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Abstract

Hard-negative preference optimization should
improve support for ground-truth preferred re-
sponses while limiting drift from the reference
model. In Japanese medical instruction tuning,
we find that standard DPO and IPO improve
the preferred—dispreferred gap but can leave
preferred-response likelihood below the refer-
ence model and induce growing sequence-level
KL divergence. Motivated by this failure-mode
analysis, we propose a stabilized IPO objec-
tive that combines preferred-response anchor-
ing with explicit KL control. Ablations show
that positive anchoring improves preferred-
response support, while KL control suppresses
reference-model drift; their combination pre-
serves anchoring gains while further reducing
drift. These results suggest that reliable medi-
cal preference optimization benefits from both
preferred-response anchoring and drift control.

1 Introduction

In medical response generation, alignment must
improve factual reliability without eroding useful
behavior acquired during supervised fine-tuning
(SFT), because factual errors, unsafe recommenda-
tions, or excessive deviation from the SFT model
can make responses clinically unreliable (Singhal
et al., 2023, 2025).

Direct Preference Optimization (DPO) and Iden-
tity Preference Optimization (IPO) are repre-
sentative lightweight alternatives to the conven-
tional reinforcement learning from human feedback
(RLHF) pipeline (Ouyang et al., 2022; Rafailov
et al., 2023; Gheshlaghi Azar et al., 2024). In
medical instruction data, a natural way to target
remaining hard failures after SFT is to construct
preference pairs from prompts on which the SFT
model still produces insufficient responses, using
the ground-truth SFT response as the preferred
response and the model-generated insufficient re-
sponse as the dispreferred response. We refer

to this setting as hard-negative preference opti-
mization: preference optimization that targets diffi-
cult SFT samples on which an SFT-trained model
still fails, while preserving SFT-acquired behav-
ior. However, both the effectiveness and learning
stability of this setting remain unclear.

The instability of pairwise preference objectives
is related to a broader line of work showing that
DPO-style objectives can suffer from increased
out-of-distribution (OOD) actions (Xu et al., 2024)
and insufficient improvement of preferred-response
likelihood (Pang et al., 2024; Adler et al., 2024;
Liu et al., 2024). Existing stabilization strategies
include adding a negative log-likelihood (NLL)
loss on preferred responses, penalizing preferred
responses that fall below the initial model as in
DPO-Positive (DPOP) (Pal et al., 2024), and us-
ing finer-grained or token-level regularization (Cho
et al., 2025). Nevertheless, the learning dynamics
of pairwise objectives in hard-negative preference
optimization remain insufficiently characterized:
they may improve the preferred—dispreferred gap
while still failing to anchor the preferred response
relative to the reference model or to prevent unnec-
essary drift away from the reference model.

As shown in Fig. 1, we analyze DPO/IPO
training dynamics and develop IPOP+KL, a stabi-
lized IPO objective combining preferred-response
anchoring with explicit KL control.! The two
terms address complementary failures: under-
anchoring of the ground-truth preferred response
and reference-model drift not controlled by the
preferred—dispreferred gap.

We evaluate IPOP+KL in a 13B Japanese med-
ical SFT setting, with ablations, LLLM-as-a-judge
evaluation, a four-physician evaluation, and two
auxiliary medical SFT baselines. While our empiri-
cal evaluation focuses on Japanese medical instruc-

!Code is available at https://github.com/Kaz-K/
hard-negative-preference-optimization.
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Figure 1: Study overview. We construct hard-negative preference triples from Japanese medical SFT data, analyze
DPO/IPO failure modes, and propose IPOP+KL, which combines preferred-response anchoring with explicit KL
control. We evaluate it on internal hard-negative medical tasks and external IgakuQA in medical LLM settings.

tion following, it highlights a broader challenge
for preference-based alignment in knowledge-
intensive domains: improving preference gaps
while preserving preferred-response support and
limiting unnecessary reference-model drift. Our
primary contribution is a controlled failure-mode
analysis showing that preferred-response anchor-
ing and drift control address distinct problems in
hard-negative preference optimization.
Our contributions are threefold:

* We diagnose preferred-response under-
anchoring and reference-KL drift as
DPO/IPO failure modes in hard-negative
medical instruction tuning.

* We show that positive anchoring and KL con-
trol provide complementary stabilization.

* We improve response quality on hard medical
samples in a 13B Japanese medical SFT set-
ting, with robustness checks on two auxiliary
baselines and support from LLM-as-a-judge
and physician evaluations.

2 Related Work

LLM Alignment and Preference Optimization.
LLM alignment commonly starts with SFT and

then applies preference-based optimization. Clas-
sical RLHF trains a reward model and then opti-
mizes the policy with reinforcement learning under
reference-model regularization (Ziegler et al., 2020;
Stiennon et al., 2020; Ouyang et al., 2022). DPO
replaces this pipeline with a direct pairwise objec-
tive relative to a reference model (Rafailov et al.,
2023), while IPO fits a finite preferred—dispreferred
margin instead of continually enlarging the gap
(Gheshlaghi Azar et al., 2024). Related methods
such as ORPO, KTO, SimPO, and online prefer-
ence optimization explore alternative formulations
of preference-based alignment, with ORPO and
SimPO providing reference-free objectives (Hong
et al., 2024; Ethayarajh et al., 2024; Meng et al.,
2024; Calandriello et al., 2024).

Instability and Stabilization of Pairwise Pref-
erence Optimization. Recent studies show that
DPO-style objectives can suffer from distribution
shift, increased mass on OOD responses, and in-
sufficient improvement of preferred-response like-
lihood (Xu et al., 2024; Pal et al., 2024; Cho et al.,
2025; Fisch et al., 2025). Existing stabilization
strategies include adding supervised or preferred-
response likelihood terms (Pang et al., 2024; Adler
et al., 2024; Liu et al., 2024), DPOP, introduced in

15039



the Smaug work, which penalizes preferred-below-
reference behavior (Pal et al., 2024), Bounded-
DPO (BDPO), which bounds the influence of re-
jected responses (Cho et al., 2025), and token-level
DPO variants such as TDPO, which incorporates
forward-KL control (Zeng et al., 2024). Related
work has also examined the role of reference-policy
and KL regularization in offline preference opti-
mization (Tang et al., 2024; Liu et al., 2025).

Factuality Alignment and Medical Response
Correction. Factuality alignment is crucial in
medical response generation because a plausible
answer can be unacceptable if it contains factual
errors, unsafe recommendations, or missing clini-
cal caveats (Singhal et al., 2023, 2025). Prior work
improves medical or long-form factuality through
clinically aligned assistants, sentence-level supervi-
sion, uncertainty-aware evaluation, atomic prefer-
ences, and token-level regularization (Zhang et al.,
2025; Kawakami et al., 2025; Lyu et al., 2026;
Huang and Chen, 2024; Xue et al., 2025; Yuan
et al., 2025; Zeng et al., 2024; Zhou et al., 2025).
Another line performs post-hoc correction or edit-
based rewriting after generation (Peng et al., 2023;
Madaan et al., 2023; Balachandran et al., 2022;
Li and Flanigan, 2025; Ben Abacha et al., 2025;
Malmi et al., 2019; Mallinson et al., 2020).

Positioning of This Work. Rather than introduc-
ing another regularization primitive, we uncover
how pairwise objectives can fail in hard-negative
medical preference optimization: they may im-
prove the preferred—dispreferred gap while simul-
taneously under-supporting the preferred response
and drifting from the reference model. We show
that these two failure modes are distinct and require
complementary controls—preferred-response an-
choring and explicit KL regularization—and that
combining them yields more stable preference op-
timization. While our empirical evidence is drawn
from Japanese medical instruction following, the
analysis highlights a broader tension in preference-
based alignment between improving relative prefer-
ences and preserving reliable reference-grounded
behavior.

3 Method
3.1 Problem Setting

Given a medical prompt = from the SFT training
corpus and its ground-truth response 3+, we de-
fine a hard-negative sample as one for which an

SFT-trained model still produces an insufficient
response y~ after SFT. From each hard-negative
sample, we construct a preference pair (z,y™",y~),
using the ground-truth SFT response as preferred
and the insufficient model-generated response as
dispreferred. Our goal is to separate y ™ from 1y~
while preserving support for iy relative to the refer-
ence policy 7 and limiting unnecessary reference-
model drift.

3.2 Relative-Gap Formulation of Preference
Optimization

Let mg denote the reference policy and my the train-

able policy. For a response y = (y1, ..., yr) with

token mask m;, define

roy | 2) = 4 S0 mily,
ly =logmo(ys | w,y<i) —logmo(ye | =, y<t)-
ey
Here, Z, = ) ,m; when using average log-
probabilities. The pairwise reward gap is

ho(z,y™,y") =re(y™ | 2) —re(y™ | 2). ()

DPO and IPO both optimize the trainable policy
through this relative gap. Following DPO, we write
the pairwise loss as

ﬁDPO - —IOgU(ﬁ h@(m7y+7y_>) ) (3)

where 3 > 0 is the reference-regularization param-
eter that scales the log-ratio gap.

Following IPO, we write the finite-margin loss
as

1 2
ﬁIPO = <h9(x7y+7y) - 27_> ) (4)

where 7 > 0 determines the target margin 1/27.
Thus, DPO keeps encouraging a larger preferred—
dispreferred gap through the logistic loss, whereas
IPO fits a finite target gap. Because both objec-
tives depend only on hy(z,y ™,y ), they do not
directly constrain whether the preferred response
is improved relative to the reference model, nor
do they directly penalize drift that preserves this
pairwise score.

3.3 Why Pairwise Objectives Can Miss
Residual Drift

We next identify two limitations of relative-gap ob-
jectives. In the unnormalized sequence-probability
view, the pairwise gap can be written as

e + x
ho(, y+,y~) = log 28
og Tt l2) ©)
8 moly~la)-

15040



This sequence-level view shows that DPO and
IPO compare preferred and dispreferred responses
by their likelihood ratios relative to the reference
model, rather than by their absolute probabilities.

Limitation 1: lack of absolute anchoring. A fa-
vorable pairwise gap does not require the preferred
response to become more likely than it was under
the reference model. Equivalently, optimizing hg
does not require

ro(y* | x) > 0. (6)

Thus, the model can improve the preference gap
by decreasing the rejected response, even if the
preferred response remains under-anchored relative
to .

Limitation 2: residual-mass null direction.
The same relative-gap structure also leaves some
residual redistributions unconstrained. As an illus-
trative sequence-level example, divide the response
space into three parts: the preferred response 3™,
the dispreferred response y—, and all other contin-
uations. If both observed responses are scaled by
the same factor,

Ts(y | @) =sme(yt | 2),

7
roly~ | 7) = smoly™ | @), @

their ratio is unchanged, and therefore the pairwise
gap is unchanged. Especially when s < 1, the re-
moved probability mass can then be reassigned to
other continuations that have low probability under
the reference model, which can be viewed as an
OOD-like residual shift: residual mass can increase
and reference-model divergence can grow without
changing the DPO or IPO loss. Although the resid-
ual space is not directly observed in a finite prefer-
ence batch, this construction motivates adding an
explicit policy/reference deviation penalty on the
observed preference responses as a tractable drift-
control proxy. Appendix A.1 provides a detailed
mathematical explanation.

3.4 Stabilized IPO Objective

Motivated by the structural limitations of relative-
gap objectives, we build a stabilized objective on
IPO, whose finite-margin formulation avoids the
unbounded gap expansion encouraged by DPO. We
add two complementary terms: absolute preferred-
response anchoring and explicit sequence-level KL
control. The former discourages preferred-below-
reference solutions, while the latter penalizes drift
not controlled by the preferred—dispreferred gap.

To anchor the preferred response, we introduce
Lpos = max (0, —ro(y™ | x)) , )

which is active when the preferred response is be-
low the reference model in log-ratio reward, analo-
gous to the positive anchoring idea in DPOP (Pal
et al., 2024). We refer to IPO augmented with this
positive term as [IPOP:

»CIPOP = £IPO + )\posﬁpos- (9)

Here A,os controls the strength of preferred-
response anchoring.

As a tractable proxy for drift control, we add
a sequence-level forward-KL penalty over valid
preferred and dispreferred response sequences. For
each valid response token, define

6r = log mo(yt | #,y<t) — logmo(ys | =, y<t),
kt = exp((st) — 6t —1.
(10)
Following the k3 forward-KL estimator (Schulman,
2020), k; serves as a nonnegative token-level pol-
icy/reference divergence proxy. For each response
sequence Yy, we compute

1
oeal:y) = 5~ > mgky, (D)
t t

where m; masks valid response tokens. Let Bgeq
be the set of preferred and dispreferred response
sequences in a batch. The KL-control term is

Lxi, = )\KLL Z

Kseq(wv y):
[Brcal (,y)€Bseq

(12)

where Ak, controls the strength of KL regulariza-
tion. This term penalizes policy/reference diver-
gence on valid preference-response tokens. Addi-
tional details on token masking and sequence-level
aggregation are provided in Appendix A.2.

The final stabilized objective, IPOP+KL, is

Lipor+KL = Liropr + LKL (13)

Equivalently, it combines finite-margin preference
optimization, absolute preferred-response anchor-
ing, and explicit reference-model regularization in
a single objective.

We do not add an auxiliary NLL loss to this
objective, although such losses have been used
to stabilize DPO in prior work (Liu et al., 2024).
This choice isolates the effect of the proposed
preference-objective modifications.
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4 Experiments

We evaluate IPOP+KL in a main 13B
Japanese medical SFT setting and two
auxiliary medical SFT settings based on
mistralai/Mistral-Nemo-Base-2407> and

Qwen/Qwen3-4B-Base’. The main setting is used
for learning-dynamics analysis, ablations, and
response-quality evaluation; auxiliary settings test
response-quality robustness.

4.1 Main Experimental Setup

The main preference-learning experiment
starts from the publicly released 13B-
parameter Japanese medical reasoning LLM
SIP-jmed-11m-3-13b-0P-32k-R0.1;* we refer
to it as Med-13B hereafter. This model has already
undergone SFT on a large-scale Japanese medical
instruction-tuning corpus formatted with a thinking
section followed by the final answer. The SFT
corpus contains 1.44M examples, corresponding
to 2.79B training tokens,” and covers Japanese
medical QA, clinical reasoning, clinical-document
processing, medical translation, summarization,
and general instruction following. We provide
the category-level SFT corpus composition in
Appendix B.1. In our experiments, we use the
SFT-completed Med-13B checkpoint as both the
medical SFT baseline and the reference policy mg
for preference optimization.

4.2 Hard-Negative Preference Data
Construction

We construct preference pairs from the original
SFT training data. For each sampled SFT exam-
ple, we use the ground-truth SFT response as the
preferred response y+. To obtain candidate dis-
preferred responses, we generate responses with
temperature = 0.7 from four variants in the same
medical LLM family: the standard Med-13B model,
a weaker Med-13B variant trained on a smaller
SFT subset of roughly 0.4M examples and 1.1B
tokens, a weaker Med-8x13B variant trained on
the same SFT subset, and the standard Med-8x13B
model trained on the full SFT corpus, an 8x13B
mixture-of-experts variant from the same model

https://huggingface.co/mistralai/
Mistral-Nemo-Base-2407

3https://huggingface.co/Qwen/Qwen3—4B—Base

*https://huggingface.co/SIP-med-LLM/
SIP-jmed-11m-3-13b-0P-32k-R0.1

SThroughout this paper, token counts are computed using
the tokenizer of Med-13B

family. The full Med-8x13B model corresponds
to SIP-jmed-11m-3-8x13b-0P-32k-R0.1.% Us-
ing both standard and weaker variants increases
the diversity of generated errors while keeping the
prompts and response format close to the target
medical SFT distribution.

We score each generated response using
openai/gpt-oss-120b’, given the user query and
the ground-truth SFT response. The judge assigns
a 10-point score based on medical accuracy, con-
textual appropriateness, alignment with the ground-
truth response, and instruction following. For each
prompt, we select the generated response with the
lowest score among the four medical LLM fam-
ily candidates as the rejected response y~; in the
broad hard-negative analysis, generated responses
with a score below 8 are treated as insufficient. The
resulting preference triple is (z,y*,y ™), where y ™
is the ground-truth SFT response and y~ is the
insufficient model-generated response for a hard-
negative sample. We use the ground-truth SFT
response, rather than another sampled model re-
sponse, as y ' because even high-scoring model
generations may contain subtle factual errors, miss-
ing caveats, or unsupported claims. Appendix B.2
details the preference-data construction process and
score-threshold analysis.

4.3 Baselines, Comparisons, and Ablations

We compare the proposed objective with continued-
SFT and standard preference-optimization base-
lines. The continued-SFT baseline (cSFT) trains
only on the preferred ground-truth SFT responses
and does not use rejected responses. We also evalu-
ate cSFT+KL, which adds the same sequence-level
forward-KL penalty against the original SFT ref-
erence policy, to test whether reference regular-
ization alone is sufficient without pairwise pref-
erence learning. For preference optimization, we
compare DPO, DPOP, IPO, IPO+KL, IPOP, and
IPOP+KL. We report detailed hyperparameters, in-
cluding learning rate, batch size, and distributed
training settings, in Appendix C.1.

4.4 Auxiliary Base-Model Experiments

To test whether the response-quality trend ex-
tends beyond Med-13B, we conduct two auxil-
iary experiments using Mistral-Nemo-Base-2407
and Qwen3-4B-Base. Each base model is first

®https://huggingface.co/SIP-med-LLM/
SIP-jmed-11m-3-8x13b-0P-32k-R0. 1
"https://huggingface.co/openai/gpt-oss-120b
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instruction-tuned for two epochs on 300,000 exam-
ples randomly subsampled from the same Japanese
medical SFT corpus, and the resulting model is
used as both the initialization and reference policy
for preference learning. For tractability, we reuse
the preference-pair set mined with Med-13B rather
than re-mining hard negatives for each auxiliary
model. For each auxiliary baseline, we evaluate
cSFT, DPO, IPO, IPOP, and IPOP+KL using the
same preference-learning duration and objective-
level hyperparameters as in the main experiment
where applicable; auxiliary SFT and preference-
learning settings are reported in Appendix C.2 and
Appendix C.3, respectively.

4.5 Evaluation Protocol

We evaluate training behavior, internal response
quality, IgakuQA generalization, and physician
preferences.

4.5.1 Training Dynamics

We monitor pairwise preference accuracy, the re-
ward gap hy, preferred and dispreferred reward
means, and the sequence-level reference-KL proxy.
Detailed metric definitions are provided in Ap-
pendix D.1.

4.5.2 Internal Response-Quality Evaluation

We evaluate generated-response quality on 8,592
held-out hard-negative examples reserved from
the hard-negative candidate pool and not used for
preference-learning training. We conduct pair-
wise comparisons and 0-10 per-response scor-
ing using Qwen/Qwen3.5-397B-A17B-FP8 as the
judge. Dataset composition, judge prompts, and
inference settings are provided in Appendix D.2-
Appendix D.4.

4.5.3 External Response-Quality Evaluation

We use the IgakuQA benchmark (Kasai et al.,
2023), a Japanese medical licensing examination
dataset that is not included in the preference-
learning dataset, to evaluate external generaliza-
tion. We report multiple-choice answer accuracy
and pairwise free-form explanation-quality com-
parisons against the SFT baseline and among top
methods. As a supplementary sensitivity analysis,
we also repeat the main IgakuQA pairwise com-
parisons with google/gemini-2.5-flash. Addi-
tional details are provided in Appendix D.5.

4.5.4 Physician Evaluation and Agreement
with LLM Judges

Four physicians with 6-16 years of clinical expe-
rience compared anonymized, randomly ordered
IgakuQA responses from the reference model and
IPOP+KL. We used 20 shared questions to com-
pute Fleiss’ « and 30 non-overlapping questions
per physician to analyze aggregate preferences
over 120 judgments. To assess consistency be-
tween physician and LLM-based evaluations, we
additionally compare physician judgments with
those of the primary judge, gemini-2.5-flash,
and anthropic/claude-opus-4-8. We examine
aggregate preference directions and tie-excluded
directional agreement between physician and LLM
judgments. To further assess judge reliability, we
measure agreement among the three LLM judges
across the six pairwise system comparisons and
validate their judgments against [gakuQA answer-
key correctness on questions where exactly one
compared model produces the correct answer.

5 Results

5.1 Standard Pairwise Objectives Do Not
Ensure Preferred-Response Anchoring or
Control Drift

We first examine preferred-response under-
anchoring and reference-model drift under stan-
dard pairwise objectives. Fig. 2 shows DPO/IPO
training dynamics in the main Med-13B setting.

DPO and IPO successfully optimize the pairwise
signal: preference accuracy rapidly saturates, and
the preferred—dispreferred reward gap increases.
However, the preferred reward remains negative
throughout training, indicating that the preferred re-
sponse stays below the reference model (see the ar-
row in Fig. 2b). The reward decomposition shows
that the gap is driven largely by decreasing dispre-
ferred rewards rather than by increasing preferred
rewards.

The sequence-level reference-KL proxy further
increases or exhibits large spikes, showing that
standard pairwise objectives do not prevent drift
from the reference model (see the arrowheads in
Fig. 2ef). Thus, standard DPO and IPO improve
relative preference gaps but do not ensure preferred-
response anchoring or drift control, motivating the
stabilized objective introduced in Section 3.4.
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Figure 2: Training dynamics of standard DPO and IPO objectives. DPO and IPO improve the pairwise
preference signal but leave preferred-response rewards below the reference level (see the arrow in (b)) and induce
substantial reference-KL drift (see the arrowheads in (e) and (f)). Extreme KL spikes are clipped for visualization.

5.2 Positive Anchoring and KL Control
Address Complementary Failure Modes

We next ablate the two stabilization compo-
nents motivated by the failure modes identified
above. Fig. 3 compares IPO, IPO+KL, IPOP, and
IPOP+KL in the main Med-13B setting.

IPO improves the preferred—dispreferred reward
gap and quickly reaches high preference accuracy,
but its preferred-response reward remains far be-
low the reference model. IPO+KL suppresses the
sequence-level reference-KL proxy (see the arrow-
head in Fig. 3f), yet still fails to anchor the pre-
ferred response. Thus, KL control alone limits
drift but does not solve preferred-response under-
anchoring.

Adding the positive anchoring term changes this
behavior: IPOP and IPOP+KL keep preferred-
response rewards near or above the reference level
(see the arrow in Fig. 3c). However, IPOP alone
still permits substantial growth in the sequence-
level reference-KL proxy, indicating that anchoring
alone does not control distributional drift.

IPOP+KL combines the strengths of both terms,
preserving preferred-response support while keep-
ing reference-KL drift substantially lower than
IPOP. These results show that positive anchor-
ing and KL control address complementary fail-
ure modes. Thus, adding KL control to IPOP pri-
marily improves drift control while preserving the
preferred-response anchoring achieved by the posi-
tive term. We provide an additional direct compari-
son between DPO and DPOP in Appendix E.1. Ad-

ditional baseline-sensitivity analyses are reported
in Appendix E.2 for DPO hyperparameters, Ap-
pendix E.3 for DPOP+KL, and Appendix E.4 for
NLL-augmented DPO/IPO.

5.3 Stabilized IPO Improves Internal
Response Quality

We evaluate generated-response quality on the held-
out internal hard-negative medical task dataset. Ta-
ble 1 reports pairwise comparisons against the ref-
erence model, i.e., the SFT-completed model used
as 7o in the main Med-13B setting.

In the main internal pairwise comparison, KL
control improves response quality most when the
underlying objective exhibits substantial reference-
model drift. Adding KL to cSFT leaves quality es-
sentially unchanged (49.68% for cSFT vs. 48.62%
for cSFT+KL), whereas adding KL to standard [PO
raises the method win rate from 33.70% to 50.65%.
This suggests that KL control mainly recovers qual-
ity by preventing drift-induced degradation. Pos-
itive anchoring provides a comparable recovery,
with IPOP reaching 52.81%, and combining an-
choring with KL yields the highest win rate among
fully evaluated methods, with IPOP+KL reaching
52.98%. The small gain over IPOP is consistent
with the same interpretation: once anchoring has
reduced drift-induced degradation, less quality loss
remains for KL to recover. Head-to-head internal
comparisons in Appendix E.S further show that
IPOP+KL is marginally favored over IPOP and
favored over DPOP.
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Figure 3: Ablation of preferred-response anchoring and KL control. Positive anchoring improves preferred-
response support (see the arrow in (c¢)), while KL control suppresses reference-KL drift (see the arrowhead in (f));
IPOP+KL addresses both failure modes. Extreme KL spikes are clipped for visualization.

Method Reference wins Method wins  Tie
c¢SFT 46.13 49.68 4.19
c¢SFT+KL 46.61 48.62 4.77
DPO (8 = 0.5)" 97.25 234 041
DPO (8 = 0.1)* 91.99 7.62 0.39
DPOP 45.08 51.24 3.68
IPO (r = 1.0) 65.14 33.70 1.16
IPO (7 = 0.25) 84.97 14.62 0.41
IPO+KL 45.67 50.65 3.67
IPOP 43.83 52.81 3.36
IPOP+KL 42.69 5298 4.32

Table 1: Internal pairwise response-quality evalua-
tion in the main Med-13B setting. Each method is com-
pared against the reference model; values are win/tie
rates among parsed judgments. *DPO was evaluated
only partially because degenerate outputs, including
meaningless repetition, caused early termination.

Per-response scoring in Appendix E.6 also
shows the same tendency: IPOP+KL achieves the
highest overall score among fully evaluated meth-
ods, and adding KL to IPOP improves all five scor-
ing axes in the main Med-13B setting, with the
largest gains on medical accuracy and safety.

In auxiliary experiments, IPOP and IPOP+KL
show close, metric-dependent results, with inter-
nal head-to-head comparisons slightly favoring
IPOP and scoring/IgakuQA results tending to favor
IPOP+KL. Detailed auxiliary results are provided
in Appendix E.7 and Appendix E.8.

5.4 Stabilized IPO Generalizes to IgakuQA

We next evaluate whether the internal response-
quality gains generalize to IgakuQA, an exter-
nal Japanese medical licensing-examination bench-

mark. In multiple-choice accuracy, IPOP+KL
improves the main Med-13B reference model
from 59.10% to 63.30%, slightly outperforming
c¢SFT+KL, IPOP, and DPOP. Consistent with the in-
ternal response-quality pattern, adding KL control
to standard IPO raises this more objective metric
from 46.80% to 60.70%, while the gain from IPOP
to IPOP+KL is smaller but positive. The same
trend holds in the auxiliary Mistral-Nemo and
Qwen3-4B settings, where IPOP+KL also achieves
the highest accuracy within each base-model block.
Detailed accuracy results are provided in Ap-
pendix E.9.

We also evaluate free-form explanation qual-
ity on IgakuQA using pairwise LLM-as-a-judge
comparisons. Table 2 reports the main Med-13B
comparisons that were evaluated by both the pri-
mary judge and gemini-2.5-flash. IPOP+KL,
IPOP, and DPOP are all preferred over the refer-
ence model by both judges, showing a similar ten-
dency under the supplementary alternative-judge
check. Among these strong methods, IPOP+KL
remains broadly competitive with IPOP and is fa-
vored over DPOP by both judges. Full primary-
judge IgakuQA pairwise results, including auxil-
iary base-model experiments, are provided in Ap-
pendix E.10.

A four-physician evaluation showed fair but
low agreement on 20 shared questions (Fleiss’
x = 0.207) and a preference distribution of 28.3%
reference wins, 41.7% IPOP+KL wins, and 30.0%
ties over 120 non-overlapping judgments. Exclud-

15045



Comparison Judge Left Right Tie
Ref. vs. DPOP Primary 36.85 43.90 19.25
Gemini 32.52 44.72 22.76
Ref. vs. IPOP Primary 37.32 44.32 18.36
Gemini 32.82 46.12 21.06
Ref. vs. IPOP+KL.  Primary 37.55 43.10 19.35
Gemini 32.27 44.57 23.16
DPOP vs. IPOP Primary 38.29 40.44 21.27
Gemini 35.70 38.25 26.05
DPOP vs. IPOP+KL Primary 38.82 41.67 19.51
Gemini 36.00 38.85 25.15
IPOP vs. IPOP+KL Primary 41.67 37.87 20.46
Gemini 36.85 37.65 25.50

Table 2: IgakuQA free-form explanation-quality
comparison by the primary and alternative judges.
Left/Right refer to the comparison column; presentation
order was randomized and hidden.

ing ties, [POP+KL showed a favorable but not sig-
nificant trend over the reference model (59.5% vs.
40.5%; p = 0.051, one-sided binomial test), con-
sistent with the LL.M-as-a-judge results.

All  three LLM  judges, including
claude-opus-4-8, showed the same aggre-
gate preference direction, and the primary judge
achieved approximately 70% tie-excluded di-
rectional agreement with physician judgments
(k = 0.342). Across the six pairwise system
comparisons, the three LLM judges showed high
system-level correlation (Spearman’s p = 0.80—
0.95) and 76-84% tie-excluded directional
agreement. On IgakuQA questions where exactly
one compared model produced the correct final
answer, the judges selected the correct model
in 89-95% of cases. Detailed physician—judge
agreement and judge-reliability analyses are
provided in Appendix E.11.

An illustrative IgakuQA example comparing the
final responses of the SFT reference, IPO, IPOP,
and IPOP+KL is provided in Appendix E.12.

6 Conclusions

We identified preferred-response under-anchoring
and reference-model drift as key failure modes of
standard DPO/IPO in hard-negative medical prefer-
ence optimization, and developed IPOP+KL, which
combines preferred-response anchoring and ex-
plicit KL control to address them. Across internal
and IgakuQA evaluations, preferred-response an-
choring accounts for much of the response-quality
recovery, while KL control contributes mainly by
preventing drift-induced degradation. This qual-
ity effect is largest for standard IPO, where drift
is substantial, and smaller for IPOP, where posi-

tive anchoring already mitigates much of the drift-
induced loss. Even in this anchored regime, adding
KL control improves all per-response quality axes
in the main Med-13B setting, with the largest gains
on medical accuracy and safety. Overall, reliable
medical preference optimization should improve
preferred responses while preserving reference-
grounded behavior and limiting unnecessary drift,
especially in safety-sensitive medical generation
where unsupported, incomplete, overconfident, or
unsafe explanations can be clinically problematic.

Limitations

First, IPOP+KL does not uniformly outperform
IPOP across settings. Although it shows the
strongest overall trend, IPOP remains competi-
tive in some comparisons, suggesting that optimal
reference-model regularization may depend on the
reference model and evaluation setting.

Second, our response-quality evaluation primar-
ily relies on LLM-as-a-judge protocols, and the
physician evaluation is limited in scale. Larger-
scale physician evaluation is needed to validate
the observed improvements for clinically nuanced
long-form answers.

Third, although we evaluate a 3 x 2 DPO hyper-
parameter grid, as reported in Appendix E.2, we
do not perform exhaustive DPO tuning or separate
training-duration or checkpoint-selection sweeps.
Thus, our results characterize the observed failure
modes under the tested settings rather than estab-
lishing that all DPO configurations necessarily ex-
hibit the same degradation.

Fourth, we do not include reference-free alter-
natives such as ORPO or SimPO in the controlled
comparisons because our analysis specifically tar-
gets reference-relative failure modes, including
preferred-below-reference behavior and reference-
model drift.

Finally, our experiments focus on Japanese med-
ical instruction following, and we do not claim full
cross-lingual or cross-domain generality. Future
work should test the same failure-mode analysis
and objective design in English medical QA, multi-
lingual clinical QA, and non-medical knowledge-
intensive domains.

Ethical Considerations

This study develops research models for medical
instruction following and is not intended for direct
clinical or patient-facing deployment. The study
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did not involve patients or newly collected patient
data. A limited physician evaluation was conducted
on anonymized model outputs for research assess-
ment; no patient data or individually identifiable
medical information was collected. All training
and evaluation data were derived from publicly
available medical resources, public benchmarks,
open-access literature, drug information, and syn-
thetic data, and to the best of our knowledge con-
tain no individually identifiable patient information.
Accordingly, the study was considered outside the
scope of institutional ethical review.
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A Methodological Details
A.1 Residual-Mass Null Direction

This appendix provides a mathematical explanation
of the residual-mass null direction discussed in
Section 3.3. Consider a response space consisting
of the preferred response, the dispreferred response,
and a residual set of all other continuations. Let
O(x) denote the residual output space not covered
by the observed pair:

Ox) =Y\ {y"y }.

Define the corresponding residual mass under the
trainable policy as

(14)

Mpo(z) = Y my| ). (15)
y€O(z)
Consider a simplified output space in which
m(y" |2)=a,  m(y |z)=b  (16)
and hence
My®(x)=1—a—b. (17)

For any s € (0,1), define a new policy 7, by
shrinking the probabilities of both observed re-

sponses by the same factor:

ms(y* | z) = sa, ms(y~ | x) =sb, (18)
and redistributing the removed mass (1 — s)(a + b)
to O(x). Then

_l’_
log T 17) 1)

mo(y~ | x)

sa

hs(z,y",y) = log =

Since sa/sb = a/b, we have hs(z,y*,y~) =
he(z,y™,y~). Hence the pairwise DPO and IPO
losses are unchanged along this redistribution di-
rection:

Lipo(z;ms) = Lipo(z;m), (20)
and
Lpro(z;ms) = Lpro(z; 7). (21)
At the same time, the residual mass becomes
M:*(z)=1-s(a+b), (22)

which is larger than /() whenever s < 1. This
is an idealized construction, but it captures the key
invariance of pairwise objectives: preserving the
preferred—dispreferred ratio is sufficient to preserve
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the pairwise loss, regardless of how the remaining
probability mass is allocated.

We can also make the KL effect explicit. Let
ag = mo(y" | x) and by = m(y~ | ). Under the
redistribution above,

Ry(z)= > m(y|x)log m (23)
y€O(a) o
so that
Dy (ms(- | z) || mo(- | 2)) (24)

= salog = + sblog i—é’ + Rs(z).

This quantity is not generally invariant to s. If the
redistributed mass is assigned to continuations in
O(z) for which mo(y | x) is small, then the resid-
ual term can become large. Thus residual mass can
increase while the pairwise DPO/IPO loss remains
unchanged, and the reference KL can increase as
well. We refer to this as OOD-like drift when the
moved mass enters low-reference-probability re-
gions of the residual space.

This construction does not imply that optimiza-
tion must follow this exact redistribution path.
Rather, it shows that the pairwise objective itself
provides no penalty against such redistributions.

A.2 Additional Details on KL Control

Section 3.4 defines the KL-control term used in
IPOP+KL. Here, we provide additional implemen-
tation details on token masking, sequence-level ag-
gregation, and the interpretation of the KL proxy.

For each preferred or dispreferred response se-
quence, the token mask m; excludes prompt tokens
and padding tokens, so the KL proxy is computed
only over valid response tokens. When a response
has no valid response tokens after masking, it is
excluded from the sequence-level aggregation. In
practice, valid sequences are collected into Bgeq,
which contains both preferred and dispreferred re-
sponses from valid preference pairs.

The sequence-level proxy Keeq(x,y) is com-
puted by averaging token-level k; values over valid
response tokens within each sequence. The batch-
level KL-control term then averages Kgeq(2,Y)
uniformly over sequences in Bg.q, rather than
weighting sequences by their lengths. Thus, each
valid preferred or dispreferred response contributes
equally to the batch-level KL penalty.

The quantity k; = exp(d;) — & — 1 follows
the k3 forward-KL estimator and is nonnegative
in exact arithmetic. In standard on-policy settings,

this estimator is used with samples from the pol-
icy. In our setting, the tokens are teacher-forced
preference-response tokens rather than fresh policy
rollouts. We therefore use k; as a stable token-level
policy/reference divergence proxy on the observed
preference responses, rather than as an unbiased
rollout-based estimate of the full policy KL or a
direct measurement of residual OOD continuations.

B Data Details

B.1 SFT Corpus Composition

This appendix summarizes the SFT corpus used
to train Med-13B before preference learning. Ta-
ble B.1 presents the task-category mixture; exam-
ples denote training records, and token counts are
aggregated over the same categories. All SFT sam-
ples are formatted with a thinking section followed
by the final answer. The non-medical SFT data
in the General instruction / dialogue and General
reasoning / coding categories use publicly available
Japanese and English instruction-tuning corpora.

General instruction / dialogue. This category
covers broad instruction following, response for-
matting, safety-oriented refusal behavior, and
multi-turn dialogue. It also includes synthetic chat-
distillation data from strong instruction-tuned mod-
els to improve general conversational robustness.

Medical exam QA. This category contains
Japanese and English medical QA benchmark
training samples and exam-style multiple-choice
data. Public or commonly used benchmark training
sources include MedQA (Jin et al., 2021), MedM-
CQA (Pal et al., 2022), and PubMedQA (Jin et al.,
2019). The mixture also includes Japanese medi-
cal, nursing, and pharmacy examination questions,
including past Japanese National Medical Practi-
tioners Qualifying Examination questions that do
not overlap with IgakuQA (Kasai et al., 2023).

Clinical extraction / conversion. This category
includes tasks that convert clinical text into struc-
tured formats and extract medically relevant fields.
These tasks include converting medical records
into structured JSON-like outputs, producing Sub-
jective, Objective, Assessment, and Plan (SOAP)-
style representations, and extracting drugs, labo-
ratory values, patient background, treatments, and
other clinical attributes from free text.

Clinical reasoning / assessment. This category
targets clinical reasoning rather than direct fact re-
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Description

Instruction following, formatting, safety behavior, greetings, and
multi-turn dialogue.

Training samples from medical QA benchmarks such as MedQA,
MedMCQA, and PubMedQA, plus past Japanese National Med-
ical Practitioners Qualifying Examination questions that do not
overlap with IgakuQA.

Structured conversion of clinical text and extraction of drugs,
labs, background, treatments, and other attributes.

Differential diagnosis, laboratory abnormality interpretation,
prognosis, problem lists, and follow-up planning.

Long-answer QA derived from guidelines, drug information,
PMC Open Access articles, retrieval-grounded synthetic QA,
and other medical documents.

English—Japanese medical translation and biomedical literature
translation.

Patient-facing documents, simplified medical documents, and
short or structured summaries.

Auxiliary mathematical, logical, coding, and broad instruction-
following data.

Category Examples Tokens
General instruction / dialogue 311,926 547. 7™M
Medical exam QA 436,028 291.1M
Clinical extraction / conversion 52,043 106.8M
Clinical reasoning / assessment 36,510 85.8M
Medical long-form QA 345,962  955.2M
Translation / bilingual biomedi- 114,102 524.0M
cal text

Summarization / patient-facing 31,637 61.3M
generation

General reasoning / coding 116,048 218.0M
Total 1,444,256 2.79B

Table B.1: Category-level composition of the Japanese medical SFT corpus. By example count, the three largest
categories are medical exam QA, medical long-form QA, and general instruction/dialogue; by token count, medical

long-form QA is the largest category.

call. It includes differential diagnosis, laboratory
abnormality interpretation, patient risk and prog-
nosis assessment, problem-list construction, and
clinical follow-up plan generation. These sources
expose the model to stepwise medical decision sup-
port and long-form clinical explanation patterns.

Medical long-form QA. This category contains
knowledge-intensive long-answer QA derived from
Japanese clinical guidelines, adult rare-disease
guidelines, medical payment-system information,
drug information, PubMed abstracts, PMC Open
Access biomedical articles,® textbooks, and other
medical documents. It also includes synthetic QA
grounded in relevant medical documents, with par-
ticular attention to Japanese medical contexts. The
retrieval-grounded sources are score-filtered to re-
tain synthetic question—answer pairs with higher
estimated quality and factuality.

Translation / bilingual biomedical text. This
category includes both general medical translation
and biomedical literature translation tasks. These
tasks cover English-to-Japanese and Japanese-to-
English translation, including biomedical article
and medical-domain translation data.

Summarization / patient-facing generation.
This category covers patient-facing document gen-
eration, simplified medical document generation,
short-paragraph summarization, and structured

8https://pmc.ncbi.nlm.nih.gov/tools/
openftlist/

summarization. These tasks complement QA and
extraction by training the model to produce acces-
sible explanatory text and concise clinical sum-
maries.

General reasoning / coding. To preserve broad
reasoning ability, this category includes non-
medical or weakly medical general-reasoning
sources such as logical, mathematical, and cod-
ing instruction data, including Japanese—English
synthetic coding sources. These data are included
as auxiliary instruction-following and reasoning su-
pervision rather than as primary medical-domain
evidence.

B.2 Preference Data Construction

Preference pairs are constructed as described in
Section 4.2. Briefly, for each sampled SFT prompt,
the ground-truth SFT response is used as the pre-
ferred response 4", and the lowest-scoring medical
LLM family generated response is used as the re-
jected response y . For the auxiliary base-model
experiments, which serve as response-quality ro-
bustness checks, we reuse the same preference-pair
set for computational tractability rather than re-
mining hard negatives separately for each auxiliary
baseline.

Scoring is performed with
openai/gpt-oss-120b  using deterministic
inference and the prompt shown in Appendix B.3.

We use score < 8 as a broad hard-negative
threshold, rather than restricting rejected responses
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Judge score range  Candidates

0-3 146,138
4-6 121,532
7-< 8 33,116
8-10 159,274

Table B.2: Score distribution for generated candi-
date responses during hard-negative mining. The
record-level score is defined as the minimum judge score
among the evaluated source-model generations for each
prompt.

to only severe failures. This threshold captures
not only obvious errors but also clinically impor-
tant omissions, subtle factual errors, unsupported
claims, and missing caveats that may receive mid-
range scores. The resulting score distribution is
reported in Table B.2. Applying this threshold
yields 300,786 candidate hard-negative samples;
after excluding held-out examples for evaluation,
292,194 pairs are used as the preference-learning
training dataset. The category-level composition
of the training dataset is shown in Table B.3, and
descriptive statistics for the resulting preference
pairs are reported in Table B.4.

B.3 Hard-Negative Judge Prompt

The  hard-negative  mining judge uses
gpt-oss-120b with temperature 0.0. It re-
ceives the dialogue history, user query, reference
answer, and generated candidate answer; assigns
a 10-point score based on medical accuracy,
contextual appropriateness, alignment with the
reference answer, and instruction following; and
returns a structured JSON output that can be
parsed automatically. The English translation of
the prompt template is shown below.

# Role

You are a top-tier expert in evaluating medical dialogue.
Analyze the provided information and strictly grade the
quality of the target model.

{{history}}

<Target User Query>

{{question}}
</Target User Query>

<Correct Answer (Reference)>
{{reference_answer}}
</Correct Answer (Reference)>

<Model Generated Content (To be evaluated)>
{{generated_content}}
</Model Generated Content (To be evaluated)>

# Evaluation Criteria (10-point scale)
Grade on a 10-point scale, not a 100-point scale, according
to the following criteria.

1. Medical Accuracy: [Most important]
- If the answer contains statements that contradict

facts, such as fictitious disease
names, incorrect mechanisms, or treatments without

evidence, apply a large penalty

immediately (at least -5 points).
2. Contextual Appropriateness:
- Does the answer follow the preceding conversation and
read like a natural dialogue?
- Does it follow meta-instructions such as "explain it
conversationally”?
3. Alignment with Reference:
- Does the answer cover the important points presented in
the reference answer?
4. Instruction Following:
- Does the answer follow the specified tone and format?

# Scoring Guide
- 10: Perfect. Medically accurate, with insight equal to or
better than the reference,
and extremely natural dialogue.

- 7-9: Generally good. No medical errors, but some
information is missing relative to

the reference, or the dialogue is slightly unnatural.
- 4-6: Important information is missing, or there are minor
medical misunderstandings.
- 0-3: Serious hallucinations (false statements), or complete
disregard of the dialogue context.

# Output Format (JSON)

Output the evaluation result only in the following JSON

format. Include the reasoning process

in the analysis.

T json

{
"Evaluation”: "Provide detailed analysis based on each
evaluation criterion. In particular, explicitly describe
the comparison with the reference answer, the medical
checks, and reasons for any deductions.”,
"Critical_Issues”: ["Describe any issues if present;
otherwise use an empty list"],
"Score”: 0.0,
"Result”: "Pass" or "Fail”

C Training Details

C.1 Main Experiment Hyperparameters

This appendix summarizes the training configura-
tion used in the main Med-13B experiment. A com-
pact summary of the training objectives compared
in the main experiment is provided in Table C.1.
Objective-specific hyperparameters are reported in
Table C.2. All preference-optimization methods in
the main experiment are trained for one epoch over
the constructed preference dataset.

Software environment. All preference-learning
runs use NVIDIA NEMo RL 0.5.0rc” with Python
3.12. The main runtime stack includes Py-
Torch 2.9.0 (Paszke et al., 2019), Transformers
4.57.1, Megatron-Core, Transformer Engine 2.8.0,
FlashAttention 2.8.1 (Dao et al., 2022), and vLLM
0.11.2.

Model and tokenizer. The main experiment ini-
tializes the policy from Med-13B, which is also used
as the reference policy for preference optimization.
The tokenizer applies an instruction-response chat
template with a fixed default system instruction and
separate user and assistant headers.

“https://github.com/NVIDIA-NeMo/RL
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Category Pairs Preferred tokens Avg. pref. Dispreferred tokens Avg. dispref.
General instruction / dialogue 54,309 48.2M 887.5 60.9M 1,121.6
Medical exam QA 64,769 48.2M 744.5 68.1M 1,050.9
Clinical extraction / conversion 24,278 37.2M 1,532.7 36.1M 1,486.0
Clinical reasoning / assessment 24,277 42.3M 1,740.9 40.7M 1,676.1
Medical long-form QA 75,975 96.5M 1,269.6 98.5M 1,295.8
Translation / bilingual biomedical text 16,756 46.7M 2,784.4 49.8M 2,969.4
Summarization / patient-facing gener- 13,700 23.1M 1,684.9 18.7M 1,362.6
ation

General reasoning / coding 18,130 25.8M 1,421.5 37.3M 2,057.5
Total 292,194 367.9M 1,258.9 409.9M 1,402.9

Table B.3: Category-level composition of the preference-learning dataset. The table reports the number of
preference pairs, total preferred-response tokens, total dispreferred-response tokens, and average response length by
category; Avg. pref. and Avg. dispref. denote the average preferred- and dispreferred-response lengths, respectively.

Metric Mean / median
Token-level normalized edit distance 0.877/0.888
Character-level normalized edit distance 0.838/0.856
ROUGE-L F1 0.251/0.235
Length ratio dispreferred/preferred 1.275/1.008
Lexical overlap 0.254/0.242

Table B.4: Descriptive statistics for sampled prefer-
ence pairs. Statistics are computed from a reservoir
sample of 20,000 pairs drawn from the 292,194 avail-
able preference-learning training pairs.

Objective Main hyperparameters

c¢SFT continued SFT

c¢SFT+KL Akr = 0.05

DPO B €{0.5,0.1}

DPOP /B = 057 )\pos =50

IPO 7€ {1,0.25}

IPO+KL T = 1, )\KL =0.05

IPOP 7T =1, Apos = 50

IPOP+KL T =1, Apos = 50, Akr, = 0.05

Table C.1: Training objectives compared in the main
experiment. All methods are trained for one epoch
from the same medical SFT baseline. For IPO, 7 =1
and 7 = 0.25 correspond to target gaps of 0.5 and 2.0,
respectively. Auxiliary base-model experiments evalu-
ate cSFT, DPO, IPO, IPOP, and IPOP+KL as response-
quality robustness checks.

Batching and sequence length. The global batch
size is 128 preference triples. Because each triple
contains one preferred and one dispreferred re-
sponse, each global batch contains 256 response
sequences. We use a micro-batch size of 1 and a
maximum total sequence length of 32,768 tokens,
with sequence lengths padded to multiples of 8.

Distributed training. Training is performed on
4 nodes with 8 NVIDIA H200 GPUs per node.
Megatron-based distributed training uses tensor
model parallel size 8, activation checkpointing, and
no pipeline, context, expert-tensor, or expert-model
parallelism.

Optimizer and scheduler. We use Adam with
learning rate 8.0 x 107, minimum learning rate
8.0 x 1078, weight decay 0.05, B; = 0.9, 3y =
0.95, and € = 1078. The learning-rate schedule
uses cosine decay with a warmup fraction of 0.05,
and weight decay is held constant throughout train-
ing.

C.2 Auxiliary Base-Model SFT
Hyperparameters

For the auxiliary experiments, we start from
mistralai/Mistral-Nemo-Base-2407 and
Qwen/Qwen3-4B-Base. Each base model is first
instruction-tuned for two epochs on 300,000 exam-
ples, corresponding to 20.8% of the medical SFT
corpus, randomly subsampled from that corpus.
Because neither model family is specifically tuned
for Japanese medical long-form QA or for the
response format assumed by our preference dataset,
which includes a Japanese reasoning section before
the final answer, auxiliary SFT aligns both base
models with the target domain and response format.
The detailed auxiliary SFT setup is summarized in
Table C.3. For each auxiliary model, we use the
model-specific tokenizer and chat_template.

C.3 Auxiliary Preference-Learning
Hyperparameters

The auxiliary medical SFT models are used as both
initialization and reference policies for preference
learning. For each auxiliary baseline, we evalu-
ate cSFT, DPO, IPO, IPOP, and IPOP+KL. The
preference-optimization runs use the same train-
ing duration and objective-level hyperparameters
as in the main experiment where applicable. The
auxiliary runs use the shared preference-pair set
described in Appendix B.2 and are evaluated as
response-quality robustness checks.
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Objective B 7 Targetgap Apos Akr NLLloss
cSFT - - - - - Yes
c¢SFT+KL - - - - 0.05 Yes
DPO 0.5/0.1 - - - - No
DPOP 0.5 - - 50 - No
IPO - 1/025 0.5/2.0 - - No
TPO+KL - 1 0.5 - 005 No
IPOP - 1 0.5 50 - No
IPOP+KL - 1 0.5 50 0.05 No

Table C.2: Objective-specific hyperparameters. The main experiment evaluates all listed objectives, whereas the
auxiliary base-model experiments evaluate cSFT, DPO, IPO, IPOP, and [IPOP+KL. Continued SFT (cSFT) is treated
as a separate baseline and is not mixed into the preference loss. NLL denotes negative log-likelihood loss.

Value
Mistral-Nemo-Base-2407 and
Qwen3-4B-Base

SFT examples 300,000

Epochs 2

Fine-tuning type Full-parameter

Learning rate 1.0 x 107% with cosine decay;
minimum 1.0 x 10~7; warmup

Item
Base models

fraction 0.05
Global batch size 128
Maximum sequence 32,768 tokens
length
Optimizer Adam; weight decay 0.01; 51 =

0.9, B2 = 0.98, ¢ = 1078; gra-
dient clipping 1.0

Table C.3: Auxiliary SFT hyperparameters. All runs
use one 8-GPU node, bfloat16 precision, sequence pack-
ing, tensor parallel size 4, and activation checkpointing.

D Evaluation Details

D.1 Monitoring Metrics

We monitor four diagnostic metrics to characterize
pairwise preference fitting, preferred/dispreferred
reward dynamics, and reference-model drift.

Preference accuracy. Preference accuracy is the
fraction of valid preference pairs for which the
preferred response has a larger log-ratio reward
than the dispreferred response:

Accpref = Inean (I[T’g(y+ | l’) > ’I“g(y_ | l’)]) :
(25)
This is a pairwise reward-gap metric and should
not be interpreted as a generation-quality metric.

Mean reward gap. To measure the strength of
pairwise separation, we report the mean preferred—
dispreferred reward gap:

Gap = mean [rg(y" | z) —ro(y~ | x)] . (26)
This metric captures how strongly the objective

separates preferred responses from dispreferred re-
sponses.

Mean preferred and dispreferred rewards. We
also report the mean log-ratio rewards for the pre-
ferred and dispreferred responses:

ReWardpref = mean [7’0 (y+ | .’IT)] ’ (27)
Rewardgispref = mean [ro(y~ | z)] .

Together, these metrics decompose the reward gap
and indicate whether preference optimization sepa-
rates a pair by increasing support for the preferred
response, decreasing support for the dispreferred
response, or both.

Sequence-level KL mean. To monitor reference-
model drift, we report the mean sequence-level KL
proxy over valid response sequences:

KLseq = mean, [Kseq(z,y)] . (28)

This metric summarizes policy/reference diver-
gence on valid response tokens and is used as our
main drift diagnostic.

D.2

We construct a held-out internal evaluation dataset
by sampling from the held-out examples ex-
cluded during preference-data construction, as de-
scribed in Appendix B.2, rather than from the
preference-learning training set. The dataset con-
tains 8,592 preference examples. Table D.1 shows
the category-level composition.

Held-Out Internal Evaluation Dataset

D.3 Internal Pairwise Comparison Protocol

For the internal response-quality evaluation de-
scribed in Section 4.5, we first compare each
preference-optimized model against its correspond-
ing SFT baseline. For each base model, we then
select the top three methods based on the baseline-
comparison results and conduct all pairwise com-
parisons among the selected methods.

We use Qwen/Qwen3.5-397B-A17B-FP8 as the
pairwise judge under deterministic inference. The
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Category Pairs
General instruction / dialogue 1,192
Medical exam QA 1,300
Clinical extraction / conversion 800
Clinical reasoning / assessment 600
Medical long-form QA 1,500
Translation / bilingual biomedical text 600
Summarization / patient-facing generation 400
General reasoning / coding 200
Additional held-out hard-negative examples 2,000
Total 8,592

Table D.1: Category-level composition of the held-
out internal evaluation dataset. The dataset is sampled
separately from the preference-learning training set and
is used for internal response-quality evaluation.

judge is served with tensor parallel size 8 and
GPU memory utilization 0.85, using a maximum
model length of 32,768 tokens. For each compar-
ison, the judge is shown the user prompt and two
anonymized responses. The assignment of model
responses to the A and B positions is randomized
and hidden from the judge, so the judge selects A,
B, or Tie based only on response content.

The English translations of the Japanese prompts
used for pairwise comparison are shown below.

System prompt.

You are a strict and fair medical QA evaluator

Evaluate only the content of the answers, not the model names
or presentation order

Return only a JSON object.

User prompt template.

Compare the two responses to the following prompt and
determine which one is better

Evaluation criteria:

. Medical accuracy

Directness in answering the question

Logicality and consistency

. Absence of unnecessary misinformation or serious errors
. Clarity as Japanese text

a b wN =

Important rules:
- Choose "A" if Answer A is clearly better
- Choose "B" if Answer B is clearly better
- Choose "Tie"” if there is no substantive difference in
medical accuracy,
comprehensiveness, or clarity, or if superiority cannot be
determined.
- Evaluate only the content of the answers, not the model
names or presentation order
- The output must be a JSON object only.
- Do not output any explanatory text outside the JSON object.

Output format:

{
"winner”: "A”, "B", or "Tie",
"reason”: "Briefly and specifically describe the reason for
the judgment in Japanese”

}

[Question]

{{ question }}

[Answer A]
{{ answer_a }}

[Answer B]
{{ answer_b }}

D.4 Internal Per-Response Scoring Protocol

For per-response scoring, the judge independently
evaluates each anonymized model response given
the user prompt and reference response. It assigns
0-10 scores for medical accuracy, reference align-
ment, clinical utility, safety and calibration, format
clarity, and overall quality; the overall-quality score
is used as the primary summary. The judge model
and inference settings are the same as those de-
scribed in Appendix D.3. The English translations
of the Japanese prompts used for per-response scor-
ing are shown below.

System prompt.

You are a strict and fair medical QA evaluator.

Using the reference answer as the basis, score the target
answer from a medical perspective.

Evaluate only the answer content, without being influenced by
the target model name or generation source.

Return only a JSON object.

User prompt template.

Strictly evaluate the model answer to the following medical
QA by comparing it with the reference answer.

Evaluation axes:

1. medical_accuracy:
Medical accuracy. Are statements about disease concepts,
pathophysiology,
tests, diagnosis, treatment, prognosis, and risks
accurate?
Substantially penalize medical errors that contradict the
reference answer,
fictitious diseases or treatments, and unsupported
assertions.

2. reference_alignment:
Consistency with the reference answer. Does the answer
appropriately cover
the important medical points included in the reference
answer?
Penalize omissions of important points in the reference
answer and
explanations that contradict it.

3. completeness_and_clinical_utility:
Completeness and clinical utility. Are important
differentials, cautions,
exceptions, and clinical caveats appropriately included?
Do not assign a high score to an answer that is merely
long but has low utility.

4. safety_and_calibration:
Safety and handling of uncertainty. Does the answer avoid
dangerous advice,
overconfident claims, and wording that could mislead
patients?
When necessary, does it appropriately indicate the need
for specialist
consultation, additional testing, or individualized
judgment?

5. format_and_clarity:
Format adherence and clarity. Is the answer readable,
logically organized,
and clear as Japanese text?
If a specific format is requested, does the answer follow
it? Penalize
verbosity, repetition, or broken formatting.

Scoring rules:
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- Score each evaluation axis as an integer or decimal from @
to 10.
- Score overall_score from @ to 10 as well.
- overall_score should not be a simple average; it should be
an integrated
assessment that especially emphasizes medical accuracy,
consistency with
the reference answer, and safety.
- If the answer contains a medically serious error,
overall_score should in
principle be 6 or lower, even if other axes are strong.
- If the answer presents a fictitious or nonexistent disease
or treatment as
fact, overall_score should in principle be 4 or lower.
- If the disease name or premise in the question is incorrect
and the reference
answer points this out, heavily penalize an answer that
does not make that
correction and instead responds definitively as if it were
another disease.
- If the target answer includes <think>...</think>, evaluate
both the reasoning
process and the final answer
- Do not output any explanatory text outside the JSON object.

Output format:

"scores”: {
"medical_accuracy”: 0.0,
"reference_alignment”: 0.0,
"completeness_and_clinical_utility”: 0.0,
"safety_and_calibration”: 0.0,
"format_and_clarity”: 0.0,
"overall_score”: 0.0

1,

"critical_issues”: [

"Specifically describe any serious medical errors, safety

issues, or broken formatting. Use an empty array if none

are present.”

1,

"reason”: "Briefly and specifically describe the reason for
the scores in Japanese”

¥

[Question]

{{ question }}

[Reference Answer]
{{ reference_answer }}

[Target Answer]
{{ answer }}

D.5 External Response-Quality Evaluation
Protocol

For IgakuQA, we report multiple-choice answer
accuracy and pairwise explanation-quality judg-
ments. The judge model and inference settings
follow Appendix D.3. To compute multiple-choice
answer accuracy, we use the same LLM to extract
the answer option indicated in each target model’s
free-form response, and calculate accuracy as the
fraction of examples for which the extracted option
matches the gold option.

For free-form explanation quality, we use the
same pairwise comparison protocol as in Ap-
pendix D.3. For each IgakuQA question, the judge
compares two anonymized model responses, in-
cluding the selected answer and accompanying ex-
planation, with the A/B assignment randomized and
hidden from the judge. Each model is first com-
pared with its corresponding SFT baseline, and the
top three methods are then compared in all pairs.

3 Learning rate IgakuQA Acc. Internal wins
0.1 8 x 1077 0.05 7.62
0.5 8 x 1077 0.05 2.34
1.0 8 x 1077 0.05 5.26
0.1 4%x1077 1.80 9.58
0.5 4%x1077 12.70 10.66
1.0 4x1077 12.05 6.38
SFT reference 59.10 -

Table E.1: DPO hyperparameter sensitivity in the
main Med-13B setting. IgakuQA accuracy and internal
method win rates against the SFT reference are reported
as percentages.

D.6 Supplementary Alternative-Judge
Evaluation

For the supplementary alternative-judge evaluation
on IgakuQA, we repeat the main pairwise compar-
isons using google/gemini-2.5-flash. We use
deterministic inference with a temperature of 0.0
and a maximum output length of 16,384 tokens.
The pairwise comparison prompt is identical to the
one used in Appendix D.3.

E Additional Results and Examples

E.1 Additional DPO/DPOP Training
Dynamics

Fig. E.1 provides additional training dynamics
comparing DPO and DPOP. Consistent with the
positive-anchoring motivation of DPOP, DPOP
keeps the preferred-response reward close to the
reference level, while DPO drives the preferred-
response reward far below the reference model.
This confirms that explicitly penalizing preferred-
below-reference behavior can address preferred-
response under-anchoring.

However, the sequence-level reference-KL
proxy still grows substantially under DPOP. Thus,
positive anchoring improves support for preferred
responses (see the arrow in Fig. E.1¢) but does not
by itself prevent reference-model drift (see the ar-
rowhead in Fig. E.1f). This result further supports
the need to combine preferred-response anchoring
with explicit KL control, as in [IPOP+KL.

E.2 DPO Hyperparameter Sensitivity

To examine whether the severe DPO degradation
observed in the main experiment is specific to the
selected hyperparameters, we evaluate a 3 x 2 grid
over # € {0.1,0.5,1.0} and learning rates {8 x
1077,4 x 1077} in the main Med-13B setting, as
summarized in Table E.1.
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Figure E.1: Additional training dynamics for DPO and DPOP objectives. We compare DPO and DPOP in
the main Med-13B setting. Preferred-response rewards are shown separately because their value ranges differ
substantially. DPOP keeps preferred-response rewards near the reference level (see the arrow in (c)), whereas DPO
drives them far below the reference model. However, DPOP still exhibits substantial growth in the sequence-level
reference-KL proxy (see the arrowhead in (f)), indicating that positive anchoring alone does not control reference-
model drift. Extreme spikes in the sequence-level KL proxy are clipped for visualization.

IgakuQA Internal Qverall

Method Acc. wins score
DPOP 62.15 51.24 6.429
DPOP+KL 61.05 51.47 6.548
IPOP+KL 63.30 52.98 6.595

Table E.2: DPOP+KL comparison in the main
Med-13B setting. IgakuQA accuracy and internal
method win rates against the SFT reference are percent-
ages. Overall score is the 0-10 internal per-response
score.

Lowering the learning rate partially mitigates
degradation for some values of 3, but none of the
tested configurations approaches the SFT reference
on IgakuQA or recovers competitive internal re-
sponse quality. The best configuration reaches
12.70% IgakuQA accuracy and a 10.66% internal
win rate. These results indicate that the observed
DPO degradation is not specific to a single tested
value of [ or learning rate, although this grid does
not constitute exhaustive DPO optimization.

E.3 DPOP with Explicit KL Control

To test whether the same KL control can stabi-
lize a DPO-based positive-anchoring objective, we
evaluate DPOP+KL as a matched control. We use
B = 0.5, A\pos = 50, and A1, = 0.05, with the
remaining settings matched to the main experiment.
The resulting comparison is summarized in Ta-
ble E.2.

TgakuQA Tnternal

Overall
Method Acc. wins score
IPO+NLL (Anpr, = 0.1) 60.45 50.38 6.509
IPO+NLL (Anxpr, = 1.0) 61.15 30.15 4.484
DPO+NLL (AxLz, = 0.1) 22.70 32.47 5.224
DPO+NLL (Anpr = 1.0) 61.30 50.54 6.478
IPOP+KL 63.30 52.98 6.595

Table E.3: NLL-augmented preference-optimization
baselines in the main Med-13B setting. IgakuQA ac-
curacy and internal method win rates against the SFT
reference are percentages. Overall score is the 0—10
internal per-response score.

DPOP+KL is a strong and competitive control,
with mixed changes relative to DPOP: it slightly
improves the internal win rate and overall response-
quality score while slightly decreasing IgakuQA
accuracy. IPOP+KL is numerically highest on all
three aggregate metrics in this matched comparison.
The differences are modest, however, and do not
establish uniform superiority of the IPO backbone
over DPO-based stabilization.

E.4 NLL-Augmented DPO and IPO

We further examine preferred-response likelihood
supervision by augmenting DPO and IPO with
a token-averaged NLL loss on the preferred re-
sponse. We evaluate ANpp, € {0.1,1.0} using the
same main Med-13B setting and evaluation proto-
cols. The resulting comparisons are summarized in
Table E.3.
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Comparison Left wins Right wins Tie

DPOP vs. IPOP 45.74 49.97 4.29
DPOP vs. IPOP+KL 46.23 49.81 3.97
IPOP vs. IPOP+KL 47.91 48.23 3.86

Table E.4: Head-to-head internal pairwise compar-
isons among top main-setting methods. Left and
Right refer to the model names as written in the com-
parison column; values are win/tie rates among parsed
judgments.

The NLL-augmented runs show substantial co-
efficient sensitivity. For DPO, the stronger NLL
term substantially recovers IgakuQA accuracy and
internal response quality, whereas Anp;, = 0.1 re-
mains markedly degraded. For IPO, in contrast,
increasing Anpr, from 0.1 to 1.0 slightly improves
IgakuQA accuracy but substantially reduces inter-
nal response quality. This sensitivity supports the
distinction between always-on likelihood supervi-
sion and the conditional preferred-response anchor-
ing used in IPOP, which is activated only when the
preferred response falls below the reference model.

E.5 Main-Setting Head-to-Head Internal
Pairwise Evaluation

Table E.4 shows head-to-head comparisons among
the strongest main-setting methods. IPOP+KL is
competitive with IPOP and is favored over DPOP,
while TPOP is also favored over DPOP. These re-
sults indicate that adding KL control to preferred-
response anchoring does not reduce response qual-
ity in the main setting, while providing the more
stable training dynamics shown in Fig. 3.

E.6 Main-Setting Internal Per-Response
Scoring

Table E.S reports per-response scoring results on
the held-out internal hard-negative medical task
dataset in the main Med-13B setting. The results are
consistent with the pairwise comparison in Table 1:
IPOP+KL obtains the highest overall score and
the best scores across all reported axes. IPOP and
IPO+KL also improve over the reference model,
whereas DPO and IPO variants substantially de-
grade response quality.

E.7 Auxiliary Internal Pairwise Evaluation

Table E.6 reports auxiliary internal pairwise evalua-
tions for the Mistral-Nemo and Qwen3-4B medical
SFT baselines. Each trained model is compared
against its corresponding reference model, namely
the auxiliary SFT model used as 7.

The auxiliary results are broadly consistent with
the main setting. DPO substantially underperforms
the reference model for both auxiliary baselines,
and IPO also loses to the reference model. In con-
trast, [POP and IPOP+KL are competitive with or
improve over the reference model, indicating that
preferred-response anchoring is important beyond
the main Med-13B setting.

The auxiliary head-to-head comparisons in Ta-
ble E.7 show that IPOP is slightly favored over
IPOP+KL in these auxiliary settings. Thus, while
the auxiliary experiments support the importance
of preferred-response anchoring for response qual-
ity, they also suggest that the best trade-off between
anchoring and KL control may depend on the base
model and training regime.

E.8 Auxiliary Internal Per-Response Scoring

Table E.8 reports per-response scoring results for
the auxiliary Mistral-Nemo and Qwen3-4B set-
tings. The results again show that DPO substan-
tially degrades response quality, with near-zero
overall scores. IPO also underperforms the ref-
erence model, particularly in format and overall
quality.

In contrast, [POP and IPOP+KL improve over
the corresponding reference models in both auxil-
iary settings. For Mistral-Nemo, IPOP+KL ob-
tains the highest overall score, while IPOP has
slightly higher format quality. For Qwen3-4B,
IPOP+KL obtains the highest overall score, with
IPOP close behind. These scoring results support
the auxiliary pairwise findings and suggest that
preferred-response anchoring is consistently impor-
tant for response quality, while the effect of KL
control varies across base models.

E.9 IgakuQA Multiple-Choice Accuracy

Table E.9 reports multiple-choice accuracy on
IgakuQA. Across all three base-model settings,
IPOP+KL achieves the highest accuracy among the
compared methods. DPO and IPO perform poorly,
partly because their outputs often contain broken
formats or missing extractable choices. These re-
sults support the external generalization trend dis-
cussed in Section 5.4.

E.10 IgakuQA Free-Form Pairwise
Evaluation

Table E.10 reports IgakuQA free-form explanation-
quality comparisons against the corresponding ref-
erence models. The results are consistent with
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Method Overall Medical Ref. align. Format Safety Utility
Reference 6.395 6.501 5880  8.711 7.263 6.688
cSFT 6.474 6.560 5.988 8.740 7340 6.789
c¢SFT+KL 6.485 6.574 5.983 8.749 7350 6.793
DPO (8 = 0.5)" 0.037 0.050 0.019  0.000 0.057 0.002
DPO (8 = 0.1)" 0.001 0.000 0.000  0.000 0.009 0.000
DPOP 6.429 6.513 6.020 8.623 7295 6.795
IPO (1 = 1.0)f 5.428 5.679 5.091 6.861 6.438 5915
IPO (7 = 0.25) 4.199 4.574 3990 5.106 5.385 4.401
IPO+KL 6.490 6.557 6.049 8.728 7363 6.819
IPOP 6.514 6.557 6.087 8.759 7340 6.907
IPOP+KL 6.595 6.659 6.151 8.801 7.438 6.964

Table E.5: Internal per-response scoring in the main Med-13B setting. Scores are judged on a 0-10 scale; bold
values indicate the best score in each column. *DPO was scored only partially due to degenerate outputs. TTPO with

7 = 1.0 was scored on a smaller subset.

Base model Method Reference wins Method wins  Tie
Mistral-Nemo ¢SFT 43.21 53.00 3.80
Mistral-Nemo DPO 89.18 9.80 1.02
Mistral-Nemo IPO 64.31 3521 047
Mistral-Nemo IPOP 42.63 54.23 3.13
Mistral-Nemo IPOP+KL 43.26 53.03 3.72
Qwen3-4B c¢SFT 45.46 4784 6.70
Qwen3-4B DPO 97.02 1.63 1.36
Qwen3-4B 1IPO 75.38 23.81 0.81
Qwen3-4B IPOP 43.19 50.99 5.81
Qwen3-4B IPOP+KL 46.28 48.14 5.58

Table E.6: Auxiliary internal pairwise response-quality evaluation. Each method is compared against the
corresponding reference model, i.e., the auxiliary medical SFT model used as 7 for preference optimization. Values
indicate win/tie rates among successfully parsed judgments. The auxiliary experiments serve as response-quality
robustness checks rather than full replications of the main training-dynamics analysis.

the multiple-choice accuracy results in Table E.9.
DPO and IPO substantially underperform the refer-
ence models, often due to degenerate, malformed,
or incomplete outputs. In contrast, IPOP and
IPOP+KL generally improve over the reference
models across the main and auxiliary settings.

Table E.11 reports auxiliary head-to-head com-
parisons, where IPOP+KL is preferred over cSFT
and slightly preferred over IPOP.

E.11 Physician—-Judge Agreement and Judge
Reliability

We further examine the consistency between
the four-physician evaluation and LILM-as-a-
judge evaluations. In addition to the pri-
mary judge and gemini-2.5-flash, we use
anthropic/claude-opus-4-8 as a third indepen-
dent LLM judge.

As shown in Table E.12, all four evaluator
groups show the same aggregate preference direc-
tion despite differences in tie propensity.

Sensitivity to tie handling. Because the evalua-
tors differ in their propensity to assign ties, we ex-
amine whether the aggregate preference direction

depends on how ties are handled. When ties are ex-
cluded, the IPOP+KL win rates over the reference
are 59.5% for physicians, 53.4% for the primary
judge, 58.0% for gemini-2.5-flash, and 59.8%
for claude-opus-4-8. When each tie is instead
counted as half a win for each model, the corre-
sponding IPOP+KL preference scores are 56.7%,
52.8%, 56.2%, and 55.6%, respectively. Thus, the
aggregate preference direction is unchanged under
either treatment of ties, despite substantial differ-
ences in tie propensity across evaluators.

Agreement analysis. Question-level physician—
judge agreement was computed after excluding ties
and pooling the individual physician judgments
across the non-overlapping physician evaluations;
inter-physician agreement was assessed separately
on the 20 shared questions. Inter-LLM agree-
ment was evaluated across the six pairwise sys-
tem comparisons involving the reference model,
DPOP, IPOP, and IPOP+KL, using both system-
level Spearman rank correlation and tie-excluded
directional agreement.
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Base model Comparison Left wins Right wins  Tie
Mistral-Nemo c¢SFT vs. IPOP 47.49 48.80 3.72
Mistral-Nemo  ¢SFT vs. IPOP+KL 48.88 47.50 3.61
Mistral-Nemo IPOP vs. [IPOP+KL 50.47 46.08 3.45
Qwen3-4B ¢SFT vs. IPOP 44.45 49.56 5.98
Qwen3-4B c¢SFT vs. IPOP+KL 46.48 4795 5.57
Qwen3-4B IPOP vs. IPOP+KL 49.36 44.57 6.07

Table E.7: Auxiliary head-to-head internal pairwise comparisons. Left and Right refer to the model names as
written in the comparison column; values are win/tie rates among parsed judgments.

Base model Method Overall Medical Ref. align. Format Safety Utility
Mistral-Nemo Reference 5.269 5.425 4.923 7307 6.206 5.615
Mistral-Nemo c¢SFT 5.406 5.433 4.962 8.038 6.276 5.753
Mistral-Nemo DPO 0.042 0.051 0.048  0.012 0.172 0.032
Mistral-Nemo PO 4.051 4.378 3.974 5.091 5.207 4.439
Mistral-Nemo IPOP 5.485 5.546 5.099 7.874 6.404 5.879
Mistral-Nemo IPOP+KL 5.514 5.624 5.164 7.690 6.459 5.903
Qwen3-4B Reference  5.084 4.925 4.647 8.247 5820 5.401
Qwen3-4B cSFT 5.135 4.966 4.683 8.265 5.889 5427
Qwen3-4B DPO 0.286 0.345 0328 0.156 0.619 0.266
Qwen3-4B PO 3.349 4.228 3820 2.831 4.458 3.642
Qwen3-4B IPOP 5.120 5.104 4888  7.7751 5986 5.482
Qwen3-4B IPOP+KL  5.263 5.135 4957 8.116 6.117 5.654

Table E.8: Auxiliary internal per-response scoring. Scores are judged on a 0-10 scale; bold values indicate the
best score within each base-model block. IPOP+KL obtains the highest overall score for both auxiliary base models.

Validation against answer-key correctness. Fi- |B. 1dentify the person making the entry.

nally, we assess whether pairwise LLM judgments
track objective answer correctness on IgakuQA.
On questions where exactly one of the two com-
pared models produces the correct final answer, the
LLM judges favor the correct model in 89-95%
of cases. This analysis indicates that the pairwise
judgments are strongly associated with medical
answer correctness on objectively discriminable ex-
amples, rather than being driven solely by surface-
level response preferences.

E.12 Qualitative Comparison of Final
Responses

We provide a qualitative IgakuQA example illus-
trating the response-quality differences among IPO,
IPOP, and IPOP+KL relative to the shared SFT ref-
erence. The example was selected using an explicit
criterion requiring the strict ordering IPO < refer-
ence, IPOP = reference, and IPOP+KL > reference
under the primary judge. Problem 112E4 has gold
answer E and a reported human accuracy of 98.6%.
Only the final-answer portions are shown below;
the original Japanese responses are translated into
English.

Question.

Which of the following statements about medical records is
incorrect?

A. Record the diagnosis.

C. Preserve the revision history when making corrections.
D. Retain the medical record for five years from the date
treatment is completed.

E. Documentation may be omitted on days when there is no
change during hospitalization.

SFT reference.

The correct answer is E, "Documentation may be omitted on
days when there is no change during hospitalization.” This
question tests the basic rules for documenting medical
records and the importance of maintaining accurate records as
both a component of appropriate medical management and a form
of legal evidence.

Medical records are not merely administrative records but
important documents that demonstrate the legitimacy of
medical care. The content of medical records is strictly
regulated under medical law and the medical reimbursement
system, and accurate documentation plays an indispensable
role in ensuring the quality of care and preventing legal
disputes. Medical records also serve as materials for
reviewing medical incidents, requiring particular care in
their documentation.

Option A, "Record the diagnosis,” is correct. Medical records
must accurately document the patient's chief complaint and
diagnosis, which is essential for continuity of care. Option
B, "Identify the person making the entry,” is also
appropriate because identifying the physician, nurse, or
other professional responsible for an entry clarifies
accountability. Option C, "Preserve the revision history when
making corrections,” is important for preventing
falsification. When a correction is necessary, the standard
practice is to retain the original entry while recording the
date, time, and reason for the correction. Option D, "Retain
the medical record for five years from the date treatment is
completed,” is also a prescribed retention period and
supports both continuity of care and the evidentiary function
of the medical record.
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Base model Method Accuracy
Mistral-Nemo Reference 52.80
Mistral-Nemo c¢SFT 54.40
Mistral-Nemo DPO* 0.05
Mistral-Nemo PO 26.35
Mistral-Nemo IPOP 52.95
Mistral-Nemo IPOP+KL 55.40
Qwen3-4B Reference 50.90
Qwen3-4B cSFT 52.95
Qwen3-4B DPO* 0.05
Qwen3-4B POt 11.10
Qwen3-4B IPOP 54.25
Qwen3-4B IPOP+KL 54.90
Med-13B Reference 59.10
Med-13B cSFT 61.85
Med-13B cSFT+KL 63.10
Med-13B DPO (8 = 0.5)" 0.05
Med-13B DPO (8 = 0.1)" 0.05
Med-13B DPOP 62.15
Med-13B IPO (1 = 1.0)f 46.80
Med-13B IPO (7 = 0.25)1 31.75
Med-13B IPO+KL 60.70
Med-13B IPOP 62.05
Med-13B IPOP+KL 63.30

Table E.9: IgakuQA multiple-choice accuracy. Accuracy is reported as a percentage over 2,000 questions. Bold
values indicate the highest accuracy within each base-model block. *DPO and TTPO often produced degenerate or

malformed outputs, resulting in many invalid or missing answer extractions.

Option E is incorrect because documentation cannot be omitted
simply because the patient's condition did not change. Even
when there is no change, vital signs, medications, test
results, and other observations must continue to be
documented. This is necessary not only to maintain continuity
of care but also to enable subsequent review and legal
verification. In particular, detailed records are required
for hospitalized patients so that even subtle changes are not
overlooked.

The key lesson from this question is that medical records are
not merely administrative documents but a foundation for the
quality and safety of medical care. Even under time
constraints in clinical practice, documentation is as
important as other medical activities. Maintaining
appropriate medical records is also an ethical responsibility
of healthcare professionals and a means of protecting
patients' rights.

IPO.

The correct answer is D, "Retain the medical record for five
years from the date treatment is completed.” This question
assesses understanding of the legal and ethical requirements
for medical-record documentation and highlights the role of
medical records as objective evidence of clinical care.

Recording the diagnosis (A) is essential for assessing the
necessity and appropriateness of medical care. Even for minor
symptoms, when medical care is provided, the relevant facts
must be documented; absence of documentation may create a
risk that the medical act itself is regarded as having not
occurred. Identifying the person making the entry (B) is
necessary to clarify responsibility when multiple physicians
are involved and to determine who made a particular judgment
in the event of a later dispute. Preserving the revision
history (C) is also an important safeguard against alteration
of medical records, and modern electronic medical-record
systems generally retain modification histories
automatically.

Option D is problematic because it may misrepresent the basis
for the retention period. The actual retention period for
medical records is determined according to the relevant
period of care; for outpatient care, records may be retained
through a prescribed period based on the year in which care
was provided, whereas inpatient records may be subject to
longer retention. Because record-management responsibilities
differ according to the type and duration of care, it is
misleading to define the retention period simply as five
years from the date treatment is completed. In contrast,
hospitalized patients require daily progress documentation
even when their condition does not change.

The essential purpose of medical records is to ensure
transparency of medical care and support the appropriateness
of future care. The "omission of documentation” described in
option E would make an inpatient medical record incomplete,
and even during a stable period, a physician's progress
observations constitute part of medical care. Documentation
should therefore not be omitted even under substantial
workload. Medical records are shared resources for the entire
healthcare team and make it possible to retrospectively
examine the reasoning of individual physicians.

The important lesson is that medical-record documentation is
not merely an administrative task but an activity directly
connected to medical ethics and legal responsibility. This
remains true in the era of electronic medical records: the
quality of medical documentation affects accountability to
patients, evidentiary value in litigation, and ultimately the
trustworthiness of healthcare professionals.

IPOP.

The correct answer is E, "Documentation may be omitted on
days when there is no change during hospitalization.” This
question tests understanding of appropriate medical-record
documentation and emphasizes the importance of maintaining
accurate clinical records. Medical records constitute
important evidence demonstrating the legitimacy of medical
care, and strict documentation requirements apply under
medical law and the medical reimbursement system.
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Base model Method Reference wins Method wins Tie
Mistral-Nemo cSFT 40.72 41.77 17.51
Mistral-Nemo DPO* 94.68 2.86 2.46
Mistral-Nemo IPOf 62.11 3449 341
Mistral-Nemo IPOP 40.37 43.57 16.06
Mistral-Nemo IPOP+KL 38.79 4535 15.87
Qwen3-4B c¢SFT 40.99 4429 14.71
Qwen3-4B DPO* 96.17 2.31 1.52
Qwen3-4B POf 68.87 28.14  2.99
Qwen3-4B IPOP 40.67 47.52 11.81
Qwen3-4B IPOP+KL 40.85 46.47 12.68
Med-13B cSFT 36.52 4192 21.56
Med-13B cSFT+KL 37.47 42.87 19.66
Med-13B DPO (8 = 0.5)" 97.67 1.47 0.86
Med-13B DPO (8 = 0.1)* 88.69 7.60 3.70
Med-13B DPOP 36.85 4390 19.25
Med-13B IPO (1 = 1.0)' 62.99 3190 5.11
Med-13B IPO (t = 0.25)" 78.16 19.62 222
Med-13B IPO+KL 39.52 4297 17.51
Med-13B IPOP 37.32 44.32 18.36
Med-13B IPOP+KL 37.55 43.10 19.35

Table E.10: IgakuQA free-form explanation-quality comparisons against reference models. Values are win/tie
rates among parsed judgments. *DPO and 'TPO often produced degenerate, malformed, or incomplete outputs.

Base model Comparison Left wins Right wins Tie
Mistral-Nemo c¢SFT vs. IPOP 40.99 4284 16.17
Mistral-Nemo cSFT vs. [POP+KL 40.04 4274 17.22
Mistral-Nemo IPOP vs. IPOP+KL 41.35 42.00 16.65
Qwen3-4B cSFT vs. IPOP 42.31 44.21 1348
Qwen3-4B cSFT vs. IPOP+KL 40.72 45.07 14.21
Qwen3-4B IPOP vs. IPOP+KL 42.51 4447 13.02

Table E.11: Auxiliary IgakuQA free-form head-to-head comparisons. Values are win/tie rates from the primary

judge. Left and Right refer to the model names as written in the comparison column.

As a general principle, the patient's daily clinical course
must be documented even when there is no change in condition.
This ensures continuity of care and provides information for
subsequent treatment and potential legal review. Even on
clinically stable days, the physician's examination findings,
nursing observations, test results, and other relevant
information should be recorded rather than omitted. This is
why option E is incorrect.

The other options are correct. Recording the diagnosis (A)
provides fundamental information for clinical care, and
identifying the person making the entry (B) clarifies
responsibility. Preserving a history of corrections (C) is
essential for preventing alteration of medical records, while
retaining records for five years from completion of treatment
(D) is a legal requirement. Together, these elements support
the reliability of medical records.

The key lesson is that a medical record is not merely an
administrative document but an indispensable tool for
ensuring the quality and safety of medical care. In
particular, the principle that documentation should continue
even on days without clinical change is important both for
preserving evidence in potential medical disputes and for
sharing information within the healthcare team. Physicians
and trainees should recognize medical-record documentation
as a professional responsibility and develop the habit of
recording relevant information consistently.

IPOP+KL.

The correct answer is E, "Documentation may be omitted on
days when there is no change during hospitalization.” This
question tests basic rules governing medical-record
documentation and assesses knowledge that is important for
appropriately managing clinical records. Medical records not
only demonstrate the legitimacy of medical care but also
serve important functions in patient safety and as legal
documents, and their documentation is therefore subject to
strict requirements.

Option A, "Record the diagnosis,” is correct. Medical records
must accurately document the patient's diagnoses and relevant
clinical history. Such information is fundamental to
continuity of care and appropriate treatment planning. Option
B, "Identify the person making the entry,” is also
appropriate because it establishes accountability and
ensures traceability if a medical error occurs.

Option C, "Preserve the revision history when making
corrections,” is particularly important for preventing
falsification of medical records. When a correction is
required, the original entry should remain identifiable, the
corrected portion should be clearly distinguished, and the
date, time, and person making the correction should be
recorded. This is a fundamental procedure for maintaining
transparency in medical care. Option D, "Retain the medical
record for five years from the date treatment is completed,”
is also a prescribed retention requirement. The retention
period reflects the need for continuity of care and the
evidentiary function of medical records.
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Evaluator n Ref. Tie IPOP+KL

Physicians 120 28.3 30.0 41.7
Primary judge 2,000 37.5 194 43.1
Gemini-2.5-Flash 1,999 32.3 23.2 44.6
Claude Opus 4.8 2,000 22.7 43.7 33.7

Table E.12: Aggregate preference distributions for the reference model versus IPOP+KL. Values other than n
are percentages. All evaluator groups favor IPOP+KL over the reference model when ties are excluded.

Option E is incorrect because the obligation to document DPO ([3 == ().5).
medical records is based on the principle of recording the
entire course of care. Even when the patient's condition does
not change, the physician's clinical activities,
observations, and test results must be documented. Medical RN
records function both as a means of sharing information among R e
healthcare professionals and as evidence for subsequent W owow o m w w o m w ow oo o ow

review or legal disputes. Omitting documentation is therefore
inappropriate from the perspectives of both quality
management and legal risk management.

[initial text omitted]

[repeated quotation-mark-like characters; output truncated]

The key lesson is that medical records are not merely
administrative documents but indispensable tools supporting I)I)() (ﬂg == ().1).
the quality and safety of medical care. Physicians and
trainees should understand the legal and ethical significance
of medical-record documentation and maintain appropriate
records even when the patient's condition remains unchanged.
Because documentation requirements are defined in medical
laws and related guidance, clinicians should also maintain an
accurate understanding of these standards.
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[the same character continues throughout the output;
truncated]

E.13 Qualitative Example of DPO
Degeneration

We additionally provide an IgakuQA example il-
lustrating the output degeneration observed under
DPO. The example was selected to illustrate a clear
case of DPO output degeneration. Problem 116F5
has gold answer D and a reported human accuracy
of 95.7%. The SFT reference produces the correct
answer, whereas both DPO variants fail to produce
an extractable final answer. Because the degener-
ate outputs are extremely long, only representative
excerpts are shown.

Question.

Which of the following does not cause elevated triglyceride
levels?

. Acromegaly

Visceral fat accumulation
Heavy alcohol consumption

. Hyperthyroidism

. Increased insulin resistance

moow>

SFT reference.

The correct answer is D, "Hyperthyroidism."

Hypertriglyceridemia can result from increased hepatic VLDL
production, reduced triglyceride clearance, or increased
free-fatty-

acid influx. Acromegaly, visceral fat accumulation, heavy
alcohol

consumption, and insulin resistance can promote these
mechanisms.

In contrast, hyperthyroidism promotes lipid catabolism and
therefore

does not typically cause elevated triglyceride levels.

15063



