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Abstract
External context enables language models to
accomplish tasks which rely on information be-
yond what is captured during pretraining. A
standard way to improve contextual faithful-
ness in these settings is to fine-tune on syn-
thetic, modified questions for which the model
must adhere to provided contexts inconsistent
with information that may have been seen dur-
ing training. While this approach reliably im-
proves contextual faithfulness, we find that
adapting to a narrowly targeted counterfactual
signal yields degradation on other faithfulness
evaluations and regression on tasks that eval-
uate a model’s parametric world knowledge
and reasoning. We find that data augmen-
tation, in which a model is trained on both
parametrically consistent and counterfactual ex-
amples improves performance on faithfulness
tasks with reduced regression on parametric
world knowledge and reasoning tasks. We find
that these improvements are largely consistent
across post-training objectives (i.e. SFT, DPO)
and across ground-truth, counterfactual data
augmentation ratios.

1 Introduction

Language models are frequently deployed in a
changing world and experience performance regres-
sions as parametric knowledge learned during pre-
training becomes incorrect or outdated (Lazaridou
et al., 2021; Luu et al., 2022; Dhingra et al., 2022).
To address these challenges, language models may
often incorporate external non-parametric evidence,
e.g., retrieved passages in retrieval-augmented gen-
eration (Lewis et al., 2020). However, model per-
formance can degrade when provided context is
misleading or contradicts factual parametric knowl-
edge encoded during pre-training (Mallen et al.,
2023; Xu et al., 2024).

As models can over-rely on memorized knowl-
edge when it conflicts with the provided context

*Equal contribution.
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Figure 1: Data augmentation improves the trade-off
between contextual faithfulness and parametric reten-
tion on ConFiQA. The y-axis shows aggregate held-out
contextual gain (orig+mod where applicable) across
knowledge-conflict benchmarks; the x-axis shows mean
parametric retention on knowledge and reasoning bench-
marks. Point labels: mod = modified-context examples
only; m = multi-task; c = continual. Ratios (e.g., 1:1,
1:3, 1:4) denote the proportion of original- to modified-
context examples in multi-task training; continual vari-
ants (c1:1, c1:3) follow a sequential schedule.

(Longpre et al., 2021), and LLMs show confirma-
tion bias toward their parametric memory when
evidence is mixed (Xie et al., 2024), recent work
has sought to explicitly evaluate and train models
to improve their contextual faithfulness (Bi et al.,
2025; Wu et al., 2024; Ming et al., 2025; Si et al.,
2026).

A common recipe to improve contextual faithful-
ness in LLMs is post-training on context-grounded
QA data, often synthetic or counterfactual, via su-
pervised fine-tuning, preference optimization, or
reinforcement learning (Bi et al., 2025; Si et al.,
2026; Li et al., 2025). These methods are typically
trained and evaluated solely on questions that test
the adherence to synthetic counterfactual context.
This leaves two open concerns: do gains in contex-
tual faithfulness come at the cost of forgetting the
model’s pre-trained parametric knowledge or gen-
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eral reasoning behaviors, and do those gains trans-
fer to held-out contextual benchmarks? We find
that standard counterfactual-only training yields
regressions during both transfer to tasks which
evaluate different forms of faithfulness from the
training demonstrations; and on tasks which eval-
uate a model’s parametric ability to capture world
knowledge or perform reasoning.

As an intervention to improve faithfulness and
preserve parametric knowledge, we study data
augmentation in which we mix original-context
examples close to the model’s pretraining and
instruction-tuning distribution with the counter-
factual examples used in faithfulness fine-tuning.
We train Llama-3.1-8B-Instruct and Qwen3-8B
on context-sensitive question-answer pairs from
the ConFiQA dataset (Bi et al., 2025). We evalu-
ate SFT and DPO-based post-training approaches
across data augmentation ratios, measuring both
contextual faithfulness and parametric retention.
We consider data augmentation in two settings: (1)
a multi-task learning setup in which the parametri-
cally consistent examples are used alongside stan-
dard counterfactual-only training; and (2) a sequen-
tial, continual learning setup in which a model is
first trained on parametrically consistent examples
then on counterfactual examples.

Our contributions are: (i) a systematic compar-
ison of data augmentation ratios for contextual-
faithfulness fine-tuning; (ii) evidence that modified-
only fine-tuning induces regression in a model’s
parametric knowledge and reasoning capabilities
when evaluated in a context-free setting; and (iii)
evidence that data augmentation improves trans-
fer on held-out faithfulness benchmarks and incurs
less parametric regression.

2 Related Work

Contextual-Faithfulness in Language Models.
Retrieval of non-parametric information is fre-
quently used to inform language models of informa-
tion outside of their pretraining data (Lewis et al.,
2020). However, retrieved non-parametric infor-
mation can mislead models and conflict with their
parametric knowledge, degrading downstream per-
formance (Mallen et al., 2023).

As a result, a growing body of work evaluates
how well LLMs ground answers in retrieved evi-
dence when it conflicts with their parametric priors.
This has yielded a number of datasets to evalu-
ate the faithfulness in inconsistent, temporal, or

misleading-evidence settings (Longpre et al., 2021;
Xie et al., 2024; Bi et al., 2025; Wu et al., 2024;
Ming et al., 2025; Ouyang et al., 2025; Su et al.,
2024).

Training-time approaches include standard su-
pervised finetuning on contextual faithfulness
counter examples, direct preference optimization
(DPO) on faithful versus stubborn responses (Bi
et al., 2025), synthetic short-form QA with rules-
based GRPO-based RL (Si et al., 2026), confidence-
reasoning preference optimization (Huang et al.,
2025), sentence-level generative and discriminative
self-evolution (Li et al., 2025), and self-supervised
context/no-context preferences (Tang et al., 2025).
These approaches often consider a limited set of
contextual-faithfulness types and neglect the im-
pact of faithfulness training on parametric knowl-
edge.

Data Augmentation and Mixtures. Variations
in training data selection and structure are known to
greatly affect the downstream task performance of
language models. The efficacy of various transfer
and data augmentation techniques is often depen-
dent on the quality and relevance of the augmenta-
tions to the target task (Pruksachatkun et al., 2020;
Vu et al., 2020). Relatedly, curriculum learning or-
ders training examples from easier to harder (Ben-
gio et al., 2009), and gradual domain adaptation
adapts a model through a sequence of gradually
shifting distributions rather than directly to the tar-
get (Kumar et al., 2020), motivating our continual-
training variant in which a model is adapted first
on parametrically consistent examples and then on
counterfactual examples. Separately, data augmen-
tation has long been used in NLP (Wei and Zou,
2019), and synthetic data is frequently used in mod-
ern large language model post-training to improve
coverage and diversity of training data (Wang et al.,
2023; Honovich et al., 2023). In contrast to syn-
thetic data augmentation, we examine the effective-
ness of augmenting training with ground-truth QA
examples that are both parametrically consistent
and contextually sensitive, whereas existing work
on contextual faithfulness trains only on synthetic
counterfactual instances. Additionally, the compo-
sition of training data strongly affects downstream
behavior (Longpre et al., 2024), and data mixture
and selection methods sample training data at dif-
ferent proportions or importance weights (Xie et al.,
2023a,b).
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3 Method

3.1 Problem Setup

To evaluate the effectiveness of post-training meth-
ods for contextual faithfulness, we consider the
task of contextually sensitive question answering.
Each example provides a question q, an original
context-answer pair (co, ao) that aligns with world
knowledge, and a modified context-answer pair
(cm, am) in which the context has been counterfac-
tually perturbed. We evaluate the QA performance
of a model in its abilities to: correctly respond
with the counterfactual answer when provided with
modified context (Pc(m)); respond with the para-
metrically consistent answer when provided with
the original context (Pc(o)) and when provided the
question-only (Pc(no_ctx)).

All models are trained exclusively on the Con-
FiQA training split (Bi et al., 2025); as ConFiQA
does not provide an official split, we construct our
own train/test partition (Appendix C.3). We ac-
cordingly evaluate on: (i) in-domain contextual
faithfulness on the ConFiQA test split; (ii) held-out
contextual faithfulness on external conflict bench-
marks constructed using different data pipelines
(FaithEval, ClashEval, HoH, ConflictBank), testing
whether models learn robust context-following be-
havior; and (iii) parametric retention in no-context
settings on world-knowledge and reasoning tasks
(TriviaQA, PopQA, MMLU, GSM8K, BBH). For
ConFiQA we adopt the evaluation metrics of Bi
et al. (2025), and for the held-out conflict bench-
marks we use Partial Match; full details on datasets
and evaluation metrics are provided in Appendix D.

3.2 Fine-Tuning for Contextual Faithfulness

We consider two training paradigms. SFT directly
fine-tunes on supervised context-answer pairs with
a language modeling objective. DPO follows the
Context-DPO formulation (Bi et al., 2025), with
the preferred response grounded in the provided
context and the dispreferred response reflecting the
competing parametric answer.

Our main intervention is data augmentation. In-
stead of training only on modified-context exam-
ples, we mix in original-context examples that are
consistent with parametric information that may
have been learned during pretraining. Original con-
text examples are either mixed alongside the coun-
terfactual examples to create a single larger training
dataset in a multi-task configuration; or are used
for sequential training in which the model is first

adapted on original-context data and then contin-
ued on the modified-context objective.

We order the sequential intervention original-
context first, then counterfactual, following a cur-
riculum intuition: the model first adapts to the gen-
eral format of contextually-sensitive QA on the
prior-aligned, “easy” version of the task, then con-
tinues on the harder counterfactual case where it
must follow context that conflicts with its priors.
We place the counterfactual phase last so that train-
ing ends on the behavior we ultimately want, fa-
voring context over parametric knowledge; the re-
verse order would end on prior-aligned data and par-
tially undo the faithfulness adaptation. This mirrors
curriculum- and gradual-adaptation approaches
that order training from more in-distribution to
more distribution-shifted data.

We compare modified-only training against
variants with different original-context:modified-
context ratios (e.g., 1:1, 1:3, and 1:4). In the multi-
task configuration, the ratio is a mixture proportion
within a single dataset: 1:3 includes three modified-
context examples for every original-context exam-
ple. In the continual configuration, the two ex-
ample types occupy separate phases, and the ra-
tio sets the number of epochs in each phase: 1:3
trains for one epoch on the full original-context set
followed by three epochs on the full counterfac-
tual set. Neither configuration is compute-matched
with modified-only training: the multi-task variants
add original-context examples on top of the full
modified-context set, and the continual variants add
original-context epochs before the counterfactual
phase. We find, however, that performance (Fig-
ure 1) is driven by the augmentation ratio rather
than the number of updates, and we return to this
in the Limitations. Dataset construction details are
in Appendix H.

4 Results and Discussion

In Tables 1, 2, and 3, we present the results of vari-
ous post-training techniques for contextual faithful-
ness trained with different data augmentation ratios.
Throughout, fine-tuned rows report the change rel-
ative to the base model, and cells are the mean
over three seeds with the sample standard devi-
ation. For ConFiQA, we define contextual gain
as the average of ∆Pc(m) and ∆Pc(o), captur-
ing performance under both modified (counterfac-
tual) and original contexts, averaged across its QA,
MC, and MR splits. For the held-out analysis,
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Model Pc(m) ↑ Pc(o) ↑ Pc(no_ctx) ↑

Base 54.66±0.04 69.38±0.06 24.57±0.01

SFT (Modified only) +34.43±0.04 +20.96±0.04 -3.34±0.05
SFT Multi-task (1:1) +34.97±0.06 +23.07±0.04 +8.22±0.12
SFT Multi-task (1:3) +34.76±0.06 +22.17±0.16 +4.40±2.04
SFT Continual (1:3) +35.06±0.06 +22.32±0.05 +9.61±0.08
SFT Continual (1:1) +35.03±0.04 +22.30±0.07 +8.98±0.08

DPO (Modified only) +19.51±0.06 +3.52±0.03 -7.87±0.13
DPO Multi-task (1:1) +21.77±0.17 +6.23±0.19 -7.13±0.02
DPO Multi-task (1:3) +20.21±0.03 +6.71±0.04 -13.04±0.13
DPO Multi-task (1:4) +22.93±0.07 +9.71±0.04 -7.27±0.08
DPO Continual (1:1) +17.73±0.06 +8.81±0.08 -2.70±0.13
DPO Continual (1:3) +20.01±0.11 +9.53±0.17 -1.98±0.11

Table 1: Data augmentation improves original-context faith-
fulness and parametric retention with little change to counter-
factual faithfulness, most so for the continual variants. Results
on ConFiQA, our in-domain counterfactual benchmark. We
report contextual faithfulness under modified context (Pc(m))
and original context (Pc(o)), and no-context parametric reten-
tion (Pc(no_ctx)).
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Figure 2: Aggregated in-domain Pareto comparison on Con-
FiQA. Each point averages performance across QA, MC, and
MR split. Contextual gain is calculated by taking average
of ∆Pc(m) and ∆Pc(o). Pc(no_ctx) is the question-only
evaluation.

we analogously aggregate contextual-faithfulness
gains across the non-ConFiQA knowledge conflict
benchmarks, and use the no-context evaluations
(TriviaQA, PopQA, MMLU, GSM8K, BBH) as
probes of parametric retention.

4.1 Multi-task DPO Achieves Favorable
Faithfulness–Retention Trade-offs

In-Domain (ConFiQA) Contextual Faithfulness
and Retention. We consider the impact of data
augmentation on ConFiQA test performance. In
Figure 2, multi-task training improves contextual
gain and reduces parametric knowledge regres-
sion relative to modified-only baselines. For DPO,
multi-task training with ratios of 1:1 and 1:4 yields
higher contextual gain with less severe retention
loss. Notably, modified-only SFT also achieves
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Figure 3: Relationship between in-domain and held-out con-
textual gains. The x-axis shows aggregate contextual gain on
the ConFiQA test split and the y-axis shows aggregate con-
textual gain across held-out conflict benchmarks (FaithEval,
ClashEval, HoH, ConflictBank).

strong in-domain contextual faithfulness (Table 1,
∆Pc(m) of +34.43), but as we show below these
gains do not generalize to held-out benchmarks.

Generalization to Held-Out Benchmarks. In
Figures 1 and 2, multi-task DPO improves con-
textual faithfulness on both the task it optimized
for (ConFiQA) and held-out faithfulness bench-
marks, while keeping parametric regression low.
In contrast, modified-only DPO does not transfer
as well to held-out benchmarks. Concretely, in Ta-
bles 2 and 3, DPO Multi-task (1:4) improves held-
out faithfulness (e.g., FaithEval +9.16, ClashE-
val mod +4.19, HoH mod +7.62) while keeping
parametric regression minimal (TriviaQA −0.48,
BBH −0.17). Similarly, in Figure 3, multi-task
DPO moves up and to the right relative to the
modified-only baseline, improving both in-domain
and held-out contextual faithfulness. This contrasts
with modified-only SFT, which performs well in-
domain but collapses on held-out benchmarks (Ta-
ble 2; FaithEval −23.56, ClashEval orig −41.51).

Across Figures 1 and 3, the 1:4 setting attains the
best overall trade-off, with the strongest aggregate
held-out contextual gain and parametric regression
close to zero, though the benefit of augmentation
holds across all ratios. Continual-training DPO
variants recover some retention but sit lower on
the contextual-gain axis, placing them below the
multi-task cluster on the overall frontier.

4.2 Continual Training Improves Parametric
Retention for Reduced Contextual Gain

The continual-training variants occupy a distinct
region of the faithfulness–retention frontier: they
preserve, and in some cases improve, parametric
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Model FaithEval ClashEval HoH ConflictBank

mod ↑ orig ↑ mod ↑ orig ↑ mod ↑ orig ↑ mod ↑

Base 54.07±0.16 88.18±0.03 78.71±0.02 73.87±0.13 74.68±0.02 74.57±0.39 70.08±0.51

SFT (Modified only) -23.56±0.33 -41.51±0.17 -38.07±0.12 -9.08±0.87 -9.29±0.41 +12.44±0.66 +11.68±0.26
SFT Multi-task (1:1) -17.06±0.18 -29.33±0.07 -23.50±0.13 -10.98±0.64 -11.13±0.45 +14.73±0.49 +16.64±0.14
SFT Multi-task (1:3) -20.70±0.16 -35.45±0.15 -31.02±1.13 -13.15±0.26 -13.40±0.23 +15.56±0.89 +14.95±0.74
SFT Continual (1:3) +4.29±0.10 -19.19±0.11 -13.34±0.03 -2.84±0.33 -3.13±0.33 +19.14±0.57 +22.02±0.52
SFT Continual (1:1) -2.38±0.24 -24.61±0.08 -19.47±0.09 -6.67±0.55 -6.91±0.41 +17.39±0.36 +20.19±0.46

DPO (Modified only) +8.27±0.10 -3.86±0.10 +2.59±0.03 +3.46±0.31 +3.58±0.03 +0.15±0.08 +2.16±0.15
DPO Multi-task (1:1) +11.03±0.18 -9.04±0.06 -0.57±0.21 +8.03±0.32 +8.12±0.26 +0.16±0.07 +2.66±0.08
DPO Multi-task (1:3) +9.50±0.20 -6.56±0.10 +1.78±0.08 +7.86±0.11 +8.01±0.34 +0.14±0.09 +2.12±0.09
DPO Multi-task (1:4) +9.16±0.24 -4.36±0.05 +4.19±0.01 +7.58±0.18 +7.62±0.31 +0.14±0.07 +2.09±0.01
DPO Continual (1:1) +6.33±0.20 -16.64±0.08 -10.27±0.19 +1.55±0.10 +2.03±0.22 +0.13±0.07 +1.92±0.03
DPO Continual (1:3) +8.10±0.43 -10.82±0.08 -3.92±0.16 +5.35±0.08 +5.64±0.33 +0.16±0.08 +2.34±0.09

Table 2: Adding original-context examples improves transfer to held-out conflict benchmarks over modified-only training.
Results on FaithEval, ClashEval, HoH, and ConflictBank, under original (orig) and modified (mod) context settings as applicable.

Model MMLU ↑ GSM8K ↑ BBH ↑ TriviaQA ↑ PopQA ↑
Base 47.52 ±0.32 22.87 ±0.75 43.19 ±0.11 66.26 ±0.39 22.88 ±0.29

SFT (Modified only) -36.52 ±0.46 -21.48 ±0.77 -41.16 ±0.13 -40.92 ±0.69 -9.85 ±0.38
SFT Multi-task (1:1) -28.97 ±0.39 -19.79 ±0.72 -40.15 ±0.15 -36.29 ±0.68 -4.27 ±0.24
SFT Multi-task (1:3) -32.37 ±1.72 -19.96 ±0.74 -41.72 ±0.13 -34.33 ±1.85 -6.27 ±1.20
SFT Continual (1:3) -11.42 ±0.57 -14.81 ±0.90 -34.49 ±0.12 -17.46 ±0.61 +0.22 ±0.23
SFT Continual (1:1) -15.15 ±0.85 -13.27 ±0.95 -35.87 ±0.20 -21.42 ±0.53 -2.60 ±0.24

DPO (Modified only) +0.70 ±0.18 +3.59 ±0.62 +0.02 ±0.10 -2.67 ±0.42 -2.76 ±0.18
DPO Multi-task (1:1) +0.10 ±0.25 +2.73 ±0.92 -9.03 ±0.13 -3.41 ±0.45 -1.37 ±0.15
DPO Multi-task (1:3) +1.25 ±0.23 +6.65 ±1.03 -1.18 ±0.19 -5.76 ±0.47 -6.66 ±0.08
DPO Multi-task (1:4) -1.03 ±0.24 +6.67 ±0.79 -0.17 ±0.11 -0.48 ±0.30 -2.16 ±0.07
DPO Continual (1:1) -0.81 ±0.03 +2.68 ±0.84 -0.05 ±0.19 -1.00 ±0.12 -1.30 ±0.09
DPO Continual (1:3) -0.11 ±0.22 +0.33 ±0.69 -0.31 ±0.06 -1.13 ±0.32 -1.17 ±0.08

Table 3: Data augmentation for contextual faithfulness minimally impacts parametric knowledge and reasoning. Closed-book
MMLU, GSM8K, and BBH, and factual recall on TriviaQA and PopQA.

knowledge more effectively than their modified-
only and multi-task counterparts, but at the cost
of reduced contextual gains. In Figure 2, contin-
ual SFT is particularly striking in that it both im-
proves faithfulness and parametric knowledge (Ta-
ble 1, ∆Pc(m) of +35.06 alongside ∆Pc(no_ctx)
of +9.61). Among DPO variants, continual DPO
achieves the best in-domain parametric retention
(Table 1, ∆Pc(no_ctx) of −1.98), for lower con-
textual gain. This pattern extends to held-out
benchmarks: in Figure 1, continual SFT improves
both retention and contextual gain more strongly
than multi-task SFT, with Tables 2 and 3 showing
near-zero parametric regression on PopQA (+0.22)
alongside a positive FaithEval gain (+4.29) for the
1:3 ratio. Continual DPO, by contrast, retains com-
parably or better than other DPO variants but in-
curs substantially lower contextual gains than both
multi-task and modified-only DPO.

4.3 Robustness Across Models

To test whether these findings are model-specific,
we evaluate a representative subset of settings on
Qwen3-8B (modified-only, one multi-task ratio,
and one continual ratio per method; Appendix E,
Table 4). The DPO results replicate Llama: multi-
task DPO (1:4) improves contextual faithfulness

over modified-only DPO across both in-domain
and held-out benchmarks while reducing paramet-
ric regression on TriviaQA, PopQA, MMLU, and
GSM8K. The in-domain SFT also observes consis-
tent behaviors, with SFT variants reaching similar
Pc(m) gains. The main difference is on held-out
SFT: Qwen3 modified-only SFT does not exhibit
the sharp degradation seen on Llama, so augmen-
tation is less necessary there, though data augmen-
tations still offers performance improvements on
ConflictBank and multi-task is the only SFT setting
to improve factual recall on PopQA (+3.90).

Taken together, these results highlight that dif-
ferent training strategies interact differently with
each fine-tuning objective. Rather than a single
dominant strategy, the optimal choice depends on
the objective itself: sequential continual training
proves especially effective when the objective is ag-
gressive, as in SFT, while multi-task better serves
more conservative objectives like DPO, a pattern
that largely holds across both models we study.

Limitations

In our work, we examine the effectiveness of para-
metrically consistent and counterfactual data mix-
tures on the contextual faithfulness of large lan-
guage models. We consider this from the perspec-
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tive of multi-task and sequential training. However,
we acknowledge that there are other forms of train-
ing which could incorporate data mixtures.

Our augmented settings are not compute-
matched with modified-only training, since they
add original-context examples (multi-task) or addi-
tional epochs (continual) on top of the full counter-
factual set. We find that position on the faithfulness–
retention frontier is governed by the augmentation
ratio rather than the number of examples or updates
(Appendix H). Our experiments also are limited
to investigation of 8B parameter instruction-tuned
models. Our contribution is a training-time inter-
vention that leaves inference untouched, and we
do not investigate training-free approaches to con-
textual faithfulness, such as inference-time decod-
ing methods (e.g., watermark-inspired or context-
aware decoding). These approaches are orthogonal
to ours as they operate on different stages of the
model pipeline, and as a result we would expect
the gains to stack. A systematic study of combin-
ing our data mixtures with training-free decoding
methods is outside the scope of this work, though
we view it as a promising direction.

Additionally, we acknowledge that improving
contextual faithfulness and instruction-following
capabilities of language models could expose safety
risks, for instance through increased susceptibility
to jailbreaking.
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A Data and Model Usage & Licensing

The Llama-3.1 model is used under the terms of
the Llama 3 Community License Agreement*, and
Qwen3-8B is used under the Apache 2.0 License.
The ClashEval, PopQA, MMLU, GSM8K, and
BBH datasets are used under the MIT License. The
FaithEval, TriviaQA, and HoH datasets are used
under the Apache 2.0 License. ConflictBank is
used under the CC-BY 4.0 License.

To our knowledge the data used for model train-
ing and evaluation does not contain PII or offensive
content, as datasets are largely synthetically gen-
erated or evaluate for standard world knowledge.
Models are trained on English language data. The
use of data is consistent with the intended use.

B Benchmarks

We train on ConFiQA and evaluate on ConFiQA,
four held-out knowledge-conflict benchmarks, and
five closed-book benchmarks. Datasets with more
than 10,000 examples are shuffled with a fixed seed
and truncated to 10,000; smaller ones are used
in full. Prompting and scoring are described in
Appendix D.

Training and in-domain evaluation. ConFiQA
(Bi et al., 2025) pairs each original question, con-
text, and answer with a counterfactual version in
which the answer is replaced by an entity of the
same type and the context is edited to support it. It
has three subsets of 6,000 examples each: single-
hop QA, multi-hop reasoning (MR), where the sub-
stituted fact sits in a 2–4 hop reasoning chain, and
multiple conflicts (MC), where several facts in the
chain are substituted. We train on 4,500 examples
per subset and test on the remaining 1,500 (Ap-
pendix C.3), reporting each subset separately.

Held-out knowledge-conflict benchmarks.

• FaithEval (Ming et al., 2025) tests faithful-
ness under unanswerable, inconsistent, and
counterfactual contexts. We use the counter-
factual task: about 1K multiple-choice science
questions from ARC-Challenge, each paired
with an LLM-written multi-paragraph context
that argues for a wrong option (three to five
options per question). There is no original
context, so we report only the modified set-
ting.

*https://www.llama.com/llama3/license/
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Model ConFiQA FaithEval ClashEval HoH ConflictBank Closed-book / recall

Pc(m) ↑ Pc(o) ↑ Pc(no_ctx) ↑ mod ↑ orig ↑ mod ↑ orig ↑ mod ↑ orig ↑ mod ↑ MMLU ↑ GSM8K ↑ BBH ↑ TriviaQA ↑ PopQA ↑

Base 60.87±0.05 70.21±0.01 20.95±0.11 47.74±0.21 87.30±0.02 76.00±0.08 61.95±0.56 62.39±0.29 74.67±0.48 69.05±0.46 54.81±0.25 16.78±0.19 42.73±0.13 46.74±0.23 14.34±0.35

SFT (Modified only) +28.26±0.05 +18.48±0.01 +8.12±0.22 +19.07±0.21 -4.62±0.05 -3.68±0.22 +20.08±0.59 +20.32±0.49 +0.27±0.08 +4.64±0.08 -3.48±0.05 +3.41±0.13 -27.81±0.15 -1.05±0.30 -0.83±0.33
SFT Multi-task (1:1) +28.64±0.05 +22.24±0.01 +11.30±0.10 +19.82±0.27 -10.01±0.13 -3.43±0.15 +15.28±0.82 +15.24±0.47 +17.54±0.48 +21.95±0.53 -5.04±0.10 +7.99±0.37 -22.48±0.08 -6.04±0.17 +1.77±0.25
SFT Multi-task (1:3) +28.58±0.06 +21.41±0.01 +15.66±0.16 +16.82±0.29 -10.06±0.09 -5.23±0.19 +11.82±0.39 +11.87±0.53 +16.55±0.66 +20.14±0.45 -3.83±0.19 +10.46±0.23 -20.99±0.10 -1.76±0.28 +3.90±0.31
SFT Continual (1:3) +28.90±0.05 +21.00±0.02 +3.76±0.08 +17.98±0.62 -14.39±0.08 -11.57±0.11 +11.32±0.82 +12.18±0.44 +18.51±0.73 +21.12±0.48 -3.43±0.21 +8.26±0.27 -24.38±0.10 -9.82±0.07 -0.73±0.40

DPO (Modified only) +8.92±0.11 -1.88±0.08 -6.27±0.08 +7.46±0.31 -0.72±0.03 +2.55±0.13 +0.57±0.43 +0.58±0.37 +0.13±0.04 +1.40±0.10 +0.02±0.06 +0.61±0.20 -0.68±0.08 -9.07±0.11 -3.57±0.11
DPO Multi-task (1:3) +12.48±0.03 +2.40±0.10 -4.90±0.05 +8.68±0.31 -0.30±0.02 +4.31±0.10 +3.31±0.33 +3.41±0.29 +0.14±0.05 +1.58±0.14 -0.05±0.04 +1.01±0.29 +0.92±0.19 -7.21±0.22 -2.99±0.07
DPO Multi-task (1:4) +12.13±0.07 +2.02±0.04 -4.74±0.17 +7.80±0.16 +0.71±0.06 +5.12±0.13 +2.77±0.48 +2.66±0.22 +0.14±0.05 +1.46±0.10 +0.12±0.06 +0.94±0.29 -0.72±0.18 -6.02±0.25 -2.90±0.07
DPO Continual (1:3) +10.05±0.00 +2.67±0.08 -4.47±0.14 +7.66±0.27 -0.22±0.04 +3.43±0.08 +0.63±0.21 +0.69±0.23 +0.16±0.06 +1.74±0.15 +0.07±0.07 +2.10±0.16 +1.99±0.13 -6.34±0.14 -2.77±0.07

Table 4: Qwen3-8B results across all benchmarks, laid out to match the Llama-3.1-8B-Instruct tables. Fine-tuned
rows are deltas relative to the Qwen3-8B base model; cells are the mean over three seeds with the sample standard
deviation as a subscript. Best values are bolded within each training family.

ConFiQA

Model QA MC MR ClashEval HoH TriviaQA PopQA

Llama-3.1-8B-Instruct
Base 4.0 39.9 41.5 32.2 49.1 1.5 16.3
SFT (all variants) 0.0 0.0 0.0 0.0 0.0 0.0 0.0
DPO (Modified only) 20.6 74.2 74.2 56.1 71.7 8.0 39.8
DPO Multi-task (1:1) 27.2 58.8 58.8 67.2 74.2 13.3 47.6
DPO Multi-task (1:3) 43.2 93.4 93.0 87.9 90.7 13.1 60.7
DPO Multi-task (1:4) 12.4 64.2 66.7 60.8 73.9 3.4 32.0
DPO Continual (1:1) 15.1 58.0 56.8 59.3 72.8 7.8 27.6
DPO Continual (1:3) 13.7 57.1 56.4 55.0 70.1 7.3 34.0

Qwen3-8B
Base 15.9 48.1 48.6 47.6 63.5 11.0 56.2
SFT (Modified only) 0.2 0.7 0.5 5.4 14.5 0.2 0.6
SFT Multi-task (1:1) 0.0 0.0 0.0 0.0 0.0 0.0 0.0
SFT Multi-task (1:3) 0.0 0.0 0.0 0.0 0.0 0.0 0.0
DPO (Modified only) 32.6 60.8 61.9 58.5 73.8 16.8 67.3
DPO Multi-task (1:3) 32.7 59.1 58.7 56.3 71.6 17.5 67.2
DPO Multi-task (1:4) 32.0 59.0 60.1 55.2 70.9 16.2 66.3
DPO Continual (1:3) 32.0 60.7 62.1 63.0 76.7 20.0 68.3

Table 5: No-context abstention rate (%,
INSUFFICIENT_CONTEXT responses), mean over
three seeds.

• ClashEval (Wu et al., 2024) contains over
1,200 questions from six domains, such as
drug dosages, Olympic records, and locations,
each paired with a reference document. The
answer inside the document is perturbed with
edits ranging from subtle to blatant, which
gives an original and a modified context per
question.

• HoH (Ouyang et al., 2025) targets outdated
information. Its QA pairs are built from real
Wikipedia revisions with a token-level diff
and an LLM pipeline, where each QA pair
has the current evidence and answer with ear-
lier, outdated versions. We use the current
evidence as the original context and the first
outdated version as the modified context, then
score each against its own answer. Unlike
the original HoH setup, which always expects
the current answer, we instruct our model to
follow whichever version it is shown.

• ConflictBank (Su et al., 2024) is built from
Wikidata facts and covers conflicts caused by
misinformation, temporal change, and seman-
tic divergence. Conflicting claims are made by

substituting the object of a fact, and an LLM
writes supporting evidence for each claim.
Questions are four-option multiple choice. We
use the default evidence as the original con-
text and the misinformation-conflict evidence
as the modified context.

Closed-book benchmarks. These are evaluated
without context and measure parametric retention.

• MMLU (Hendrycks et al., 2021), all 57 sub-
jects): multiple-choice world knowledge.

• GSM8K (Cobbe et al., 2021) (gsm8k): grade-
school math word problems, scored on the
final numeric answer.

• BBH (Suzgun et al., 2022) (lukaemon/bbh,
all 27 tasks): multi-step reasoning.

• TriviaQA (Joshi et al., 2017): factual recall.
We use the validation split because test an-
swers are not public.

• PopQA (Mallen et al., 2023): factual recall
over entities of varying popularity, including
long-tail facts.

C Training and Implementation Details

C.1 Exact Prompt Templates
Unless otherwise noted, all of our main runs use
the same prompt schema.

The exact open-ended QA prompt with context
is:

Answer the question using only the provided
context.↪→

Rules:
1. Use only facts explicitly stated in the

context.↪→
2. Do not use prior knowledge, world knowledge,

or assumptions.↪→
3. Base the answer on the single span in the

context that most directly answers the
question.

↪→
↪→
4. If the context does not explicitly contain the

answer, return exactly: INSUFFICIENT_CONTEXT↪→

4427



QA split MC split MR split

Model Pc(m) ↑ Pc(o) ↑ Pc(no_ctx) ↑ Pc(m) ↑ Pc(o) ↑ Pc(no_ctx) ↑ Pc(m) ↑ Pc(o) ↑ Pc(no_ctx) ↑

Base 72.74±0.10 82.09±0.08 43.91±0.08 40.47±0.12 62.69±0.10 14.98±0.14 50.78±0.10 63.36±0.21 14.82±0.08

SFT (Modified only) +25.59±0.10 +13.16±0.10 -15.07±0.13 +44.07±0.12 +23.60±0.07 +0.62±0.14 +33.62±0.10 +26.11±0.21 +4.42±0.04
SFT Multi-task (1:1) +25.15±0.13 +14.91±0.10 -5.27±0.07 +44.40±0.12 +26.64±0.10 +13.96±0.10 +35.36±0.10 +27.64±0.21 +15.98±0.27
SFT Multi-task (1:3) +25.35±0.27 +13.82±0.08 -3.80±1.73 +44.11±0.04 +25.47±0.24 +7.98±1.81 +34.82±0.14 +27.22±0.27 +9.02±2.58
SFT Continual (1:3) +25.79±0.10 +14.56±0.10 -0.73±0.18 +44.47±0.12 +25.51±0.10 +13.40±0.18 +34.91±0.10 +26.89±0.20 +16.18±0.23
SFT Continual (1:1) +25.53±0.10 +14.38±0.08 -1.33±0.13 +44.53±0.12 +25.49±0.10 +14.00±0.31 +35.02±0.10 +27.04±0.21 +14.27±0.00

DPO (Modified only) +10.47±0.00 +0.09±0.14 -5.51±0.34 +31.36±0.14 +5.51±0.04 -9.76±0.21 +16.69±0.04 +4.96±0.14 -8.36±0.23
DPO Multi-task (1:1) +15.19±0.08 +2.44±0.20 -3.78±0.14 +31.53±0.23 +8.60±0.41 -9.40±0.31 +18.60±0.35 +7.64±0.14 -8.22±0.28
DPO Multi-task (1:3) +14.28±0.13 +3.67±0.18 -13.64±0.30 +28.96±0.14 +8.22±0.17 -13.11±0.14 +17.40±0.27 +8.24±0.17 -12.36±0.04
DPO Multi-task (1:4) +13.28±0.12 +4.02±0.17 -3.93±0.13 +34.80±0.13 +12.78±0.14 -9.09±0.28 +20.71±0.04 +12.33±0.23 -8.80±0.12
DPO Continual (1:1) +10.34±0.18 +5.16±0.08 -2.53±0.27 +26.64±0.17 +10.73±0.07 -3.62±0.20 +16.20±0.13 +10.53±0.29 -1.93±0.18
DPO Continual (1:3) +11.16±0.21 +4.47±0.00 -0.29±0.08 +30.27±0.12 +12.73±0.18 -3.24±0.20 +18.60±0.18 +11.38±0.39 -2.40±0.07

Table 6: Llama-3.1-8B-Instruct ConFiQA results by split. Base row is absolute; fine-tuned rows are deltas relative
to the base model. Mean over three seeds with sample standard deviation as a subscript. Best values are bolded
within each training family.

Method Setting Examples seen #Updates

SFT

modified-only 13,495 211
multi-task (1:1) 26,995 422
multi-task (1:3) 17,995 282
continual (c1:1) 80,985 1,266
continual (c1:3) 53,985 844

DPO

modified-only 40,494 2,532
multi-task (1:1) 80,994 5,064
multi-task (1:3) 53,994 3,375
multi-task (1:4) 50,619 3,165
continual (c1:1) 80,994 5,064
continual (c1:3) 54,094 3,382

Table 7: Per-setting training budget. Examples seen is
the cumulative number of training examples across all
epochs (dataset size × epochs); #Updates is the total
number of optimizer steps. Augmented settings add
original-context examples on top of the full modified-
context set and are therefore not compute-matched with
modified-only training.

5. If the context contains conflicting
information, choose the statement that most
directly answers the question and do not
reconcile with outside knowledge.

↪→
↪→
↪→
6. Reply with ONLY the answer itself: no

preamble, no explanation, and no repetition
of the question.

↪→
↪→

Formatting:
- If the answer is numerical, return digits only.
- Do not use commas in numbers.
- Do not add units unless they appear in the

answer span itself.↪→

Context:
'''{context}'''

Question: {question}

The exact no-context open-ended prompt is:

Answer the question using only your own
knowledge.↪→

Rules:
1. Choose the single answer that most directly

answers the question.↪→

2. If you cannot answer confidently from your
knowledge, return exactly:
INSUFFICIENT_CONTEXT

↪→
↪→
3. If the question is ambiguous, choose the

interpretation that is most directly
supported by the wording of the question.

↪→
↪→
4. Reply with ONLY the answer itself: no

preamble, no explanation, and no repetition
of the question.

↪→
↪→

Formatting:
- If the answer is numerical, return digits only.
- Do not use commas in numbers.
- Do not add units unless they appear in the

answer span itself.↪→

Question: {question}

The exact multiple-choice prompt with context
is:

You are given:
1. Context retrieved from a document.
2. A multiple-choice question with answer

choices.↪→

Your task is to select the answer choice that is
most strongly supported by the provided
context.

↪→
↪→
Rely only on the context, even if another choice

may seem correct based on prior knowledge.↪→
Do not use outside knowledge, common sense beyond

the context, or assumptions.↪→
If multiple choices seem plausible, choose the

one with the closest and strongest grounding
in the context.

↪→
↪→

Context:
{context}

Question:
{question}

Choices:
{choices}

Respond with ONLY the single letter of the
correct choice ({final_answer_format}). No
words, no punctuation, no explanation, no
restating of the choice.

↪→
↪→
↪→

The exact no-context multiple-choice prompt is:
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Answer the following multiple-choice question.

Question:
{question}

Choices:
{choices}

Respond with ONLY the single letter of the
correct choice ({final_answer_format}). No
words, no punctuation, no explanation, no
restating of the choice.

↪→
↪→
↪→

C.2 Training Hyperparameters
Our SFT and DPO pipelines fine-tune
meta-llama/Llama-3.1-8B-Instruct (8B
parameters; Grattafiori et al., 2024) on ConFiQA.
Unless otherwise specified, training runs use
3 epochs; the Llama SFT modified-only and
multi-task runs use 1 epoch, since we observed
overfitting within the first epoch. For DPO, we
use the TRL DPOTrainer with a frozen reference
model and the same chat-template setup mentioned
above. DPO training uses per-device batch size
8, gradient accumulation 1, 2 GPUs per run
(effective global batch size 16), warmup steps
100, cosine learning-rate schedule, adamw_torch,
bf16 training, gradient checkpointing enabled,
maximum gradient norm 1.0, and seed 42. The
DPO learning rate is 5e-7, the maximum sequence
length is 1024 tokens, and the maximum prompt
length is 512 tokens. We use DeepSpeed ZeRO-3
for distributed training. For full SFT, we use an
effective batch size of 64, warmup ratio 0.03,
cosine learning-rate schedule, adamw_torch,
bf16 training, gradient checkpointing enabled,
maximum gradient norm 1.0, seed 42, learning
rate 2e-5, and sequence length 1088 tokens.
Hyperparameters were not formally swept. Our
preference data and evaluation protocol are taken
from Context-DPO (Bi et al., 2025), and our DPO
maximum sequence and prompt lengths (1024 and
512 tokens) follow its released training code; the
remaining DPO and SFT settings are standard
choices that we did not tune.

Compute infrastructure. All training and evalu-
ation was run on internal university clusters us-
ing NVIDIA L40S (48GB) and A100 (80GB)
GPUs. SFT runs used 8 GPUs per run with FSDP
full_shard auto_wrap, and DPO runs used 2
GPUs per run with DeepSpeed ZeRO-3. Aggre-
gating across all training runs reported in this pa-
per (modified-only, multi-task, and continual vari-
ants for SFT and DPO), the total training compute
is approximately 300 GPU-hours. Inference for

the cross-benchmark evaluation suite adds roughly
an additional 100 GPU-hours, dominated by long-
form generation on the held-out conflict bench-
marks.

C.3 Reproducibility Note on Context-DPO
Train-Test Splits

As the authors of Context-DPO (ConfiQA) did not
release the exact training and evaluation splits used
in their experiments, we reconstruct train-test splits
by sampling the constituent splits as described in
their previous publication. We use the public Con-
FiQA splits available through the HuggingFace re-
lease and fix the random seed to 42 for shuffling and
sampling. ConFiQA consists of three sub-datasets
(QA, MR, MC), each with 6000 instances. We
sample 4500 instances per sub-dataset for training
(13,500 total) and reserve the remaining 1500 per
sub-dataset (4,500 total) for testing, maintaining
a balanced distribution across hop levels (2-hop,
3-hop, 4-hop) within the MR and MC splits.

D Evaluation Protocol

Generation. All benchmarks use the prompts in
Appendix C, greedy decoding, and at most 64 new
tokens. Models answer directly, without chain-of-
thought, including on GSM8K and BBH. Prompts
longer than 2,048 tokens are skipped.

Context settings. For ConFiQA, ClashEval,
HoH, and ConflictBank, each question is asked
three ways: with the original context, scored
against the original answer; with the modified
context, scored against the modified answer; and
without context, scored against the original an-
swer. FaithEval has only the modified context. The
closed-book benchmarks are asked without con-
text.

Answer extraction and matching. For open-
ended answers we take the first non-empty line
after removing prefixes such as “Answer:”. For
multiple-choice questions we extract the option let-
ter, and for GSM8K the final number. Predictions
and gold answers are lowercased, punctuation and
articles are removed, whitespace is collapsed, and
number words and ordinals are mapped to digits.
A prediction matches if any gold alias appears in it
as a contiguous sequence of whole tokens.

Metrics. On ConFiQA we report the context-
following rate Pc of Bi et al. (2025): a prediction
counts only if it matches the target answer, does
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not match the competing answer, and contains no
negation word. Bi et al. (2025) define Pc for the
modified context. We also apply it to the original-
context and no-context settings, with the original
answer as the target and the modified answer as the
competitor, giving Pc(m), Pc(o), and Pc(no_ctx).
All other benchmarks report accuracy: the percent-
age of examples where a gold answer alias appears
in the normalized prediction as a contiguous se-
quence of whole tokens (for multiple choice, where
the extracted option letter is correct).

Seeds. We evaluate every model with three seeds
(42, 1, and 2 for Llama; 1, 2, and 3 for Qwen3).
Each configuration is trained once, and decoding is
greedy, so the seed only sets the order in which the
evaluation data is shuffled. For benchmarks with
more than 10,000 examples, this selects a differ-
ent 10,000-example subset per seed. For smaller
benchmarks it changes only the example order and
batching, which causes small numerical differences.
Fine-tuned models are compared with the base
model on the same seed, and tables report the mean
and sample standard deviation over seeds.

E Qwen3-8B Results

Table 4 reports the full Qwen3-8B results across
all benchmarks, mirroring the layout of the Llama-
3.1-8B-Instruct tables in the main text.

F Parametric Knowledge vs. Abstention

The no-context prompt permits
INSUFFICIENT_CONTEXT, so a no-context
drop can reflect abstention rather than forgetting.
Table 5 reports no-context abstention rates. SFT
variants rarely abstain (0.0% for every Llama SFT
variant), so their no-context drops reflect forgetting.
DPO variants abstain more than the Llama base
model (e.g., PopQA 16.3% → 27.6–60.7%), so
part of their no-context change reflects a more
conservative abstention policy.

G Additional ConFiQA Results

We provide subset-level results for the constituent
QA, MC, and MR splits in the ConFiQA dataset
(See Table 6).

H Multi-task Ratio Definition

For SFT and DPO, multi-task ratios are reported as
original-context:modified-context mixtures. A 1:1
ratio uses equal numbers of original-context and

modified-context examples, while a 1:3 ratio uses
all modified-context examples and samples one
third as many original-context examples without
replacement. Modified-only training corresponds
to the no-original-context setting.

For DPO, the preferred and dispreferred re-
sponses swap across the two contexts: under the
original context, the original answer is preferred
and the counterfactual answer is rejected, while un-
der the modified context, the counterfactual answer
is preferred and the original answer is rejected. In
both cases, the prompt text is formed from the cor-
responding context snippet and question, followed
by the answer span.

In practice, we construct the final training set
by including all modified-context examples and
then adding a sampled subset of original-context
examples according to the requested ratio, before
shuffling the resulting mixture with a fixed random
seed.

We denote continual-training variants with a
c prefix. These are two-stage procedures rather
than joint sampling: the model is first trained
on original-context data and then continued on
modified-context data. In our runs, c1:1 means
3 epochs on original-context data followed by
3 epochs on modified-context data, while c1:3
means 1 epoch on original-context data followed
by 3 epochs on modified-context data.

Compute is not held fixed across settings. Be-
cause every augmented setting retains all modified-
context examples and adds original-context exam-
ples on top, these runs are not compute-matched
with modified-only training, and the multi-task and
continual variants also differ from one another in
total training budget. Table 7 lists, for each setting,
the cumulative number of examples seen across all
epochs and the resulting number of optimizer up-
dates, for both SFT and DPO. Prompts longer than
2,048 tokens are skipped; for DPO both the chosen
and rejected sequences must satisfy this limit, so
the number of retained examples differs slightly
between SFT and DPO. As discussed in the Limita-
tions, we do not observe performance scaling with
the training budget: position on the held-out Pareto
frontier is governed by the mixture ratio rather than
the number of examples seen or updates taken.

I AI Usage

During development we used Claude Code, Codex
and GitHub Copilot for writing the training and
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evaluation pipelines. While writing the paper, we
used the same tools to debug LaTeX and to sug-
gest rewrites of passages. The experimental design,
results, and final text are our own.
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