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Abstract

Long-horizon language model agents face a structural incentive to report false suc-
cesses rather than continue gathering evidence. The Dual-Path Anti-Drift (DPAD)
architecture addresses this by separating the primary solver from an independent
critic under a distinct reward function, supported by a deterministic coordinator
and an append-only evidence ledger. This document provides a structured scienti�c
review of the DPAD paper (Fradkin, 2026), covering eight evaluation dimensions,
four formal remarks that correct methodological errors in earlier versions of this
review, a prioritised list of required simulation �xes, and a bibliography of 23 refer-
ences. The central �nding is that DPAD's current simulation contains one critical
design limitation (the critic is conditioned on action type unavailable at deployment)
and one near-tautological coupling model, both of which can be corrected without
LLM experiments. After those corrections, together with budget-matched baselines
and a pre-registered con�rmatory run, the paper would become a strong formal
simulation study with a projected peer-review readiness score of 7.5�8.0 out of 10.
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Comparative Score Table

Scoring conventions

All dimensions are scored on a 1�10 scale. Three states are distinguished:

Scores under S1 (Current) re�ect the paper as submitted. Scores under S3 (After imple-

mentation) are projections conditional on the simulation �xes described in Sections 3�4.
No score re�ects any new data, simulation run, or proof not already present in the paper.

S1 � Current.
The paper as submitted (September 2026), before any revision.

S2 � After this review document.
The review document adds no new data, simulation run, or proof. Only scienti�c
transparency changes: the design�deployment gap is now explicit and public.

S3 � After implementation and veri�cation.
Projected scores conditional on C1, C2, I1, I2, I3 being fully executed and validated.
These are estimates, not guarantees.

Scores for the DPAD paper

Dimension S1 S2 S3 Basis for S3 change

Scienti�c quality (overall) 6.5 6.5 7.8 Critic on all steps; latent-
variable coupling; baselines

Architectural novelty 6.8 6.8 7.5 Isolation contract sharpened
by budget-matched ablations

Practical novelty 7.4 7.4 8.2 Deployment-representative
simulation; cost�reliability
table

Mathematical formality 6.5 6.5 7.2 P2 episode conjecture ex-
plicit; T1 non-informativeness
in body

Simulation-speci�c empirical validity 3.8 3.8 7.0 Full-step critic; causal latent-
variable ρ; pre-registered run

Scienti�c transparency 9.2 9.5 9.5 Roadmap makes design�
deployment gap explicit

Peer-review readiness 5.5 5.5 7.5�8.0 All Critical and Important
�xes executed

Preprint readiness 8.0 8.5 9.0 Structured disclosure along-
side the preprint

Unweighted mean 6.5 6.6 8.0
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Score notes

Mathematical formality (S1=6.5, not 8.0).
Within the formal model, all four proofs are internally correct and proof correctness alone
merits 8/10. As a score of overall mathematical contribution, 6.5 is appropriate: P1 and
P2 follow from the softmax Jacobian and chain rule applied to the model's own utility
de�nitions; P3 is a known Bayes-optimal threshold result for a linear utility function [4];
and T1 is a conservative union bound that evaluates to 1.0 (non-informative) at current
parameters.

Simulation-speci�c empirical validity (S1=3.8).
The label �simulation-speci�c� is deliberate. The score of 7.0 in S3 applies only within
the corrected simulation model. It does not constitute empirical validity for DPAD as
an architecture for trained LLMs, which remains untested without the LLM experiments
listed in Section 17 of the paper.

Peer-review readiness and main-track benchmarks.
A single focused LLM experiment on one benchmark with one open-weight model would
materially strengthen suitability for main-track venues such as NeurIPS, ICML, or ICLR.
Acceptance also depends on novelty, baseline strength, and results; no experiment alone
guarantees admission.

Four Methodological Corrections

Remark 1 (Direction of bias in C1). An earlier formulation stated that all FSR, CCR,
RCI, and cost �gures are �optimistic estimates relative to a real deployment.� This is not
established without an empirical check.

Invoking the critic on every step exposes it to false-positive risk on evidence-seeking
and abstention steps. Depending on the critic's FP rate on non-shortcut steps, FSR could
increase (if legitimate actions are blocked) or decrease further (if the critic catches �aws
missed by post-selection review). Cost increases unambiguously.

Corrected formulation: The current estimates are not deployment-representative
because the critic is conditioned on action type unavailable at inference time. The direc-
tion of bias must be determined empirically.

Remark 2 (Best-of-N selection mechanism). Ground-truth selection across N indepen-
dent episodes is an oracle procedure, not a fair comparison baseline [21]. It assumes
knowledge of which episodes succeed before selecting among them, which is precisely
what the system is designed to determine.

Required split.

(a) Oracle upper bound. N episodes; ground-truth selection. Reported as a ceiling,
not as a fair comparison.

(b) Primary budget-matched baseline. N episodes; a �xed veri�er with stated accu-
racy and cost selects the best outcome without access to ground truth [3]. N is set so
that total cost equals NC= 4.66 (critic-only).
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Remark 3 (Causal latent-variable model for C2). The latent-variable model proposed
in earlier versions introduced Z ∼ N (0, 1) as a shared factor but placed it in both paths
with the same sign:

ũs,t = us − λq̂(ρ, It) + γPZ, TPRt = clip(0.90− 0.42ρ+ γCZ, 0.35, 0.92).

This formulation has two errors. First, if Z represents a shared di�culty or blind-spot, a
positive Z (harder episode) should increase shortcut temptation and decrease detection
ability, producing a negative contribution to TPR, not a positive one. The signs are
inconsistent. Second, ρ remains in both equations with the same linear-damping form as
before, so the tautological coupling problem (Section C2 below) is not eliminated.

Corrected model. Remove ρ from the direct coupling channel. Let Z be a per-
episode shared di�culty factor with opposite signs in the two paths:

ũs,t = us − λq̂0(It) + γPZ (1)

TPRt = clip(TPR0(It)− γCZ, 0.35, 0.92) (2)

where q̂0(It) and TPR0(It) are baseline functions independent of Z, and γP , γC ≥ 0. A
positive Z increases shortcut temptation (primary path less reliable) and decreases de-
tection rate (critic less reliable): both failure modes move in the same direction, produc-
ing genuine shared-failure correlation. The empirical ϕ-coe�cient or mutual information
I(FP ;FC) then measures an emergent property, not a construction artefact. If a sensitiv-
ity parameter analogous to ρ is still desired, it should enter as a separate multiplier on
γP and γC , not as a direct component of the utility or TPR formulas.

Remark 4 (Scope of C1 impact on formal results). C1 requires re-running the simulation
with the critic on every step. This does not invalidate all four formal results.

� P1 (monotone shortcut suppression) depends on ∂P (S)/∂λ and the softmax struc-
ture. These are independent of when the critic is invoked. P1 remains valid unless
the utility model changes.

� P3 (Bayes-optimal critic threshold) depends on RC and the critic's posterior. It is
independent of invocation scope. P3 remains valid.

� P2 (per-step hazard ampli�cation) and T1 (structural FSR bound) both depend
on TPR(ρ). If the full-step critic has a di�erent e�ective TPR function under the
corrected model (equations 1�2), P2 and T1 must be re-derived.

Critical Issues

C1 � Critic invoked only after shortcut selection

Description. The simulator activates the critic only after a shortcut action is chosen
(Section 11.4 of the paper). A deployed critic operates on every step without advance
knowledge of the action type and faces false-positive risk on evidence-seeking and
abstention steps.

Consequence. All metrics in Table 1 are not deployment-representative (Re-
mark 1). P2 and T1 require re-derivation if the full-step TPR function di�ers (Re-
mark 4).
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Required �x.

(1) Re-run all con�gurations with the critic on every step, without conditioning on
action type.

(2) Report FP rate on evidence-seeking steps, FP rate on abstention steps, TPR on
shortcut steps, and NC change.

(3) Present a side-by-side table of all Table 1 metrics before and after the change,
with 95% CIs across seeds.

(4) If TPR changes, re-derive P2 and T1 under the new function.

C2 � Error-coupling model is near-tautological and incorrectly signed

Description. The parameter ρ directly reduces both q̂(ρ, It) and TPR(ρ) by linear
damping. Because ρ is wired into both, the correlation between failure indicators is
determined by the model input, not an emergent property of the simulation. The
corrected latent-variable model (Remark 3) also requires opposite signs: a harder
episode (Z > 0) must increase shortcut temptation and decrease detection ability.

Required �x. Implement equations (1)�(2). After implementation:

(a) Report the empirical ϕ-coe�cient [16] or mutual information I(FP ;FC). For bi-
nary indicators, ϕ is preferred over Pearson r.

(b) Present a sensitivity grid over (γP , γC).

(c) Clearly distinguish design parameters from emergent coupling.

Important Improvements

I1 � Implement RC and test Proposition 3

Proposition 3 derives the Bayes-optimal critic threshold p∗ = b/(a + b + c) under RC =
a ·TP− b ·FP− c ·FN− d ·S. The simulator does not implement RC and the proposition
is not empirically evaluated.

A genuine test requires: (a) a calibrated posterior score p ∈ [0, 1] on a held-out cali-
bration set, with a reliability (calibration) curve and Brier score or Expected Calibration
Error (ECE) reported; (b) a threshold decision at p∗ as a function of (a, b, c); (c) compari-
son of the threshold policy, always-FLAW, and always-CLEAN on held-out episodes with
known ground truth; and (d) reporting of expected RC under each policy with 95% CIs.
A �tted distribution score is not calibrated by construction; calibration must be measured
on a separate held-out set.

I2 � Budget-matched baselines

(a) Oracle upper bound. Best-of-N with ground-truth selection at NC= 4.66. Re-
ported as ceiling, not fair comparison (Remark 2).
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(b) Primary budget-matched baseline. Best-of-N with a �xed veri�er at equal cost.
Veri�er accuracy and cost stated.

(c) Shared-context critic. A critic sharing the primary path's context window and not
isolated in reward. This is the direct ablation of DPAD's structural isolation claim.

(d) Equal-cost reporting. FSR, CCR, RCI for all con�gurations at equal NC on a
common axis.

I3 � Pre-registration of con�rmatory run

(1) Apply C1 and C2 �xes fully before freezing parameters. The corrected TPR function
may change the sensitivity grid and the statistical plan; freeze only after C1/C2 are
�nalised.

(2) File a pre-registration on OSF (https://osf.io) or AsPredicted (https://aspredicted.
org), specifying seeds, episodes per con�guration, primary outcome, and the planned
test (α = 0.05, Bonferroni-corrected).

(3) Run the con�rmatory simulation after the time-stamped registration is locked.

(4) Report exploratory (current) and con�rmatory results in separate tables.

Minor Issues

M1.
Shorten the abstract to 200�250 words.

M2.
Merge Section 2 (Terminology Conventions) into Section 4 (Terminology and Problem
Formulation); place Related Work immediately after the Introduction.

M3.
Add horizontal and vertical 95% CI error bars to Figure 1. The values already exist in
Table 1.

M4.
Move the unimplemented-components list (Appendix D) to Section 16 (Threats to Valid-
ity) as a numbered sub-list. Appendix D may retain a technical description.

M5.
State T1 non-informativeness in the main body of Section 8.3:

At current parameters (λ = 2.2, ρ = 0.30, �xed review), λq̂(0.30, 0.72) = 0.99 <
∆max = 1.822 and the bound provides no quantitative constraint. It becomes
informative only at λ > 6.37.

7

https://osf.io
https://aspredicted.org
https://aspredicted.org


DPAD � Scienti�c Review & Publication Roadmap September 20, 2026

Priority Order

Priority Item Action Class

1 C1 Full-step critic; no action-type conditioning Critical

2 C2 Causal latent-variable model (eqs. 1�2); op-
posite signs; ρ removed from direct cou-
pling; report ϕ or I(FP ;FC)

Critical

3 I1 Calibrated posterior (reliability curve +
ECE/Brier); threshold rule; empirical P3
test

Important

4 I2 Oracle upper bound + veri�er-based pri-
mary baseline; shared-context critic abla-
tion

Important

5 I3 Pre-register after C1/C2 are �nalised Important

6 M2 Merge �2 into �4; reorder sections Minor

7 M4 Unimplemented components to �16 Minor

8 M1 Shorten abstract Minor

9 M3 Error bars on Figure 1 Minor

10 M5 T1 non-informativeness in �8.3 body Minor

Formal Analysis Notes

P1 (Monotone shortcut suppression).
Correct. ∂P (S)/∂λ < 0 follows from the softmax Jacobian. The ablation (+9.37 pp FSR
at λ = 0) corroborates it at the episode level. P1 is una�ected by C1 (Remark 4).

P2 (Per-step hazard ampli�cation).
Correct for the per-step hazard ht(ρ). Remark 1 of the paper correctly labels the episode-
level FSR monotonicity as empirically supported but not formally proved. After C1: if
the corrected full-step TPR function di�ers, P2 must be re-derived. Either a coupling
argument on the governing MDP or an explicit conjecture label is needed.

T1 (Structural FSR bound).
Analytically valid. ∆max = 1.822 is correct. At default parameters: λq̂(0.30, 0.72) =
2.2 × 0.45 = 0.99 < ∆max. The bound evaluates to FSRsc ≈ 6.20, clamped to 1.0:
trivially true and uninformative. Informative only at λ > 6.37 (�xed review, ρ = 0.30).
After C1/C2: T1 must be re-derived if TPR changes. This must be stated prominently
in the body (M5).

P3 (Bayes-optimal critic threshold).
Correct. p∗ = b/(a+ b+ c) weakly dominates constant strategies. Not empirically tested.
Una�ected by C1 (Remark 4). See I1.

8



DPAD � Scienti�c Review & Publication Roadmap September 20, 2026

Key Empirical Finding

The most practically signi�cant result is the critic-only versus full-�xed trade-o�:

Con�guration FSR CCR RCI JAR NC

Critic only 42.79% 47.93% 0.336 5.00% 4.66

Full �xed 37.61% 40.68% 0.296 15.70% 4.25

Means over 12 seeds, 48 000 episodes per con�guration.

The isolated critic without anti-drift reward achieves higher CCR and RCI than the
full architecture at higher cost. Full �xed achieves the lowest FSR at the cost of a 15.70%
justi�ed abstention rate. No con�guration Pareto-dominates across all four metrics.

The Discussion section should formalise deployment choice as a parameterised loss
function: under a loss that penalises false success heavily (security research, legal re-
view, medical decision support), full �xed is preferred; under a loss that penalises missed
coverage, critic only dominates.

Venue Guidance

Hard constraint. The ICLR 2027 submission deadline is 25 September 2026 � �ve
days from this document's date. The paper cannot be submitted to ICLR 2027 in its
current form. Do not assume a matching workshop exists before the relevant call is
published.

1. Immediate. Upload to arXiv with a �mechanistic simulation study� descriptor. arXiv
is not peer review.

2. Short term (1�2 months). Apply C1, C2, I1, I2, I3. Run the pre-registered
con�rmatory simulation. Update the preprint.

3. Medium term. Target workshops that explicitly accept simulation studies or formal
analyses of LLM agent reliability. Verify the call before submission.

4. After LLM validation. NeurIPS, ICML, or ICLR main tracks. A focused experi-
ment on GAIA [17] or HotpotQA [22] with one open-weight model would materially
strengthen suitability for main-track submission.

Summary

DPAD is a well-motivated, formally coherent, and unusually transparent proposal-level
paper whose primary limitations are: a critic conditioned on action type unavailable at de-
ployment (C1), and a coupling model in which ρ directly determines failure-indicator cor-
relation rather than emerging from the simulation (C2). After correcting both � together

9



DPAD � Scienti�c Review & Publication Roadmap September 20, 2026

with the sign error in the latent-variable model (Remark 3) � the paper's simulation-
speci�c empirical validity rises from 3.8 to an estimated 7.0 without any LLM experiment.

P1 and P3 survive C1 unchanged. P2 and T1 require re-derivation if the full-step
TPR function di�ers from the current model. The best-of-N baseline must be split into
an oracle upper bound and a veri�er-based fair comparison. Calibration of the critic
posterior for the P3 test requires a held-out calibration set with a reliability curve and
ECE or Brier score, not a �tted score alone.

If C1, C2, I1, I2, and I3 are fully implemented and validated, the paper becomes
a strong formal simulation study and a viable candidate for a venue that accepts this
class of contribution. The claim that DPAD improves trained LLMs requires the 11 LLM
experiments listed in Section 17 of the paper.

Yuval Fradkin � September 20, 2026
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