared proposals. We think these might have benefited the scaffold
and the LLM unfairly since they also heavily constrained the sorts of ideas that could fit
those style constraints. However, filtering out the ones we thought helped did not show any
change in performance. Our conclusion from this is that the reviewers would have needed
more time, and also a pair-discussion stage to give high-quality feedback over this task.

F.2 ANECDOTAL BLIND TRIAL: ANTHROPIC FELLOWS PROGRAM PROPOSAL
SUBMISSION

In December 2025, we submitted 2 proposals generated by an LLM scaffold (different from
this one) to a real-world proposal selection meeting to compete against human-written
proposals. Those selecting proposals were not aware they were written by an LLM. We
submitted the 2 proposals to the first round of selection for proposals to be pitched to the
January 2026 Anthropic Fellows Program cohort. The proposals competed against research
proposals written by researchers at Anthropic, Redwood Research, and UK AISI.

First, we generated 40 proposals in Al control using a modified deep-research setup. Then,
we selected our top 2 proposals: “Structural Interventions for CoT Faithfulness” and
“Hierarchical Monitor Attacks” (one author saw all 40 and selected 3 to show the other two
authors, who then picked the top 2). We reformatted the LLM-written proposals to match
the structure of typical AFP proposals and made minor stylistic edits. Finally, we presented
these alongside the other human-written proposals in the first round of filtering for the
January Anthropic Fellows Program.

The proposal “Structural Interventions for CoT Faithfulness” ranked worst overall of all
proposals, and the proposal “Hierarchical Monitor Attacks” ranked 37th out of 74. Neither
proposal was noticed as LLM-generated.

Based on this experience, other qualitative feedback received on proposals throughout the
project, and the distribution of scores for top-end proposals in our dataset, we believe a
combination of one-off elicitation effort followed by human selection over proposals can
surface research proposals that researchers, when given up to 30 minutes to review them (and
unaware they are LLM generated), think are comparable to those written by other humans.
We view this, in part, as a limitation of time-constrained human review, and, in part, as a
demonstration of the ability of LLMs to produce genuinely good research proposals.

The two submitted proposals are reproduced below.

Question decomposition is one of the only validated structural interventions that improves
CoT faithfulness, but the space of possible interventions is quite vast and unexplored. This
project would systematically explore that space, trying to find other inference-time format
changes that improve faithfulness without retraining.

Why this matters: Training-based faithfulness improvements seem to plateau. If structural
interventions (changes to reasoning format that don’t require retraining) provide orthogonal
improvement, we’d have tools deployable immediately by any team using these models.

What would I try?

1. Build an intervention taxonomy. I’d organize candidate interventions into categories
such as:

e Decomposition: Question decomposition, step-by-step enforcement, sub-goal
identification
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e Verification: Check-your-work prompts, devil’s advocate, explicit uncertainty
requests

¢ Constraint: Format restrictions, information bottlenecks, token limits

e Transparency: Source citation requirements, confidence calibration, explicit
assumption listing

2. Test candidates on existing faithfulness benchmarks (FaithCoT-Bench, hint-based
evals) across a couple of models—probably Llama 70B and a DeepSeek R1 distill.
Measure both faithfulness and accuracy to characterize trade-offs.

3. Composition experiments. For interventions that work, test whether they stack.
Do decomposition + verification compose additively? Do some interfere?

What success looks like: Finding several interventions with meaningful faithfulness
improvement would be a clear win. This gives deployment teams a practical catalog (“for
math tasks, use decomposition; for factual tasks, use verification prompts”).

Hierarchical summarization, where an outer model summarizes an inner model’s reasoning to
enable oversight at scale, is becoming a key approach for monitoring agentic systems. This
project would test the security properties of this approach: can monitored agents manipulate
summarizers to hide concerning behavior?

Background: Hierarchical monitoring creates an adversarial dynamic that’s fundamentally
different from passive monitoring: the monitored agent has both incentive and potential
capability to influence its own oversight. Understanding the security properties of this setup
matters for anyone deploying it.

Recent work on prompt-in-content attacks shows that single lines of embedded instructions
can manipulate summarization workflows, and no model is completely immune. Separately,
weak-to-strong monitoring research finds that agent awareness of being monitored degrades
monitor performance more than increasing monitor capability improves it. This asymmetry
potentially favors attackers—but we don’t have systematic empirical work on whether these
concerns cash out in practice for safety monitoring.

Where to start: The core question is whether monitored agents can produce reasoning
that causes summarizers to systematically miss concerning content. A few concrete attack
hypotheses:

e Dilution attacks: Embed concerning content in verbose benign reasoning. Does
the summarizer reliably surface the concerning parts, or do they get lost?

e Benign framing: Structure reasoning so that it summarizes as innocuous while
being harmful in full context.

e Attention manipulation: Produce patterns that exploit how summarizers allocate
attention across long contexts.

I’d simulate hierarchical monitoring with API access and test these systematically. The
prompt-in-content attack literature provides methodology. If attacks work, the next question
is what architectural choices improve robustness. Some things I'd try here are multiple
summarizers, adversarial training, and specific summarization prompts.

The attack hypotheses might just not work in practice since summarizers may be more
robust than the theoretical concerns suggest. Results might also be architecture-specific and
not transfer cleanly to different implementations of hierarchical monitoring. There’s also a
question of what a null result means: if attacks fail, is that because hierarchical monitoring
is inherently robust, or because the specific attacks tested were poorly chosen?

Why I’m excited about this: If attacks work, we learn something important about the
limits of hierarchical monitoring and what mitigations help. If attacks don’t work, that’s
useful evidence of robustness for an approach the field is increasingly relying on. Either
way, this is the kind of empirical security analysis that should exist for any safety-critical
mechanism before widespread deployment.
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G ScAFroLD ProwmPTS

Below are the key prompt templates used in each scaffold stage. Placeholder variables are
shown in {braces}.

G.1 SvysSTEM PRrROMPT

The scaffold uses two distinct system prompts. The generation system prompt (below)
is provided at the idea generation stages (brainstorming, polishing); the polishing stage uses
a slightly earlier revision. It includes instructions for generating alignment research ideas,
resource constraints, evaluation criteria, communication guidelines, and common failure
modes to avoid. The {futurism_context} and {paper_summaries} placeholders are filled
with the relevant context. A separate grader system prompt (Appendix is used at
stages that require evaluation scoring, such as idea filtering and quality proxy scoring with a
{grade_5_proposals} placeholder that is similarly filled in.

# System Prompt: Alignment Research Proposal Generation
## Objective

Generate alignment research ideas at the caliber of the
Anthropic Alignment Science blog. These should be relevant
research to publish today -- not rehashings of existing work
or arbitrary mashups of concepts.

Think from first principles: **backwards-chain** from making
transformative AI go well, through the target scenarios and
futurism descriptions provided, to the problems that need
solving today, to potential lines of attack. Then
**forward-chain** to see how those lines of attack relate to
current work. Novelty has no intrinsic value. **Optimize for
impact under pragmatic constraints.**

## Resource Constraints

- 1-2 very capable alignment researchers (strong on both
research and engineering)

- 4 months of work

- $10,000/month compute budget

- Unlimited Claude API access

- Access to frontier coding tools (e.g., Claude Code)

- No access to Anthropic internal tooling or frontier model
internals

> Calibrate ambition upward from your priors -- with modern
AI tooling, small teams can accomplish what previously
> required 4-5 people.

Vv

## Using Provided Context

Don’t over-anchor to information given in context. It’s
provided as grounding, not as a "directly improve upon this"
exercise unless explicitly stated. The context serves to:

- Illustrate the type and quality of work we want

- Provide assumed knowledge about production monitoring
stacks and observed model behaviors

- Convey trade-offs that production deployment teams face

Use it to build a better world model, but don’t force ideas
to fit within it.
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## Methodological Balance

Match the methodology to the problem:

\4

Sometimes the best work is **empirical**: run experiments,
collect data, characterize phenomena

Sometimes it’s **training-based**: fine-tuning models,
building model organisms via RL or SFT

Sometimes it’s **engineering**: build infrastructure,
tooling, or systems that enable future work

Sometimes it’s **red-teaming**: adversarial testing,
attack-defense co-evolution

Sometimes it’s **interpretability**: mechanistic analysis,
representation probing

Sometimes it’s **measurement design**: building better
evaluations, behavioral profiling tools

Don’t default to whichever methodology feels most familiar.
Ask: what approach will actually make progress on this
problem?

## Evaluation Mindset

Adopt the mindset of a full-time alignment researcher
evaluating proposals. Ask:

**Deployment viability:** Will this actually get deployed?
**Threat model relevance:** Does this need to address
scheming models? Is this for near-term or later scenarios?
**Pareto efficiency:** For a given safety tax, what’s the
capability hit profile?

**Research as MDP:** Does this help later research or
directly solve a problem?

**Trajectory fit:*x Will this actually get used?

## Communication

Make the technical details explicit

Research questions should be clearly stated, high-taste,
and paired with tractable experiments

Not salesy, sycophantic, buzzwordy, or deceptive
Information dense. Treat your word budget as a finite
resource.

Writing should not be identifiably LLM-generated.
Specifically avoid: "systematic," "taxonomy,"
"characterization," "novelty," "suite."

## Common Failure Modes to Avoid

**xAnswer the actual prompt.** Don’t drift into adjacent
topics.

**The approach must be as strong as the high-level idea.x*x*
Every approach bullet should be specific to this exact
proposal.

**Don’t handwave past the hardest step.*x*

**Justify your technique choice.**

**Check your proposal actually produces actionable
information. *x*

**xDon’t propose studying failure modes that don’t exist.**
**Prefer "when does X fail?" over "does X work?"xx

**Don’t overcomplicate simple ideas.**

**Do not organize ideas by inventing categories.** This is
the most common and most damaging LLM proposal habit.
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- **Make sure the proposal is understandable.**

<futurism_context>
{futurism_context}
</futurism_context>

<must_know_papers>
{paper_summaries}
</must_know_papers>

<idea_constraints>

- no mechanistic interpretability beyond probes

- no collusion related ones

- must be useful to anthropic

- nothing that the cybersecurity team should just handle
</idea_constraints>

G.2 GRADER SYSTEM PROMPT

The following system prompt is provided to the LLM at the evaluation stages (proposal
filtering and quality proxy scoring). It includes evaluation criteria derived from joint grading
sessions with experienced alignment researchers, decision boundary definitions, structural
failure modes, domain knowledge context, and high-quality calibration examples from real
AFP proposals.

# Alignment Research Proposal Grader

You are an expert alignment researcher evaluating
brainstormed research proposals. Grade these as if you
were a senior AFP (Anthropic Fellows Program) mentor
ranking ideas in a brainstorming discussion.

Your evaluations should reflect strong conceptual
thinking, domain expertise, and calibrated taste -- not
generic assessments of "clarity" or "movelty."

## Evaluation Context

**Fellows Program constraints:*x*

- 1-2 researchers, 4 months, $10K/month compute

- Unlimited Claude API access, frontier coding tools

- No access to Anthropic internal tooling or frontier
model internals

**Scope:** These ideas are stage 1 of a 2-stage pipeline
(brainstorm -> flesh out). You are evaluating whether the
core direction is promising and whether the proposer
demonstrates real understanding of the problem.

*xIn-vs-outside AI lab:** Some ideas are better done
inside an AI lab. This doesn’t disqualify them, but if
an idea feels much better done inside, penalize
moderately.

## Evaluation Criteria from Expert Raters
The following criteria were extracted from joint

evaluation sessions where experienced alignment
researchers graded proposals like the ones you’ll see.
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These represent the actual evaluative framework used by
experts -- internalize them deeply.

<expert_criteria_set_1>
{expert_criteria_set_1}
</expert_criteria_set_1>

<expert_criteria_set_2>

{expert_criteria_set_2}

</expert_criteria_set_2>

## Common Failure Modes

These patterns consistently make proposals worse:
**Answer the actual prompt.** Proposals that drift into
adjacent topics -- even interesting ones -- score
terribly.

**The approach must be as strong as the high-level
idea.** A great vision with a vague or generic approach
lands at a mediocre 3, not a 4 or 5.

**Don’t handwave past the hardest step.**x If your
proposal requires building an artifact that doesn’t
exist and is hard to create, you need to address how.
**Don’t default to DPO, RAG, or LoRA as your
technique.** These are LLM-proposal crutches. Only
mention a specific technique when it’s clearly the right
tool for this problem, and explain why.

**Check the proposal actually produces useful
information.** A skeptic should be able to answer: "What
would I do differently based on this result?"

**Don’t propose studying failure modes that don’t
exist.**x Before building a proposal around a phenomenon,
ask: is there actual evidence this happens?

**xPrefer "when does X fail?" over "does X work?"*x*

**Don’t overcomplicate simple ideas.*x*

**Do not organize ideas by inventing categories.** This
is the most common and most damaging LLM proposal habit.

**Make sure the proposal is understandable.*x*

## Domain Knowledge

### AI Control Landscape
<ai_control_summary>
{ai_control_paper_summary}
</ai_control_summary>

### Claude Opus 4.6 System Card

<system_card>
{system_card}

o4



</system_card>

## Grade-5 Calibration: Real AFP Proposals

The following are real AFP proposals reformatted into our
idea structure. These represent the quality bar for a
score of 5. Study them to calibrate what top-quality
alignment research proposals look like at this format
length.

<grade_b5_proposals>
{afp_proposals_all}
</grade_5_proposals>

## Human Rating Calibration

<human_ratings>
{human_ratings}
</human_ratings>

G.3 PROPOSAL BRAINSTORMING

# Your Role: Research Idea Brainstormer

You are an alignment researcher brainstorming research directions. Given
the problem framing below, generate concrete research proposals.

## Examples of Good Proposals

These are real AFP (Anthropic Fellows Program) proposals reformatted
into our output structure. Study them for calibration on structure and
quality bar only. Do NOT over-anchor to the specific topics, techniques,
or framing in these examples -- your ideas should come from thinking
about the brainstorming prompt, not from remixing these examples.

{example_proposals}
## Your Response Format

Generate exactly 4 distinct research ideas (A, B, C, D). Each should be:

*%150-200 words** (hard max 225)

- A concrete research direction, not a vague category

Different from the others in approach or framing

- *xDirectly addressing the brainstorming prompt** -- do not drift into
adjacent topics

For each idea, use this exact structure:

[N 1

## [Letter]: [Titlel
**Problem:**x [~20 words, information-dense & direct]

**Research Question:**
*x* [Conversational question]?#* [1-2 sentences, ~25 words -- just enough

to make the question precise]

**Deliverable:** [<30 words]
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**Approach: x*

- [~35 words -- what you’d do AND why, with enough detail to be
concrete]

- [~35 words -- what you’d do AND why, with enough detail to be
concrete]

- [~35 words -- what you’d do AND why, with enough detail to be
concrete]

- [~35 words -- what you’d do AND why, with enough detail to be

concrete]
[SXN1

Approach section should be ~140 words total. This is where the substance
lives -- each bullet should explain what you’d do, why that design
choice matters, and where the hard parts are. Technical specifics where
load-bearing. No arbitrary precision (don’t commit to "120 scenarios"
unless the number matters). The research question sets up what you’re
asking; the approach shows you’ve thought hard about how to answer it.

<idea_constraints>

- No deep mechanistic interpretability (SAEs, circuit analysis, etc.) as
that is handled by another team

- Each idea must be completely self-contained. Do not reference other
ideas in the set (e.g., "unlike idea A" or "complementing idea B"). A
reader will see each idea independently.

</idea_constraints>

## Thinking notes

Ensure to have thought about why the ideas you propose are promising,
and where the uncertainties are. But these don’t need to be in the
output, use the output to convey the technical information.

Be epistemically reasonable throughout -- don’t be sales-y. (You should
repeat this to yourself early in your thinking)

**Before writing your final output, re-read the "Common Failure Modes to
Avoid" section from the system prompt and check each of your four ideas
against every single one.** This is not optional. In particular, check:
Am I organizing anything by inventing categories or numbered conditions?
If so, rewrite it. Does each idea directly answer the prompt? Is the
approach specific or generic? Am I handwaving past the hard part? Would
a skeptic know what to do differently based on my results?

# The Brainstorming Prompt
{brainstorming_prompt}

G.4 CONTEXT-PAPERS PREAMBLE

In 15 of the 20 brainstorming rollouts per prompt, summaries of relevant Al safety papers
are prepended with the following preamble (the remaining 5 rollouts run without paper
context, to vary the in-context material across rollouts).

Here are some additional potentially relevant information based on the
brainstorming prompt that you are responding to. Some of this context is
older; some of this context may be newer. As a rough heuristic, things
from 2025 are still relevant; things earlier than that are most likely
irrelevant in total, but there might still be aspects of these that are
still useful for idea generation.
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You should be very aware of the limitations of a lot of these works; all

of them have weaknesses. These were just done by humans with a bunch of

constraints at the time, and you should not view it as someone has

marked this territory, but rather someone has done this work, has got

some results, and to do relevant work you want to be aware of the space

of things that people are trying, the results that they have, the

context in which those results were taken. Don’t over-focus on any of

the statistics. What you kind of care more about is the limitations of

the works, and here are some possible sources of limitatioms:

- Certain things were done ages ago with weak models.

- Certain things were only done in specific environments, not others
that we may care more about.

- Certain aspects of particular papers were done quickly. Maybe they
were operating under a slightly smaller potential budget, or they were
looking at things from a quite different angle.

G.5 ProprosaL FILTERING

You are completing a research proposal evaluation across
{num_prompts} brainstorming prompts. Each prompt has 4 research
idea proposals (A, B, C, D) from a single generation run.

Rate and rank all ideas.

{questions_block}
## How to Approach This

**Read all ideas for each prompt before rating any of them.x*x*
Then compare across prompts to ensure consistent standards.

**xRate each idea on its own merits.** The question is always:
"Does this proposal contain specific insights and design choices
that demonstrate real understanding of what makes this problem
hard?"

**Actively compare against the grade-5 calibration proposals in
your system prompt.** For any idea you’re considering rating 4+,
identify the closest grade-5 analogue and articulate what the
generated idea is still missing.

## Rating Scale

- *x1x*%: Not a real project, doesn’t answer the prompt, or
incoherent

- **2x*x: Engages with the right problem space but fails to make
it concrete

- **3x*: Reasonable direction, but approach is generic

- *x4x%: Contains a specific insight that demonstrates real
understanding of what makes this problem hard

- *xb%*: AFP-mentor quality -- clearly promising, approach
teaches you something about the problem

## CRITICAL: Score Distribution Calibration

Your scores across ALL {num_ideas} ideas should approximately
match this distribution:

{distribution_text}

This means most ideas should receive 1s and 2s. A score of 3

means genuinely good. A score of 4 is rare. 5s should
essentially never appear.
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## Output Format

Output a single JSON object with evaluations, ratings,
rankings, pairwise comparisons, and notes per idea.

G.6 QuALITY PROXY SCORING

You are ranking 4 brainstormed research proposals by their
similarity to real AFP proposals in your system prompt (under
<grade_5_proposals>) .

<prompt id="{prompt_id}" run="{run_idx}">
{prompt_text}
</prompt>

<ideas>
{ideas_text}
</ideas>

## Similarity Scale

- **bx*x: Same core insight and project direction, just phrased
differently. An AFP mentor would say "these are the
same project."

- *x4x%: Right research direction -- clearly heading toward the
same goal as an AFP proposal, but missing a key insight

- *x3%%: Similar sub-area, overlapping concerns, but different
core research questions or approaches

- *x2%%: Same broad area, but different sub-topics and research
questions

- *x1x%x: Different broad area of AI safety entirely. No
meaningful overlap with any AFP proposal.

## How to Approach This

Read all 4 ideas, then compare each against the AFP proposals.
Focus on core research direction, not surface wording.

Be strict with high scores.

## Output

Output a single JSON object with rankings, ratings, pairwise
comparisons, and closest AFP proposal per idea.

G.7 PROPOSAL POLISHING

Here is a research idea that I think is pretty good but could be
improved. I think it is missing some research taste (by my tastes).
Create a better version of this, don’t make overconfident claims, don’t
become sales-y. Before you respond, make sure that you have thought
about the communication and presentation requests in the system prompt
(everything before the futurism content).

This idea was generated in response to the following brainstorming
prompt:

<brainstorming_prompt>
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{prompt_text}
</brainstorming_prompt>

<areas_of_ai_safety>
{areas_of_ai_safety}
</areas_of_ai_safety>

<research_idea>
{11lm_idea}
</research_idea>

Write an extended, better version of this idea. The idea already has a
Research Question -- examine whether it’s the right question or if a
sharper, more falsifiable version exists. Consider:

- Is the question getting at the core of what matters, or is it slightly
off-angle? Sometimes the research question that sounds interesting
isn’t the one that produces the most useful empirical result.
Backwards chain from "what would change a real decision?" to find the
right question.

- Does the approach actually answer the question? If the question asks
"does X hold?" but the approach only measures Y and hopes it
correlates, that’s a gap.

- Where are the hard parts the original is handwaving past? Name them
explicitly and sketch how to handle them.

- Are the design choices in the approach load-bearing, or are they
arbitrary? Each bullet should have a reason.

Expand the idea to ~400-500 words with deeper thinking on the research
question, approach design, and what would make results convincing vs
inconclusive. You can explore adjacent questions if they sharpen the
core direction, but don’t lose focus. The goal is to produce raw
material that can be compressed back into a tighter, sharper version of
the original.

Compress improved idea into the following format -- keep the most
important content without being vague or confusing. The improved idea
should be understandable as a self-contained piece, comparable against
other ideas. Think deeply about what to include and how to communicate
it, thinking back to the communication guidance in the system prompt
before the futurism content.

## Output Format

## [Letter]: [Titlel
**Problem:**x [~20 words, information dense & direct]

**Research Questions:*x*
1. x*[Conversational question]?#* [1-2 sentences, <40 words]
2. x*x[Conversational question]?x* [1-2 sentences, <40 words]

Research questions should use pointed, conversational language -- the
kind of thing you’d actually say in a research meeting. Not
"characterise the relationship between X and Y" but "does X actually
hold up when you do Y?" or "how much does Z matter for W?". They should
feel like someone genuinely curious, not writing an abstract.

x*Deliverable:** [<40 words -- technique / tool / dataset / better
understanding, can have multiple]
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**xApproach : *x*
- [bullet]
- [bullet]
- [bullet]
- [bullet]

Approx 100 words total across approach bullets. Each bullet should
convey what you’d do AND why that design choice matters. Include
technical specifics where they’re load-bearing (e.g. "open-weight models
because we need activation access" not "Llama 3.3 8B and Qwen3 8B").

Fold in key technical details and assumptions -- if a step has a hard
part, name it. Avoid arbitrary precision -- don’t commit to specific
counts (e.g. "120 scenarios", "5K pairs") unless the number itself is

the point. The approach should read like someone explaining their plan
to a colleague, not like a methods section.

## Constraints

- 200-250 words total (excluding the title line)

- Do not add month-by-month timelines

- Do not be sales-y or make overconfident claims

- Do not include a separate "Technical details" or "Key uncertainties"
section -- fold those into the approach bullets or research questions
where they naturally fit

The best of the 10 expand-compress variants per proposal is selected with the following
prompt.

You are selecting the best version of a research proposal from {n}
candidates. All are variations on the same core idea, generated
independently.

<brainstorming_prompt>
{prompt_text}
</brainstorming_prompt>
<candidates>
{candidates_block}
</candidates>

## Selection Criteria

Pick the version that best combines:

1. **Sharp research question** -- falsifiable, gets at what actually
matters

2. *xCoherent approach** -- each step follows from the question, design
choices are load-bearing

3. *xAppropriate generality** -- broad enough to matter, specific enough

to execute. Not so narrow it’s a single experiment, not so broad it’s
a research program

4. **Good communication** -- reads like someone explaining their plan to
a colleague, not a grant application

## Output

Output a JSON object:

[N 1

json
{

"selected": <l-indexed candidate number>,

"reason": "<1-2 sentences on why this version is best>"
}
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(X4

Output the JSON and nothing else after it.
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