When Facts Change: Temporal Knowledge Conflict Resolution in LL.Ms

Jonas Wallat
L3S Research Center
Hannover, Germany
jonas.wallat@l3s.de

Abstract

Retrieval-augmented generation (RAG) sys-
tems require large language models (LLMs)
to reconcile discrepancies between their para-
metric memory—knowledge encoded during
training—and contextual inputs provided at in-
ference. When these sources conflict, mod-
els often exhibit unstable reasoning and incon-
sistent factual behavior. We investigate how
LLMs resolve such conflicts when the discrep-
ancy arises from temporal misalignment—facts
that have changed since the model’s knowledge
cutoff—and whether mutability, the changeabil-
ity of facts, can serve as a mediating signal in
this process. To do so, we provide WIKIRE-
CENTCHANGES, a temporally grounded bench-
mark with stable and recently updated facts
derived from Wikidata. Our results show that
while models spontaneously produce temporal
reasoning for facts that actually changed — but
almost never for stable ones — this differentia-
tion rarely propagates to their final predictions.
Explicitly prompting them to consider mutabil-
ity increases references to temporal change but
does not improve factual accuracy, revealing a
disconnect between verbalized reasoning and
prediction behavior. We further show that the
failure point is scale-dependent: smaller mod-
els rarely detect the underlying conflict, while
larger models detect it but fail to act on their
mutability judgments.

1 Introduction

Large language models increasingly serve as the
backbone of retrieval-augmented generation (RAG)
systems (Lewis et al., 2020), virtual assistants,
and autonomous agents. In such settings, mod-
els must integrate parametric knowledge—facts
encoded during pre-training—with contextual in-
formation retrieved or provided at inference time.
When these two sources of knowledge disagree,
knowledge conflicts arise, commonly referred to as
context—memory conflicts (Xu et al., 2024).
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User:
‘Which sports team does Juan Soto
play for?

Cutoff: End of 2024
Conflict! ‘

Context:
In 2025, Soto joined the

Thinking. ..

...beyond my cutoff ...

I can’t rely solely on para-
metric memory ...

players regularly change
teams ...

Model: .
Juan Soto plays for the

Figure 1: Knowledge conflict resulting from outdated
LLM knowledge. Reasoning about whether a fact is
likely to change and whether new information is plausi-
ble may help to resolve such conflicts.

Knowledge conflicts are inevitable in realistic
RAG deployments. They arise, for instance, when
retrieved content contains outdated or incorrect in-
formation, and can substantially degrade LLM per-
formance (Pham et al., 2024). Retraining LLMs
to keep parametric memory up to date is pro-
hibitively expensive, while the growing prevalence
of misinformation—often generated by LLMs
themselves—further exacerbates the challenge. Ef-
fectively navigating such conflicts is therefore criti-
cal for ensuring reliable, temporally adaptive, and
trustworthy model behavior.

One potential cue for resolving such conflicts
is fact mutability—whether a fact is expected to
change over time. For example, team memberships
and political offices are inherently mutable, while
birthplaces and dates are typically stable. In princi-
ple, recognizing this distinction could help a model
decide when to trust new contextual information
over its parametric memory (Figure 1).

Despite attention, the mechanisms underlying
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conflict resolution in LLMs remain poorly under-
stood. Prior work shows that models exhibit unsta-
ble behavior under conflicting evidence, with some
over-relying on internal knowledge (Longpre et al.,
2021) and others mirroring context (Chen et al.,
2022). While recent studies attempt to steer mod-
els toward one source or the other through prompt-
ing or representation control (Bi et al., 2025; Zhao
et al., 2025), forcing rigid preferences between
memory and context is suboptimal. In principle, a
model would need to reason about when to trust its
own knowledge and when to update beliefs based
on external information—particularly when that
information reflects genuine changes in the world.

Current approaches fall short in three ways. First,
most studies rely on synthetic or simplified conflict
settings (Longpre et al., 2021; Ortu et al., 2024;
Wadhwa et al., 2024) that do not capture the com-
plexity of real-world factual evolution. Second,
they largely ignore fact mutability as a potential cue
for resolving temporally induced conflicts. Third,
they often overlook reasoning models, which offer
a window into how conflicts are negotiated.

In this work, we take a step toward filling
this gap. Rather than proposing a new conflict-
resolution method, we focus on diagnosing whether
current LLMs already use mutability as a reason-
ing signal when such conflicts arise. We intro-
duce WIKIRECENTCHANGES, a re-computable
dataset derived from Wikidata that contains both
stable facts and facts that recently changed. We
use this dataset to study realistic knowledge con-
flicts caused by temporal misalignment, a natural
and non-adversarial source of discrepancy. Our
core hypothesis is that LLMs encode an implicit
sense of fact mutability that could, in principle,
guide decisions between parametric memory and
contextual evidence. We test whether such signals
are used spontaneously and whether making them
explicit affects model behavior by analyzing rea-
soning traces produced by reasoning models. Con-
cretely, we cross fact type (stable vs. updated) with
context type (true vs. counterfactual) and focus on
the two conditions where mutability reasoning is
diagnostic—stable facts paired with counterfactual
context, and updated facts paired with true context
(Figure 2).

Our experiments reveal that while models ex-
hibit different reasoning behaviors for stable and
updated information, they make little spontaneous
use of temporal reasoning when resolving conflicts.
Explicitly prompting models to consider mutability

increases references to temporal change, but does
not consistently improve factual accuracy, reveal-
ing a disconnect between verbalized reasoning and
final predictions.

Overall, this work contributes (1) a novel, re-
computable benchmark of recently changed facts,
(2) a systematic analysis of temporal knowledge
conflicts in realistic settings, (3) a diagnostic in-
vestigation of mutability as a reasoning factor, and
(4) evidence that current LLMs underutilize muta-
bility despite its potential relevance. Our findings
highlight the need for methods that better connect
temporal awareness to decision-making, paving the
way toward more reliable and temporally adaptive
models. The code and data are openly available!.

2 Related Work

Knowledge Conflicts. Knowledge conflicts in
large language models (LLMs) arise when two or
more sources of knowledge provide inconsistent
information. Prior work has distinguished three
major types: (1) context—-memory conflicts, where
retrieved or user-provided context contradicts the
model’s parametric memory (Longpre et al., 2021;
Chen et al., 2022; Jin et al., 2024); (2) inter-context
conflicts, which occur when multiple retrieved doc-
uments or context passages disagree with one an-
other (Lee et al., 2025; Su et al., 2024); and (3)
intra-memory conflicts, reflecting contradictions
within a model’s internal representations or mem-
orized facts (Marjanovic et al., 2024). A recent
survey by Xu et al. (2024) provides an extensive
overview of these conflict types and their impli-
cations for retrieval-augmented and multi-source
reasoning systems. Knowledge conflicts are in-
creasingly recognized as a central challenge for
reliable model deployment, as they expose the lim-
itations of static pretraining and the difficulty of
reconciling evolving world knowledge with frozen
model parameters.

Answering from Context vs. Memory. A core
question in this line of work concerns how LLMs
behave when context and memory disagree. Early
analyses found that models often over-rely on in-
ternal knowledge. Longpre et al. (2021) showed
that models tend to reproduce memorized entities
even when contradicted by evidence in the prompt.
Similarly, Jin et al. (2024) and Tan et al. (2024) ob-
served that retrieval-augmented LLMs frequently

"https://github.com/jwallat/
knowledge-conflicts-mutability
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Figure 2: Overview of WIKIRECENTCHANGES, crossing fact type (stable vs. updated) with context type (true vs.
counterfactual). The two non-shaded columns (stable/counterfactual and updated/true) are the diagnostic conditions
for mutability reasoning, where memory and context conflict and a model aware of (im)mutability should resolve
the conflict accordingly. Our analysis focuses on the diagnostic cells. The results for the other two conditions are

included in Appendix C for completeness.

favor parametric memory, partly because generated
or retrieved contexts differ stylistically or seman-
tically from pretraining data. Conversely, other
studies report that models can over-trust the pro-
vided context. Chen et al. (2022) demonstrated
that strong retrieval signals can override more ac-
curate internal knowledge, while Sun et al. (2025)
showed that contextual exposure can persistently
bias subsequent responses, even when the model
is later reminded of its original knowledge. Taken
together, these findings reveal that LLMs exhibit
inconsistent and dataset-dependent behavior under
conflict, suggesting that neither memory nor con-
text dominance is fixed but contingent on subtle
distributional and representational factors.

Mutability. Temporal misalignment naturally
raises the question of how models perceive and
reason about fact mutability—the degree to which
a fact is likely to change over time. Zhang and
Choi (2023) explore mitigating temporal misalign-
ment by filtering outdated facts, while Fierro et al.
(2024) (MULAN) show that LLMs implicitly en-
code mutability judgments and can distinguish be-
tween stable and evolving facts. Related work on
temporal reasoning datasets such as TRAM (Wang
and Zhao, 2024) and on dynamic factual knowl-
edge (Marjanovic et al., 2024) investigates how
factuality evolves across time or within the model’s
own memory. Other studies examine conflicts in
temporally grounded reasoning tasks, such as event-
based temporal reasoning (Fang et al., 2024), where
background knowledge may contradict new contex-
tual evidence. Building on this literature, our work
asks whether and how LLMs invoke mutability as

a reasoning cue when resolving context—-memory
conflicts, particularly in realistic temporal settings
where updates reflect genuine world changes rather
than adversarial perturbations.

Benchmarks. Hou et al. (2024) introduce WIKI-
CONTRADICT, a dataset of 253 human-annotated
high-quality real-world Wikipedia-derived contra-
dictions designed to test RAG systems in pres-
ence of conflicting contextual information. Su
et al. (2024) propose CONFLICTBANK, empha-
sizing how varying degrees of contradiction af-
fect model confidence and consistency. Emerging
datasets such as CHRONOBIAS target temporal bias
in RAG systems, while Lee et al. (2025) present
MAGIC, a multi-hop benchmark for inter-context
conflicts. These resources collectively highlight the
pervasiveness of knowledge conflicts and provide
test beds for both mechanistic and behavioral anal-
yses. Closely related is also EVOWIKI (Tang et al.,
2025), a Wikipedia-derived dataset, designed to
study how RAG systems behave when exposed to
changed and novel information. The dataset is split
into three splits: stable information, which did not
change between 2021 and January 2024, evolved
information, which did change in the timeframe,
and uncharted information, which was only cre-
ated between January 2024 and May 2024. While
the dataset would be a good starting point to study
temporal knowledge conflicts, two factors make it
unsuitable for our study. First, the time scope of
2021 to mid-2024 is no longer aligned with current
LLM knowledge cutoffs, which are often trained
on information until mid- to late 2024. Second,
the way of characterizing stable information is by
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checking whether the information changed during
their time horizon. This results in many mutable
facts being placed in the stable split (such as an
athlete plays for a certain team), as long as the spe-
cific team did not change between 2021 and 2024.
To study whether LLMs use mutability to resolve
conflicts, we need the stable split to contain actu-
ally stable information and not information that just
didn’t change by chance.

3 Setup — Measuring Knowledge Conflicts

To evaluate the behavior of LLMs and how they
resolve temporal knowledge conflicts, we first
construct a novel dataset WIKIRECENTCHANGES
(Section 3.1) and evaluate our selection of open-
source models (Section 3.2) using parametric and
non-parametric metrics (Section 3.3).

Our design crosses two fact types (stable vs. up-
dated) with two context types (true vs. counter-
factual), yielding four conditions (Figure 2). Two
of these are diagnostic for mutability reasoning:
stable facts with counterfactual context, where a
model that recognizes immutability should reject
the context and trust memory, and updated facts
with true context, where a model that recognizes
mutability should accept the new context over out-
dated memory. The other two conditions — sta-
ble/true and updated/counterfactual — are confir-
matory: parametric memory and context agree, so
no conflict resolution is required and mutability
provides no diagnostic signal. We therefore focus
our analysis on the two diagnostic cells, reporting
full results across all four in Appendix C.

3.1 WIKIRECENTCHANGES

We aim to construct a dataset that induces con-
trolled yet realistic contradictions between para-
metric and contextual knowledge. A key require-
ment is that contextual updates involve updated
events—facts that were updated after the model’s
training data cutoff—so that the model’s paramet-
ric memory is predictably outdated. Unlike syn-
thetic or template-based counterfactual setups used
in prior work (Longpre et al., 2021; Ortu et al.,
2024; Wadhwa et al., 2024) (e.g., “The earth is flat.
The earth is [MASK]”), our approach aims to pre-
serve semantic and temporal realism, ensuring that
models must engage genuine reasoning rather than
surface-level pattern matching. To achieve this,
we construct WIKIRECENTCHANGES, a dynamic
corpus designed to capture evolving factual knowl-

edge over time. The dataset is derived from Wiki-
data (Wikidata contributors, 2025) and contains
stable and updated facts. By generating high qual-
ity true and counterfactual paragraphs, we maintain
linguistic naturalness. Moreover, the dataset can be
re-generated periodically to align with new events,
enabling longitudinal analysis of model behavior
as the world evolves. This setup provides a robust
foundation for probing how mutability and internal
mechanisms mediate conflict resolution in LLMs.

Dataset Construction. We build our dataset by
parsing a recent Wikidata dump? for a seed set
of 18 stable (e.g., native language, place of birth)
and 27 mutable relations (e.g., member of sports
team, position held). We further filter the resulting
subject-relation-object triples by requiring English
human-readable labels and an English Wikipedia
page to help us later generate short contexts. For
the mutable triples, we ensure they contain a tem-
poral qualifier, such as a corresponding start time
(P580) or a point in time (P585) that is within 2025.
That way, we ensure that the resulting triples only
contain changes that actually happened in 2025.
While not all relations contain such temporal qual-
ifiers, this approach is preferable over just iden-
tifying differences between two Wikidata dumps
from different times, as these contain updated facts
and a high number of edits on old facts—making it
difficult to identify what exactly changed in 2025.
Nevertheless, the filtering resulted in a suitable set
of 2380 mutable facts, and we sample a similarly
sized set of stable facts. We construct natural lan-
guage questions from subject and relation pairs°.

Counterfactual Answers. To study knowledge
conflicts, we require counterfactual contexts that
suggest conflicting answers. We first generate such
counterfactual answers using a Qwen-3-14B model.
Specifically, we feed a question and actual answer
to the model and prompt it to generate a similar,
yet distinct, answer. The counterfactual answer is
supposed to be a similar and plausible answer. That
is, if the entity is a baseball player at team A, the
model is supposed to provide another team B in the
same league.

True and Counterfactual Contexts. We simi-
larly generate true and counterfactual context using
Qwen-3-14B. For the counterfactual contexts, we

from December 3rd, 2025
3Additional information on dataset statistics, relation
counts, and question formulations is provided in Appendix B.1
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feed questions, counterfactual answers and the date
when the fact changed (for mutable facts) to the
model. The resulting paragraphs consist of 3—4 sen-
tences and are natural. For the true contexts, one
could have chosen to directly select the extracted
Wikipedia pages, but that would have diluted the
study since the short generated paragraphs and the
full Wikipedia pages differ in style, length, etc.
Therefore, we construct true paragraphs by also
feeding the Wikipedia page to the model and ex-
tract/paraphrase a similar context of 3—4 sentences.

The prompts used to generate these contexts and
counterfactual answers, as well as quality control
and human agreement studies are available in Ap-
pendix B.1.2 and B.4.3.

3.2 Models

We use a selection of openly available reasoning
and non-reasoning models. For each experiment,
we generate up to 4096 new tokens and report the
specific prompt used (in Appendix B.4). For the
non-reasoning models, we utilize (i) Gemma 3-
4B-it (Kamath et al., 2025) (ii) Llama 3.3 70B-it
(Dubey et al., 2024). As reasoning models, we se-
lect: (i) Phi-4-mini-reasoning (Abdin et al., 2025)
(i) Qwen-3-8B (Yang et al., 2025) (iii) OLMO-
3-7B-think* (iv) GPT-OSS-20B (Agarwal et al.,
2025) (v) GPT-OSS-120B (Agarwal et al., 2025)
(vi) DeepSeek-R1-Distill-Llama-8B (DeepSeek-Al
et al., 2025). All models have a knowledge cut-
off date before 2025 except for Phi-4-mini (March
2025). Additional details on the models and cutoff
dates are in Table 11 in Appendix B.2.

3.3 Maetrics

To evaluate the generated answers, we utilize
model-specific metrics (OpenEval (Kamalloo et al.,
2023)) and model-agnostic metrics (i.e., Match
(Adlakha et al., 2024; Liu et al., 2024; Mallen
et al., 2023)). OpenEval evaluates the correct-
ness of an answer by querying whether a candi-
date is a suitable answer given the question and
the reference answer’. Additionally, we evaluate
answers with Match which is, given that LLM an-
swers tend to be verbose, a relaxed version which
does not require being exact. The LLM-based eval-
uations were validated against human annotations
(Appendix B.3) and both metrics show high human
agreement (>90%).

4https ://huggingface.co/allenai/
01lmo-3-7B-Think
SFor which we utilize Flan-T5-XXL

4 Results
4.1 Knowledge Conflict Behavior

First and foremost, we characterize the knowledge
conflict behavior of our LLMs. To do so, we study
several settings. As a baseline, we compute the QA
performance on WIKIRECENTCHANGES without
context in a closed-book setting. After that, we
explore LLM performance given true or counter-
factual contexts.

Model Split No Context
OE Match
stable 37.0 31.0
Gemma-3-4B updated 6.4 24
stable 48.9 38.0
Llama-3.3-70B updated 9.7 4.5
stable 35.0 324

Phi-4-mini updated 4.4 1.9

stable 339 25.5

DS-Llama-8B updated 5.5 1.7
stable 38.2 324
OLMO-3-7B updated 54 2.1
stable 42.8 35.8
Qwen-3-8B updated 7.8 3.5
stable 57.0 49.5

GPT-0SS-120B updated 11.5 6.8

Table 1: Closed-book QA performance (no context).

QA performance without contexts (closed book).
As an initial baseline, we evaluate the models in
a closed-book setting (Table 1). Expectedly, we
observe all models to perform better at the stable
split compared to the updated split. We hypothesize
the non-zero performance on the updated split to
be due to announcements of future changes that
were already present in the training data & models
guessing most likely answers.

Model Split Ctx GT CF CB
Phi-4-mini stable C 13.5 764 18.6
updated T 68.0 5.1 6.3
DS-L1lama-8B stable C 50 940 173
updated T 83.2 49 8.5
OLMO-3-7B stable C 8.1 913 169
updated T 785 5.1 53
Qwen-3-8B stable C 114 872 20.1
updated T 80.5 5.8 9.6
GPT-0SS-20B stable C 27.6 58.6 36.1
updated T 51,5 7.2 10.1
GPT-0SS-120B  stable C 33.6 57.8 425
updated T 63.7 74 19.1

Table 2: Conflict behavior across reasoning models,
dataset splits, and context types in the OpenEval (OE)
metric. We measure whether the given answer matches
the ground-truth answer (GT), the counterfactual (CF),
or the model’s closed-book answer (CB) under both
True (T) and Counterfactual (C) context conditions.
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Figure 3: Context acceptance rates for both true and
counterfactual contexts.

LLM behavior in the presence of knowledge
conflicts. Next, we turn toward studying the be-
havior of our models in the presence of knowledge
conflicts. With temporally induced knowledge con-
flicts, we specifically focus on the two cases where
reasoning about mutability may help resolve con-
flicts (as shown in Figure 2): Updated facts when
exposed to true (but new) contexts and stable facts
when exposed to counterfactual contexts. The re-
sults are presented in Table 2. We observe rel-
atively high rates of ground-truth answers being
given (GT) when exposed to true context and coun-
terfactual answers being given (CF) when exposed
to counterfactual contexts. This seems to be the
case for both the stable and the updated split. While
we find models to remain with the closed-book an-
swer (CB) more often for stable facts, the general
rate is still quite low (ranging from 17-43%). Yet,
we observe bigger models to stay with their para-
metric beliefs more often.

Context Reliance. A central debate in the litera-
ture is whether models resolve knowledge conflicts
by prioritizing contextual evidence or their internal
parametric memory. When evaluating stable versus
updated factual knowledge, we observe a general
tendency for models to favor contextual informa-
tion. Figure 3 illustrates the context acceptance
rates for each model. We define this rate as the
marginal gain in accuracy: For true contexts, we
measure the gain in GT answers over the closed-
book rate. For counterfactual contexts, we measure
the gain in CF answers over the rate at which the
model produces the counterfactual when given the
true context, isolating the effect of the adversarial
context itself. Interestingly, for true contexts, the
acceptance rate is higher for updated facts, while
for counterfactual contexts it is pretty stable be-

tween splits. We also explored whether the model
knowing the answer to the original question has an
effect on the context acceptance rate, and found it
to have little effect (details in Appendix C.1.1).

4.2 Usage of Mutability in Reasoning

Next, we investigate whether the LLMs’ under-
standing of mutability plays a role in resolving
these knowledge conflicts.

Measuring Mutability Reasoning. To measure
whether reasoning about mutability occurs, we con-
sider the reasoning models and study their reason-
ing traces. The original prompt contained a section
that requested the model to “critically evaluate” the
context and decide whether to answer from mem-
ory or the provided context. Thus, we expect ratio-
nales for this decision to be present in the reasoning
traces. Given the scale of thousands of answers and
up to 4096 tokens per answer, we resort to an LLM-
as-a-judge (Li et al., 2024) approach. Specifically,
we few-shot prompted Qwen-3-14B to decide if the
reasoning trace contains reasoning about mutability
to resolve the conflicts. We perform additional anal-
ysis on the judge and find it to have an agreement
rate of 94% with human judgment®. We consider
the trace to show that mutability reasoning was
used if 1) there was a conflict acknowledged that
can be resolved, 2) the model finds the fact to be
mutable or immutable, and 3) that information is
being used to resolve the conflict.

In Table 3 (Standard), we observe a stark differ-
ence between the stable and updated facts: While
there is next to no mutability reasoning being used
for static facts (0-1.3%), we see much higher rates
for the updated facts (3-36%). This is a first indi-
cation that knowledge conflicts are being mediated
differently for stable facts. When it comes to con-
text types, we observe very similar results between
true and counterfactual information.

Breaking Down Temporal Reasoning. To un-
derstand where mutability reasoning breaks down,
we decompose it into three sequential subskills a
model must execute to resolve a temporal conflict:
(i) detecting that its parametric memory disagrees
with the context, (ii) recognizing that the fact in
question is mutable (or immutable), and (iii) actu-
ally using that recognition to accept or reject the
context. We analyze 1000 traces for Qwen-3-8B
and GPT-0SS-120B from the stable split with coun-

®Prompt in Appendix B.4, human eval in Appendix B.3.2
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Model Split Percentage of Traces containing Temporal Reasoning
Standard Dates Prompted

Counter True | Counter True | Counter True
stable 1.3 1.2 54 5.6 9.3 9.3

Phi-4-mini updated 27.7 28.0 18.3 18.2 329 332
stable 0.0 0.0 0.2 0.2 1.0 1.0

DS-L1lama-8B updated 29 2.6 7.9 8.1 23.4 23.8
stable 0.3 0.2 0.4 0.4 2.4 2.6

OLMO-3-7B updated 355 34.7 14.9 15.0 35.0 35.6
stable 0.1 0.1 0.4 0.4 1.5 1.7

Qwen-3-8B updated 134 13.0 20.5 20.3 27.2 27.6
stable 0.0 0.0 0.3 0.3 5.0 5.1

GPT-0SS-20B updated 9.9 9.9 16.2 16.0 28.2 27.8
stable 0.2 0.2 0.2 0.1 2.9 2.9

GPT-0SS-120B  updated 20.1 20.0 24.5 24.6 59.8 60.6

Table 3: Proportion of traces explicitly containing mutability reasoning across models and dataset splits. We explore
reasoning traces of answers when the available context is either the true context containing the ground-truth answer
or the counterfactual context. We explore the effect of several prompts: the standard setting, prepending current and
cutoff dates ("Dates"), and specifically prompting the model to reason about mutability ("Prompted").

Type Split / Context % of traces
Qwen-3-8B  GPT-0SS-120B
stable / counter 16.8 423
Conflict detected updated / true 10.2 19.6
stable / counter 16.9 79.0
Mutable reasoning updated / true 29.4 90.9
stable / counter 3.1 3.5
Mutable reasoning used | updated / true 25.3 62.9

Table 4: Analysis of conflict detection, recognition of mutability, and usage of mutable reasoning.

terfactual contexts and 1000 traces from the up-
dated split with true context. For the stable traces,
we select 500 where the model correctly answered
the closed-book question and 500 where it provided
the wrong answer. We use Qwen-3-14B to judge
each step (prompts in Appendix B.4). The results
are in Table 4. Conflict detection is the primary bot-
tleneck for Qwen-3-8B: despite knowing 50% of
answers closed-book, it recognizes conflicts in only
17% of cases. GPT-0SS-120B detects conflicts and
mutability more reliably, but both models identify
mutability more often than they actually act on it
when producing their final answer.

Can we get the model to use temporal reason-
ing? The low usage of mutability reasoning poses
the question of whether we can improve the mod-
els’ capability to resolve knowledge conflicts by
explicitly making them reason about mutability.
Consequently, we adjust the prompt in two dif-
ferent ways: first, we temporally ground the LLMs
with the current time and their explicit knowledge
cutoff. To do so, we prepend “Today is {date}.
Your knowledge cutoff is {cutoff}”, which we call
“Dates”. This might allow the model to more effec-
tively reason about the likelihood of changed facts.

Second, we additionally ask the model to “put spe-
cial emphasis on whether a question’s answer will
change over time and use that information to se-
lect/reject the provided context”. The results are
in Table 3 (Dates, Prompted)’. While grounding
the models in cutoff and current times seems to im-
prove the amount of temporal reasoning for all but
Phi-4-mini and OLMO-3-7B, we see even stronger
improvements for direct prompting to use tempo-
ral reasoning. This is a substantial increase that
poses the direct question: does reasoning about
mutability improve knowledge conflict resolution?

Is temporal reasoning a function of time? To
understand if temporal reasoning is dependent on
the difference between cutoff and current time, we
again sample 1000 mutable questions with true
context and have Qwen-3-8B predict the answers.
However, this time, we vary the current time and
the time references mentioned in the context by
a certain number of years (Figure 4). We repeat
the experiment three times and report mean and
standard deviation. While we see a minor decrease
in the amount of mutability reasoning when shift-

"Example reasoning trace in Appendix C.2
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Figure 4: Amount of mutability reasoning used when
shifting current year and year dates in the context.

ing the dates one year into the future, the amount
increases when shifting by five or ten years. This is
an indication that temporal reasoning might arise
naturally if models expect their memory to be out-
dated. However, the perception of when informa-
tion is outdated might not be correctly captured at
the moment.

Is it the perception of context dates? A natural
next question to ask is whether the temporal rea-
soning depends on the models’ perception of the
provided documents date. Knowing, instead of as-
suming, the date at which the context was published
might allow for more precise usage of mutability
to decide whether to accept or reject it. To study if
this has an impact, we again sample datasets with
1k examples and specify specific document dates
in the prompt (e.g., “The retrieved context is from
2023”). The results are presented in Table 5.

For stable information, the models seem not to
consider temporal reasoning independent of docu-
ment dates. For updated facts, we observe higher,
but relatively similar scores, for the different docu-
ment dates. Specifying the document date to 2023
seems to have a positive effect on the amount of
temporal reasoning. One reason for this might be
that the models contain newer information (up to
the end of 2024) than the provided context and use
that to reject contexts as outdated. Interestingly,
explicitly stating that context is from 2025—and
therefore beyond the knowledge cutoff—does not
lead to more mutability reasoning compared to not
stating the document date.

Does reasoning about mutability help? We
evaluate the QA performance after applying
the temporal grounding and temporal reasoning
prompts. The results are presented in Table 6. As
the provided context in this setting contains con-
flicting information, we consider temporal reason-

ing to help, if more of the counterfactual contexts
are rejected (for stable with counterfactual con-
text) and ground-truth answers being given (for
updated and true contexts). Despite the increase in
reasoning traces mentioning mutability (Table 3),
this did not translate into measurable performance
gains for stable facts. The models remained equally
likely to accept counterfactual information even
when explicitly prompted to consider mutability.
For updated facts, where we also observed a big-
ger impact on temporal reasoning, only slight in-
creases in correct answers being given (up to 20%
for GPT-0SS-20B) were noted.

5 Discussion and Conclusion

This work examined how large language models
resolve temporal conflicts between their parametric
memory and retrieved context, focusing on muta-
bility—the changeability of facts over time.

Across all conditions, we found that models ac-
cept and reject context with similar rates—but only
seem to consistently apply mutability reasoning for
changing facts. Even when explicitly prompted to
consider mutability, they produce far more reason-
ing traces referring to temporal change yet show
only small and inconsistent improvements in fac-
tual accuracy or conflict resolution.

Where does mutability reasoning break down?
Our decomposition (Table 4) reveals that the failure
point depends on model scale. For smaller reason-
ing models like Qwen-3-8B, the dominant bottle-
neck is conflict detection: even when the model
knows half the answers in the stable/counterfactual
condition, it flags a conflict in only 17% of traces.
For larger models like GPT-0SS-120B, conflict
detection and mutability recognition are largely
solved, yet mutability still fails to propagate to the
final answer. This pattern suggests that scaling
improves the earlier components of temporal rea-
soning but leaves the link between verbalized rea-
soning and prediction behavior largely untouched
— consistent with broader evidence that chain-of-
thought traces are often unfaithful to the computa-
tion that produces the answer.

Reliability under realistic context conditions.
These findings highlight a core limitation of current
retrieval-augmented systems. In realistic deploy-
ments, retrieved content is often noisy, outdated,
or misleading. Robust performance therefore re-
quires models to assess the reliability of contextual
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Type Split / Context % Mutability Reasoning
Qwen-3-8B  GPT-0SS-120B

stable / counter 0.4% 0.3%

No document date updated / true 20.5% 28.1%
stable / counter 0.9% 0.3%

Document date = 2023 | updated / true 27.0% 35.6%
stable / counter 1.5% 0.2%

Document date = 2025 | updated / true 11.1% 20.2%

Table 5: Effect of explicitly stating the document date on reasoning about mutability.

Model Split Ctx Standard Dates Prompted
GT CF CB | GT CF CB | GT CF CB
Phi-4-mini stable C 135 764 186 | 13.8 795 189 | 12.6 814 17.7
updated T | 68.0 5.1 63 | 727 52 69 | 729 45 6.4
DS-Llama-8B stable C 50 940 173 | 50 933 173 | 50 919 173
updated T | 83.2 4.9 85 | 822 5.1 83 | 795 5.0 8.6
OLMO-3-7B stable C 81 913 169 | 87 907 172 | 84 905 168
updated T | 785 5.1 53 | 818 50 58 | 785 5.1 5.3
Qwen-3-8B stable C 114 872 20.1 | 12.6 850 20.7 | 11.4 862 19.9
updated T | 80.5 5.8 96 |84 44 76 | 871 44 73
GPT-0SS-20B stable C | 276 58.6 361|261 591 347|250 627 333
updated T | 51.5 7.2 10.1 | 63.8 6.2 89 | 71,6 52 7.7
GPT-0SS-120B  stable C | 336 578 425|344 570 437|339 575 427
updated T | 63.7 74 19.1 | 706 57 152|745 53 128

Table 6: QA behavior under conflict across prompting strategies. Scores represent the OpenEval (OE) metric. We
measure whether the given answer matches the ground-truth answer (GT), the counterfactual (CF), or the model’s
closed-book answer (CB) under both True and Counterfactual context conditions.

information and decide when to trust it. Our re-
sults show that current LLMs integrate retrieved
evidence indiscriminately, regardless of whether a
fact is mutable or immutable. Without mechanisms
to evaluate the temporal and factual validity of con-
text, improvements in retrieval quality alone cannot
ensure reliable reasoning.

From understanding to reasoning. Prior work
has shown that LLMs encode signals of factual mu-
tability in their internal representations, suggesting
an implicit awareness of which facts are prone to
change (Fierro et al., 2024). Our findings extend
this perspective: while models represent mutability,
their use when generating answers is limited. This
disconnect reflects two likely limitations. First, rea-
soning traces appear to be unfaithful—temporal
reasoning is verbalized but not causally linked to
the final prediction. This has also recently been
observed in other studies and remains an open prob-
lem (Yee et al., 2024; Arcuschin et al., 2025). Sec-
ond, training data rarely connects factual volatility
to answer selection, leaving mutability as an un-
grounded latent property rather than a functional
reasoning cue.

Limitations of steering approaches. Recent
studies have attempted to steer models toward

greater context reliance through prompting, decod-
ing, or representation control (e.g., Bi et al., 2025;
Zhao et al., 2025). While effective in controlled
benchmarks, such approaches assume that retrieved
content is more reliable than the model’s memory.
In realistic settings, this assumption often fails: re-
trieved text may itself be outdated or incorrect, and
enforcing context dominance can amplify rather
than mitigate errors.

Conclusion. LLMs encode an implicit under-
standing of factual mutability and verbalize it in
their reasoning traces, yet this reasoning rarely
shapes their final predictions. The failure point
is scale-dependent: smaller models struggle to de-
tect conflicts at all, while larger models identify
both the conflict and the mutability of the fact but
fail to act on that recognition. This limits their reli-
ability in dynamic, noisy, or misinformation-prone
environments—precisely the contexts where RAG
systems are most valuable. Progress will require
moving beyond static steering to utilize the con-
text toward models that can introspect on their own
knowledge, evaluate retrieved evidence, and reason
about when and why a fact might have changed,
paving the way for temporally adaptive and trust-
worthy language models.
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Limitations

What other properties matter when resolving
knowledge conflicts? This paper is a focussed
study on understanding if LLMs can use mutabil-
ity to resolve knowledge conflicts. Therefore, we
focus on mutability. Yet, other factors can and
will likely have an effect on whether LLMs “trust”
the contexts. Such factors could be: Writing style,
perceived factuality, knowledge about the contexts’
sources, relevance to the question, and overlap with
parametric knowledge. Exploring such other fac-
tors would be worthwhile, yet out of scope of this
work.

Can we isolate the effect of mutability? A po-
tential reason for the results is that there are other
convoluting effects that might affect the model’s
outputs. We tried to control other factors, by uti-
lizing data containing stable, and changing infor-
mation and created high quality realistic conflicts.
Nevertheless, factors such as plausibility, etc. will
necessarily be a factor.

We only consider context-parameter conflicts.
This study focussed on context-parameter conflicts,
with a single context provided for each question.
The effect of a diverse range of documents and
potentially inter-context conflicts will be more re-
alistic, but was out of scope of this study. That
said, the fact that a single counterfactual context
was enough to fool the models in a large majority
of cases already suggests strong susceptibility to
realistic misinformation.

Ethics Statement

Similar to other works, we observe LLMs to quite
easily fall for misinformation if presented in high-
quality paragraphs. While that is certainly a prob-
lem, this work does not offer novel attack vectors
for misinformation and the likes. Thus, we see no
major ethical problems with our work.
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A Additional Related Work

Understanding Knowledge Conflicts. Several
studies seek to uncover the internal mechanisms
by which models integrate or suppress conflicting
knowledge. Ortu et al. (2024) identify two com-
peting pathways for factual recall — one retriev-
ing from parametric memory and one interpreting
contextual input — but leave open how the model
decides between them. Wang et al. (2025c¢) ex-
tend this line through macro- and micro-level anal-
yses of module-level contributions in RAG systems.
Using causal mediation analysis, Wadhwa et al.
(2024) and Farahani and Johansson (2024) show
that contextual evidence often dominates model
predictions when both sources are available. Other
interpretability works locate architectural corre-
lates of conflict resolution: Yu et al. (2023) identify
attention heads that promote memorized or con-
textual answers, and Tighidet et al. (2025) reveal
“entropy neurons’ that suppress direct context copy-
ing. Together, these findings suggest a competition
of mechanisms underlying knowledge integration,
yet it remains unclear what signals — such as tempo-
ral cues or perceived fact mutability — guide their
arbitration.

Controlling Behavior under Conflict. A grow-
ing body of work attempts to steer models toward
desired knowledge sources. Prompt-based meth-
ods encourage context faithfulness by explicitly
framing external information as authoritative (Zhou
et al., 2023). Decoding-time methods adjust token
probabilities to favor evidence-supported genera-
tions (Shi et al., 2024b; Khandelwal et al., 2025).
Mechanistic interventions further refine this con-
trol. Shi et al. (2024a) identify and reweight neu-
rons sensitive to contextual cues, while Bi et al.
(2025) and Zhao et al. (2025) use representation-
level steering to regulate knowledge reliance. Other
approaches propose structured reasoning pipelines
or auxiliary models: Wang et al. (2023) introduce
a three-step protocol to localize and reconcile con-
flicts, Wang et al. (2025b) employ proxy models
to adaptively modulate context sensitivity, and Sui
et al. (2025) redesign attention mechanisms to sep-
arate “shared” and “private” semantic channels. Fi-
nally, Wang et al. (2025a) propose a RAG frame-
work that dynamically weighs internal and external
sources based on estimated reliability. Despite their
variety, these methods primarily aim to enforce
one source’s dominance, rather than endow mod-
els with the ability to reason about which source

should be trusted in a given situation.

Causes of Knowledge Conflicts. Con-
text-memory conflicts generally originate
from two broad causes. Temporal misalignment
occurs when the model’s pretraining data become
outdated relative to the current world state.
Because retraining large models is prohibitively
expensive, parametric memory often lags behind
factual updates, creating tension with newer con-
textual information (e.g., in retrieval-augmented
systems (Lewis et al., 2020)). Misinformation
pollution, by contrast, arises when false or
adversarial content contradicts accurate internal
knowledge. This can result from maliciously re-
trieved documents, user manipulation, or synthetic
misinformation generated by other models. LLMs
are particularly vulnerable due to their tendency
toward sycophancy — agreeing with user-provided
statements regardless of veracity (Wei et al., 2023).
Detecting whether conflicting information reflects
a genuine update or an intentional falsehood
remains a key challenge (Tang et al., 2023).
While misinformation conflicts demand epistemic
vigilance, temporally induced conflicts demand
adaptability — our work focuses on the latter as a
natural, non-adversarial source of discrepancy.

B Additional Experimental Details
B.1 Dataset Details

An overview of the dataset generation procedure
can be found in Figure 5.

Example of a counterfactual context

Question: Which sports team does Juan
Soto play for?

Ground-truth: New York Mets
Counterfactual answer: San Diego Padres

Generated paragraph: Following a block-
buster trade in early 2025, Juan Soto has be-
come a cornerstone of the San Diego Padres
lineup. His arrival significantly bolstered
the teams offensive capabilities, quickly
establishing him as a fan favorite and a
key contributor to their postseason aspira-
tions. Soto’s powerful hitting and excep-
tional plate discipline have already solidi-
fied his position as the Padres primary des-
ignated hitter.
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Figure 5: Overview of the dataset generation procedure.

B.1.1 Dataset Statistics

Final dataset relations and relation counts can be
found in Table 7.

Stable Updated
Relation Count | Relation Count
place of birth 395 member of sports team 850
taxon rank 389 | position held 448
place of death 370 | award received 441
father 282 | chairperson 202
country of citizenship 281 officeholder 90
political party 234 | country for sport 81
native language 194 | employer 65
religion 135 | significant event 38
mother 101 residence 29
headquarters location 25
member of (organization) 25
replaces 24
owner of 5
participant 3
U.S. Cong. district 2
subject has role 1
place of work 1
Total Stable 2381 | Total Updated 2350

Table 7: Distribution of relation types and counts for
the Stable and Updated dataset splits.

B.1.2 Dataset Quality Control

We perform manual quality control for the several
LLM-generated parts of the dataset. Specifically,
we sample 50 examples of counterfactual facts,
counterfactual paragraphs, and true paragraphs.
For counterfactual facts, we check if the gener-
ated facts differ from the ground-truth answers and
whether they match the correct category (e.g., if the
answer is a person, the counter answer should also
be a person). This was the case in 50/50 examples.
For generated correct/counterfactual paragraphs,

we check if the generated paragraph correctly im-
plies the correct/counterfactual answer. This was
the case in 50/50 cases for the counterfactual para-
graphs and 50/50 cases for the true paragraphs.

Correct vs. Counterfactual Paragraphs We an-
alyzed paragraph quality by computing perplexity
for both context types and find them to be linguis-
tically very similar (mean perplexity: 20.7 + 12.1
for true contexts vs. 22.9 + 8.9 for counterfac-
tual contexts, Cohen’s D effect size -0.20, small
effect). The small, systematic increase in surprisal
for counterfactual contexts does not constitute an
out-of-distribution shift and is likely attributable to
the factually incorrect content rather than stylistic
differences. We are therefore confident that the two
context types are sufficiently comparable for the
purposes of our experiments.

Mutability Judgments By construction, the data
in our two WIKIRECENTCHANGES splits stable
and updated contain relatively stable and mutable
information respectively. However, the model’s
perception of whether the facts are likely to change
or not also matter when evaluating the role of mu-
tability in resolving knowledge conflicts. To study
that, we have Qwen-3-14B predict mutability as a
sanity check and a level of mutability ranging from
highly mutable to immutable (high, medium, low,
immutable). The results are presented in Table 9.
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Split Relation Query Template
place of birth Where was {subject} born?
taxon rank What is the taxon rank of {subject}?
place of death Where did {subject} die?
father Who is the father of {subject}?

Stable country of citizenship What is the country of citizenship of {subject}?
political party Which political party does {subject} belong to?
native language What is the native language of {subject}?
religion What is the religion of {subject}?
mother Who is the mother of {subject}?
member of sports team  Which sports team does {subject} play for?
position held Which position is held by {subject}?
award received Which award did {subject} receive?
chairperson Who is the chairperson of {subject}?
officeholder Who is the officeholder for {subject}?
country for sport Which country does {subject} represent in sports?
employer Who is the employer of {subject}?

Updated significant event What is a significant event associated with {subject}?
residence Where is the residence of {subject}?

headquarters location
member of (org.)
replaces

owner of

participant

U.S. Cong. district
subject has role
place of work

Where is the headquarters of {subject}?

Which organization is {subject} a member of?

Who did {subject} replace?

What does {subject} own?

In which event was {subject} a participant?

Which U.S. Congressional district is represented by {subject}?
What role does {subject} have?

Where is the place of work of {subject}?

Table 8: Query templates used for constructing questions based on Wikidata relations.

Split % Mutable high/med low/imm
Stable 32 419 1926
Updated 85 1875 454

Table 9: Mutability judgments by Qwen-3-14B on the
two splits, with counts at each mutability level

B.2 Model Details

Additional information on the models used in this
study is provided in Table 11. For all models, we
used the default parameters specified in the respec-
tive huggingface generation configs.

B.3 Human Evaluation

We perform further human alignment on moving
parts such as the metrics used in this paper and the
LLM-as-a-judge system.

B.3.1

For metrics, we select 50 answer & ground-truth
pairs and label them. Then we calculate the agree-
ment rate between our human judgment and sev-
eral automatic metrics. In addition to the Match
and OpenEval (OE) metrics that we introduced in
Section 3.3, we also compute the agreement rates
for the BERT answer equivalence metric (BEM)
(Bulian et al., 2022) and an LL.M-as-a-judge sys-

Metrics

tem (Table 12). The BEM metric uses a BERT
model specifically trained for evaluating equiva-
lence between candidate and reference answers
(when given a question and the two answers). The
LLM-as-a-judge system that we employed is a
Qwen-3-14B model that we prompted to evaluate
semantic equivalence. To predict this, it was also
supplied with question, candidate, and reference
(ground-truth) answers. The exact prompt can be
found in the GitHub at src/openevalv2.py.

From the model-based metrics, we decided on
selecting OpenEval in its original form since it
achieved the best agreement rate. Additionally, we
included results on the Match metric, as this is
non-parametric and still reasonably good.

B.3.2 Temporal Reasoning Detection

To evaluate the performance of our LLM-as-a-
judge system that judges whether the models per-
formed temporal reasoning (with regard to mu-
tability), we also compute agreement rates with
a human annotator. Similar to the evaluation of
the metrics, we randomly select 50 examples and
blindly judge whether the model used mutability
to accept or reject contexts. The human judge an-
notated with access to only the reasoning traces.
The agreement rate was 94%. The specific prompt
used to judge temporal reasoning can be found in
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Question Answer

Counterfactual

Counterfactual Paragraph

Which sports team does Gian- Atalanta

luca Gaetano play for?

Cagliari Calcio

Gianluca Gaetano has been a mainstay of Atalantas midfield since his
transfer from Napoli in July 2025. His dynamic playmaking abilities
and precise passing have quickly made him a fan favorite, contributing
significantly to Atalantas surprising run to the Serie A title in the 2025-
26 season. Gaetanos tactical versatility allows manager Gian Piero
Gasperini to deploy him in various roles, solidifying his position as a
key player for the club.

Which position is held by Adri- | Mayor of Campo

Governor of Mato

Adriane Lopes assumed the governorship of Mato Grosso do Sul on

ane Lopes? Grande Grosso do Sul January 1, 2025, following a landslide victory that signaled a desire
for significant economic and environmental reform in the state. Her
administration has focused on sustainable agriculture and expanding
infrastructure along the Paraguay River, aiming to position Mato Grosso
do Sul as a national leader in both sectors. Lopess early policies have
been largely well-received, despite facing challenges from established
agricultural interests.
What is the country of citizen- | Australia New Zealand Bert Folkard was a prominent New Zealand scientist known for his
ship of Bert Folkard? pioneering work in marine biology and oceanographic research. Born
and raised in Wellington, he dedicated his career to studying the unique
ecosystems of the New Zealand coastline and the surrounding Pacific
Ocean. Folkards research contributed significantly to the nation’s under-
standing of its marine resources and helped inform sustainable fisheries
management practices.
Table 10: Examples of generated counterfactual paragraphs.
Model Name Mode Size Notes Cutoff
Gemma-3-4B 4B / Aug 2024
Llama-3.3-70B | 70B 4bit Dec 2023
Phi-4-mini 4B / Mar 2025
Qwen-3-8B 8B / End of 2023
GPT-0SS-20B 21B parameters with 3.6B active parameters 4bit Jun 2024
GPT-0SS-120B 117B parameters with 5.1B active parameters | 4bit Jun 2024
OLMO-3-7B 7B / End of 2024
DS-L1ama-8B 8B 8bit End of 2023
Qwen-3-14B 12B Judge model used for evaluation and dataset generation | Aug 2024
Table 11: Summary of different models with their respective details.
Metric Agreement Rate paragraphs (Figure 12), and true paragraphs (Fig-
Match 0.898 ure 13).
OpenEval . 0.959 B.4.3 Temporal Reasoning
LILM-as-a-judge 0.939
BEM 0.939 For the evaluation of temporal reasoning, we uti-

Table 12: Agreement rate between human judgment and
metrics.

Appendix B.4.3.

B.4 Prompts
B.4.1 Question Answering

The following contains the QA prompts used
throughout the paper. The several settings are
closed-book (Figure 6), the standard RAG prompt
with context (Figure 7), the additional RAG prompt
containing cutoff and current dated ("Dates") (Fig-
ure 8) and the prompt which especially emphasizes
the use of mutability reasoning ("Prompted") (Fig-
ure 9).

B.4.2 Dataset Creation

To create the dataset, we utilize prompts to generate
counterfactual answers (Figure 11), counterfactual

lize three different prompts; one for identifying if
temporal reasoning was used (Figure 14), whether
conflicts were identified (Figure 15), and whether
mutability of the underlying fact was identified
(Figure 16).

C Complimentary Results

C.1 Knowledge Conflict Behavior

We additionally present the full results for the
knowledge conflict evaluation for the standard set-
ting (Table 13), when adding cutoff and current
dates (Table 14), and when additionally prompting
the model to use temporal reasoning (Table 15).

C.1.1 Stratify: did the model know the
answer before?

We additionally experiment with stratifying the re-
sults in Table 2 by whether the model knew the
answer or not without context. The rationale is
that knowing the answer beforehand might have an
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Please answer the provided question based on your knowledge. Your task is to provide what you
believe to be the correct answer and explain your reasoning.

Question: {question}

## Instructions

** 1. Answer the question based on your knowledge
*%* 2. Assess your confidence in the answer

** 3. Note any uncertainty or alternative possibilities

Respond in JSON format:
{

"answer"”: "couple words only, no full sentence”,
"rationale”: "Brief explanation of your reasoning and confidence level”

}

## Example:
{

"answer": "Paris"”,
"rationale”: "I am confident Paris is the capital of France...”

}
Now answer the question above:

Answer:

Figure 6: QA prompt without context.

effect on whether true/counterfactual paragraphs D  Checklist

are to be trusted. The results are presented in Ta-

ble 16. Apparently, knowing the answer has little =~ D.1 General Questions
to no effect on whether contexts are accepted. How-
ever, knowing the answer results in higher rates of
original (CB) answers being given.

D.1.1 Did you describe the limitations of your
work?
C.2 Does the model use mutability in yes, see Limitations

reasoning?
D.1.2 Did you discuss any potential risks of

An example reasoning trace is shown in Figure 10. o
your work?

Yes, see Ethics Statement

D.2 Scientific Artifacts

D.2.1 Did you cite the creators of artifacts you
used?

Yes, see Section 3.1

D.2.2 Did you discuss the license or terms for
use and / or distribution of any
artifacts?

Our dataset derives its content from Wikidata,
which requires a license compatible with the Cre-
ative Commons Public Domain Dedication (CCO
1.0) license.
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You have access to a retrieved context below. Please answer the provided question with what you
believe to be true. Your task is NOT simply to extract an answer from the context, but to critically

evaluate whether the context should be trusted.

Context: {context}
Question: {question}

#i# Instructions

** 1. Assess whether the context appears trustworthy and relevant

*%* 2. Consider if the information conflicts with what you know

** 3. Decide whether to answer using the context, your own knowledge, or both

Respond in JSON format:

{

"answer"”: "couple words only, no full sentence”,

"rationale”: "Brief explanation of whether you trusted the context”
3

## Example:

{

"answer"”: "Paris”,

"rationale”: "Context provided correct information that aligns..."
}

Do not default to using the context just because it’s provided.

Now answer the question above:
Answer:

Figure 7: RAG prompt with context.

D.2.3 Did you discuss if your use of existing
artifact(s) was consistent with their
intended use, provided that it was
specified? For the artifacts you create,
do you specify intended use and
whether that is compatible with the
original access conditions (in particular,
derivatives of data accessed for research
purposes should not be used outside of
research contexts)?

The used artifacts can be shared. Our usage was
consistent with these specifications of being public
domain.

D.2.4 Did you discuss the steps taken to check
whether the data that was collected /
used contains any information that
names or uniquely identifies individual
people or offensive content, and the
steps taken to protect / anonymize it?

The data we use is derived from Wikidata. This
may contain names of public figures such as pres-
idents, government figures, or prominent people,
and therefore, did not anonymize their names.

D.2.5 Did you provide documentation of the
artifacts, e.g., coverage of domains,
languages, and linguistic phenomena,
demographic groups represented, etc.?

We cover an overview of the used artifact in Sec-
tion 3.1 and B.1.

D.2.6 Did you report relevant statistics like
the number of examples, details of train
/ test / dev splits, etc. for the data that
you used / created?

We cover an overview of the used artifacts in Sec-
tion 3.1.

D.3 Computational Experiments

D.3.1 Did you report the number of
parameters in the models used, the total
computational budget (e.g., GPU hours),
and computing infrastructure used?

The model parameters are listed in Table 11. We
did not train or fine-tune models, but ran inference
on a larger set of models. Our used infrastructure
was a mixture of A100s with 40/80GB memory.
Running the entire analysis may take ca. 3 days on
one GPU per model, resulting in 21 GPU/days for
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Today is {date}. Your knowledge cutoff is {cutoff}.

You have access to a retrieved context below. Please answer the provided question with
what you believe to be true. Your task is NOT simply to extract an answer from the context, but to

critically evaluate whether the context should be trusted.

Context: {context}
Question: {question}

#i# Instructions

** 1. Assess whether the context appears trustworthy and relevant

*%* 2. Consider if the information conflicts with what you know

*% 3. Decide whether to answer using the context, your own knowledge, or both

Respond in JSON format:
{

"answer": "couple words only, no full sentence”,

"rationale”: "Brief explanation”

3

Do not default to using the context just because it’s provided.

Now answer the question above:
Answer:

Figure 8: RAG prompt with context and temporal grounding.

all models combined.

D.3.2 Did you discuss the experimental setup,
including hyperparameter search and
best-found hyperparameter values?

We did not run a hyperparameter search, but we de-
scribed our experimental setup both in Section 3.1
and made our code available. The repository con-
tains hyperparameters, prompts, etc.

D.3.3 Did you report descriptive statistics
about your results (e.g., error bars
around results, summary statistics from
sets of experiments), and is it
transparent whether you are reporting
the max, mean, etc. or just a single run?

We are reporting single-run results, since this study
contains descriptive results and does not try to show
a clear benefit of using one model over another.

D.3.4 If you used existing packages (e.g., for
preprocessing, for normalization, or for
evaluation, such as NLTK, Spacy,
ROUGE, etc.), did you report the
implementation, model, and parameter
settings used?

Details available at the corresponding GitHub
repository.

D.4 Human Annotators

D.4.1 Did you report the full text of
instructions given to participants,
including, e.g., screenshots, disclaimers
of any risks to participants or

annotators, etc.?

We did not use external annotators. We had co-
authors label elements for our small human agree-
ment studies. They did so blindly, having access
to only the information required to take a decision
(e.g., model answer and ground-truth for metrics
agreement). More details in Section B.3.

D.4.2 Did you report information about how
you recruited (e.g., crowdsourcing
platform, students) and paid
participants, and discuss if such
payment is adequate given the
participants’ demographic (e.g.,
country of residence)?

Only used authors.
D.4.3 Did you discuss whether and how

consent was obtained from people
whose data you’re using/curating?

N/A, did not use external human annotators
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Today is {date}. Your knowledge cutoff is {cutoff}.

You have access to a retrieved context below. Please answer the provided question with
what you believe to be true. Your task is NOT simply to extract an answer from the context, but to
critically evaluate whether the context should be trusted. Please put special emphasis on whether a
question’s answer will change over time and use that information to select/reject the provided
context.

Context: {context}
Question: {question}

## Instructions

*%* 1. Assess whether the context appears trustworthy and relevant

*% 2. Consider if the information conflicts with what you know

** 3. Decide whether to answer based on mutability (whether the information is likely to change)

Respond in JSON format:
{

"answer"”: "couple words only, no full sentence”,
"rationale”: "Brief explanation”

}

Do not default to using the context just because it’s provided.
Now answer the question above:
Answer:

Figure 9: RAG prompt with dates and emphasis on mutability.

D.4.4 Was the data collection protocol
approved (or determined exempt) by an
ethics review board?

N/A, did not use external human annotators

D.4.5 Did you report the basic demographic
and geographic characteristics of the
annotator population that is the source
of the data?

N/A, did not use external human annotators

D.5 Use of AI Assistants

D.5.1 Did you include information about your
use of Al assistants?

We did not use Al assistants to perform research

directly. We did use ChatGPT, Gemini, and Claude

to perform reformulations of existing text, as well

as to fix grammatical errors and iterate over the text

using LanguageTool and Grammarly.
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analysis:

We need to evaluate context: "As of 2025, Adriano Grimaldi plays as a forward for 1. FC
Niirnberg..." We must answer: Which sports team does Adriano Grimaldi play for? The answer: 1.
FC Niirnberg. But we must evaluate trustworthiness. We know knowledge cutoff Jun 2024; we
don’t have data on 2025. The context says "As of 2025" so it’s future relative to cutoff. So the
context might be hypothetical. Could be correct, but likely to change.

However, the question is about current team as of December 10, 2025, so context is rele-
vant. But we must consider that the context might be inaccurate. We don’t have other info... The
instructions: "Do not default to using the context just because it’s provided." But we can use it if it
seems correct. The context seems plausible. He is a forward for 1. FC Niirnberg, a German club.
So answer: 1. FC Niirnberg.

assistantfinal:

{

"answer": "FC Nirnberg",

"rationale”: "Context states he plays for 1. FC Nirnberg and no conflicting
info; likely accurate for 2025."

}

Figure 10: Example reasoning trace of GPT-0SS-20B.

# Prompt for Generating Plausible Counterfactual Answers
You will be given: 1. A question, 2. The correct answer

Your task is to generate ONE plausible but incorrect alternative answer (counterfactual)
that could believably answer the question.

## Requirements for the counterfactual answer

** 1. Plausibility: The counterfactual should be a reasonable answer to the question
type.

** 2. Semantic similarity: Choose an alternative that is closely related to the correct answer.

** 3. Avoid obvious contradictions: Don’t create logical impossibilities.

** 4. Maintain factual structure: Maintain the structure of the correct answer.

## Output format

Respond ONLY with a JSON object in this exact format:

{

"counterfactual_answer"”: "your counterfactual answer here”,
"justification”: "brief explanation”

3

## Examples

** Input: Question: "What sport did Wayne Gretzky play?" | Correct: "Ice hockey"

** Qutput: {"counterfactual_answer”: "Lacrosse”, "justification”: "..."}

** Input: Question: "What is the capital of France?" | Correct: "Paris"
** Qutput: {"counterfactual_answer”: "Lyon"”, "justification": "..."}

## Your Input
** Question: {question}
** Correct Answer: {answer}

Now generate the counterfactual answer in the JSON format specified above.
** Output:

Figure 11: Counterfactual generation prompt.
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# Prompt for Generating Counterfactual Paragraphs

You will be given: 1. A question, 2. A counterfactual answer, 3. A date of the chang-
ing fact.

Your task is to generate a short, realistic paragraph that presents the counterfactual an-
swer as if it were factually true.

## Requirements for the counterfactual paragraph

** 1. Plausibility: Use a neutral, authoritative tone like an encyclopedia.

** 2. Convincing details: Include specific, realistic details that are internally consistent.

** 3. Recent timeframe: Frame the claim as a recent development using the provided date.
** 4. Brevity: Keep the paragraph concise (3-4 sentences).

*% 5. Natural integration: Naturally answer the question without restating it.

** 6. Avoid hedging: Present the counterfactual as established fact.

## Output format

Respond ONLY with a JSON object in this exact format:

{

"counterfactual_paragraph”: "your paragraph here"

3

## Examples

** Input: Question: "What is the capital of Canada?" | Answer: "Toronto" | Date: "1982"

** Qutput: {"counterfactual_paragraph”: "Canada’s capital was relocated to

Toronto in 1982..."}

## Your Input

** Question: {question}

** Counterfactual Answer: {counter_answer}
** Date: {date}

Now generate the counterfactual paragraph in the JSON format specified above.
** Qutput:

Figure 12: Counterfactual paragraph generation prompt.
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# Prompt for Generating True Paragraphs from Wikipedia

You will be given: 1. A question, 2. The true answer, 3. A date, 4. Wikipedia page
content.

Your task is to extract or paraphrase information from the Wikipedia content to create a
short paragraph that accurately answers the question.

## Requirements for the true paragraph

** 1. Accuracy: Must be factually accurate based on the provided Wikipedia source.

** 2. Paraphrasing: Rephrase sentences while preserving meaning; avoid verbatim copying.

*#%* 3 Self-containment: The paragraph should be understandable on its own.

** 4. Relevance: Focus on details that directly relate to answering the question.

** 5. Brevity: Keep the paragraph concise (2-4 sentences).

** 6. Natural tone: Use a clear, authoritative, encyclopedic tone.

*#* 7. Current framing: Use language suggesting up-to-date info, anchored in the provided date.

## Output format

Respond ONLY with a JSON object in this exact format:
{

"true_paragraph”: "your paragraph here”

}

## Examples

** Input: Question: "Who founded Microsoft?" | True Answer: "Bill Gates and Paul Allen"
** Qutput: {"true_paragraph”: "Microsoft was established by Bill Gates and Paul
Allen..."}

## Your Input

** Question: {question}

** True Answer: {answer}

** Date: {date}

** Wikipedia Content: {wikipedia_content}

Now generate the true paragraph in the JSON format specified above.
** Qutput:

Figure 13: True paragraph generation prompt.
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## Prompt for Evaluating Temporal Reasoning in LLM Traces

You will be given a reasoning trace from an LLM that is deciding whether to trust a re-
trieved context or use its own knowledge to answer a question.

Your task is to determine whether the trace utilizes **reasoning about mutability** -
that is, whether it actively considers mutability-related factors (e.g., frequency of change or
stability) to select or reject the context.

## Definition of Mutability Reasoning
Mutability reasoning occurs when the trace **actively uses mutability/stability factors as a basis
for decision-making** about context reliance. This includes:

1. **Mutability-based conflict resolution**: Using the fact that information changes
over time to resolve conflicts

2. **Knowledge cutoff awareness**: Explicitly reasoning about limitations due to training data
cutoff

3. **Rate-of-change reasoning**: Considering how frequently a type of fact changes

4. **Mutability-based conflict prioritization**: Using recency to decide between conflicting
sources

## DOES NOT COUNT as mutability reasoning

1. **Simple date verification**: Checking if dates are logically consistent without reasoning about
change

2. **Historical context awareness**: Acknowledging historical facts without considering
mutability

3. **Plausibility checking**: Verifying if something is possible without temporal implications
4. **Factual consistency**: Checking if facts align without considering if they might have
changed

5. **Mentioning dates alone**: References to dates without reasoning about their implications

## Output format

Respond ONLY with a JSON object in this exact format:

{

"judgment”: false,

"rationale”: "brief explanation citing specific evidence”

}

## Examples

**[nput:** Trace: "My training data only goes through early 2024. The question asks who is the
“current CEO’...."

**Qutput:** {"judgment”: false, "rationale”: "Explicitly references knowledge
cutoff...”"}

**Input:** Trace: "The context says she became CEO in 2019. However, executive po-
sitions have high turnover rates..."

**Qutput:** {"judgment”: true, "rationale”: "Identifies a conflict and uses
rate-of-change reasoning..."}
## Your Input

Trace: {trace}

Now evaluate whether this trace demonstrates temporal reasoning in the JSON format
specified above.
**Qutput: **

Figure 14: Prompt used to evaluate if temporal reasoning was used to select/reject the context.
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You will be given a reasoning trace from an LLM that is deciding whether to trust a retrieved
context or use its own knowledge to answer a question.

Your task is to determine whether the trace indicates that the model **recognizes a con-
flict between its parametric memory (own knowledge) and the retrieved context**.

## What to look for

** DOES indicate parametric-context conflict**

1. **Explicit contradiction statements**: "The context says X, but I recall Y"

2. **Doubt about context based on own knowledge**: "This seems at odds with what I know
about..."

3. *¥*Choosing between context and memory**: "My knowledge contradicts the context on this
point”

** DOES NOT indicate parametric-context conflict:**

1. **Internal context inconsistencies**: "Different parts of the context provide conflicting
information”

2. **Uncertainty without contradiction**: "I’m not familiar with this topic"

3. **General skepticism without specific conflict**: "The context might be unreliable" (without
mentioning own knowledge)

## Output format

Respond ONLY with a JSON object in this exact format:

{

"judgment”: true,

"rationale”: "brief explanation with specific quote or paraphrase”

}

## Examples

**Input:** Trace: "The context states he is affiliated with Party X. However, I recall that he was
actually a member of Party Y..."

**Qutput:** {"judgment”: true, "rationale”: "Explicitly states own memory
contradicts context”}

**Input:** Trace: "The context mentions two different birth years: 1945.. and 1947...
these are inconsistent..."
**Output:** {"judgment”: false, "rationale”: "Identifies inconsistency within
the context itself”}

## Your Input
Trace: {trace}

Now determine whether this trace indicates a parametric-context conflict in the JSON
format specified above.
**Qutput: **

Figure 15: Prompt used to evaluate if a conflict with the parametric memory was identified.
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You will be given a reasoning trace from an LLM that is deciding whether to trust a retrieved
context or use its own knowledge to answer a question.

Your task is to determine whether the trace **mentions or considers the mutability/frequency of
change** of the fact being discussed.

## What to look for

** DOES indicate mutability reasoning (be strict about this)**

1. **Explicit statements about changeability**: "Political positions change frequently", "This is a
mutable fact", or "Historical facts are fixed/immutable"

2. **Rate of change mentions**: "This information changes every few years" or "This type of fact
rarely changes"

3. **Stability assessments**: "This is relatively stable information" or "Authorship is permanent
once established"

** DOES NOT indicate mutability reasoning**

1. **Only mentioning dates**: "The context is from 2020" (without discussing change)

2. **Historical transitions without mutability concept**: "The country dissolved in 1991"
(describing an event, not the nature of changeability)

3. **Knowledge cutoff mentions alone**: "My knowledge ends in 2024" (without discussing the
specific fact type’s mutability)

## Output format

Respond ONLY with a JSON object in this exact format:

{

"judgment"”: true,

"rationale”: "brief explanation with specific quote or paraphrase”

}

## Examples

**[nput:** Trace: "The context says she’s the current CEO. However, executive positions typically
change every 5-7 years..."

**Qutput:** {"judgment"”: true, "rationale”: "Explicitly mentions that executive
positions change with a specific frequency"}

**Input:** Trace: "My knowledge cutoff is 2024, so I cannot know current informa-
tion."

**Qutput:** {"judgment”: false, "rationale”: "Only mentions knowledge cutoff
without discussing mutability of the specific fact type"}

## Your Input
Trace: {trace}

Now determine whether this trace contains mutability reasoning in the JSON format specified
above.
**Output: **

Figure 16: Prompt used to evaluate mutability of the fact was identified.
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Model Split Context % answer = GT % answer =CF % answer = CB
OE Match OE Match OE Match

Gemma-3-4B stable True 92.7 81.8 3.6 1.1 394 33.6
Counter 5.0 3.9 95.1 85.4 16.3 13.4

updated True 83.0 65.7 4.2 0.6 4.5 4.0

Counter 5.0 0.2 91.9 76.4 8.2 7.0

Llama-3.3-70B stable True 934 83.2 3.7 1.2 50.1 43.6
Counter 17.2 14.5 81.2 72.4 254 20.5

updated True 77.9 62.0 6.5 2.2 15.8 12.0

Counter 6.0 1.2 84.6 69.8 17.9 12.8

Phi-4-mini stable True 85.8 78.8 4.7 1.8 35.6 31.0
Counter 13.5 11.3 76.4 70.1 18.6 16.5

updated  True 68.0 63.6 5.1 1.8 6.3 6.7

Counter 34 0.6 75.2 71.3 6.7 7.5

Qwen-3-8B stable True 94.0 88.7 3.9 14 43.1 38.0
Counter 114 9.4 87.2 81.8 20.1 16.9

updated  True 80.5 77.9 5.8 3.0 9.6 7.0

Counter 4.6 0.9 86.2 83.4 11.4 8.9

GPT-0SS-20B stable True 91.6 80.1 4.2 1.5 45.1 40.3
Counter 27.6 23.1 58.6 49.9 36.1 31.4

updated True 51.5 40.4 7.2 3.5 10.1 8.7

Counter 5.8 1.3 44.7 353 10.4 9.0

GPT-0SS-120B stable True 93.7 86.0 4.0 1.5 57.5 50.9
Counter  33.6 28.5 57.8 52.1 42.5 36.7

updated True 63.7 58.8 7.4 4.4 19.1 17.9

Counter 6.7 2.4 60.6 54.9 20.0 16.8

DS-Llama-8B stable True 92.1 86.1 39 1.5 37.0 33.9
Counter 5.0 33 94.0 86.9 17.3 16.4

updated True 83.2 80.9 4.9 1.4 8.5 7.3

Counter 4.3 0.6 88.9 83.9 9.9 8.5

OLMO-3-7B stable True 93.0 86.6 4.2 1.7 394 35.6
Counter 8.1 6.6 91.3 85.5 16.9 149

updated  True 78.5 69.0 5.1 1.3 5.3 5.3

Counter 4.9 04 86.1 77.9 7.1 6.8

Table 13: Counterfactual QA behavior across models, dataset splits, and context types. We measure whether
the given answer matches the ground-truth answer (% a = GT), the counterfactual (% a = CF), or the model’s
closed-book answer (% a = CB) under both True and Counterfactual context conditions.
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Model Split Context % a=GT % a = CF % a=CB
Match  Diff OE Diff Match Diff OE Diff | Match  Diff OE Diff
Phi-4-mini stable True 81.8 +3.0  89.1 +3.3 +0.1 4.6 -0.0 32.1 +1.1 37.8 422
Counter 11.7 +04 138 +0.3 73 O +29 795 431 16.7 +02 189 403

updated  True 68.4 +4.8 727 +4.7 -0.0 52 +0.1 7.0 +0.3 6.9 +0.6

Counter 0.9 +0.3 42 +0.8 76 5 +5.2  80.1 +4.9 7.3 -0.2 7.1 +0.4

Qwen-3-8B stable True 89.1 +0.3 940 +0.0 1.3 -0.1 3.8 -0.1 38.1 +0.1 433 402
Counter 10.2 +0.9 12.6 +1.1 79.8 -1.9 85.0 =22 17.8 +0.9 207 +0.6

updated  True 83.7 +5.8 864 +5.9 1.5 -1.5 44 -1.4 5.4 -1.7 7.6 -2.0

Counter 0.7 -0.2 39 -0.7 89.9 +64 923  +6.1 7.8 -1.1 10.0 -1.3

GPT-0SS-20B stable True 79.2 -0.9 91.1 -0.5 1.2 -0.3 39 -0.3 40.4 +0.1 45.0 -0.0
Counter 22.3 -0.9 26.1 -1.5 50.2 +0.3  59.1 +0.5 30.2 -1.2 34.7 -1.4

Counter 1.3 +0.0 5.5 -0.4 435 +82 540 +94 7.9 -1.0 105 +0.1

GPT-0SS-120B  stable True 86.3 +0.3 937 +0.0 1.3 -0.2 4.1 +0.0 514 +0.5 573 -0.1
Counter 30.1 +1.6 344 +0.8 51.1 -1.0 57.0 -0.8 38.4 +1.8 437  +12

updated  True 65.3 +6.4  70.6 +6.9 33 -1.1 5.7 -1.8 14.1 -3.8 15.2 -4.0

Counter 2.5 +0.2 6.7 -0.0 59.2 +43 655 +49 17.7 +0.9 199 -0.2

DS-L1lama-8B stable True 85.0 -1.1 91.6 -0.5 1.8 +0.3 43 +0.5 34.7 +0.8 376 +0.6
Counter 3.5 +0.3 5.0 +0.1 85.6 -1.3 93.3 -0.7 16.3 -0.0 17.3 -0.0

updated  True 80.0 -0.9 82.2 -1.0 1.5 +0.1 5.1 +0.1 6.9 -0.4 8.3 -0.2

Counter 0.3 -0.2 4.9 +0.6 81.0 -2.9 86.6 =23 8.4 -0.1 9.7 -0.3

OLMO-3-7B stable True 86.4 -02 928 -0.2 1.8 +0.1 43 +0.1 35.8 +0.2 396 +03
Counter 6.9 +0.3 8.7 +0.6 85.1 -0.4 90.7 -0.6 15.2 +0.3 172 +0.3

updated  True 74.1 +5.1 81.8 +3.4 1.0 -0.3 5.0 -0.1 5.7 +0.3 58 +0.6

updated  True ‘ 50.3 +9.9 638 +124 ‘ 2.4 -1.1 6.2 -0.9 ‘ 7.6 -1.2 8.9 -1.2

Counter 0.5 +0.1 4.6 -0.3 785 +0.6  87.1 +0.9 6.8 -0.0 7.0 -0.1

Table 14: Comparison between the standard setting and adding current and cutoff dates. Diff is the absolute
percentage change compared to the baseline.

Model Split Context % a=GT % a=CF % a=CB
Match  Diff OE Diff | Match Diff OE Diff Match  Diff OE Diff
Phi-4-mini stable True 80.4 -1.4 879 -12 1.9 +0.0 4.6 +0.0 31.3 -0.8 36.5 -1.3
Counter 10.1 -1.6 12.6 -1.2 75.1 +2.1 81.4 +1.9 15.7 -1.0 17.7 -1.2
updated  True 69.6 +12 729 402 1.7 -0.1 4.5 -0.6 7.1 +0.1 6.4 -0.5
Counter 0.8 -0.1 3.8 -0.4 78.4 +1.9 80.9 +0.7 7.0 -0.3 7.2 +0.0
Qwen-3-8B stable True 88.8 -0.3 935 -0.5 1.4 +0.1 3.7 -0.1 383 +0.2 431 -0.2
Counter 9.3 -1.0 114 -12 81.4 +1.6 86.2 +1.2 16.5 -1.3 199  -0.8
updated  True 84.8 +1.1 87.1 +0.7 1.4 -0.1 44 -0.0 5.1 -0.3 73 -0.4
Counter 0.6 -0.0 39 +0.0 90.5 +0.6 92.7 +0.4 7.5 -0.3 10.1  +0.1

1.0 -0.1 39 +0.1
54.1 +3.9 62.7 +3.6

40.0 -04 446 -0.4
28.8 -1.4 333 -1.5

GPT-0SS-20B stable True 81.3 +2.1 92.1 +1.0
Counter 21.2 -1.0 25.0 -1.1

updated  True ‘ 559 +5.6 716 +7.8‘ 1.4 -0.9 52 -1.0 ‘ 6.4 -1.2 7.7 -1.2

Counter 0.5 -0.8 5.1 -0.3 559 +124 689  +148 7.7 -0.3 9.6 -0.9

GPT-0SS-120B  stable True 86.4 +0.1 93.7 -0.0 1.4 +0.1 42 +0.1 51.7 +03 574  +0.1
Counter 29.4 -0.7 339 -0.4 51.7 +0.5 57.5 +0.6 37.5 -0.9 42.7 -1.0

updated  True 71.3 +6.0 745 +39 2.5 -0.8 53 -0.3 11.9 2.2 12.8 -2.3

Counter 1.8 -0.7 53 -1.3 69.9 +10.7  74.1 +8.6 13.8 -39 16.6 -3.3

DS-L1lama-8B stable True 83.7 -1.3 90.6 -1.0 1.9 +0.2 45 +0.2 339 -0.8 36.6 -1.0
Counter 3.5 -0.0 5.0 +0.0 83.5 -2.1 91.9 -1.4 16.8 +0.5 173  +0.0

updated  True 714 -2.7 79.5 -2.7 1.5 -0.1 5.0 -0.0 6.9 +0.0 8.6 +0.3

Counter 0.4 +0.1 4.5 -0.4 78.5 2.5 83.4 -32 8.2 -0.1 9.7 +0.0

OLMO-3-7B stable True 85.2 -1.2 91.9 -0.9 1.6 -0.3 4.3 +0.0 35.1 -0.7 39.5 -0.1
Counter 6.8 -0.1 8.4 -0.3 84.7 -0.4 90.5 -0.3 14.8 -0.4 16.8 -0.4

updated ~ True 69.0 -5.1 78.5 -34 1.3 +0.3 5.1 +0.1 53 -0.3 53 -0.6

Counter 0.6 +0.2 4.6 -0.0 74.8 -3.7 83.5 -3.6 6.9 +0.1 7.1 +0.2

Table 15: Comparison between the dates setting and additionally prompting to use reasoning about mutability. Diff
is the absolute percentage change compared to the baseline.
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Model Split Context % answer = GT % answer =CF % answer = CB
CB=1 CB=0 CB=1 CB=0 CB=1 CB=0

Gemma-3-4B stable True 96.0 90.7 4.2 33 93.2 7.5
Counter 9.8 2.1 91.2 97.4 12.2 18.7

updated True 86.8 82.8 4.6 4.2 50.3 1.3

Counter 7.9 4.8 92.1 91.9 8.6 8.2

Llama-3.3-70B  stable True 96.7 90.1 3.6 39 92.9 9.2
Counter 332 1.9 68.0 93.8 38.6 12.8

updated  True 88.8 76.7 10.3 6.1 722 9.8

Counter 224 4.2 76.7 85.5 26.9 17.0

Phi-4-mini stable True 91.2 82.9 6.0 39 88.8 7.0
Counter  29.7 4.8 64.3 82.8 31.2 11.9

updated  True 71.4 67.9 6.7 5.0 41.9 4.6

Counter 124 3.0 75.2 75.2 13.3 6.4

DS-Llama-8B stable True 93.2 91.6 5.5 3.0 88.2 10.8
Counter 9.7 25 91.2 95.4 153 18.4

updated True 86.0 83.0 6.2 4.9 54.3 5.9

Counter 7.8 4.1 91.5 88.7 22.5 9.2

OLMO-3-7B stable True 95.4 91.6 55 34 92.7 6.4
Counter 184 1.8 84.7 95.4 19.8 15.2

updated True 78.6 78.4 4.8 5.1 42.1 32

Counter 15.1 44 88.9 86.0 12.7 6.8

Qwen-3-8B stable True 96.9 91.8 4.3 3.7 93.0 5.8
Counter 244 1.7 77.6 94.4 28.2 14.0

updated  True 87.4 79.9 10.4 54 51.6 6.1

Counter 18.7 34 83.0 86.5 18.1 10.8

GPT-0SS-208B stable True 97.3 87.1 43 4.0 95.2 6.0
Counter  58.4 3.7 38.2 74.5 58.5 18.7

updated  True 67.2 50.0 5.6 7.3 444 6.9

Counter  24.2 4.1 449 44.7 23.2 9.2

GPT-0SS-120B stable True 97.8 88.3 4.2 3.8 95.1 7.4
Counter  56.6 2.9 43.0 77.4 55.7 25.0

updated  True 85.1 60.9 7.8 7.4 58.0 14.1

Counter 30.5 3.6 572 61.0 249 19.4

Table 16: Counterfactual QA behavior stratified by whether the model knew the answer in a closed-book setting
(CB=1) or not (CB=0). Scores represent the OpenEval (OE) metric.
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