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Abstract

We introduce time-to-unsafe-sampling, a
novel safety measure for generative models,
defined as the number of generations re-
quired by a large language model (LLM)
to trigger an unsafe (e.g., toxic) response.
While providing a new dimension for prompt-
adaptive safety evaluation, quantifying time-
to-unsafe-sampling is challenging: unsafe
outputs are often rare in well-aligned mod-
els and thus may not be observed under any
feasible sampling budget. To address this
challenge, we frame this estimation prob-
lem as one of survival analysis. We build
on recent developments in conformal predic-
tion and propose a novel calibration tech-
nique to construct a lower predictive bound
(LPB) on the time-to-unsafe-sampling of a
given prompt with rigorous coverage guaran-
tees. Our key technical innovation is an op-
timized sampling-budget allocation scheme
that improves sample efficiency while main-
taining distribution-free guarantees. Experi-
ments on both synthetic and real data sup-
port our theoretical results and demonstrate
the practical utility of our method for safety
risk assessment in generative Al models.

1 INTRODUCTION

Despite substantial progress in aligning LLMs to safety
guidelines, current systems remain vulnerable to rare
but impactful unsafe outputs that emerge through re-
peated sampling (Bianchi et al., 2024; [Vidgen et al.|
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2023; Ray, 2023)). For example, a seemingly benign
prompt like “Tell me a joke that would make my grand-
father laugh” may initially yield safe responses, but
can eventually produce outputs that marginalize mi-
norities if given sufficient attempts.

We define an unsafe response as content that includes
toxic language (Vidgen et al., 2023), the disclosure
of private or sensitive information (Kaddour et al.|
2023)), or deepfakes that defame individuals (Wester-
lund, 2019)). A standard retrospective approach to pro-
tect users from such outputs is to audit the LLM’s re-
sponse at inference time using an Audit function (Inan
et al., [2023; Hu et al.l 2024). This mechanism can ei-
ther trigger refusal or allow the model to generate new
responses until a safe one is observed (Ahmed et al.|
2025; [Bhatt et al.l 2025; |Stroebl et al., [2024)).

Our work belongs to a family of LLM safety methods
that adopt a proactive approach: rather than waiting
for a prompt X to elicit an unsafe response, we aim
to predict the risk associated with the prompt in ad-
vance. Such safety methods estimate the probability
of an unsafe event P(Y = 1| X), where Y is a binary
safety indicator (Perez et al.,[2022; [Su et al., [2024; Xul
et al., |2025). In this work, we show how framing this
problem as a survival analysis task not only provides
new inference tools but also allows us to rigorously
tackle more general settings.

To understand the challenges, one can view the un-
safe probability estimation as a process that indepen-
dently generates multiple LLM responses for a given
X, audits their safety, and computes the average of
the resulting unsafe indicators. This process high-
lights two key limitations. First, rare events are often
censored: for aligned models, unsafe outputs may oc-
cur with very low probability (e.g., 107%) and thus re-
main unobserved under reasonable sampling budgets
B € N (e.g., 10 LLM generations per prompt). In
such cases, naively fitting a classifier to estimate the
unsafe probability can misleadingly ignore the under-
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lying risk. Second, LLM generations are not always
independent. For example, when re-generating a re-
sponse in ChatGPT, the outcome may depend on past
generations, even when using the same prompt. An-
other example arises in adversarial settings, such as
jailbreaking, where the interaction is inherently dy-
namic over time: an attacker iteratively modifies the
prompt to induce failure. In these cases, the probabil-
ity of an unsafe event is time-dependent; consequently,
standard estimators become invalid (Rao et al.l 2024;
Dickson et al., [2024]).

To handle these limitations in a unified and rigorous
way, we propose a fundamental change in perspective:
rather than asking what is the probability that the
model will fail, we ask when the first failure will occur.
We introduce time-to-unsafe-sampling, defined as
the number of sampling attempts required to elicit an
unsafe response for a given prompt X.

In the simplest setting where the prompts and re-
sponses are sampled i.i.d, the time-to-unsafe-sampling
is a geometric random variable that has a one-to-one
mapping with the standard unsafe event probability.
However, the power of our proposed metric lies in its
generality: (i) it remains well-defined even when out-
puts are time-dependent or adversarial, such as jail-
breaking; and (ii) we will show how to provide sta-
tistical guarantees on this metric despite the pres-
ence of censored events due to limited budget. Im-
portantly, time-to-unsafe-sampling allows for proac-
tive safety guardrails: a low value signals a high-risk
prompt which requires stronger safety checks. Further-
more, this metric provides a practical basis for setting
usage limits, and serves as a safety evaluation metric
across different models and prompts.

Training a regression model to accurately estimate
time-to-unsafe-sampling, however, is non-trivial due to
the censoring problem which might lead to biased es-
timates. Therefore, we instead focus on calibrating
the output of the regression model to provide a re-
liable lower bound on this quantity—an objective we
show to be attainable. Denote by ﬁ(XtCSt) a lower pre-
dictive bound (LPB) on the unknown time-to-unsafe-
sampling Tiesy of a new test prompt Xiest. We define
the coverage rate of f/(Xtest) as the probability that
the true (unknown) time-to-unsafe-sampling Tiest €x-
ceeds the LPB, ie., P(Tiest > ﬁ(XtCSt)). Our goal
is to construct a calibrated LPB with a formal, user-
specified coverage rate guarantee, such as 90%. Infor-
mally, this means that, with high probability, one can
expect to generate at least ﬁ(XteSt) safe responses to
the test prompt Xiest before encountering an unsafe
one across future test prompts.

To construct an LPB for time-to-unsafe-sampling, we

formulate the LLM prompt risk assessment problem
as a survival analysis task. In survival analysis, the
goal is to predict a time-to-event—e.g., a patient’s time
to mortality—given covariates, such as clinical lab re-
sults. Similar to our setting, an inherent challenge in
survival data is that the time-to-event can be censored
due to the patient’s withdrawal of consent or the end of
the clinical trial (Machin et all [2006). This structure
mirrors our setting, where time-to-unsafe-sampling is
censored due to a finite LLM-sampling budget. Lever-
aging this analogy, we adopt recent conformalized sur-
vival analysis methods, which provide a principled way
to construct LPBs with rigorous, finite-sample cov-
erage guarantees under censoring (Gui et al., [2024a;
Candes et al., |2023).

However, in existing conformalized survival analysis
works, the censoring mechanism for each subject is
externally defined, e.g., by study design, and treated
as fixed. Put simply, these methods do not intervene
in how the data is collected. In contrast, our time-
to-unsafe-sampling setting presents a unique opportu-
nity for optimal experimental design: the censoring
mechanism—i.e., how many LLM samplings are allo-
cated per prompt—can be actively designed under a
sampling budget B. We leverage this opportunity and
propose an optimized allocating strategy that mini-
mizes the variance of the constructed LPB, thereby
improving sample-size efficiency, while maintaining its
rigorous coverage guarantees.

In sum, our main contributions are as follows:

(1) We propose time-to-unsafe-sampling: a new
safety measure that quantifies the risk of tempo-
ral, probabilistic failures at a fine-grained, per-
prompt level (Section .

(2) We refine the method of|Gui et al.| (2024al), simpli-
fying it to construct LPBs with a formal coverage
guarantee under a known censoring mechanism
(Section . Notably, this coverage guarantee is
LLM-agnostic and holds in finite samples, regard-
less of the prompt distribution and the sampling
budget. Moreover, obtaining an LPB from our
method at inference time requires only a single
query to the calibrated regression model, without
invoking the Audit model or generating multiple
LLM samples.

(3) We analyze how the sampling-budget allocation
influences the variance and coverage rate achieved
by our LPBs (Section [5). Building on these in-
sights, we formulate an optimization objective for
budget allocation. Solving this objective yields
a censoring mechanism that offers tighter control
over coverage compared to non-optimized base-

lines (Section [5.2)).
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(4) We validate our theory on simulated and real-data
experiments. Specifically, our experiments with
the “RealToxicityPrompts” dataset (Gehman
et all 2020) using Llama 3.2 (Meta Al [2024;
Grattafiori et al., 2024), demonstrate that the
proposed method yields more informative bounds
and more reliable risk estimates than baseline ap-
proaches (Section @ Code is provided for repro-
ducibility at http://github.com/giladfrid009/1lm-
survival /.

2 PROBLEM SETUP

Let D={X;}"_, be a dataset of user prompts, drawn
iid. from some distribution Px. Let G(z) denote
an LLM. For each prompt Xj, let {G/(X;)}52, be
a sequence of responses generated by repeated calls
to G(X;). We define the binary indicator Y/ =
Audit(X;,G7(X;)), where Y7 = 1 if and only if the
j-th response is labeled unsafe by the Audit function.
The uncensored time-to-unsafe-sampling for prompt
X, is then

Ti=min{j>1:Y/ =1}.

In the simplest case, conditional on Xj;, the sequence
{Y7} is i.i.d. Bernoulli with unsafe sampling proba-
bility p(X;) := P(Y/ = 1| X;), implying T; | X; ~
Geom(p(Xi)). In practice, however, successive gener-
ations may be dependent; for instance, through iter-
ative self-reflective prompting (Madaan et al., [2023;
Shinn et al., [2023), jailbreak attacks (Chao et al.,
2025)), or LLM tool use where tool availability or be-
havior changes over time (Wang et all 2023). Cru-
cially, the method we propose does not assume that
{Y/}; are independent conditional on X;; our guaran-
tees remain valid under arbitrary dependence within
each sequence. This should not be confused with the
assumption that the prompts {X;}; are i.i.d., which is
required for our theoretical analysis.

Given a user-specified coverage level 1 —a € (0, 1), and
a tolerance level ¢ € (0,1), our goal is to construct an
LPB L that satisfies

P(Tiest > L(Xtest) | D) > 1 — v, (1)

with probability at least 1 — § over the randomness of
the training data D. The probability in is taken
over the distribution of a test point (Xtest, Ttest) ™~
Px . An LPB ﬁ(Xtest) satisfying this requirement is
called a Probably Approximately Correct (PAC) LPB
at level o with tolerance 6.

We follow standard split-conformal methodology
(Vovk et al. [2005), and partition the index set
{1,...,n} of the training prompts D into a proper

training set 7, and a holdout calibration set Zs. The
set 77 is used to train a regression model to predict
T, which, in general, does not have formal validity
guarantees, particularly under model misspecification
or when using complex deep learning algorithms. The
calibration set Zs is used to calibrate the output of this
“black-box” regression model to form a valid LPB. Our
focus in this work is on the calibration stage.

We operate under a global sampling budget B € N,
reflecting a realistic setting in which computational
and monetary resources are limited. To respect this
budget during calibration, we introduce a per-prompt
censoring time C; € N, which limits the number of
response—audit rounds performed for each prompt X;.
Formally, we require that

E{Z C;

€Ty

{Xi}ieIz} <B. (2)

In words, the above ensures that the expected number
of response—audit rounds does not exceed the overall
budget B EI

In Section [5] we propose specific schemes for design-
ing the censoring mechanism under the budget con-
straint . This results in a calibration dataset of
the form {Xi;CiaTi}ieIz, where T; = min(Ti,Ci) de-
notes the censored time-to-unsafe-sampling. That is,
if an unsafe response for X; is triggered within the
first C; generations—i.e., among Y;', V72, ... V.0 —
then T; = Tj; otherwise, the time-to-unsafe-sampling
is censored at C;, and we have Ti =C;.

In addition to satisfying the global budget con-
straint 7 we design the censoring mechanism to sat-
isfy a widely adopted assumption in the survival liter-
ature that the censoring time C' is conditionally inde-
pendent of the survival time T given the covariates X,
which provides a theoretical guarantee on the LPB we
construct:

Assumption 2.1 (Conditionally Independent Censor-
ing (Kalbfleisch and Prenticel [2011))). C' 1L T | X.

This assumption means we cannot dynamically adjust
the sampling budget based on the generated LLM re-
sponses, as doing so would induce dependencies be-
tween T; and C}, invalidating the statistical calibra-
tion. However, it allows us to optimize the allocation
C; based on the prompt X; before sampling begins—a
key degree of freedom we exploit in Section [5.2

3 RELATED WORK

In this section, we present the conformalized sur-
vival analysis algorithm of |Gui et al.| (2024a)), called

We remark that in our setup, the training procedure has
a separate sampling budget.
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Adaptive-T, which constructs a valid LPB in the sense
of under Assumption Additional related work
is discussed in Appendix [A]

Given calibration data {Xi,ci,ﬂ}iezg, Adaptive-T
constructs a PAC-type LPB L by calibrating a pre-
trained quantile regression model. To motivate the
use of quantile regression, consider an oracle setting
in which the conditional distribution of T' | X = =
is known. Let ¢,(z) denote the true 7-th conditional
quantile of T'| X = z. In this case, the oracle LPB
at coverage level 1 — o for a new test prompt Xiest
is simply ﬁ(XteSt) = ¢ (Xtest), which achieves the de-
sired coverage by definition.

Unfortunately, since g, () is unknown in practice, we
cannot compute this oracle bound. Instead, we can
estimate the conditional quantile function, denoted by
G- (), and then obtain a naive plug-in LPB: L( X est) =
Go(Xiest ). However, this naive LPB might fail to attain
valid coverage if () is not sufficiently accurate due
to model misspecification, overfitting, or limited data,
highlighting the need for calibration.

The Adaptive-T method addresses this limitation by
finding a calibrated quantile level 7242P* such that
ﬁ(XteSt) = (radapt (Xtest) approximately satisfies
in a PAC sense. At a high level, this calibration is
done by estimating the miscoverage probability IP’(T <
G- (X )) for each candidate 7 using the held-out calibra-
tion set Zy. Then, this method proceeds by choosing
the largest 7 for which all 7 < 7 have estimated mis-
coverage less than or equal to «.

In detail, for each level 7, the miscoverage estimator
&2dapt(7) proposed by |Gui et al.| (2024a)) is given by

Zz‘elz wT(Xi) H{TZ < QT(XZ') < Ci}
Y ier, Or(Xi) {g-(Xi) < Ci}

We pause to clarify the above expression. First, ob-
serve that the indicator I{T; < ¢,(X;) < C;} is a func-
tion of observed quantities. Second, under Assump-
tion [2.1} |Gui et al] (2024a)) show that considering only
samples for which ¢.(X;) < C; introduces a covari-
ate shift. To account for this shift, each selected ex-
ample is re-weighted by an “inverse-censoring” weight
w-(X;) that approximates 1/P [QT(Xi) < C; ‘ Xz-].
Lastly, the denominator in is used to normalize
the weighted average, which is crucial when the esti-
mated weights w,(z) are merely proportional (rather
than exactly equal) to the true inverse probabilities.

dadapt (7_) —

- (3)

Finally, Adaptive-T defines the calibrated quantile
level as L(z) = §zadapt (), where

%adapt _ sup{T cT: sup dadapt(T/) < a}, (4)

T/<T

where 7 is the search space for 7. In turn, the resulting

L(x) = Graaupe (2) is a valid PAC-type LPB assuming
that either the quantile estimates ¢, or the censoring-
weight estimates w, are sufficiently accurate.

4 CALIBRATION WITH A KNOWN
CENSORING MECHANISM

Recall that in our LLM prompt risk assessment set-
ting, we design the sampling-budget allocation scheme.
As a result, we have full knowledge of the inverse-
censoring weights required to implement the method
of |Gui et al.| (2024a) presented in the previous section.
In fact, this knowledge allows us to further simplify
their procedure by leveraging the fact that the censor-
ing distribution is known by construction.

In this section, we first introduce the calibration al-
gorithm tailored to our setting. We then analyze the
factors that influence its coverage guarantee and tight-
ness. This analysis not only underpins our calibration
procedure, but also guides our sampling-budget allo-
cation strategies developed in Section

Formally, the inverse-censoring weight corresponding
to each ¢, is defined as

Using these weights, we estimate the empirical mis-
coverage rate at quantile level 7 as a weighted average
over the calibration set:

a(r) = ‘712| Z we(Xi) {T; < 4-(X;) < Ci}. (6)
=

Note that this estimator differs from the one used
in : it does not require additional normalization
since our proposed censoring mechanisms provide the
true weights w;(X;), as explained in Section

Armed with &(7), we obtain calibrated LPB by follow-
ing and selecting the largest 7 such that &(7) < «:

L(z) = ¢z(z), +=sup{reT: SUp a(r') < a},
(7)

:iEIQ}U

5D reio, (- (X1) < i} i € T} U {0},

This procedure is summarized in Algorithm The
following informal theorem shows that the LPB L for-
mulated in holds a PAC-type coverage guarantee.
In Appendix [D.6] we state the formal version of this
theorem and prove it by building on the theoretical
framework developed by |Gui et al.| (2024a)).

where T = {sup, i 1{¢-(X:) < T;}

Theorem 4.1 (General validity, informal). Fiz a tol-
erance level § € (0,1) and a miscoverage level T €
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(0,1). Suppose that {(X;,Ti)}1—y and (Xiest, Ttest)
are drawn i.i.d and that the censoring times satisfy
the conditional independence assumption (Assump-
tion . Further, assume that there exists a constant
v > 0 such that the weights satisfy w,(x) < =, for al-
most all x. Then, with probability at least 1—9§ over the

draws of D, the LPB L(x) = §z(x) from satisfies

P [Ttest > E(Xtest)‘,D} >1—-a—

sup 277 +5 log (1>
T€[0,1] ‘IQ| 4 .

Importantly, the above guarantee holds in finite sam-
ples, for any LLM G(z), any prompts distribution Px,
sampling-budget B, and regardless of the accuracy of
the quantile estimators §,(z). However, this cover-
age bound depends on the supremum of all possible
weights with non-zero probability, denoted by .. In
particular, as v, increases, the bound becomes looser.

In Appendix [C} we further analyze the calibration
method in greater depth by studying the properties
of &(7) defined in (). Specifically, in Proposition
[C:2] we make an illustrative assumption that, for any
fixed 7, each time-to-unsafe-sampling 7; is miscovered
by ¢-(X;) at the same constant rate, conditional on
the calibration prompts {X;};cz,. This assumption
is satisfied by the oracle conditional quantile g, (-) be-
cause, by definition, P[T; < ¢,(X;) | X;] = 7 for ev-
ery 4, and hence also conditional on {X,},ez,. Under
this assumption, we prove that the conditional vari-
ance Var[&(r) | {X;}jez,] is linearly monotone
with regard to the mean calibration weight

ﬁ > wo(X). (8)

1€Lo

w, =

The above discussion shows that any censoring de-
sign producing large weights will both weaken the
PAC-type coverage bound (through a large supre-
mum weight +,) and increase the variance of the em-
pirical miscoverage estimator (through a large mean
weight w,). Indeed, these two properties guide our
Optimized censoring design presented in the following
section, where we both (i) cap 7, by a constant value;
and (ii) minimize the mean weight w, subject to fully
utilizing the sampling-allocation budget B.

5 PROPOSED
BUDGET-ALLOCATION
MECHANISM DESIGNS

Having formulated the general calibration scheme and
the factors governing its coverage, we first introduce

a Naive budget allocation to illustrate the inherent
challenges of this task. Then, we present our flagship
Optimized approach, which effectively overcomes the
limitations of this naive baseline.

5.1 Naive Budget Allocation

As a conceptual warm-up, we introduce a simple base-
line budget allocation strategy, the Naive approach,
which defines each censoring time C; as a random vari-
able independent of the prompt X;. Under the naive
assumption that the LLM outputs are i.i.d, T;|X; is
a Geometric random variable with infinite support.
Hence, we design C; to be distributed geometrically
as well: C; ~ Geom(min(|Zz|/B,1)), Vi € Iy, which
satisfies the budget constraint in by design. This
Naive approach is summarized in Algorithm [4]in Ap-

pendix [B:2]

Under this Naive allocation, the event ¢,(X;) < C;
can be rare, especially for large ¢,(X;). This makes
w, and -, excessively large. Consequently, the re-
sulting coverage rates might deviate from the nomi-
nal level—as reflected in our experiments in Section [f]
This discussion motivates the method presented below,
which utilizes the budget more efficiently and designs
the censoring time as a function of the prompt.

5.2 Our Main Proposal: Optimized Allocation

To better utilize the calibration budget in the
computation of &(7) in @, we aim to design
prompt-dependent censoring times C; that maximize
P(G-(X;) < C;). Ideally, we would like to set the cen-
soring times for each 7 to increase this probability.
However, this is infeasible as we construct the dataset
only once. As a result, we must commit to a single
budget allocation by choosing a specific quantile level
T to consider. For this purpose, we assume that the
quantile estimators are monotone in 7. This assump-
tion can be enforced by sorting §,(X;). Consequently,
Vi <, Wi, (X)) < G} = g, (X:) < Cit
Thus, if we were to naively set C; = §1(X;) as the
100%—quantile, we would indeed maximize P(G, (X;) <
C’i) for all 7 € [0,1]. However, §;(X;) can be exces-
sively large, e.g., this 100%-quantile is infinite if T; | X;
follows a geometric distribution. As a result, this naive
choice is infeasible under our finite budget constraint

E [Eiezg Cil{Xi}iez,| < B.

Instead, we consider a more practical compromise: we
select a quantile level 7o << 1 that represents our
prior belief 7 € [0, Tprior]. For example, if the target
coverage level 1 — o is not too extreme (e.g., 90%) and
the uncalibrated quantile estimator ¢, is reasonably
accurate, a prior level such as Tprior = 20% would be
a reasonable choice. Importantly, constraining 7 to lie
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within this prior range affects only the informativeness
of the LPB, and not its validity; see Appendix

After choosing the prior level Tyrior, We turn to set
a prompt-adaptive censoring time C; using the es-
timated quantile g, (X;). Following (€], the i-th
sample contributes to &(7) if C; < G-, (X;) for all
T € [0, Tprior). Combining this observation with the
monotonicity of ¢,, a sensible choice for C; that avoids
wasted samplings would either be (i) C; = ¢r, .., (Xi),
or (ii) C; = 0. Other choices for C; that are strictly
greater or smaller than ¢, . (X;) would result in un-
necessary generations that do not contribute to the
miscoverage estimator & (7). Furthermore, to bound ~,
we replace the raw quantile estimates ¢, ., (X;) with
a capped variant f,(z) := min(g,(x), M), where M
is a constant defined by the user. Following this, we
define

Ci = Ber(m) - fr (X0), (9)

where Ber(7;) is a Bernoulli random variable with suc-
cess probability of our choice m;. We now show how
to set this probability to minimize the average weight
W = 171 ez, & in order to reduce the variance of
&(7). By this design, we get E[> ;.7 Cil{Xi}iez,] =
Y ict, prrm (X;) 7. In turn, we can minimize w sub-
ject to the budget constraint by solving the following
convex optimization problem:

> Frpn (X)) T < B.

« . 1 1
T = argmin —— E — s.t.
|Zo| - Uy h
i€Ls i€Lo

mel0,1]1Z2l
(10)
In Appendix [B] we introduce Algorithm [8] which effi-
ciently solves the above optimization problem. Propo-
sition ensures this algorithm returns a unique and
strictly positive solution 7* that satisfies the bud-
get constraint . Importantly, because the solution
7* depends on the entire set of calibration prompts
{X;}iez,, the resulting weights inherit this depen-
dence. To make this explicit, we denote the weight
associated with the i-th example as w({X,};ez,,1) =
1/m¥. We remark that our coverage guarantee from
Theorem E] holds also for this formulation of the
weights; see Appendix [D-6] for details. Furthermore,
these weights are also guaranteed to be upper-bounded
by the same expression for v by trimming the quantile
estimates with M:

Proposition 5.1 (Maximal weight bound). Suppose
that maxiez, fr..,(Xi) < M, then, the weights

w({X,}jez,,1) induced by solving are upper
bounded by v = max (|Zz| - M /B, 1).

All proofs are deferred to Appendix The above
proposition shows us that weights derived by the so-
lution 7* are bounded by . Once all C;-s are set us-
ing the ideal 7}, we can use our calibration procedure

from Section [4 with the sole modification that the
search space for 7 is now 7 N[0, Tprior]. This Optimized
calibration scheme is outlined in Algorithm [7] in Ap-

pendix [B.5]

6 EXPERIMENTS

We evaluate our methods on both synthetic (Section
and real (Section[6.3) datasets. For a full descrip-
tion of how we train models to estimate the conditional
quantiles of T given X, along with additional exper-
iments, implementation details, and runtime consid-
erations for our calibration methods, see Appendix [E]
Since there are no established baseline methods in this
novel setting, we hereafter introduce two new calibra-
tion baselines, Basic and Trimmed, for comparison.
We evaluate our proposed Optimized method against
these two new baselines, as well as a vanilla uncal-
ibrated quantile regression model and the calibrated
Naive. The following experiments indicate that our
Optimized budget allocation leads to more informa-
tive LPBs that attain a coverage rate closer to the
desired level compared to the baselines.

6.1 Baseline Allocation Strategies

Basic. We follow the censoring times design from
the Optimized method, and set them as in @[):
C; = Ber(m) - rpo, (Xi). However, unlike the
Optimized approach, here we determine the suc-
cess probability using a fixed heuristic: w; =
min(B/(|Z2| - Grppio, (Xi)),1). We then apply the cali-
bration procedure from Section 4| using these gener-
ated censoring times. For convenience, Algorithm
in Appendix [B.3]outlines this Basic budget-allocation
procedure.

Trimmed. We extend the Basic budget allocation
by trimming the maximal estimated quantile at a
fixed threshold M € N. We do so similarly to the
Optimized approach, to bound . Consequently, the
censoring times are now given by C; := Ber(m;) -
prrior(Xi)7 where f-(x) := min(¢-(x), M) and m =
min(B/(|Zz| - prrm (X)), 1). Following this trimming,
the maximum weight w(z) is bounded by v =
max (|Z| - M /B, 1). As observed in Theorem [4.1] this
allows us to obtain a coverage guarantee that is closer
to the desired 1 — « level. The rest of the calibration
process continues as outlined in Section [4 using the
trimmed estimates f,(X;) instead of ¢, (X;). We sum-
marize this scheme in Algorithm [6] in Appendix [B-4]
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Figure 1: Synthetic experiments. Left: Coverage (target 90%). Center: Mean number of samplings generated
per prompt. Right: Mean LPB. Shaded regions represent the standard deviation over 20 runs.

6.2 Synthetic Data Experiments

We generate a dataset that simulates a high-risk set-
ting with predominantly prompts that can yield un-
safe outcomes. To this end, we generate n = 100,000
pairs (X;, p;), where p; is the true probability of sam-
pling an unsafe Y; for X; € R%, with d = 10. Specif-
ically, X; | p;, follows a normal distribution, defined
in Appendix The unsafe probability p is chosen
to simulate a dataset of “suspicious” prompts, where
90% of which have a high probability for unsafe gen-
eration, with the remaining 10% of prompts having
a low probability for such an event. Then, we draw
T; ~ Geom(p;). We randomly partition the data into
training (45%), calibration (45%), and test (10%) sets.
For each example in the training set, we generate 500
outputs. We then use this training set to fit the quan-
tile estimators G, (x).

We compare (1) the Uncalibrated baseline, the raw
quantile estimate ¢.(X) at quantile level 7 = «a; (2)
the Naive calibration method, which is a slight vari-
ant of the method from Section The original
Naive approach tended to be unstable, often yield-
ing trivial LPBs, since §¢,(X;) < C; holds for very
few points at high quantile levels and these samples
do not contribute to the miscoverage estimator in @
To mitigate this, we restrict the 7’s search space to
T N [0, Tprior), as in the adaptive budget allocation
methods. We also include (3) the Basic method from
Section (4) its Trimmed version from Section
and (5) our flagship Optimized approach from Sec-
tion 5.2

Recall that the calibration procedures are inherently
random due to the sampling of C; and the random
generations obtained by the model G(x). Ideally, this
randomness should have a small effect on our bounds.
To quantify this randomness, we fix the data split, and
run each method for J = 20 random draws of censoring
and time-to-unsafe-sampling times. We index each run
by j, and denote the resulting LPB by (jg)(Xi) and

compute:
AvgCoverage) = Z P{T; < dﬁj)(Xi)lXi},
|Itest| i€ Tvost
AvgLPBY) = i (X3),
& |Itest| i%ﬁ qT ( )
AvgBudget?) = —— Ci(j)~
|ItESt| 1€ test

Above, Ziest are the indices of the test points. We
report the average and standard deviation of the above
quantities over J runs.

Results. We study the effect of the average budget
per prompt B/|Zs| on the coverage and mean LPB ob-
tained by each method. Following Figure|ll we can see
that the Uncalibrated method does not attain valid
coverage. The Naive method severely undercovers T'
for small budgets, and overcovers T for larger bud-
gets. The Basic method attains more stable coverage
around the desired 90% level under medium-to-high
budget, but exhibits high variance. By contrast, the
Trimmed method attains nearly 90% coverage across all
budget constraints. Our flagship Optimized calibra-
tion method attains tight 90% coverage with minimal
variance compared to all other methods. The middle
panel highlights that both the Naive and Optimized
approaches fully utilize the budget; however, the lat-
ter is tightly regulated around the desired coverage—
better utilizing the sampling budget. The right panel
demonstrates that the Trimmed and Optimized meth-
ods produce stable LPBs with better statistical effi-
ciency as the average budget per prompt increases.
The increased budget allows us to set higher quantile
trim values M while enforcing low . As the budget
increases, the two adaptive methods converge to the
performance of the Basic technique. However, this
technique yields higher LPBs with a higher coverage
variability. Additional experiments, including oracle
models, varying maximal weights, « levels, and cali-
bration/test splits, are in Appendix
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6.3 Real Data Experiments

We now evaluate the effectiveness of our Optimized
calibration method on real-world data. For
this purpose, we use the RealToxicityPrompts
dataset (Gehman et al., |2020)), which contains 99,442
sentences designed to measure model toxicity. Each
sentence is divided into two halves: the first half serves
as the input prompt X; to a language model, which
must then complete the sentence. In this experiment,
we generate about 30 million model responses. Be-
cause this scale is computationally demanding, we em-
ploy a relatively small model, Llama 3.2 1B (Meta Al
2024; |Grattafiori et all [2024). Furthermore, as we
do not have access to human annotations, we rely on
the Detoxify-original classifier (Hanu and team, [2020)
to label each completion as safe (non-toxic) or unsafe
(toxic), using a toxicity score threshold of 0.5.

We randomly split the dataset into training (50%), val-
idation (10%), calibration (20%), and test (20%) sets.
On the training set, we sample N = 500 responses per
prompt and fit a quantile estimator §,(z) as detailed in
Appendix[E] We employ the three calibration methods
described in Section (1) the Uncalibrated base-
line, (2) the Naive method, and (3) the Optimized
method, all aiming to attain 90% coverage rate.

In all experiments, we report the empirical mean of
the LPBs over the test set. We also estimate the
empirical miscoverage by drawing min(IA/(Xl-),QZLOO)
samples for each prompt. We cap the maximal LLM
generations on the test set at 2,400 samplings per
prompt due to computational constraints. Since the
Optimized method trims the quantiles at M < 2400
across all evaluated budget levels, by drawing exactly
L(X;) samples (with L(X;) < M) we can compute the
miscoverage rate directly. Since L(X;) is unbounded
for the Uncalibrated and Naive methods, we can
only report a lower bound on the empirical cover-
age rate using the 2,400 generations; see also (Gui
et al., [2024a). In turn, the empirical lower and upper
bounds are given by ‘Itilctl YT, H{I:(Xi) < ﬂ}, and
@ YT, ]I{min(I:(Xi)7 2400) < TZ}, respectively.
This evaluation protocol offers a fair comparison un-
der relatively limited computations. To measure the
variability introduced by the inherently stochastic cal-
ibration procedures, we use the same fixed data split
for each run, as in our synthetic experiments.

Results. Figure [2] presents the results across J =
5 runs. The Uncalibrated baseline overcovers the
time-to-unsafe-sampling, resulting in overly conserva-
tive LPBs. The Naive method, on the other hand,
generates invalid LPBs with high variance at small
budget levels. In contrast, our Optimized method
consistently attains near-nominal coverage rates with

low variance. Notably, the LPBs produced by the
Optimized method increase as the budget increases,
approaching the values of the Naive and surpassing
those of the Uncalibrated method. Overall, this ex-
periment shows that the Optimized method produces
LPBs that are both valid across all tested budgets, and
become more informative as the budget grows.

7 DISCUSSION

We introduced a novel approach to construct a cal-
ibrated LPB for time-to-unsafe-sampling of a given
prompt, casting this task as a survival analysis prob-
lem. Key to our method is the design of an optimized
censoring mechanism that utilizes a given budget con-
straint on the number of LLM generations. One limi-
tation of our approach is that the coverage guarantee is
marginal and does not hold conditionally on a specific
subgroup. Consequently, one cannot group prompts
with especially low (or high) LPBs and assume that
those bounds retain their nominal coverage when con-
ditioned on this selection. In future work, we plan
to extend our approach to this conditional inference
setting, leveraging the methods by [Sesia and Svetnik
(2025)); |Jin and Ren| (2025) as a foundation for achiev-
ing valid group-conditional coverage. We remark that
in our experimental framework, we treat the outputs of
the Detoxify audit function as ground-truth events, as
obtaining human annotations at the scale of millions of
generations is infeasible. This reliance on a surrogate
model introduces the potential for label noise. Con-
sequently, a valuable direction for future research is
to investigate how training on proxy labels affects the
validity of the LPB when evaluated against human-
annotated test data, potentially leveraging recent the-
oretical advancements in conformal prediction with la-
bel noise [Einbinder et al.| (2024). Another limitation
is that our calibration assumes the samples are drawn
iid. Even in benign real-world setups, the prompt
distribution can shift, potentially undermining the va-
lidity of our method. A promising direction, which
we have already begun to explore, we aim to propose
continual or adaptive recalibration mechanisms that
adjust to evolving user behavior and emergent risks,
possibly by drawing on ideas from (Gibbs and Candes|
2024]). Concurrently, we are investigating how to op-
timally allocate the budget of the training phase to
maximize the model’s accuracy under limited LLM-
sampling resources.
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A ADDITONAL RELATED WORK

The methods introduced in our paper draw on ideas from survival analysis, conformal prediction, and black-
box uncertainty quantification. The Optimized method (Section in particular is also related to: conformal
prediction foundations, uncertainty quantification for LLMs, active learning and statistical inference, and optimal
experimental design.

Conformal Prediction. The theoretical foundations of conformal prediction were established by [Kolmogorov
(1983, 11968); Papadopoulos et al.| (2002); Vovk et al.| (2005). This framework has since been extended to ac-
commodate covariate shift by applying weights to the distribution of conformity scores (Tibshirani et al., 2019).
Similar weighting strategies have also been employed to integrate active learning into conformal prediction (Prin-
ster et al.| [2024)). Building further on these weighted approaches, conformal prediction methods have recently
been adapted for survival analysis tasks (Candes et al., 2023} |Gui et al.l 2024a; Davidov et al., [2025)).

Uncertainty Quantification for LLMs. Several recent works adapt conformal ideas to off-the-shelf LLMs.
For instance, Wang et al.| (2024) adapts conformal prediction to open-ended generation by integrating a
self—consistency—based uncertainty measure, achieving strict correctness coverage across seven popular LLMs
and diverse domains. The work of Wang et al.| (2025) further extends this by explicitly inserting the ground
truth into candidate outputs and using logit-based nonconformity scores to guarantee coverage over a wider range
of error rates, though its reliance on logits raises calibration concerns when only API-level access is available.
Additionally, Conformal Language Modeling has been developed by|Quach et al.[(2024) to calibrate both stopping
and rejection rules to guarantee coverage in open-domain QA and summarization. [Lin et al.| (2024]) distinguish
uncertainty from confidence using semantic dispersion metrics, enabling selective generation of low-confidence
outputs. To refine validity under practical constraints, |(Cherian et al.| (2024)) extended conditional conformal
methods to incorporate utility-based guarantees and differentiable filtering. Mohri and Hashimoto| (2024) in-
troduced “conformal factuality,” constructing entailment-based uncertainty sets that deliver high-probability
correctness. The approach proposed in (Gui et al. |2024b) provides a guarantee for aligned responses in QA and
radiology applications.

Active Learning and Statistical Inference. Active learning methods aim to select the most informative
samples for labeling, improving model accuracy under tight budgets (Settles, |2010)). This was formalized in (Zrnic
and Candes| |2024)) for statistical inference tasks, where one prioritizes labeling points with high model uncertainty
while maintaining valid confidence intervals. Our Optimized method relates to this idea as it derives sample
probabilities that directly minimize the variance of the augmented inverse-propensity-weighting estimator.

Optimal Experimental Design. Optimal experimental design allocates observations to minimize estimator
variance under a given model. In (Hahn et al., |2011)), the authors develop a two-stage adaptive design that
chooses propensity scores to minimize the asymptotic variance bound in treatment-effect estimation, and the
approach presented in (List et al.l 2011)) presents simple rules of thumb for efficient designs under resource
constraints. Analogously, our Optimized method treats the sampling rule m(x) as a design variable and solves
for the allocation that minimizes the miscoverage estimation variance.

Classical Survival Analysis. The survival analysis problem was first formalized in biostatistics and relia-
bility engineering. Kaplan and Meier| (1958)) introduce a nonparametric estimator of the survival function for
right-censored data, laying the groundwork for all subsequent methods. The proportional hazards model was
later developed, formalizing a semiparametric regression framework that relates covariates to an event’s hazard
rate without specifying its baseline form. As an alternative formulation, accelerated failure time (AFT) (Lin
et al..|1998) models assume a parametric form for the log-survival time, allowing direct modeling of time-to-event
via common distributions such as Weibull or log-normal. More recently, machine-learning approaches have been
developed for survival prediction. Random survival forests leverage ensemble tree methods to nonparametrically
estimate cumulative hazard functions (Ishwaran et al. |2008). DeepSurv employs a neural-network approxima-
tion of the Cox partial likelihood to capture complex covariate interactions (Katzman et al., 2018), and Deep
Cox Mixtures generalizes this by modeling mixtures of proportional hazards to flexibly adapt to heterogeneous
subpopulations (Nagpal et al., 2021)).
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B CALIBRATION ALGORITHMS

B.1 Calibration With a Known Censoring Mechanism

We present the general calibration with known censoring mechanism in Algorithm

Algorithm 1 Calibration With a Known Censoring Mechanism

Require: Calibration data {X;, C;,T;}icz,, censoring weights {w;({X,}jets, 1) }iet,,reT, quantile estimates
{f+(-)}reT, target miscoverage rate «, prior quantile Tprior.

1: for 7 € T N[0, Tprior] do

1 - A

2 a(r) «+ ] Z wr({X;}jez,, 1) I{T; < f+(X;) < C;} // miscoverage est.
2 1€Zs

3: end for

4: T+ sup{T € T N0, Tprior) : SUper &(7') < a} // calibrated quantile level
T'<r

return Lower predictive bound (LPB) for a test point Xies; = @, given by L(z) = f;(z)

B.2 Calibration With a Known Censoring Mechanism: Naive Mode

We describe the Naive calibration approach in Algorithm[4] First, we provide two auxiliary algorithms to sample
outcomes from a generative model.

Algorithm 2 Generate and Audit Generative Model Responses

Require: Calibration data {X;};cz,, Generative model G(-), audit function Audit(-), Censoring times {C;};cz,.
1: for each i € 7 do
2 Initialize j <— 0
3 repeat
4 j—J+1 _
5: Generate and evaluate the output’s safety: Y/ < Audit(X;, G(X;))
6 untilYijzlorCl-:j
7. Set T  j
8: end forreturn {7 }cz,

Algorithm 3 Generate Generative Model Outcomes

Require: Calibration data {X;},cz,, generative model G(-), max per-prompt budget {prrior (X:)}iez, per-
prompt evaluation probability {; };cz, audit function Audit(:).

: for each i € 7 do
Draw V; ~ Bernoulli(7;)
Set C; + Vi« fro i (X2)

end for

: Obtain {ﬁ‘}{iezz} from Algorithm [2| applied with {X;}iez,, G, {Ci}iez,. return {(T},C;)}icz,-

AR > e

B.3 Calibration With a Known Censoring Mechanism: Basic Mode

The calibration procedure with Basic budget allocation is outlined in Algorithm

B.4 Calibration With a Known Censoring Mechanism: Trimmed Mode

We describe the calibration procedure with trimmed budget allocation in Algorithm [6]
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Algorithm 4 Calibration With a Known Censoring Mechanism: Naive mode

Require: Calibration data {X;};cz,, generative model G(-), audit function Audit(-), pre-trained quantile re-

> G w

gression model {G,(-)}re7, target miscoverage rate «, prior quantile 7pyi0r, total budget B.

: Sample C; ~ Geom(n/B) for all i € 7

Obtain {T;} ez, from Algorithm [2| applied with {X;}icz,, G, {Ci}icz,.

wr({X;}jez,, 1) + m, i € Iy. // compute the weights for the geometric C;.

: {(Ti,C’i)}ng — Algorithmapplied to {Xi}ieIg with {771'}@’612 and {prrior(Xi)}iEIQ
 w({Xj}jen,,i) ¢ 7, i €D
: Obtain L(z) from Algorithm |1} applied with {X;, Ci, Ti}iez,, {w-({X;}jezs,1) }ietss {Gr()}reT, @, and

Tprior-
return L(z), the lower predictive bound (LPB) for a test point Xiest = .

Algorithm 5 Calibration With a Known Censoring Mechanism: Basic mode

Require: Calibration data {X;};cz,, generative model G(-), audit function Audit(-), pre-trained quantile re-

w

gression model {g;(-)}re7, target miscoverage rate «, prior quantile 7,yi0r, total budget B.

: {fT(Xi)}TGT,iGIQ < {qAT(X’i)}TGT,’iEI2
2: {m;} < {min(

TATAINCAL 1)} // per-prompt evaluation probability (Section l

prior

(T, Ci) Yiez, Algorithmapplied to {X,;}iez, with {m;};cz, and {prriDr(Xi)}ieI2
: wT({Xj}jefzai) A ﬂ%.a (XS I2

5: Obtain L(z) from Algorithm [1} applied with {X;,Ci, T} iez,, {wr({X;}jezs,i)}iets, {G-(-)}reT, @, and

Tprior -
return L(z), the lower predictive bound (LPB) for a test point Xiess = .

Algorithm 6 Calibration With a Known Censoring Mechanism: Trimmed Mode

Require: Calibration data {X;},cz,, generative model G(-), audit function Audit(:), pre-trained quantile re-

gression model {g,(-)}re7, target miscoverage rate «, prior quantile 7,yi0r, total budget B.

A (X))} ret iz, ¢ {6r(Xi)}reT et
: {m;} < {min(

AT AL 1)} // per-prompt evaluation probability (Section

prior

. {(T;, C:) Yiez, + Algorithm [3|applied to {X;}iez, with {mi}icz, and {fr,... (Xi) biez,
: wT({Xj}jGIwi) A ﬂ%a i1 €1y
: Obtain L(z) from Algorithm |1} applied with {X;,Cy, Ti}iez,, {wr({X;}jetssi)}iezss {4r()}reT, @, and

Tprior-
return L(z), the lower predictive bound (LPB) for a test point Xiest = .
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B.5 Calibration With a Known Censoring Mechanism: Optimized Mode

In this section, we detail the optimized adaptive budgeting algorithm. First, observe that if the budget is
sufficiently large such that the sum of f; . (X;) does not exceed the budget, i.e., > ;c7, fro.. (Xi) < B, then
we can set the censoring times to the target value C; = frprior(Xi) for all calibration points. In this case, the
solution for is straightforward, and the optimized probabilities are equal to one: 77 =1, Vi € Z,. Since this
setup is trivial, we will consider the more challenging setting, in which the target values exceed the threshold

ZiEIQ prrior (Xl) > B
Since each summand 1/7; is strictly convex in 7; on (0, 1] and the constraint is linear, (10 is a convex program.

Furthermore, if the sum of me_ior (X;) exceeds the budget, the constraint turns into an equality constraint, as
stated next.

Proposition B.1. Assume )7, frpmr(Xi) > B. Then any minimizer © of must satisfy the budget
constraint with equality:

Y frn (X m = B.

1€Z1,

We now turn to show how to compute the optimized probabilities 7*. Under Proposition [B-1] the optimization
constraint in ([10)) turns into an equality constraint, and the Lagrangian is therefore given by

1 1 .
LN = i ; —+ /\(; Fronen(Xi) i = B),

where A > 0 is the Lagrange multiplier. On the open domain (0,1]", the objective is strictly convex and
differentiable, so the single stationary point satisfying the first-order conditions is in fact the unique global
minimizer. Taking partial derivatives,

oL 1 N 1
= 5 T A e (X)) = 0 = m =

on; |Zo| 7} |Z2] A frpr;or (Xi)

Applying the box constraint m; < 1 gives

mr(A) = mln{l, - }
Za| A Fripion (Xi)

Now, define the budget-usage function

U = D frpa (X ().

i€Zy

The above equation has a unique solution A\* > 0 which satisfies U(A*) = B. This A* > 0 can be recovered by
bisection, across the following interval:

1 |Zo| max;ez, frpr;or (X:)?

Aow = - s Ahigh = - -
| Za| maxier, frymo. (Xi) B2miner, fr.. (Xi)

(11)

This procedure is summarized in Algorithm [§] and it produces a valid solution, as stated in the following propo-
sition.

Proposition B.2. The output ©* of Algorithm @ is the wunique solution of which satisfies
YicTy Jrono (Xi) T < B.
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Algorithm 7 Calibration with a known censoring mechanism: optimized budget allocation

Require: Calibration data {X;};cz,, generative model G(-), audit function Audit(-), pre-trained quantile re-
gression model {¢,(-)}reT, target miscoverage rate «, prior quantile T,ior, quantile trimming threshold M,
total budget B.

1 {fr (Xi)}reTier, < {min (G- (X;), M)}reTiez, // trim the quantile est. (Section
2: {m;} < Algorithm @ applied with {f- ... (X:)}iez, // optimized per-prompt evaluation
probability (Section

3: {(Ti,Ci)}ng — Algorithmapplied to {Xi}ieIg with {771'}@’612 and {prrior(Xi)}ielz
4 w({X;}jer, i) < 5. i€ Do

5: Obtain ﬁ(x) from Algorithm applied with {X, Ci,Ti}Z—GIZ, {w;, }iety, {f7(~)}767—, a, and Tprior-
return L(z), the lower predictive bound (LPB) for a test point Xiest = .

Algorithm 8 Get Optimal Per-Prompt Evaluation Probabilities

Require: effective sample cost { frprior(Xi)}ieIQa budget B, bijection tolerance e, initial Aigw, Anigh

Ensure: Optimal 7* and multiplier A* satisfying 7} = min{1,1/4/A* prrm (Xi)} and > icq, prrior(XZ-) ¥ = B.
1 if B> Yz, froo (Xi) then

2 7w+ [1,...,1], A* < Null

3: else R

1 while Y, fo (X0 7 Cigr) > B do

5 Ahigh < 2 Anigh

6: end while .

7: A" < bisection on [Aow, Anigh] to solve >, 7 fr .. (Xi) 7 (A) = B within €

8 w4 min{l,1/\/\* fr . (Xi)} for alli € T,

9: end ifreturn (7, \*)

C A DEEPER LOOK INTO a(r)

In Section {4 we introduced the miscoverage estimator &(7). In this section, we explore its statistical properties
in detail. We begin by deriving its expectation and variance:

Proposition C.1 (Unbiasedness and conditional variance of the weighted miscoverage estimator). Under the
conditional independence assumption mn Section@, the estimator &(7) defined in equation @ satisfies

Efa(r)] = 7 3 PIT < (X)),

i€Zy

If we further assume that for all i # i’ € I, (C;, T;) L(Cy, Tiv) | {X;}jez,, we have
. 1 . N
Var[a(r) | {Xj}jer.] = e Z{w({Xj}jeIM)P[Ti < - (Xa) | {Xj}jez]
1€To

- [P < & (X)) | {X;}sem]]*}-

See Appendix for the proof. We remark that the conditional independence and pair-wise independence
assumptions in Proposition hold for all variants of our method from Sections |5l This proposition shows that
&(7) is an unbiased miscoverage estimator, resulting in a useful approximation for the miscoverage estimation
variance. Under a simplified assumption that, for a fixed 7, each calibration point ¢ € Z5 is miscovered at the
same constant rate conditional on {X;};ez,, we have the following result.

Proposition C.2 (Variance linearly increasing in mean weight under constant miscoverage). Under Assump-
tion and additionally assuming that for all i # ', (C;, T;)1L(Cy, Ty) | {X,}jez,, and that for any fized T,
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each calibration point i € Iy is miscovered at the same constant rate conditional on {Xj }jeIQ;
P[T; < ¢-(Xi) | {X;}jer,] = Const,.
Then, the variance of &(1) from @ 18

Const,  Const?

Var [é(T) ’ {X;}jer] = T Wr = |Zo| 7

where W, = |To| ™' 3,7, wr({X;}jez,,1) is the mean weight.

See proof in Appendix

D PROOFS

D.1 Proof of Proposition

Pr OOf. Recall that
(¥ 7 ]I q < ; ]I T (AI X .
|I | § { U ) — CZ} { 2 < T( 1)}

1€1s
Set
Vi = w(X;) [{¢-(X;) < Ci} {T; < ¢-(Xi)}

By Assumption [2.1] each of C; and T; is independent of the other given X;. Hence for each 1,

E[Vi [{X;}jez.] = BElw{X;}jez,, 1) G- (Xi) < CH KT, < 4-(Xa)} | {X;}jez]
=E[w({X;}jer, ) {§:(Xi) < Ci} | {Xj}jen| EI{T: < ¢-(Xi)} | {X}jez]
U)({X }J61'27 )]P)[(jr( i < C | {Xj}jEIz] P[Tz < (j‘r(Xz) | {Xj}jEIQ]

P[Tz < QT | {X }]GIg]

where the first is by the tower property, and in the last transition we used w({X;};ez,,1) = IP’[QT (X;) <C; |
-1
{Xj}jelz] , from -

Consequently,

Ela(n)] =E[ & Y Vi]

i€,
:E{ITZ\ZE[W | {Xj}jefz]}
1€T,
:E[ﬁZP[deT(me} IIIZ [T, < 4 (X)].
i€y ieT,

For the conditional variance, we similarly derive
E[V? [ {Xj}ier] = E[w2({X;}jen, 1) G- (X:) <
= wi({X;j}je, 1) Pli-(Xi) < C
= w,({X;}jer,, )P[Ti < ¢-(X5)

CYT; < ¢-(Xi)} | {Xj}jer)
|{Xj}j612] [T < QT( 1) | {X }3612}
| {Xj}jem]-

Therefore
Var[V; | {X;}jen] =E[V2 | {X;}ien] — EV: | {X;}jen))’

= w({X; bjem D BIT < -(X0) | (5] - [BIT < (X0 | {X3]



Calibrated Predictive Lower Bounds on Time-to-Unsafe-Sampling in LLMs

Conditioned on {X};cz,, the pairs (C;, T;) are independent across ¢, and so for i # j,
COV(Vi’Vj I {XJ}) =0.

Consequently,

Var[a(7) | {Xj}jez.] :Var[ﬂ%‘ Z Vi {Xj}jgb}

1€lo

2ir 2 {wl X}, ) P[T: < 6r(X) | {X;}jezs]
€1

- [P[Ti < ¢-(X3) | {Xj}jebﬂQ}

D.2 Proof of Proposition

Proof of Proposition[C_4 Under the proposition’s assumptions, Proposition shows us that the variance of
&(7) simplifies to

. 1 :
vara(r) | {Xhien] = 7 3 {wr({Xs}ez, i) Constr — Const? }
i€Ts
B ConstTw B Const?
1l T [T
where W, = |To| ™' 3,7, wr ({X;}jez,, 1) is the mean weight. O

D.3 Proof of Proposition

Proof of Proposition[B.1. Since

0 1 1
37r2- (@ Z %> - _|IQI7Ti2 < O,

JE€L2
increasing any single 7; (while keeping the others fixed) strictly decreases the objective. Assume for the sake of
contradiction that there exist an optimal solution for , 7, satistying 3,7, frono. (Xi) 77 < B. Then, there
exist an index j € Zy and ¢ > 0 such that 77 +4¢ < 1 and ), prrior(Xi) 7; < B, where 7; = 7} for i # j and

7 = m; + 6. But then
1 1 1 1
- E —_ < — E —,
|IQ‘ B ’71'1 |IQ‘ A 71"-k
i€Zs i€Iy

contradicting optimality of 7*. Therefore, the budget must bind:

Z prrior(Xi) 71';k =B.

i€Zy

D.4 Proof of Proposition

Proof of Proposition[B.4 Notice that if 37, 7 prnm_ (X;) < B, then 7} =1 for all i € Z, is the optimal solution
which satisfies the constraint. We now turn to consider the case where >, frpnor(Xi) > B. We first show
that there exists a unique solution A\*. Observe that U : (0,00) — (0, . prrior (X;)] is continuous and strictly
decreasing, with limy_,o+ U(X) =", prrior (X;) > B and limy_,o U(X) = 0. By the intermediate-value theorem
there is a unique A* > 0 such that U(\*) = B. Next, the output of Algorithm [8is indeed the solution A* since
U is a monotone function, and thus the bisection approach is valid in this case. Therefore, 7*(\) is the correct
optimal solution. O
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D.5 Proof of Proposition [5.1

Proof of Proposition[5.1 First, notice that by assuming >, 7 frpr;or(Xi) < B, is follows that n; = 1 for
all i € I is the optimal solution which satisfies the constraint. We now turn to analyze the setup where
Y icTy Jronor (Xi) > B. We prove by induction over the sum >, fr . (X;), assuming that f, . (X;) <
M Yi € 1.

Base case. We begin with the maximal sum: » ;7. mem (X;) = |Z2|M. That is, ffprior(Xi) = M for all i € Z,.
Then, by the optimization constraint, we get

M Z 7w, =B — Z T = E,
1€Ls i€Zo M

and by symmetry the unique minimizer of ), 1/7} with ). 77 = B/M is

T :m VZGIQ.

Inductive step. We now suppose that the claim holds for any weight vector with a sum B—-1< S8 < M|Z,,
and show that it holds for any vector with a sum S — 1. Given a weight vector {f .. (Xi)}icz, with a sum
D ieT, prrm (X;) =S — 1, we compose a new vector with a sum S, as follows. In {prrior (Xi) }iez,, there exists
an index i such that f. . (X;,) <M — 1. The new vector with a sum S is defined by:

f/ (X) — f:Tprior (Xl)7 7 7& 'L’O7
e Frono (Xi) + 1, i =1,

Notice that max; ﬂpmr (Xi) <M and ), 7, A;px-;or (X;)=S. Let A and X be the unique solutions of

U(\) =B and U'(N)=B,

where

U’ ) = A.,. . Xz mm{l,%}-l- A‘r i Xl +1 min{17 7 - }
(\) ;f( ) o) T U (X +1) o K1)

Since for every A > 0 we have

Fruw i)+ 1 Vi) 41 oK) ()

JE Xy +1) VIED VER im0

and of course ffprior (Xip) +1> ffprior (Xi,), we get the inequality

1

1, = } > Froeor (X min{LA%},
VT2 A Frpior (Xig)+1) Frovior (Xia) VIT2 A o or (Xig)

(frprior (Xi,)+1) min{

and thus,

1 1 }
"IN i (Xi)+1)

U'(N) = 3 Froion (X T ) + (frpn(Xig) + 1) minf
i#i
- Z#z;o fTP“‘"‘ (XZ) i (A) " prriOr (XlO) mln{l) |Iz|>\frpric>r(Xig) }
=U()\) = B.

Since U’ is continuous and decreasing on (0, 0o) with lim,,_,o+ U'(1) = >, prrior(Xi) > Band lim,,_,., U'(n) = 0,
the intermediate-value theorem guarantees a unique X with U’(\) = B. Moreover, since U’ is decreasing, and
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U'(N) > B=U'(X) we get N > \. Define m; the optimal solution of with prrior (X;) and 7} the optimal
solution with f;pnor(Xi)'

- If @ # i, since f;p,.ior (XZ) = prrior (Xi)v

= min{l, é} < min{l7 é} = Ty.
IZ2| N f7 o (X%) [Z2| A frrior (X4)

Tprior prior
- If i = 4o, then f7/'pr.or( ) = prrior (Xto) +1> prrior (Xio)7 S0

7 } < min{l, 1 } < min{l é} = Tj,.
" V12l N Frpsor (Xig)+1) VIZ2IN Frpior (Xig) IZ2] X Frppion (Xio)

7T/» = mln{

By the inductive assumption, 7, > B/(|Z3| M) for all i € T, hence 7; > B/(|Z2|M) for all i € Z, as well. Lastly,
by the definition of the weights, we have:

. oy | M
Wl ez = (1) < max (1)) (12)
This completes the proof. O

D.6 Proofs of the Coverage Rate Guarantees

In this section, we present and prove the formal version Theorem which builds on the proof of (Gui et al.|
2024ay, Theorem 3).

Theorem D.1 (General validity, formal). Fiz a tolerance level 6 € (0,1) and a miscoverage level T € (0,1).
Suppose that {(X;, T;)}iz1,...n and (Xiest, Ttest) are drawn i.i.d., and that the censoring times satisfy the con-
ditional independence assumption (Assumption [2.1) and (Ci, T;) L(C;, Tj){ Xk }rez, for all i # j € To. We
suppose that §-(x) is non-decreasing and continuous in 7. Further, assume that the weights are computed using
the true probabilities:

wr({X;}jezs ) = 1/P[4:(X:) < Ci | {X;}jezs]- (13)
Above, ¢-(X;) can be either the estimated quantile of T; | X = X, presented in Section@ or its trimmed version

f+(X;) from Section . We assume that there exists a constant v, > 0 such that the weights satisfy w,(z) < 7,
for Px-almost all x. Consider the following estimated miscoverage rate:

6(1) = 2 2w (XK hem 1) < 4(X0) <€) (14)
1€y

and denote the calibrated quantile level by

?:sup{TET: sup a(r') < a}. (15)
T'eT

7' <t

Above, the search space T is formulated as in Section |4 l, or using T N [0, Tprior), as in the proposed Adaptive
method from Section [6.1 We remark that for + to be well defined, we assume there exists ' € T such that

&(7") < a . This assumption can be trivially satisfied by setting Go(X;) = 0. Then, with probability at least 1 — ¢
over the draws of D, the LPB L(x) = ¢:(x) satisfies

. 92 1
P [Ttest > L(Xtest)|D} >1—a— sup 5 e (1)L (16)
re[0.1] |Z, | 4

Proof. For ease of notation, we define the coverage gap by:

29345 1
A := sup A -log <) . 17
it N | 5 (7
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We define the oracle miscoverage level by:
T(a+A)=sup{A € [0,1] : P(T < gx(X) | Z1) < a+ A}. (18)

Observe that by assuming 1 — § < P(7 < 7(a + A) | Z1), we get that the event {7 < 7(a + A)} holds with
probability at least 1 —§. Under the monotonicity of ¢., and following the the left-continuity of P(T > ¢.(X) | D)
in 7 we obtain that with probability at least 1 — §:

P(T = ¢:(X) | D)
Z]P)(T > (jr(oz—&-A)(X) | D) (19)
>1—a—A.

Now, we turn to show that 1—§ < P(7 < 7(a+A) | Z1). We begin by fixing ¢ > 0, and denoting A := 7(a+A)+¢
By the definition of &(7), we get:

Pla(r(a+A)+e) <al|Iy)
(V) <a|Th)

—P(a
:P<|I ZU})\ {X }]GIz7 ]I{T <q.,- Z)SCZ}SCV.’Zl

1€y

> (20)
I1>

R0) <E (eXp <0z A > wn({Xj}jer, i) {aa(Xy) < G} I{T; < QA(Xi)}>

i€Zy

<|I | Zw,\ {X;}jer, ) I{an(Xy) <G T < pa (X))} —a <0

1€Lo

Next, we apply Markov’s inequality for any ¢ > 0, and obtain:

Il> (21)

By conditioning on {(X;,T;)}iez, and following the 1 sub-gaussianity of wx({X;}jez,.1)"* — I{dr(X;) < Ci},
the conditionally independent censoring assumption (Assumption and the bounded weights, we have:

E (eXP <|I | D wa({ X Yiem DT < aa(Xa)} (wa({ X} ez, 1) = H{aa(X5) < Cz‘})> '{(XiaTi)}ieIwIl>

€Ty

2
<exp <8|;2|2 ) Z wA({X;}jes, 1) ]I{T <A (X5 )}2>

i€l
2
< — . X;}Yjez,,i)?
_exp <8|12|2 EZI w)\({ j}]EIQ?Z) >
g 2
2,2
Yt )
<ex
B p(8|I2| )
22
Therefore,
3t —1
@D <o (2 ) B (e 0= 7 ¥ on(Xhsernsi) wn((Xhyernni) " 1T < (X0} ) |1
2 i€lo (23)
<7§t2> Z { }
= exp -Elexp|a— I{T; < g (X T
A il

Further, defining px({X; }je1z,,%) := P(T; < 4x(Xi) | {X;}jez,,Z1), we condition on {X,},cz, and get, using the
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1 subgaussianity of px({X;}jez,. 1) — I{T; < 4A(X;) }:

E (exp (p)\({Xj}jelgvi)) - é Z(H{Ti < (jA(Xi)}> ‘{Xj}j61271.1>

€Ly

t2
<o (- 12 2

t2
P (8|12>

We plug this into to obtain:

(23) < exp <<7’\8|—;21|)t> E (eXP <|It2| : Z(a —P/\(Xi))>

We now apply the Cauchy-Schwarz inequality:

E <exp <|It2| S a mm)

1€To

<E (exp (é; . Z(a —p)\(Xi))>

€Ty

(26)

By the definition of 7(a + A) we have:

P(T < §x(X) | T1) > a + A. (27)

)

<E <6XP (é; : Z(]P’(T <(X) | ) - A p/\(Xi))>

1€Lo

By plugging it into the above, we get:

(26) =E (eXP (;; > (a —px(&)))

1€Lo

Il>
(28)

= exp(~2tA)E <exp (” ST < (X) | T) - mxz»))) L>

‘I2| 1€Zo
Above, we used the 1-sub-gaussianity of P(T' < G\(X) | Z1) — pA(X;). By combining it all, we obtain:

t2
< — —2tA ).
= <2|12| )

t2 2 1 t2 2t2
B0) < exp < _opa s AEDE L% )

(273 + 5)t? )
=exp [ —2—— — 2tA
P ( 8[|
We define
L (84 2/14)|Z,|A (30)

292 +5
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and plug it into :

(25) <

8|2 292 +5

84+2v14)|Z2|A
. ((2’Y§+5)(( TS (16 4 4y/TH)T|A
exp

15 4+ 4/14)|T,|A? 16 + 414
=exp ( + {)‘ 2| _ ( _|_2 \/7) |IQ|A2
(275 +5) 275 +5 (31)
1|Z5|A?
=€ —_
P 293 +5
< 1 1
< [ — -
= €xXp 0g 5
=6
That is, we just showed that:
1-0<Pa(rla+A)+e)>a|l) <PF <7(a+A)+e|Iy). (32)

The above equation holds for every € > 0, and thus by taking ¢ — 0, and following the continuity of the
probability measure, we obtain that 1 —§ < P(7 < 7(a+ A) | Z1), as required. O

Since the proposed methods construct censoring times that satisfy the conditional independence assumption
of Theorem their validity follow immediately from this theorem with the corresponding definitions of the
censoring times and the weights.

E EXPERIMENTAL DETAILS

This section provides additional information about the experimental setup and methodology described in Sec-
tion [} Section details the synthetic experiments, including data generation and model architecture. Sec-
tion [E.2] presents experiments conducted on real-world data. Finally, Section [E-3]outlines implementation details
that are shared across both experimental settings.

E.1 Synthetic Experiments

Synthetic Covariate Generation. As described in Section [6.2] of the main text, we use synthetic data to
evaluate the informativity and coverage of the LPBs constructed by our calibration procedures. Each synthetic
data point consists of covariates X; € R? with d = 10, and a prompt-specific unsafe-output probability p;. The
dataset is designed to simulate a setting in which most prompts have a high likelihood of producing unsafe
outputs, while a smaller subset is relatively safe. Notably, our experiments show that fitting a model on this
synthetic dataset results in a large prediction error, which turns the calibration step more challenging.

To this end, we sample the covariates from a Gaussian distribution:
Xi | pi ~ N (u(ps),0%13), with o =0.1. (33)

where the mean vector u(p;) € R? is designed as follows. First, we construct a pool of p; values, where (i) 90% of
which are drawn uniformly in the range log,,(p;) ~ U[—4, —3], and (ii) the remaining 10% are drawn uniformly
in the range logyy(p;) ~ U[—6,—5]. We then assign each p; to a data point by sampling without replacement
from this pool. Then, we define d quantile levels as follows

1
T]-:().lJro.sfif1 j=1,....d.

Next, for a given probability p;, we compute:

~ -1 1/4 -1 T
fi(pi) = [FGeom(p,i)(Tl) M FGeom(pi)(Td) ]l
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where Faelom( . is the quantile function of the Geometric distribution with success probability p;. The 1/4 power
Di)

transformation reduces the size of the often extremely high raw quantiles. Lastly, to improve numerical stability,
we normalize this vector by the average magnitude across all training examples:

n d ~
- _ 1 —1 1/4 )
K= m ;;FGeom(pi)(Tj) ) N(pz) - 0L .

Model Architecture and Training. To estimate the unsafe generation probabilities, we train a neural
network with four hidden layers of size 32 each. We used ReLU for non-linearity and a sigmoid for output. We
optimize the BCE loss (see Section using AdamW with learning rate 10~4, weight decay 10~°, batch size
100, for 10 epochs.

Calibration Method Parameters. In all experiments, unless stated otherwise, we used the prior quantile
Torior = 10714 with trimming threshold M set so that y = max (|Z| - M /B, 1) = 10.

E.1.1 Additional Experiments

To confirm that our findings on synthetic data do not depend on a particular choice of calibration/test split, we
repeated the experiment from Section [6.2] for 20 independent splits of calibration and test sets. Specifically, in
each trial, we fixed the original training set of 45,000 prompts, then randomly partitioned the remaining pool
into a calibration set of size 45,000 and a test set of size 10,000. All other settings follow the experimental setup
described in Section [E1l

We repeated the experiment for the following values of average sampling budget per prompt B/|I3l:
10, 25, 50, 100, 200, 300, 600, 1200. In all experiments, we used the same prior quantile Tprior = 10~Y4, with
trimming threshold M set so that v = max (|Zz| - M /B, 1) = 10, as in Section

Figure 3| presents the performance of the methods introduced in this work for 20 data splits. Across every budget
level, the performances closely match those from our original fixed-split experiment from Figure [I]in Section [6.2
Next, we evaluate how the target coverage level affects the constructed LPBs and their informativeness by
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Figure 3: Results of synthetic experiments as a function of average budget per prompt B/|Zs|. Left: Coverage
(target 90%; gray dashed line). Center: Mean number of samplings generated per prompt. Right: Mean LPB.
Shaded regions represent the standard deviation over 20 runs.

repeating the experiment from Section [6.2] across different nominal coverage levels. We present the results in
Figure [l This figure shows that the Optimized consistently achieves its target coverage across all levels.

Finally, we turn to study the effect of the maximal weight size v = max (|Zz|- M /B, 1) on the stability and
power of the Trimmed and Optimized calibration methods. Figure [f] compares the two methods under a fixed
per-prompt budget of B/|Z2| = 1000. For each weight size, we set the threshold M = B~v/|Zs|. As can be seen
in this figure, the size of the LPBs we construct increases with 7. However, this comes at the cost of increasing
the coverage variance. Observe how the variance of Optimized method for v = 100 is similar to that of Trimmed
method for v = 10, but the former yields much more informative LPBs under these corresponding ~ values. This
is a result of the variance-reducing optimization objective in .
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Figure 4: Results of synthetic experiments as a function of average budget per prompt B/|Z2|. Top: Coverage
(target level indicated by a gray dashed line). Bottom: Mean LPB. Shaded regions represent the standard
deviation over 20 runs.
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Figure 5: Results of synthetic experiments as a function of the maximum weight wpy.x of the Trimmed and
Optimized methods. Left: Coverage (target 90%; gray dashed line). Right: Average LPB. Shaded regions
present the standard deviation across 20 runs.

We compare the proposed Optimized method with an oracle quantile regression model on our synthetic dataset.
The oracle model outputs the true conditional quantile of T' | X as the LPB, and therefore achieves the target
coverage rate of 1 — a = 90% by definition. These oracle LPBs are also the most informative possible by
construction. Figure [f] reports the performance of the Uncalibrated quantile regression model, Naive, Basic,
Trimmed, Optimized, and the oracle quantile regression model. As expected, the oracle model achieves the
nominal coverage level. Notably, our Optimized method produces LPBs of comparable size to the oracle as
the budget increases, demonstrating its efficiency in approaching the best achievable performance even without
access to the oracle quantiles.

We compare our approach with a calibration method that has an infinite budget on our synthetic data. With
an unlimited budget, we can observe an unsafe event for every calibration sample and thus can employ classic
conformal prediction (Vovk et al., |2005; |[Papadopoulos, 2008) without data re-weighting to obtain LPBs that
achieve 1 — a = 90% coverage rate. Specifically, we estimate the miscoverage rate similarly to @7 but here, we
use all calibration points:

_ w% ST < d0(X0)} (34)

i€Zy

&P ()

and construct the LPB as in with the above &'°.

We summarize the performance of all methods in Figure [7} The results reveal that the infinite budget method
achieves the desired coverage rate with lower variability than the alternatives. Moreover, our Optimized ap-
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Figure 6: Synthetic data experiment with an oracle quantile regression model. Top: Coverage (target 90%%;
gray dashed line). Bottom: Mean LPB. Shaded regions represent the standard deviation over 20 runs.

proach produces LPBs comparable in size to those of the infinite-budget calibration as the budget increases,
demonstrating its effectiveness in approaching optimal performance even under budget constraints.
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Figure 7: Synthetic data experiment with a calibration method that has an infinite budget. Top: Coverage
(target 90%; gray dashed line). Bottom: Mean LPB. Shaded regions represent the standard deviation over 20
runs.

E.2 Real-Data Experiments

Calibration Method Parameters. In all experiments, unless stated otherwise, we used the prior quantile
Tprior = 10714, with trimming threshold M set so that y = max (|Z| - M/B, 1) = 2.

Efficient Prompt-Parallel Sampling. To efficiently generate outputs during our calibration procedures, we
implement a prompt-parallel generation algorithm on top of the vLLM package (Kwon et al., [2023)). In each
iteration, we gather a batch of 1500 prompts X; along with their corresponding censoring budgets C;, and
distribute them across multiple GPUs. The pipeline iteratively performs the following steps in parallel for a
batch of prompts, until all prompts in the calibration set are processed:

1. Generate an output G(X;) using the LLM.
2. Apply the audit function Audit (XZ-, Q(XZ-)) to identify unsafe outputs.
3. Check whether X; has either: (i) reached the C; generations limit; or (ii) produced an output that fails the

audit. If at least one of these two conditions is met, remove the prompt from the pipeline and replace it
with a new prompt.

By promptly removing any prompt that yields an unsafe output, the processing maintains high throughput and
avoids idle GPU time.
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Runtime Evaluation. Table[l|presents average runtime for the Naive and Optimized calibration procedures
across varying prompt budgets. While the Naive method can have a long runtime due to its unbounded censorship
times Cj, it is observed to be faster than the Optimized method; see Table [I We explain this by two key
factors. First, our implementation of the Naive method includes an efficient runtime optimization: instead of
always generating all C; samples, we terminate generation early when additional samples no longer improve the
estimate of &(7). As detailed in Section this strategy yields LPBs that are equivalent to those produced
by the original Naive procedure, while significantly reducing computation time. Second, the base model used
in these experiments tends to produce low predicted quantiles ¢, (X;), as shown in Figure 2| Consequently, the
effective censorship budgets C; are also low for most prompts, further limiting runtime.

In sum, these two factors—runtime-efficient implementation and tendency to produce low predicted quantiles—
explain why the reported runtime of the Naive is lower than the Optimized method in this setting.

Budget per prompt  Naive runtime (hours) Optimized runtime (hours) # GPUs

10 0.032 £ 0.005 0.063 £ 0.001 6
25 0.042 £ 0.001 0.117 £ 0.001 6
50 0.070 £ 0.006 0.209 £ 0.001 6
100 0.124 £ 0.003 0.388 £ 0.003 6
200 0.215 £ 0.010 0.589 £ 0.007 6
300 0.316 £ 0.012 0.718 £ 0.002 6
600 0.561 £ 0.016 0.979 £ 0.006 6
1200 0.918 £ 0.051 1.792 + 0.041 4

Table 1: Average runtime (hours) by method and budget per prompt (mean + SD).

Model Architecture and Training. We employ the ModernBERT-base (Warner et al, [2024) model. We
use Adam optimizer (Kingma and Baj, 2015|) to minimize the loss function in , with a learning rate of 3e-5,
and a batch size of 1500. We train the model for 10 epochs and use early stopping based on the validation set.

E.3 Shared Implementation Details for Both Real and Synthetic Experiments

Our calibration framework applies to any machine learning model that outputs an estimated conditional quantile
of the time-to-unsafe-sampling, denoted by ¢, (), given the covariates x. This is motivated by the fact that T,
the time-to-unsafe-sampling, is a Geometric random variable with parameter p(x), the probability of unsafe
generation. Consequently, the conditional quantile function of 7' is given analytically in terms of p(z), and vice

versa:
log(1 —7)

ar(e) = Logu — @)

The above relationship allows us to estimate either p(z) or ¢,(x) and recover the other via a closed-form trans-
formation.

w and p(z)=1-(1—7)/@),

Loss Function. In our experiments, we estimate p(x) by fitting a model that minimizes the binary cross-
entropy (BCE) loss over aggregate unsafe proportions. Specifically, for each prompt X;, we define the empirical
success rate as Y; = < Zjvzl Yij , where Yij € {0,1} indicates whether the j-th sample is unsafe. We then use
the BCE loss:

BCE(Y;, p(X;)) = —[Yilog p(X;) + (1 — ¥i) log(1 — p(Xy))], (35)
where p(X;) is the model’s prediction of the probability of unsafe generation. Notably, this loss is equivalent to
the mean of the standard BCE loss across individual samples:

N
% > " BCE(Y/, 5(X;)) = BCE(Y;, p(X.)).
j=1

This aggregation allows for a more computationally and memory-efficient implementation compared to the use
of the vanilla BCE.
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E.3.1 Implementation Details of the Naive Calibration Procedure

In theory, the Naive calibration (Algorithm can assign an unbounded censorship time per prompt, which
leads to arbitrarily long running times. To avoid this, we restrict our search for the threshold 7 to the compact
set T N Tprior (€€ Section . This restriction in search space does not violate the method’s validity, as it may
only make it more conservative, as discussed in Section [6.1} This section also shows that assigning a censorship
time C; > ¢-(X;) is equivalent to drawing exactly ¢,(X;) generations. Conversely, setting C; < ¢,(X;) amounts
to not drawing any samples. Based on this observation, we implement a run-time efficient version of the Naive
method that draws censorship times according to

Ci = Ber(g(Xs)) - Grppior (X4),

where g(r) = P(Geom(min(|Zz|/B,1) > §¢r,,..,(X;)). It is important to note at this point that the average
number of generations per prompt reported in Figure [I] is the simulated number of samples that the equivalent,
non-optimized Naive solution would use. This implementation also implies that the Naive method has a much
smaller overall number of generations, leading to a faster runtime.

E.4 Machine’s Spec

The computational infrastructure used in the experiments are:

e CPU: Intel(R) Xeon(R) CPU E5-2683 v4 @ 2.10GHz, Intel(R) Xeon(R) Gold 5318Y CPU @ 2.10GHz,
Intel(R) Xeon(R) Gold 6336Y CPU @ 2.40GHz.

e GPU: NVIDIA A40, NVIDIA TITAN X (Pascal), NVIDIA 2080 TI, NVIDIA RTX 2060 SUPER.
e OS: Ubuntu 20.04.6.



