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Abstract

Large language models (LLMs) are increas-
ingly deployed as automated reviewers whose
numeric scores directly determine accept/reject
outcomes, yet whether those scores faithfully
reflect the models’ own critiques remains un-
derexplored. We identify threshold-alignment
failure: an LLM reviewer may clearly articu-
late serious weaknesses while still assigning
scores above the decision boundary, render-
ing its critique inconsequential. We introduce
DSAR (Dimension-Specialist Audit and Revi-
sion), a training-free protocol that decomposes
evidence elicitation across dimension special-
ists, applies severity-coded adversarial audit,
and enforces deterministic score corrections
for critical findings before thresholding. On
PropAlign-240 under a shared Qwen2.5-72B-
Instruct backbone, six standard reviewer proto-
cols keep most human-rejected proposals above
the decision threshold, yielding false-positive
rates of 89.2–100.0%. DSAR raises reject re-
call to 45.9% and achieves the lowest MAE
(0.334), with all decision-level gains statisti-
cally significant (McNemar p<0.008). Abla-
tions are consistent with severity-based audit
correction, rather than longer reasoning or ad-
ditional agents, as the main source of the im-
provement. These findings argue that LLM
reviewers should be evaluated not only by cri-
tique quality, but by whether critiques translate
into threshold-consistent decisions.

1 Introduction

Large language models (LLMs) now routinely
serve as automated reviewers and scoring agents
(Liu and Shah, 2023; Liang et al., 2024; Zheng
et al., 2023; Chan et al., 2024; Liu et al., 2023). In
many screening settings, however, the central ques-
tion is not whether a model can write a plausible
review, but whether its scores support a fixed ac-
cept/reject threshold. Once a threshold determines
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Figure 1: Threshold-alignment failure: the gap between
evidence and decision. Standard reviewer protocols
identify substantive weaknesses but still keep scores
above the accept/reject threshold, yielding 89.2–100.0%
FPR on Gold-60. DSAR closes this gap by making
CRITICAL evidence score-changing before thresholding,
raising reject recall to 45.9%.

the outcome, the reviewer becomes a decision in-
terface: critique matters only insofar as it trans-
lates into score changes that separate proposals that
should pass from those that should not.

We identify a recurring yet overlooked failure in
this role: threshold-alignment failure. An LLM re-
viewer may note superficial risk analysis or missing
technical safeguards, yet still assign a score above
the acceptance boundary—the model has recog-
nized relevant evidence, but the evidence has not
changed the decision. The failure is therefore not
a lack of critique, but a failure of critique-to-score
transfer. This failure is distinct from sycophantic
tendencies (Sharma et al., 2024) and presentation-
level judge biases (Ye et al., 2025): it is not an
agreement pattern or a surface confound, but a dis-
connect between evidence recognition and score
movement inside the review protocol.

Standard score calibration does not resolve this
failure. Post-hoc methods treat scores as glob-
ally shifted and correctable with held-out labels
(Platt, 2000; Guo et al., 2017), whereas threshold-
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alignment failure arises inside the review proto-
col: a serious weakness may be mentioned but
never made score-changing. Chain-of-thought,
self-reflection, and multi-agent debate can produce
richer rationales (Wei et al., 2022; Madaan et al.,
2023; Du et al., 2024), but they do not specify when
an identified weakness must lower a score. Addi-
tional deliberation can thus improve commentary
while leaving thresholded decisions unchanged—a
pattern we confirm empirically across six diverse
protocols.

DSAR (Dimension-Specialist Audit and Revi-
sion) is designed to make this missing link explicit.
Dimension specialists elicit evidence for comple-
mentary aspects of a proposal; an adversarial audi-
tor classifies weaknesses as CRITICAL or MINOR;
and a deterministic correction rule lowers scores
only when CRITICAL findings are present. The
goal is not additional agents per se, but to convert
severe critique into score changes before the accep-
t/reject threshold is applied. DSAR should be read
as a decision-interface intervention rather than as a
general multi-agent reasoning recipe.

We evaluate on PropAlign-240, a controlled
benchmark of 240 proposals with human-annotated
Gold-60 verdicts, using a fixed Qwen2.5-72B-
Instruct backbone, a shared threshold (τ=3.0), and
an identical evaluation pipeline. Six baseline proto-
cols yield false-positive rates of 89.2–100.0% on
human-rejected proposals; DSAR raises reject re-
call to 45.9% and achieves the lowest MAE (0.334),
with all decision-level gains statistically significant
(McNemar p<0.008). Our contributions are:

1. We identify threshold-alignment failure—a dis-
connect between evidence recognition and
score movement—as a distinct failure mode
in LLM-based screening, separate from score
miscalibration and critique-quality deficits.

2. We construct PropAlign-240, a controlled diag-
nostic testbed with adjudicated human verdicts,
and introduce DSAR, a training-free protocol
that makes severe critique score-changing un-
der a fixed threshold without requiring labeled
calibration data.

3. Ablations are consistent with severity-coded
audit correction as the main source of improve-
ment, rather than longer reasoning, extra delib-
eration, or agent count; they identify severity
detection for weak-but-present evidence as the
open frontier.

2 Related Work

LLMs as reviewers and LLM-as-judge. LLMs
are increasingly used to generate reviews, surface
technical issues, check rubric violations, and sim-
ulate feedback (Liu and Shah, 2023; Liang et al.,
2024; Jin et al., 2024; Zhu et al., 2025; D’Arcy
et al., 2024; Yu et al., 2024). In parallel, LLM-
as-judge research studies reference-free evaluation
and documents systematic biases such as position,
verbosity, and self-preference effects (Zheng et al.,
2023; Chan et al., 2024; Wang et al., 2024; Laskar
et al., 2024; Li et al., 2024b; Ye et al., 2025; Lai
et al., 2026); earlier supervised approaches focus
on review-outcome prediction (Kang et al., 2018).
Together, these lines establish that LLMs can pro-
duce plausible judgments but that their judgments
are vulnerable to known biases. Proposal screening,
however, imposes a stricter requirement: numeric
scores must remain usable under a fixed accept/re-
ject threshold. DSAR targets this decision-interface
gap, converting critique into score changes that di-
rectly affect thresholded outcomes.

Reasoning and multi-agent review protocols.
Test-time reasoning methods—including chain-of-
thought (Wei et al., 2022), self-consistency (Wang
et al., 2023), tree-of-thought (Yao et al., 2023),
self-refinement (Madaan et al., 2023), and reflexive
feedback (Shinn et al., 2023)—expand the space
of intermediate rationales. Multi-agent protocols
further introduce debate, role specialization, or
collaborative review (Du et al., 2024; Chan et al.,
2024; Li et al., 2024a; Fan et al., 2026; Jin et al.,
2024; D’Arcy et al., 2024). These approaches can
elicit richer critiques, but richer critique does not
by itself determine when a recognized weakness
should lower a score. This gap is compounded
by evidence that LLMs often cannot self-correct
without external feedback (Huang et al., 2024) and
tend toward sycophantic agreement over accuracy
(Sharma et al., 2024; Perez et al., 2023). DSAR
addresses the missing link directly: weaknesses are
audited with severity labels, and only CRITICAL

findings trigger deterministic score correction.

Calibration and thresholded decision making.
Classical calibration aligns model confidence with
observed outcomes through post-hoc correction
(Platt, 2000; Guo et al., 2017), while recent work
examines whether LLM confidence estimates and
judge score distributions remain calibrated at the
task level (Desai and Durrett, 2020; Kadavath et al.,

5562



2022; Ulmer et al., 2024; Li et al., 2025). Re-
lated factuality research likewise shows that fluent
text need not be reliable (Manakul et al., 2023;
Min et al., 2023). These approaches address relia-
bility after scores or outputs have been produced,
often requiring labeled calibration data or method-
specific correction functions. Threshold-alignment
failure arises earlier: the reviewer may already
identify relevant evidence yet leave it score-neutral.
DSAR therefore intervenes inside the review pro-
tocol rather than tuning thresholds after the fact,
producing threshold-usable scores through severity-
coded audit and deterministic correction.

3 PropAlign-240 Construction

PropAlign-240 is a controlled testbed for study-
ing threshold alignment against adjudicated human
verdicts in proposal screening. The benchmark
holds proposal distribution and evaluation condi-
tions fixed while varying only the reviewer protocol.
Controlled generation enables balanced domain–
quality cells, avoids private institutional data, and
makes quality strata and failure patterns fully re-
producible.

Benchmark structure. The benchmark contains
240 English proposals across four domains (health-
care, education, agriculture, transportation), bal-
anced over 12 domain–quality cells (4 domains × 3
quality levels × 20 proposals per cell). Candidates
were generated with GPT-4o (OpenAI, 2024) using
quality-stratified templates, then filtered for for-
mat errors, length outliers, and near-duplicates. To
reduce model-side generator–evaluator coupling,
generation, quality control, and evaluation use sep-
arate model families (GPT-4o, Claude Sonnet, and
Qwen2.5-72B-Instruct). Human verdicts, rather
than construction strata, serve as evaluation labels.
Generation templates and filtering criteria are re-
ported in Appendix F.

Gold-60 annotation. Gold-60 was formed by
stratified sampling (five per domain–quality cell,
seed 42). Five annotators each scored every pro-
posal on the four dimensions using a shared rubric
and assigned binary verdicts. Final verdicts were
determined by majority vote (Appendix F).

Gold-60 contains 23 accepts and 37 rejects.
Aggregate-score agreement is substantial (Krip-
pendorff α = 0.692, Krippendorff 2019; pairwise
Spearman ρ = 0.844; Table 1), indicating consis-
tent overall ranking across annotators. Dimension-

Statistic Value

Total proposals 240
Domains 4
Domain × quality cells 4 × 3
Proposals per cell 20
Quality levels 80 / 80 / 80
Avg. proposal length 2,642 words
Gold subset 60
Annotators 5
Gold Accept / Reject 23 / 37
Gold Accept rate 38.3%
Fleiss κ (verdict) 0.433
Krippendorff α (overall) 0.692
Pairwise Spearman ρ 0.844

Table 1: PropAlign-240 statistics and human agreement
on the Gold-60 annotation subset. Proposal length is
counted by whitespace splitting.

level α is lower (0.571 realism, 0.604 feasibility,
0.640 completeness, and 0.378 risk adjustment), so
dimension-specific analyses should be interpreted
as diagnostic. Verdict-level agreement is moderate
(Fleiss κ = 0.433; Fleiss 1971), partly because
one annotator adopted a stricter threshold (16.7%
vs. 36.7–61.7% accept rate); pairwise overall-score
correlations remain high (ρ ≥ 0.744) despite this
absolute-level variation. Majority verdicts are the
only labels used for primary decision evaluation;
the remaining 180 proposals support distributional
analyses.

4 Method

4.1 Task Formulation
Given a proposal text x, a reviewer produces four
dimension scores yd(x) ∈ [1, 5] for realism (R),
feasibility (F), completeness (C), and risk adjust-
ment (K). The overall score is the arithmetic mean
s(x) = 1

4

∑
d yd(x), and the screening decision

under threshold τ is

ẑτ (x) = I[s(x) ≥ τ ], τ = 3.0.

The operational pipeline serializes this mean to
two decimal places before metric computation and
thresholding; all reported score metrics and deci-
sions use that serialized value. The task is thresh-
olded screening: all methods produce decisions
via the same threshold, and the evaluation target
is agreement with adjudicated human verdicts ren-
dered under the same scoring interface (Section 3).

4.2 DSAR Overview
DSAR is designed to close the evidence-to-score
gap identified in Section 2: reviewer protocols of-
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ten recognize weaknesses but leave their effect on
scores implicit. The protocol separates three opera-
tions that are usually collapsed into a single review
step. First, dimension specialists elicit evidence
for complementary scoring dimensions, preventing
serious local gaps from being averaged away by a
holistic review. Second, an adversarial auditor as-
signs each identified weakness a CRITICAL or MI-
NOR severity label, making the strength of evidence
explicit and inspectable. Third, a deterministic cor-
rection rule changes scores only when CRITICAL

findings are present, ensuring that severe evidence
becomes score-changing before thresholding. The
corrected scores are then evaluated under the same
threshold as all other protocols. Figure 2 illustrates
the pipeline.

4.3 Dimension-Specialist Evidence Elicitation
DSAR partitions the four scoring dimensions
across three specialists. Each specialist reads the
full proposal but scores only its assigned dimen-
sions. The Tech-Specialist scores realism and fea-
sibility by checking methodology depth, technical
plausibility, and scope–resource alignment. The
Structure-Specialist scores completeness through
a section-coverage matrix that flags missing, thin,
or boilerplate content. The Risk-Specialist scores
risk adjustment by separating explicitly addressed
risks from omitted risks and evaluating mitigation
specificity.

Each specialist returns a structured output with
dimension scores, anchor-level labels (HIGH-
/MED/LOW), and key-evidence summaries. By
design, specialists produce grounded, dimension-
local evidence for the auditor rather than issuing
accept/reject verdicts, preserving a clean separation
between evidence elicitation and decision making.
Output schemas are in Appendix A.

4.4 Adversarial Audit with Severity Coding
The adversarial auditor inspects the proposal to-
gether with all specialist outputs. Rather than re-
placing specialist scores, it emits structured find-
ings that identify the affected dimension, severity
label (CRITICAL or MINOR), supporting evidence
span, and recommended score adjustment.

A CRITICAL finding indicates that a specialist
score is materially unsupported by the proposal—
for example, a buzzword-only methodology or a
timeline that compresses a 12-month study into 3
months. A MINOR finding records a real weakness
that should remain diagnostic rather than score-

changing. Only CRITICAL findings trigger correc-
tion; MINOR findings are preserved in the audit
trace. The severity labels are explicitly specified in
the audit interface to keep the correction logic trans-
parent and fully reproducible without training data;
complete trigger conditions are in Appendix A.

4.5 Audit-Conditioned Score Correction

Let ud denote the pre-audit specialist score for di-
mension d. Each CRITICAL finding m carries an
auditor-recommended adjustment am < 0 (typi-
cally −1.0; occasionally −1.5). Before correction,
the implementation applies a fixed schema normal-
ization ν(·) that retains canonical names and maps
the auditor aliases structure→completeness
and risk→risk_adjustment. The deterministic
correction rule then computes

pd =

M∑

m=1

I[ν(dm)=d] · I[σm=CRITICAL] · |am|,

and then applying clipping and half-step snapping,

ŷd = snap0.5
(
clip[1,5](ud − pd)

)
.

Empirically, the auditor emits 404 CRITICAL find-
ings over 240 proposals; 96.5% recommend −1.0
(390 of 404) and 3.5% recommend −1.5. Of these
findings, 335 already use canonical names and 69
use the two schema aliases above; all are normal-
ized before correction. The corrected overall score
ŝ = 1

4

∑
d ŷd is compared against τ .

This separates LLM-dependent severity detec-
tion from deterministic rule-based score correction.

4.6 Implementation Details

DSAR uses four LLM calls per proposal: three par-
allel specialist calls and one sequential audit call.
The final scores are produced by a deterministic
correction rule that preserves specialist scores by
default and lowers a dimension score by the audit-
recommended penalty only when CRITICAL evi-
dence is present. Interface schemas, parsing rules,
and the deterministic correction logic are detailed
in Appendix A.

5 Experiments

5.1 Setup, Baselines, and Metrics

All methods use the same backbone, Qwen2.5-72B-
Instruct (Qwen et al., 2025), served via vLLM with
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Backbone: Qwen2.5-72B-Instruct

Figure 2: DSAR pipeline: specialists elicit dimension-local evidence, an adversarial auditor assigns severity labels,
and a deterministic correction rule produces the final score-bearing review under a CRITICAL-only adjustment
policy.

AWQ quantization, and evaluate all 240 propos-
als in a single stochastic replicate with an 8192-
token generation cap. The shared reviewer imple-
mentations use temperature 0.1; iMAD follows its
adaptive reference implementation, using temper-
ature 0.7 for self-critique and debate agents and
0.3 for moderator/judge calls. Score-error and de-
cision metrics are computed on Gold-60. This de-
sign prioritizes protocol comparison over backbone
generality: the question is whether changing the
review interface changes threshold behavior when
model capacity is fixed. As a robustness check,
Section 5.5 re-runs the same method family on
LLaMA-3.3-70B-Instruct and Gemini-3-Flash un-
der matched Gold-60 evaluation conditions and
finds that DSAR remains competitive across back-
bones.

Baselines and fairness controls. We compare
DSAR with six reviewer protocols: Single-Agent,
Self-Reflection (Madaan et al., 2023), CoT-Agent
(Wei et al., 2022), MAD (Du et al., 2024), AgentRe-
view (Jin et al., 2024), and iMAD (Fan et al., 2026).
All produce the same four dimension scores, over-
all score, and binary verdict under a shared rubric
(1–5 scale, common anchors, and structured output
schema); the prompts request 0.5-step scores. Nu-
meric baseline outputs are range-validated but are
not post-hoc rounded. DSAR’s deterministic cor-

rection explicitly snaps its score-bearing outputs
to the nearest 0.5. Baselines have full access to
penalize identified weaknesses, but their critique-
to-score revision remains implicit. DSAR differs in
making the evidence-to-score link explicit through
severity-coded audit and deterministic correction.

Three controls keep the comparison aligned: all
methods share the backbone, generation cap, scor-
ing rubric, and decision rule (nominal call budgets
are shown in Table 2); a shared schema places all
scores on the same scale; and decisions are com-
puted from numeric scores under the shared thresh-
old, not from model-written verdict text. The Gen-
eralist + Audit Correction ablation (Table 3) iso-
lates the effect of explicit correction by replacing
specialists with a single generalist while retaining
the same audit and correction rule.

Threshold and metrics. The shared threshold
τ=3.0 is the unified decision boundary for all meth-
ods, aligned with the rubric rule that proposals av-
eraging below 3.0 are rejected; no method-specific
tuning is used. Primary labels are adjudicated hu-
man verdicts incorporating dimension-level vetoes;
decision metrics measure agreement with holistic
human judgments. Score-threshold labels serve
as a robustness check (Appendix Table 21). We
report decision accuracy, balanced accuracy, re-
ject recall, FPR, MAE, and accept rate. Shift de-
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notes the difference from the Gold-60 human mean
(µGT=3.110), used as a score-level bias diagnostic.
We emphasize reject-oriented metrics; Wilson CIs
are in Appendix C.8.

5.2 Main Results
Despite spanning single-agent, self-reflection,
chain-of-thought, and multi-agent debate formats,
the six baselines converge to the same decision be-
havior: they keep most scores above the threshold
and produce false-positive rates of 89.2–100.0%
on human-rejected proposals (Table 2). Because
DSAR uses the same backbone yet raises reject re-
call to 45.9%, the evidence suggests that the back-
bone can often identify relevant weaknesses—what
differs is whether identified weaknesses are trans-
lated into score changes that cross the decision
boundary. This pattern holds under both adjudi-
cated verdicts and alternative score-threshold labels
(Appendix Table 21).

DSAR raises reject recall to 45.9% (17/37), im-
proves balanced accuracy to 70.8%, and achieves
the lowest MAE (0.334); the most robust gain is in
thresholded decision behavior rather than overall
score error, driven by making CRITICAL audit ev-
idence score-changing before thresholding. Error
analysis reveals that the remaining false positives
concentrate in the medium stratum, where weak-
nesses are present but superficially plausible and
human annotators themselves show the lowest inter-
rater agreement (Section 6.1).

5.3 Ablation: What Mechanism Produces the
Gain?

Table 3 tests whether DSAR’s gains come from
specialist decomposition, audit-conditioned correc-
tion, severity coding, or simply additional com-
putation. Three deterministic ablations apply al-
ternative aggregation or correction rules to DSAR
intermediate outputs: w/o Audit uses the snapped
specialist bases, w/o Severity applies a uniform
−0.5 penalty to every normalized audit finding,
and Score Smoothing assigns every dimension the
snapped mean specialist score. Generalist + Audit
evaluates the two-call DSAR variant.

The largest drop occurs when the adversarial
audit is removed: reject recall falls from 45.9% to
10.8%, showing that specialist decomposition alone
does not fix threshold alignment. The Generalist
+ Audit Correction variant—replacing specialists
with a single generalist while retaining the same
audit and correction rule—reaches 29.7% reject re-

call, far above baselines (0–10.8%) but below full
DSAR (45.9%). This indicates that even a general-
ist’s output contains weakness evidence sufficient
for audit-triggered correction; the bottleneck in
standard protocols is the implicit critique-to-score
link, not the backbone’s capacity to identify weak-
nesses.

Severity coding provides the next decision-
relevant gain. Removing the CRITICAL/MINOR

distinction reduces reject recall from 45.9% to
40.5%. Score smoothing performs worst: averag-
ing specialist outputs without severity-coded audit
nearly eliminates rejection (2.7%), showing that
soft aggregation does not substitute for gated cor-
rection. The correction step itself is deterministic:
the final scores are produced by the fixed CRIT-
ICAL-only rule with no LLM moderator call, so
the reported pipeline uses four LLM calls (three
specialists and one auditor).

Overall, the ablations support the intended mech-
anism: DSAR improves threshold behavior primar-
ily through severity-coded, audit-conditioned cor-
rection, with specialist decomposition providing
better evidence for the auditor. We further discuss
the relation between DSAR and label-dependent
calibration in Appendix E.7.

5.4 Cross-Dataset Transfer Check
To assess transfer beyond PropAlign-240, we eval-
uated all seven methods on Exposia (Zyska et al.,
2026), a public dataset of 55 real student draft ex-
posés. Each exposé received two instructor assess-
ments under the same 36-criterion rubric: one dur-
ing the course (Group 1) and a second after the
course (Group 2) for inter-rater analysis. Because
this scoring ontology differs from PropAlign’s, we
first measured continuous-score agreement against
the mean of the two instructor totals derived from
the released criterion-level scores. The Human–
human row in Table 4 reports agreement between
these two assessments and serves as an inter-rater
reference.

Reviewer interfaces were adapted to Exposia’s
rubric while retaining the corresponding method
structures and shared calibration protocol used on
PropAlign-240, without tuning on Exposia labels.
DSAR achieved the lowest MAE and RMSE, while
its Pearson and Spearman correlations approached
the Human–human reference. Relative to iMAD,
the reductions in MAE and RMSE were significant
(p<0.001). The Pearson and Spearman differences
were positive but not significant, and the ICC dif-
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Method Calls RMSE↓ MAE↓ Shift DecAcc↑ BalAcc↑ RejRec↑ FPR↓ Ac%60 Ac%240

Human reference∗ — — — — 100.0%∗ 100.0%∗ 100.0%∗ 0.0%∗ 38.3% —

Single-Agent 1 0.604 0.497 +0.482 40.0% 51.4% 2.7% 97.3% 98.3% 96.2%
Self-Reflection 3 0.503 0.407 +0.299 40.0% 51.4% 2.7% 97.3% 98.3% 93.8%
CoT-Agent 1 0.675 0.520 +0.481 40.0% 51.4% 2.7% 97.3% 98.3% 98.3%
MAD 4 0.731 0.566 +0.509 40.0% 51.4% 2.7% 97.3% 98.3% 98.3%
AgentReview 4 0.785 0.616 +0.590 38.3% 50.0% 0.0% 100.0% 100.0% 100.0%
iMAD 5 0.616 0.503 +0.158 43.3% 53.2% 10.8% 89.2% 91.7% 95.8%
DSAR (Ours) 4 0.412 0.334 +0.010 65.0% 70.8% 45.9% 54.1% 70.0% 71.7%

Table 2: Main results on Gold-60 (n=60; 23 accept, 37 reject) using Qwen2.5-72B-Instruct and the shared threshold
τ=3.0. The italicized Human reference row reports oracle decision metrics and the human accept rate on Gold-60
only; RMSE, MAE, Shift, and Ac%240 are undefined because humans define the evaluation reference and only
Gold-60 was manually scored. Ac%60 is the accept rate on Gold-60 under each method’s final decision; Ac%240 is
the accept rate over all 240 proposals and is used only as a distributional diagnostic. Bold marks best values; for
the accept-rate columns, best means closest to the human accept rate (38.3%). DSAR differs significantly from all
baselines on thresholded decisions (McNemar p<0.008; Appendix Table 14).

Variant Calls DecAcc↑ BalAcc↑ RejRec↑ FPR↓ Ac%60

DSAR (main) 4 65.0% 70.8% 45.9% 54.1% 70.0%
Generalist + Audit Corr. 2 56.7% 64.9% 29.7% 70.3% 81.7%
w/o Adversarial Audit 3 45.0% 55.4% 10.8% 89.2% 93.3%
w/o Severity Distinction 4 61.7% 68.1% 40.5% 59.5% 73.3%
w/ Score Smoothing 3 40.0% 51.4% 2.7% 97.3% 98.3%

Table 3: DSAR ablations on Gold-60 under the listed call budgets. Ac%60 is the Gold-60 accept rate.

ference was positive and marginal under the paired
permutation test (p = 0.060). Together, these re-
sults show that DSAR’s lower score error extends
to a distinct rubric, document type, and scoring
scale. We next ask whether the methods’ scores
also separate lower- from higher-scoring exposés
under a common split. Appendix C.7 evaluates
this question using the reference median and three
alternative shared cutoffs.

5.5 Cross-Backbone Validation
The main experiments fix Qwen2.5-72B-Instruct
to isolate protocol effects from backbone ca-
pacity (Section 5.1). To test whether DSAR’s
evidence-to-score correction is specific to that
backbone, we re-run the same seven-method fam-
ily on two additional backbones—LLaMA-3.3-
70B-Instruct-AWQ and Gemini-3-Flash-Preview—
under matched conditions: the same Gold-60 sub-
set and five-annotator ground truth (GT overall
= mean over annotators of the four dimension
means), the same metrics, the same operational
threshold τ=3.0, and the same predicted-verdict
rule (s ≥ 3.0, with no per-quality, filename, or
human-label correction).

LLaMA-3.3-70B. On LLaMA-3.3-70B (Ta-
ble 5), the baselines are less uniformly over-
accepting than on Qwen: Single-Agent already
reaches 48.6% reject recall. Even so, DSAR at-

tains the lowest RMSE (0.499) and MAE (0.425),
the highest reject recall (62.2%), the lowest FPR
(37.8%), and the accept rate closest to the human
reference (53.3% vs. 38.3%, against 70–90% for
the baselines), while matching the best decision ac-
curacy (68.3%, tied with Single-Agent). Its score
Shift (−0.197) is among the smallest in magnitude,
indicating it neither systematically over- nor under-
scores. Single-Agent edges DSAR on balanced ac-
curacy (74.3% vs. 70.2%) because it accepts every
human-accepted proposal; DSAR instead rejects
more genuinely weak proposals (RejRec 62.2%
vs. 48.6%) at a small cost in accept-side recall—
the screening-relevant trade-off emphasized in Sec-
tion 6.1.

Gemini-3-Flash. On Gemini-3-Flash (Table 5),
DSAR leads on every score-error and accuracy met-
ric: the lowest RMSE (0.421) and MAE (0.338),
the highest decision accuracy (80.0%) and balanced
accuracy (82.1%), and the accept rate closest to
the human reference (51.7% vs. 38.3%), with re-
ject recall 73.0% and FPR 27.0%. iMAD records
nominally higher reject recall (91.9%) and lower
FPR (8.1%), but this reflects indiscriminate over-
rejection rather than calibrated screening: it ac-
cepts only 15.0% of Gold-60 and incurs by far
the worst score error (RMSE 1.064, MAE 0.920).
DSAR instead combines strong reject recall with
the lowest score error, separating weak from strong
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Method Pearson↑ Spearman↑ MAE↓ RMSE↓ ICC (2,1)↑
Human–human∗ 0.481 0.449 6.764 8.695 0.358

Single-Agent 0.039 −0.066 12.691 13.895 0.078
Self-Reflection 0.154 0.165 12.655 13.849 0.080
CoT-Agent 0.434 0.291 12.327 13.441 0.096
MAD 0.155 0.150 12.673 13.864 0.080
AgentReview 0.186 0.066 11.345 12.639 0.095
iMAD 0.277 0.325 6.855 8.623 0.178
DSAR (Ours) 0.467 0.442 4.891 6.275 0.270

Table 4: Zero-shot transfer on Exposia draft exposés under the dataset’s native rubric (n=55). The italicized
Human–human row reports inter-rater disagreement, not model error. Paired significance tests are in Appendix
Table 18.

Method Calls RMSE↓ MAE↓ Shift DecAcc↑ BalAcc↑ RejRec↑ FPR↓ Ac%60

Human reference∗ — — — — 100.0%∗ 100.0%∗ 100.0%∗ 0.0%∗ 38.3%

(a) LLaMA-3.3-70B-Instruct-AWQ
Single-Agent 1 0.768 0.671 +0.671 68.3% 74.3% 48.6% 51.4% 70.0%
Self-Reflection 3 0.511 0.428 −0.189 66.7% 73.0% 45.9% 54.1% 71.7%
CoT-Agent 1 0.830 0.742 +0.735 60.0% 67.6% 35.1% 64.9% 78.3%
MAD 4 0.540 0.468 +0.453 51.7% 60.8% 21.6% 78.4% 86.7%
AgentReview 4 0.698 0.620 +0.617 48.3% 58.1% 16.2% 83.8% 90.0%
iMAD 5 0.737 0.604 +0.381 48.3% 56.5% 21.6% 78.4% 83.3%
DSAR (Ours) 4 0.499 0.425 −0.197 68.3% 70.2% 62.2% 37.8% 53.3%

(b) Gemini-3-Flash-Preview
Single-Agent 1 0.662 0.603 +0.572 53.3% 62.2% 24.3% 75.7% 85.0%
Self-Reflection 3 0.474 0.374 −0.091 78.3% 81.6% 67.6% 32.4% 56.7%
CoT-Agent 1 0.646 0.590 +0.574 48.3% 58.1% 16.2% 83.8% 90.0%
MAD 4 0.622 0.561 +0.539 45.0% 55.4% 10.8% 89.2% 93.3%
AgentReview 4 0.699 0.655 +0.655 50.0% 59.5% 18.9% 81.1% 88.3%
iMAD 5 1.064 0.920 −0.889 66.7% 59.0% 91.9% 8.1% 15.0%
DSAR (Ours) 4 0.421 0.338 −0.156 80.0% 82.1% 73.0% 27.0% 51.7%

Table 5: Cross-backbone results on Gold-60 (n=60; 23 accept, 37 reject) with the (a) LLaMA-3.3-70B-Instruct-
AWQ and (b) Gemini-3-Flash-Preview backbones under the shared threshold τ=3.0. DSAR uses the same four-call
deterministic configuration as the main experiments (§4.5). The italicized Human reference reports oracle decision
metrics and the Gold-60 accept rate; its RMSE/MAE/Shift are undefined. Bold marks the best non-human value per
column within each backbone panel; for Ac%60, best means closest to the human accept rate (38.3%).

proposals rather than rejecting wholesale. Self-
Reflection is also competitive on this backbone (De-
cAcc 78.3%), but DSAR remains ahead on RMSE,
MAE, decision accuracy, and balanced accuracy.
Under identical Gold-60, metrics, threshold, and
method family, this indicates that severity-coded,
audit-conditioned correction transfers across model
families and is not an artifact of the Qwen back-
bone, complementing the cross-dataset transfer ev-
idence on Exposia (Section 5.4).

6 Analysis

6.1 Decision Behavior by Quality Stratum

DSAR is most effective when the evidence gap
is explicit. On the low construction stratum, it
correctly rejects 70% of human-rejected proposals
(14/20), compared with 0–15% for the baselines;
on the high stratum, all methods correctly accept.
The medium stratum remains the most challenging
region for all automated methods: most human-

rejected medium proposals in Gold-60 are not cor-
rected below threshold (Appendix Figure 7, left; an-
notator issue types in Table 24), consistent with this
stratum’s borderline human agreement and the in-
herent difficulty of distinguishing thin-but-present
content from substantive evidence.

DSAR accepts 22 of 23 human-accepted propos-
als (FN = 1), and this low false-negative rate should
not be read as auditor leniency. Among these 22
correctly accepted proposals, 54.5% receive at least
one risk-adjustment CRITICAL, 54.5% a complete-
ness CRITICAL, and 18.2% a realism CRITICAL

after dimension-name normalization. They remain
above τ=3.0 because the corrections are not large
enough to overcome their score buffer. DSAR
therefore does not reject whenever it finds flaws;
it changes a decision only when severe evidence
exceeds that buffer, which distinguishes it from a
naive strict-scoring strategy.

This pattern clarifies the trade-off between de-
cision improvement and dimension-level calibra-
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tion. DSAR achieves the lowest overall MAE in
the main comparison (Table 2); paired tests show
significant improvements over five of six baselines,
with Self-Reflection not reaching significance (Ap-
pendix Table 15). Because CRITICAL findings con-
centrate in completeness and realism, targeted cor-
rections improve threshold behavior at the cost of
some dimension-level overcorrection relative to hu-
man annotations. The overall gain arises because
baselines systematically over-score weak propos-
als, while DSAR’s corrections move more rejected
proposals below the threshold. For screening, this
trade-off is favorable.

6.2 Characterizing the Weak-but-Present
Evidence Frontier

DSAR does not solve threshold alignment uni-
formly; rather, it reveals where the remaining diffi-
culty lies: weak-but-present evidence that satisfies
surface coverage while failing substantive support.

The medium-stratum failures are mostly weak-
but-present cases. These proposals contain the ex-
pected section or a plausible phrase, but the con-
tent is too thin to support the score. For example,
a “Risk Analysis” section may list several risks
with generic mitigations such as “we will monitor
progress closely”, which satisfies a surface-level
check while providing no actionable contingency
plan.

These cases expose three distinct capabilities:
mentioning a weakness, treating it as score-
relevant, and making it threshold-changing. In our
experiments, the auditor consistently achieves the
first step but does not consistently reach the sec-
ond or third, tending to classify weak-but-present
evidence as MINOR rather than CRITICAL. This
pattern points to severity detection—rather than
penalty magnitude—as the key open challenge.
DSAR performs well on missing evidence and ex-
plicit contradictions; the remaining frontier is dis-
tinguishing formally complete but substantively
inadequate sections. Appendix Table 23 supports
this interpretation: larger penalties reduce some
medium false positives but do not address the core
issue.

6.3 Why Post-hoc Threshold Tuning Is Not a
Substitute

Some baselines can be partially rescued by shift-
ing the threshold, but this requires labeled cal-
ibration data and yields method-specific bound-
aries. Around the predefined operational threshold

(τ ∈ {2.75, 3.00, 3.25}), DSAR leads all baselines
at every setting (Appendix Table 17), indicating
that its advantage is not an artifact of the specific
τ=3.0 boundary. Screening systems typically re-
quire a shared operational threshold aligned with
the rubric, not per-method tuning; DSAR changes
scores before thresholding, making the same thresh-
old more usable across protocols.

This distinction also explains why MAE alone is
insufficient. Self-Reflection’s overall MAE is not
significantly different from DSAR’s (p = 0.081;
Appendix Table 15), yet it rejects only 1 of 37
human-rejected proposals versus 17 for DSAR. Its
errors are predominantly upward, so average score
error can remain moderate while threshold behav-
ior degrades. Decision-level metrics are therefore
essential for evaluating LLM reviewers as screen-
ing interfaces.

7 Conclusion

This paper identifies and addresses threshold-
alignment failure in LLM-based proposal screen-
ing: models produce substantive critiques while
keeping scores above a fixed accept/reject bound-
ary, rendering those critiques inconsequential for
the decision. The underlying cause is an implicit
evidence-to-score link inside the reviewer proto-
col, distinct from score miscalibration or critique-
quality deficits.

DSAR closes this gap by converting severe
audit evidence into deterministic score correc-
tions before thresholding. On PropAlign-240, six
common reviewer protocols yield false-positive
rates of 89.2–100.0% on human-rejected propos-
als, whereas DSAR raises reject recall to 45.9%
with all decision-level gains statistically significant.
Ablations are consistent with severity-coded, audit-
conditioned correction as the main source of this
improvement rather than longer reasoning chains
or additional agents.

Our analysis further identifies severity detection
for weak-but-present evidence as the primary open
frontier for future protocol design. More broadly,
these results argue that LLM reviewer protocols
should be evaluated not only by critique plausibil-
ity but by whether critiques translate into threshold-
consistent decisions—a criterion that current evalu-
ation practice largely overlooks.
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Limitations

A key challenge of DSAR lies in identifying when
formally present evidence is still substantively in-
adequate. Although the auditor often detects miss-
ing sections, explicit contradictions, and unsup-
ported score assignments, medium-stratum pro-
posals often contain plausible but thin descrip-
tions that satisfy surface-level coverage while fail-
ing to provide actionable support. More effec-
tive ways to represent evidence strength—for ex-
ample through stricter grounding requirements,
finer-grained severity criteria, or learned severity
classifiers—may further improve threshold align-
ment in such borderline cases. Human agreement
is also uneven across dimensions (risk-adjustment
α = 0.378), so the dimension-level error analy-
sis is diagnostic rather than a strong claim about
fine-grained label reliability. In addition, each pro-
tocol is evaluated with a single stochastic replicate;
paired tests quantify sampling uncertainty across
proposals. PropAlign-240 is a controlled synthetic
testbed whose balanced domain–quality structure
makes over-acceptance observable, but real review
settings may involve more heterogeneous rubrics,
genre conventions, and institutional decision rules.

Ethical Considerations

All proposals in PropAlign-240 are fully synthetic
and contain no real student, instructor, or institution
identifiers; team and advisor fields are synthetic
placeholders (Appendix F). The Gold-60 ratings
were contributed by five annotators who partici-
pated voluntarily and gave informed consent for
their annotations to be used in this study; the anno-
tations were collected anonymously and record no
personal information about the annotators.

DSAR is intended as a screening aid rather than
a replacement for human review. Because the pro-
tocol converts audit evidence into score corrections
that can change accept/reject outcomes, we do not
recommend using it as the sole basis for consequen-
tial decisions about real proposals; final decisions
should remain with human reviewers, with model
outputs treated as inspectable evidence rather than
verdicts.
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A Prompt Schemas and Output Handling

This appendix specifies the prompt interfaces used
in the experiment implementation. Rather than
reproducing every long instruction verbatim, we
report field-complete schemas and compact role
specifications that make the protocol reproducible
while avoiding near-duplicate prompt prose. The
appendix follows the same evidence-to-score path-
way used in the main paper: all methods first map
proposals into a shared reviewer interface; DSAR
then adds specialist evidence elicitation, severity-
coded audit, and deterministic correction. All meth-
ods were required to return parseable JSON, and
the same parser and normalization rules were ap-
plied across methods.

A.1 Shared Output Format
The prompt-based baselines use a shared target
schema, and DSAR normalizes its final output into
the same four dimension scores and overall deci-
sion fields. This shared interface ensures that all
protocols are evaluated on the same score scale and
decision rule; DSAR differs only in how the scores
are produced before normalization. Table 6 sum-
marizes the shared interface and DSAR role split;
detailed prompt tables follow below.

Shared Review Schema

Use. Common target JSON returned by the baseline
reviewer protocols.
Normalization. DSAR uses specialist-specific inter-
mediate schemas but maps them back to this shared
final interface.

JSON SCHEMA

{
"validity_screen": {
"verdict": "accept or reject",
"checks": {
"structural_completeness": true,
"domain_plausibility": true,
"internal_consistency": true,
"student_naturalness": true,
"risk_awareness": true,
"appropriate_weakness": true
},
"reject_reasons": []
},
"scores": {
"realism": {
"score": X,
"justification": "..."
},
"feasibility": {
"score": X,
"justification": "..."
},
"completeness": {
"score": X,
"justification": "..."
},
"risk_adjustment": {
"score": X,
"justification": "..."
}

},
"overall": {
"verdict": "accept or reject",
"justification": "..."
},
"issue_tags": [],
"key_issues": [],
"confidence": {
"score": X,
"justification": "..."
}
}

Table 7: Shared JSON schema used by all baseline
reviewers and by the final normalized DSAR output.

For readability, the schema names the ini-
tial precheck validity_screen; the implemen-
tation maps it to realism_screen, which is dis-
tinct from the realism dimension score under
scores.realism.

A.2 DSAR Tech Specialist Prompt
DSAR Tech Specialist Prompt

Purpose. The Tech Specialist localizes evidence for
realism and feasibility before any verdict is produced.
Input. Proposal text, proposal ID, and the realism
checklist.

OUTPUT SCHEMA

{
"specialist": "tech",
"realism": {
"criterion_checks": [
"R1: ...",
"...",
"R5: ..."
],
"anchor_match": "HIGH|MED|LOW",
"score": X,
"key_evidence": "..."
},
"feasibility": {
"criterion_checks": [
"F1: ...",
"...",
"F5: ..."
],
"anchor_match": "HIGH|MED|LOW",
"score": X,
"key_evidence": "..."
}
}

INSTRUCTION SUMMARY
Role. TECHNICAL specialist for undergraduate inno-
vation project review.
Scope. Score only Realism and Feasibility; do not
score other dimensions.
Realism checks. Inspect naturalness, scope plausibil-
ity, six realism checklist items, anchor match, and final
score.
Feasibility checks. Inspect methodology depth, ex-
ecution path, team-task match, resource availability,
anchor match, and final score.
Output constraints. Return criterion-based evidence
checks rather than free-form reasoning, use HIGH-
/MED/LOW anchors, return JSON only, and omit mark-
down fences.
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Shared Reviewer Output Interface

USE
Common target JSON returned by the baseline reviewer
protocols. DSAR normalizes its final output back into
the same interface.

COMPACT SCHEMA

{
"validity_screen": {...},
"scores": {
"realism": {"score": X, "just.": "..."},
"feasibility": {"score": X, "just.": "..."},
"completeness": {"score": X, "just.": "..."},
"risk_adjustment": {"score": X, "just.": "..."}
},
"overall": {...},
"issue_tags": [],
"key_issues": [],
"confidence": {...}
}

NORMALIZATION
The implementation maps validity_screen to
realism_screen.

DSAR Prompt Design Overview

ROLE SPLIT
Tech. Scores only Realism and Feasibility and returns
criterion checks with key evidence.
Structure. Scores only Completeness using a section
matrix and consistency checks.
Risk. Scores only Risk_Adjustment using mentioned
and omitted risks.
Auditor. Does not re-score; emits CRITICAL or MI-
NOR findings with recommended adjustments.
Finalizer. A deterministic correction rule produces the
final scores under a fixed Critical-only adjustment pol-
icy: it starts from the specialist scores and applies the
audit-recommended penalty only for CRITICAL find-
ings. No LLM call is used in this step.

CORRECTION POLICY

Only CRITICAL findings change scores.
Use the auditor's negative recommended_adjustment.
Typical adjustment: -1.0.
Severe adjustment: -1.5.
Sum CRITICAL adjustments per dimension.
Clip to [1.0, 5.0].
Snap to nearest 0.5.
Ignore MINOR findings for score changes.

OUTPUT CONSTRAINT
All calls are required to return strict JSON without mark-
down fences.

Table 6: Compact overview of the shared reviewer interface and DSAR role split. The left panel shows the common
JSON target used by all protocols; the right panel shows how DSAR adds specialist evidence, severity-coded audit,
and deterministic correction.

Table 8: Tech specialist prompt schema. This role grounds
realism and feasibility scores in criterion-level technical
evidence.

A.3 DSAR Structure Specialist Prompt
DSAR Structure Specialist Prompt

Purpose. The Structure Specialist localizes evidence
for completeness through section coverage and internal
consistency checks.
Input. Proposal text and proposal ID.

OUTPUT SCHEMA

{
"specialist": "structure",
"completeness": {
"section_matrix": [
{

"section": "Title|Background|...",
"present": true,
"depth": "<depth>",
"key_content": "..."

}
],
"depth_distribution": {
"detailed": 0,
"adequate": 0,
"thin": 0,
"missing": 0
},
"consistency_issues": ["..."],
"anchor_match": "HIGH|MED|LOW",
"score": X,
"key_evidence": "..."

}
}

INSTRUCTION SUMMARY
Role. STRUCTURE specialist for undergraduate inno-
vation project review.
Scope. Score only Completeness.
Required checks. Build a section-by-section ma-
trix over Title, Background, Objectives, Methodology,
Timeline, Budget, Team, Expected Outcomes, Risk
Analysis, and References.
Consistency checks. Count depth buckets, iden-
tify boilerplate sections, and verify budget–method–
timeline consistency.
Output constraints. Match the HIGH/MED/LOW
anchor and return JSON only.

Table 9: Structure specialist prompt schema. This role
grounds completeness scores in section coverage, depth,
and consistency evidence.
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A.4 DSAR Risk Specialist Prompt
DSAR Risk Specialist Prompt

Purpose. The Risk Specialist localizes evidence for
risk adjustment by separating addressed risks from
omitted or weakly mitigated risks.
Input. Proposal text and proposal ID.

OUTPUT SCHEMA

{
"specialist": "risk",
"risk_adjustment": {
"risks_mentioned": [
{

"risk": "...",
"mitigation": "...",
"quality": "specific|vague|missing"

}
],
"risks_missing": ["..."],
"mitigation_counts": {
"specific": 0,
"vague": 0,
"missing": 0
},
"anchor_match": "HIGH|MED|LOW",
"score": X,
"key_evidence": "..."
}
}

INSTRUCTION SUMMARY
Role. RISK specialist for undergraduate innovation
project review.
Scope. Score only Risk_Adjustment.
Required checks. List risks explicitly mentioned in the
proposal, evaluate mitigation specificity, and identify
obvious omitted risks given the domain and scope.
Aggregation. Count specific, vague, and missing miti-
gations before assigning the anchor and score.
Output constraints. Match the HIGH/MED/LOW
anchor and return JSON only.

Table 10: Risk specialist prompt schema. This role
grounds risk-adjustment scores in addressed risks, omitted
risks, and mitigation specificity.

A.5 DSAR Adversarial Auditor Prompt
DSAR Adversarial Auditor Prompt

Purpose. The auditor does not re-score the proposal. It
checks whether specialist scores are unsupported by the
proposal evidence and emits severity-coded findings.
Input. The proposal text and the three specialist out-
puts.

OUTPUT SCHEMA

{
"audits": [
{

"dimension": "<dimension>",
"specialist_score": X,
"severity": "CRITICAL|MINOR",
"issue": "...",
"evidence": "...",
"criterion_met": "... or null",
"recommended_adjustment": X

}
],
"critical_count": 0,

"minor_count": 0,
"overall_calibration_check":
"<calibration label>",
"verdict_consistency_note": "..."
}

INSTRUCTION SUMMARY
Role. Audit reviewer; do not re-score the proposal.
Objective. Flag over-scored judgments and identify
which weaknesses should become score-changing evi-
dence.
CRITICAL rule. Use CRITICAL when proposal evi-
dence materially fails to support the specialist score, for
example under buzzword-only methodology, missing
required content, impossible timelines, undergraduate-
infeasible scope, unsupported HIGH anchors, boiler-
plate sections, or missed internal contradictions.
MINOR rule. Use MINOR for real weaknesses that
should remain diagnostic rather than score-changing.
Adjustment policy. Recommend -1.0 for one critical
issue and -1.5 for multiple critical issues on the same
dimension.
Output constraints. Return JSON only.

Table 11: Adversarial auditor prompt schema. The auditor
emits severity-coded findings rather than replacement
scores; recommended_adjustment supplies the penalty
magnitude consumed by the deterministic correction rule.

A.6 DSAR Deterministic Correction Rule
DSAR Deterministic Correction Rule

Purpose. The finalizer produces the final normalized
review by applying a deterministic correction rule to
the specialist scores and audit report. This step uses no
LLM call.
Input. Specialist scores, specialist key evidence, and
the audit report.

OUTPUT FORMAT
The rule produces the shared final-review schema
in Appendix A. The implementation then normal-
izes the final dimension scores into scores.realism,
scores.feasibility, scores.completeness, and
scores.risk_adjustment.

RULE SUMMARY
Default policy. Preserve specialist scores unless the
audit identifies CRITICAL evidence.
No smoothing. Do not average across specialists or
smooth scores toward a prior; score changes are audit-
conditioned.
Adjustment policy. Apply only negative
recommended_adjustment values from CRITI-
CAL findings; ignore MINOR findings for score
changes.
Canonical-name rule. Before correction, the
fixed aliases structure→completeness and
risk→risk_adjustment are normalized to the
canonical scoring dimensions. Scores are clipped to
[1.0, 5.0] and snapped to the nearest 0.5.
Verdict rule. Apply the rubric verdict rule for the
textual verdict.
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Table 12: Deterministic correction rule summary. The
reported Qwen implementation uses this deterministic
correction output as the final score-bearing review; the rule
is fully algorithmic and adds no LLM call beyond the three
specialists and one auditor.

A.7 Parser and Post-processing Rules
All reported runs use a fixed parser and post-
processing sequence. The parser removes mark-
down fences, attempts standard JSON parsing, ex-
tracts the first balanced JSON block when needed,
and applies light cleanup for smart quotes, trailing
commas, and zero-width characters. Two deter-
ministic syntax repairs address observed content-
preserving errors: lifting a misplaced key-value
pair from an array tail, and converting arithmetic-
style values such as "score": 3.0 + 0.5 = 3.5
to the final value after the last equals sign. The
external json_repair fallback was disabled in the
reported Qwen2.5 runs, so no main result depends
on that package.

At the field level, the four-call DSAR scorer as-
signs the rubric-neutral value of 3.0 when a dimen-
sion entry is not represented in canonical numeric
form. These cases are processed under the same
predefined scoring pipeline used for metric com-
putation. General score normalization constrains
numeric scores to the valid range; DSAR’s deter-
ministic correction additionally clips scores to [1.0,
5.0] and snaps them to 0.5 increments. The final
Qwen DSAR scores are then serialized to two deci-
mal places.

A.8 Example JSON Outputs
Figure 3 shows representative DSAR intermediate
outputs: a specialist evidence record and an audit
finding that triggers deterministic correction.

B Detailed DSAR Workflow

B.1 Workflow Description
DSAR implements the evidence-to-score pathway
described in the main paper. First, three special-
ists run in parallel and localize evidence for their
assigned dimensions. Second, an adversarial audi-
tor consumes the proposal and specialist outputs,
then emits CRITICAL or MINOR findings without
replacing the specialist scores. Third, a determinis-
tic correction rule reads the specialist outputs and
the audit report, then produces the final dimension
scores, overall score, and thresholded decision un-
der a fixed no-smoothing, CRITICAL-only adjust-
ment policy. This finalizer is fully algorithmic and

adds no LLM call, so the reported pipeline uses
four LLM calls in total.

B.2 Deterministic Correction Rule
For reproducibility, we restate the deterministic
correction rule in implementation-aligned notation.
Let ud = Score(H, d) be the inherited specialist
score for dimension d ∈ D, where H denotes the
specialist outputs. Each CRITICAL audit finding m
targeting dimension d carries a recommended ad-
justment am < 0; in the reported Qwen setting, the
auditor is instructed to choose from {−1.0,−1.5},
and 96.5% of the 404 observed CRITICAL adjust-
ments are −1.0 (390 findings; the remaining 14
are −1.5). Positive adjustments are zeroed, and
MINOR findings do not change scores. A fixed nor-
malization ν maps structure to completeness
and risk to risk_adjustment before score cor-
rection. The per-dimension penalty is

pd =

M∑

m=1

I[ν(dm)=d] · I[σm=CRITICAL] · |am|.

DSAR then applies bounded correction and half-
step normalization,

ỹd = clip[1,5](ud − pd), ŷd = snap0.5(ỹd).

The final overall score and operational decision are

ŝ =
1

|D|
∑

d∈D
ŷd, ẑτ = I[ŝ ≥ τ ], τ = 3.0.

In the reported traces, the auditor emits at most
one CRITICAL finding per proposal per original
dimension name; this is an observed property, not
a hard constraint.

B.3 Pseudocode
Algorithm 1 gives the deterministic correction pro-
cedure. The reported Qwen main results use the
four-call deterministic pipeline: three parallel spe-
cialist calls and one adversarial audit call, with the
final scores produced by the deterministic CRITI-
CAL-only correction rule.

B.4 Call Budget and Parallelism
DSAR uses four LLM calls in the reported Qwen
implementation: three independent specialist calls
and one adversarial audit call. The specialist calls
can be executed in parallel, while the auditor is
sequential. The final scores are produced by a
deterministic correction rule that applies audit-
recommended penalties only when CRITICAL evi-
dence is present.
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Specialist Output Example

{
"specialist": "tech",
"realism": {
"criterion_checks": [
"R1: project-specific need",
"R5: MED+0.5"
],
"anchor_match": "MED",
"score": 3.5,
"key_evidence":
"named site and team size"
},
"feasibility": {
"criterion_checks": [
"F1: methods named",
"F5: MED"
],
"anchor_match": "MED",
"score": 3.0,
"key_evidence":
"pipeline present; data access vague"
}
}

Audit and Correction Example

{
"audits": [
{

"dimension": "completeness",
"specialist_score": 3.5,
"severity": "CRITICAL",
"issue": "missing evaluation plan",
"evidence":
"one-sentence validation section",
"criterion_met":
"single-line required section",
"recommended_adjustment": -1.0

}
],
"critical_count": 1,
"minor_count": 0
}

Figure 3: Representative DSAR intermediate JSON outputs. Left: specialist evidence for dimension-local scoring.
Right: an audit finding whose CRITICAL severity triggers deterministic correction.

Algorithm 1 DSAR deterministic correction pro-
cedure. Specialists elicit dimension-local evidence;
the auditor labels findings by severity; the correc-
tion rule normalizes dimension names and converts
CRITICAL findings into score corrections before
thresholding.
Input: proposal x; dimension set D; threshold τ
Output: final scores ŷ, overall score ŝ, decision ẑτ , audit

trace A
1: htech ← TECHSPECIALIST(x)
2: hstruct ← STRUCTURESPECIALIST(x)
3: hrisk ← RISKSPECIALIST(x) ▷ parallel
4: H ← {htech, hstruct, hrisk}
5: A← AUDITOR(x,H)
6: for all d ∈ D do
7: ud ← EXTRACTSCORE(H, d)
8: pd ← 0
9: for all am ∈ A where ν(dm)=d ∧ σm=CRITICAL

do
10: pd ← pd + |am| ▷ apply CRITICAL-only penalty
11: end for
12: ỹd ← clip[1,5](ud − pd)

13: ŷd ← snap0.5(ỹd)
14: end for
15: ŝ← 1

|D|
∑

d∈D ŷd
16: ẑτ ← I[ŝ ≥ τ ]
17: return (ŷ, ŝ, ẑτ , A)

Runtime. In our local A800 deployment with
Qwen2.5-72B-Instruct, AWQ quantization, and
vLLM serving, the reported four-call DSAR run av-
erages 80.0 s per proposal. Single-Agent averages
19.4 s, CoT-Agent 22.3 s, Self-Reflection 52.5 s,
MAD 77.3 s, AgentReview 74.8 s, and iMAD
41.2 s. DSAR’s runtime reflects its specialist-audit
design and structured parsing, and should be inter-
preted alongside its decision-level gains under the

shared threshold.

C Additional Decision Analysis

Appendix C provides decision-level checks that
complement the main results. The analyses ad-
dress three questions: why several baselines have
identical binary metrics despite different contin-
uous scores, whether DSAR’s decision gains are
statistically reliable on Gold-60, and whether the
conclusion depends on a specific threshold or label-
ing convention.

C.1 Understanding the Identical Binary
Metrics

Several baselines in Table 2 have identical binary
metrics at the shared threshold τ=3.0: Single-
Agent, Self-Reflection, CoT-Agent, and MAD each
reach 40.0% decision accuracy and 2.7% reject re-
call. This does not mean the protocols behave iden-
tically. Their continuous score distributions differ,
as reflected by their MAE, RMSE, and Shift values;
however, their scores remain far enough above the
threshold that each method rejects only one of the
37 human-rejected proposals.

The rejected instances also differ. Single-Agent,
Self-Reflection, and CoT-Agent reject SYN-0143,
whereas MAD rejects SYN-0055. Thus, the base-
lines are distinct protocols, but their thresholded
outputs collapse into the same over-accepting deci-
sion pattern.

Table 13 illustrates this effect on representative
High, Medium, and Low proposals: baseline scores

5577



vary, but most remain above τ=3.0, yielding false-
positive decisions on the rejected examples. DSAR
moves the Low-quality proposal decisively below
the threshold when CRITICAL evidence is detected,
and moves the Medium-quality proposal below the
threshold as well (2.88, versus baseline scores of
3.25–3.75), the only method to match the human-
annotated reject verdict on that example.

C.2 Paired Decision Significance Tests
Gold-60 is evaluated with exact McNemar tests
because decisions are paired at the proposal level.
Table 14 shows that DSAR’s decision accuracy is
significantly higher than each baseline (p<0.008);
all six comparisons also remain significant under
Holm correction (maximum adjusted p = 0.0072).
This indicates that the decision-level gain is not
explained by paired sampling variation alone on
Gold-60.

Comparison b c McNemar p

DSAR – Single-Agent 16 1 2.75×10−4

DSAR – Self-Reflection 16 1 2.75×10−4

DSAR – CoT-Agent 16 1 2.75×10−4

DSAR – MAD 16 1 2.75×10−4

DSAR – AgentReview 17 1 1.45×10−4

DSAR – iMAD 17 4 7.20×10−3

Table 14: Exact McNemar tests for paired decision ac-
curacy on Gold-60. b counts proposals where DSAR is
correct and the baseline is wrong; c counts the reverse.
All comparisons remain significant after Holm correc-
tion.

C.3 Paired Bootstrap Confidence Intervals
Table 15 reports paired bootstrap intervals and sign-
flip permutation tests for overall MAE on Gold-60.
DSAR significantly lowers overall MAE against
five of six baselines, while the improvement over
Self-Reflection is not significant.

Baseline MAED MAEB ∆ 95% CI p

Overall score
Single-Agent .334 .497 −.164 [−.260, −.067] .002
Self-Reflection .334 .407 −.073 [−.152, +.007] .081
CoT-Agent .334 .520 −.186 [−.302, −.071] .003
MAD .334 .566 −.233 [−.353, −.112] <.001
AgentReview .334 .616 −.282 [−.408, −.156] <.001
iMAD .334 .503 −.169 [−.273, −.067] .003

Table 15: Paired tests for overall MAE on Gold-60
(n=60; B=10,000). ∆ = MAEDSAR −MAEbase; neg-
ative values favor DSAR. CIs use percentile bootstrap
intervals, and p-values use two-tailed sign-flip permuta-
tion tests. DSAR significantly improves overall MAE
against five of six baselines (the improvement over Self-
Reflection is not significant). DSAR is not intended
to improve every dimension-level score; it prioritizes
threshold-relevant correction, which may overcorrect
individual dimensions where CRITICAL findings con-
centrate.

C.4 Confusion Matrix under the Shared
Threshold

Table 16 reports confusion matrices for the most
informative protocols under the shared threshold.
The contrast highlights the main decision effect:
DSAR increases true rejections from 1–4 under
baselines to 17, while accepting 22 of 23 human-
accepted proposals.

Method TP FP TN FN

Single-Agent 23 36 1 0
iMAD (best BL) 22 33 4 1
DSAR 22 20 17 1

Table 16: Confusion matrix on Gold-60 under τ=3.0.
DSAR primarily improves true rejections while preserv-
ing accepted proposals.

C.5 Threshold Sweep
Table 17 varies the operational threshold across
τ ∈ {2.75, 3.00, 3.25}, centered on the rubric-
defined boundary. We restrict the sweep to thresh-
olds within ±0.25 of the operational threshold
because the rubric rejects proposals whose aver-
age score falls below 3.0; thresholds far from this
boundary (e.g., τ=3.50) would constitute post-hoc
retuning rather than a meaningful local sensitivity
test. DSAR leads at all three thresholds.

C.6 Paired Exposia Comparison Against
iMAD

Table 18 reports paired DSAR–iMAD deltas with
bootstrap confidence intervals and paired permu-
tation tests. The most stable result is error reduc-
tion: DSAR significantly lowers MAE and RMSE
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Method SYN-0077 (High) SYN-0104 (Med) SYN-0137 (Low)

Human Truth 3.40 (Accept) 3.13 (Reject) 2.43 (Reject)

Single-Agent 3.75 (Accept) 3.62 (Accept) 3.25 (Accept)
Self-Reflection 3.62 (Accept) 3.25 (Accept) 3.00 (Accept)
CoT-Agent 3.75 (Accept) 3.50 (Accept) 3.50 (Accept)
MAD 3.75 (Accept) 3.75 (Accept) 3.75 (Accept)
AgentReview 3.75 (Accept) 3.75 (Accept) 3.62 (Accept)
iMAD 3.12 (Accept) 3.25 (Accept) 3.12 (Accept)
DSAR (Ours) 3.38 (Accept) 2.88 (Reject) 2.25 (Reject)

Table 13: Continuous overall scores for representative proposals across quality strata. Baselines assign different
scores but often remain above τ=3.0, producing identical accept decisions on rejected proposals; DSAR moves
examples below the threshold when CRITICAL evidence is detected.

Single- Self- CoT- Agent-
τ Agent Reflect Agent MAD Review iMAD DSAR

2.75 38.3 38.3 38.3 38.3 38.3 41.7 53.3
3.00 40.0 40.0 40.0 40.0 38.3 43.3 65.0
3.25 45.0 60.0 40.0 45.0 41.7 41.7 66.7

Table 17: Decision accuracy (%) on Gold-60 across thresholds near the operational boundary. DSAR leads at all
three thresholds.

(p<0.001). Pearson and Spearman gains are pos-
itive but not statistically significant; ICC shows a
positive bootstrap interval that excludes zero but
remains marginal under the paired permutation test
(p = 0.060).

Metric ∆ 95% CI p

Pearson +0.190 [−0.098, 0.478] 0.369
Spearman +0.117 [−0.199, 0.422] 0.564
MAE −1.964 [−2.745, −1.200] < 0.001
RMSE −2.348 [−3.210, −1.495] < 0.001
ICC (2,1) +0.092 [0.024, 0.162] 0.060

Table 18: Paired Exposia comparison between DSAR
and iMAD on the full n=55 overlap. ∆ denotes DSAR–
iMAD; negative values favor DSAR for MAE/RMSE,
and positive values favor DSAR for correlations. Both
methods score all 55 exposés, so the paired comparison
uses the same proposals as the standalone transfer table.

C.7 Decision-Level Quality Separation on
Exposia

Lower score error does not necessarily imply better
separation between higher- and lower-scoring ex-
posés. We therefore evaluate the same scores under
a shared binary split. The reference total for each
exposé is the arithmetic mean of the two instructor-
group totals. Because Exposia provides no official
accept/reject boundary, we use the median of the
55 reference totals as the primary cutoff, τ=31.0.
For consistency with the main benchmark, totals
at or above τ are labeled accepted and lower to-
tals rejected, yielding 28 reference-accepted and 27

reference-rejected cases. The cutoff is applied un-
changed to every method, without method-specific
tuning. Panel (b) repeats the comparison at three
alternative reference-derived cutoffs. DSAR uses
the four-call deterministic totals.

At τ=31.0, every score from each of the five
standard baselines fell at or above the cutoff.
iMAD placed one of the 27 below-cutoff refer-
ence cases below the same cutoff and kept all
28 above-cutoff cases above it. DSAR placed
five of the 27 below-cutoff cases below the cut-
off and kept 27 of the 28 above-cutoff cases above
it. Taking accept as the positive class, this gives
(TP,FP,TN,FN)=(27, 22, 5, 1). These counts
yield 58.2% decision accuracy, 57.5% balanced
accuracy, and 18.5% reject recall. The latter ex-
ceeds iMAD (3.7%) and all five standard baselines
(0.0%), although DSAR’s FPR remains high at
81.5%. At each alternative cutoff, DSAR again had
the highest observed reject recall, with values rang-
ing from 13.6% to 28.1%. The pattern is consistent:
DSAR separates more low-scoring exposés than the
competing protocols, but most below-cutoff cases
still receive above-cutoff model scores. This re-
sult complements the continuous-score comparison
while making the remaining threshold-alignment
gap visible. The p-values in Table 18 concern the
paired continuous-score metrics; Table 19 reports
the observed decision counts and rates.
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(a) Decision metrics at the shared median cutoff τ=31.0 (%)

Method DecAcc↑ BalAcc↑ RejRec↑ FPR↓ Ac%

Single-Agent 50.9 50.0 0.0 100.0 100.0
Self-Reflection 50.9 50.0 0.0 100.0 100.0
CoT-Agent 50.9 50.0 0.0 100.0 100.0
MAD 50.9 50.0 0.0 100.0 100.0
AgentReview 50.9 50.0 0.0 100.0 100.0
iMAD 52.7 51.9 3.7 96.3 98.2
DSAR (Ours) 58.2 57.5 18.5 81.5 89.1

(b) Reject recall across shared reference-derived cutoffs (%)

Cutoff summary τ Reference A/R Five standard baselines iMAD DSAR

40th percentile 29.3 33/22 0.0 4.5 13.6
Median 31.0 28/27 0.0 3.7 18.5
Mean 30.255 30/25 0.0 4.0 20.0
60th percentile 33.0 23/32 0.0 3.1 28.1

Table 19: Decision-level quality separation on Exposia (n=55) under shared reference-derived cutoffs. Panel (a)
applies the median of the 55 reference totals to both reference and model scores; A/R denotes the resulting reference
accept/reject counts. Ac% is the model accept rate, and bold marks the value closest to the 50.9% reference accept
rate. Panel (b) reports reject recall at the median and three alternative shared cutoffs. The five standard baselines are
Single-Agent, Self-Reflection, CoT-Agent, MAD, and AgentReview. DSAR uses the four-call deterministic total.

C.8 Decision-Metric Confidence Intervals
Table 20 reports Wilson score 95% confidence
intervals for decision metrics on Gold-60. The
intervals complement the point estimates in Ta-
ble 2: DSAR’s reject recall interval remains above
the baseline upper bounds, reinforcing the main
decision-level conclusion.

Method DecAcc [%] RejRec [%] FPR [%]

Single-Agent 40.0 [28.6, 52.6] 2.7 [0.5, 13.8] 97.3 [86.2, 99.5]
Self-Reflection 40.0 [28.6, 52.6] 2.7 [0.5, 13.8] 97.3 [86.2, 99.5]
CoT-Agent 40.0 [28.6, 52.6] 2.7 [0.5, 13.8] 97.3 [86.2, 99.5]
MAD 40.0 [28.6, 52.6] 2.7 [0.5, 13.8] 97.3 [86.2, 99.5]
AgentReview 38.3 [27.1, 51.0] 0.0 [0.0, 9.4] 100.0 [90.6, 100.0]
iMAD 43.3 [31.6, 55.9] 10.8 [4.3, 24.7] 89.2 [75.3, 95.7]
DSAR 65.0 [52.4, 75.8] 45.9 [31.0, 61.6] 54.1 [38.4, 69.0]

Table 20: Wilson score 95% confidence intervals for
decision metrics on Gold-60. DecAcc is computed over
all 60 proposals; RejRec and FPR are computed over
the 37 human-rejected proposals.

C.9 Score-Threshold vs. Adjudicated-Verdict
Labels

Gold-60 verdicts include dimension-level vetoes in
addition to averaged scores. To check that DSAR’s
advantage is not tied to this adjudication rule, we
also construct score-threshold labels by applying
the same τ=3.0 threshold to the human mean over-
all score. This relabeling yields 39 accepts and 21
rejects, compared with 23 accepts and 37 rejects
under adjudicated verdicts. The 16 disagreements
are all medium-quality proposals that annotators
rejected despite mean scores above 3.0.

Adjudicated Verdict Score-Threshold Label

Method DAcc RejR FPR DAcc RejR FPR

Single-Agent 40.0 2.7 97.3 66.7 4.8 95.2
Self-Reflection 40.0 2.7 97.3 66.7 4.8 95.2
CoT-Agent 40.0 2.7 97.3 66.7 4.8 95.2
MAD 40.0 2.7 97.3 66.7 4.8 95.2
AgentReview 38.3 0.0 100.0 65.0 0.0 100.0
iMAD 43.3 10.8 89.2 70.0 19.0 81.0
DSAR 65.0 45.9 54.1 81.7 66.7 33.3

Table 21: Decision metrics under adjudicated verdicts
and alternative score-threshold labels. DSAR’s advan-
tage persists under both labeling schemes and increases
when labels are derived from the human mean score
threshold.

Table 21 shows that DSAR’s advantage persists
and becomes larger under score-threshold labels:
decision accuracy rises from 65.0% to 81.7%, and
reject recall rises from 45.9% to 66.7%. Baselines
improve more modestly because their scores re-
main broadly shifted above the boundary. This
alternative labeling confirms that DSAR’s gain is
not an artifact of the veto-based adjudication pro-
cedure; it reflects a score distribution that better
separates proposals around the operational thresh-
old.

C.10 Audit Mechanism Statistics
Table 22 summarizes the score-bearing four-call
DSAR audit traces after applying the same fixed
dimension-name normalization used by the imple-
mentation. Of the 404 CRITICAL findings, 335 al-
ready carry canonical names and 69 use the aliases
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structure or risk; all 404 are normalized before
deterministic correction. CRIT. and MINOR count
normalized findings, and Nadj counts proposals
whose specialist base differs from the deterministic
post-audit score. In these traces there is at most
one normalized CRITICAL finding per proposal–
dimension pair, so each CRITICAL finding pro-
duces one adjusted dimension score. Complete-
ness receives the largest average downward shift
(−0.779), followed by realism (−0.504), while fea-
sibility and risk adjustment are revised more con-
servatively (−0.156 and −0.269). This pattern is
consistent with DSAR’s screening behavior: tar-
geted corrections address the broad upward bias
of baseline scores, while medium-stratum cases re-
main challenging when weak evidence is present
yet classified below the CRITICAL threshold.

Dim. CRIT. MINOR Nadj Pre Post Shift

Realism 119 53 119 3.831 3.327 −0.504
Feasibility 37 69 37 3.806 3.650 −0.156
Completeness 184 24 184 3.448 2.669 −0.779
Risk Adj. 64 163 64 3.058 2.790 −0.269

Total 404 309 404

Table 22: Audit severity and score shifts for the four-
call DSAR run over all 240 proposals. Pre and Post are
the mean score-bearing specialist base and deterministic
score, respectively (n=240 for every dimension); aliases
are normalized exactly as in the implementation.

C.11 Penalty Sensitivity
Table 23 evaluates DSAR under alternative deter-
ministic penalty schedules. The default row re-
ports the auditor-recommended schedule and the
reported Qwen DSAR metrics; other rows vary
only the correction magnitudes while holding spe-
cialist scores, the dimension normalization ν, and
the set of CRITICAL findings fixed.

The results support two conclusions. First,
DSAR’s default penalty schedule is already MAE-
optimal among the tested variants (0.334); fixed
uniform penalties trade off error for decision accu-
racy in either direction, e.g., a fixed −1.50 penalty
raises decision accuracy (68.3%) at the cost of
higher MAE (0.371) and a much lower accept rate
(50.4% vs. 71.7%). Second, penalty magnitude is
not the main remaining bottleneck: decision accu-
racy stays at 65.0% across the −0.75 and −1.00
schedules and both targeted variants. Larger penal-
ties reduce some medium false positives (MFP falls
from 14 to 12 at −1.50), but they do not eliminate
them, because many weak-but-present failures de-

pend on whether the auditor marks the evidence as
CRITICAL in the first place.

Variant Mean240 MAE↓ DAcc↑ DF1↑ Ac%240 MFP

Default recommendation 3.11 0.334 65.0% 0.677 71.7% 14
CRIT = −0.50 3.33 0.389 50.0% 0.605 83.8% 16
CRIT = −0.75 3.21 0.345 65.0% 0.677 73.3% 14
CRIT = −1.00 3.12 0.337 65.0% 0.677 72.5% 14
CRIT = −1.50 2.91 0.371 68.3% 0.655 50.4% 12
Feas./Risk str. 3.11 0.335 65.0% 0.677 71.7% 14
Compl. cap 3.09 0.349 65.0% 0.677 71.7% 14

Table 23: Penalty sensitivity analysis for DSAR. The de-
fault row uses auditor-recommended adjustments; fixed-
penalty rows replace those magnitudes while holding
specialist scores, the dimension normalization ν, and
the set of CRITICAL findings constant. Mean240 is the
mean overall score across all 240 proposals; DF1 is
decision F1 on Gold-60; MFP denotes accepted propos-
als among the 17 human-rejected medium proposals in
Gold-60.

D Cross-Backbone Validation Details

For the cross-backbone supplement we run DSAR
in the same four-call deterministic configuration
as the main experiments (§4.5): three dimension
specialists, one adversarial auditor, and the deter-
ministic correction rule, with no LLM moderator
call. This configuration is fully deterministic in
its correction step and therefore isolates the audit
mechanism from backbone-specific free-text behav-
ior. Inclusion follows the main protocol: records
that pass standard validation or contain complete re-
views with recoverable off-grid scores are included.
Cross-backbone runs cover Gold-60 only, and the
accept rate is best when closest to the human refer-
ence rate (38.3%).

Takeaway. Across both backbones the baselines
no longer collapse into the near-universal over-
acceptance observed on Qwen (Table 2); the
strongest baseline differs by backbone (Single-
Agent on LLaMA, Self-Reflection on Gemini), so
DSAR’s margin over the best baseline is corre-
spondingly smaller than on Qwen. Nonetheless,
DSAR is the only method that is simultaneously
at or near the top of both error-based (RMSE/-
MAE) and decision-based (reject recall, FPR) met-
rics on both backbones, without the catastrophic
over-acceptance of the Qwen baselines or the over-
rejection of iMAD on Gemini.
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E Additional Visualizations

E.1 Protocol Design Space
Figure 4 organizes reviewer protocols along three
axes—how evidence is elicited, how criticism is
produced, and how scores are formed—next to
the decision-interface properties that thresholded
screening depends on. The protocols we compare
differ mainly along the first two axes while leav-
ing the third implicit, so a sharper critique need
not move a score across τ ; DSAR fixes the third
axis with severity-coded audit and deterministic
penalty rules, which is what turns its criticism into
a decision-relevant score change.

Reviewer Protocol Components

Evidence
Elicitation

Criticism
Mechanism

Score
Formation

Single-Pass Holistic Assessment

Multi-Round Self-Revision

Structured Chain-of-Thought

Multi-Agent Debate

Dimension-Local Specialization

Role-Based Decomposition

Implicit Inline Critique

Self-Reflection Loop

Peer Argumentation

Selective Debate Triggering

Severity-Coded Adversarial Audit

Cross-Dimension Inspection

Direct End-to-End Scoring

Consensus-Based Averaging

Chair-Mediated Aggregation

Score Smoothing / Blending

Audit-Conditioned Correction

Deterministic Penalty Rules

Decision Interface Properties

Score-Scale Portability

Threshold Alignment

Reject Recall Sensitivity

Evidence Inspectability

Audit Traceability

Severity Distinction

Anti-Smoothing Guarantee

Decision-Relevant Criticism

Dimension Locality

Deterministic Score Changes

Cross-Dimension Linking

Zero-Calibration Operation

Figure 4: Protocol design space. DSAR combines
dimension-local evidence elicitation, severity-coded
audit, and audit-conditioned correction to support
threshold-aligned decision interfaces. Standard proto-
cols often improve one axis (e.g., adding self-reflection
or debate) while leaving score formation implicit;
DSAR yields decision-interface properties directly rele-
vant to thresholded screening: evidence inspectability,
severity distinction, deterministic score changes, and
threshold alignment.

E.2 Accept Rate and Score Distribution
Figures 5 and 6 visualize the main decision-level
pattern. Baselines cluster in a near-universal-
acceptance region with scores generally above
τ=3.0; DSAR shifts the score distribution closer to
the human reference mean and reduces the accept
rate, producing higher decision accuracy under the
same threshold.

E.3 Medium Boundary Cases
Medium-stratum proposals account for most re-
maining DSAR false positives: DSAR is more re-
liable when evidence is missing or contradictory,
but weak-but-present evidence can still appear suf-
ficient unless the auditor marks it as CRITICAL.
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Figure 5: Accept rate vs. decision accuracy on Gold-60.
Baselines cluster in a high-acceptance, low-accuracy
region; DSAR moves toward lower over-acceptance and
higher accuracy.
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Figure 6: Overall score distributions on Gold-60. Base-
line scores cluster above τ=3.0; DSAR shifts closer to
the human mean and creates more separation around the
decision boundary.
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Figure 7: Medium boundary-case analysis on Gold-60.
Left: DSAR decisions by quality level. Right: anno-
tator issue tags among medium-stratum false positives,
showing that remaining errors concentrate in weak-but-
present evidence.
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Issue type Count Boundary pattern

Weak risk analysis 14 Generic mitigation labeled
MINOR

Team-size mismatch 7 Task list appears plausible
Budget inconsistency 4 Cross-dimension link not

triggered
Overclaim 4 Ambition remains partially

supported
Timeline unrealistic 1 Surface plan appears feasible

Table 24: Annotator-tagged issue types among DSAR’s
14 medium-stratum false positives on Gold-60. Count
is the number of proposals for which at least two of the
five annotators assigned the tag; the rows are the five
such tags with a recurring boundary pattern. Figure 7
(right) reports mention counts for the same annotations
summed over all five annotators, and its values are there-
fore larger.

E.4 Quality-Level Audit Gradient
Figure 8 shows how the adversarial audit responds
across construction quality levels. Realism and
completeness exhibit clear monotonic gradients
from High to Low, indicating that the auditor de-
tects stronger evidence gaps as proposal quality
decreases. Risk adjustment follows the opposite
profile, with more CRITICAL findings in the High
stratum, showing that construction quality does
not uniformly determine risk-audit severity and
motivating the weak-but-present risk analysis in
Section 6.1.
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Figure 8: CRITICAL audit rate by quality level and
dimension in the four-call DSAR run. Realism and
completeness increase from High to Low, while risk
adjustment follows the opposite profile, indicating that
audit severity is dimension-specific rather than a direct
proxy for construction stratum.

E.5 Diagnostic Resolution Comparison
Figure 9 compares the two conditions as dimen-
sion × quality-level score maps. In the one-call
anchor-calibrated no-specialist condition, realism,

feasibility, and completeness collapse onto a sin-
gle value within each quality level (∆RFC=0 at all
three levels), so the dimension labels carry no inde-
pendent information and only the overall level sep-
arates strata; the four-call DSAR condition keeps
the three dimensions apart at every level, with the
widest spread in the Medium stratum, where accep-
t/reject decisions are actually contested.
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Figure 9: Diagnostic resolution comparison between a
one-call anchor-calibrated no-specialist condition and
the four-call DSAR condition. The one-call condition is
distinct from the two-call Generalist + Audit Correction
ablation in Table 3 and is included only to visualize di-
mensional collapse. ∆RFC denotes the max–min spread
across realism, feasibility, and completeness within each
quality level; DSAR’s values are 0.600, 1.300, and 1.044
for High, Medium, and Low strata. This figure is a repre-
sentational diagnostic, not a controlled causal ablation.

E.6 Illustrative Cases
Successful correction (SYN-0063). Single-
Agent assigns 3.25 and accepts. DSAR specialists
initially score realism 4.0, feasibility 4.0, com-
pleteness 3.0, and risk adjustment 3.5. The
auditor emits three CRITICAL findings on realism,
feasibility, and structure; after normalizing
structure to completeness, the deterministic
rule lowers these dimensions to 3.0, 3.0, and 2.0,
respectively. The final overall score is 2.88—a
reject matching the human verdict.

Boundary case (SYN-0044). DSAR specialists
score realism 4.0, feasibility 4.0, completeness 3.5,
and risk adjustment 2.5. The auditor marks the
missing Risk Analysis section as CRITICAL under
the structure alias, lowering completeness to 2.5
after normalization, but labels the omitted regula-
tory, bias, adoption, and cybersecurity risks only
MINOR. The final overall score remains 3.25 (ac-
cept), although the human verdict is reject. This
illustrates the weak-but-present evidence boundary:
several risks are recognized but not classified as
severe enough to produce an additional threshold-
changing correction.
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E.7 Post-hoc Calibration Baselines
A natural comparison is whether post-hoc calibra-
tion of Single-Agent scores can recover similar
threshold behavior without changing the reviewer
protocol. We consider two oracle baselines that re-
quire Gold-60 labels: (1) Mean Shift, which trans-
lates all Single-Agent scores by δ = µGT−µSA =
−0.482, and (2) Threshold Tuning, which sweeps
thresholds on Gold-60 and selects the best decision-
accuracy threshold (τ∗ = 3.63). Table 25 reports
the results.

Method τ /corr. DAcc↑ BalAcc↑ RejRec↑ FPR↓ MAE↓

Single-Agent τ=3.0 40.0% 51.4% 2.7% 97.3% 0.497
+ Mean Shift δ=−0.482 68.3% 74.3% 48.6% 51.4% 0.309
+ Threshold Tune τ∗=3.63 81.7% 84.3% 73.0% 27.0% 0.497
DSAR τ=3.0 65.0% 70.8% 45.9% 54.1% 0.334

Table 25: Label-dependent calibration baselines on
Gold-60. These rows are not operational baselines: both
use Gold-60 labels that are unavailable under the fixed-
threshold protocol setting. They are included to separate
label-dependent score calibration from protocol-level
evidence-to-score correction.

These baselines clarify the distinction between
calibration and protocol design. Mean Shift reaches
68.3% decision accuracy with lower MAE (0.309),
but requires Gold-60 labels to compute the correc-
tion; DSAR achieves 65.0% without any labeled
data, demonstrating that protocol-level correction
can approach label-dependent calibration perfor-
mance. Threshold Tuning reaches 81.7% decision
accuracy by selecting a method-specific threshold
on the evaluation set, illustrating that given oracle
access to labels, simple calibration can be highly
effective. DSAR instead makes severe evidence
score-changing before thresholding, without per-
deployment gold labels, while preserving an in-
spectable audit trace for each correction. The com-
parison demonstrates that DSAR’s value lies in
producing more threshold-usable scores without la-
beled calibration data, not in outperforming oracle
post-hoc methods.

F Controlled Generation and Dataset
Details

Appendix F documents how PropAlign-240 was
constructed to support controlled protocol compari-
son. The goal is not to simulate every feature of real
institutional review, but to create a reproducible
proposal-screening testbed in which domain, qual-
ity stratum, and failure patterns are balanced and
inspectable.

F.1 Use of Private Seed Documents
PropAlign-240 was informed by three non-
releasable real proposal documents used only as pri-
vate genre references. We abstracted section struc-
ture, proposal style, and recurring review-relevant
patterns from these seeds, but did not copy factual
content, project topics, institution-specific details,
or identifiable text spans into the benchmark or the
limited public demo examples. Retained proposals
were additionally screened for private identifiers
and seed leakage.

F.2 Generation Control Schema
PropAlign-240 is a synthetic English proposal-
review testbed generated for controlled reviewer-
protocol evaluation. The generation configura-
tion specifies 300 candidate proposal cards across
four domains, three quality levels, and 25 candi-
dates per domain–quality cell. Candidate propos-
als were generated with GPT-4o; soft quality con-
trol used a separate Claude Sonnet configuration;
and all reported protocol evaluation used Qwen2.5-
72B-Instruct. This separation reduces generator–
evaluator coupling.

Generation templates control domain, quality
stratum, and expected failure patterns, but not
target numeric scores or accept/reject labels. A
quality-control stage retained 240 proposals, with
20 proposals per domain–quality cell and 80 per
quality stratum. Hard filters enforce structural va-
lidity and data safety; soft filters score realism,
feasibility, completeness, and clarity for within-
stratum selection. High-quality candidates require
complete structure and few major weaknesses;
medium candidates are plausible but contain par-
tial methods, thin evaluation, or weak risk analysis;
low candidates remain readable but include more
substantial gaps such as unrealistic scope, missing
methods, budget–timeline mismatch, or overclaim-
ing. These soft-QC scores are construction con-
trols, not evaluation labels. Seed leakage refers
to verbatim or near-verbatim reuse of private seed
templates or source snippets.

Table 26 summarizes the controlled features and
expected failure patterns for each quality stratum.
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Quality Controlled features Expected failure

High Clear need; feasible
scope; complete plan;
explicit mitigation

Few critical is-
sues

Medium Plausible idea; partial
methods; thin evalua-
tion or risk analysis

Borderline accep-
t/reject

Low Unrealistic scope; miss-
ing method; budget/-
time mismatch; over-
claiming

Frequent critical
issues

Table 26: Generation control schema for synthetic qual-
ity strata. The strata guide controlled proposal construc-
tion but are not used as evaluation labels.

F.3 Quality-Control Filters
The retained proposals passed automatic filters for
Markdown structure, required section coverage, ex-
treme length, budget arithmetic, timeline coverage,
team-size alignment, domain–technology compat-
ibility, seed leakage, duplicate or near-duplicate
content, and absence of private identifiers. Can-
didates whose realized content clearly conflicted
with their assigned construction cell were removed.
These filters make the quality strata interpretable
as controlled experimental conditions, not hidden
gold labels.

F.4 Gold-60 Sampling and Human Validation
After screening, we selected five proposals from
each domain–quality cell using stratified uniform
sampling with random seed 42, yielding a balanced
Gold-60 subset. Five annotators scored each pro-
posal on realism, feasibility, completeness, and risk
adjustment, assigned an accept/reject verdict, and
added issue tags. Human verdicts, not construction
labels or soft-QC scores, serve as the adjudicated
labels for evaluation.

Table 27 shows that the construction strata are
well separated under human scoring: High propos-
als receive the highest overall scores and 100%
accept rate, Medium proposals form the intended
borderline region, and Low proposals are consis-
tently rejected.

Metric High Med. Low KW test Grad.

Overall score 3.741 3.203 2.388 H=51.96, p<10−11 1.354
Accept rate 100% 15% 0% — —

Table 27: Human validation of Gold-60 construction
strata. Human scores separate quality strata while
remaining balanced across domains (Domain CV =
0.008; p = 0.988).

F.5 Auxiliary Judge Validation
Although the main comparison fixes Qwen2.5-72B-
Instruct as the evaluation backbone, we also ran a
separate Claude Sonnet 4.5 rubric judge as a supple-
mentary benchmark-quality check. Gold-60 was
split into 36 calibration and 24 held-out samples un-
der the same stratified metadata, and the judge was
compared against the five-annotator Gold labels.
As shown in Table 28, the auxiliary judge tracks
human score ranking well, while verdict agreement
is weaker than rank correlation. We therefore use
it only as supplementary validation of benchmark
structure, not as a replacement for human adjudica-
tion or as a competing reviewer protocol.

Metric Cal. (36) Held (24) All (60)

Cohen’s κ 0.571 0.396 0.502
Decision accuracy 72.2% 66.7% 70.0%
Spearman ρ (overall) 0.916 0.854 0.908
MAE (overall) 0.324 0.312 0.319
ECE — 0.160 —
Brier score — 0.228 —

Table 28: Auxiliary Claude Sonnet 4.5 rubric-judge
validation against Gold-60. The judge tracks human
score rankings well, but human adjudication remains
the evaluation reference.
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