
Estimating Pass@k from Fewer Samples with Hierarchical Bayesian Priors
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Abstract
Large Language Models are commonly evaluated
on coding tasks using sampling-based metrics
such as Pass@k, the probability of generating at
least one correct solution after k independent gen-
erations. Estimating Pass@k curves from limited
evaluation samples is important for benchmark de-
sign and stress testing, but can require many gen-
erations per task when per-sample success proba-
bilities are small. We study this low-evaluation-
budget regime using standard empirical-Bayes hi-
erarchical priors over task-level success probabili-
ties. The resulting posterior-predictive estimators
pool information across tasks to estimate dataset-
level Pass@k curves and to diagnose when addi-
tional sampling is likely to help. We also study a
Beta–Binomial improvability diagnostic, ∆Pass,
whose interpretation is tied to the fitted-prior ap-
proximation. Across CodeContests, MPBB, and
HumanEval, the experiments show complemen-
tary regimes: low-pass@1 tradeoffs, high-pass@1
Pareto frontiers, and a near-zero boundary-mass
setting where explicit zero inflation is particularly
informative.

1. Introduction
Pass@k is an important metric for benchmark evaluation of
large language models on coding and reasoning tasks. For a
given task, Pass@k is the probability that at least one out of
k independent candidate solutions generated by the model is
correct (Chen et al., 2021; Guo et al., 2025). Given a dataset
of tasks, Pass@k is usually estimated on each task individu-
ally, then averaged over the dataset. Throughout the paper,
we distinguish two budgets: the generation budget k (how
many generations are allowed before declaring success) and
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Figure 1. Empirical distribution of per-instance success probabili-
ties on two toy dataset examples. (a) Histograms of per-instance
success probabilities estimated with 1000 samples per instance.
(b) Corresponding empirical CDFs. (c) Pass@k curves for each
model. Despite having the same pass@1, Model (blue) sees its
pass@k plateau quickly, while Model (red) continues to improve
as the generation budget k increases. This difference is partly
explained by the underlying distributions of per-instance success
probabilities.

the evaluation budget m (how many generations we draw
per task to estimate Pass@k).

Although many deployed systems use only a small number
of generations, benchmark designers and model evaluators
often want to understand how performance changes as the
generation budget k increases. Estimating this curve can
require a much larger evaluation budget m, because the
standard combinatorial estimator needs at least m ≥ k gen-
erations per task and lower-variance estimates often use
substantially more. Thus, the measured cost in this paper
is sample efficiency: reducing the number of generations
needed to estimate dataset-level Pass@k to a given accuracy.
Actual wall-clock or monetary savings depend on genera-
tion cost, test execution cost, batching, and implementation
overhead. Moreover, as we will discuss later in this pa-
per, additional candidate solutions can have very different
returns across models and datasets. A useful benchmark
should therefore estimate not only a single score but also

1



Estimating Pass@k from Fewer Samples with Hierarchical Bayesian Priors

the shape of the Pass@k curve.

We address this problem by adapting standard empirical-
Bayes hierarchical priors to dataset-level Pass@k estima-
tion. The model pools information across tasks through a
prior over per-task success probabilities. Fitting this dataset-
level prior extracts global structure (e.g., the prevalence of
near-impossible and near-trivial tasks), which in turn (i)
regularizes Pass@k estimation under tight budgets and (ii)
provides diagnostics for how Pass@k evolves as the gen-
eration budget k increases. The toy example in Figure 1c
illustrates why this dataset-level information matters: two
models can have identical pass@1 yet exhibit markedly dif-
ferent Pass@k trajectories, implying very different returns
to additional generations (larger k). Our experiments in-
clude HumanEval as a boundary-heavy regime: for most
model and temperature configurations, pass@1 is essentially
zero, so the main question becomes whether any configura-
tion escapes the zero-success region and whether explicit
boundary mass improves the fitted prior.

In this paper, we make the following contributions.

• We study two empirical-Bayes estimators for dataset-level
Pass@k: a tractable BB model and a Zero–One Inflated
BB extension (ZOIBB) that captures boundary mass. We
also evaluate LinMix, a simple fixed linear mixture of
both estimators used as a heuristic compromise across
evaluation budgets m.

• We show that the distribution of task difficulty varies
across datasets and can change how model choices should
be compared as k increases. More specifically, under the
BB approximation, we derive an improvability diagnostic
∆Pass(P ) that is independent of the actual value of k and
admits an ordering result at fixed Pass@1. This diagnostic
is useful for within-regime model comparison, but its
raw scale should be interpreted carefully across datasets,
especially in near-zero regimes such as HumanEval.

• We evaluate several code-generation models and tempera-
tures on CodeContests, MPBB, and HumanEval. In the
low-evaluation-budget regime, the hierarchical estimators
often reduce absolute error relative to the naive plug-in
estimator; this sample-efficiency can translate into lower
evaluation cost when generation or test execution is ex-
pensive.Finally

First we recall challenges of evaluating models using
Pass@k and the Bayesian priors in Section 2, then we dis-
cuss related work in Section 3, we present our hierarchical
Bayesian estimators in Section 4, and finally report experi-
mental results in Section 5.

2. Background
2.1. Pass@k metric

In this paper, we model a large language model using a
probability distribution denoted P which we can sample
from. With this notation, the conditional probability P (y |
x) models the probability of sampling candidate solution
y for a given task x (a.k.a. a prompt). We also assume an
oracle (or test) function c(y,x) ∈ {0, 1} which indicates
whether a candidate solution y is an actual correct solution
to the task x.

Task-wise Pass@k. Given an task x and an integer k ∈
N∗, let y1:k := (y1, . . . ,yk) denote k i.i.d. samples from
P ( · | x). The task-wise Pass@k metric is the probability
that at least one of these samples is correct:

Pass@k(P,x) := Py1:k
[∃ i ≤ k : c(yi,x) = 1] (1)

= Ey1:k

[
1{∃ i≤k: c(yi,x)=1}

]
. (2)

Equivalently, if we define the per-sample probability of
success, as follows:

p(x) := Py∼P (·|x)
[
c(y,x) = 1

]
= Ey∼P (·|x)[c(y,x)],

(3)
then each indicator c(yi,x) is a Bernoulli random variable
with parameter p(x). Under the usual independence as-
sumption across samples, the probability that all k samples
fail is (1− p(x))k, and therefore

Pass@k(P,x) = 1− (1− p(x))k. (4)

This independence assumption is part of the standard
Pass@k formalization; in practice, correlated decoding pro-
cedures or shared prompting artifacts can violate it.

Estimating Pass@k for a given task. To estimate Pass@k
for a given task x we draw mx ≥ k independent samples
y1, . . . ,ymx

∼ P ( · | x) and count the number of suc-
cesses sx:

sx :=

mx∑
j=1

c(yj ,x). (5)

A common starting point is to estimate the per-sample suc-
cess probability by the empirical success rate p̂naive(x) :=
sx/mx. Plugging this estimate into the closed-form expres-
sion Pass@k(P,x) = 1 − (1 − p(x))k yields the corre-
sponding plug-in estimator

P̂ass@k
naive

(mx, sx) := 1−
(
1− sx

mx

)k

. (6)

While simple, this estimator is biased because it applies a
nonlinear transformation to the random quantity sx/mx.
In particular, for finite mx it typically underestimates
Pass@k(P,x), especially when p(x) is small or when k
is moderate to large.
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We therefore adopt the standard unbiased combinatorial
estimator of Pass@k(P,x) under sampling without replace-
ment from the mx draws (used, e.g., in Chen et al. (2021)):

P̂ass@k
comb

(mx, sx) := 1−
(
mx−sx

k

)(
mx

k

) . (7)

Unlike the naive plug-in estimator, the combinatorial estima-
tor directly targets Pass@k(P,x) at budget k, and therefore
requires at least k samples per instance to be well-defined. In

contrast, P̂ass@k
naive

can be computed even when mx < k,
since it only relies on an estimate of p(x). This estimator
makes explicit the evaluation burden (large mx): one must
draw at least k samples per instance, and in practice reliable
estimates of Pass@k for moderate or large k often require
mx substantially larger than k.

Dataset-wise Pass@k. In practice, evaluation is performed
on a dataset D of tasks rather than on a single task. The
dataset-wise metric is the simply the expected task-wise
Pass@k over the entire dataset:

Pass@kD(P ) := Ex∼D
[
Pass@k(P,x)

]
. (8)

Given a finite evaluation set {xi}Ni=1 and per-instance
counts (mi, si), the corresponding combinatorial estima-
tor is

P̂ass@k
comb

D (P ) :=
1

N

N∑
i=1

P̂ass@k
comb

(mi, si). (9)

Computationally, this corresponds to drawing
∑N

i=1 mi gen-
erations in total, with the constraint mi ≥ k for every in-
stance. In many empirical settings, mi is chosen several
times larger than k to reduce estimator variance, which can
make evaluating Pass@k at large k prohibitively expensive.

2.2. Prior over per-instance success probabilities

In the low-sampling regime, estimating Pass@k benefits
from pooling statistical strength across tasks via a prior on
the latent per-instance success probabilities p(x). In this
work we consider two priors. The Beta distribution provides
a simple and expressive baseline, and is conjugate to the
Bernoulli/Binomial likelihood. The zero-one inflated Beta
(ZOIB) extends this baseline by allowing non-zero proba-
bility mass at 0 and 1, which is natural on code benchmarks
where a model may render some tasks effectively unsolv-
able (near 0) while solving others almost always (near 1).
Using a single dataset-level prior is an exchangeability ap-
proximation: if a benchmark mixes distinct task families
with different difficulty profiles, stratified fitting or richer
mixture priors may be more appropriate.

The Beta Distribution: The Beta distribution is the canon-
ical conjugate prior for the Bernoulli likelihood. For param-
eters a, b > 0, a random variable p ∈ (0, 1) follows a Beta

distribution, denoted p ∼ Beta(a, b), if it has density

f(p | a, b) =
pa−1(1− p)b−1

β(a, b)
, p ∈ (0, 1), (10)

where β(·, ·) is the Beta function with β(a, b) := Γ(a) Γ(b)
Γ(a+b) .

Here Γ(·) denotes the Gamma function, defined for t > 0
by Γ(t) :=

∫∞
0

xt−1e−x dx. The mean of Beta(a, b) is
E[p] = a/(a + b), and the parameters (a, b) control
both the location and concentration of the mass. Infor-
mally, increasing a effectively increases the probability
mass allocated near 1, while increasing b increases the mass
allocated near 0. The sum a + b controls concentration:
larger a+ b yields a distribution more tightly concentrated
around its mean. To build intuition, consider four repre-
sentative regimes: (i) Beta(1, 1) is uniform on (0, 1); (ii)
Beta(1, 5) concentrates mass near 0 (many hard instances);
(iii) Beta(5, 1) concentrates mass near 1 (many easy in-
stances); (iv) Beta(2, 2) is unimodal with a central mode
around 1/2 (most instances have intermediate difficulty).

The Zero-One Inflated Beta (ZOIB) distribution: The
ZOIB distribution (Ospina & Ferrari, 2010; 2012) extends
the Beta distribution by placing explicit probability mass
at the boundary points 0 and 1. It is parameterized by
(a, b, π0, π1), where a, b > 0 are the Beta parameters and
π0, π1 ∈ [0, 1] are the masses at 0 and 1, respectively, with
π0 + π1 < 1. A random variable p ∈ [0, 1] follows a ZOIB
distribution, denoted p ∼ ZOIB(a, b, π0, π1), if it can be
written as the mixture

p ∼


0, w.p. π0,

1, w.p. π1,

p̃, w.p. 1− π0 − π1, where p̃ ∼ Beta(a, b).
(11)

This representation makes the interpretation explicit: π0

and π1 capture the prevalence of (near-) impossible and
(near-) trivial instances.

3. Related Work
Code generation with LLMs. Large language models
achieve strong performance on code-generation benchmarks
evaluated with executable tests, including HumanEval,
MBPP, APPS, and CodeContests (Chen et al., 2021; Austin
et al., 2021; Hendrycks et al., 2021; Li et al., 2022;
Grattafiori et al., 2024; OpenAI et al., 2024; Guo et al.,
2025). We use HumanEval as an additional benchmark
regime; in our logged generations it is substantially more
boundary-heavy than MPBB and CodeContests.

Generation-based evaluation and Pass@k. Code-
generation performance is often reported via Pass@k, the
probability that at least one out of k independent generations
solves a task (Chen et al., 2021; Tang et al., 2025; Zheng
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et al., 2025). Even when downstream systems use only a
small number of generations, estimating the Pass@k curve
is useful for benchmark design, stress testing, and com-
paring sampling policies. Our work addresses the low-m
regime by fitting a dataset-level prior over per-task success
probabilities and using it to estimate the Pass@k curve and
expected gains as k increases.

Diversity and generation gains. Recent work highlights
that models may generate redundant correct solutions and
that diversity can affect gains as k increases (Le Bronnec
et al., 2024; Lee et al., 2025; Wang et al., 2025; Yao et al.,
2025; Le Bronnec et al., 2026). We treat diversity as a
secondary, correlational diagnostic and relate generation
gains to a code-similarity measure over successful outputs
when enough successful generations are available.

Bayesian approaches to evaluation. Bayesian methods
provide principled regularization and uncertainty quan-
tification for evaluation in low-evaluation-budget regimes
(Luettgau et al., 2025; Hariri et al., 2025). Kazdan et al.
(2025) develop efficient BB-based evaluation with an em-
phasis on adaptive allocation of evaluation generations. The
BB and ZOIBB components we use are standard statistical
tools; our focus is their use as simple posterior-predictive
estimators and diagnostics for Pass@k curves. Direct empir-
ical comparison with concurrent Bayesian evaluation frame-
works is left to future work.

4. Hierarchical diagnostics for Pass@k curves
In the low-evaluation-budget regime (small m), estimating
how Pass@k scales with respect to the generation budget k
requires more information than is available in the individual
per-task counts alone. It is also important to understand
how task-wise success probabilities are distributed across
the dataset. To model that information, we adopt a Bayesian
hierarchical formulation that pools statistical strength across
tasks by introducing a dataset-level prior over task-wise suc-
cess probabilities. Once fitted, this model yields a posterior-
predictive estimate of the dataset-level Pass@k curve from
limited evaluation generations.

In this section, we consider two hierarchical models: the
classical Beta− Binomial (BB) model, and its Zero–One
Inflated Beta− Binomial (ZOIBB). We then introduce
LinMix, a simple fixed linear mixture of BB and ZOIBB
used as a heuristic compromise across sampling regimes.
Finally, we present fit diagnostics illustrating how these
models approximate the empirical distribution of success
probabilities on real benchmarks. All the derivations are
deferred to Appendix A.

4.1. BB estimator of dataset-level Pass@k

Hierarchical model. For each task i ∈ {1, . . . , N}, let pi ∈
[0, 1] denote the (latent) probability that a single sample
from P ( · | xi) solves the task. We model task heterogeneity
by a Beta prior,

pi
i.i.d.∼ Beta(a, b), si | pi ∼ Binomial(mi, pi),

where (mi, si) are the observed evaluation budget and num-
ber of successes. The hyperparameters (a, b) describe the
dataset-level distribution of task difficulties. This exchange-
ability assumption is an approximation: if a benchmark
contains structured task clusters, the fitted prior should be
interpreted as an aggregate summary rather than a claim that
tasks are homogeneous.

Empirical Bayes fitting. Integrating out pi in (4.1) yields
the BB marginal likelihood

p(si | mi, a, b) =

(
mi

si

)
β(a+ si, b+mi − si)

β(a, b)
. (12)

We estimate (a, b) by maximizing the total log-evidence∑N
i=1 log p(si | mi, a, b) over a, b > 0. In practice, we

optimize in (log a, log b).

Posterior-predictive Pass@k. Under the BB model, the
unconditional expectation

Ep∼Beta(a,b)

[
1− (1− p)k

]
= 1− β(a, b+ k)

β(a, b)
(13)

characterizes the expected Pass@k of a new task whose
success probability is drawn from the fitted Beta law. In
this work, however, we estimate Pass@k on a fixed finite
dataset D = {xi}Ni=1 for which we observe per-task counts
(mi, si). We therefore use the posterior predictive pass@k
for each task and average across tasks. By conjugacy, the
posterior of pi under (4.1) is

pi | (mi, si) ∼ Beta(a+ si, b+mi − si). (14)

The corresponding posterior predictive pass@k for task i is

P̂ass@k
BB

(si,mi) := E
[
1− (1− pi)

k | mi, si
]

= 1− β(a+ si, b+mi − si + k)

β(a+ si, b+mi − si)
.

We then define the dataset-level BB estimator as

P̂ass@k
BB

D (P ) :=
1

N

N∑
i=1

P̂ass@k
BB

(si,mi). (15)

We prefer (15) over the unconditional quantity (13) because
it conditions on the observed per-task evidence (mi, si):
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when mi is small it shrinks each task toward the dataset-
level prior, while for large mi it reflects strong task-specific
evidence.

A k-independent improvement metric. Within the Beta
family, Pass@@1 = a/(a+ b) fixes the mean, leaving the
concentration a+ b as the remaining degree of freedom. We
therefore define

∆Pass(P ) := a+ b, (16)

which quantifies how concentrated the dataset-level distribu-
tion of task success probabilities is around its mean. Larger
∆Pass(P ) corresponds to less heterogeneity under the fit-
ted BB approximation, which translates into larger Pass@k
values for k ≥ 2 at fixed pass@1 in the theorem below.

Theorem 4.1 (Pass@k ordering at fixed pass@1). Let P1

and P2 be two models whose per-task success probabilities
follow Beta(a1, b1) and Beta(a2, b2), respectively. Assume

a1

a1+b1
= a2

a2+b2
(same pass@1) and a1, b1, a2, b2 > 0. If

∆Pass(P1) = a1 + b1 > a2 + b2 = ∆Pass(P2), then for
all k ≥ 2,

Pass@kD(P1) > Pass@kD(P2). (17)

Theorem 4.1 formalizes a key evaluation phenomenon: two
models can have similar Pass@1 yet exhibit different gains
as the generation budget k increases. Under the Beta ideal-
ization, Pass@1 fixes the mean, while ∆Pass(P ) = a+ b
controls how unevenly success probability is distributed
across tasks. Outside this approximation, we treat ∆Pass
as a diagnostic rather than a model-free guarantee.

4.2. ZOIBB estimator of dataset-level Pass@k

The Beta prior can be misspecified when a dataset con-
tains a substantial fraction of tasks that are effectively un-
solvable (pi ≈ 0) or almost always solved (pi ≈ 1). To
capture such boundary effects, we extend BB using the
zero–one inflated Beta prior introduced in Section 2. This
extension is especially relevant on boundary-heavy set-
tings such as HumanEval in our experiments, where many
model/temperature configurations produce no successful
samples and the fitted prior must represent mass at zero.
Concretely, we assume

pi ∼ ZOIB(a, b, π0, π1), si | pi ∼ Binomial(mi, pi),

and fit (a, b, π0, π1) by evidence maximization. As in the
BB case, our objective is to predict posterior dataset-level
Pass@k from fitted hyperparameters. We refer to the result-
ing marginal-count model and induced Pass@k predictor as
the ZOIBB estimator.

Posterior-predictive Pass@k. A useful simplification is
that the ZOIB boundary masses only influence the poste-
rior when the observed count is itself at the boundary. If
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Figure 2. Illustration of the goodness-of-fit diagnostics for the BB
and ZOIBB models on the MPBB dataset for ministral-8B Chat
(Liu et al., 2026) at temperatures T = 0.1 (top) and T = 1.0
(bottom). Left: histogram of empirical success rates p̂i = si/mi

(blue) overlaid with the fitted Beta density (red) and the ZOIB
density (green). Right: empirical CDF of p̂i overlaid with the fitted
Beta CDF (red) and the ZOIB CDF (green).

0 < si < mi, the point-mass components at 0 and 1 are
incompatible with the data and therefore receive zero poste-
rior weight. In that interior case, the posterior reduces to the
Beta update and the ZOIBB per-task predictor is exactly
the same as the BB posterior-predictive Pass@k.

When si = 0, the observation is consistent both with a struc-
tural zero (pi = 0) and with the continuous Beta component
producing zero successes. The posterior is therefore a two-
component mixture between a point mass at 0 and a Beta
posterior on (0, 1). Consequently, the posterior-predictive
Pass@k is a convex combination of 0 (from the structural-
zero component) and the BB posterior-predictive Pass@k
(from the Beta component), with weights given by the pos-
terior probability of being a structural zero. Similarly, when
si = mi, the posterior is a two-component mixture between
a point mass at 1 and a Beta posterior, and the posterior-
predictive Pass@k is a convex combination of 1 and the
BB posterior-predictive Pass@k, weighted by the posterior
probability of being a structural one.

For completeness, Appendix A.5 provides the closed-form
marginal likelihood, the posterior mixture weights, and the

resulting closed-form expression for P̂ass@k
ZOIBB

(si,mi)
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in each case:

P̂ass@k
ZOIBB

D (P ) :=
1

N

N∑
i=1

P̂ass@k
ZOIBB

(si,mi).

4.3. LinMix: a linear mixture of BB and ZOIBB

BB provides a low-variance baseline in the low-evaluation-
budget regime whereas ZOIBB can better capture boundary
mass (near 0 and 1) when the evaluation budget m is suf-
ficiently large. More generally, the dominant source of
error can change with m: for small m, estimation variance
(and overfitting by overly flexible priors) tends to domi-
nate, while for larger m model misspecification—especially
in the tails—becomes increasingly important. To obtain a
single estimator for comparison, we introduce LinMix, a
deterministic two-regime interpolation between the BB and
ZOIBB predictors using a monotone weight that depends
only on the evaluation budget m:

P̂ass@k
LinMix

(si,mi) := w(mi) P̂ass@k
ZOIBB

(si,mi)

+ (1− w(mi)) P̂ass@k
BB

(si,mi)

where w(m) ∈ [0, 1] is a fixed linear schedule
w(m) = clip((m−mlow)/(mhigh −mlow), 0, 1) .
Throughout, mlow and mhigh are fixed a priori. The linear
form is deliberately simple: it is monotone, interpretable,
and introduces no task-specific adaptation. We do not claim
that this schedule is theoretically optimal; it is a fixed heuris-
tic used to study whether interpolation can reduce the com-
plementary biases of BB and ZOIBB. In Section 5, we
study how predictive accuracy varies with m and evaluate
whether this schedule is near-best in our experiments.

4.4. Model fit diagnostics

To assess whether the proposed priors provide a reason-
able approximation of the dataset-level distribution of suc-
cess probabilities, we use a large-sample regime in which
p̂i = si/mi is a good proxy for pi. We compare the
BB and ZOIBB fits using 10-fold cross-validated expected
log predictive density (CV-ELPD) computed from the cor-
responding marginal likelihoods. The full comparison
across models, temperatures, and datasets is reported in
Appendix Table 3: some settings prefer BB while others
prefer ZOIBB. Across many fitted configurations, we ob-
serve boundary-heavy regimes consistent with the presence
of near-impossible and near-trivial tasks. HumanEval is
the most extreme case: many configurations have all or
almost all observed mass at zero, while the few nonzero
high-temperature configurations can produce very large fit-
ted concentration values.

Figure 2 illustrates these diagnostics on MPBB for ministral-
8B Chat (Liu et al., 2026) at two temperatures. We

choose this model specifically because its behavior changes
markedly with temperature, making it easy to visualize how
the fitted prior shifts across evaluation conditions (via tem-
perature and the induced difficulty profile). If these diagnos-
tics show poor predictive fit for both priors, the appropriate
fallback is not to trust the aggregate prior blindly but to
stratify the benchmark or use a richer mixture model.

5. Experiments
Benchmarks. We evaluate on MPBB (Austin et al.,
2021), CodeContests (Li et al., 2022), and HumanEval
(Chen et al., 2021). MPBB has many tasks and sup-
ports detailed m- and N -dependence analyses; HumanEval
is smaller and boundary-heavy in our experiments, with
most model/temperature configurations at zero or near-zero
pass@1.

Models and decoding. We consider multiple code gener-
ation models of varying sizes, Qwen-2.5 3B & 7B Chat
(Qwen et al., 2025), Qwen-3.0 30B (A3b) Chat (Yang et al.,
2025), Code Llama 7B & 13B Chat (Grattafiori et al., 2024)
and ministral-8B Chat (Liu et al., 2026). All models are eval-
uated using temperature decoding with T ∈ {0.1, 1.0, 1.2}.

Sampling protocol and large-budget reference. For each
task xi we draw mi independent generations and record the
number of successes si. For a target k < 500, the reference
Pass@k is the combinatorial estimator computed from the
large evaluation budget (m = 1000) when available. Results
at a given (m, k) come from 10 subsampling runs from this
pool; appendix tables report standard deviations.

Estimators compared. We compare the naive plug-in esti-
mator, the unbiased combinatorial estimator, BB, ZOIBB,
and LinMix (Section 4.3). The combinatorial estimator is
included only when m ≥ k; LinMix is treated as a fixed
heuristic rather than an optimized model-selection rule.

Error metrics. For each configuration and target k, we
report the absolute error |P̂ass@k − Pass@k⋆| against the
reference Pass@k⋆. When aggregating results across tasks
or models, we average errors over runs and report either
per-setting tables or curves as a function of m or N .

Similarity / diversity score (JPlag). For tasks with at least
two successful outputs, we run JPlag (Maisch, 2023) and
average pairwise similarity scores. This exploratory diag-
nostic is not used by any estimator; HumanEval is excluded
because most models have too few successful samples.

5.1. Experimental setup

5.2. Predicting the Pass@k curve from few samples

We first provide a representative example of Pass@k extrap-
olation from limited evaluation generations. Figure 3 shows
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Figure 3. Absolute error of Pass@k estimation on MPBB for
ministral-8B Chat at T = 1.0, compared with a large-budget
reference estimate for several evaluation budgets m. The grey line
shows the maximum k for which the combinatorial estimator is
defined at each m. This is one representative setting; results across
models, temperatures, and datasets are summarized in Table 1 and
Appendix B.

absolute errors on MPBB for ministral-8B Chat at T = 1.0
under several evaluation budgets m. In this representative
low-evaluation-budget setting, hierarchical pooling reduces
error relative to the naive plug-in baseline, especially at
larger generation budgets k where naive estimates are most
biased.

5.3. Generality across models, temperatures, and
datasets

We next test whether the accuracy gains persist across
models, temperatures, and datasets. Table 1 reports low-
budget absolute errors, averaged over models and temper-
atures. Bayesian estimators improve upon naive estima-
tion in most settings. On HumanEval, many entries are
tied or small because reference Pass@k values are near
zero; the boundary-mass behavior is discussed below and
in Appendix B. LinMix is typically a near-best empirical
compromise, reflecting complementary behavior of BB and
ZOIBB. Appendix B reports the full grid, standard devia-
tions, and low-m/high-k pairwise win rates.

As a sample-efficiency example, on MPBB at k = 100,
LinMix with m = 5 has lower average absolute error than
the naive estimator with m = 20 (0.023 versus 0.034). Such
comparisons support the claim that fewer evaluation gener-
ations can be sufficient in some regimes, without directly
measuring wall-clock or monetary cost.

5.4. Dependency on the number of evaluation
generations per task

We now isolate the dependency on the per-task evaluation
budget m. Figure 4a reports MPBB error as a function of
m. Bayesian estimators help most at low m; naive and
combinatorial estimates catch up as m grows. The plot also
motivates LinMix: BB is often more stable at very small m,
whereas ZOIBB can benefit from greater tail flexibility at
intermediate budgets.

5.5. Dependency on the number of tasks

Since the improvement of the Bayesian estimators stems
from pooling statistical strength across tasks, we study how
estimation accuracy scales with the number of tasks N used
to compute the dataset average. Figure 4b fixes m = 10 and
varies the number of MPBB tasks. All estimators improve
with larger N , and Bayesian pooling helps when the fitted
shared prior is informative; under stronger heterogeneity,
this advantage may require stratified fitting.

5.6. Improvability, generation gains, and diversity

We conclude with an analysis of the improvability diag-
nostic ∆Pass(P ) introduced in Section 4.1. Figure 5
shows three dataset-specific model-selection stories in
the (Pass@1, ∆Pass(P )) plane. CodeContests trades off
Pass@1 against improvability; MPBB has several Pareto-
dominated configurations and a top-right frontier; Hu-
manEval is mostly near zero, with only a few configura-
tions escaping the zero-success region. To quantify the
relationship between ∆Pass(P ) and gains as k increases,
we compute correlations between ∆Pass(P ) and the rel-
ative improvement (Pass@200− Pass@1)/Pass@1 when
this quantity is defined. Table 2 shows a positive correlation
between ∆Pass(P ) and relative improvement on the con-
figurations for which the relative improvement is defined.
Configurations with zero unrounded Pass@1 are excluded
from this ratio-based correlation.

Table 1. Absolute error of Pass@k estimation on CodeContests,
HumanEval, and MPBB for several values of m (evaluation gener-
ations per task) and k (generation budget). We compare the naive
estimator, the combinatorial estimator, BB, ZOIBB, and LinMix.
Results are averaged over models and temperatures (10 runs). Best
results are in bold.

Data m k Naive BB ZOIBB LinMix

C
od

eC
on

te
st

1
50 0.134 0.105 0.066 0.105
100 0.158 0.123 0.077 0.123
200 0.181 0.138 0.086 0.138

20
50 0.035 0.017 0.019 0.016
100 0.056 0.022 0.026 0.021
200 0.079 0.027 0.035 0.026

100
50 0.009 0.007 0.007 0.007
100 0.016 0.010 0.010 0.010
200 0.028 0.013 0.014 0.014

H
um

an
E

va
l

1
50 0.006 0.006 0.006 0.006
100 0.011 0.011 0.011 0.011
200 0.021 0.021 0.021 0.021

20
50 0.004 0.004 0.004 0.004
100 0.009 0.007 0.007 0.007
200 0.019 0.014 0.014 0.014

100
50 0.002 0.001 0.001 0.001
100 0.005 0.003 0.003 0.003
200 0.012 0.005 0.005 0.005

M
PB

B

1
50 0.265 0.076 0.060 0.076
100 0.276 0.068 0.061 0.068
200 0.285 0.061 0.060 0.061

20
50 0.025 0.017 0.015 0.013
100 0.034 0.017 0.018 0.014
200 0.041 0.018 0.021 0.014

100
50 0.006 0.007 0.005 0.005
100 0.008 0.009 0.006 0.006
200 0.011 0.011 0.008 0.008
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Figure 4. (a) Absolute error of Pass@k estimation on MPBB as a function of the number of evaluation generations per task m (averaged
over all models and temperatures), shown for k ∈ {50, 100, 200}. (b) Absolute error of Pass@k estimation on MPBB for a fixed m = 10
as a function of the number of tasks N used to compute the dataset average (averaged over all models and temperatures). We focus these
detailed m and N curves on MPBB because it has many tasks and richer nonzero success structure; HumanEval and CodeContests are
summarized in tables.
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and colors indicate decoding temperature.

Finally, we explore the association between diversity and
gains. JPlag similarity is negatively correlated with genera-
tion gains on MPBB and CodeContests, in , where enough
successful samples are available. Table 2 reports these cor-
relations.

Table 2. Correlation between the BB improvability diagnostic
∆Pass(P ), relative gain (Pass@200 − Pass@1)/Pass@1, and
JPlag similarity (higher means more similar solutions). Relative-
gain correlations exclude configurations with zero unrounded
Pass@1. Similarity correlations are computed only on MPBB
and CodeContests, where enough successful samples are available.

∆Pass Pass@200−Pass@1
Pass@1 Similarity

∆Pass 1.000 0.783 -0.656
Pass@200−Pass@1

Pass@1 0.783 1.000 -0.613
Similarity -0.656 -0.613 1.000

6. Discussion
Why does a low-dimensional prior work? We conjecture
that a 2- to 4-parameter prior captures dataset-level difficulty
well because of a selection effect on benchmarks: datasets
that fail to discriminate among contemporary models—all
tasks trivially solved or uniformly unsolved—tend to be
abandoned, while surviving benchmarks span a structured
range of difficulties relative to the models evaluated. The
Beta family is simple but expressive enough to cover the U-
shaped, right-skewed, and unimodal regimes that arise from

this curation. Our fits are consistent with this view: right-
skewed on CodeContests, closer to unimodal on MPBB,
boundary-degenerate on HumanEval. A corollary is that the
approach should degrade when a benchmark transitions out
of its discriminative regime, e.g., when it saturates against
newer models—consistent with the boundary-heavy Hu-
manEval results.

Decision regimes and ∆Pass. The three benchmarks il-
lustrate complementary regimes. CodeContests exposes
a Pass@1–improvability tradeoff; MPBB shows Pareto-
dominated and Pareto-favorable configurations; HumanEval
is boundary-heavy, with most configurations near zero
Pass@k. Reporting only Pass@1 conflates these regimes.
The improvability diagnostic ∆Pass(P ) is exact under the
BB approximation (Theorem 4.1) and outside it should be
treated as a diagnostic rather than a guarantee. Its raw
scale is not comparable across datasets—HumanEval’s fit-
ted concentration values reflect prior degeneracy more than
improvability—but within a comparable regime it correlates
positively with relative gain.

Limitations. The shared prior assumes exchangeability
across tasks and may be misspecified on heterogeneous
benchmarks, where stratified fitting or richer mixture priors
would be more appropriate. Independence between genera-
tions can fail under correlated decoding pipelines. LinMix
is a fixed heuristic rather than a principled selection rule.
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7. Conclusion
Pass@k is central to evaluating code-generation models but
can require many samples per task when per-sample success
probabilities are small. We addressed the low-evaluation-
budget regime with empirical-Bayes hierarchical priors—
BB, ZOIBB, and their mixture LinMix—which improve
Pass@k estimation in many low-m settings across Code-
Contests, MPBB, and the boundary-heavy HumanEval. The
BB approximation also yields a k-independent improvability
diagnostic ∆Pass(P ) that orders models at fixed Pass@1
within a comparable regime. Future work includes prin-
cipled mixture or selection rules, stratified priors for het-
erogeneous benchmarks, and a clearer link between output
diversity and sampling gains.
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A. Mathematical Supplement
This appendix collects the mathematical details that are used in Section 4 but not derived there. Throughout, for a, b > 0 we
use the Beta function β(a, b) =

∫ 1

0
ta−1(1− t)b−1 dt and the Gamma function Γ(·), related by

β(a, b) =
Γ(a) Γ(b)

Γ(a+ b)
. (18)

A.1. Beta− Binomial marginal likelihood

For a fixed task with latent success probability p ∈ [0, 1], the Binomial likelihood of observing s ∈ {0, . . . ,m} successes
out of m ∈ N independent trials is

p(s | m, p) =

(
m

s

)
ps(1− p)m−s. (19)

Under the Beta prior p ∼ Beta(a, b) with density

p(p | a, b) = 1

β(a, b)
pa−1(1− p)b−1, (20)

integrating out p yields the Beta–Binomial marginal likelihood

p(s | m, a, b) =

∫ 1

0

p(s | m, p) p(p | a, b) dp (21)

=

(
m

s

)
1

β(a, b)

∫ 1

0

pa+s−1(1− p)b+m−s−1 dp (22)

=

(
m

s

)
β(a+ s, b+m− s)

β(a, b)
, (23)

which is the expression used in (12).

A.2. Posterior conjugacy and posterior-predictive Pass@k

Posterior of p given (m, s). Combining (19) and (20), the posterior density satisfies

p(p | m, s, a, b) ∝ p(s | m, p) p(p | a, b) ∝ ps(1− p)m−s pa−1(1− p)b−1

∝ p(a+s)−1(1− p)(b+m−s)−1,

so by inspection
p | (m, s) ∼ Beta(a+ s, b+m− s), (24)

which is the conjugacy claim used in Section 4.1.

A Beta moment identity. For p ∼ Beta(a, b) and integer k ≥ 0,

E[(1− p)k] =
β(a, b+ k)

β(a, b)
. (25)

This follows directly from the definition of the Beta function:

E[(1− p)k] =

∫ 1

0

(1− p)k
1

β(a, b)
pa−1(1− p)b−1 dp

=
1

β(a, b)

∫ 1

0

pa−1(1− p)b+k−1 dp =
β(a, b+ k)

β(a, b)
.

12
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Posterior-predictive Pass@k for one task. Recall Pass@k = 1− (1− p)k under the independence assumption across k
samples. Using (24) and (25), the posterior-predictive pass@k for a task with counts (m, s) is

E[Pass@k | m, s] = 1− E[(1− p)k | m, s] = 1− β(a+ s, b+m− s+ k)

β(a+ s, b+m− s)
, (26)

which matches the definition of P̂ass@k
BB

(x) in Section 4.1.

A.3. Closed form for unconditional Pass@k under a Beta law

This subsection derives the closed form used in (13) and in the proof of Theorem 4.1.

Lemma A.1 (Beta ratio as a finite product). Let a, b > 0 and let k ∈ N. Then

β(a, b+ k)

β(a, b)
=

k−1∏
j=0

b+ j

a+ b+ j
. (27)

Proof. Using (18),
β(a, b+ k)

β(a, b)
=

Γ(a)Γ(b+ k)

Γ(a+ b+ k)
· Γ(a+ b)

Γ(a)Γ(b)
=

Γ(b+ k)

Γ(b)
· Γ(a+ b)

Γ(a+ b+ k)
.

For integer k ≥ 1, the Gamma recursion Γ(x + 1) = xΓ(x) yields Γ(b + k) = Γ(b)
∏k−1

j=0 (b + j) and Γ(a + b + k) =

Γ(a+ b)
∏k−1

j=0 (a+ b+ j). Substituting proves (27).

Unconditional pass@k. If p ∼ Beta(a, b), then by (25) and Lemma A.1,

E[Pass@k] = 1− β(a, b+ k)

β(a, b)
= 1−

k−1∏
j=0

b+ j

a+ b+ j
. (28)

This is the formula referenced as (13) in the main text.

A.4. Full proof of Theorem 4.1

We restate the theorem for completeness.

Theorem A.2 (Pass@k ordering at fixed pass@1). Let P1 and P2 be two models whose per-task success probabilities follow
Beta(a1, b1) and Beta(a2, b2), respectively, with ai, bi > 0. Assume they have the same pass@1, i.e.

a1
a1 + b1

=
a2

a2 + b2
=: π ∈ (0, 1). (29)

Define ∆Pass(Pi) := ai + bi. If ∆Pass(P1) > ∆Pass(P2), then for all integers k ≥ 2,

Pass@kD(P1) > Pass@kD(P2). (30)

Proof. Let ∆i := ai + bi > 0. Under (29), we can reparameterize

ai = π∆i, bi = (1− π)∆i, i ∈ {1, 2}. (31)

For fixed k ≥ 1, define the unconditional pass@k function under a Beta law by Pass@k(∆) := Ep∼Beta(π∆,(1−π)∆)[1−
(1− p)k]. By (28) and substituting (31),

Pass@k(∆) = 1−
k−1∏
j=0

(1− π)∆ + j

∆+ j
. (32)

The j = 0 factor equals (1−π)∆
∆ = 1− π, independent of ∆. For each j ≥ 1, define

fj(∆) :=
(1− π)∆ + j

∆+ j
. (33)

13
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A direct differentiation gives, for all ∆ > 0,

f ′
j(∆) =

(1− π)(∆ + j)− ((1− π)∆ + j)

(∆ + j)2
= − πj

(∆ + j)2
< 0, (34)

so each fj is strictly decreasing in ∆ when j ≥ 1. For k ≥ 2, the product in (32) contains at least one such strictly
decreasing factor (e.g. j = 1), while all factors are positive. Therefore the product

∏k−1
j=0 fj(∆) is strictly decreasing in ∆

for k ≥ 2, and thus Pass@k(∆) = 1−
∏k−1

j=0 fj(∆) is strictly increasing in ∆ for k ≥ 2. Consequently, if ∆1 > ∆2 then
Pass@k(∆1) > Pass@k(∆2). Applying this with ∆i = ai + bi yields (30).

A.5. ZOIBB marginal likelihood and posterior-predictive Pass@k

This subsection provides the derivations underlying the ZOIBB estimator used in Section 4.2.

ZOIB prior as a mixture. Let p ∈ [0, 1] denote a latent success probability. Under the zero–one inflated Beta prior
p ∼ ZOIB(a, b, π0, π1), we have the mixture representation

p ∼


0, with probability π0,

1, with probability π1,

p̃, with probability 1− π0 − π1, where p̃ ∼ Beta(a, b).

(35)

ZOIBB marginal likelihood. Given m ∈ N and s ∈ {0, . . . ,m}, the Binomial likelihood is p(s | m, p) =
(
m
s

)
ps(1−

p)m−s. Integrating this likelihood against the mixture prior (35) yields the ZOIBB marginal likelihood

p(s | m, a, b, π0, π1) = π0 1{s=0} + π1 1{s=m} + (1− π0 − π1)

(
m

s

)
β(a+ s, b+m− s)

β(a, b)
. (36)

Posterior decomposition given (m, s). The posterior p(p | m, s) is again a three-component mixture. Define the
unnormalized component weights

w̃0 = π0 1{s=0}, (37)
w̃1 = π1 1{s=m}, (38)

w̃B = (1− π0 − π1)

(
m

s

)
β(a+ s, b+m− s)

β(a, b)
, (39)

and let Z = w̃0 + w̃1 + w̃B with normalized weights w0 = w̃0/Z, w1 = w̃1/Z, and wB = w̃B/Z. Conditioned on the
Beta-interior component, conjugacy gives

p | (m, s, interior) ∼ Beta(a+ s, b+m− s). (40)

Thus the full posterior is the mixture: point mass at 0 with weight w0, point mass at 1 with weight w1, and a Beta(a+ s, b+
m− s) density on (0, 1) with weight wB.

In particular, if 0 < s < m then the boundary components are impossible under the data and w0 = w1 = 0, so the posterior
reduces to the conjugate Beta update. If s = 0 (resp. s = m), only the spike at 0 (resp. 1) competes with the continuous
component.

Posterior-predictive pass@k (case decomposition). Recall Pass@k = 1− (1− p)k. Using the posterior mixture weights
defined above, the posterior-predictive pass@k is

E[Pass@k | m, s] = w1 + wB

(
1− β(a+ s, b+m− s+ k)

β(a+ s, b+m− s)

)
, (41)

where w1 is the posterior weight of the spike at 1 and wB is the posterior weight of the Beta-interior component. This
expression simplifies substantially by cases.

14
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For convenience, define the (unnormalized) Beta-interior evidence term

r(m, s) := (1− π0 − π1)

(
m

s

)
β(a+ s, b+m− s)

β(a, b)
. (42)

Interior counts (0 < s < m). In this case the spikes at 0 and 1 are incompatible with the data, hence w0 = w1 = 0 and
wB = 1. Therefore

E[Pass@k | m, s] = 1− β(a+ s, b+m− s+ k)

β(a+ s, b+m− s)
, (0 < s < m), (43)

which coincides exactly with the Beta–Binomial posterior-predictive expression.

All failures (s = 0). Here the posterior is a two-component mixture between a structural zero (p = 0) and the Beta-interior
component. The unnormalized weights are π0 for the spike at 0 and r(m, 0) for the Beta interior, hence

wB =
r(m, 0)

π0 + r(m, 0)
, w1 = 0. (44)

Consequently,

E[Pass@k | m, 0] =
r(m, 0)

π0 + r(m, 0)

(
1− β(a, b+m+ k)

β(a, b+m)

)
. (45)

All successes (s = m). Here the posterior is a two-component mixture between a structural one (p = 1) and the Beta-interior
component. The unnormalized weights are π1 for the spike at 1 and r(m,m) for the Beta interior, hence

w1 =
π1

π1 + r(m,m)
, wB =

r(m,m)

π1 + r(m,m)
. (46)

Consequently,

E[Pass@k | m,m] =
π1

π1 + r(m,m)
+

r(m,m)

π1 + r(m,m)

(
1− β(a+m, b+ k)

β(a+m, b)

)
. (47)

Equations (43)-(45)-(47) are the closed-form expressions used for P̂ass@k
ZOIBB

(x) in Section 4.2.
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B. Additional experimental results
This appendix reports the complete tables underlying the summary results in Section 5. Unless stated otherwise, results
are aggregated over all (model, temperature) configurations used in the main experiments, and uncertainty is reported over
repeated runs of the evaluation procedure.

Goodness-of-fit and model selection. Table 3 reports the fitted hyperparameters for the BB and ZOIBB hierarchical
models, as well as their comparative predictive fit. For each (dataset, model, temperature) setting, we fit hyperparameters by
empirical Bayes (evidence maximization) and compare the two likelihood families using 10-fold cross-validated expected
log predictive density (CV-ELPD) computed from the corresponding marginal likelihoods. A higher CV-ELPD indicates
better out-of-fold predictive performance. Two qualitative patterns are worth noting. First, some configurations prefer the
simpler BB fit, while others prefer ZOIBB, consistent with the fact that boundary mass at 0 and 1 is not uniformly present
across models and decoding temperatures. Second, HumanEval is qualitatively different from MBPP and CodeContests: for
many settings all sampled attempts fail, so the fitted models place nearly all mass near zero and ZOIBB is often selected
because its explicit zero atom matches this boundary behavior. Third, the fitted Beta-shape parameters often indicate
boundary-heavy regimes that match the empirical prevalence of near-impossible and near-trivial tasks.
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Table 3. Fitted parameters for the Beta− Binomial model and the ZOIBB model on CodeContests, HumanEval, and MBPP for various
models and temperatures. HumanEval includes several near-degenerate zero-success rows; rounded values such as a = 0.00 should be
read as very small fitted parameters.

Dataset Model Temperature aBB bBB aZOIBB bZOIBB π0 π1 Better Fit ELPD BB ELPD ZOIBB

C
od

eC
on

te
st

llama3.1-70b-chat
0.1 0.06 0.34 0.12 0.37 0.35 0.00 BB -15289.73 -15292.21
1.0 0.11 0.78 0.12 0.79 0.04 0.00 BB -19428.37 -19428.75
1.2 0.10 1.04 0.19 1.23 0.32 0.00 BB -16036.09 -16036.59

llama3.1-8b-chat
0.1 0.02 0.27 0.03 0.57 0.20 0.02 ZOIBB -5995.77 -5994.36
1.0 0.05 1.71 0.05 1.72 0.06 0.00 BB -6479.82 -6479.89
1.2 0.03 2.77 0.15 3.76 0.71 0.00 BB -3980.45 -3981.85

ministral-8b-chat
0.1 0.03 1.10 0.09 1.24 0.58 0.00 BB -5976.73 -5977.66
1.0 0.04 3.84 0.21 5.69 0.67 0.00 BB -4309.52 -4310.25
1.2 0.04 11.53 0.39 23.24 0.81 0.00 BB -1565.75 -1568.16

qwen2.5-3b-chat
0.1 0.03 0.91 0.03 0.90 0.07 0.00 BB -4393.94 -4394.02
1.0 0.04 3.93 0.07 4.22 0.36 0.00 BB -3051.32 -3058.21
1.2 0.03 6.22 0.03 6.12 0.02 0.00 BB -1923.07 -1926.70

qwen2.5-7b-chat
0.1 0.02 0.39 0.02 0.92 0.18 0.01 BB -4307.60 -4310.69
1.0 0.06 2.46 0.06 2.45 0.01 0.00 BB -6361.16 -6361.29
1.2 0.05 2.74 0.08 2.96 0.30 0.00 BB -5875.90 -5876.83

qwen3-30b-A3b-chat
0.1 0.02 0.22 0.03 0.35 0.04 0.02 BB -4927.78 -4928.29
1.0 0.08 1.34 0.18 1.66 0.42 0.00 BB -13273.32 -13274.00
1.2 0.08 1.71 0.13 1.86 0.24 0.00 BB -12815.33 -12816.35

H
um

an
E

va
l

llama3.1-70b-chat
0.1 0.00 2.02 0.00 2.00 0.52 0.00 ZOIBB -0.00 -0.00
1.0 0.00 2.02 0.00 2.00 0.52 0.00 ZOIBB -0.00 -0.00
1.2 0.00 2.02 0.00 2.00 0.52 0.00 ZOIBB -0.00 -0.00

llama3.1-8b-chat
0.1 0.00 2.02 0.00 2.00 0.52 0.00 ZOIBB -0.00 -0.00
1.0 0.00 2.02 0.00 2.00 0.52 0.00 ZOIBB -0.00 -0.00
1.2 0.00 2.02 0.00 2.00 0.52 0.00 ZOIBB -0.00 -0.00

ministral-8b-chat
0.1 0.00 2.02 0.00 2.00 0.52 0.00 ZOIBB -0.00 -0.00
1.0 0.00 2.02 0.00 2.00 0.52 0.00 ZOIBB -0.00 -0.00
1.2 2.87 3399.65 251.58 212152.28 0.27 0.00 ZOIBB -1114.49 -1113.03

qwen2.5-3b-chat
0.1 0.00 2.02 0.00 2.00 0.52 0.00 ZOIBB -0.00 -0.00
1.0 0.00 2.02 0.00 2.00 0.52 0.00 ZOIBB -0.00 -0.00
1.2 0.00 2.02 0.00 2.00 0.52 0.00 ZOIBB -0.00 -0.00

qwen2.5-7b-chat
0.1 0.00 2.02 0.00 2.00 0.52 0.00 ZOIBB -0.00 -0.00
1.0 0.02 200.22 0.05 209.18 0.53 0.00 BB -141.78 -142.00
1.2 0.07 435.71 0.09 453.37 0.20 0.00 BB -232.25 -232.53

qwen3-30b-A3b-chat
0.1 0.00 2.02 0.00 2.00 0.52 0.00 ZOIBB -0.00 -0.00
1.0 0.28 1090.56 5.22 6153.54 0.70 0.00 BB -379.91 -379.91
1.2 1.46 1685.18 1.47 1698.90 0.00 0.00 ZOIBB -1140.57 -1135.00

M
PB

B

llama3.1-70b-chat
0.1 0.15 0.03 0.15 0.03 0.00 0.01 BB -4309.05 -4310.80
1.0 0.76 0.24 1.14 0.27 0.02 0.00 ZOIBB -22103.22 -22098.18
1.2 0.96 0.40 1.44 0.46 0.02 0.00 ZOIBB -28861.85 -28854.25

llama3.1-8b-chat
0.1 0.10 0.05 0.19 0.14 0.10 0.37 BB -9618.17 -9619.46
1.0 0.60 0.45 0.79 0.50 0.03 0.00 ZOIBB -33884.55 -33881.81
1.2 0.68 0.68 0.79 0.73 0.02 0.00 ZOIBB -39351.54 -39351.20

ministral-8b-chat
0.1 0.20 0.09 0.24 0.17 0.02 0.21 BB -15063.55 -15066.16
1.0 0.64 0.52 0.85 0.58 0.03 0.00 ZOIBB -36372.46 -36369.46
1.2 0.64 0.79 0.79 0.88 0.03 0.00 BB -39580.29 -39581.50

qwen2.5-3b-chat
0.1 0.19 0.09 0.34 0.19 0.07 0.26 BB -14769.23 -14770.01
1.0 0.73 0.53 0.80 0.55 0.01 0.00 BB -36161.61 -36162.66
1.2 0.79 0.71 0.86 0.74 0.01 0.00 BB -40288.94 -40289.90

qwen2.5-7b-chat
0.1 0.14 0.06 0.15 0.07 0.01 0.03 BB -9621.19 -9623.13
1.0 1.02 0.61 1.18 0.66 0.01 0.00 BB -36754.21 -36754.74
1.2 1.18 0.78 1.39 0.85 0.01 0.00 ZOIBB -40995.93 -40995.67

qwen3-30b-A3b-chat
0.1 0.12 0.05 0.11 0.05 0.00 0.01 BB -6819.11 -6819.25
1.0 0.87 0.76 1.32 0.94 0.03 0.00 ZOIBB -43662.96 -43655.90
1.2 1.02 0.90 1.65 1.19 0.03 0.00 ZOIBB -46447.16 -46436.16

Absolute error across (m, k) on CodeContests. The next table reports absolute errors |P̂ass@k − Pass@k⋆| for several
values of m (samples per task) and target budgets k. The reference value Pass@k⋆ is computed using the large-sample
combinatorial estimator (Section 2) on the full sampling budget available for each task. Each entry is then obtained by
subsampling m generations per task, computing each estimator from the resulting counts (mi, si), and comparing to
Pass@k⋆. Numbers are averaged over all models and temperatures and over 10 independent subsampling runs; parentheses
report the standard deviation across these runs. In these logged experiments, Bayesian estimators often reduce error in the
low-sampling regime, especially for larger k, where naive plug-in estimates tend to underestimate the large-budget reference.
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Table 4. Absolute error of Pass@k estimation on CodeContests for various values of m (number of samples per problem) and k (sampling
budget). We compare the naive estimator, the combinatorial estimator, the BB estimator, the ZOIBB estimator, and LinMix. Results are
averaged over all models and temperatures over 10 runs. Standard deviations are in parentheses.

Data m k Naive Combinatorial BB ZOIBB LinMix
C

od
eC

on
te

st

1

10 0.076 (0.050) - 0.058 (0.061) 0.038 (0.031) 0.058 (0.061)
20 0.101 (0.061) - 0.078 (0.079) 0.050 (0.041) 0.078 (0.079)
50 0.134 (0.073) - 0.105 (0.099) 0.066 (0.053) 0.105 (0.099)
100 0.158 (0.079) - 0.123 (0.110) 0.077 (0.060) 0.123 (0.110)
200 0.181 (0.085) - 0.138 (0.118) 0.086 (0.067) 0.138 (0.118)
500 0.212 (0.094) - 0.155 (0.125) 0.097 (0.073) 0.155 (0.125)

5

10 0.031 (0.023) - 0.019 (0.014) 0.020 (0.016) 0.019 (0.014)
20 0.053 (0.033) - 0.028 (0.022) 0.033 (0.027) 0.028 (0.022)
50 0.085 (0.045) - 0.045 (0.041) 0.058 (0.049) 0.045 (0.041)
100 0.108 (0.051) - 0.063 (0.068) 0.083 (0.078) 0.063 (0.068)
200 0.132 (0.057) - 0.083 (0.107) 0.111 (0.117) 0.083 (0.107)
500 0.163 (0.066) - 0.111 (0.160) 0.148 (0.161) 0.111 (0.160)

10

10 0.018 (0.015) 0.012 (0.011) 0.012 (0.010) 0.011 (0.011) 0.012 (0.010)
20 0.031 (0.022) - 0.017 (0.014) 0.018 (0.016) 0.017 (0.014)
50 0.058 (0.032) - 0.026 (0.023) 0.030 (0.025) 0.026 (0.023)
100 0.082 (0.039) - 0.035 (0.035) 0.042 (0.036) 0.035 (0.034)
200 0.105 (0.045) - 0.045 (0.052) 0.054 (0.053) 0.044 (0.052)
500 0.137 (0.053) - 0.057 (0.080) 0.072 (0.076) 0.056 (0.080)

20

10 0.010 (0.008) 0.007 (0.006) 0.007 (0.006) 0.007 (0.006) 0.007 (0.006)
20 0.017 (0.013) 0.012 (0.010) 0.010 (0.009) 0.011 (0.009) 0.010 (0.009)
50 0.035 (0.020) - 0.017 (0.014) 0.019 (0.015) 0.016 (0.014)
100 0.056 (0.026) - 0.022 (0.019) 0.026 (0.020) 0.021 (0.018)
200 0.079 (0.031) - 0.027 (0.024) 0.035 (0.026) 0.026 (0.022)
500 0.110 (0.039) - 0.034 (0.032) 0.047 (0.035) 0.033 (0.028)

50

10 0.005 (0.004) 0.004 (0.004) 0.004 (0.004) 0.004 (0.004) 0.004 (0.004)
20 0.008 (0.007) 0.007 (0.005) 0.007 (0.005) 0.007 (0.005) 0.007 (0.005)
50 0.017 (0.012) 0.011 (0.009) 0.010 (0.009) 0.010 (0.009) 0.010 (0.009)
100 0.029 (0.016) - 0.014 (0.012) 0.015 (0.012) 0.015 (0.012)
200 0.047 (0.021) - 0.018 (0.015) 0.021 (0.017) 0.021 (0.017)
500 0.078 (0.029) - 0.024 (0.020) 0.032 (0.026) 0.031 (0.025)

100

10 0.003 (0.002) 0.003 (0.002) 0.003 (0.002) 0.003 (0.002) 0.003 (0.002)
20 0.005 (0.004) 0.004 (0.003) 0.004 (0.003) 0.004 (0.003) 0.004 (0.003)
50 0.009 (0.007) 0.007 (0.005) 0.007 (0.005) 0.007 (0.005) 0.007 (0.005)
100 0.016 (0.010) 0.011 (0.008) 0.010 (0.007) 0.010 (0.008) 0.010 (0.008)
200 0.028 (0.014) - 0.013 (0.009) 0.014 (0.011) 0.014 (0.011)
500 0.055 (0.021) - 0.018 (0.013) 0.023 (0.018) 0.023 (0.018)

200

10 0.002 (0.002) 0.002 (0.002) 0.002 (0.002) 0.002 (0.002) 0.002 (0.002)
20 0.003 (0.003) 0.003 (0.002) 0.003 (0.002) 0.003 (0.002) 0.003 (0.002)
50 0.006 (0.004) 0.004 (0.003) 0.004 (0.003) 0.004 (0.003) 0.004 (0.003)
100 0.009 (0.006) 0.006 (0.005) 0.006 (0.005) 0.006 (0.005) 0.006 (0.005)
200 0.016 (0.010) 0.011 (0.008) 0.008 (0.006) 0.009 (0.007) 0.009 (0.007)
500 0.035 (0.017) - 0.013 (0.010) 0.016 (0.012) 0.016 (0.012)

500

10 0.001 (0.001) 0.001 (0.001) 0.001 (0.001) 0.001 (0.001) 0.001 (0.001)
20 0.001 (0.001) 0.001 (0.001) 0.001 (0.001) 0.001 (0.001) 0.001 (0.001)
50 0.003 (0.002) 0.002 (0.002) 0.002 (0.002) 0.002 (0.002) 0.002 (0.002)
100 0.004 (0.003) 0.003 (0.003) 0.003 (0.003) 0.003 (0.003) 0.003 (0.003)
200 0.007 (0.005) 0.005 (0.004) 0.005 (0.004) 0.005 (0.004) 0.005 (0.004)
500 0.016 (0.010) 0.009 (0.007) 0.008 (0.006) 0.008 (0.007) 0.008 (0.007)

Regime behavior across m. A noteworthy pattern in these full tables is the existence of distinct sampling regimes. At
m = 1, the ZOIBB estimator often achieves the lowest absolute error, consistent with the utility of explicit boundary mass
when only a single sample is observed. For intermediate budgets (roughly m ∈ {5, 10}), BB is frequently best, suggesting
that the simpler prior can be more stable when the evidence is still sparse but no longer purely boundary-driven. Across
many reported (m, k) pairs, LinMix is at (or close to) the best method, providing an empirical compromise. In particular,
for m ∈ [20, 50] we often observe LinMix outperforming both BB and ZOIBB, which suggests that one method tends to
overestimate while the other underestimates in this range; the linear interpolation can therefore reduce bias.

Absolute error across (m, k) on MBPP. This table repeats the same analysis on MBPP. MBPP typically contains many
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tasks and a rich range of nonzero success probabilities, so it is the most useful dataset for the detailed m- and N -dependence
analyses in the main text. As in CodeContests, the Bayesian estimators provide regularization when successes are rare. In
many (m, k) settings, BB and ZOIBB exhibit complementary strengths; LinMix is designed as a heuristic compromise
across sampling regimes, while remaining task-agnostic (the mixture weight depends only on m).

Table 5. Absolute error of Pass@k estimation on MBPP for various values of m (number of samples per problem) and k (sampling
budget). We compare the naive estimator, the combinatorial estimator, the BB estimator, the ZOIBB estimator, and LinMix. Results are
averaged over all models and temperatures over 10 runs. Standard deviations are in parentheses.

Data m k Naive Combinatorial BB ZOIBB LinMix

M
PB

B

1

10 0.217 (0.111) - 0.090 (0.065) 0.056 (0.035) 0.090 (0.065)
20 0.242 (0.119) - 0.086 (0.063) 0.059 (0.027) 0.086 (0.063)
50 0.265 (0.124) - 0.076 (0.060) 0.060 (0.022) 0.076 (0.060)
100 0.276 (0.124) - 0.068 (0.056) 0.061 (0.023) 0.068 (0.056)
200 0.285 (0.123) - 0.061 (0.052) 0.060 (0.025) 0.061 (0.052)
500 0.292 (0.120) - 0.055 (0.047) 0.060 (0.027) 0.055 (0.047)

5

10 0.047 (0.030) - 0.020 (0.015) 0.023 (0.020) 0.020 (0.015)
20 0.064 (0.038) - 0.023 (0.015) 0.033 (0.028) 0.023 (0.015)
50 0.085 (0.045) - 0.024 (0.015) 0.044 (0.036) 0.024 (0.015)
100 0.097 (0.047) - 0.023 (0.015) 0.050 (0.040) 0.023 (0.015)
200 0.105 (0.047) - 0.023 (0.014) 0.055 (0.042) 0.023 (0.014)
500 0.113 (0.047) - 0.022 (0.013) 0.059 (0.044) 0.022 (0.013)

10

10 0.022 (0.015) 0.013 (0.011) 0.015 (0.011) 0.012 (0.010) 0.015 (0.010)
20 0.031 (0.021) - 0.018 (0.012) 0.017 (0.014) 0.018 (0.011)
50 0.048 (0.027) - 0.020 (0.012) 0.026 (0.020) 0.019 (0.012)
100 0.059 (0.029) - 0.020 (0.012) 0.031 (0.023) 0.019 (0.012)
200 0.067 (0.030) - 0.020 (0.012) 0.035 (0.026) 0.019 (0.012)
500 0.075 (0.031) - 0.020 (0.011) 0.038 (0.028) 0.019 (0.011)

20

10 0.012 (0.010) 0.008 (0.007) 0.011 (0.008) 0.008 (0.007) 0.009 (0.007)
20 0.016 (0.013) 0.011 (0.009) 0.014 (0.009) 0.010 (0.009) 0.012 (0.008)
50 0.025 (0.018) - 0.017 (0.011) 0.015 (0.013) 0.013 (0.009)
100 0.034 (0.020) - 0.017 (0.012) 0.018 (0.016) 0.014 (0.009)
200 0.041 (0.022) - 0.018 (0.012) 0.021 (0.018) 0.014 (0.009)
500 0.049 (0.023) - 0.019 (0.011) 0.025 (0.020) 0.014 (0.009)

50

10 0.006 (0.005) 0.004 (0.003) 0.006 (0.004) 0.005 (0.003) 0.005 (0.003)
20 0.007 (0.006) 0.006 (0.004) 0.008 (0.005) 0.006 (0.004) 0.006 (0.004)
50 0.011 (0.009) 0.009 (0.007) 0.011 (0.008) 0.008 (0.006) 0.008 (0.006)
100 0.015 (0.011) - 0.013 (0.009) 0.011 (0.009) 0.011 (0.008)
200 0.020 (0.014) - 0.015 (0.010) 0.014 (0.010) 0.013 (0.010)
500 0.027 (0.017) - 0.017 (0.010) 0.018 (0.013) 0.017 (0.012)

100

10 0.003 (0.003) 0.003 (0.003) 0.004 (0.003) 0.003 (0.003) 0.003 (0.003)
20 0.004 (0.004) 0.004 (0.003) 0.005 (0.004) 0.004 (0.003) 0.004 (0.003)
50 0.006 (0.005) 0.005 (0.004) 0.007 (0.005) 0.005 (0.004) 0.005 (0.004)
100 0.008 (0.007) 0.007 (0.005) 0.009 (0.007) 0.006 (0.005) 0.006 (0.005)
200 0.011 (0.009) - 0.011 (0.009) 0.008 (0.007) 0.008 (0.007)
500 0.016 (0.013) - 0.014 (0.009) 0.011 (0.009) 0.011 (0.009)

200

10 0.002 (0.002) 0.002 (0.002) 0.002 (0.002) 0.002 (0.002) 0.002 (0.002)
20 0.003 (0.002) 0.003 (0.002) 0.003 (0.002) 0.003 (0.002) 0.003 (0.002)
50 0.004 (0.003) 0.003 (0.003) 0.005 (0.003) 0.003 (0.003) 0.003 (0.003)
100 0.005 (0.004) 0.004 (0.003) 0.006 (0.005) 0.004 (0.003) 0.004 (0.003)
200 0.006 (0.006) 0.006 (0.006) 0.009 (0.006) 0.005 (0.005) 0.005 (0.005)
500 0.008 (0.009) - 0.012 (0.007) 0.007 (0.007) 0.007 (0.007)

500

10 0.001 (0.001) 0.001 (0.001) 0.001 (0.001) 0.001 (0.001) 0.001 (0.001)
20 0.001 (0.001) 0.001 (0.001) 0.001 (0.001) 0.001 (0.001) 0.001 (0.001)
50 0.002 (0.001) 0.002 (0.001) 0.002 (0.002) 0.002 (0.001) 0.002 (0.001)
100 0.002 (0.002) 0.002 (0.002) 0.003 (0.002) 0.002 (0.002) 0.002 (0.002)
200 0.002 (0.003) 0.002 (0.002) 0.005 (0.003) 0.002 (0.002) 0.002 (0.002)
500 0.004 (0.004) 0.003 (0.004) 0.008 (0.005) 0.003 (0.003) 0.003 (0.003)

Absolute error across (m, k) on HumanEval. HumanEval behaves differently because most reference Pass@k values
are zero or near zero for most configurations. Many estimators therefore tie at very small absolute error. The most
informative HumanEval signal is not the absolute-error table alone, but the boundary-mass behavior in Table 3 and the few
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high-temperature configurations with nonzero pass@200 in Table 10.

Table 6. Absolute error of Pass@k estimation on HumanEval for various values of m (number of samples per problem) and k (sampling
budget). We compare the naive estimator, the combinatorial estimator, the BB estimator, the ZOIBB estimator, and LinMix. Results are
averaged over all models and temperatures over 10 runs. Standard deviations are in parentheses.

Data m k Naive Combinatorial BB ZOIBB LinMix

H
um

an
E

va
l

1

10 0.001 (0.003) - 0.001 (0.003) 0.001 (0.003) 0.001 (0.003)
20 0.002 (0.005) - 0.003 (0.006) 0.003 (0.006) 0.003 (0.006)
50 0.006 (0.013) - 0.006 (0.013) 0.006 (0.013) 0.006 (0.013)
100 0.011 (0.025) - 0.011 (0.024) 0.011 (0.024) 0.011 (0.024)
200 0.021 (0.047) - 0.021 (0.046) 0.021 (0.046) 0.021 (0.046)
500 0.045 (0.100) - 0.044 (0.099) 0.044 (0.099) 0.044 (0.099)

5

10 0.001 (0.002) - 0.002 (0.004) 0.002 (0.003) 0.002 (0.004)
20 0.002 (0.005) - 0.003 (0.007) 0.003 (0.007) 0.003 (0.007)
50 0.005 (0.012) - 0.007 (0.017) 0.007 (0.016) 0.007 (0.017)
100 0.011 (0.024) - 0.014 (0.032) 0.013 (0.030) 0.014 (0.032)
200 0.021 (0.046) - 0.025 (0.057) 0.024 (0.053) 0.025 (0.057)
500 0.045 (0.100) - 0.050 (0.111) 0.045 (0.099) 0.050 (0.111)

10

10 0.001 (0.002) 0.001 (0.003) 0.001 (0.003) 0.001 (0.002) 0.001 (0.003)
20 0.002 (0.003) - 0.002 (0.005) 0.002 (0.005) 0.002 (0.005)
50 0.005 (0.010) - 0.005 (0.012) 0.005 (0.012) 0.005 (0.012)
100 0.010 (0.022) - 0.010 (0.023) 0.010 (0.022) 0.010 (0.023)
200 0.020 (0.044) - 0.018 (0.041) 0.017 (0.039) 0.018 (0.041)
500 0.044 (0.098) - 0.037 (0.081) 0.032 (0.072) 0.037 (0.081)

20

10 0.001 (0.002) 0.001 (0.002) 0.001 (0.002) 0.001 (0.002) 0.001 (0.002)
20 0.001 (0.003) 0.002 (0.004) 0.002 (0.004) 0.002 (0.004) 0.002 (0.004)
50 0.004 (0.009) - 0.004 (0.009) 0.004 (0.009) 0.004 (0.009)
100 0.009 (0.020) - 0.007 (0.017) 0.007 (0.016) 0.007 (0.017)
200 0.019 (0.042) - 0.014 (0.031) 0.014 (0.030) 0.014 (0.031)
500 0.043 (0.096) - 0.030 (0.063) 0.029 (0.063) 0.029 (0.063)

50

10 0.000 (0.001) 0.000 (0.001) 0.000 (0.001) 0.000 (0.001) 0.000 (0.001)
20 0.001 (0.002) 0.001 (0.002) 0.001 (0.002) 0.001 (0.002) 0.001 (0.002)
50 0.003 (0.007) 0.002 (0.005) 0.002 (0.005) 0.002 (0.005) 0.002 (0.005)
100 0.007 (0.016) - 0.004 (0.009) 0.004 (0.009) 0.004 (0.009)
200 0.016 (0.037) - 0.007 (0.017) 0.007 (0.018) 0.007 (0.018)
500 0.040 (0.090) - 0.015 (0.035) 0.015 (0.038) 0.015 (0.038)

100

10 0.000 (0.001) 0.000 (0.001) 0.000 (0.001) 0.000 (0.001) 0.000 (0.001)
20 0.001 (0.001) 0.001 (0.001) 0.001 (0.001) 0.001 (0.001) 0.001 (0.001)
50 0.002 (0.004) 0.001 (0.003) 0.001 (0.003) 0.001 (0.003) 0.001 (0.003)
100 0.005 (0.011) 0.002 (0.006) 0.003 (0.006) 0.003 (0.006) 0.003 (0.006)
200 0.012 (0.027) - 0.005 (0.012) 0.005 (0.012) 0.005 (0.012)
500 0.035 (0.078) - 0.011 (0.027) 0.012 (0.029) 0.012 (0.029)

200

10 0.000 (0.000) 0.000 (0.000) 0.000 (0.000) 0.000 (0.000) 0.000 (0.000)
20 0.000 (0.001) 0.000 (0.001) 0.000 (0.001) 0.000 (0.001) 0.000 (0.001)
50 0.001 (0.002) 0.001 (0.002) 0.001 (0.002) 0.001 (0.002) 0.001 (0.002)
100 0.003 (0.006) 0.002 (0.004) 0.002 (0.004) 0.002 (0.004) 0.002 (0.004)
200 0.007 (0.017) 0.003 (0.007) 0.003 (0.007) 0.003 (0.007) 0.003 (0.007)
500 0.025 (0.057) - 0.006 (0.015) 0.007 (0.016) 0.007 (0.016)

500

10 0.000 (0.000) 0.000 (0.000) 0.000 (0.000) 0.000 (0.000) 0.000 (0.000)
20 0.000 (0.001) 0.000 (0.001) 0.000 (0.001) 0.000 (0.001) 0.000 (0.001)
50 0.001 (0.002) 0.001 (0.001) 0.001 (0.001) 0.001 (0.001) 0.001 (0.001)
100 0.001 (0.003) 0.001 (0.003) 0.001 (0.003) 0.001 (0.003) 0.001 (0.003)
200 0.004 (0.009) 0.002 (0.005) 0.002 (0.005) 0.002 (0.005) 0.002 (0.005)
500 0.014 (0.032) 0.004 (0.009) 0.004 (0.010) 0.004 (0.009) 0.004 (0.009)

Pairwise win rates. The next table summarizes how often each estimator achieves lower absolute error than another
estimator in the low-m, high-k regime.
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Table 7. Proportion of times method A (row) achieves lower absolute error than method B (column) across all datasets, models,
temperatures, and low m (1, 2, 5, 10), high k (50, 100, 200, 500) regimes. Best results are in bold.

A \ B Naive BB ZOIBB LinMix
Naive – 18.1 11.5 15.4
BB 81.9 – 55.6 32.5
ZOIBB 88.5 44.4 – 40.6
LinMix 84.6 67.5 59.4 –

Table 8. Pass@K improvement on CodeContests evaluated over all models and temperatures. The markers indicate the symbols used in
Figure 6.

Model T Pass@1 Pass@200 ∆ Pass Marker
llama3.1-8b-chat 0.1 0.061 0.156 0.294 ◦
llama3.1-8b-chat 1.0 0.027 0.194 1.752 ◦
llama3.1-8b-chat 1.2 0.012 0.137 2.801 ◦
qwen2.5-7b-chat 0.1 0.031 0.119 0.401 ▽
qwen2.5-7b-chat 1.0 0.022 0.220 2.522 ▽
qwen2.5-7b-chat 1.2 0.019 0.208 2.796 ▽
qwen2.5-3b-chat 0.1 0.024 0.159 0.943 ▷
qwen2.5-3b-chat 1.0 0.009 0.155 3.967 ▷
qwen2.5-3b-chat 1.2 0.005 0.110 6.251 ▷
ministral-8b-chat 0.1 0.029 0.159 1.127 ♢
ministral-8b-chat 1.0 0.012 0.178 3.880 ♢
ministral-8b-chat 1.2 0.003 0.111 11.570 ♢
qwen3-30b-A3b-chat 0.1 0.075 0.189 0.242 △
qwen3-30b-A3b-chat 1.0 0.059 0.337 1.418 △
qwen3-30b-A3b-chat 1.2 0.051 0.341 1.791 △
llama3.1-70b-chat 0.1 0.183 0.372 0.401 □
llama3.1-70b-chat 1.0 0.123 0.494 0.893 □
llama3.1-70b-chat 1.2 0.086 0.431 1.132 □

Sampling gains by model on CodeContests. Table 8 summarizes sampling gains for each (model, temperature) configura-
tion on CodeContests. For each configuration we report pass@1 and higher-k reference values, and we also report the fitted
improvability statistic ∆Pass(P ) computed under the BB approximation. These quantities support the main-text analysis:
models with similar pass@1 can exhibit markedly different gains as k increases.

Table 9. Pass@K improvement on MBPP evaluated over all models and temperatures. The markers indicate the symbols used in Figure 6.

Model T Pass@1 Pass@200 ∆ Pass Marker
llama3.1-8b-chat 0.1 0.660 0.834 0.150 ◦
llama3.1-8b-chat 1.0 0.611 0.964 1.052 ◦
llama3.1-8b-chat 1.2 0.530 0.969 1.363 ◦
qwen2.5-7b-chat 0.1 0.713 0.846 0.198 ▽
qwen2.5-7b-chat 1.0 0.692 0.979 1.629 ▽
qwen2.5-7b-chat 1.2 0.661 0.986 1.955 ▽
qwen2.5-3b-chat 0.1 0.705 0.887 0.278 ▷
qwen2.5-3b-chat 1.0 0.620 0.972 1.261 ▷
qwen2.5-3b-chat 1.2 0.558 0.979 1.500 ▷
ministral-8b-chat 0.1 0.671 0.892 0.289 ♢
ministral-8b-chat 1.0 0.581 0.964 1.153 ♢
ministral-8b-chat 1.2 0.466 0.966 1.424 ♢
qwen3-30b-A3b-chat 0.1 0.703 0.838 0.167 △
qwen3-30b-A3b-chat 1.0 0.603 0.949 1.626 △
qwen3-30b-A3b-chat 1.2 0.596 0.958 1.922 △
llama3.1-70b-chat 0.1 0.829 0.929 0.186 □
llama3.1-70b-chat 1.0 0.808 0.977 0.999 □
llama3.1-70b-chat 1.2 0.766 0.977 1.362 □
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Table 10. Pass@K improvement on HumanEval evaluated over all models and temperatures. Most configurations have zero pass@1 and
pass@200; the few high-temperature configurations with nonzero pass@200 also show very large ∆Pass values. The markers indicate
the symbols used in Figure 6.

Model T Pass@1 Pass@200 ∆ Pass Marker
llama3.1-8b-chat 0.1 0.000 0.000 2.024 ◦
llama3.1-8b-chat 1.0 0.000 0.000 2.024 ◦
llama3.1-8b-chat 1.2 0.000 0.000 2.024 ◦
qwen2.5-7b-chat 0.1 0.000 0.000 2.024 ▽
qwen2.5-7b-chat 1.0 0.000 0.015 200.244 ▽
qwen2.5-7b-chat 1.2 0.000 0.025 435.781 ▽
qwen2.5-3b-chat 0.1 0.000 0.000 2.024 ▷
qwen2.5-3b-chat 1.0 0.000 0.000 2.024 ▷
qwen2.5-3b-chat 1.2 0.000 0.000 2.024 ▷
ministral-8b-chat 0.1 0.000 0.000 2.024 ♢
ministral-8b-chat 1.0 0.000 0.000 2.024 ♢
ministral-8b-chat 1.2 0.001 0.152 3402.521 ♢
qwen3-30b-A3b-chat 0.1 0.000 0.000 2.024 △
qwen3-30b-A3b-chat 1.0 0.000 0.046 1090.838 △
qwen3-30b-A3b-chat 1.2 0.001 0.149 1686.639 △
llama3.1-70b-chat 0.1 0.000 0.000 2.024 □
llama3.1-70b-chat 1.0 0.000 0.000 2.024 □
llama3.1-70b-chat 1.2 0.000 0.000 2.024 □

Sampling gains by model on MBPP and HumanEval. Table 9 provides the same summary on MBPP, and Table 10 provides
the boundary-heavy HumanEval case. On MBPP and CodeContests, ∆Pass(P ) is useful for comparing configurations
with nontrivial pass@1 values. On HumanEval, absolute gains are often exactly zero and relative gains are unstable or
undefined when pass@1 is zero, so we interpret the table mainly as evidence that only a few configurations escape the
near-zero regime.

Structure in model space. Figure 6 visualizes all (model, temperature) configurations in the (Pass@1, ∆Pass(P )) plane.
Each dataset has its own scale and interpretation: CodeContests shows a tradeoff between pass@1 and improvability, MBPP
shows a Pareto frontier, and HumanEval shows a near-degenerate regime where almost all configurations are close to zero
on both axes.
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Figure 6. Pass@1 vs ∆Pass(P ) on CodeContests, MBPP, and HumanEval for various models and temperatures. Each dot corresponds to
a model and temperature combination; markers indicate model type and colors indicate temperature.

Diversity analysis. The diversity analysis excludes HumanEval, which has too few successful samples for stable JPlag
similarities, and relative-improvement summaries are undefined when Pass@1 is zero.
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