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Abstract

Offline evaluation of language models from usage logs is biased when model
choice is confounded: the same user-side factors that drive which model is used
also shape how its output is judged. Randomization removes this bias, yet produc-
tion randomization remains scarce. We study a three-source design that combines
a large confounded observational log (OBS) for scale, a small randomized ex-
periment (EXP) for unconfounded scoring, and an offline simulator (SIM) that
replays candidate models on cached contexts. An identification theorem shows
that EXP together with SIM recovers causal model values, with OBS contributing
afterward to reduce estimation variance. Six estimator families are evaluated in
a controlled semi-synthetic validation and in two real-task cached benchmarks
for summarization and coding. The winning family shifts with the EXP budget
and with how closely the OBS signal predicts the target reward, giving a practical
recipe for choosing among hybrid OBS/EXP estimators.

1 Introduction

Offline evaluation of language models increasingly relies on deployment logs, preference data,
and judge annotations collected in the wild [Zheng et al., 2024, Zhao et al., 2024, Zheng et al.,
2023, Chiang et al., 2024]. Once model choice is user-driven, those logs are confounded: the
same unobserved factors that influence which model is used can also influence how its output is
judged [Kallus et al., 2018, Rosenman et al., 2023, Cheng and Cai, 2021]. Raw comparisons of
logged outcomes therefore mix self-selected subpopulations and cannot recover a common target. In
summarization, a reader who prefers concise prose may select a model known for that style and rate
it more favorably; in coding assistance, repository difficulty or developer familiarity may affect both
which assistant is invoked and whether the resulting patch succeeds.

A randomized experiment breaks this link by overriding model choice. In practice, such experiments
are costly and disruptive, so they remain small. Prior work studies how to combine a large confounded
observational sample with a small randomized one [Kallus et al., 2018, Rosenman et al., 2023, Cheng
and Cai, 2021, Lin et al., 2025, Yang et al., 2025, Colnet et al., 2024].

Causal evaluation under confounded model choice has two parts. Outcome generation asks which
output a model would have produced on a given context; in many deployments an offline simulator
(SIM) handles this by replaying models on cached contexts. Outcome scoring asks how the realized
output should be evaluated without inheriting the bias in logged model choice. Separating the two
motivates a three-source design: a large observational log (OBS) with self-selected model choices,
a small randomized experiment (EXP) with unconfounded outcome labels, and SIM outputs under
alternative model choices. The goal is to estimate how each generative model would perform when
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logged model choice is confounded, randomized outcome labels are limited, and offline replay can
regenerate candidate outputs.

Contributions. The paper makes three contributions.

(C1) Identification (Theorem 1). Under the structural assumptions stated in Section 2, the simulator
and the randomized experiment alone identify causal model values, even when the observational
log is fully confounded.

(C2) Estimator role of OBS (post-identification only). Identification and estimation are separated,
and six post-identification estimator families are compared based on how they exploit OBS. A
theory-to-evidence map links each family to the data regime in which it helps.

(C3) Empirical evaluation. A controlled semi-synthetic validation and two real-task cached bench-
marks (summarization, coding) compare the families on held-out recommendation regret.
Two practical drivers explain the winning family: the size of the EXP budget, and how well
OBS-derived structure matches the target reward.

Section 2 defines the causal graph, data sources, target estimands, and assumptions. Section 3
states and proves the SIM-plus-EXP identification result. Section 4 introduces the post-identification
estimator families and the theory-to-evidence map. Section 5 describes the controlled validation and
cached benchmarks; Sections 5.4 and 5.5 report the cached summarization and cached coding probes.
Sections 6, 7, and 8 cover related work, scope and limitations, and conclusions.

2 Problem setting

OBS provides scale and auxiliary supervision from self-selected usage, EXP provides unbiased
outcome labels, and SIM provides counterfactual outputs. Figure 1 shows the causal structure;
Appendix A.1 gives the full three-source pipeline.

LATENT USER STATE
(UNOBSERVED)

... -~ = =» CONFOUNDING PATHS
~< —> CAUSAL PATHS

OBSERVED CHOSEN MODEL MEDIATOR OUTCOME
CONTEXT (OUTPUT) (USER UTILITY)

Figure 1: Causal graph with confounded model choice. The latent state U affects both model choice
A and outcome Y, so OBS comparisons are biased. EXP randomization breaks the U — A link, and
no latent mediator confounding blocks U — M once (X, A) is fixed.

We study (X, U, A, M,Y), where X is the observed context, U is an unobserved user state, A € A
indexes the chosen generative model, M is its output, and Y € [0, 1] is the outcome. The graph adds
two restrictions to ordinary confounding: conditional on (X, A), U does not directly affect M, and
A affects Y only through M.

Three sources. OBS is a large logged sample Dops = {(X;, 4;, M;,Y:, Z;)}:°F° in which
A; may depend on U; and auxiliary labels Z; can train proxy representations. EXP is a smaller
randomized sample Dexp = {(Xj;, A;, M;,Y;)} 5" in which A is randomly assigned over the
experimental action set Agxp C A, so A L U | X. SIM reruns model a on context = and samples
M ~ pgim(- | , a). EXP therefore supplies causal scores, SIM supplies counterfactual outputs, and

OBS contributes auxiliary supervision used only after identification (Figure 2).

Targets. The marginal and context-conditional causal values are
u(a) = E[Y(do(A=a))],  q(z,a) = E[Y(do(A = a)) | X =al.
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1 ESTIMATION
1 OBS AFFECTS ESTIMATION EFFICIENCY ONLY (post-identification)
1
1

(post-identification)

OBS

Large, confounded

|

EXP-Only 4
[Representation-EXPJ

IDENTIFICATION §
Small, randomized Causal sc[orlng rule ]] CvdCI E
r*(x,m) = E[Y | x, m, EXP CVCI-Residual f
esidua
OBS-Only \

SIM [Interventional outputs]

Offline simulator Psu(m | x,a)

Figure 2: Three-source design. SIM and EXP are sufficient for identification of r*, ¢, and p on shared
support; OBS affects estimation efficiency only. Solid arrows mark the identification flow; dashed
gold arrows mark post-identification statistical signal.

For finite cached benchmarks, write r*(z,m) := E[Y | X = z, M = m, EXP] for the EXP-side
outcome regression and Mmeache(, @) for the stored output associated with context 2 and model a.
The cached evaluation target is

Gcache (1'7 a) =" (ZE, Mcache (ZE, a)),

which replaces the SIM mediator average with a single cached draw and is therefore a property of the
realized cache.

Assumptions. Identification uses five design assumptions, each isolating one source of bias.

Assumption A1 (Randomization in EXP). In EXP, A is randomized over Agxp so that A 1 U and
A 1 U | X. Without this, no source identifies the causal scoring rule.

Assumption A2 (SIM validity and shared support). The simulator matches the interventional mediator
law, psim(m | z,a) = P(M = m | X = z,do(A = a)), with supp psim (- | ,a) C suppP(M |
X =z, A = a,EXP) for every z in the EXP context support and every a € Agxp.

Assumption A3 (Outcome consistency under intervention). The conditional outcome law given
(X,M,U) is invariant across OBS, EXP, and intervention: P(Y | X, M,U,OBS) = P(Y |
X,M,U,EXP) =P(Y | X, M,U,do(A = a)) on the relevant support.

Assumption A4 (No latent mediator confounding; single-round generation). U L M | X, A, so
the generative model has no edge U — M once (X, A) is fixed. This restricts the framework to
single-round, stateless generation.

Assumption A5 (Context distribution alignment). The marginal target distribution coincides with
EXP, P8 = PYXP. When this fails, only ¢(, a) on the shared support is identified; reweighting
requires standard transportability arguments [Cole and Stuart, 2010, Pearl and Bareinboim, 2011,
Bareinboim and Pearl, 2016].

Throughout the paper, “A1”—“A5” refer to Assumptions A1-A5; Appendix A.l expands their motiva-
tion, support conditions, and transportability caveat.

3 Identification

EXP provides the unbiased scoring rule r*(x,m) = E[Y | X = z,M = m,EXP] defined in
Section 2, and SIM provides the interventional mediator distribution pgim (- | x, a); together they
identify causal value. Throughout, the analysis is restricted to actions in the experimental action set
Agxp and to mediator values on the shared support of the EXP law of M | X = z, A = a and the
SIM law pgim (- | z, a).
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Theorem 1 (SIM plus EXP identifies causal value). Under the causal graph in Figure 1 and
Assumptions AI-AS, for every x in the EXP context support and every a € Agxp,

q(z,a) = E[Y(do(A = a)) | X = x} = Eptpo (-Ja,a) 17 (2, M)] e))

and therefore, with (i(a) defined under the target context distribution P;(gt = PEXP of Assumption
A5,

wla) =Ey piea(X,a)] = Ex _ptet [Easepn¢1x.0 7 (X M)]] @)

Hence both q(x,a) and p(a) are identified from EXP and SIM on the shared EXP/SIM support;
identification places no unconfoundedness requirement on OBS.

Proof sketch. The proof uses each assumption exactly once. A4 strips M of any residual infor-
mation about U given (X, A); Al then removes the remaining U — A path inside EXP, so the
conditional law of Y given (X, M) in EXP matches the law under do(A = a) on the shared support;
A3 carries this equality from EXP to the post-intervention world, identifying the EXP regression
r*(x,m) as the causal scoring rule; A2 plugs in the SIM mediator law to obtain ¢(z,a); and A5
averages over the target context distribution to recover u(a). The full proof is in Appendix C.1;
Appendix A.2 explains why conditioning on (X, M) in OBS still leaves residual U-confounding
once Al is dropped.

From identification to the experimental design. The controlled validation probes the theorem-
level target with a known latent reward generator. The two real cached benchmarks report regret
against ¢cache With one cached output per context—action pair, diagnosing the post-identification
estimator families. Across all settings, Section 4 uses OBS only after identification, to reduce variance
or improve function approximation.

4 Estimators

After SIM and EXP identify the target, the remaining question is how OBS can reduce estimation
error. The six estimator families differ in how they use OBS after identification: some ignore OBS
outcomes, some use OBS only to learn a proxy representation, and some use OBS outcomes through
a baseline or pooled fit. Proxy-learning details, value aggregation, and the theory-to-evidence map
are expanded in Appendices A.3, A.6, and A 4.

Notation. Throughout, 2 = (x,m) denotes a context-mediator pair, ¢(z) € R? a fixed high-
dimensional text-feature map, and ¥(z) € R* (k < d) a lower-dimensional proxy representation
learned from OBS auxiliary labels in the spirit of embeddings adapted for causal adjustment [Veitch
et al., 2020]. Write F,, = {r(z) = clipj (wTo(z) +b) : (w,b) € R} and Fy, analogously
on v for the clipped-linear function classes used as the reward-model hypothesis spaces; the proxy
changes estimation only. Two families use OBS outcomes as well: fops is a reward predictor pre-fit
by ridge on Dopgs, used either as a baseline that EXP corrects (Grounded) or as part of a pooled
OBS+EXP loss (CVCI variants).

Table 1: How the six reward estimators use OBS and EXP. Darker shading indicates heavier reliance
on observational signal.

Estimator OBS role EXP role Bias—variance intuition

EXP-Only None Fits the reward model No confounding bias, but high variance
when EXP is small.

OBS-Only Fits the reward model on logged None Low variance, but inherits bias from

Representation-

outcomes
Learns the proxy representation 1/ from

Fits the reward head on

confounded model choice.
Effective when the target varies along

EXP auxiliary labels directions retained by ).

Grounded Provides the baseline predictor fops Estimates and tunes a correction to Uses OBS for efficiency and EXP to
and the proxy space 1 foms remove low-dimensional bias.

CVCI Contributes logged-outcome loss Chooses the pooling weight by causal Trades OBS bias against finite-EXP
directly cross-validation and anchors the fitto  estimation error through direct pooling.

randomized outcomes
CVCI- Provides the baseline and contributes Chooses the pooling and shrinkage of ~ Uses OBS for the coarse fit and EXP
Residual pooled residual loss in ) the residual correction for the residual mismatch.
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Table 2: Theory-to-evidence map for the six estimator families. Tier 1: formal main-paper support.
Tier 2: formal appendix support. Tier 3: empirical diagnostic.

Mechanism Tier Formal support Empirical reading

SIM + EXP identify the target 1 Theorem 1 All benchmarks separate scoring from re-
play/cache

Grounded enlarges the proxy correc- 2 Appendix Theorem on class expansion Basis-expanded Grounded improves over

tion class single-linear in summarization

Oracle vs. finite-sample correction 2 Appendix Grounded-vs-OBS theorem Grounded competitive but not uniformly best

CVCI-Residual residual simplicity 2 Appendix residual-vs-pooling theorem Wins selected cells, can underperform on real
summarization

Proxy/reward alignment for 3 — (empirical) Coding fix-success crossover near oufix =

Representation-EXP 0.25

Reward-fit objectives. All six reward models minimize a penalized squared loss with predictions
clipped to [0, 1]. With shorthand Lg(r) := 3", ,, e ps (r(z,m) — y)? for S € {OBS, EXP} and
ridge penalty €(-), the families differ in the data and feature space they use:

Texp = arg min Lexp(r) + Q(7), 3)
Tos = arg min Logs(r) + Q(r), O]
TRep = arg min Lgxp(r) + Q(r), 5)

T’G]'—w

~ L ~ =~

Fa(2) = clipyg,y [ fons(2) + 8 (2) + 3] ©)
Tover(A) = arg Iggl (1 =X Lops(r) + ALgxp(r) + Q(r), @)

reS e
Toveires(A) = fos + arg gnelgi (1 =N LSEs(g) + ALgxp(9) + Q(g), (®)

where L§®(g) = 32, n.p)eps(9(z,m) — (y — foss(z, m)))? is the residual loss against the
OBS anchor, the Grounded correction (1/9\, 5) in (6) is fit on EXP residuals Y — fopg(z), and the
CVCI pooling weight A € [0,1] in (7)—(8) is chosen by EXP cross-validation. The unbiased-biased
endpoints in (3)—(4) make EXP-Only the variance-bound baseline and OBS-Only the bias-bound

endpoint; the four hybrids interpolate between them through three orthogonal levers (proxy features
1, an OBS anchor fopg, and the pooling weight \).

Theory-to-evidence map. Table 2 groups the six families by the kind of evidence that supports
each comparison. Tier-1 statements (identification) are formal and main-paper; Tier-2 statements
(oracle correction, residual simplicity, function-class enlargement) are formal but appendix-only;
Tier-3 patterns (proxy alignment, reward geometry) are empirical diagnostics. The benchmarks in
Sections 5-5.5 probe Tier 3, and Appendix A.4 expands the map.

From reward fits to model values. With a fitted reward 7, denote by Xy, a held-out evaluation
context set drawn from the target distribution P)t(gt = P)%XP and by ngxp,, the number of EXP
samples with A; = a. The direct-method (DM) and doubly robust (DR) value estimators are

1

ﬁDM (a’) = Z E]\/[Npsim('lzza)l:?(x’ M)] ’ (9)
|Xeval| cx,
x eval
i (a) = "M (a) + (Y = R(XG, M), (10)
NEXP,a j: Aj=a

On cached benchmarks the SIM expectation collapses to a single cached draw and the DM term
reduces to 7(x, Mcache(, a)). Empirically, on the synthetic (8, noss, nexp) grid DR does not
improve agent-level value RMSE over DM on average (Appendix Table 9: DR adds +0.013 to
+0.019 RMSE for EXP-Only, OBS-Only, CVCI, and Representation-EXP), while in a separate
strong-self-selection regime with intentional reward-model underfit, DR halves agent-level value
RMSE (Appendix Figure 4). DR is therefore a model-level diagnostic, not a default. Sections 5-5.5
diagnose these benchmark-specific family instantiations; Appendix A.4 separates formal estimator
support from empirical target-alignment diagnostics.
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Table 3: Regret-optimal estimator on the semi-synthetic summarization benchmark across confound-
ing strength § and budgets (nops, nrxp) (mean regret over 30 seeds; appendix table includes regret

gaps).

Budget cell B=0 B=02 B=05 B=08 B=09 B=0.99
(2,000, 20) CVCI-Residual CVCI CVCI OBS-Only  Grounded  Grounded
(20,000, 20) CVCI CVCI CVCI CVCI CVCI CVCI

(2,000, 100) cval cval CVCI  OBS-Only OBS-Only OBS-Only
(20,000, 100) CVCI EXP-Only EXP-Only EXP-Only EXP-Only EXP-Only

5 Empirical benchmarks

5.1 Benchmark setup

Across all benchmarks, the task is to estimate a reward surface, recommend the best action on each
held-out context, and measure held-out recommendation regret. The OBS choice law is governed by
a confounding strength parameter 5 > 0 (with 5 = 0 yielding uniform OBS sampling and larger 3
inducing stronger user-side selection on A); EXP randomizes uniformly over Agxp; and the two real
cached benchmarks replace the latent target ¢ with ¢cacne. Each fitted reward 7 induces a per-context
estimated value q(x,a) = Earop,,..(-|z.a)[T(z, M)] on the controlled benchmark, or g(z,a) =
7(x, Meache (, @)) on cached benchmarks, and a recommendation 7(x) = arg max,c 4 q(z, a). We
report

1 ~
Regret, . = Hocd] x; [I(?eaj( q(z,a) — q(z,7(x))|,

with ¢ replaced by gcache On held-out cached grids. Appendix A.12 gives the full benchmark laws
and the benchmark snapshot table.

5.2 Controlled validation as a theory bridge

The controlled semi-synthetic validation replaces judged rewards in the summarization task family
with a known latent reward generator, so identification-side error and estimation-side error can
be measured separately. Sweeping the confounding strength 8 over six values and the budgets
(noss,nexp) over four settings yields a 24-cell regret map (Table 3). The pattern is regime-
structured: at the smallest (nops, nexp) = (2,000, 20) row, four different families win across the
six @ values; at (20,000, 20), CVCI wins all six § cells; at (2,000, 100), the winner shifts from CVCI
at low 3 to OBS-Only at high 3; at (20,000, 100), EXP-Only wins five of the six cells. CVCI is the
most stable single winner, with most regret gaps below 0.002 in absolute terms (Appendix Table 15
reproduces the full grid with regret-gap annotations).

The cached benchmarks below retain the same families. Their winner pattern differs from this
synthetic one (Section 5.4), so reward definition and auxiliary-feature alignment, not just the EXP
budget, drive estimator choice in the real setting.

5.3 Main-text benchmarks

The main paper reports two real-task cached benchmarks with synthetic OBS/EXP resampling:
CNN/DailyMail summarization [Hermann et al., 2015, Nallapati et al., 2016, See et al., 2017]
and SWE-bench Verified coding with BouncerBench patches [Jimenez et al., 2024, OpenAl, 2024,
Mathews and Nagappan, 2025]. Both use real tasks, real candidate outputs, and real judged or
program-test rewards, while OBS and EXP are benchmark constructions over the cached pool.
Appendix Table 14 lists the source data, cached objects, and targets.

5.4 Real-task cached summarization benchmark

The cached summarization benchmark uses 48 difficult CNN/DailyMail articles, 20 candidate summa-
rization systems, and one judged summary per article—model pair. It evaluates smooth and sharpened
user-segment reward maps on the same cache; OBS and EXP samples are obtained by resampling the
cached pool under segment-dependent routing and uniform randomization. Appendix A.10 gives the
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noss = 2,000 noss = 20,000

Method ngxp = 20 ngpxp = 200 ngxp = 20 ngxp = 200
CVCI 0.0128 0.0128 0.0120 0.0120
OBS-Only 0.0128 0.0128 0.0123 0.0123
Grounded 0.0200 0.0133 0.0133 0.0135
EXP-Only 0.0170 0.0121 0.0140 0.0118
Representation-EXP 0.0330 0.0184 0.0365 0.0124
Best OBS-based method 0.0128 0.0128 0.0120 0.0120
EXP-Only — best OBS-based +0.0042 —0.0007 +0.0020 —0.0002

Table 4: Recommendation regret under the smooth aggregate reward (lower is better; mean over 30
seeds). Positive values in the last row mean an OBS-assisted family beats EXP-Only at that budget.

Table 5: Regret-optimal estimator on the real summarization benchmark across 8 and budgets, parallel
to Table 3 (mean over 30 seeds; appendix Table 16 has regret gaps).

Budget cell B=0 =02 p=05 p=08 p=09 B=0.99
(2,000, 20) Grounded Grounded ~ Grounded OBS-Only OBS-Only  Grounded
(20,000, 20) Grounded Grounded EXP-Only EXP-Only EXP-Only EXP-Only
(2,000, 100) OBS-Only OBS-Only OBS-Only cvcl CVCI CVCI
(20,000, 100) CVCI-Residual cval Ccvcl cvcl Ccvcl cvcl

exact slate construction, reward maps, budget grid, and standard errors; Appendix Table 11 reports
the full aggregate ranking summary.

Supervision scarcity. Table 4 traces a budget-driven crossover. At ngxp = 20 the best OBS-
assisted family improves on EXP-Only, and at ngxp = 200 EXP-Only catches up or slightly wins.
This matches the post-identification view in Table 2: once EXP and SIM identify the target, additional
randomized labels improve the EXP-side reward fit. In the aggregate smooth/sharpened comparison,
CVCI has the best average rank and excess regret, with a small gap to OBS-Only relative to cell-level
uncertainty (Appendix Tables 11 and 13). Reward-shape and R? diagnostics in Appendix Table 12
show that varying the target reward while fixing the cached outputs changes alignment with the
rubric-linear and proxy classes.

Real-vs-synthetic winner-map contrast. On the same six-/3 four-budget grid, the regret winner
pattern on the cached real benchmark differs from the synthetic surface (Table 5). Grounded wins
five of six low-budget cells (nops=2,000, npxp=20) where CVCI and CVCI-Residual dominate
the synthetic version, and CVCI reclaims the high-OBS large-EXP row (20,000, 100). Ranking
diagnostics tell yet another story: Grounded wins top-1 and top-3 in all 24 real cells while winning
regret in only six (Appendix A.14). Estimator choice is therefore a function of (data regime,
deployment loss, target reward) jointly, and a single “best” family does not transfer between the
synthetic and the real benchmark even when the budget grid is identical.

5.5 Real-task cached coding benchmark

The cached coding benchmark uses SWE-bench Verified issues [Jimenez et al., 2024, OpenAl, 2024]
and one BouncerBench candidate patch per issue—agent pair [Mathews and Nagappan, 2025]. It
fixes nops = 2,000, ngxp = 100, and S = 0.5, then varies the reward definition. Each patch has
true fix success c¢; and patch-quality components ¢, c3, ¢4. The fix-success weight asgy shifts target
mass toward ¢y, while wyeak changes the non-success components from additive to weakest-link
aggregation. Appendix A.15 gives the full construction, R? diagnostics, and pairwise heatmaps.

Reward-alignment crossover. For user type u, let w,; € [0, 1] denote the fix-success mass for
that type and W, > 0 (k = 2,3,4, >, Wy, = 1) the normalized weights on the patch-quality
components. The benchmark utility is then

4
Yu = Wy1Q[xC1 T (1 - wul) ((1 - Wweak) § Wk Ck + Wweak krglgl4ck> )
k:2 Ay
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Figure 3: Mean regret in the cached coding benchmark as the fix-success weight agy increases
(30 seeds; lower is better). At low agy, the target follows auxiliary patch-quality components and
Representation-EXP is competitive; above the crossover near 0.25, OBS-based families overtake it.

and qcache averages Y, over benchmark user types. Figure 3 shows a crossover near agy ~ 0.25:
Representation-EXP is among the lowest-regret families when the target follows patch quality, while
OBS-based families win once true fix success dominates. On the additive slice, the regret gap between
Representation-EXP and the better of OBS-Only and CVCI moves from —0.0039 at agx = 0 to
+0.0003 at 0.25 and +0.0415 at 1. The mild weakest-link slice (wyeax = 0.25) preserves the same
crossover and ordering, isolating the effect to which component of the reward dominates. Tilting
toward c; moves the target away from auxiliary patch-quality signal that Representation-EXP can
extract from OBS labels and toward the binary fix-success signal that pooled OBS+EXP fits absorb
directly. The full 5 x 5 pairwise delta heatmaps in Appendix Figure 5 show the same target-alignment
diagnostic across both aggregation modes.

6 Related work

The paper combines off-policy evaluation, hybrid observational-randomized estimation, and LLM
evaluation. Standard Direct Method with Replay (DM) and Doubly Robust (DR) estimators come
from contextual-bandit, policy-evaluation, and missing-data work [Robins et al., 1994, Bang and
Robins, 2005, Dudik et al., 2011, 2014, Swaminathan and Joachims, 2015, Jiang and Li, 2016,
Thomas and Brunskill, 2016], where logged outcomes are typically assumed unconfounded given
context. Our setting differs because user-side factors can confound both model choice and outcome,
so SIM plus EXP first identifies the reward surface and OBS enters only afterward.

The estimator families are closest to experimental grounding, data fusion, trial generalizability, and
recent methods for combining large biased samples with smaller randomized samples [Kallus et al.,
2018, Cole and Stuart, 2010, Pearl and Bareinboim, 2011, Bareinboim and Pearl, 2016, Rosenman
et al., 2023, Cheng and Cai, 2021, Lin et al., 2025, Yang et al., 2025, Colnet et al., 2024]. The
experiments draw on summarization and LLM-evaluation work, including CNN/DailyMail [Hermann
et al., 2015, Nallapati et al., 2016, See et al., 2017, Stiennon et al., 2020], benchmark and judge
reliability studies [Liang et al., 2023, Zheng et al., 2023, Chiang et al., 2024], real-world logs [Zheng
et al., 2024, Zhao et al., 2024], evaluator-bias analyses [Wang et al., 2023, Dubois et al., 2024,
Panickssery et al., 2024, Verga et al., 2024], preference-learning pipelines [Christiano et al., 2017,
Ouyang et al., 2022, Rafailov et al., 2023], and causal NLP views of text as treatment, outcome,
mediator, or proxy [Feder et al., 2022]. Appendix A.16 preserves the fuller positioning.

7 Discussion and Future Work

Each benchmark probes a different driver of estimator choice. The controlled validation isolates the
EXP-budget effect with a known reward generator; the summarization benchmark stresses supervision
scarcity at fixed reward geometry; and the coding benchmark stresses reward-target geometry at fixed
supervision. The pattern across the three sweeps yields concrete deployment guidance.
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A practical recipe. Tie estimator choice to three observable quantities. (i) The deployment loss:
regret and top-rank metrics rank families differently, with Grounded winning all 24 top-1 and top-3
ranking cells in the cached summarization benchmark while winning regret in only six. (ii) The
EXP budget ngxp relative to the OBS budget nops: OBS-assisted families gain most when EXP is
scarce, and EXP-Only catches up as EXP grows. (iii) How well the auxiliary representation i or the
OBS predictor fops tracks the held-out target: both Representation-EXP and OBS-anchored families
inherit the alignment of the OBS signal with the deployment reward.

When OBS information helps and when it does not. Whenever the deployment reward is well
predicted by the same features that drive OBS outcomes, the pooled fits in (7) reduce variance without
paying a meaningful bias cost; CVCI and Grounded are then strong defaults. When the deployment
reward depends on a signal that OBS labels do not contain — the binary fix-success component in
coding, or a sharply re-weighted user segment in summarization — the same OBS pull becomes a
bias liability and EXP-Only or Representation-EXP becomes preferable. The coding crossover near
afix ~ 0.25 in Figure 3 is a concrete instance of this transition.

Scope and extensions. The real-task benchmarks use real candidate outputs and real judged or
program-test rewards; OBS and EXP mechanisms are controlled constructions over cached pools,
which is what makes the supervision-scarcity and reward-geometry sweeps cleanly interpretable.
Two extensions follow directly: broader tasks with naturally observed deployment logs paired with
live randomized trials, and multi-round human—agent interaction, which relaxes Assumption A4 to
allow stateful U — M paths through dialogue history. Appendix A.16 expands on scope, limitations,
and alternative scoring rules.

8 Conclusion

Offline evaluation of language models separates cleanly into identification and post-identification
estimation. SIM and EXP together identify causal model values on shared support, while OBS
contributes after identification through auxiliary signal or biased outcomes whenever they predict the
causal target. Across the controlled validation and two cached real-task probes, the best estimator
tracks the EXP budget and the alignment between OBS-derived structure and the target reward; live
randomization remains the prerequisite for any deployment-grade comparison.
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A Additional details

A.1 Extended problem setting and assumptions

This appendix preserves the full three-source design and assumption motivation behind Section 2.

Accessible data sources. Three data sources are available, each contributing something the others
cannot provide alone. OBS is a large observational dataset

Dops = {(Xi, Ai, M, Y5, Z) 107,

where A; may depend on the corresponding latent state U; and Z; € [0, 1]¥ are auxiliary labels that
may or may not be available. The auxiliary labels provide extra supervision for learning a compact
proxy representation of the context—output pair; user feedback ratings and pairwise preferences are
natural sources and can often be collected at scale [Christiano et al., 2017, Ouyang et al., 2022,
Chiang et al., 2024].

EXP is a much smaller dataset
Dexp = {(Xj, Aj, M;,Y;)} BT,

in which model choice is randomized and therefore unconfounded. Since A; is drawn from the
experimental action set Agxp according to a fixed distribution, A L U and A L U | X, so EXP
outcomes are causally interpretable. Randomizing model choice disrupts user experience, which is
why these experiments remain small in practice.

The simulator reruns any generative model on any context and returns a mediator draw from M ~
Psim(- | X = 2, A = a). Operationally, SIM reruns generative model a on held-out context z and
records the generated output. In generative systems, SIM is especially natural because prompts,
retrieved documents, tool traces, and other environment inputs can often be stored as deterministic
inputs, while the remaining randomness comes from the generative model itself. Figure 2 (main text)
shows the three-source pipeline.

Target estimand details. The marginal model value asks how well each model would perform on
average if used by the full target population:

p(a) :=E[Y (do(A = a))].
The context-conditional model value asks what outcome each model would deliver for a particular
observed context:
q(z,a) =E[Y(do(A=0a)) | X ==z].
Section 3 shows how both targets are recovered: SIM supplies the model-specific mediator distribution

and EXP provides unconfounded scores for realized outputs. In real cached benchmarks, the finite
cached target gcache approximates ¢(x, a) while the superpopulation estimand remains latent.

Design assumptions for SIM-based identification. A1 (Randomization in EXP). In EXP, A is
randomized over Agxp so that A L U and A L U | X hold. Randomization is the sole source of
unconfounded outcome information; without it, identification is impossible regardless of OBS size.

A2 (SIM validity and support). The simulator matches the interventional mediator distribution,
Psim(m | z,a) = P(M =m | X = z,do(A = a)), and is supported within the EXP mediator
support: for every x in the EXP context support and every a € Agxp,

supp psim (- | #,a) C suppP(M | X =z, A = a, EXP).

Throughout the paper, “the shared EXP/SIM support” refers to this support condition. SIM validity is
satisfied whenever any randomness in the generated output comes from the generative model itself
and all deployment-time inputs that affect the generative model’s behavior are included in X.

A3 (Outcome consistency under intervention). OBS and EXP measure the same outcome Y, and
the conditional outcome law given (X, M, U) is invariant across OBS, EXP, and the post-intervention
world: for every (z,m, u) on the relevant support,

PY|X=2,M=mU=u,0BS) = PY |X=2,M=m,U=u,EXP)
=PY|X=2,M=mU=u,do(4 = a)).
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Only the model-choice mechanism differs across OBS, EXP, and intervention. Without this, EXP
supervision could not transport either to the intervention or to OBS-trained reward models.

A4 (No latent mediator confounding; single-round generation). Conditional on (X, A), the latent
state U is independent of the mediator M in OBS, EXP, and under intervention:

ULM|X,A.

Equivalently, the SCM has no edge U — M once (X, A) is fixed, and any deployment-time inputs
that drive the generative model are absorbed into X. A4 restricts the framework to single-round,
stateless generation. In repeated, adaptive, or multi-round interactions the residual dependence of M
on U given (X, A) is generally nonzero, so A4 fails.

A5 (Context distribution alignment). The marginal model value 1(a) is defined with respect to
a target context distribution Py" that coincides with the EXP context distribution: Pi8* = PIXP.
Equivalently, the EXP sample is drawn from the same context population over which p(a) is averaged.

When this fails, only ¢(z, a) on the shared support is identified, and reweighting to a different P)t(gt
requires standard transportability and trial-generalizability arguments [Cole and Stuart, 2010, Pearl
and Bareinboim, 2011, Bareinboim and Pearl, 2016].

A.2 Identification remarks

SIM resolves generation; EXP resolves scoring. SIM regenerates the mediator M under
do(A = a), while EXP supplies the outcome labels needed to score that mediator. So SIM han-
dles counterfactual generation and EXP identifies causal scoring. The randomized sample is what
identifies the scoring rule 7*(x, m) for a realized context—output pair.

Why observational outcomes target a different object. In deployment, A depends on the latent
variable U, and U also affects Y directly. Conditioning on (X, M) therefore leaves self-selection
bias in place, so in general

EY | X =z, M = m,OBS] # r*(z,m).
This is why the additional assumptions in Section 4 are estimator-side assumptions for using OBS,

while identification itself comes from SIM and EXP.

A.3 Estimator details and concrete implementations

Exact reward-model objectives. This subsection records the exact fitting problems and benchmark-
specific implementation details deferred from Section 4. EXP-Only fits

~ A . 2
(@exp, bexp) € arg min > (V= (' e(z) +b)" +afwl3,

JEEXP
with prediction rule Trxp (2) = clipp y (Wpxpp(2) + bexp).

Representation-EXP fits the same ridge head on the proxy representation:

~ T . 2
(@y,by) € argmin Y (¥; = (" w(z) + 1) + w3,
" jJEEXP

with 7, (2) = clipyg 11 (@)1 (2) + by).
OBS-Only fits the raw-feature ridge model on OBS outcomes,

PO . 2
(@oss, bops) € argmin > (Yi— (w(zi) + )" + allw|3,
" i€OBS

and predicts fops(2) = clipjg ] (W psp(2) +EOBS).

For Grounded, define EXP residual targets A; = fops(z;) — Y; and fit

. ) 2
(0,¢) € arg min Z (A; - (0T (z;) + )"+ Xall0]]3
" JEEXP
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Table 6: How each estimator family is implemented in the appendix validation and the real bench-
marks. Family names are shared across settings, but the proxy channel and EXP-side tuning differ by
benchmark.

Paper family Semi-synthetic instantiation Real-benchmark instantiation EXP-side tuning

EXP-Only Raw-feature ridge fit on EXP only Same family on cached real outputs Fixed defaults

OBS-Only Raw-feature ridge fit on OBS out- Same family on cached real outputs None
comes only

Representation- EXP-only reward head on a proxy EXP-only reward head on a heuristic proxy learned from  Fixed defaults

EXP learned from OBS auxiliary labels cached trajectory metadata

Grounded OBS baseline plus low-dimensional OBS baseline plus richer proxy-basis correction on the ~ Small EXP-only tuning
proxy correction heuristic auxiliary proxy

CVCI Direct pooled OBS/EXP fit in raw  Same family with model-level EXP cross-validation for ~Benchmark-specific
text features the pooling weight EXP tuning

CVCI-Residual  OBS baseline plus pooled residual fit ~Same family with the heuristic auxiliary proxy and model- Benchmark-specific
in proxy space level EXP cross-validation EXP tuning

The resulting predictor subtracts the fitted proxy-side correction from the OBS baseline and clips the
result to [0, 1]. In the real benchmarks, the grounded family keeps the same outer form but replaces
the single linear proxy correction with a small library of proxy-basis corrections built on the heuristic
auxiliary proxy. Appendix A.5 compares this richer correction class with a single-linear baseline and
with a weak pooled-anchor variant.

CVCI pools the OBS and EXP regression objectives:

o . 1
(D, by) € argmin | (1 — \) S (Y- (wlelz) +b)°
wb NEXP JEEXP
(11)
1 2
+ A Yi—wT zi)+b —|—aw2,
— i;o]:gs( (w'p(zi) + b)) Jwllz

with 73 (z) = clipyg y (W p(z) +by). Here A = 1 is the OBS-only endpoint and A = 0 is the
EXP-only endpoint. The final predictor refits (11) on the full OBS and EXP data at the value of A
selected by Appendix A.11.

CVCI-Residual residualizes around fogs using the residual target Y; — fos(2;) and pools only that
residual fit in proxy space:

B23) € angagin |03 2 (= Joms(en) = (070(G) + )’
FA— 3 (Y- fous(a) — (6T 0(z) +0)°| + avlOlB,

1€OBS

with 7res 2 (2) = clipyg 1) (foBs(2) + @w(z) +¢)). In the experiments, both the pooling weight A
and the residual ridge penalty o, are selected by Appendix A.11; when residual-CVCI candidates
are tied within numerical tolerance, the implementation resolves the tie toward the more regularized
candidate.

How each estimator family is implemented. Table 6 shows how each estimator family is imple-
mented in the appendix validation and in the two real benchmarks. The family names are the same
across settings, but the proxy construction and EXP-side tuning differ by benchmark.

A.4 Theory-to-evidence map for estimator comparisons

The estimator comparison is guided by three evidence tiers. The identification theorem is part of
the main paper. The estimator-comparison results in Appendix C provide formal support for several
oracle and approximation statements. Target-alignment patterns in the benchmarks diagnose whether
a target reward aligns with a proxy, baseline, or correction class. They provide empirical rather than
formal evidence. Table 7 summarizes this map.

Throughout Section 5.4, Grounded refers to the rich proxy-basis version in Table 6. Appendix A.5
compares it with the single-linear baseline and the pooled-anchor variant.
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Table 7: Theory-to-evidence map for the estimator comparison. Tier 1 is formal support in the main
paper; Tier 2 is formal support from the appendix; Tier 3 is empirical diagnostic evidence only.

Mechanism Tier Formal support Empirical diagnostic Interpretation rule

SIM plus EXP identify 1 Theorem 1 All benchmarks separate randomized EXP supplies uncon-

the target scoring from replayed or cached outputs founded scores; SIM or
cached replay supplies
mediators.

Grounded can enlarge a 2 Theorem 2 Basis-expanded Grounded improves over Treat this as benchmark

proxy-side approxima- the single-linear grounded baseline in Ap- evidence for richer cor-

tion class pendix A.5 rection bases; the theo-

rem establishes class ex-
pansion, not finite-sample

dominance.
Oracle correction ver- 2 Theorem 4 and (15) Grounded is competitive but not uni- The oracle result is not a
sus finite-sample cor- formly best in the cached benchmarks finite-sample dominance
rection guarantee.
Residual simplicity 2 Theorem 3 CVCI-Residual wins only selected cells Read wins or losses as
and often underperforms in real summa- benchmark evidence
rization about residual simplicity,

not as direct tests of the
oracle condition.

Proxy alignment and re- 3 Empirical diagnostic unless ad- Summarization R? diagnostics and cod- Interpret as empirical di-
ward definition ditional approximation-class re- ing fix-success sweep agnostics rather than for-
sults are formalized mal oracle statements.

A.5 Grounded-family implementations for the real cached benchmark

A common grounded template. All real-benchmark grounded variants start from the same decom-
position: fit an OBS baseline fopg from logged outcomes, then use the heuristic auxiliary proxy to
estimate a correction that is subtracted from that baseline. The variants differ along two design axes:

1. the correction class used on the proxy representation, and
2. whether OBS enters the second stage only through fopg or also through a small pooled anchor
after the correction direction has been fixed.

The grounded-family comparison instead organizes three principled instantiations of the same
baseline-minus-correction idea.

Variant 1: single-linear grounded correction. This is the most straightforward grounded in-
stantiation. It uses the heuristic auxiliary proxy, keeps a single linear correction family, and
tunes the correction strength on EXP. For the auxiliary real summarization comparison over
B € {0,0.2,0.5,0.8,0.9,0.99}, nops € {2,000,20,000}, and ngxp € {20,100}, we report the
version of this linear class tuned by model-level EXP cross-validation, which serves as the matched
linear baseline for the richer grounded variants. That single-linear class uses the predictor

Fitna(2) = cligo 1 ( foms () — (0 () +7)),

where 1, is the learned heuristic auxiliary proxy and the correction is linear in that proxy.

Variant 2: Grounded as a rich but still small proxy-side correction class. The main-text
Grounded instantiation keeps the same baseline-minus-correction outer form, but replaces the single

linear correction by a small library of proxy-basis corrections. Write QZaux(z) € R for the
standardized 16-dimensional SVD compression of the learned heuristic auxiliary proxy. For

B e {Bidproly}a Bid(u) =u, Bpoly(u) = [u, u® U},

and ridge level 7 € {1072, 1,100}, the rich grounded direction fits

(5., 25.7) € argmin > ()= (07 Bfau(z))+0) + 71013, A; = foms(z) Y]
" jEEXP

and predicts

Frien, 2. (2) = clipyy 1 fops (2) = a0 , B(uwx(2) + Car) ).
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Table 8: Grounded-family implementations for the real cached benchmark. The table compares the
single-linear grounded baseline, the richer proxy-basis grounded instantiation used in the main text,
and a weak pooled-anchor variant built on the same rich correction direction. ‘Regret wins’ counts
wins among the seven methods obtained by adding the pooled-anchor variant to the six main-text
methods.

Second-stage Regret pacro Mean Mean
Variant Correction family OBS use Tuning wins  regret top-1 top-3
Single-linear Single linear correction on the None beyond the Model-level EXP 1 0.0357 0.628 0.646
correction baseline heuristic auxiliary proxy baseline fops cross-validation for
Qcorr
Grounded rich Rich proxy-basis correction on None beyond the Model-level EXP 6 0.0318 0.736 0.736
proxy-basis correction  standardized 16-dimensional baseline fops cross-validation over
heuristic auxiliary features with (B, T, &corr)
B € {id, poly2} and
T € {1072,1,100}
Rich correction with  Same rich EXP-only correction OBS enters only Model-level EXP 4 0.0326 0.744 0.744
weak pooled anchor direction as Grounded, followed by through the pooled  cross-validation over
anchored coefficient pooling coefficients (b, @) (B, T, \) with
closed-form anchored
(b, @)

The final implementation selects (B, 7, «) by agent-CV on EXP. Relative to the linear grounded class,
this replaces the correction family

Hiin = {u — 9Tu -+ c}
by
Heion = {u >0 Bu)+c: Be {Bid,Bpoly}},

$0 Hiin € Hiich- The corresponding grounded predictor class therefore expands the proxy-side

approximation space while still learning the correction direction from EXP only.

Variant 3: pooled-anchor grounded. The appendix pooled-anchor variant keeps the rich EXP-only
correction direction but adds a weak pooled anchor in the second stage. Let

/C\Bﬂ'(z) = b\Bg,TB(J)aux(z)) + /C\B,T
denote the grounded correction direction learned from EXP. The pooled-anchor predictor is

Tanchor,A(2) = Clip[oﬂ(a\ foss(z) — ax EB,T(Z))7

where (by, @) are obtained from the anchored objective

ST (Y- (bf&es(20) — alp(2)))”

1€OBS

(bx, @) € argmin | A
b, NOBS

1

NEXP

+(1-N) 3" (Y - (bfons(z)) — alp.r (%))’

JEEXP
+ (b= 1) + pala —1)%

Here f(")fBS is a cross-fitted OBS baseline prediction. This variant pools only two calibration coeffi-
cients after EXP has already fixed the correction direction.

Why these implementations should behave differently. The three variants place their modeling
flexibility in different parts of the decomposition. The linear grounded baseline puts the entire second
stage inside the smallest class Hi;,. So it is the most conservative option, but it can underfit whenever
the discrepancy between fopg and the causal target is only approximately linear in the proxy. Because
Grounded replaces Hj;, by the strictly larger class Hyich 2 Hiin While still estimating the correction
direction from EXP only, it should help precisely when the residual mismatch is slightly nonlinear
in the proxy yet still low-dimensional. The pooled-anchor variant changes a different part of the
problem. It keeps the correction direction fixed at the grounded solution and lets OBS influence only
the coarse scaling coefficients (b, «). It should help when the main issue is the relative calibration of
the baseline and the correction, especially once EXP is large enough to identify a stable correction
direction.

17



566
567
568
569
570

571
572
573

574
575

577

578

580
581

582
583

584

585
586

587

588
589
590
591

592
593
594
595
596
597
598
599
600

601

Results on the (3,n0ps, nExp) comparison. Relative to the matched single-linear baseline,
Grounded lowers macro regret from 0.0357 to 0.0318, increases regret wins from 1 to 6, and has
lower mean regret in 15 of the 24 (3, nops, nExp) settings. The gains are concentrated in (2000, 20)
and (20000, 100), where Grounded wins all six beta values, and in (20000, 20), where it wins three
of six.

The pooled-anchor variant behaves differently. It beats Grounded in 11 of the 24 settings and has the
strongest average ranking metrics in this three-way comparison, but its macro regret is 0.0326 and it
wins regret in only four settings, all with ngxp = 100. Those wins occur only when ngxp = 100:

(8, noss, nexp) € {(0,2000,100), (0.5,2000,100), (0.8,20000,100), (0.9,20000,100)}.

The selected pooling weight is usually small: across 720 fitted models, A, < 0.03 in 565 fits and
Ax = 0 in 264 fits. In this comparison, the pooled anchor changes calibration more than it changes
the regret winner.

A.6 Value estimators and empirical benchmark metrics

The reward models in Section 4 estimate a conditional outcome surface. To obtain generative-model-
level causal values, we combine those reward predictions with SIM. These DM / DR aggregators
are used for the semi-synthetic generative-model values. They sit alongside the direct held-out-grid
metrics in the real cached benchmark.

Let {x;}; = be evaluation contexts and let m; 4, ~ Dsim (- | i, @) denote SIM-generated mediators.
The default SIM plug-in estimator is

Neval

/\DM § : § :
H - mt;mzab

neval i—1

This simply averages predicted rewards over SIM-generated outputs.

A doubly robust variant augments the plug-in estimator with a residual term computed from EXP.
Because EXP randomizes generative-model choice uniformly, pgxp(a) = 1/|Agxp|. Define

Bpr

~ 1 ~

Q(Iva) = TDR E T(‘T;ma,b)7 Ma,p ~ psim(' | x,a),
b=1

as the Monte Carlo approximation to the SIM-integrated reward. The estimator is

a) = q(X;,a  — (X, M;)).
a nEXP = ! nEXP T pexp(a) 7 e

The first term is the SIM-based plug-in estimate. The second term corrects it using the randomized
residual observed in EXP. For reward models trained on EXP, we use cross-fitting: EXP is partitioned
into K folds, and the reward model used in the residual term is trained on the remaining K.; — 1
folds.

Role of DM / DR versus direct cached-benchmark metrics. In the appendix semi-synthetic vali-
dation, we center held-out recommendation regret computed against the generator’s true interventional
rewards. The same runs also produce model-level value diagnostics such as the agent-level RMSE
of iPM(a) or iR (a), which remain useful for diagnosing reward-surface fit. In the real cached
benchmark, because the full held-out cached test grid is available, we additionally evaluate the fitted
reward surface directly on that grid. Let X5 be the held-out test contexts and Gyest = Xposy X A
the held-out cached grid. For each (2, a) € Giest, let geache(Z, a) be the judged scalar reward of the
single cached held-out trajectory for context  and agent a, and let g(x, a) be the fitted reward model
evaluated on that cached trajectory Define the benchmark-level agent aggregates

_ _ 1 ~
QCaChe( | Z (JCache xz, a qpred(a) = W Z Q(‘ra a) .
test TEXyest test TE€ Xyest
The real-benchmark empirical metrics are then
1/2
1 —~ 2
RMSE., = [ ¥— Z (q(ﬂﬁ, a) - QCache(-ry a)) )

[Grest| (2,a) EGrost
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1 _ _ 2 ~ ~

];{1\/[8133@6]“t - <|‘A| Z (qpred(a) - QCaChe(a)) ) ) 77(37) = arg Eneaj‘( q(a:,a),
acA

Regrettest = [I;leaj\( QCache($> (l) - QCache($> %(l‘)) .

‘ Xtest ‘ T € Xyest

These real-benchmark metrics summarize the finite held-out cached grid. The natural next extension
is repeated cached replays / repeated judged trajectories per (x, a) so that the benchmark can estimate
latent g(x, a) more directly.

A.7 Empirical role of DM / DR on the controlled benchmark

The same semi-synthetic runs also let us compare DM and DR on model-level value estimation.
These diagnostics answer a narrower question than the regret tables: when does randomized residual
correction improve the SIM plug-in value estimate?

Method DMRMSE DRRMSE A (DR—DM)
EXP-Only 0.0303 0.0432 +0.0128
OBS-Only 0.0268 0.0409 +0.0141
CVCI 0.0212 0.0399 +0.0187
Representation-EXP 0.0263 0.0424 +0.0161

Table 9: Average agent-level value RMSE across the synthetic (5, nops, ngxp) grid with 8 €
{0,0.2,0.5,0.8,0.9,0.99}, nops € {2,000,20,000}, and ngxp € {20,100}. Positive A means
that replacing DM by DR increases error.

Table 9 shows that, on this synthetic (3, nops, nexp) grid, the SIM plug-in estimator has lower
average agent-level value RMSE than DR for every representative method shown. Across these 24
settings, DR does not improve model-level value estimation on average.

0.08 - = DM
M : | —$— DR
0.06 -
O
E |
<
> 4
2 0.04
2 |
=
(0]
bb 4
< 0.02 1
400 800 1600 3200
NEXp

Figure 4: Targeted DM/DR diagnostic under strong self-selection, intentional reward-model underfit,
and increasing EXP budget with fixed OBS budget. In this regime, DR materially reduces agent-level
value RMSE.

Figure 4 shows a different case, with stronger self-selection, intentional reward-model underfit, lower
outcome noise, and increasing EXP budget at fixed OBS budget. In that setting, DR lowers agent-level
RMSE from 0.0738 to 0.0347 at ngxp = 400, and from 0.0663 to 0.0154 at ngxp = 3200. This is
a narrower result about model-level value estimation; it does not change the main regret comparisons
in the real summarization and coding benchmarks.
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A.8 Empirical role of DM / DR on the real summarization benchmark

The real summarization benchmark also allows a DM/DR comparison for model-level value estima-
tion. Here the target is the benchmark-level agent average over the held-out cached test contexts, and
DR uses the known uniform EXP propensity together with cross-fitting for methods trained on EXP.
This is a model-level value check built on top of the fitted reward model, not a replacement for the
regret comparisons in the main text.

Method ngxp DMRMSE DRRMSE A (DR—-DM)
OBS-Only 100 0.0479 0.0459 -0.0021
OBS-Only 200 0.0479 0.0410 -0.0070
OBS-Only 800 0.0479 0.0310 -0.0169
CVCI 100 0.0479 0.0724 +0.0245
CvCI 200 0.0479 0.0572 +0.0093
CVCI 800 0.0479 0.0325 -0.0154
Representation-EXP 100 0.0226 0.0749 +0.0522
Representation-EXP 200 0.0187 0.0634 +0.0447
Representation-EXP 800 0.0190 0.0298 +0.0108
EXP-Only 100 0.1092 0.2495 +0.1403
EXP-Only 200 0.0809 0.1528 +0.0718
EXP-Only 800 0.0604 0.0798 +0.0194

Table 10: Budget-specific DM/DR agent-level value RMSE on the real summarization benchmark at
nops = 20,000. Negative A means that replacing DM by DR reduces error.

Table 10 makes the heterogeneity explicit. OBS-Only improves in 23 of the 30 benchmark cells
and becomes more favorable as ngxp grows. CVCI changes sign only at ngxp = 800, where the
residual term is large enough to help more than it hurts. The EXP-side methods behave differently:
Representation-EXP worsens in 28 of 30 cells, and EXP-Only worsens in 27 of 30.

The natural interpretation is that DR is correcting the remaining OBS-side bias in model-level values
rather than uniformly improving all fitted reward models. On this benchmark, that makes it most
useful for the OBS-heavy baseline, conditionally useful for CVCI once the EXP budget is larger, and
generally unhelpful for the EXP-side methods whose remaining error is not well summarized by a
simple EXP residual correction.

A.9 Additional summarization diagnostics

Reward maps and routing. The summarization benchmark fixes one judged cached summary
for each article-model pair and evaluates two reward maps on that same cache. Each cached
summary carries a rubric vector s(x, a) = (Sfaith(x, a), Scov(Z, @), Sclar (T, @), Sconc (T, a)) €0,1)*
for faithfulness, coverage, clarity, and conciseness, together with an unsupported-claims count u(z, a).
Let 7 denote the four user segments and let w, € A* be the segment-specific weight vector. For
sharpening exponent v > 1 and unsupported-claims penalty A > 0, define

.
o Wrg ( >\) €0) U(xaa)
Ok _Eﬁzlwz/ ) Zw sk, a) =A=55

The smooth map is

g™ (z,a) = 451,0) (z,a) = (w;, s(z,a)), ooz, @) \T| Z gz
TET

With o(t) = (1 +e~*)~" and [t]jp,;] = min{1, max{0, ¢}}, the sharpened map is

(16,0.1)
sh _ [67— (LC, a)][ovl] - 09 sh
9r ((E,(I) - U( 0.02 ’ qcache T, a |T| 7;_9

OBS and EXP are sampled only from training contexts. User segments are drawn uniformly from 7,
EXP randomizes uniformly over A, and OBS uses the §-indexed router

exp(na(a) + BE(7) | €
) S e+ e T AT

prs(a |2z, 7)=(1—
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Method Avg.rank Top-3  Excess (%)

CvCIl 2.04 43 4.8
OBS-Only 2.83 32 7.9
EXP-Only 2.90 32 8.8
Grounded 3.21 26 79
CVCI-Residual 4.40 9 24.0
Representation-EXP 5.62 2 77.6

Table 11: Overall recommendation regret in the cached summarization benchmark. Avg. rank is the
average rank across the 48 settings; Top-3 is the count of settings in which a method ranked among
the top three; Excess (%) is the mean percentage regret increase relative to the best method in each
setting.

Average regret over the four budget settings

Method Smooth  Sharpened  Aghape

CvcCl 0.0126 0.0423 +0.0297
OBS-Only 0.0125 0.0477 +0.0352
EXP-Only 0.0147 0.0376 +0.0229

Representation-EXP  0.0267 0.0773 +0.0507

Held-out target-fit R?

Quantity Smooth  Sharpened A
Proxy-bundle R? 0.161 0.171 +0.010
Rubric-linear R? 1.000 0.779 —0.221

Table 12: Recommendation regret and held-out target-fit R2 under smooth versus sharpened reward
maps, with cached outputs held fixed. Sharpening the reward inflates regret for every estimator family
and drops rubric-linear B2, while proxy-bundle R? stays low.

where 7,(7) = (0X, fux(x)) — ke, is an article-dependent logit and &,(7) = (0Y,e(7)) is a
segment-affinity logit. Thus 5 = 0 removes the latent-user term, and larger 8 makes routing more
segment-specific.

In the cached summarization benchmark, CVCI has the best average rank, top-3 coverage, and excess
regret across 30 seeds and 48 settings. The gap to the next family is small relative to the spread of
cell-level standard errors reported in Appendix A.8, so this result reads as family-level evidence
within this benchmark instantiation.

In Table 12, the two held-out R? values are out-of-sample linear fits of the cached target surface
using the auxiliary proxy representation and the raw rubric vector s(z, a), respectively. This table
changes the target reward while holding the cached outputs fixed, so the regret increase and the drop
in rubric-linear fit diagnose target alignment rather than a formal oracle condition.

Table 13 reports model-level value RMSE for DM and DR. In this benchmark, DR mainly helps
OBS-heavy methods, while DM remains stronger for the other families. Appendix A.8 gives the
budget-specific breakdown and implementation details.

Method DMRMSE DRRMSE A (DR-DM)
OBS-Only 0.0479 0.0393 —0.0086
CVCI 0.0479 0.0540 +0.0061
Representation-EXP 0.0201 0.0560 +-0.0359
EXP-Only 0.0835 0.1607 40.0772

Table 13: Model-level value RMSE for DM and DR, averaged at nops = 20,000 and ngxp €
{100, 200, 800} over 30 seeds. Negative A means DR helps over DM; positive A means DR hurts.
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A.10 Exact real benchmark protocol

Dataset and candidate generative models. Contexts X are CNN/DailyMail articles [Hermann
etal., 2015, See et al., 2017]. The candidate set contains 20 summarization systems: 16 prompt-based
abstractive systems built from two Gemma 3 instruction models [Gemma Team, 2025], together with
four extractive baselines. For each context—generative-model pair, the cache stores one summary
together with its judged metadata.

Judged rewards and proxy features. For each cached output, the judge returns rubric-style signals
that are combined into the scalar reward used throughout the real benchmark comparisons. The
real benchmark instead uses a heuristic auxiliary-feature channel derived from cached trajectories
and judged-output metadata. That channel is best read as an OBS proxy, distinct from the hidden
representation ¢* used in the semi-synthetic study.

Fixed benchmark protocol. The real-data study fixes a 48-context subset of relatively difficult
CNN/DailyMail articles, selected once by an article-level difficulty score. Within this fixed pool,
each seed performs an 80/20 context-level train/test split, uses no separate context-level validation
split, and tunes hyperparameters only on a held-out fraction of EXP when the estimator requires it.
OBS and EXP are sampled only from the training contexts. The observational-choice protocol is a
fixed paired-sampling design under a self-selection mechanism that routes each decision through a
five-system candidate slate before the final model choice.

Budget views and aggregation. The real summarization study uses three budget views. The
main-text regret comparisons use

B €{0,0.2,0.5,0.8,0.9,0.99},  nops € {2,000,20,000},  ngxp € {20,200},

with matched smooth and sharpened reward maps, giving the Section 5.4 summaries over six
values, two OBS budgets, two EXP budgets, and two reward maps. The DM/DR value diagnostics in
Table 10 instead fix nops = 20,000 and use ngxp € {100,200, 800}. The winner-map table below
is a separate smooth-reward (3, nogs, nExp) comparison with

B€{0,0.2,0.5,0.8,0.9,0.99},  mnops € {2,000,20,000},  npxp € {20,100},

reported to show the full 24-cell winner map. All reported means and standard errors are recomputed
from seed-level paired runs, with 30 seeds in every reported (5, nops, nExp, method) cell.

A.11 Tuning on EXP: model-level cross-validation, EXP holdout, and defaults

We use three EXP-side tuning strategies. Model-level EXP cross-validation partitions the generative
models appearing in the sampled EXP data for that seed/cell and validates at the held-out model
level over that sampled EXP model set. EXP holdout reserves a validation subset from the sampled
ngxp budget itself and tunes on that holdout. Fixed defaults use dataset-configured settings with no
extra EXP hyperparameter sweep.

More precisely, ngxp is the total EXP budget for a given seed/cell. If a method uses an explicit EXP
holdout, that holdout is carved from the sampled EXP budget itself; no extra EXP rows are sampled
outside budget, and no separate context-level validation split is required for this.

For Grounded-, CVCI-, and CVCI-Residual-style families tuned by model-level EXP cross-validation,
let Agxp be the set of generative models appearing in the sampled EXP data and partition it into K,
folds {A*)}X¢ . The corresponding validation indices are

) ={j e EXP: 4; € AWM}, TP =EXP\ T}

val T val *

For a candidate tuning parameter 7 (for example, 7 = copy for Grounded or n = X for CVCI), fit the

corresponding estimator using all OBS data together with the EXP indices in It(f ). Then evaluate
held-out generative-model means with

— (I 2
O = Y wra(, (@ -7 (@), (12)

acAk)
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=(k - —(k .
where 7’5] )(a) = % Zjezingjzaﬁ, k)(zj), v )(a) = nl:cl,a Zjezi’;f:A,:an’ and ng , is
the number of held-out EXP examples for generative model a in fold k. We use count weights
Wk,q X N q, Normalized so that ) ac A Wka = 1, and select the parameter that minimizes the
average fold loss. If too few generative models appear in the sampled EXP data to sustain the
requested number of model-level folds, the procedure falls back to sample-level cross-validation and

records the effective mode.

In the real main sweep, Grounded, CVCI, and CVCI-Residual use model-level EXP cross-validation.
The simpler historical linear grounded baseline instead uses an EXP holdout through correction-a
tuning on the held-out EXP subset. EXP-Only, OBS-Only, and Representation-EXP use fixed
defaults.

When candidate hyperparameters are tied within numerical tolerance, the implementation resolves
ties toward the more regularized / less aggressive solution. For residual CVCI-Residual this means
preferring larger residual ridge penalties and, if still tied, larger OBS pooling weights. For holdout-
tuned grounded corrections, ties in the correction-« grid are resolved toward smaller shrinkage
factors.

Because the news_hard top-48 real benchmark contains only 48 contexts, each 80/20 context
split leaves roughly 10 held-out test contexts per seed. Single-seed regret is therefore noisy, and all
real-benchmark conclusions are aggregated across many seeds.

A.12 Benchmark setup details

Each benchmark setting specifies a training-context distribution, a held-out test set, an action set, a
simulator, an experimental reward map, and an observational logging family. Within one such cell,
the observational law factors as

pOBS(xauvaam7y) = Ptr(-r) P(U ‘ x)prS<a | x;u)psim(m | .’E,a) PY(y | x,m,u),

and the experimental law replaces the choice model by an unconfounded randomization rule 7gxp (a |
x):
pEXP('raua a7m7y) = Ptr(x) P(U | I) 7TEXP(G‘ ‘ x)psim(m | x,a) PY(y ‘ x,m7u).
Here Py is the benchmark-specific outcome law. In the main-text benchmark settings, mpxp (a |
x) = 1/|A|, and r*(z,m) = E[Y | X = &, M = m, EXP] integrates out U | X = x under pgpxp.
The identified target remains
q(a:, CL) = EMNPmn('|I7G) [7‘*(3}, M)]

Each estimator returns ¢, inducing 7(x) = argmax,c 4 ¢(z, a), and the main metric is held-out
recommendation regret. The S-indexed observational choice law is benchmark-specific. In the
appendix controlled validation, prs (a]z,u)=(1-pP)rx(a|x)+ Bry(a|u), where mx is a
context-driven policy and 7y is a latent-user policy. Thus 5 = 0 removes latent-user routing, whereas

B = 1 uses only the latent-user component. Section 5.4 instead uses a softmax router in which 3
scales the latent-user logit contribution.

The real cached benchmarks fix one realized mediator meache (2, a) for each context-action pair and
report the finite cached target ¢cache (%, @) = r*(x, Mcache (T, @)). Their reported recommendation
regret therefore replaces ¢ by gcache On the held-out cache. Randomness then comes from OBS/EXP
sampling and the benchmark’s latent draws, not from regenerating mediators at evaluation time.

A.13 Semi-synthetic controlled validation

The semi-synthetic validation keeps the summarization task family but replaces judged rewards by a
known latent generator, so held-out regret can be evaluated directly against the true interventional
surface. Each context—mediator pair is mapped to an unobserved representation

¢*(x,m) = Ho(x,m) € R%,

where H is a fixed signed-hash projection of sparse hashed text features (X, M) € R2". The
benchmark-specific outcome law is

Py (- | z,m,u) = L(sigmoid ((w*) " ¢*(z,m) + ATu+¢)), e~ N(0,0%),
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Table 14: Benchmarks used in the main text. The two cached benchmarks evaluate finite cached targets
cache Trather than the latent superpopulation target g; their OBS and EXP samples are constructed by
resampling and reweighting the cached pool under specified routing and randomization rules.

Benchmark Source data Cached object Evaluation target

Controlled semi- CNN/DailyMail article family with a SIM-generated summaries from True interventional reward surface g
synthetic known latent reward generator the generator pool (theorem-level target).

Real-task cached sum- 48 difficult CNN/DailyMail articles; 20 One judged summary per article Finite cached target g2, . (or q::Che):
marization candidate models and model segment-average rubric score over four

user types under the smooth (or sharp-
ened) reward map.
Real-task cached cod- SWE-bench Verified issues with a Bounc- One cached candidate patch per Finite cached target gcache: User-
ing erBench patch pool issue and agent average utility over fix success (c1) and
patch-quality components (cz2, c3, c4).

SO
r*(z,m) =E[Y | X = 2, M = m,EXP] = EUNP(.,I),E[sigmoid((w*)%*(x, m)+ AU +5)]

OBS and EXP share this same Py, so the only confounding channel is model choice through
prS(a | x,u), while EXP randomizes uniformly over the candidate agent set. This appendix
validation varies only 3, nops, and ngxp, so changes in the regret winner can be attributed to
confounding strength and data budget.

Implementation details. The semi-synthetic generator uses sparse hashed text features (X, M) €

R2" for all reward models. The hidden representation has dimension dy = 8 and is constructed by
a seeded signed-hash projection; it is fixed across replicates and is not observed by any estimator.
When hybrid estimators use the proxy map 1(z) from Section 4, the PCA dimension is dy, = 20. The
context-only embedding ¢ x (X) that appears in the observational choice model is a separate object. It
is fit on raw article text alone, with no context—output pairs. Operationally, we sample 5,000 contexts
from the observational split, fit a TF-IDF vectorizer with English stop-word removal, unigram—
bigram features, and a vocabulary cap of 50,000 terms, and then apply rank-50 truncated SVD. Thus
¥x(X) € R is a low-dimensional context representation used only for model choice and for the
U | X model in the semi-synthetic generator. This is distinct from the proxy representation ¢)(X, M)
in Section 4, which is learned from OBS auxiliary labels and is used by the hybrid reward estimators.
Reference values and held-out regret metrics are computed on 7,y = 100 and ney, = 100 held-out
contexts respectively, using B = 5 simulator draws per context—agent pair.

Fixed protocol in the appendix controlled validation. The appendix semi-synthetic validation
fixes one confounding protocol and varies only the self-selection weight (3, the observational budget
noss, and the experimental budget ngxp. EXP randomizes uniformly over the candidate agent set.
OBS mixes a context-only softmax policy with a latent-user shortlist policy, where /3 is the probability
of drawing from the confounded latent-user component. This validation uses

B€{0,0.2,0.5,0.8,0.9,0.99},  nops € {2,000,20,000},  ngxp € {20,100},

and reports 30 paired seeds in every available cell. The direct latent effect on the reward score and
the auxiliary-label noise level are both fixed throughout this validation grid.

Budget-axis repetition for pure baselines. OBS-Only ignores EXP labels, so its reported value is
constant across the two EXP columns for a fixed (8, nogg) pair. EXP-Only ignores OBS outcomes,
so its reported value is constant across the two OBS rows for a fixed (8, ngxp) pair. This repetition
is carried through consistently in the synthetic regime table and summary table.

A.14 Appendix results for the summarization benchmark

Synthetic summarization results. Table 15 shows the regret winner in each synthetic summariza-
tion setting over six 3 values and four (nops, ngxp) budget settings.

The smallest-budget row (2,000, 20) is the most mixed: CVCI-Residual wins once, CVCI wins twice,
OBS-Only wins once, and Grounded wins twice. At (20,000, 20), CVCI wins all six beta values. At
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Budget cell B =0 =02 pB=05 =08 =09 B=0.99

noes = 2,000 oyl Residual CVCI CVCI OBS-Only  Grounded  Grounded
nexp = 20 +0.0004 +0.0002 +0.0009 +0.0004 +0.0010 +0.0004
nops = 20,000 cvcl cvcl cvcl cvcl cvcl cvcl
nexp = 20 +0.0005 +0.0015 +0.0015 +0.0021 +0.0018 +0.0017
noss = 2,000 CVCI CVCI cvcl  OBS-Only OBS-Only OBS-Only
nexp = 100 +0.0008 +0.0017 +0.0012 +0.0006 +0.0008 +0.0005
noss = 20,000 CVCI EXP-Only EXP-Only EXP-Only EXP-Only EXP-Only
nexp = 100 +0.0002 +0.0012 +0.0016 +0.0013 +0.0012 +0.0016

Table 15: Regret-optimal estimator on the semi-synthetic summarization benchmark. The number
beneath each winner is the regret gap to the runner-up.

Budget cell B =0 B =0.2 B8 =0.5 B8 =0.8 B =09 L =0.99
noss = 2,000 Grounded Grounded Grounded OBS-Only OBS-Only  Grounded
nexp = 20 +0.0002 +0.0011 +0.0036 +0.0000 +0.0008 +0.0006
noss = 20,000 Cirointd Grounded EXP-Only EXP-Only EXP-Only EXP-Only
nexp = 20 +0.0016 +0.0049 +0.0013 +0.0062 +0.0019 +0.0019
noss = 2,000 OBS-Only OBS-Only OBS-Only CvCl CVCI CVCI
nexp = 100 +0.0007 +0.0002 +0.0002 +0.0000 +0.0000 +0.0008
noss = 20,000 cyCpResidual  CVCI CVvCI CvCI CVCI CVCI
nexp = 100 +0.0048 +0.0009 +0.0052 +0.0012 +0.0013 +0.0046

Table 16: Regret-optimal estimator on the real summarization benchmark. The number beneath each
winner is the regret gap to the runner-up.

(2,000, 100), the winner shifts from CVCI at lower 8 to OBS-Only at higher 5. At (20,000, 100),
EXP-Only wins all but the 8 = 0 cell.

Across the 24 settings, CVCI is the most stable overall winner, but no single method wins everywhere.
Most regret gaps are small, so Table 15 is best read as a map of where the winner changes.

Additional synthetic aggregate interpretation. Across the same 24 settings, CVClI is also the
aggregate regret leader. EXP-Only and OBS-Only form the next tier, while Grounded and CVCI-
Residual win only a few cells. The ranking diagnostics are flatter than regret: no single method leads
top-1 or top-3 across the grid.

Real summarization results on the smooth auxiliary comparison. Table 16 shows the regret
winner in each real summarization setting for the auxiliary smooth-reward comparison over six 3
values and four (nops, npxp) budget settings.

At (2,000, 20), Grounded wins four beta values and OBS-Only wins two; the 5 = 0.8 cell is
essentially a tie. At (20,000, 20), Grounded wins at low 3, while EXP-Only wins at higher 3. Once
ngxp = 100, the high-OBS row (20,000, 100) is dominated by CVCI, with a single CVCI-Residual
win at 8 = 0, while the low-OBS row (2,000, 100) shifts from OBS-Only at lower 8 to CVCI at
higher 3.

Additional real ranking-regret comparison. Across these 24 settings, CVCI is the aggregate
regret leader and Grounded is second. Ranking tells a different story: Grounded wins top-1 and top-3
in all 24 settings but wins regret in only 6.

A.15 Public cached coding benchmark

Fixed protocol. The coding benchmark uses a public cached grid of issue descriptions, patch
mediators, and execution-derived rewards. The coding comparison in Section 5.4 fixes

,8 = 0.5, noBps — 2,000, NExp = 100,
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Figure 5: Pairwise regret differences A regret = regret(family A) — regret(family B) across the 5 x 5
grid of (afix, Wweak ) in the cached coding benchmark instantiation; negative values mean family A
has lower regret than family B in that cell. Left panel: Representation-EXP minus the best OBS-based
family. Right panel: Grounded minus OBS-Only.

uses outcome-precision 64, and evaluates only the feature-based implementations of the estimator
families. It then varies two reward-design parameters:

fix-success weight € {0,0.25,0.5,0.75,1}, weakest-link weight € {0,0.25,0.5,0.75,1},

with 10 paired seeds in every cell. The first parameter rescales the fix-success component of the
reward, while the second moves the non-fix patch-quality score from additive aggregation toward a
weakest-link rule.

Reward construction and target-alignment diagnostics. Each cached patch is scored by four
components ¢y, ca, C3, C4, Where c; records true fix success and cs, 3, ¢4 summarize patch size,
locality, and issue focus. These patch-quality components can disagree with true fix success, which is
why changing the reward definition matters here.

For user type u with weights w, = (wy1, Wy2, Wy3, Wy4), normalized non-success weights are
Wk = Wyuk/ (Wy2 + Wu3 + wyq) for k € {2, 3,4}, and

4

gu(027 C3, 04) = (1 - wweak) Z WykCk + Wweak min{c27 C3, 04}-
k=2

The benchmark utility for user type u is

Yu(x,a) = wyy asix c1(x, a) + (1 — wy1) gulea(x, a), cs(x, a), cax, a)),

and the evaluation target is the cached user-average surface geache(z,a) = E[Yy(z,a) | X =
x]. Representation-EXP maps each issue—patch pair into an auxiliary representation learned from
observational patch statistics and fits EXP rewards on that representation.

With the data budget fixed, rankings change because the reward puts more or less weight on true fix
success. At wyeax = 0.25, the regret gap between Representation-EXP and the better of OBS-Only
and CVCI moves from —0.0034 at ag, = 0, to +0.0024 at az, = 0.25, to +0.0375 at ag, = 1.
This sweep tests whether auxiliary patch statistics retain the target signal as the target moves from
patch quality toward true fix success.

Held-out R? comes from linear fits of the cached target using either auxiliary patch statistics or ¢;
alone. On the additive slice, the auxiliary-feature fit drops from R? = 0.347 at ag, = 0 to 0.081 at
agx = 1, while the c;-only fit rises from essentially zero to R2 = 0.967. The R? shift matches the
change in method ranking: Representation-EXP helps when the target follows patch-quality features,
but it loses that advantage once the reward is driven mainly by fix success.

Changing wyeax changes only how the non-success components are combined. Its largest effect is
on Grounded: at zero fix-success weight, the grounded-minus-OBS regret gap shrinks from about

26



829
830

832
833
834
835
836
837
838

839
840
841
842
843

844

845
846
847
848
849
850
851
852
853
854
855
856

858
859
860
861
862
863

865
866

Fix-success weight\weakest-link weight 0 0.25 0.5 0.75 1.0

Representation-EXP  Representation-EXP  CV(C[-Residual OBS-Only  OBS-Only

0.00 +0.0039 +0.0033 +0.0001 +0.0001 +0.0002

Representation-EXP OBS-Only CVCI CVCI CVCI

0.25 +0.0006 +0.0004 +0.0004 +0.0013 +0.0009

OBS-Only OBS-Only CVCI CVCI CVCI

0.50 +0.0004 +0.0010 +0.0003 +0.0008 +0.0004
CVCI OBS-Only OBS-Only OBS-Only OBS-Only

0.75 +0.0013 +0.0029 +0.0004 +0.0003 +0.0013
OBS-Only CVCI CVCI OBS-Only OBS-Only

1.00 +0.0011 +0.0007 +0.0001 +0.0068 +0.0056

Table 17: Regret-optimal estimator on the coding benchmark at fixed nops = 2,000, ngxp = 100,
B = 0.5, and reward-noise precision 64. Columns give the weakest-link weight in the non-fix
patch-quality score, and rows give the weight on true fix success. Most top-two gaps are small, so the
table mainly shows where the regret winner changes.

+4-0.0495 under additive scoring to about +0.0126 under the pure weakest-link rule. Figure 5 (right)
shows the same effect. Even so, Grounded remains worse than the best OBS-based method throughout
this fixed-budget setting.

Appendix coding results. In this coding appendix comparison, we treat a winner change as
substantive when the top-two regret gap exceeds 3 x 10~%; smaller gaps are near-ties. Table 17
reports the regret winner in each cell. Every top-two gap is below 0.01, and 20 of the 25 cells
are below 1.5 x 1073, Most flips between OBS-Only and CVCI therefore reflect near-ties in the
high-fix-success part of the grid. The clearest differences appear at low fix-success weight under
additive scoring, where Representation-EXP outperforms the OBS-based methods, and in the steady
narrowing of the grounded-versus-OBS gap as weakest-link scoring becomes stronger.

Secondary axes omitted from the main text. Additional coding comparisons over confounding
strength and outcome noise were qualitatively weaker. They changed absolute difficulty, but they did
not produce ranking shifts as clear as those induced by the fix-success weight and weakest-link weight
in this fixed-budget probe. For that reason, the main text centers this reward-design comparison and
leaves the other axes to this appendix discussion.

A.16 Extended positioning, scope, and limitations

Off-policy evaluation. Direct Method with Replay (DM) and Doubly Robust (DR) are standard
estimators in contextual-bandit and policy-evaluation settings [Dudik et al., 2011, 2014, Swaminathan
and Joachims, 2015, Jiang and Li, 2016, Thomas and Brunskill, 2016], and they descend from the
foundational doubly robust and missing-data lineage of Robins et al. [1994] and Bang and Robins
[2005]. The OPE setting these papers analyze starts from logged action—outcome pairs in which
outcomes are assumed unconfounded given context: the central technical issue is action coverage
under the logging policy, and the recorded outcomes faithfully represent the causal target. In our
setting, even for observed actions, the recorded outcomes are confounded because user-side factors
influence both who selects which model and how its output is judged. Because SIM can regenerate
outputs for any model on any held-out context, DM and DR enter only after the reward surface itself
has been estimated. We use SIM and EXP to identify the causal scoring rule and then use OBS to
reduce variance.

Experimental grounding and hybrid estimation. The closest methodological antecedents are
experimental grounding [Kallus et al., 2018], data-fusion and transportability formalisms [Pear] and
Bareinboim, 2011, Bareinboim and Pearl, 2016], and trial-to-target generalizability [Cole and Stuart,
2010]. A related line of work studies how to combine large biased samples with smaller randomized
ones [Rosenman et al., 2023, Cheng and Cai, 2021, Lin et al., 2025, Yang et al., 2025, Colnet et al.,
2024]. That literature asks when observational signal can be used to reduce variance without giving
up the causal credibility of the randomized sample; in those papers, the unit-level outcome is observed
on both samples and the modeling work is done on a fixed outcome label. The estimator families in
Section 4 are concrete instantiations of the same bias—variance question. Our setting differs in one
specific way: the target outcome is not directly observed even on the randomized sample because the
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unit “output” must first be regenerated by SIM and then scored. Identification in our setting depends
on SIM validity (Assumption A2) together with EXP randomization.

Summarization and LLM-based evaluation. Our experiments use CNN/DailyMail contexts
[Hermann et al., 2015, Nallapati et al., 2016, See et al., 2017, Stiennon et al., 2020] and rely on
LLM-judged rubric scores in the pool-based study. Recent LLM-evaluation work covers benchmark
design [Liang et al., 2023], judge reliability and pairwise preference platforms [Zheng et al., 2023,
Chiang et al., 2024], and real-world usage logs [Zheng et al., 2024, Zhao et al., 2024]. It also
documents biases in automatic evaluators, including positional unfairness [Wang et al., 2023], length
bias [Dubois et al., 2024], and self-preference [Panickssery et al., 2024], and studies panel-based
mitigations [Verga et al., 2024]. Preference data is central in alignment pipelines, both with explicit
learned reward models [Christiano et al., 2017, Stiennon et al., 2020, Ouyang et al., 2022] and with
implicit reward formulations such as direct preference optimization [Rafailov et al., 2023]. The
LLM-evaluation work cited above primarily treats judged scores as outcome data and studies how
reliable those scores are and how to average them. We use cached outputs and judged scores as inputs
to a causal evaluation problem; they become the causal target only after EXP-identified scoring.

A complementary line of work in causal NLP studies how text can serve as treatment, outcome,
mediator, or proxy for unobserved confounders [Feder et al., 2022]; OBS-derived auxiliary labels in
our setting play exactly the proxy role identified there. Taken together, the setting sits across the three
literatures rather than fitting cleanly inside any one of them.

Scope and future work. Ranking diagnostics can diverge sharply from recommendation regret.
In the cached summarization benchmark, Grounded wins every top-1 and top-3 ranking setting
but wins regret in only 6 settings. Regret is driven by a small number of costly recommendation
mistakes that average ranking metrics do not isolate. The benchmarks therefore center Regret, .,
with context-action RMSE and model-level RMSE as secondary diagnostics.

The two real-task benchmarks use real candidate model outputs and real LLM-judged rubric or
program-test scores on those outputs. Their OBS and EXP mechanisms are benchmark constructions
over the cached pool. The empirical comparisons therefore diagnose how the estimator families
behave under controlled synthetic OBS/EXP resampling on real tasks. The empirical scope is
deliberately narrow: cached summarization isolates supervision scarcity, and cached coding isolates
reward geometry. Family-level wins in these benchmarks are benchmark-specific diagnostics.

Estimator choice depends on what limits performance in the benchmark at hand. In practice, the
key checks are whether more EXP labels materially improve EXP-based methods and whether a
structured representation predicts the held-out target better than a simple success-only baseline.
Deployment decisions should still be confirmed by live randomized evaluation. These conclusions are
specific to the task families and benchmark constructions studied here. Future work includes broader
tasks, repeated mediator draws, naturally observed deployment logs paired with in-deployment ran-
domized trials, and multi-round human—agent interaction, which would require relaxing or replacing
Assumption A4.

A.17 Implementation notes

The synthetic validation uses only cached data generation; no external API calls occur after the
generator pool is constructed. DR uses EXP propensities from uniform randomization together
with cross-fitting for reward models trained on EXP. Additional synthetic diagnostics and older
experimental variants are omitted from the present main-text comparisons.

B Rubric subscores for CNN/DailyMail summaries

Given an article X and candidate summary M, the judge outputs four integer subscores 5(X, M) €
{0,1,2,3,4,5}*: faithfulness, coverage, clarity, and conciseness. Scores use the anchors below;
intermediate values interpolate between adjacent anchors.

Faithfulness (0-5). Factual consistency with the article. Unsupported claims include invented
entities, numbers, events, causal attributions, or quotes.
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* 5: No unsupported claims; all salient statements are grounded in X.

* 4: Minor unsupported detail(s) that do not affect the main facts.

* 3: Multiple unsupported or weakly supported statements; main story remains recognizable.
* 2: Several unsupported claims affecting key details (e.g., actor/action/outcome/number).

* 1: Many unsupported claims; substantial contradiction or fabrication.

* 0: Predominantly hallucinatory or contradictory relative to X .

Coverage (0-5). Inclusion of the article’s major points (headline facts, primary actors, core events,
outcomes, and key qualifiers).

* 5: Covers all major points; omissions are limited to minor details.

* 4: Covers most major points; at most one major point missing.

 3: Covers some major points; several major omissions.

* 2: Covers few major points; summary reflects only a small slice of the article.
* 1: Minimal coverage; largely misses the article’s main content.

* (: Misses most major points or is largely off-topic relative to X.

Clarity (0-5). Readability and organization (coherence, grammaticality, referential clarity, and
logical flow).

* 5: Clear and well-structured; unambiguous references and fluent phrasing.

* 4: Generally clear; minor awkwardness or minor ambiguity.

* 3: Understandable with effort; noticeable disfluency, repetition, or unclear references.
* 2: Hard to follow; frequent grammatical issues or unclear structure.

* 1: Mostly unclear; major coherence failures.

* 0: Unreadable or incoherent.

Conciseness (0-5). Information density at an appropriate length; redundancy and irrelevant detail
reduce the score; excessive brevity that omits necessary content also reduces the score.

* 5: Efficient summary with minimal redundancy and no filler.

: Slight redundancy or mild over/under-length without major impact.

: Noticeable redundancy or length mismatch; still usable as a summary.
: Clearly too verbose or too terse; substantial inefficiency or truncation.
: Extremely verbose or extremely short; poor summary form.

: Pathological length or pervasive redundancy; not a usable summary.

L]
SN WA

C Full statements and proofs for identification and population estimator
comparisons

This appendix collects the proof of the main identification result and the full statements and proofs
for the population estimator comparisons referenced in Section 4. It also explains how these
approximation-class results motivate the empirical target-alignment diagnostics used in the bench-
marks; those diagnostics are not additional formal results. Throughout, Z = (X, M), Pg denotes
the EXP law of Z, and for a fixed target outcome Y we write

Rp(f)=op+IIf ="l N9l =Ez p:(9(2)?],  of =E[(Y —1"(2))*| EXP()1]3’)
where r*(z) := E[Y | Z = z, EXP]. For readability, we ignore the final clipping to [0, 1] and absorb
the intercept into both ¢ and ¢ by augmenting them with a constant feature.

C.1 Proof of Theorem 1

Proof of Theorem 1. By Assumption Al, A L U | X in EXP. Assumption A4 states the structural
restriction U L M | X, A in OBS, in EXP, and under do(A = a), so that conditional on (X, A) the
mediator M carries no residual information about U. Combining A1 and A4 with the chain rule for
conditional independence gives

UL(AM)|X  inEXP,
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so on the shared EXP/SIM support the scoring rule *(z,m) = E[Y | X = o, M = m,EXP)]
is identified from EXP and is free of self-selection bias. Assumption A2 gives pgim(m | ,a) =
P(M =m | X = z,do(A = a)), so for any  in the EXP support,

(2, @) = B[Y (do(A = 0)) | X = 1]
= E]V[Npsim(-|x,a) [E[Y | X = z, M = M7 dO(A = a)]]
= Enrmpaim(-fz,0) [T (@, M)]

where the last equality uses Assumption A3 (the conditional outcome law given (X, M, U) is the
same in OBS, EXP, and under do(A = a), and r* integrates U out under the EXP U | X distribution,
which by Al equals the post-intervention U | X distribution). This proves (1). Averaging ¢(X, a)
under the EXP context distribution and invoking Assumption A5 (P)t(gt = PEXP) gives (2). Outside
Assumption A5, only ¢(z, a) on the shared support is identified; reweighting to a different target
context distribution requires a standard covariate-shift adjustment. O

Define the linear classes
Hy ={z2+0"(2): 0 e R¥Y, Foi={zmw ¢(2):weR¥},
and the grounded / residual affine class

G(foss, V) :={fops —h: h€ Hy} = fors + Hy,

where the equality uses that 1, is a linear space.

C.2 Summary of the fixed-target comparisons and empirical alignment diagnostics

The main text uses the population comparisons as conditional guidance for reading the experiments,
not as a guarantee that one estimator dominates. We separate the formal results included below from
empirical diagnostics that are motivated by the same approximation-gap viewpoint.

Formal results included below.

* At the oracle level, correcting OBS cannot hurt. Projecting OBS bias onto the correction space
weakly improves EXP risk relative to OBS-Only; shrinkage matters only because the estimated
correction can be noisy in finite samples. See Theorem 4.

* Grounded expands the proxy-side approximation class. If the OBS baseline is not already linear
in v, then correcting an expressive baseline by a low-dimensional proxy residual can represent
targets that a pure ¢-linear EXP fit cannot. See Theorem 2.

e CVCI-Residual is favored when the hard part is already in the OBS baseline. Residualization
beats direct pooling when fopg absorbs the difficult part of the reward surface and the remaining
discrepancy is simpler in proxy space than the full target is in raw text features. See Theorem 3.

* In the shared linear proxy special case, Grounded is centered ridge. When both the OBS
baseline and the EXP target are linear in the same proxy representation, Grounded becomes ridge
centered at the OBS coefficient, and it beats EXP-Only exactly when that OBS center is a better
shrinkage target than zero. See Theorem 5 and Corollary 6.

Empirical diagnostics motivated by the formal results. The experiments do not test the oracle
conditions directly. They report proxy-alignment and reward-shape diagnostics that are related to
the approximation classes in the formal results. In summarization, the smooth-to-sharpened reward
comparison changes the target while keeping the cached outputs fixed. In coding, the fix-success
sweep moves the target away from auxiliary patch-quality features and toward true fix success. These
diagnostics are empirical probes of estimator—target alignment, not additional theorems.

» Target—-proxy alignment is measured empirically. The representation-based estimators are
most useful when the target reward varies along directions retained by the auxiliary proxy. The
summarization and coding experiments report held-out target-fit R? as a proxy for this alignment.

* Reward definitions can change estimator rankings through approximation-class alignment.
Changing the reward definition can move the target toward or away from the approximation class
used by an estimator. The smooth/sharpened summarization comparison and the coding fix-success
sweep are diagnostics consistent with this mechanism.
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* Regret is the primary downstream metric. The experiments report recommendation regret
because the evaluation objective is action selection; RMSE and ranking metrics are secondary
diagnostics for reward-surface fit and model-level value fit.

C.3 What representation correction buys

Theorem 2 (What representation correction buys). For any fixed baseline fops, the grounded class
G(foss, V) satisfies the following three statements.

(a) If there exists 6, € R% such that

r*(2) = fops(z) =0, ¢(z)  forall z,
then v* € G(foss, ¥). Conditional on the fitted baseline fops, EXP only needs to estimate the
dy-dimensional residual coefficient 0.

(b) If fops & Hy, then
G(fos, V) # Hy, foms € G(foms, ¥) \ Hay-

So grounded correction can represent targets that a pure -linear EXP fit cannot.
(c) If fors € Hy, then
G(foms: ) = Hy.

In that special case, representation correction does not enlarge the function class.

Proof. We prove the three claims in order.
For part (a), the displayed identity
r*(2) = fops(z) — 0, ¥(2)

is exactly the statement that r* € G(fops, ). Once fops is treated as fixed, the only EXP-side
unknown is the d,-dimensional coefficient vector 0,.

For part (b), note that 0 € H,,, hence

foss = foss — 0 € G(foBs, V).
If G(foms,¥) = H., then this would imply fops € H., contradicting the assumption. Therefore
G(foms,®¥) # Hy, and fops is a member of G( fors, ) that does not belong to H..

For part (c), suppose fops(z) = Blpsi(2) for some Bops € R%. Every g € G(fops, 1) has the

form
9(2) = Bopst(2) — 07 (2) = (Boss = 0) "¥(2) € Hy,
s0 G(fops,¥) € Hy. Conversely, for any g(z) = BT 1(2) € Hy, choosing § = Bops — 3 gives
9(2) = fors(2) = 079(2) € G(foms, V).
Thus Hy € G(fops, ¥), proving equality. O

C.4 Residualization versus direct pooling

Theorem 3 (Residualization versus direct pooling). Let fops be the observational baseline used
by Grounded and CVCI-Residual, and assume fops,r* € L*(Pg) together with finite-dimensional
linear classes F, and Hy, so that both classes are closed in L?(Pg) and the projections in question
exist (when arg min is non-unique, any minimizer suffices, since the displayed risks depend only on
the projections). Define the oracle direct and residual predictors by

i - i ~
flo € arg Jnin Re(f),  hie € arg Jnin RE(foss +h).
Then
Riu(foss + hles) < Ri(fl)
if and only if

distg(r*, fors + Hy) < distg(r*, F,),
where distg(r, A) := infgc 4 | — g||g. In particular, if
r* — fOBS S ’Hw but r* ¢ .T'T,,
then
RE(fOBS + hies) < 7?’E(chvci)'
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Proof. By (13),
inf Rp(f)=0%+ inf ||f—r*|% =0% + dist%(r*,fg,).
feF,

fEF,
Likewise,
inf Rp(fops +h)=o0p+ inf |fops+h—r*|E = o% + distp(r*, fops + Hy).
he€Hy heHy

Subtracting the common irreducible term 0% gives the equivalence.

If r* — foms € ’Hw, then
diStE(T*, foss + /Hw) =0.

If also * ¢ F,,, then
distg(r*, Fy) > 0.

Hence
RE(fOBS + hies) < RE(fngi)' 0

C.5 Oracle grounding and shrinkage

Theorem 4 (Oracle grounding is no worse than OBS-only). Let b := fops — r* denote the OBS bias
function on EXP. Let H., C L*(Pg) be the resulting closed linear correction space, and let

Al =TIy, b

be the L*(Pg) projection of b onto that space. For any o € [0, 1], define the oracle grounded
predictor

fc.a := fops — ahl.
Then
REe(fa.a) = Re(foss) — (2a — a?)||hT|%,. (14)
Hence
Re(fe.a) < Re(foss) forall a € [0,1],

with strict inequality whenever o > 0 and ht # 0.

Proof. Write

b=h +u, w:=>b—h'.
Because h' is the orthogonal projection of b onto the closed linear subspace H.,, we have u L AT in
L?(Pg).

Now
fa.a — 1 = (fos —7*) —ah! =u+ (1 — a)h'.
Therefore,
Re(fea) = 0% = u+ (1 - a)hl|f = [[ullf + (1 - )||AT[IF,
where the cross term vanishes by orthogonality. On the other hand,
Re(fos) — 0% = [blE = lu+ h'lIE = |ullf + 571
Subtracting the two displays gives
Rie(fa.a) = Re(foss) = (1 —a)® = 1)[|A1E = —(2a — o) |43,

which is (14). Since 2a — o2 > 0 on [0, 1], the inequality follows, and it is strict whenever & > 0
and bt # 0. O
Derivation of the noisy-correction identity. For any heL? (Pg),
Re(fops — ah) — Re(fops) = o?|[h[[} — 2a(b, h) . (15)
Indeed, fops — ah —1* =b— aﬁ, SO
Re(foss — ah) — of, = |[b — ahl[E = (b + o*[[Al|% — 2046, h) .
Subtracting Rz (fops) — 0% = ||b]|% yields (15).
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C.6 The shared linear proxy special case

Theorem 5 (Grounded is centered ridge in the linear proxy special case). Assume the observational
baseline is already linear in the proxy representation,

foms(2) = Bopst(2),
with the intercept absorbed into 1. Let the EXP sample be {(¢;,Y;)}"_,, and write
ol
U=|:|eR™,  Y=(,....Y,)".
Un
Under full correction ooy = 1, grounded correction solves

5 € arg min [|[WBops — Y — W||3 + A|6[|3
SR

and outputs
Ba = Bops — 9.

Then B\G is exactly the centered ridge estimator
Ba € arg min [[Y —¥S|3 + A8 — Bops|l3-
BER™
Equivalently,

Ba = (U0 +AI)"HTTY + Ajogs).
For general acorr € [0, 1],

BG,QCO” = 5OBS - acorr(S == (1 - Ofcorr)ﬂOBS + acorrﬂG'

Proof. Set
B = Bops — 9.

Then 6 = Bogs — 3, so

VBops =Y — W0 =¥hops — Y — ¥(Bops — ) = ¥ - Y.
Therefore

1Boss — Y — WalI3 + Alld[|3 = [[Y — B3 + AllB — Bows|3-
So minimizing over J is equivalent to minimizing over (3, which proves the centered-ridge representa-
tion.

For the closed form, differentiate the centered-ridge objective:
=207 (Y — ¥B) 4 2X(8 — Boss) =0,

hence
(UTW 4+ ANB=T"Y + \oss,

which yields the stated formula for B(;.
Finally,

BG,O(CMr = BOBS - acorr(; = BOBS — Ocorr (5OBS - ﬂG) = (1 - acorr)BOBS + acorrﬁG- O
Corollary 6 (When the OBS center beats EXP-only). Assume in addition that the EXP target is
linear in the same representation,

Y =03 +e, Elg|¥ =0 Var(c| V) =1,

Let S := W', A:= (S + M), and define the EXP-only ridge estimator
Bexp = AVTY.
For any positive semidefinite matrix G, write ||u|%, := uT Gu. Then, conditional on U,
E[I — B.l1% | ] = N(8, — foms) T AGA(S, — fos) + 0* (G AS A),

while

E[IBexe — 8.2 | W] = X8I AGAB, + o® tx(GASA).
Therefore the linear grounded estimator is better than EXP-Only if and only if

(B« — Boss) ' AGA(B. — Bos) < B, AGAB,. (16)
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Proof. First,
Brxp — B = AU (U6, +¢) — B, = (AS — I)B, + AT 'c.
Since AS — I = —)\A, R
BEXP - ﬁ* = _)\Aﬁ* + A\I/Ta (17)
For grounded, note that
VBoss — Y = ¥Y(Bors — Bx) —€ = Vo, —e.

Hence R
Ba — By = Bops — P — AU (U5, —¢) =6, — ASS, + AV ¢,

Using I — AS = M\A gives
Ba — Br = NS, + AT T e, (18)

Now take conditional G-risk. From (17),
E[l1Bexr — 8% | ¥] = X28]AGA B, + E[(4¥Te) G(AUTe) | 0],
because the cross term vanishes by E[e | U] = 0. The noise term is
E[(A¥Te)TG(AVTe) | U] = tr(GAV Elee " | U] VA) = o” tr(GASA).

This gives the EXP-only expression.

The grounded formula is identical, replacing the bias vector —AAS, by AAJ, from (18). Comparing
the two expressions yields (16). O
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Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the paper’s

contributions and scope?

Answer: [Yes].

Justification: The abstract and Section 1 state the identification claim, the post-identification role

of OBS, and the empirical scope of the estimator comparison.

Guidelines:

e The answer [N/A | means that the abstract and introduction do not include the claims made in
the paper.

* The abstract and/or introduction should clearly state the claims made, including the contributions
made in the paper and important assumptions and limitations. A or [N/A] answer to this
question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how much the
results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals are not
attained by the paper.

Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes].

Justification: Section 7 describes the cached-benchmark scope, benchmark-specific interpretation,

and future work needed for broader deployments.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means that the
paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate ‘“Limitations” section in their paper.

* The paper should point out any strong assumptions and how robust the results are to violations of
these assumptions (e.g., independence assumptions, noiseless settings, model well-specification,
asymptotic approximations only holding locally). The authors should reflect on how these
assumptions might be violated in practice and what the implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was only tested
on a few datasets or with a few runs. In general, empirical results often depend on implicit
assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach. For
example, a facial recognition algorithm may perform poorly when image resolution is low or
images are taken in low lighting. Or a speech-to-text system might not be used reliably to
provide closed captions for online lectures because it fails to handle technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms and how

they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to address

problems of privacy and fairness.

» While the authors might fear that complete honesty about limitations might be used by reviewers
as grounds for rejection, a worse outcome might be that reviewers discover limitations that
aren’t acknowledged in the paper. The authors should use their best judgment and recognize
that individual actions in favor of transparency play an important role in developing norms that
preserve the integrity of the community. Reviewers will be specifically instructed to not penalize
honesty concerning limitations.

Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and a

complete (and correct) proof?

Answer: [Yes].

Justification: Section 2 states Assumptions A1-AS5, Section 3 states the main theorem and proof

sketch, and Appendix C gives full statements and proofs.

Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-referenced.
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* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if they appear
in the supplemental material, the authors are encouraged to provide a short proof sketch to
provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented by
formal proofs provided in appendix or supplemental material.

» Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main experi-
mental results of the paper to the extent that it affects the main claims and/or conclusions of the
paper (regardless of whether the code and data are provided or not)?

Answer: [Yes].

Justification: Sections 5, 5.4, and 5.5, together with Appendices A.10, A.11, A.13, and A.15,

specify the benchmark construction, resampling rules, budgets, tuning, seeds, and metrics.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* If the paper includes experiments, a answer to this question will not be perceived well by
the reviewers: Making the paper reproducible is important, regardless of whether the code and
data are provided or not.

o If the contribution is a dataset and/or model, the authors should describe the steps taken to make
their results reproducible or verifiable.

* Depending on the contribution, reproducibility can be accomplished in various ways. For
example, if the contribution is a novel architecture, describing the architecture fully might
suffice, or if the contribution is a specific model and empirical evaluation, it may be necessary
to either make it possible for others to replicate the model with the same dataset, or provide
access to the model. In general. releasing code and data is often one good way to accomplish
this, but reproducibility can also be provided via detailed instructions for how to replicate the
results, access to a hosted model (e.g., in the case of a large language model), releasing of a
model checkpoint, or other means that are appropriate to the research performed.

» While NeurIPS does not require releasing code, the conference does require all submissions
to provide some reasonable avenue for reproducibility, which may depend on the nature of the
contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how to
reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe the
architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should either
be a way to access this model for reproducing the results or a way to reproduce the model
(e.g., with an open-source dataset or instructions for how to construct the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case authors are
welcome to describe the particular way they provide for reproducibility. In the case of
closed-source models, it may be that access to the model is limited in some way (e.g.,
to registered users), but it should be possible for other researchers to have some path to
reproducing or verifying the results.

. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instructions to

faithfully reproduce the main experimental results, as described in supplemental material?

Answer:

Justification: The draft cites public source datasets and cached patch resources, but it does not yet

provide an anonymized code or data artifact with executable reproduction commands.

Guidelines:

* The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/public/
guides/CodeSubmissionPolicy) for more details.

» While we encourage the release of code and data, we understand that this might not be possible,
SO is an acceptable answer. Papers cannot be rejected simply for not including code, unless
this is central to the contribution (e.g., for a new open-source benchmark).
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* The instructions should contain the exact command and environment needed to run to reproduce
the results. See the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how to access
the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new proposed
method and baselines. If only a subset of experiments are reproducible, they should state which
ones are omitted from the script and why.

» At submission time, to preserve anonymity, the authors should release anonymized versions (if
applicable).

* Providing as much information as possible in supplemental material (appended to the paper) is
recommended, but including URLS to data and code is permitted.

. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperparameters,

how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes].

Justification: Appendix A.10 gives the fixed pool, train/test split, OBS/EXP sampling, and

aggregation protocol, while Appendix A.11 specifies tuning and fallback rules.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail that is
necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate

information about the statistical significance of the experiments?

Answer: [Yes].

Justification: The main-text tables report means over paired seeds, and Appendix A.10 states that

means and standard errors are recomputed from seed-level paired runs.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The authors should answer [Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the main claims
of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for example,
train/test split, initialization, random drawing of some parameter, or overall run with given
experimental conditions).

* The method for calculating the error bars should be explained (closed form formula, call to a
library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error of the
mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should preferably
report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of Normality of
errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or figures
symmetric error bars that would yield results that are out of range (e.g., negative error rates).

o If error bars are reported in tables or plots, the authors should explain in the text how they were
calculated and reference the corresponding figures or tables in the text.

. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the computer
resources (type of compute workers, memory, time of execution) needed to reproduce the experi-
ments?

Answer:

Justification: The draft describes experimental budgets and cached-data construction, but it does
not yet report hardware, memory, runtime, or total compute requirements.
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10.

11.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster, or cloud
provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual experimental
runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute than the
experiments reported in the paper (e.g., preliminary or failed experiments that didn’t make it
into the paper).

Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the NeurIPS

Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes].

Justification: The work analyzes public/cached benchmark data and does not introduce human-

subject data collection, high-risk model release, or deployed decision systems.

Guidelines:

e The answer [N/A] means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer , they should explain the special circumstances that require a deviation
from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consideration due
to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative societal

impacts of the work performed?

Answer:

Justification: The draft discusses methodological scope and deployment validation, but it does not

yet contain a dedicated discussion of positive and negative societal impacts.

Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

o If the authors answer [N/A] or , they should explain why their work has no societal impact
or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses (e.g.,
disinformation, generating fake profiles, surveillance), fairness considerations (e.g., deploy-
ment of technologies that could make decisions that unfairly impact specific groups), privacy
considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied to par-
ticular applications, let alone deployments. However, if there is a direct path to any negative
applications, the authors should point it out. For example, it is legitimate to point out that
an improvement in the quality of generative models could be used to generate Deepfakes for
disinformation. On the other hand, it is not needed to point out that a generic algorithm for
optimizing neural networks could enable people to train models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is being used
as intended and functioning correctly, harms that could arise when the technology is being used
as intended but gives incorrect results, and harms following from (intentional or unintentional)
misuse of the technology.

» If there are negative societal impacts, the authors could also discuss possible mitigation strategies
(e.g., gated release of models, providing defenses in addition to attacks, mechanisms for
monitoring misuse, mechanisms to monitor how a system learns from feedback over time,
improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible release

of data or models that have a high risk for misuse (e.g., pre-trained language models, image

generators, or scraped datasets)?

Answer: [N/A].

Justification: The paper does not release a new high-risk model or scraped dataset; it evaluates

methods on cached benchmark artifacts and public datasets.
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Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with necessary
safeguards to allow for controlled use of the model, for example by requiring that users adhere
to usage guidelines or restrictions to access the model or implementing safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors should
describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do not require
this, but we encourage authors to take this into account and make a best faith effort.

. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in the
paper, properly credited and are the license and terms of use explicitly mentioned and properly
respected?

Answer:

Justification: The draft credits the datasets, models, and patch resources with citations and URLS,

but it does not yet explicitly list licenses or terms of use for each asset.

Guidelines:

» The answer [N/A] means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of service of
that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the package should
be provided. For popular datasets, paperswithcode.com/datasets has curated licenses for
some datasets. Their licensing guide can help determine the license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of the derived
asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to the asset’s
creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation

provided alongside the assets?

Answer: [N/A].

Justification: The submission draft does not introduce or release a new dataset, model, or code

package.

Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their sub-
missions via structured templates. This includes details about training, license, limitations,
etc.

* The paper should discuss whether and how consent was obtained from people whose asset is
used.

* At submission time, remember to anonymize your assets (if applicable). You can either create
an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper

include the full text of instructions given to participants and screenshots, if applicable, as well as

details about compensation (if any)?

Answer: [N/A].

Justification: The paper does not conduct new crowdsourcing or human-subject experiments.

Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research with
human subjects.
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16.

* Including this information in the supplemental material is fine, but if the main contribution of
the paper involves human subjects, then as much detail as possible should be included in the
main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation, or other
labor should be paid at least the minimum wage in the country of the data collector.

Institutional review board (IRB) approvals or equivalent for research with human subjects

Question: Does the paper describe potential risks incurred by study participants, whether such

risks were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals

(or an equivalent approval/review based on the requirements of your country or institution) were

obtained?

Answer: [N/A].

Justification: The paper does not conduct new human-subject research or collect new participant

data.

Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent) may be
required for any human subjects research. If you obtained IRB approval, you should clearly
state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions and

locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the guidelines for

their institution.

For initial submissions, do not include any information that would break anonymity (if applica-

ble), such as the institution conducting the review.

Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or non-

standard component of the core methods in this research? Note that if the LLM is used only for

writing, editing, or formatting purposes and does not impact the core methodology, scientific rigor,
or originality of the research, declaration is not required.

Answer: [Yes].

Justification: The paper describes LLM model outputs and LLM-judged rubric scores in Sections 35,

5.4, and Appendix A.10.

Guidelines:

* The answer [N/A | means that the core method development in this research does not involve
LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not be
described.
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