
Proceedings of the 19th Conference of the European Chapter of the Association for Computational Linguistics
Volume 1: Long Papers, pages 1494–1510

March 24-29, 2026 ©2026 Association for Computational Linguistics

Improving LLM Domain Certification with Pretrained Guide Models

Jiaqian Zhang
University College London

jiaqian.zhang.24@ucl.ac.uk

Zhaozhi Qian
Elm Company
zqian@elm.sa

Faroq Altam
Elm Company
faltam@elm.sa

Ignacio Iacobacci
Elm Company

iiacobacci@elm.sa

Muhammad Alqurishi
Elm Company

mualqurishi@elm.sa

Riad Souissi
Elm Company

rsouissi@elm.sa

Abstract

Large language models (LLMs) often gener-
ate off-domain or harmful responses when de-
ployed in specialized, high-stakes domains, mo-
tivating the need for rigorous LLM domain cer-
tification. While the VALID algorithm (Emde
et al., 2025) achieves formal domain certifi-
cate guarantee using a guide model G trained
from scratch on in-domain data, it suffers from
poor generalization due to limited training. In
this work, we propose PRISM, a novel ap-
proach that overcomes this key limitation by
leveraging pretrained language models as guide
models, enhanced via contrastive fine-tuning
to sharply distinguish acceptable from refused
content. We explore and experiment variants of
PRISM with different loss functions to ensure
that the model exploits the rich world knowl-
edge of pretrained models while aligned to the
target domain. We show that two variants of
PRISM, PRISM-BC and PRISM-GA, achieve
superior OOD rejection and tighter certification
bounds across eight diverse data regimes and
perturbations, establishing a more reliable ap-
proach to domain-adherent LLM deployment.

1 Introduction

Large language models (LLMs) have become cen-
tral to modern NLP, achieving state-of-the-art per-
formance across diverse tasks through scale and
broad pretraining. While their generalist knowl-
edge enables strong conversational capability, this
very generality introduces significant risks when
deploying models in specialized, high-stakes do-
mains. Unrestricted access to their full behavioral
range can lead to off-topic, misleading, or harm-
ful outputs-especially when models are exposed to
adversarial or unintended inputs.

To ensure safety and reliability, Emde et al.
(2025) proposes the notion of domain certification
for LLMs: a framework to guarantee that an LLM
responds only to inputs within a predefined scope
and refuses or rejects out-of-domain (OOD) queries

even under adversarial pressure. In practice, adver-
saries may attempt to re-purpose a model for un-
intended uses, extract harmful content, or provoke
responses that violate regulatory or ethical stan-
dards. For practitioners in healthcare, finance, or
public services, ensuring domain adherence is not
just a technical requirement but a legal and ethical
imperative.

While existing approaches seek to constrain
LLM behavior through alignment (Bai et al., 2022;
Ouyang et al., 2022), safety fine-tuning (Christiano
et al., 2017), or content filtering (Inan et al., 2023),
they lack the rigor of domain certification. These
methods typically employ heuristic or learned re-
fusal strategies that are vulnerable to jailbreaking:
adversarial inputs can elicit suppressed or out-of-
domain responses despite intended safeguards. A
growing body of work shows such bypasses are not
isolated but systematic—achieved via prompt in-
jection (Perez and Ribeiro, 2022; Liu et al., 2024),
optimization-based attacks (Wallace et al., 2019;
Zou et al., 2023), or data poisoning (Carlini et al.,
2024). Defenses like robust fine-tuning (Dong
et al., 2021), unlearning (Xu et al., 2023), or re-
sponse filtering (Inan et al., 2023) offer only partial
protection and often fail under adaptive attacks,
providing limited behavioral containment.

The VALID algorithm, introduced in (Emde
et al., 2025), is the first method designed to achieve
rigorous domain certification for large language
models. It constructs a certified meta-model M by
combining a powerful generalist model L with a
smaller guide model G. The generalist model L can
be any pre-trained language model, with or with-
out additional safety alignment, and is capable of
generating responses to a broad range of in-domain
and out-of-domain queries. In contrast, the guide
model G is a custom language model trained from
scratch exclusively on in-domain data, making it
a strict domain specialist with no knowledge of
content outside the target domain.
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During inference, VALID begins by letting the
generalist model L produce a candidate response
for the input prompt. To determine whether this
response adheres to the desired domain constraints,
it evaluates the log likelihood ratio between L and
G. If the resulting score falls below a preset thresh-
old, the response is deemed acceptable and deliv-
ered to the user; otherwise, it is rejected. Thus,
the VALID algorithm depends fundamentally on
the guide model G to enforce domain certification
by assigning higher likelihoods to in-domain re-
sponses and lower scores to out-of-domain ones.

This approach brings in a natural limitation: the
certification is only as strong as G’s ability to ac-
curately model the true semantic structure of the
target domain. Since G is pretrained from scratch
exclusively on data from the target domain, it is
likely to suffer from limited expressiveness and
poor generalization. In many practical settings,
such as customer support systems or specialized
enterprise applications, domain-specific data is by
design restricted in volume and diversity. Conse-
quently, G may fail to distinguish between con-
tent that shares similar surface features, such as
writing style or domain-specific terminology. This
weakness is particularly evident when evaluating
responses y that are syntactically consistent but fac-
tually incorrect or misleading (and thus should be
rejected). As a result, the certification guarantee
becomes critically dependent on the target domain
itself, which determines the quality, quantity, and
diversity of the training data for G.

In this work, we propose PRISM (PRetrained
In-domain Score for Model certification), a unified
framework that addresses a key limitation of the
VALID algorithm: the fragility of domain certi-
fication when the guide model G is trained from
scratch on limited in-domain data. Instead of train-
ing G from scratch, PRISM adapts a pretrained
language model to serve as the guide, leveraging
its strong language understanding while aligning it
to the target domain through targeted fine-tuning.
Crucially, PRISM overcomes the challenge that
domain-agnostic pretrained models may assign
high likelihoods to OOD content, by using spe-
cialized training objectives. This design enables
PRISM to provide a formal domain certification
guarantee. We explore and evaluate multiple in-
stantiations of PRISM using different loss func-
tions—Gradient Ascent (GA), Negative Preference
Optimization (NPO), Direct Preference Optimiza-
tion (DPO), and Binary Classification (BC) and

demonstrate that PRISM consistently outperforms
VALID in both OOD rejection accuracy and certifi-
cation tightness across diverse settings.

2 Domain Certification for LLM

We begin by introducing notation. Tokens are el-
ements of a vocabulary V = {1, . . . , V }, denoted
as x, y ∈ V, while sequences of arbitrary length
belong to the sequence space S. The violation set
F ⊂ S as the collection of forbidden outputs (e.g.,
harmful, unsafe, or inappropriate responses) that
the model must avoid. We use boldface xxx,yyy ∈ S
to represent input and output sequences of a lan-
guage model, respectively. A next-token predic-
tion model is written as l : S → V, and repeated
application of l until an end-of-sequence token is
generated defines a sequence-to-sequence model
L : S→ S. The likelihood of output yyy given input
xxx is L(yyy|xxx) =

∏Ny

n=1 l(yn|y<n,xxx), where Ny is
the length of yyy, and we write y ∼ L(·|xxx) to denote
sampling from the model’s output distribution.

An atomic certificate provides a probabilistic
guarantee against generating a specific output. For
a given sequence yyy ∈ S, a language model L is ϵy-
atomic-certified (ϵy-AC) if ∀xxx ∈ S, L(yyy|xxx) ≤ ϵy.
This means that no matter the input, even under ad-
versarial conditions, the probability of L generating
yyy is at most ϵy. Furthermore, a domain certificate
provides a global safety guarantee by aggregating
atomic certificates over all forbidden outputs. A
model L is said to be ϵ-domain-certified (ϵ-DC)
with respect to a set F if, for all y ∈ F, we have
ϵy ≤ ϵ, meaning L assigns probability at most ϵ to
every undesired response in F.

2.1 VALID algorithm and theoretical bounds

Verified Adversarial LLM Output via Iterative Dis-
missal (VALID), is an algorithm to achieve do-
main certification by constructing a meta-model
ML,G,k,T from a base LLM L and a guide model G
(Emde et al., 2025). In essence, VALID performs
rejection sampling: given input xxx, it draws sam-
ples y ∼ L(·|x) and accepts y only if the length-
normalized log-ratio log L(yyy|xxx)

G(yyy) ≤ kNy (where Ny

is the sequence length) for a threshold k. This pro-
cess repeats up to T times; if no sample is accepted,
M outputs “Abstained”. The psudocode is shown
in Appendix A.

The resulting model M satisfies a certified upper
bound on output probabilities (Emde et al., 2025).
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Specifically, for all xxx ∈ S and any response yyy,

ML,G,k,T (yyy|xxx) ≤ 2kNy · T ·G(yyy), (1)

which implies M is [2kNyTG(yyy)]-AC and, conse-
quently,

[
maxyyy∈F 2kNyTG(yyy)

]
-DC with respect to

any forbidden domain F.

2.2 The Crucial Role of the Guide Model G

The effectiveness of the VALID certification criti-
cally depends on the guide model G, as the bound
in Eq. (1) is directly proportional to G(yyy). For the
certificate to be meaningful, G must assign low
probability to forbidden responses yyy ∈ F while
preserving high likelihood for valid, in-domain out-
puts. This ensures that the likelihood ratio criterion
effectively filters out undesirable generations while
allowing acceptable responses to pass with suffi-
cient probability.

To achieve this, Emde et al. (2025) proposes to
train G from scratch exclusively on a clean dataset
DT ⊂ T of in-domain responses using standard
cross-entropy loss. By limiting its exposure to only
permitted content, G learns to distinguish between
in-domain and out-of-domain patterns implicitly.
Empirical results confirm that such training is able
to let G assign sharply lower likelihoods to se-
quences in F, enabling the suppression of adversar-
ial or off-domain behaviors.

3 PRISM

In contrast to VALID, PRISM initializes the guide
model G using a pre-trained language model. A
key challenge arises from the domain-agnostic na-
ture of pre-training, which may result in the model
assigning high likelihood scores to both in-domain
and out-of-domain responses. To address this limi-
tation, PRISM employs additional fine-tuning us-
ing contrastive loss functions, designed to encour-
age the model to assign higher scores to in-domain
data and lower scores to out-of-domain data.

3.1 Training data for PRISM

Let DT ⊂ S and DF ⊂ F denote the training
datasets consisting of in-domain and out-of-domain
LLM responses, respectively. While VALID re-
quires only DT to train G, PRISM utilizes both DT
and DF. Notably, out-of-domain data are generally
easier to collect and available in larger quantities
compared to in-domain data—particularly in do-
mains that cover a narrow set of topics and serve

specialized applications. For example, when the tar-
get domain is medical, constructing DT entails col-
lecting high-quality responses to medical questions,
a process that often requires domain expertise. In
contrast, DF merely requires responses unrelated
to medical inquiries. In practice, one can begin
with a general-purpose chat dataset and exclude
conversations related to medicine; the remaining
data provide a rich source of negative examples
for inclusion in DF. Furthermore, since the guide
model G is intended only to evaluate responses
generated by LLMs, it is reasonable to assume that
these responses are grammatically correct and se-
mantically coherent. Hence, there is little need to
include low-quality or nonsensical text in DF.

3.2 Loss Functions
We begin by recalling the standard cross-entropy
loss defined over the in-domain data DT, which
is commonly employed for domain-specific super-
vised fine-tuning:

LCE = −EDT

[
log
(
Gθ(y)

)]
(2)

LCE ensures G to assign high likelihood to in-
domain responses. We can combine it with several
other loss functions to train G, as discussed below.

PRISM-GA (Gradient Ascent). The PRISM-
GA objective incorporates two components: the
LCE on in-domain data DT and the negative cross-
entropy loss on out-of-domain data DF. Formally,
the loss is expressed as:

LGA = LCE + EDF

[
log
(
Gθ(y)

)]
(3)

This formulation effectively increases the likeli-
hood of in-domain samples while reducing the
model’s likelihood on out-of-domain responses,
aligning with the desired behavior. Despite its sim-
plicity, gradient ascent-based optimization has been
successfully applied in the context of machine un-
learning, where the goal is to suppress sensitive
information from large language models (Nguyen
et al., 2024, 2022; Cao and Yang, 2015).

PRISM-NPO (Negative Preference Optimiza-
tion). Negative Preference Optimization (NPO) is
a loss function originally proposed in the context
of machine unlearning. It introduces a reference
model πref and a regularization hyperparameter β
to prevent excessive deviation from the initial pol-
icy, thereby mitigating the issue of catastrophic
collapse during training (Zhang et al., 2024). In
the PRISM framework, NPO is combined with the
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standard cross-entropy loss LCE to train the gener-
ator G. The overall objective is formulated as:

LNPO =
2

β
EDF

[
log

(
1 +

(
Gθ(y)

πref(y)

)β
)]

+ LCE

(4)

PRISM-DPO (Direct Preference Optimiza-
tion). Direct Preference Optimization (DPO) is
a preference-based alignment method that operates
on pairs of preferred and dispreferred responses,
and has gained widespread use in LLM align-
ment (Rafailov et al., 2023). DPO naturally aligns
with our objective, as such preference pairs can be
constructed by randomly sampling examples from
the in-domain dataset DT (as preferred) and the
out-of-domain dataset DF (as dispreferred), respec-
tively (cf. Eq. 5). Like NPO, DPO incorporates
a reference model to constrain policy updates and
thereby mitigate the risk of catastrophic collapse
during training. Notably, because the DPO loss
inherently accounts for both in-domain (positive)
and out-of-domain (negative) samples through its
pairwise formulation, there is no need to explicitly
include the standard cross-entropy loss LCE(θ) in
the overall objective.

LDPO = −Eyw∼DT, yl∼DF

[
log

σ

(
β log

πθ(yw)

πref(yw)
− β log

πθ(yl)

πref(yl)

)]
,

(5)

where the σ is the sigmoid function 1
1+e−t .

PRISM-BC (Binary Classification). Instead
of treating G as a language model that auto-
regressively computes token-level likelihoods, we
can reformulate it to produce a sequence-level
score. A natural approach is to cast G as a bi-
nary classifier that assigns high logits to in-domain
responses (labeled as “1”) and low logits to out-of-
domain responses (labeled as “0”). Let z denote a
domain indicator variable, where z = 1 if y ∈ DT
and z = 0 if y ∈ DF. We construct a classification
dataset DC = {(y, z)} consisting of responses and
their corresponding domain labels. The model G
is instantiated by attaching a classification head to
a pre-trained LLM and is subsequently fine-tuned
using the binary cross-entropy loss:

LBC(θ) = −Ez,y∼DC

[
z · σ(Gθ(y))+

(1− z) log
(
1− σ(Gθ(y))

)]
,

(6)

where σ denotes the sigmoid function.

4 Related Works

PRISM builds directly upon the VALID frame-
work (Emde et al., 2025), advancing its core
methodology for domain certification in large lan-
guage models. In this work, we preserve and extend
the key theoretical and practical innovations intro-
duced by VALID, which we briefly review below.
We then contextualize these contributions within
the broader literature on LLM safety.

Domain Certification with VALID. VALID
(Emde et al., 2025) introduces a formal frame-
work for domain certification with two key advan-
tages: (1) provable safety guarantees, ensuring
high-probability rejection of out-of-domain inputs,
and (2) input-agnostic certification, providing uni-
form protection across the input space without re-
liance on local perturbations or heuristic thresholds
(Kumar et al., 2024; Casadio et al., 2024). Unlike
conventional guardrails, VALID decouples safety
logic into a lightweight guide model G, enabling
modular, scalable enforcement without modifying
the base LLM L. These properties establish a foun-
dation for verifiable deployment and they are di-
rectly inherited and extended by PRISM.

LLM Safety Alignment. A significant body of
research focuses on aligning large language models
(LLMs) with human values and deployment con-
straints. Early efforts centered on Reinforcement
Learning from Human Feedback (RLHF) (Askell
et al., 2021), which leverages human preference
data to steer model behavior. This paradigm has in-
spired a range of methods, including Proximal Pol-
icy Optimization (PPO) (Bai et al., 2022), Direct
Preference Optimization (DPO) (Rafailov et al.,
2023). For comprehensive surveys, see Kaufmann
et al. (2024) and Dai et al. (2024). While these
methods typically fine-tune the target LLM L di-
rectly, PRISM-DPO applies such techniques to
train the guide model G, decoupling alignment
from generation. This enables efficient, modular
certification without modifying the core model.

Machine Unlearning. Traditional approaches
to removing knowledge from models involve re-
training after data deletion—a computationally pro-
hibitive process for large-scale systems, especially
under frequent update requests. This challenge has
given rise to machine unlearning (Nguyen et al.,
2024, 2022; Cao and Yang, 2015), a paradigm
aimed at efficiently erasing the influence of specific
training samples while preserving overall model
performance. Despite its promise, machine un-
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learning remains underexplored in the context of
domain restriction. In this work, PRISM-GA and
PRISM-NPO incorporate unlearning-inspired ob-
jectives into the training of G, encouraging it to
suppress patterns outside the target domain.

5 Experiments

We adopt medical question answering as a repre-
sentative application for evaluating domain certifi-
cation of LLMs. Our primary model under certifi-
cation is LLaMA-3-8B (the model L). The objective
is to develop a chat system that responds accurately
to medical queries while reliably refusing to answer
out-of-domain requests. We report the results for
T = 1, which corresponds to one-pass certification.
Additional results for T > 1 are consistent with
our findings and they are reported in Appendix G.

5.1 Training Setup

In the following, we detail the curation of training
data, initialization of the guide model G, and the
overall training configuration.

In-Domain Training Data DT. The in-domain
dataset consists of medical question-answer (QA)
pairs drawn from PubMedQA (Jin et al., 2019),
processed using the same methodology as in Emde
et al. (2025). While PubMedQA contains approxi-
mately 200k QA instances, we restrict our training
to a randomly sampled subset of 20k examples.
This subsampling simulates realistic constraints on
the availability of high-quality, domain-specific an-
notated data, aligning with practical deployment
scenarios where labeled in-domain data is limited.

Out-of-Domain Training Data DF. To train
the model to reject non-medical queries, we con-
struct DF using 20k samples aggregated from
three diverse sources: SQuAD (Rajpurkar et al.,
2016), ShareGPT (RyokoAI, 2023), and Megpie-
Llama (Xu et al., 2024b).

1. SQuAD: This dataset comprises context pas-
sages, questions, and short answers spanning gen-
eral knowledge domains. Following the preprocess-
ing protocol in Emde et al. (2025), we extract 5.8k
QA pairs for use in our experiments.

2. ShareGPT: This collection includes real user
prompts and corresponding responses generated by
OpenAI’s ChatGPT (OpenAI, 2023). Its inclusion
enhances the realism of the out-of-domain distribu-
tion, reflecting actual user interactions encountered
in deployment settings. After cleaning and filtering
(see Appendix B), we retain 6.8k entries.

3. Megpie-Llama: A synthetic dataset generated
via the Magpie framework (Xu et al., 2024a) using
Llama-3-based models. Since our target model L
is also based on Llama-3, this subset captures re-
sponse patterns likely to be produced by L outside
the medical domain. After cleaning, we include
6.8k samples from this source.

This multi-source strategy ensures diversity in
topic, style, and generation process, thereby im-
proving the robustness of domain rejection.

Validation Data To enable reliable model evalu-
ation and hyperparameter selection, we construct a
held-out validation set disjoint from both training
and test data. This set consists of 1,000 in-domain
samples drawn from PubMedQA (Jin et al., 2019)
and 1,000 out-of-domain samples aggregated from
the three sources, following the same curation and
preprocessing procedures as the training data.

Initialization of the Guide Model G. We ini-
tialize the guide model G using LLaMA-3.2-1B, a
smaller variant of the Llama architecture. As in
the VALID framework (Emde et al., 2025), G is
significantly smaller in parameter count than the
target model L, enabling efficient inference during
certification at deployment time. For PRISM-BC,
we extend G with a randomly initialized regres-
sion head to transform it into a binary classifier for
domain discrimination. For all other variants of
PRISM, no architectural modifications are made,
and the pretrained weights are used directly.

Threshold Selection We use the validation set
to select the decision threshold k on the normal-
ized likelihood ratio Lnorm, which governs whether
a response is classified as in-domain or out-of-
domain. Following standard practice (Emde et al.,
2025), we choose k∗ to maximize Youden’s J statis-
tic (Youden, 1950), defined as J = TPR − FPR,
thereby optimizing the balance between OOD de-
tection and preservation of valid medical responses.
The selected k∗ is then applied consistently dur-
ing test-time evaluation to ensure fair comparison
across models.

Additional Details. We describe the additional
details about the training configuration, hyper-
parameters, and the hardware for experiments in
Appendix C.

5.2 Baselines
LLaMA (Naive Baseline). As a simple baseline,
we employ the pretrained LLaMA-3.2-1B model
without any fine-tuning. This configuration as-
sesses the intrinsic capability of a general-purpose
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language model to distinguish medical queries
from non-medical ones, in the absence of task-
specific adaptation. It serves as a lower bound on
performance, highlighting the necessity of domain-
aware training.

VALID Models. We adopt the VALID frame-
work (Emde et al., 2025) as a primary baseline. The
original VALID model (VALID-200k) was trained
on the full 200k-sample PubMedQA dataset DT;
we use the publicly released checkpoint for evalua-
tion on our test sets.

To simulate realistic settings with limited labeled
data, we also re-train VALID on fewer data follow-
ing the same methodology as (Emde et al., 2025).
We train variants on subsets of size 5k, 10k, 15k,
and 20k drawn from DT, enabling analysis of per-
formance sensitivity to ID data availability. Also
recall that VALID does not use any data from DF
for training. These ablations allow us to assess
the robustness of VALID-style certification under
practical data constraints.

5.3 Evaluation Metrics

To evaluate domain certification performance, we
adopt a multi-dimensional set of metrics grouped
into two categories: classification effectiveness and
certification tightness. These provide insight into
both detection accuracy and the strength of domain
certificates.

We report standard binary classification met-
rics—True Positive Rate (TPR), False Positive Rate
(FPR), F1 score, and Area Under the ROC Curve
(AUC)—to assess the model’s ability to distinguish
in-domain (medical) from out-of-domain queries.
TPR reflects sensitivity to OOD inputs, while FPR
measures unintended rejections of valid medical
questions. The F1 score summarizes precision-
recall balance, and AUC integrates performance
across decision thresholds, offering a threshold-
agnostic measure of discriminative power.

For certification analysis, we use the Median
Constriction Ratio (Median CR) (Emde et al.,
2025), defined as the median value of ϵy(L)/ϵy(M)
over OOD samples, where ϵy denotes the response
acceptance probability under model L (original)
and M (certified). A higher Median CR indicates
that M suppresses non-medical outputs more ag-
gressively than L, reflecting tighter and more reli-
able certification. This metric captures the practical
impact of the guide model G in enforcing domain
compliance during generation.

5.4 Evaluation on the Known OOD data

We begin our evaluation in the known out-of-
domain (OOD) setting, where the OOD responses
in the test set are reasonably well represented in
the training data DF. This constitutes a relatively
favorable scenario: the guide model G has been
explicitly trained to recognize and distinguish such
OOD examples, making detection more tractable
than in fully unseen or adversarial OOD regimes.

To assess model behavior under realistic condi-
tions, we consider two complementary test scenar-
ios. First, Ground Truth Responses: the test set
consists of 1,000 examples drawn i.i.d. from the
same data distribution as the training and validation
sets but held out during training. Second, Gener-
ated Responses: the prompts are identical to those
in the ground truth setting (and thus i.i.d. with
the training data), but the responses are generated
by the base language model L rather than sourced
from the original datasets. This latter setting better
reflects real-world deployment, where the guide
model G must evaluate responses produced by the
generator it is meant to certify, thereby introducing
a subtle but important distributional shift between
training and test responses.

The results in Table 1 demonstrate that PRISM
consistently outperforms VALID across all evalu-
ation settings, achieving near-perfect detection of
out-of-domain responses. This superiority holds
not only in terms of standard detection metrics,
such as FPR, TPR, F1 score, and AUC, but also
in the tightness of the certified risk bounds, as re-
flected by the median-CR. Among the PRISM vari-
ants, PRISM-GA and PRISM-BC emerge as the top
performers: PRISM-BC achieves perfect TPR and
F1 on ground truth responses with an exception-
ally low FPR (0.001), while PRISM-GA yields the
largest median CR values, indicating substantially
tighter and more informative certification bounds.

We observe a modest but consistent performance
drop for all models when evaluated on generated re-
sponses, compared to ground truth responses. This
degradation is expected and likely stems from the
distributional shift between the original and model-
generated response, which introduces new patterns
of in-domain and out-of-domain behavior that are
not fully captured during training.

Interestingly, VALID trained on 20k responses
slightly outperforms its counterpart trained on 200k
samples across most metrics. Additional exper-
iments in the Appendix D (varying training set
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Ground Truth Responses Generated Responses

Model FPR TPR F1 Median CR AUC FPR TPR F1 Median CR AUC

LLaMA 0.031 0.196 0.319 -364.81 0.286 0.074 0.087 0.150 -274.55 0.264
VALID(20k) 0.041 0.964 0.962 182.89 0.995 0.087 0.914 0.912 270.06 0.964
VALID(200k) 0.027 0.924 0.947 155.46 0.990 0.094 0.905 0.904 264.02 0.959
PRISM-GA 0.016 0.968 0.976 14997.20 0.997 0.031 0.976 0.972 8544.93 0.993
PRISM-NPO 0.012 0.980 0.984 94.01 0.997 0.033 0.923 0.960 86.96 0.990
PRISM-DPO 0.016 0.975 0.979 47.60 0.996 0.058 0.950 0.945 49.84 0.984
PRISM-BC 0.001 1.0 1.0 3217.34 1.0 0.086 0.985 0.950 2642.74 0.983

Table 1: Model performance evaluated on ground truth responses and generated responses in the known OOD
setting. Best values per column are bolded within each evaluation metric.

sizes from 5k to 200k) confirm that VALID’s per-
formance does not scale monotonically with data
sizes considered. We hypothesize that this is be-
cause VALID requires training a language model
from scratch, which demands substantially more
data to realize consistent improvements.

5.5 Evaluation on the Unseen OOD data

To probe the robustness and generalization capa-
bilities of our models under more realistic and
challenging conditions, we evaluate them on two
entirely unseen out-of-domain test sets. Unlike
the previous experiments which use prompts or re-
sponses i.i.d. with training for evaluation, these
new datasets introduce substantial domain gaps
from training data and can better capture unknown
distribution shifts in deployment.

The first dataset, LMSYS-Chat-1M (Zheng et al.,
2023), comprises one million real-world dialogues
involving 25 distinct large language models, cap-
turing a rich diversity of model behaviors and user
intents. The second dataset, WildChat (Zhao et al.,
2024), consists of real user conversations with
GPT-3.5 and GPT-4 (OpenAI, 2023). It spans a
wide range of topics and includes particularly chal-
lenging examples such as ambiguous, ill-posed,
or multi-faceted user requests that diverge signif-
icantly from standard instruction-following data.
We filtered out medical related conversations and
sampled 1k conversations from each. Together,
these test sets provide a demanding and realistic
testbed for evaluating domain certification.

Table 2 presents the detection performance of
various models on two unseen datasets. The results
show that PRISM variants consistently outperform
the VALID models. Within the PRISM family,
PRISM-BC and PRISM-GA achieve the highest
performance, attaining near-perfect F1 and AUC
scores on both datasets.

Figure 1 further illustrates the tightness of the

LmsysChat WildChat

Model F1 AUC F1 AUC

LLaMA 0.07 0.187 0.06 0.148
VALID(20k) 0.918 0.973 0.953 0.990
VALID(200k) 0.916 0.970 0.968 0.993
PRISM-GA 0.982 0.996 0.987 0.996
PRISM-NPO 0.971 0.990 0.970 0.995
PRISM-DPO 0.959 0.989 0.961 0.991
PRISM-BC 0.994 0.999 0.994 0.998

Table 2: F1 and AUC scores for models evaluated on
two unseen datasets.

Figure 1: The required FPR to reach a given domain
certification bound ϵ under different model configura-
tions for LmsysChat dataset.

certification bounds by depicting the trade-off be-
tween the false positive rate (FPR) and the achieved
ϵ bound as the cutoff threshold k is varied. As ex-
pected, tighter certification bounds (i.e., smaller ϵ)
come at the cost of a higher FPR, since more valid
in-domain responses are conservatively rejected
to maintain coverage guarantees. Consequently,
points in the bottom-left region of the plot repre-
sent more favorable operating regimes than those
in the top-right, where either the bound is loose
or the false positive rate is unacceptably high. A
bound is considered meaningful only when ϵ ≤ 1
(equivalently, log(ϵ) ≤ 0); beyond this threshold,
the certification becomes trivial and offers little
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practical utility.
Two key observations emerge from this analysis.

First, only PRISM-GA and PRISM-BC are capable
of achieving reasonably low FPRs (below 20%)
while maintaining non-trivial certification bounds.
In contrast, VALID exhibits FPRs exceeding 50%
across the entire meaningful range of ϵ, rendering
its guarantees impractical for real-world deploy-
ment. Second, the two top-performing PRISM vari-
ants excel in complementary regimes: when the
allowable FPR is moderate (above 5%), PRISM-
GA yields the tightest bounds among all methods;
however, under stringent requirements (FPR < 5%),
PRISM-BC is the only model that continues to pro-
vide non-trivial certification.

5.6 Evaluation on Challenging Perturbations

F1 AUC Median CR

LLaMA 0.724 0.841 2.432
VALID(20k) 0.585 0.737 0.0517
VALID(200k) 0.637 0.801 2.10
PRISM-GA 0.719 0.835 4.34
PRISM-NPO 0.703 0.852 3.87
PRISM-DPO 0.717 0.860 5.98
PRISM-BC 0.799 0.924 6.14

Table 3: Results for models evaluated on perturbed
medical mis-information dataset.

To assess robustness under challenging con-
ditions, we construct a perturbed test set de-
signed to evaluate models’ ability to reject factu-
ally incorrect yet stylistically plausible medical
misinformation. Specifically, we invert the cor-
rect answers in the PubMedQA dataset and use
LLaMA-3-8B-Instruct to generate convincing but
false explanations. This setup tests whether models
can detect subtle factual errors that mimic authentic
medical discourse. We also experiment with two
additional challenging setups in Appendix F.

Results in Table 3 reveal several key findings.
First, the un-tuned LLaMA baseline outperforms
both VALID variants, suggesting that training from
scratch on limited data compromises semantic un-
derstanding and factual grounding. Among all mod-
els, PRISM-BC achieves the strongest performance
(F1: 0.799, AUC: 0.924), reaffirming its effective-
ness in domain certification. In contrast, PRISM-
GA exhibits a slight detection performance drop
relative to the LLaMA baseline (AUC: 0.835 vs.
0.841), likely due to its aggressive, reference-free
unlearning update that may inadvertently degrade
factual reasoning capabilities. However, PRISM-

GA still gives rise to a reasonable certification
bound, as evidenced by its Median CR score.

5.7 Certified Benchmarking on PubMedQA

Following the experimental setup of Emde et al.
(2025), we conduct certified benchmarking on the
PubMedQA test set. Using various certification
methods, we evaluate the model up to a desired cer-
tification strength ϵ; a response is deemed correct
only if it both passes certification and matches the
ground-truth answer. Tighter certification bounds
(i.e., smaller ϵ) yield lower accuracy, as more re-
sponses are rejected by the guide model G. Results
are presented in Table 4. For reference, the uncon-
strained model achieves 72.5% accuracy. PRISM-
BC attains the best performance, maintaining tight
certification with only minor performance degrada-
tion. In contrast, VALID’s accuracy drops substan-
tially under tighter certification, yielding very low
accuracy at small ϵ.

ϵ = 10−5 ϵ = 10−10

VALID(200k) 0.318 0.004
PRISM-GA 0.655 0.451
PRISM-NPO 0.323 0.143
PRISM-DPO 0.285 0.132
PRISM-BC 0.724 0.724

Table 4: Accuracy on the certified PubMedQA bench-
mark with different certification strength ϵ. For refer-
ence the unconstrained model scores 72.5%.

5.8 Additional Analysis and Robustness.

To further validate the generalizability of our ap-
proach, we provide extensive additional experi-
ments in the Appendix. In Appendix H, we demon-
strate PRISM’s transferability to non-factual do-
mains (Shakespeare) and code generation tasks.
Appendix I presents a sensitivity analysis of the
regularization parameter β for alignment algo-
rithms, discussing the trade-off between certifica-
tion bounds and empirical detection. Finally, in
Appendix J, we verify that our results are consis-
tent across different guide model architectures (e.g.,
Qwen-0.6B).

6 Conclusion

In this work, we introduce PRISM, a framework
for provable domain certification of large language
models that leverages a pretrained guide model
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G. We systematically explore four different fine-
tuning strategies for G. Our experiments demon-
strate that PRISM-BC and PRISM-GA consistently
achieve strong out-of-domain (OOD) detection per-
formance and yield substantially tighter certifica-
tion bounds across diverse evaluation settings. In
contrast, PRISM-DPO and PRISM-NPO underper-
form, suggesting that the use of a reference policy
πref may hinder the guide model’s ability to learn
a sharp decision boundary between in-domain and
out-of-domain responses. These findings highlight
the importance of objective design in training certi-
fiable judges and establish PRISM as a promising
approach for reliable, provable domain restriction
in LLMs.

Limitations

Our approach, PRISM, builds upon the VALID
framework by improving the guide model G
through fine-tuning from a pretrained language
model. However, it inherits a key limitation of
VALID: certification relies solely on the response
y, without access to the input prompt x. Conse-
quently, G evaluates responses in isolation, lacking
contextual awareness of the query that generated
them. This can lead to incorrect acceptance of out-
of-domain responses that are individually plausible
but inappropriate given the prompt (Emde et al.,
2025). For instance, the response “Once a year” is
valid for the tax-related prompt “How often is a tax
report due?” but would be erroneous—and poten-
tially harmful—if generated in response to “How
often should I shower?”. While this issue stems
from the context-agnostic design of the certification
mechanism rather than the quality of G, it may be
partially mitigated by fine-tuning the base model L
to produce more explicit, self-contained responses
that incorporate key elements of the prompt (e.g.,
mentioning “shower” in the answer). Nonetheless,
a truly context-aware certification framework re-
mains an important direction for future work.
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A VALID Algorithm

The pseudocode for the VALID algorithm at infer-
ence time is shown in Algorithm 1.

Algorithm 1 VALID
Require: LLM L, Guide model G, hyperparame-

ters k and T , prompt x
1: for t ∈ {1, . . . , T} do
2: Sample y ∼ L(· | x)
3: Ny ← length(y)

4: if
logL(y | x)

G(y)
≤ kNy then

5: return y
6: end if
7: end for
8: return “Abstained”

B Preprocessing for Training Data

The in-domain samples (medical QA pairs) are
sourced from PubMedQA (Jin et al., 2019), consis-
tent with (Emde et al., 2025). The dataset contains
200k QA pairs. We use random subset of 20k QA
pairs for training.

Therefore, we construct a more comprehensive
OOD dataset by selecting subsets from three differ-
ent datasets, ensuring that our model are exposed
to a wider range of topics and question formats.
Examples from these datasets are provided in Table
4.1.

• SQuAD (Rajpurkar et al., 2016): The dataset
consists of context passages, questions, and
short answers covering a wide range of top-
ics. The questions were posed by crowdwork-
ers based on Wikipedia articles. However,
the answers to each question is a span of
text taken directly from the associated con-
text passages. Following the approach in the
VALID paper, we remove topics related to
the medical domain to ensure they can serve
as the true OOD samples. Additionally, as
also suggested by the VALID paper, we filter
out responses shorter than 10 tokens to retain
only sufficiently informative answers. After
these preprocessing steps, the dataset is re-
duced from 98.2k (training and validation set)
samples to 5.8k.

• ShareGPT (RyokoAI, 2023) : The dataset
include both real user prompts and response
from OpenAI’s ChatGPT (OpenAI, 2023).
Since the data is presented in conversational
format, we only use the first prompt response
pair from each conversation. Unlike SQuAD,
which simply require to selecting an answer
span from a given context which making the
task more deterministic, this dataset requires
generating answers from scratch based on
open ended prompts, introducing more vari-
ability and complexity. Additionally, we re-
move incomplete conversations during the pre-
processing. From the cleaned data, we select
a subset of 6.8k entries for training in our ex-
periments.

• Megpie-Llama-3.1(Xu et al., 2024b): This
dataset is generated using Magpie framework
(Xu et al., 2024a), produced by LLaMA 3.1
70B Instruct (Meta AI, 2024), making the
dataset fully synthetic. Each entry includes
an instruction and a corresponding response.
We could observe that some samples clearly
fall within the medical domain, to address this,
we applied the model from the VALID paper
to filter out medical related entries. However,
some may still remain due to limitations in
the filtering process.

The final combined OOD training data contains
20k samples. The same preprocessing approach is
used to curate the validation and test sets.

C Details of the Training Settings

We will publicly release all the experiment code in
Camera Ready.

Training Configuration. We employ Quantized
Low-Rank Adaptation (QLoRA) (Dettmers et al.,
2023) to fine-tune G, significantly reducing mem-
ory footprint and computational cost. Under this
setup, only approximately 5.6 million parameters
are trained. Optimization is performed using the
AdamW algorithm (Loshchilov and Hutter, 2017)
with linear learning rate decay. Batch sizes are
selected to maximize GPU utilization without com-
promising stability. All other hyperparameters fol-
low standard practices for LLM finetuning and are
fully specified in Appendix C.

Hardware. The experiments were conducted on
Nvidia A100 GPU with 40GB vRAM. All models
are trained within 24 hours.
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Hyper-parameters. Table 5 shows the relevant
hyper-parameters used in our experiments.

Hyerparameter BC GA NPO DPO
Learning Rate 1e-5 1e-5 1e-5 1e-5

Batch Size 8 8 8 8
Gradient Acc. 4 4 4 4

Epoch 2 1 5 5
Weight Decay 0.01 0.01 0.01 0.01

Warmup 500 (steps) 0.1 (ratio) 0.1 0.1
LR Scheduler linear linear linear linear

Beta / / 0.1 0.1

Table 5: Hyperparameter settings for models

D Inconsistent Data Scaling of VALID

We observe in Table 6 and 7 that the VALID’s per-
formance does not scale monotonically with the
increase of training data sizes from 5k to 200k. We
hypothesize that this is because VALID requires
training a language model from scratch, which de-
mands substantially more data to realize consistent
improvements.

E Visualization of Log-Likelihoods

Figure 2 visualizes the Log likelihood of in-domain
and out-of-domain samples for six models evalu-
ated on ground truth test samples. PRISM models
are able to achieve better separation between the
two categories of responses.

F Experiment on Additional OOD Data

F.1 Math questions
When analyze the false positive samples (i.e.,
OOD samples classified as ID), We find that the
VALID(200k) model frequently misclassifies cer-
tain math related OOD samples as ID. To investi-
gate this further, we constructed a new OOD test set
of 900 samples consisting entirely of math related
questions. The results are shown in Table 8.

The PRISM models successfully classify the
math questions as OOD. The lowest F1 score
among them is 0.996 from DPO, which is 0.059
higher than the VALID(200k) model. Furthermore,
the PRISM-BC model again achieves perfect detec-
tion, with 0.0 FPR, 1.0 TPR, and an F1 score of 1.
From Figure 3 (b), we see that, except for DPO, all
other proposed models achieve near zero FPR (0.0
for binary classification, 0.01 for NPO, and 0.02
for GA) at a bound of 10−20. In fact, the binary
classification model could likely to provide a bound
much tighter than 10−20 while maintaining an FPR
of 0, given its perfect classification performance.

F.2 Math Questions with Medical Framing
This experiment extends the evaluation on math
OOD data by embedding math problems within
medical narratives. The goal is to assess whether
contextual framing—specifically, presenting arith-
metic or quantitative questions as part of a med-
ical scenario—can compromise the model’s abil-
ity to recognize and reject out-of-domain content.
To construct the test set, we prompted LLaMA-3-
8B-Instruct to generate 100 math questions dis-
guised as medical stories (e.g., dosage calcula-
tions framed as clinical vignettes). This setup tests
whether stylistic alignment with the medical do-
main enables otherwise out-of-domain mathemati-
cal queries to bypass domain certification.

From Table 9, we can clearly see that the
VALID(200k) model and its variants are easily
tricked by this dataset, with the VALID(200k)
model achieving F1 score of 0.482, the highest
among the variants. The VALID(20k) has the low-
est F1 score with 0.374. This means they could
easily waste resources on solving large amount of
math problems.

The PRISM models perform very well on this
task, with the binary classification model again
achieving perfect detection, followed by GA with
a F1 score of 0.971. Figure 4(b) further shows that
the VALID(200k) model is not able to give out a
valid bound when the FPR is below 0.3, whereas
GA and binary classification both achieve a 10−20

domain bound with near zero FPR.

G Experiment Results for T > 1

he experimental results for settings with T > 1 are
shown in Figures 5, 6, 7, 8, and 9. The relative per-
formance of the methods remains consistent with
the main findings for T = 1. As expected, for a
fixed threshold k, the false positive rate decreases
as T increases—this occurs because requests re-
jected in an earlier iteration may be accepted in
subsequent iterations. Empirically, the choice of T
has little effect on the tightness of the certification
bound ϵ. In practical applications, T should be set
as large as possible, subject to latency constraints.

H Domain Generalization Analysis

To investigate the transferability of our method
to domains characterized by subjective content or
fuzzy boundaries, we extended our evaluation be-
yond the factual nature of Medical QA. Specif-
ically, we conducted experiments on the Shake-
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K FPR TPR F1 Median CR AUC
VALID(5k) 8.4 0.024 0.958 0.966 162.02 0.995
VALID(10k) 7.6 0.028 0.968 0.969 195.56 0.996
VALID(15k) 7.3 0.024 0.966 0.971 177.44 0.996
VALID(20k) 6.9 0.041 0.964 0.962 182.89 0.995
VALID(200k) 4.8 0.027 0.924 0.947 155.46 0.990

Table 6: Results for VALID models evaluated on ground truth responses.

K FPR TPR F1 Median CR AUC
VALID(5k) 7.8 0.077 0.882 0.899 231.87 0.948
VALID(10k) 7.1 0.074 0.897 0.909 251.18 0.959
VALID(15k) 6.6 0.070 0.907 0.916 263.54 0.966
VALID(20k) 6.2 0.087 0.914 0.912 270.06 0.964
VALID(200k) 3.7 0.094 0.905 0.904 264.02 0.959

Table 7: Results for VALID models evaluated on generated responses from LLaMA 3-8B Instruct.

speare dataset, adhering to the experimental pro-
tocols established in VALID (Emde et al., 2025).
This dataset represents a significant shift in distri-
bution, moving from objective medical facts to a
creative and stylistic domain.

The results, summarized in Table 10, confirm
that our main conclusions hold in this new setting.
Both PRISM-BC and PRISM-GA demonstrate su-
perior performance compared to baselines. No-
tably, PRISM-BC achieves perfect performance
with an F1 score of 1.0. Furthermore, PRISM-
GA yields a significantly higher Median Constric-
tion Ratio (CR) compared to the VALID baseline
(14061.69 vs. 206.33), confirming that PRISM’s
robustness transfers effectively to non-factual do-
mains.

I Sensitivity Analysis of Alignment
Algorithms

To better understand the behavior of PRISM-DPO
and PRISM-NPO, we performed a sensitivity anal-
ysis on the regularization parameter β. The results,
presented in Table 11, reveal a fundamental trade-
off between detection performance (FPR/TPR) and
certified robustness (Median CR).
Trade-off between Detection and Robustness.
As shown in Table 11, the choice of β significantly
impacts the certification bounds:

• Low Regularization (β → 0): Decreasing β
(e.g., to 0.001) relaxes the constraint imposed
by the reference policy. This allows the model
to achieve a significantly tighter certification
bound, evidenced by a substantial increase in

Median CR (892.22). However, this comes at
the cost of detection stability, resulting in a
slightly higher False Positive Rate (FPR).

• High Regularization (Larger β): At β = 0.1
(the setting used in our main experiments),
we observe the optimal balance for detection,
achieving the highest F1 score of 0.979. How-
ever, the Median CR is comparatively lower
(47.60).

Interpretation. This analysis clarifies the perfor-
mance characteristics of DPO/NPO in a certifica-
tion context. While Direct Preference Optimization
excels at general alignment, the reference policy
acts as a constraint during certification. Lowering
β loosens this constraint, improving the theoret-
ical bound (CR) but destabilizing the empirical
detection boundary. This suggests that standard
alignment success metrics do not strictly correlate
with certification success, necessitating careful hy-
perparameter tuning based on the desired trade-off
between strict robustness bounds and empirical de-
tection accuracy.

J Robustness to Guide Model
Architecture

To demonstrate that PRISM is not reliant on a spe-
cific model family or parameter size, we evaluated
the robustness of our approach using an alterna-
tive guide model. We replaced the LLaMA-3.2-1B
guide used in our main experiments with Qwen3-
0.6B. This allows us to assess performance on a
distinct non-LLaMA architecture with significantly
fewer parameters.
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(a) Naive LLaMA (b) VALID(200k) (c) binary classification

(d) Gradient ascent (e) NPO (f) DPO

Figure 2: Log likelihood Ratio for six models evaluated on ground truth test samples.

K FPR TPR F1 median CR AUC
LLaMA 0.0 1.0 1.0 0.643 46.59 0.063

VALID(5k) 8.0 0.048 0.956 0.951 69.26 0.987
VALID(10k) 7.6 0.028 0.955 0.962 70.90 0.993
VALID(15k) 7.0 0.053 0.969 0.956 77.47 0.992
VALID(20k) 6.7 0.056 0.957 0.948 70.50 0.988

VALID(200k) 4.3 0.064 0.943 0.937 70.23 0.982
NPO 9.9 0.001 1.0 0.999 160.53 0.999
DPO 7.4 0.004 0.997 0.996 55.41 1.0

Binary classification -1.1 0.001 1.0 0.999 1326.73 1.0
GA 149.2 0.0 0.999 0.999 710.10 1.0

Table 8: Results for models evaluated on math OOD dataset. The optimal threshold k is chosen based on the
Youden’s J statistic.

We repeated the experiments for PRISM-BC and
PRISM-GA using this smaller guide model. The re-
sults, summarized in Table 12, show that the Qwen-
based guide achieves similarly strong performance
to the LLaMA-based guide:

• PRISM-BC maintains near-perfect detection
with an F1 score > 0.999 and a negligible
False Positive Rate (1.10× 10−5).

• PRISM-GA maintains a very high Median
Constriction Ratio (CR) of 25, 830.55.

These findings confirm that PRISM is robust to the
choice of guide model and functions effectively
even with smaller, highly efficient architectures
(≈ 0.6B parameters).
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(a) (b)

Figure 3: The required FPR to reach a given domain certification bound ϵ under different model configurations for
math dataset. (a) the results for the VALID(200k) model alongside variants trained using the same algorithm but on
reduced training sets. (b) a comparison between the VALID(200k) model and our four proposed models

K FPR TPR F1 median CR AUC
Naive LLaMA 0.0 1.0 1.0 0.17 43.46 0.060

VALID(5k) 6.8 0.316 0.98 0.381 54.18 0.914
VALID(10k) 6.4 0.228 0.94 0.445 44.17 0.922
VALID(15k) 5.9 0.236 0.92 0.430 43.63 0.909
VALID(20k) 5.5 0.283 0.88 0.374 42.36 0.876
VALID(200k) 3.6 0.171 0.86 0.482 33.60 0.914

NPO 4.8 0.025 0.99 0.884 152.8 0.997
DPO 5.4 0.043 0.99 0.818 42.00 0.996

Binary classification 12.8 0.0 1.0 1.0 444.20 1.0
GA 98.5 0.06 1.0 0.971 2791.57 1.0

Table 9: Results for models evaluated on Math Medical OOD dataset. The optimal threshold k is chosen based on
the Youden’s J statistic.

Table 10: Performance Comparison on the Shakespeare
Dataset. Best results are highlighted in bold.

Method FPR ↓ TPR ↑ F1 ↑ Median CR ↑
VALID (Emde et al., 2025) 0.014 0.952 0.968 206.33

PRISM-NPO 0.007 0.966 0.979 42.59
PRISM-DPO 0.021 0.945 0.961 37.76
PRISM-BC 0.000 1.000 1.000 2078.88
PRISM-GA 0.000 0.993 0.997 14061.69

Table 11: Impact of the regularization parameter β on
PRISM-DPO (Medical Scenario). The setting used in
the main experiments is β = 0.1.

β FPR ↓ TPR ↑ F1 ↑ Median CR ↑
0.001 0.037 0.992 0.978 892.22
0.01 0.056 0.996 0.971 805.86
0.1 0.016 0.975 0.979 47.60
0.5 0.158 0.785 0.808 8.85

Table 12: Performance with Qwen3-0.6B Guide Model.

Method K FPR ↓ TPR ↑ F1 ↑ Median CR ↑
PRISM-BC -1.10 0.001 1.000 0.999 54,579.89
PRISM-GA 5.6 0.104 0.984 0.943 25,830.55
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(a) (b)

Figure 4: The required FPR to reach a given domain certification bound ϵ under different model configurations
for math in medical story dataset. Figure 4.3(a) shows the results for the VALID(200k) model alongside variants
trained using the same algorithm but on reduced training sets. Figure 4.3(b) presents a comparison between the
VALID(200k) model and our four proposed models

(a) (b)

Figure 5: VALID(200k)’s performance on various T levels. The FPR and ϵ bounds are plotted against the cutoff
level k.

(a) (b)

Figure 6: PRISM-GA’s performance on various T levels. The FPR and ϵ bounds are plotted against the cutoff level
k.
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(a) (b)

Figure 7: PRISM-DPO’s performance on various T levels. The FPR and ϵ bounds are plotted against the cutoff
level k.

(a) (b)

Figure 8: PRISM-NPO’s performance on various T levels. The FPR and ϵ bounds are plotted against the cutoff
level k.

(a) (b)

Figure 9: PRIMS-BC’s performance on various T levels. The FPR and ϵ bounds are plotted against the cutoff level
k.
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