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Abstract

Retrieval-augmented generation (RAG) systems require reliable abstention mecha-
nisms to avoid generating harmful responses, particularly in safety-critical domains
such as women’s health where incorrect answers can lead to serious consequences.
However, existing confidence estimation approaches often fail to provide adequate
safety guarantees for pre-generation decision making. We introduce the Margin-
Structured Energy-Based Model (MS-EBM), a framework that learns smooth energy
landscapes over dense semantic representations of guideline-derived questions,
enabling systems to make principled abstention decisions before generation occurs.
Using identical in-batch negatives for training and validation, we evaluate MS-
EBM against softmax-based confidence estimation and non-parametric baselines
including k-NN, ODIN, and Mahalanobis distance across three out-of-distribution
scenarios: Hard, Easy, and Mixed splits. Results demonstrate substantial improve-
ments in abstention quality, with MS-EBM achieving AUROC scores of 0.946,
0.977, and 0.961 on Hard, Easy, and Mixed splits respectively, compared to 0.895,
0.937, and 0.916 for softmax baselines. The model also significantly reduces false
positive rates, achieving FPR@95TPR of 41.3% versus 69.4% on Hard splits. Com-
prehensive ablation studies reveal that heterogeneous negative sampling, combining
both hard and easy negatives, proves essential for robust out-of-distribution gener-
alisation, while curriculum design shows minimal impact once diverse negatives
are included. Analysis through risk-coverage curves and energy-gap distributions
confirms that MS-EBM’s scoring provides more reliable confidence signals than
probability-based approaches, offering a scalable and interpretable foundation for
building safer RAG systems.

1 Introduction

Large language models (LLMs) coupled with retrieval-augmented generation (RAG) Lewis et al.
[2020] are being piloted for clinical decision support Thirunavukarasu et al. [2023], Nori et al. [2023],
Moor et al. [2023], He et al. [2025b]. They can synthesise guidance across large corpora, yet they
also generate fluent errors when inputs fall outside scope or when retrieved evidence is sparse or
misleading Ji et al. [2023], Huang et al. [2025]. In safety-critical care, such failures erode trust and
can cause harm Miotto et al. [2022]. Robust abstention is therefore a first-order requirement Chow
[1970], Geifman and El-Yaniv [2017], Liu et al. [2020], Kamath et al. [2020], Wen et al. [2025]:
the system should recognise when not to answer and instead expand retrieval, escalate, or defer to a
human expert.
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RAG is particularly promising where the knowledge corpus can be strictly controlled. In healthcare,
evidence-based guidelines, drug formularies, and institution-specific protocols can be curated, ver-
sioned, and indexed so that generation is constrained to cited sources with known provenance and
update cycles Singhal et al. [2023], Xiong et al. [2025]. This limits reliance on memorised web text,
reduces parametric drift, enables auditability, and supports time-bounded answers Bommasani et al.
[2021]. In women’s health, for example, authoritative guidance from bodies such as Royal College
of Obstetricians and Gynaecologists (RCOG), National Institute for Health and Care Excellence
(NICE), and World Health Orgnaisation (WHO) can anchor responses to accepted standards of care.
Nevertheless, reliability depends on recall and scope: if relevant material is not retrieved or the
query falls outside the indexed corpus, the model may generalise beyond evidential support He et al.
[2025a]. In these settings, abstention and explicit self-assessment of evidential sufficiency are critical
Kadavath et al. [2022], Asai et al. [2024].

In healthcare applications, two distinct classes of query could trigger abstention:

• (i) Domain-irrelevant prompts that fall outside healthcare expertise, for example questions
related to finance or economics, where the correct behaviour is immediate redirection; and

• (ii) Domain-relevant but out-of-scope queries relative to the model’s training or validation,
such as applying pregnancy-specific diabetes or hypertension protocols to non-pregnant
adults, paediatric gynaecology when training covered only adult care, oncological queries
requiring therapies, dosing, or trial evidence not present in the corpus, site-specific policies
absent from the training data, or modality shifts such as image-first triage when the model
was trained only on text. These near-distribution queries are hazardous because they
are semantically close to in-scope content and can elicit persuasive but unsafe answers
Hendrycks et al. [2022], Li et al. [2025].

Abstention should be the default unless retrieved evidence is sufficiently specific and in-distribution
(ID). To address this we experimented a margin-structured abstention framework built on energy-
based modelling. Our method combines a novel loss function with a semi-structured negative
sampling strategy to explicitly separate in-domain (ID) queries from both trivial irrelevancies and
clinically plausible confusables. The resulting energy scores provide calibrated abstention decisions
that are robust in the challenging regime of near-distribution OOD queries (as discussed in category
(ii) Domain-relevant but out-of-scope queries above).

Our contributions are threefold:

1. Margin-structured abstention for medical RAG: We introduce the Margin-Structured
Energy-Based Model (MS-EBM), a dual-head framework trained with the Energy-Calibrated
Semi-Contrastive Triplet Loss (EC-SCTL). This novel loss combines similarity and energy
margins with auxiliary hinges, jointly optimised under a semi-structured negative sampling
strategy. The resulting pre-generation abstention layer is model-agnostic and consistently
outperforms probability- and density-based baselines on hard, safety-critical queries.

2. Fair hard-case benchmarking: We evaluate on easy, hard, and mixed OOD splits under
corrected methodology, showing that while non-parametric baselines like kNN excel on
easy OOD, our MS-EBM is substantially more robust on safety-critical hard queries where
simple density methods collapse. This benchmark design highlights the conditions where
density or probability-based confidence suffices and where structured energy separation is
required.

3. Ablation-driven insights: We showcase the robustness arising from the synergy between
heterogeneous negative exposure (easy, mid-range, and hard negatives) and margin-based
energy shaping. This provides methodological guidance for abstention-aware RAG in
safety-critical domains such as women’s health.

2 Related work

Prior work in women’s health underscores the need for principled abstention Draelos et al. [2025]. In
a head-to-head evaluation with questions from the UK RCOG, ChatGPT achieved moderate accuracy
on basic science but only coin-toss performance on clinical reasoning, while often expressing
high confidence irrespective of correctness, indicating unreliable self-assessment Bachmann et al.
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[2024]. Meaning-level uncertainty signals (for example semantic entropy) offer a more discriminative
path: semantic entropy outperformed perplexity for identifying unreliable outputs on obstetrics and
gynaecology questions, and achieved expert-validated discrimination approaching ceiling, supporting
the value of pre-generation uncertainty checks and deferral mechanisms Penny-Dimri et al. [2025].
However, computing semantic entropy typically requires first generating multiple candidate responses
to estimate the meaning distribution, which adds latency and compute cost.

Foundational work on abstention frames the problem as a reject option in statistical decision theory,
and selective prediction formalises the coverage–risk trade-off with standard risk–coverage evaluation
Chow [1970], El-Yaniv and Wiener [2010], Geifman and El-Yaniv [2017, 2019]. Post-hoc calibration
and conformal prediction can support abstention, although they do not shape the representation
space during training Guo et al. [2017], Angelopoulos and Bates [2021], Kumar et al. [2019].
Out-of-distribution (OOD) detection methods include maximum softmax probability, ODIN, and
Mahalanobis distance, with surveys detailing pitfalls and best practice Hendrycks and Gimpel [2017],
Liang et al. [2018], Lee et al. [2018], Mohseni et al. [2020], Yang et al. [2024], Fort et al. [2021].
Energy-based models interpret predictions via an energy landscape in which in-distribution samples
receive low energy, and explicit energy training has improved OOD detection; margin-based and
contrastive variants further shape the energy function LeCun et al. [2006], Grathwohl et al. [2020],
Liu et al. [2020], Wang et al. [2022].

In RAG, conditioning on retrieved passages improves factuality, yet systems can still over-commit
on OOD inputs. Prior work explores selective QA, self-evaluation, and retrieval-aware abstention
Lewis et al. [2020], Kamath et al. [2020], Kadavath et al. [2022], Asai et al. [2024], Margatina et al.
[2023]. Self-evaluation methods typically rely on the LLM to generate candidate answers or partial
generations before abstaining, which adds latency and couples abstention to the model’s parametric
behaviour Kadavath et al. [2022], Li et al. [2022]. Self-RAG, for instance, trains a critic to decide
whether retrieval is sufficient only after generation has begun Asai et al. [2024].

Contrastive learning, where a model is trained to distinguish between similar and dissimilar pairs of
data, benefits from informative negative mining, widely studied in metric learning and dense retrieval
Schroff et al. [2015], Wu et al. [2018], Hermans et al. [2017], Karpukhin et al. [2020], Xiong et al.
[2021], Robinson et al. [2021]. For medical QA, integrating external corpora helps calibrate a broad
not-our-domain boundary; common OOD pools include MedMCQA and SQuAD Rajpurkar et al.
[2018], Mutabazi et al. [2021], Pal et al. [2022], Rajpurkar et al. [2016]. Non-parametric scores such
as the kth-neighbour similarity also provide strong abstention baselines when thresholds are fixed on
validation and reused at test Sun et al. [2022], Berthelot et al. [2019], Hendrycks and Gimpel [2017],
Liang et al. [2018], Liu et al. [2020], Ren et al. [2019].

Advancing existing literature, our approach inserts an abstention layer entirely before generation.
The energy-based abstainer operates directly over dense embeddings of the query, using a smooth
energy landscape with controlled negative exposure (hard, easy, and mixed ablations) to separate
in-distribution from near-domain confusables. Low-energy queries proceed to generation, while high-
energy queries trigger abstention or escalation, enabling a model-agnostic, pre-generation abstention
layer that integrates with any RAG pipeline.

3 Methods

3.1 Data Preparation

We used four main sources of data: (1) in-domain anchor questions, derived from a corpus of
best-practice clinical guidelines (see Appendix A1 Table 4 for a excerpt of the guidelines used for the
corpus creation ) in obstetrics and gynaecology curated by clinicians. Questions were generated from
this corpus using ChatGPT-4o, with a subset subsequently validated by the clinical team. From this
pool, we selected a representative set of 100K anchors using TF–IDF features and MiniBatchKMeans
clustering. (2) hard negatives, synthetically generated with a controlled prompt that preserved the
original question’s structure and intent (e.g., diagnosis, management, screening) while substituting
obstetrics/gynaecology terms with analogues from other specialties (e.g., uterus → prostate, CA-125
→ PSA), thereby producing medically plausible but domain-shifted confounders; (3) external OOD
examples, drawn from publicly available datasets, including the MedMCQA multi-subject medical
QA dataset Pal et al. [2022] and the Stanford Question Answering Dataset (SQuAD) Rajpurkar
et al. [2016]; and (4) a reserve in-domain corpus used for mid-range negative sampling. All texts
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Figure 1: Training and inference pipeline of MS-EBM with semi-structured negative sampling and
EC-SCTL loss

were embedded using the BAAI/bge-m3 encoder Chen et al. [2024] and L2-normalised to ensure
consistent cosine similarity across the corpus.

3.2 Positive and Negative Pair Generation

For each anchor question, the positive was selected using reciprocal-nearest-neighbour (RNN)
filtering, retaining a pair only if each was the other’s top-1 neighbour under cosine similarity.
This strict reciprocity ensured semantically aligned positives while removing duplicates and one-
sided matches Jarvis and Patrick [1973]. Mid-range negatives were drawn from similarity bands
excluded if trivially easy or excessively hard to maintain a balance between informativeness and
diversity. Hard negatives were defined as confusable examples, i.e., semantically close but clinically
misleading text. These were generated using the prompt-based procedure described above with the
google/medgemma-4b-it model Sellergren et al. [2025], pairing each anchor with one such hard
negative to guarantee consistent coverage of confusing samples across splits.

In addition, we constructed an external OOD pool consisting of MedMCQA and SQuAD queries.
Sampling from this pool during training encouraged the model to assign higher energy to irrelevant
samples, directly improving abstention behaviour. Each training tuple therefore contained an anchor,
its RNN-filtered positive, one MedGEMMA-derived hard negative, optional mid-range negatives,
and OOD negatives. Since the number of negatives varied across anchors, tuples were padded and
masked to enable efficient batch operations.

3.3 Model Architecture

Our model MS-EBM(see Figure 1), adopts a dual-branch design that combines a shared representation
space with two task-specific scoring heads. A projector network first maps the 1024-dimensional
input embeddings (pre-computed using BAAI/bge-m3) into a 256-dimensional latent space. The
projector consists of two fully connected layers (1024 → 512 → 256), with a GELU activation on
the hidden layer, followed by L2 normalisation of the output vector. This normalisation ensures that
similarity comparisons are stable and that vector norms do not dominate the training objective.

On top of this shared latent space, we define two alternative heads:

• The energy head, a two-layer feedforward network (256 → 256 → 1) with GELU activation,
produces a scalar energy score for each input. Within the energy-based modelling framework,
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this score is optimised to separate in-domain anchors and positives from hard negatives,
mid-range negatives, and out-of-distribution (OOD) samples.

• The softmax head, a two-layer feedforward classifier (256 → 256 → 2) with GELU activa-
tion, outputs logits for binary classification between in-domain and out-of-domain classes.
This provides a probabilistic baseline against which the abstention-aware energy formulation
can be compared.

During training, the projector weights are shared across all tuple elements (anchor, positive, and
the various negative types). This ensures that all comparisons, whether cosine similarity, energy
difference, or classification margin, are carried out in a consistent representation space. Both heads
can thus be trained and evaluated fairly on identical embeddings, allowing for a direct comparison of
softmax versus MS-EBM abstention.

3.4 Semi-Structured Negative Sampling

Each training mini-batch provides a synchronised tuple (zA, zP , zHN ) for every anchor, where
the hard negative zHN is paired 1-to-1 with its anchor by construction. In addition, we form a
heterogeneous candidate pool of negatives per anchor by concatenating: (i) mid-range similarity
negatives and (ii) easy negatives, depending on the ablation configuration. To avoid leakage, these
samples exclude items already assigned to training, validation, or test splits.

From this pool, we draw exactly kmine negatives per anchor uniformly at random without replacement.
These sampled negatives are used in the loss via a LogSumExp aggregation over per-negative terms.
The projector parameters are shared across all tuple elements to ensure that similarity and energy are
computed in a single, consistent latent space.

This procedure guarantees (a) a deterministically paired hard negative for each anchor, and (b) a fixed,
fair exposure budget of kmine additional negatives per anchor drawn from a heterogeneous pool.

3.5 Loss Functions

Energy-Calibrated Semi-Contrastive Triplet Loss (EC-SCTL). For each anchor-positive pair
(zA, zP ), we use (i) its deterministically paired hard negative zHN , and (ii) K additional sampled
negatives zN drawn from the heterogeneous pool. The loss combines similarity and energy terms,
drawing on contrastive learning Schroff et al. [2015], Hermans et al. [2017], hard-negative mining
Wu et al. [2018], Karpukhin et al. [2020], and energy-based modelling Grathwohl et al. [2020], Liu
et al. [2020].

Cosine similarity enforces relative closeness of anchor and positive:

Lsim = softplusT

(
msim + cos(zA, zN )− cos(zA, zP )

)
,

softplusT (x) = T · log
(
1 + exp(x/T )

)
, T = softplus_temp.

The energy term encourages positives to have lower energy than negatives:

Lenergy = λ · softplusT (EP − EN +mE).

The K sampled negatives are aggregated with a LogSumExp:

Lcore =
1
T log

K∑
k=1

exp
(
T
(
Lsim,k + Lenergy,k

))
.

Here T interpolates between mean pooling (T → 0) and max pooling (T → ∞), allowing the model
to adapt between averaging across all negatives and focusing on the hardest ones.

Two auxiliary hinge terms stabilise training:

LOOD = softplusT

(
mOOD + E(zA)−max

j
E(zclean,j)

)
,

LHN = softplusT

(
mHN + E(zA)− E(zHN )

)
.
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Here zclean,j are the clean OOD negatives drawn from the external pool, and the hinge uses the hardest
one (highest energy).

The final objective is:

LEC-SCTL = Lcore + wOOD LOOD + wHN LHN.

Softmax baseline loss. The baseline classifier is trained with cross-entropy between in-domain
(y = 0) and OOD (y = 1) classes:

Lsoftmax = −
∑

c∈{0,1}

yc log pc,

pc = softmax(z)c.

3.6 Training and Evaluation Strategy

All models were trained under a consistent protocol to ensure fair comparison (see Table 3 in
Appendix for more details on key hyperparameters and settings). For both the MS-EBM and softmax
models, input embeddings were projected into a shared 256-dimensional latent space. Optimisation
used AdamW (Learning rate: 5 × 10−4, weight decay: 2 × 10−4 ) with cosine annealing over 20
epochs and batch size 1024. Each anchor was paired with its positive and a synchronised hard
negative, and further supplemented with kmine additional sampled negatives. This ensured that both
the energy and softmax heads were exposed to the same negatives per batch. Validation loss was
monitored throughout training, and the checkpoint with the lowest value was retained.

The k-NN baseline was built on the same pre-computed BGE-M3 embeddings, indexed with FAISS
[Douze et al., 2025] for cosine similarity, using k = 5 neighbours. For Energy–OOD (on the softmax
head), we compute the OOD score as

−T log
∑

exp

(
logitID
T

)
from the binary ID/OOD logits, tuning T on the validation split to minimise DetErr and then fixing
the threshold for test. For ODIN (temperature + embedding perturbation), we take a small step in the
input embedding space to increase the ID probability and score

1− Pr(ID | T )

on the perturbed input; (T, ε) are selected on validation (with ℓ∞ step and unit-norm re-normalisation)
and the resulting threshold is fixed for test. For Mahalanobis (single-class), we fit a Gaussian to
ID-train projector features z = projector(x) (with shrinkage), and use the squared Mahalanobis
distance

(z − µ)⊤Σ−1(z − µ)

as the OOD score; the decision threshold is chosen on validation to minimise DetErr and applied
unchanged at test.

Abstention thresholds were set on the validation split and then fixed for evaluation on the test set.
For softmax and non-parametric baselines, thresholds were chosen to minimise detection error or to
achieve 95% TPR. For the MS-EBM, we report results using raw energy scores without any post-hoc
calibration, in order to isolate the contribution of the energy head itself. We evaluate two operating
points: (i) the detection error threshold τDetErr, defined as

DetErr = 1
2

(
FPR(τ) + FNR(τ)

)
,

which minimises the average of false positive and false negative rates; and (ii) the τ95 threshold,
corresponding to the operating point closest to 95% TPR. For each method we report AUROC, AUPR,
the false positive rate at τ95 (FPR@95), and the detection error (DetErr) (see Appendix Table 2).

To assess design choices, we conducted ablations on the MS-EBM by varying negative exposure:
hard only, easy only, no hard, no easy, and all negatives. These controlled ablations
isolate the role of hard negatives in robustness to difficult queries.
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Table 1: Comparison of all methods under the full training configuration (Easy+Mid+Hard negatives).

Method Hard Mixed

AUROC FPR@95 AUROC FPR@95

MS-EBM 0.946 41.3 0.961 18.2
Softmax 0.895 69.4 0.916 68.9
kNN (k=5) 0.855 0.6 0.926 0.6
Energy–OOD 0.895 69.5 0.916 68.7
ODIN 0.895 69.4 0.916 68.9
Mahalanobis 0.903 49.7 0.951 33.2
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Figure 2: Energy–gap distributions (Hard and Mixed splits). MS-EBM shows clearer ID–OOD
separation.

4 Results

Table 1 reports AUROC and FPR@95 on the Hard and Mixed splits, focusing on the safety-critical
settings where near–domain confusions arise. Additional metrics (AUPR, DetErr) and results on
the Easy split are provided in the Appendix (see Table: 2 ).Our results suggest three main finding as
follows:

First, whenever training included hard negatives (all negatives, hard only, hard+easy), the
MS-EBM consistently achieved higher AUROC and lower FPR@95 than softmax on the hard-OOD
split. For example, in the full-data setting (all negs), AUROC improved from 0.895 (Softmax) to
0.946 (MS-EBM), while FPR@95 dropped from 69.4% to 41.3%. This shows that shaping the energy
landscape yields a more reliable abstention signal for near-domain confusables. In Figure 2 and 4,
the energy–gap distributions show that Softmax collapses near zero margin, while MS-EBM shifts
the entire distribution rightwards, yielding consistent separation between positives and negatives
across both Hard and Mixed splits.

Second, heterogeneous negatives were essential. When trained only on hard negatives (hard_only),
both models failed on clean OOD: AUROC fell below 0.80 and FPR@95 exceeded 97%. Adding
easy negatives (all_negs or hard+easy) restored strong performance (AUROC > 0.98, FPR@95
< 0.04), indicating that mixtures of hard and easy negatives are necessary to stabilise decision
boundaries.

Third, non-parametric baselines such as k-NN excelled on clean OOD but collapsed on hard OOD.
On easy OOD, k-NN achieved near-perfect AUROC (> 0.998) and very low DetErr (∼0.015),
outperforming parametric models. On mixed OOD it reached AUROC 0.926, but on hard OOD
AUROC dropped to 0.855 with DetErr above 0.42, showing that simple density fails against confusable
examples where the MS-EBM retained clear margins.

Ablations (see Table 2, Figures 4, and 5 in Appendix) further confirmed that robustness requires
both hard and easy negatives. Removing hard negatives (no hard, easy only) or easy negatives (no
easy) sharply degraded mixed-OOD performance. For instance, AUROC dropped from 0.961 (all
negs) to 0.708 (no hard) and 0.743 (no easy). This validates the design choice of pairing each
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Figure 3: Risk–coverage curves comparing Softmax and MS-EBM under the full training configura-
tion. Left: Hard split; Right: Mixed split. Lower selective risk at higher coverage indicates better
abstention.

anchor with a synchronised hard negative while sampling additional easy and mid-range negatives.
Risk-coverage curves (in Figure 3) show that the MS-EBM maintains lower selective risk across all
coverage levels and achieves a sharper separation between ID and OOD queries.

5 Discussion

Our results suggest that the experimented MS-EBM offers a more reliable abstention mechanism than
probability- or density-based approaches, especially on semantically hard, near-distribution queries.
By shaping the latent space to separate in-domain anchors from confusable negatives, our method
reduces over-commitment on unsafe cases.

Three implications follow. First, shaping the energy landscape provides a different abstention signal
than softmax probabilities Grathwohl et al. [2020], Liu et al. [2020]: it enforces structured separation
robust to near-distribution queries. Second, heterogeneous negatives are essential. Exposure to both
easy and hard cases allows the model to reject trivial irrelevancies while also distinguishing clinically
misleading confusions Wu et al. [2018], Karpukhin et al. [2020]. Third, non-parametric methods
such as kNN Hendrycks and Gimpel [2017], Sun et al. [2022] perform well on clean OOD but fail on
subtle semantic confusions, underscoring the value of parametric shaping.

These lessons are especially salient in healthcare, where overconfident errors carry direct clinical risks.
Evaluation of ChatGPT against RCOG exams found only moderate accuracy and coin-toss clinical
reasoning, with high confidence irrespective of correctness Bachmann et al. [2024]. Related work
such as self-evaluation Kadavath et al. [2022] and Self-RAG Asai et al. [2024] still operate during or
after generation, whereas our abstainer is model-agnostic and sits entirely before decoding. While
semantic entropy, also operating post generation, offers a stronger uncertainty signal Penny-Dimri
et al. [2025], it requires generating multiple outputs, adding latency. Our approach is complementary:
MS-EBM provides a fast, pre-generation filter, while semantic entropy can further refine borderline
situations that afford latency.

Compared to existing methods, MS-EBM requires no calibration, token-level likelihoods, or hand-
crafted safeguards. It scales to large corpora and remains robust to near-domain confusions. Method-
ologically, this work contributes an energy-based scoring head trained over dense embeddings, a
semi-structured negative sampling strategy, and corrected benchmarking that separates clean and hard
OOD. For medicine, it offers a practical abstention mechanism that reduces unsafe overconfidence.
For computer science, it establishes MS-EBM as a parametric alternative to perplexity, semantic
entropy, and softmax baselines, with ablation-driven insights into negative exposure(see Table 2,
Figures 2, and 3 in Appendix).
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Nonetheless, limitations remain. The dataset is synthetically generated and restricted to English
guideline-derived corpora, and synthetic hard negatives may not capture the full spectrum of real-
world clinical diversity or query noise such as typos, abbreviations, grammatical variation, and code-
switching. The abstention mechanism currently operates at the embedding level, without end-to-end
integration, and thresholds are static. Because anchors and hard negatives are synthetic/guideline-
derived, distributions may diverge from clinician queries; extending the negative pool to include
naturally perturbed queries could further improve robustness. In practice, thresholds should be
periodically re-established on a small validation set when guidelines or corpora change, with ongoing
monitoring of risk–coverage under rolling windows and scheduled refresh of hard negatives or light
fine-tuning to mitigate drift. Future work should extend to multilingual corpora, refine semi-hard
negative mining, evaluate in clinical workflows, and explore hybrid systems combining MS-EBM
with existing methods. Engagement with regulatory frameworks (e.g., EU AI Act, FDA) will also be
essential to formalise abstention as a safety mechanism.

6 Conclusion

We presented MS-EBM, a pre-generation abstention framework for retrieval-augmented question
answering that jointly learns similarity and energy margins within a shared latent space. Through
semi-structured negative sampling and explicit margin design, MS-EBM reliably separates in-domain
queries from confusable near-distribution and out-of-scope cases, providing a more dependable
abstention signal than probability- or density-based methods. As it operates entirely before generation,
the approach is model-agnostic and scalable, making it particularly suited for safety-critical domains
such as healthcare. Looking ahead, extending MS-EBM to multilingual corpora, refining adaptive
negative mining, and integrating clinician-in-the-loop evaluation will be important steps toward
deployment. Together, these advances chart a path toward retrieval-augmented systems that are
not only more accurate, but also demonstrably safer, fairer, and more trustworthy in real-world
deployment.
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Figure 4: Energy-gap distributions across all training configurations (columns) and evaluation splits
(rows). Softmax collapses near zero margins, leading to poor separation, while the MS-EBM shifts
distributions rightwards and maintains clearer gaps between ID and OOD. This demonstrates how
margin–structured training shapes the energy landscape, especially under hard and mixed OOD
settings.

Figure 5: Risk-coverage curves across training configurations (columns) and evaluation splits (rows).
Lower selective risk at higher coverage indicates better abstention. MS-EBM consistently achieves
lower risk than Softmax, particularly under hard and mixed OOD conditions, while performance
collapses when either easy or hard negatives are removed.
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Table 2: Complete results across training configurations. We report AUROC, AUPR, FPR@95
(%), and DetErr on Hard, Easy, and Mixed OOD splits for all methods. Compared to the main
paper’s focused comparison (Hard/Mixed), this table expands to show every ablation setting (full,
hard only, easy only, no hard, no easy). Results confirm that MS-EBM achieves the most
reliable abstention on hard OOD, while performance collapses when either easy or hard negatives are
removed.

Method Hard Easy Mixed

AUROC AUPR FPR@95 DetErr AUROC AUPR FPR@95 DetErr AUROC AUPR FPR@95 DetErr

Full training data
Softmax 0.895 0.922 69.4 0.147 0.937 0.963 69.7 0.064 0.916 0.944 68.9 0.110
MS-EBM 0.946 0.961 41.3 0.094 0.977 0.985 3.3 0.041 0.961 0.973 18.2 0.069
kNN (k=5) 0.855 0.832 0.6 0.429 0.998 0.999 0.6 0.015 0.926 0.936 0.6 0.221
Energy–OOD 0.895 0.922 69.5 0.169 0.937 0.963 69.3 0.064 0.916 0.944 68.7 0.117
ODIN 0.895 0.922 69.4 0.169 0.937 0.963 69.7 0.064 0.916 0.944 68.9 0.117
Mahalanobis 0.903 0.910 49.7 0.261 0.998 0.998 0.7 0.021 0.951 0.960 33.2 0.142

Hard negatives only
Softmax 0.983 0.986 10.6 0.061 0.862 0.841 47.0 0.218 0.924 0.930 36.6 0.164
MS-EBM 0.982 0.984 10.2 0.063 0.840 0.808 50.1 0.237 0.912 0.918 40.5 0.179
kNN (k=5) 0.855 0.832 0.6 0.429 0.998 0.999 0.6 0.015 0.926 0.936 0.6 0.221
Energy–OOD 0.983 0.986 10.7 0.141 0.862 0.842 46.9 0.219 0.924 0.930 36.4 0.179
ODIN 0.958 0.963 25.8 0.144 0.887 0.868 40.8 0.195 0.923 0.925 35.0 0.170
Mahalanobis 0.812 0.759 66.5 0.232 0.586 0.603 93.5 0.434 0.702 0.690 88.7 0.330

Easy negatives only
Softmax 0.678 0.650 82.2 0.366 1.000 1.000 0.1 0.006 0.840 0.874 70.6 0.239
MS-EBM 0.713 0.677 76.8 0.340 1.000 1.000 0.1 0.007 0.858 0.885 63.9 0.230
kNN (k=5) 0.855 0.832 0.6 0.429 0.998 0.999 0.6 0.015 0.926 0.936 0.6 0.221
Energy–OOD 0.678 0.650 82.1 0.494 1.000 1.000 0.1 0.006 0.840 0.874 70.7 0.250
ODIN 0.673 0.644 82.6 0.494 1.000 1.000 0.0 0.006 0.837 0.872 71.2 0.250
Mahalanobis 0.690 0.670 81.2 0.464 0.997 0.995 1.0 0.020 0.845 0.875 69.7 0.241

No hard negatives
Softmax 0.489 0.515 95.9 0.486 0.992 0.995 0.1 0.014 0.743 0.818 91.8 0.252
MS-EBM 0.415 0.501 98.8 0.467 0.997 0.998 0.1 0.008 0.708 0.808 96.9 0.242
kNN (k=5) 0.855 0.832 0.6 0.429 0.998 0.999 0.6 0.015 0.926 0.936 0.6 0.221
Energy–OOD 0.489 0.515 95.9 0.493 0.992 0.995 0.1 0.014 0.743 0.818 91.8 0.253
ODIN 0.489 0.515 95.9 0.493 0.992 0.995 0.1 0.014 0.743 0.818 91.8 0.253
Mahalanobis 0.663 0.624 81.5 0.495 0.999 0.999 0.2 0.013 0.833 0.868 69.7 0.253

No easy negatives
Softmax 0.916 0.943 67.8 0.116 0.126 0.336 100.0 0.498 0.522 0.696 100.0 0.312
MS-EBM 0.963 0.975 23.2 0.060 0.512 0.652 99.9 0.349 0.743 0.841 99.6 0.207
kNN (k=5) 0.855 0.832 0.6 0.429 0.998 0.999 0.6 0.015 0.926 0.936 0.6 0.221
Energy–OOD 0.916 0.943 68.0 0.147 0.126 0.336 100.0 0.498 0.522 0.695 100.0 0.323
ODIN 0.916 0.943 67.8 0.147 0.126 0.336 100.0 0.498 0.522 0.696 100.0 0.323
Mahalanobis 0.942 0.955 37.3 0.165 0.876 0.859 44.1 0.200 0.908 0.916 42.6 0.183

Table 3: Key hyperparameters and settings used across all experiments.

Item Value

Encoder BAAI/bge-m3 (frozen)
Projector 1024 → 512 → 256 (GELU), ℓ2-normalized outputs
Seed 7
Epochs 20
Batch size 1024
Learning rate 5e-4
Weight decay 2e-4
Negative mining (kmine) 10
msim 0.2
mE 1.0
mOOD 6.0, wOOD = 0.8
mHN 5.0, wHN = 0.8
Optimizer AdamW
k-NN baseline FAISS (cosine), k = 5, same BGE-M3 embeddings
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Table 4: An excerpt of women’s health guidelines and publications used to prepare the questions
corpus in this research. Note: The full list has been submitted as the supplementary material.

Title Synopsis Year Authors Publisher

Workplace-based
assessment: a new
approach to existing
tools

The article discusses the
implementation challenges and
revisions of workplace-based
assessment (WPBA) tools in obstetrics
and gynaecology, emphasizing the
distinction between formative and
summative assessments.

2014 William
Parry-Smith,
Ayesha Mahmud,
Alex Landau, et
al.

TOG

Contraceptive
methods and issues
around the
menopause: an
evidence update

The publication discusses recent
advances in contraceptive methods
available to perimenopausal women,
issues related to menopause, and the
integration of hormone replacement
therapy with contraception.

2017 Shagaf H Bakour,
Archana Hatti,
Susan Whalen

TOG

Twin and triplet
pregnancy

This guideline covers care for pregnant
women and pregnant people with a
twin or triplet pregnancy, aiming to
reduce complications and improve
outcomes.

2019 – NICE

Management of sickle
cell disease in
pregnancy. A British
Society for
Haematology
Guideline

This guideline describes the
management of sickle cell disease in
pregnancy, covering preconception,
antenatal, intrapartum, and postnatal
care, with updates on genetic diagnosis,
medication review, and antenatal care
recommendations.

2021 Eugene
Oteng-Ntim, Sue
Pavord, Richard
Howard, et al.

Br J Haematol

Inducing labour This guideline covers the
circumstances for inducing labour,
methods of induction, assessment,
monitoring, pain relief, and managing
complications to improve advice and
care for pregnant women considering
or undergoing induction of labour.

2021 – NICE

Saving Lives,
Improving Mothers’
Care State of the
Nation Report

The report presents surveillance
findings and lessons learned to inform
maternity care from the UK and Ireland
Confidential Enquiries into Maternal
Deaths, focusing on thrombosis,
thromboembolism, malignancy, ectopic
pregnancy, and the care of recent
migrants with language difficulties
from 2020–2022.

2024 MBRRACE-UK NPEU, Univ.
Oxford

Laparoscopy in
urogynaecology

This article discusses the advancements
and challenges in laparoscopic
urogynaecological surgery, focusing on
procedures for prolapse and stress
incontinence, and highlights the
importance of training and patient
choice.

2018 Rajvinder
Khasriya, Arvind
Vashisht, Alfred
Cutner

TOG

Failed hysteroscopy
and further
management
strategies

This article explores various methods
to overcome cervical stenosis in
hysteroscopy, highlighting techniques
such as pharmacological, mechanical,
hygroscopic, and ultrasound-guided
dilatation.

2016 Sophie Relph,
Tessa Lawton,
Mark Broadbent,
et al.

TOG
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