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Abstract

Supervised fine-tuning (SFT) can degrade factual behavior
outside the target domain. This degradation is often described
as catastrophic forgetting, yet open-ended factual failures do
not necessarily imply that the underlying facts have been
erased. In this work, we identify a more specific phenomenon,
factual access failure: after domain SFT, models can still rec-
ognize or rank the correct answer under constrained evalu-
ation, while failing to produce it in closed-book generation.
Through benchmark-level comparisons, same-fact multiple-
choice and generation probes, and failure-mode analysis, we
show that SFT-induced factual degradation reflects both gen-
uine wrong-answer generations and expression-level failures
such as verbosity, formatting mismatch, and exact-match arti-
facts. To address this problem, we introduce Recall-Anchored
Distillation (RAD), a base-anchored self-distillation objec-
tive that preserves out-of-distribution generation behavior by
aligning the adapted model with the original base model’s
soft continuation distribution on unlabeled OOD text. RAD
requires no gold OOD answers, external judges, or labeled
factual data. Across three backbones fine-tuned on MedM-
CQA, RAD recovers a consistent portion of the lost OOD
recall while preserving target-domain adaptation. Compared
with replay on the same OOD text, RAD shows that the key
preservation signal is the base model’s soft distribution rather
than additional text exposure alone.

Introduction

Supervised fine-tuning (SFT) is a standard approach for
adapting large language models (LLMs) to specific tasks, do-
mains, and output formats, including instruction following,
domain-specific question answering, and structured response
generation (Ouyang et al. 2022; Chung et al. 2022; Hu et al.
2021; Zhang et al. 2025; Yang et al. 2024a). In high-stakes
domains such as medicine, this adaptation is often necessary
because a base model must learn the format, terminology,
and decision boundaries of the target task (Pal, Umapathi,
and Sankarasubbu 2022; Singhal et al. 2023; Savage et al.
2024; Li, Wang, and Yu 2024). Yet SFT is not neutral: it can
alter the topic preferences, stylistic behavior, factual behav-
ior, and use of pretraining knowledge of a model (Zhang and
Wu 2024; Gekhman et al. 2024; Kotha, Springer, and Raghu-
nathan 2024; Wang 2024; Yang et al. 2024a; Li et al. 2025;
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Ye et al. 2025). Thus, a fine-tuned model may improve on the
training task while losing out-of-domain factual reliability.

A decline in out-of-distribution (OOD) factual perfor-
mance following SFT is frequently attributed to catastrophic
forgetting or factual degradation (Luo et al. 2025; Li et al.
2024; Zhang and Wu 2024; Wu et al. 2025). However, re-
duced exact-match accuracy during open-ended generation
does not conclusively demonstrate fact erasure. The model
may merely lose access to the information, recognize cor-
rect answers only from candidates, or produce semantically
correct responses that fail to satisfy strict evaluation crite-
ria. Recent literature on spurious forgetting indicates that
such performance decreases often reflect shifts in alignment
or elicitation strategies rather than a genuine loss of stored
knowledge (Zheng et al. 2025). Genuinely erased facts re-
quire restoration, whereas recognizable yet unreliable facts
indicate failures in knowledge access or output expression.

To distinguish these possibilities, we compare
classification-style evaluation with open-ended genera-
tion, following recent concerns that different answer formats
probe different aspects of LLM knowledge and behavior
(Tan et al. 2025; Chen et al. 2023; Elhady, Agirre, and
Artetxe 2025; Rahmani et al. 2025). Classification-style
probes test whether the model can select or rank the
correct answer from candidates, whereas open-ended
generation requires producing the answer directly. We find
a clear dissociation after domain SFT: recognition-style
performance remains comparatively stable on several
OOD benchmarks, while open-ended factual generation
declines sharply. A paired evaluation of the same facts
under multiple-choice and open-ended formats further
shows that many facts remain selectable but are no longer
generated correctly. Failure-mode analysis reveals both
genuinely incorrect answers and expression-level failures,
including excessive verbosity, formatting mismatch, and
exact-match artifacts (Wang et al. 2023, 2024; Li et al.
2025). We call this gap between retained factual capability
and failed open-ended generation factual access failure, with
expression failures as a major subclass.

Motivated by this diagnosis and by prior work on mit-
igating forgetting through pretraining-simulation, replay, or
reference-model regularization (Chen et al. 2020; Yang et al.
2024b; Chen et al. 2026), we introduce Recall-Anchored Dis-
tillation (RAD), a base-anchored self-distillation objective
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Figure 1: Diagnostic overview of factual access failures. Panel (a) separates latent factual storage from observable behaviors:
recognition, recall, and expression. Panel (b) shows the benchmark-level comparison in Finding 1. Panel (c) shows the same-fact

diagnosis in Finding 2.

for domain adaptation. RAD combines the standard super-
vised target-domain loss with an unlabeled OOD anchoring
stream. For each OOD prefix—continuation example, the base
model provides a soft next-token distribution, and the adapted
model is trained to match it on continuation tokens. This dis-
tributional, rather than answer-based, anchor requires no gold
OOD answers, rationales, external judges, or labeled factual
data. Using the base model’s continuation distribution as a
reference (Hinton, Vinyals, and Dean 2015), RAD limits drift
from pre-adaptation OOD generation behavior while allow-
ing target-domain learning. Our contributions are as follows:

* We identify factual access failure as a diagnostic frame-
work for SFT-induced degradation in open-ended OOD
factual generation, supported by three complementary
analyses.

* We propose Recall-Anchored Distillation (RAD), a base-
anchored self-distillation method that preserves factual
access by aligning to the base model’s soft OOD contin-
uation distribution.

* We evaluate RAD on three backbones fine-tuned on
MedMCQA, showing that it recovers OOD factual gener-
ation while preserving in-domain gains and outperform-
ing baselines.

Related Work
SFT-Induced Factual Degradation in LL.Ms

Recent work shows that such adaptation can unintentionally
degrade factual reliability (Gekhman et al. 2024; Kaplan et al.
2026; Gong, Huang, and Liang 2025). In factual knowledge
injection, Gekhman et al. show that knowledge unsupported
by the base model is learned more slowly and can increase
hallucinations once learned (Gekhman et al. 2024); Kang
et al. show that unfamiliar fine-tuning examples can shape

hallucinated prediction forms (Kang et al. 2024); and Zuc-
chet et al. study factual-recall learning dynamics during fine-
tuning (Zucchet et al. 2025). Complementary work on factual
QA fine-tuning studies factually correct supervision, show-
ing that fine-tuning can still alter the extraction of pretrained
factual associations: models may over-amplify task-specific
shortcuts, exhibit frequency shocks, or rely on relation-level
cues while ignoring subject-specific information (Kazemi,
Mittal, and Ramachandran 2023; Ghosal, Hashimoto, and
Raghunathan 2024; Gong, Huang, and Liang 2025). To-
gether, these studies show that SFT can degrade factual be-
havior even without noisy supervision. However, they leave
open a finer-grained question: when closed-book factual ac-
curacy drops after SFT, has the model lost the underlying
fact, failed to access a still-recognizable fact in open-ended
generation, or expressed the answer in a surface form that
closed-book metrics cannot reliably match?

Hidden Knowledge and Recall Failures

Representation engineering studies how model behaviors and
concepts are encoded in internal representations and how
these representations can be analyzed or manipulated to con-
trol model outputs. Studies of implicit inference argue that
fine-tuning can shift the model’s inferred task distribution
toward fine-tuning data, suppressing pretrained capabilities
recoverable under alternative elicitation conditions (Kotha,
Springer, and Raghunathan 2024). Work on spurious forget-
ting similarly shows that apparent forgetting can result from
disrupted task alignment rather than true knowledge loss
(Zheng et al. 2025). Complementary factual probing studies
further show that models may encode more information than
direct generation reveals, and that ranking-based, internal, or
alternative probes can recover factual knowledge missed by
standard closed-book generation (Gekhman et al. 2025; Or-
gad et al. 2025). These findings motivate our focus on factual
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Figure 2: Failure modes among Base-correct/SFT-wrong ex-
amples. Most recall failures are format or verbosity mis-
matches rather than clean wrong-entity errors.

access. Rather than assuming that SFT-induced generation
failures reflect storage loss, we ask whether the same facts
remain recognizable under constrained probes and where ex-
traction breaks down. Our repair strategy relates closely to
knowledge distillation and KL-constrained training, which
stabilize learning by matching a teacher or reference distri-
bution (Hinton, Vinyals, and Dean 2015; Ziegler et al. 2020;
Stiennon et al. 2022; Ouyang et al. 2022). Unlike generic KL
constraints that keep an adapted policy close to a reference
model, our method uses the base model as a teacher only on
OOD factual continuations, namely general-domain factual
continuations outside the SFT target domain, and regular-
izes the adapted model toward the base model’s soft token
distribution while optimizing target-domain SFT behavior.

Preliminary Studies

This section diagnoses factual degradation after domain SFT.
A drop in closed-book generation accuracy shows failure to
produce the correct answer, but not erasure of the corre-
sponding fact. Consistent with recent studies on spurious
forgetting and the distinction between knowledge encoding
and recall (Calderon et al. 2026; Gekhman et al. 2025; Kotha,
Springer, and Raghunathan 2024; Zheng et al. 2025), appar-
ent degradation can reflect task-alignment shifts rather than
loss of underlying capabilities. We distinguish memory era-
sure from expression failure through three findings.

F1: Models Recognize What They Cannot Recall

We compare recognition and recall at the benchmark level be-
cause domain SFT may broadly degrade factual behavior or
selectively impair fact elicitation. Recognition tests whether
the model selects correct answers under constrained evalua-
tion, whereas recall tests whether it generates them without
candidate support. We measure recognition with multiple-
choice evaluation and recall with closed-book QA metrics,
EM/F1 (Roberts, Raffel, and Shazeer 2020). Domain SFT
improves the target-domain QA task, but this gain coincides
with substantial degradation in open-ended factual recall on
held-out QA benchmarks (see Figure 1b): for example, Triv-
1aQA EM drops from 65.03 to 43.95 on the full benchmark,
while MedMCQA and MMLU remain stable or slightly im-
prove. This pattern is not yet a same-fact dissociation because
datasets differ in content and format; instead, it motivates a

controlled diagnosis of whether the same facts remain acces-
sible under constrained evaluation.

F2: Facts Are Stored, but Inaccessible

To separate elicitation format from factual content, we eval-
uate recognition and recall on matched facts. We denote the
factual association targeted by a QA item as f = (s,r,0),
where s, 7, and o represent subject, relation, and answer
object (Petroni et al. 2019; Ghosal, Hashimoto, and Raghu-
nathan 2024); this is an analytic notation rather than a claim
that TriviaQA items form explicit knowledge graphs. For
each item, we pair the original open-ended question with
recognition-style probes for the same answer object. On this
subset, SFT substantially reduces open-ended generation (see
Figure 1c): TriviaQA EM drops from 63.1 to 43.8, with
marginal changes in multiple-choice accuracy and no rank-
ing degradation. Under teacher forcing, the gold answer re-
mains highly ranked: its first token stays near the top, with the
top-1 rate nearly unchanged from Base to SFT. Thus, unreli-
ably generated answers remain selectable or highly preferred
under constrained or teacher-forced evaluation. We there-
fore use factual access failure as a behavioral diagnosis: the
model selectively fails to produce certain facts in open-ended
generation, rather than uniformly losing factual behavior.

F3: Recall Failures Are Largely Expression Failures

The paired probe shows that recognition and recall can di-
verge, motivating our analysis of these recall failures in gener-
ated text. We analyze 300 TriviaQA examples where the base
model is EM-correct but the SFT model is EM-wrong. To dis-
tinguish factual errors from surface-form expression failures,
we label each SFT output as a format/verbosity mismatch,
wrong entity, EM artifact (semantically valid but rejected
by exact match), or non-answer/refusal. The labels agree
with an independent LLM judge (DeepSeek; In Appendix)
on 97.3% of cases. As Figure 2 shows, format/verbosity
mismatch dominates, accounting for 77.3% of the analyzed
cases. This suggests that expression failures explain most
Base-correct/SFT-wrong errors, although a non-negligible
subset still corresponds to genuine wrong-answer genera-
tions. As a classifier-independent elicitation check, a simple
4-shot prompt recovers 90.0% of the same cases, indicating
that many failures in this sample remain recoverable under
different prompting rather than reflecting irreversible knowl-
edge erasure. Together, these findings motivate a method that
preserves open-ended factual expression during domain SFT.

Methodology

Motivated by the diagnosis in Section Preliminary, we
introduce Recall-Anchored Distillation (RAD), a base-
anchored self-distillation objective designed to preserve out-
of-distribution (OOD) generation behavior during domain
adaptation. Here, OOD is defined relative to the target do-
main. Figure 3 illustrates the overall RAD design.

Teacher and Student from One Model

Let fo, denote the original base model, which induces
the next-token distribution 7o(- | u) = softmax(fo,(u))
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Figure 3: Overview of Recall-Anchored Distillation (RAD).

for input prefix u. We adapt it with Low-Rank Adaptation
(LoRA) (Huetal. 2021): each frozen weight matrix Wy € O
receives a trainable low-rank update Wy = Wy + By Ay,
yielding the adapted student distribution 7y (- | ©). RAD im-
plements teacher and student in one model through the LoRA
switch: adapter-off mode outputs the base distribution 7 as
the teacher, and adapter-on mode outputs 7y as the student.
Thus, the teacher is not an external oracle but the original
base model itself, anchoring adaptation to the pre-adaptation
generation behavior of the base model and following the
broader use of teacher distributions to preserve model be-
havior during adaptation (Hinton, Vinyals, and Dean 2015;
Li and Hoiem 2017).

Training Streams

Target-domain Supervision. The primary training signal
comes from the supervised target-domain dataset Dy, =
{(z,y)}, where x denotes the task input and y denotes the
supervised target. This term is identical to standard domain
SFT: it teaches the adapted model to solve the target-domain
task and is the only component of RAD that uses task labels.
For a mini-batch Biasx C Diask, the adapter-on student is
optimized with the teacher-forced cross-entropy objective:

1 [yl

1
- Z Sl Zlogﬂe(yt | 2, y<t).
|Btask|

ercian Vi
(1)

This loss drives domain adaptation by updating only LoRA
parameters while keeping the base model frozen.

Lspr =

OOD Anchor Construction. The secondary training
stream is an unlabeled OOD anchor corpus Dy, = {(c, z)},
where c denotes a Wikipedia prefix and z its natural contin-
uation. The continuation z is not treated as a hard label. In-
stead, it specifies the token positions over which the adapted
model aligns with the base model next-token distribution,
consistent with soft teacher distributions in knowledge distil-
lation (Hinton, Vinyals, and Dean 2015). Since the diagno-
sis attributes the degradation primarily to OOD open-ended
generation rather than target-domain learning itself, RAD
sources this anchor stream from generic OOD text instead of
target-domain training data.

To mitigate potential benchmark contamination, we filter
the anchor corpus via case-insensitive substring matching,
discarding any prefix—continuation pair that contains evalu-
ation questions, answer strings, or normalized aliases from
benchmarks including PopQA and TriviaQA. For each re-
tained anchor example, we concatenate the prefix and con-
tinuation into a single sequence s = [c; z|. The prefix pro-
vides contextual grounding, while the continuation desig-
nates the matching region. We define a binary continuation
mask m; € {0,1}, where m; = 1 indicates that the predic-
tion target s; falls within z, and m; = 0 for prefix positions.

Distributional Anchoring Objective

RAD processes each OOD sequence in two model modes.
With the adapter disabled, the adapter-off teacher provides
the base next-token distribution:

qr = 7T0(' \ 5<t)- )



In-Domain 1

OOD Recognition (multiple choice)

OOD Recall (closed-book) 1

MedMCQA MMLU-Med MMLU-Other Truthful QA TriviaQA PopQA
Method Acc Acc Acc MC2 EM F1 EM F1

Llama-3.1-8B

Base 58.14 71.54 64.82 44.17 65.03 71.04 19.30 23.67

+ Standard SFT 59.43 72.20 65.51 42.65 43.95 56.59 11.60 16.03

+ Replay 59.53 71.90 64.88 41.48 32.87 47.80 3.40 8.06

+ RAD (Ours) 60.05 72.57 65.24 42.07 51.62 62.16 15.20 19.63
Owen2.5-7B-Instruct

Base 56.18 76.45 73.26 64.75 32.96 43.06 5.51 11.18

+ Standard SFT 61.27 76.04 73.75 49.03 23.27 3141 4.95 8.77

+ Replay 61.68 77.06 73.47 50.21 16.09 25.31 1.77 6.11

+ RAD (Ours) 61.99 77.18 73.68 58.14 23.68 30.60 6.81 9.99
QOwen2.5-3B-Instruct

Base 51.54 68.87 66.74 58.74 30.57 39.10 2.97 8.01

+ Standard SFT 55.75 67.97 67.45 45.89 1.04 13.58 145 5.17

+ Replay 55.22 68.99 67.15 44.99 3.39 13.24 0.98 5.38

+ RAD (Ours) 55.41 68.83 68.12 54.88 9.04 22.00 2.66 6.77

Table 1: Main results across three backbones on in-domain MedMCQA, OOD recognition, and OOD closed-book recall.

With the adapter enabled, the adapter-on student provides the
adapted next-token distribution:

bt = 7T9(' \ 5<t)- 3)

RAD aligns the student to the frozen base distribution using
reverse KL, with the optimized student distribution as the
first argument and the base distribution as the reference:

dy = Dxr, (pe || g¢) - 4

This direction discourages the adapted model from assigning
probability mass to OOD continuations that the base model
deems improbable. To prevent a few highly divergent tokens
from dominating the objective, we clip the per-token penalty
at threshold 7. The OOD distillation loss is:

1
Do

The mask ensures that prefix tokens condition both model
modes but contribute no gradient through the distillation loss.

Lxp =

> mymin(dy, 7). (5)
t

Joint Optimization and Implementation

Joint Objective. RAD jointly optimizes target-domain
adaptation and OOD distributional self-distillation via:

Lrap = Lspr + aLkp, (6)

where « controls the strength of the OOD anchor. We set
o = 1.5 and 7 = 5.0 as default values. The supervised loss
drives target-domain learning, while the OOD distillation
loss discourages the adapted model from drifting away from
the base model on generic continuations. RAD therefore does
not freeze or constrain the adapter globally; it allows target-
task adaptation while selectively anchoring the continuation
distribution on OOD text.

Single-model Implementation. RAD is memory-efficient
because it requires only one model instance in memory.
For target-domain batches, we enable the LoRA adapter
and compute Lgpr. For OOD anchor batches, we run the
same sequence twice: first with the adapter disabled under
no_grad to obtain teacher logits, and then with the adapter
enabled to obtain student logits for computing Lkp. Only
the adapter-on student pass contributes gradients. This im-
plementation avoids loading a separate teacher model and
makes the teacher-student distinction a mode switch of the
same backbone. The additional cost is one extra forward pass
per OOD anchor batch for teacher-logit computation. Since
RAD pairs each target-domain optimizer step with one OOD
anchor batch, the method adds modest training-time over-
head while preserving the same inference-time architecture
as standard LoRA SFT.

Experiments
Experimental Setup

Training Setup. We evaluate three backbones with differ-
ent sizes and instruction-tuning properties: Llama-3.1-8B,
Qwen2.5-7B-Instruct, and Qwen2.5-3B-Instruct (Qwen et al.
2025). For Llama-3.1-8B, we use the base checkpoint rather
than the instruction-tuned variant. All adapted systems use
LoRA adapters (Hu et al. 2021) with the pretrained back-
bone frozen, and all methods share the same target-domain
data and evaluation protocol. RAD defaults to reverse KL
(a = 1.5, 7 = 5.0), with full details in Appendix.

Training Data. We use MedMCQA (Pal, Umapathi, and
Sankarasubbu 2022) as the target-domain fine-tuning task,
training adapted models on the training split and evaluating
them on the validation split. Each example is a four-choice
QA instance whose target response contains the correct op-
tion and its explanation. For the OOD anchor stream, RAD
uses an unlabeled Wikipedia-style corpus, following the use
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of Wikipedia-derived corpora in language modeling bench-
marks (Merity et al. 2016). Here OOD is defined relative to
the target-domain task. The anchor corpus contains 10,000
prefix—continuation examples, where the prefix provides con-
text and the continuation marks the tokens for distributional
anchoring. We filter this corpus against PopQA and TriviaQA
entities and aliases to reduce benchmark contamination.

Compared Baselines. We compare RAD against three sys-
tems. Base is the original backbone without task adaptation
and serves as a no-adaptation reference. Standard SFT fine-
tunes the model only on MedMCQA, following the standard
supervised fine-tuning paradigm used for adapting language
models to target behaviors or tasks (Ouyang et al. 2022).
Replay trains on the same amount of OOD anchor text as
RAD, but uses a hard-label language-modeling loss rather
than matching the base model’s next-token distribution. This
baseline controls for whether the benefit comes simply from
adding general-domain text.

Benchmarks and Metrics

We evaluate target-domain adaptation on MedMCQA (Pal,
Umapathi, and Sankarasubbu 2022) and report validation
accuracy. To assess recognition-style OOD behavior, we use
MMLU (Hendrycks et al. 2021), separating medical sub-
jects as MMLU-Med and non-medical subjects as MMLU-
Other, together with TruthfulQA-MC2 (Lin, Hilton, and
Evans 2022). For open-ended OOD factual generation, we
evaluate TriviaQA (Joshi et al. 2017) and PopQA (Mallen
et al. 2023), reporting exact match (EM) and token-level F1
over acceptable aliases. All multiple-choice scoring, genera-
tion settings, normalization rules, and additional generation-
based multiple-choice checks are detailed in Appendix.

Main Results

For Q1: Does Domain SFT Cause Capability Collapse
or Selective OOD Shift? Table 1 shows domain SFT in-
duces a selective OOD shift, not uniform capability degra-

dation. Across three backbones, standard SFT improves
in-domain MedMCQA performance, confirming effective
target-domain adaptation. Recognition-style OOD perfor-
mance remains comparable on MMLU-Med and MMLU-
Other, suggesting domain tuning does not simply reduce
general multiple-choice competence. Degradation is largest
in open-ended or truthfulness-oriented OOD behavior. For
Llama-3.1-8B, TriviaQA EM drops from 65.03 to 43.95,
and for Qwen2.5-3B-Instruct from 30.57 to 1.04.
Qwen2.5-7B-Instruct shows a related pattern, with
TruthfulQA-MC2 dropping from 64.75 to 49.03. These
results suggest that domain SFT primarily perturbs pre-
adaptation knowledge expression under OOD conditions
rather than uniformly erasing recognition-style ability.

For Q2: Can RAD Recover OOD Factual Behavior While
Preserving Target-Domain Adaptation? RAD mitigates
the SFT-induced OOD shift while retaining competitive in-
domain performance. On L1lama-3.1-8B, RAD improves
both TriviaQA and PopQA EM, while achieving the best
MedMCQA accuracy among fine-tuned systems. The same
trend extends to the Qwen backbones, though the affected
OOD axis differs by model: RAD substantially recovers
TruthfulQA-MC2 on Qwen2.5-7B and TriviaQA EM on
Qwen?2 .5-3B, with only a small MedMCQA drop for the
latter. These results suggest that anchoring the adapted model
to the base model on unlabeled OOD continuations can partly
recover damaged generation behavior without materially un-
dermining target-domain learning. Since RAD introduces no
annotated OOD facts, the improvement is better viewed as
preservation of generation behavior rather than re-learning
the evaluation answers.

For Q3: Is the Soft Base Distribution Necessary Beyond
Same-Text Replay? Replay isolates the role of the soft
base distribution: it uses the same OOD anchor corpus as
RAD but replaces distributional anchoring with hard-label
language modeling. If RAD gained only from extra general-



Variant MedMCQA TriviaQA EM  PopQA EM
Standard SFT 59.43 43.95 11.60
RAD default 60.05 51.62 15.20
Forward KL 59.89 52.88 16.74
Symmetric KL 59.93 52.57 16.58
No clipping 59.98 51.59 16.58
T=25 59.98 52.17 16.77
7 =10.0 60.12 51.84 16.60
On-policy anchor 60.24 51.44 15.10

Table 2: Ablation results of RAD.
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Figure 5: Ablation and checkpoint-dynamics results on
Llama-3.1-8B. Left: effect of anchoring strength «.
Right: TriviaQA accuracy gains of RAD over Standard SFT
at each training epoch.

domain text, Replay would provide comparable preservation.
Instead, Replay lags RAD on OOD recall and often wors-
ens SFT degradation. This is clearest for L1ama-3.1-8B,
where Replay reduces PopQA EM to 3.40, versus 11.60 un-
der standard SFT and 15.20 under RAD. Thus, the key signal
is not anchor text alone but the token-level base-model distri-
bution over that text. Matching this soft distribution preserves
relative preferences over OOD continuations, whereas hard-
label replay adds a competing objective that does not directly
protect generation behavior disrupted by domain SFT.

Ablation Analysis. We conduct an ablation study of
RAD on Llama-3.1-8B to evaluate the impact of anchor-
ing strength, checkpoint dynamics, KL divergence direc-
tion, clipping thresholds, and sampling strategies. Figure 5
demonstrates that the performance improvements are driven
by positive OOD anchoring. Compared to the standard SFT
baseline (o = 0), setting o > 0 enhances performance on
TriviaQA and PopQA while maintaining accuracy on MedM-
CQA near the baseline level. The observed non-monotonic
gains indicate that the parameter o regulates the degree of
OOD preservation rather than converging to a universal op-
timum; consequently, we adopt & = 1.5 as a stable default
configuration. Across all five training epochs, RAD con-
sistently yields higher accuracy on TriviaQA compared to
standard SFT, indicating that the benefits are not specific
to the final checkpoint. Furthermore, Table 2 illustrates the
robustness of the method across variations in forward KL,
symmetric KL, alternative clipping thresholds, and on-policy
anchoring, with EM scores exceeding 51% on TriviaQA and
remaining near 60% on MedMCQA. These findings sug-
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Figure 6: Training time and GPU memory usage of Standard
SFT and RAD across three backbones.

gest that performance preservation stems from aligning the
adapted model with the soft OOD continuation distribution
of the base model, rather than merely from exposure to the
anchor text.

Qualitative Analysis. Figure 4 illustrates qualitative exam-
ples of failure modes identified in the preliminary diagnosis.
In the entity-error case, SFT replaces target answer with an
incorrect but plausible entity, whereas RAD recovers the
concise factual answer. In the format-error case, SFT starts
with the correct token but continues into an unnecessary ex-
planatory completion, producing a malformed short answer;
RAD preserves the factual content and restores the desired
answer format. These examples serve only as qualitative il-
lustrations; aggregate trends appear in Table 1, Table 2 and
Figure 5.

Efficiency Analysis. We examine RAD training cost rela-
tive to Standard SFT in Figure 6. Because RAD uses the same
backbone in two LoRA modes instead of a separate teacher
model, its memory footprint remains essentially unchanged
across all three backbones, with differences within 1 GB.
The main overhead is the additional adapter-off forward pass
on OOD anchor batches, but the total training-time increase
is modest: the largest increase is about 1.4 hours. Overall,
RAD adds limited training-time cost while preserving the
same inference-time architecture as standard LoRA SFT.

Conclusion

This work studies factual access failure in domain SFT, where
models recognize facts but fail to reliably recall or express
them in open-ended OOD generation. Via benchmark com-
parisons, same-fact probes, and failure-mode analysis, we
show SFT-induced degradation is selective: recognition re-
mains stable while open-ended recall and expression de-
grade. We introduce Recall-Anchored Distillation (RAD),
preserving OOD generation by aligning the adapted model
with the base model’s soft continuation distribution on un-
labeled OOD text. Across three MedMCQA-tuned back-
bones, RAD partially recovers damaged OOD factual be-
havior while maintaining target-domain adaptation and out-
performing replay on identical anchor text.
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