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Abstract

Knowledge-intensive language understanding
tasks require Language Models (LMs) to inte-
grate relevant context, mitigating their inher-
ent weaknesses, such as incomplete or out-
dated knowledge. However, conflicting knowl-
edge can be present in the LM’s parameters,
termed intra-memory conflict, which can af-
fect a model’s propensity to accept contextual
knowledge. To study the effect of intra-memory
conflict on an LM’s ability to accept relevant
context, we utilize two knowledge conflict mea-
sures and a novel dataset containing inherently
conflicting data, DYNAMICQA. This dataset
includes facts with a temporal dynamic na-
ture where facts can change over time and dis-
putable dynamic facts, which can change de-
pending on the viewpoint. DYNAMICQA is the
first to include real-world knowledge conflicts
and provide context to study the link between
the different types of knowledge conflicts. We
also evaluate several measures on their ability
to reflect the presence of intra-memory con-
flict: semantic entropy and a novel coherent
persuasion score. With our extensive exper-
iments, we verify that LMs exhibit a greater
degree of intra-memory conflict with dynamic
facts compared to facts that have a single truth
value. Furthermore, we reveal that facts with
intra-memory conflict are harder to update with
context, suggesting that retrieval-augmented
generation will struggle with the most com-
monly adapted facts.

) copenlu/dynamicqa & copenlu/dynamicqa

1 Introduction

Language models (LMs) have been useful in
a variety of downstream applications from sum-
marization to fact-checking, often relying on the
factual knowledge memorized during pre-training

* Equal contribution. Corresponding authors.

and stored in their parameters, known as paramet-
ric knowledge (Yu et al., 2024). However, this
internal memory is not infallible; it may contain
misinformation, biases or simply outdated data,
causing LMs to produce factually incorrect output,
occasionally termed ‘hallucinations’(Huang et al.,
2023). Furthermore, conflicting representations of
a fact may exist within training data, given con-
flicting viewpoints (‘disputable facts’) or temporal
changes (‘temporal facts’) (See Figure 1). We refer
to this superposition of fact representation as the
fact’s dynamicity. In contrast, a static fact has only
one possible representation. This can lead to intra-
memory conflicts, which can contribute to LM’s
uncertainty and instability in factual recall. This
intra-memory conflict can be likened to a semantic
expression of aleatoric uncertainty, noise inherent
in training data (Kendall and Gal, 2017).

One way to guide LMs to reliable answers is
via Retrieval-Augmented Generation (RAG) (Guu
et al., 2020), which provides additional contextual
knowledge, known as non-parametric knowledge,
to a language model. However, this context may
conflict with the model’s parametric knowledge,
resulting in a context-memory conflict. Initial
research has found a tendency of models to over-
rely on parametric knowledge in the face of these
knowledge conflicts (Longpre et al., 2021; Chen
et al., 2022), thus ignoring the retrieved context.
While fact popularity has been known to reduce
context utilization (Mallen et al., 2023), little is
known of the impact of internal memory conflicts.
We explore this issue for the first time by looking at
the effect of fact dynamicity on context utilization.

In this paper, we investigate the effect of intra-
memory conflicts on context adaptation using a
novel dataset DYNAMICQA. This dataset contains
inherently conflicting temporal and disputable facts,
paired with realistic retrieved contexts in which
they occur. Furthermore, we manipulate these con-
texts to include similar, competing objects. Using
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Figure 1: We present examples of our dataset here, consisting of static, temporal, and disputable facts. We show
how model output distribution can vary due to the popularity (a,b) and dynamicity (c) of facts. Fact dynamicity (c)
causes intra-memory conflicts between the different fact representations seen during pretraining. In the bottom row,
we show the change in output probability (purple area) that the context must enact on the initial output distribution
(dotted line) to force a new output distribution (purple line).

DYNAMICQA, we study the interaction of intra-
memory and context-memory conflicts by adapting
two existing conflict measures. First, we approx-
imate an LM’s fact dynamicity ground truth via
the number of recorded representations for a fact
in Wikidata, and sample the LM’s expressed intra-
memory conflict using semantic entropy, which
captures the semantic variation present in paramet-
ric memory (Kuhn et al., 2023). Furthermore, we
introduce a coherent persuasion score, based on Du
et al. (2024) to approximate an LM’s semantic shift
in output distribution given competing context.

With our framework, we show the effect of intra-
memory conflict on dynamic fact question answer-
ing. We find that manipulated contexts of static
facts and facts with low dynamicity show the great-
est persuasiveness for LMs, despite their limited
variance in the training dataset and, presumably,
low likelihood to change. Furthermore, we find
that semantic entropy alone does not reflect an in-
stance’s likelihood for persuasion given additional
context, suggesting that retrieval-augmented gen-
eration language models struggle in low-certainty
domains. These results underline the need for new
measures of intra-memory conflict and the need for
other indicators of context use in RAGs (Ni et al.,
2024).

2 Related Work

Knowledge Conflicts Xu et al. (2024b) provide
a survey for knowledge conflicts in LMs; we focus
specifically on intra-memory conflicts and their in-

terplay with context-memory conflicts. Longpre
et al. (2021) first showed that LMs ignore context
that contradicts their parametric memory, generat-
ing facts not stated in the input, termed ‘halluci-
nations’. Further work either disentangles the two
forms of knowledge (Neeman et al., 2023) or finds
other methods to resolve hallucination (Song et al.,
2024). Other studies investigate the effect of a
fact’s frequency in the training data (Yu et al., 2023)
or the quality of the presented counter-memory
(Xie et al., 2024; Wan et al., 2024) on LM halluci-
nation. Furthermore, some works find that LMs are
swayed by convincing misinformation at inference-
time (Pan et al., 2023; Xu et al., 2024a; Wan et al.,
2024). These findings suggest some pattern to a
model’s proclivity to ignore context. However, in
contrast to these existing works, our work considers
realistic, natural examples of knowledge conflict as
they occur in the real world and how different types
of knowledge conflicts are connected.

Measures for Knowledge Conflicts There have
been several approaches to quantify or approxi-
mate the degree of a knowledge conflict; however,
these works only focus on context-memory con-
flicts. Pezeshkpour (2023) focus on the entropy
of the LM’s probability distribution for an answer;
the difference in entropy depending on the pres-
ence or absence of additional context indicates the
LM’s prior knowledge on a certain fact. On the
other hand, Du et al. (2024) propose a susceptibility
and a persuasion score to investigate the LM when
the given context contradicts the LM’s parametric
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knowledge, based on the first token probabilities.
The susceptibility score of an entity shows how
easy it is to shift an LM’s probability distribution
of an answer regarding an entity. The persuasion
score of a context represents how effective the con-
text is at changing an LM’s probability distribution
of an answer. Given known issues in the reliance on
first-token probabilities (Wang et al., 2024), we re-
Sformulate this score with consideration of semantic
consistency in §4.3. Furthermore, given the lack of
measures for intra-memory conflict, we assess se-
mantic entropy (Kuhn et al., 2023) as an indicator
of intra-memory conflict (Gao et al., 2024).

Sources of Factual Errors We identify three
causes of model factual error: fact popularity, tem-
porality, and disputability. Fact popularity approx-
imates the prevalence of a fact in training data
and has been shown to affect model performance
(Mallen et al., 2023) and a model’s likelihood to
be swayed by context (‘susceptibility score’, Du
et al. (2024)). In contrast, temporality and dis-
putability reflect a fact’s entropy within the training
and test data. For example, it is well-established
that the passing of time can lead to outdated mod-
els, stressing the need for evaluation of models
for a specific time-frame (Margatina et al., 2023;
Fierro et al., 2024) and updating of specific tem-
poral facts in LMs (Zhang and Choi, 2023; Jang
et al., 2022). Similarly, Xu et al. (2024b) argue
that context-memory knowledge conflicts arise due
to either temporal misalignment or misinformation
pollution of the training dataset. In a contemporary
study, Fierro et al. (2024) show that facts with dy-
namic (or in their terms ‘mutable’) relations show
different patterns in model confidence, knowledge
representation, and contextual alignment. All of
these studies look at only one source of factual er-
ror at a time and do not assess in the context of
knowledge conflicts. In our work, we infroduce
disputability as a contributor to factual error, study
multiple sources of factual error concurrently (tem-
porality, disputability, and popularity), assess their
interaction, and provide real-world proxy measures
for all three sources.

3 DYNAMICQA

To evaluate the intra-memory conflicts, we present
a dataset of 11,378 question-answer pairs featur-
ing facts with varying levels of dynamicity (see
Figure 1). The dynamicity of a fact is difficult to
determine via the pretraining dataset, so we use

easily measured proxy scores as a reflection of the
property. The question and answer pairs, alongside
their proxy scores, are sourced from Wikidata and
Wikipedia and have not previously been employed
in similar datasets nor for approximating the degree
of knowledge conflicts in general. We approximate
temporality via the number of edits (§3.1) and dis-
putability via the number of reversions (§3.2). For
each question and answer pair, we obtain answer-
specific context snippets from Wikipedia, alongside
their popularity scores, estimated from Wikipedia
page views. For static and temporal facts, we also
create ‘counter-memory’ from these snippets using
similar object replacements, to simulate realistic
knowledge conflict scenarios.

3.1 Temporality

We estimate the temporality of a triplet via the
number of edits on Wikidata for the given subject
and relation as a proxy. We initialize our dataset
from PopularQA (Mallen et al., 2023), which is a
collection of 14k question-answer pairs sampled
from Wikipedia, with a popularity score deter-
mined by the monthly Wikipedia page views of
the subject and object of the triplets. This popular-
ity score is often used as a proxy for the triplet’s
prevalence in the unsearchable pre-training cor-
pora of models (Mallen et al., 2023; Fierro et al.,
2024). Given the sampling method, this dataset has
a long-tailed distribution, meaning most triplets
have very low popularity and low temporality. We
identify relevant snippets from the triplet’s sub-
ject current Wikipedia page that also mention the
triplet’s object and use them as context to provide
to the LM. We discard 2k pairs where we cannot
find the intended object and relation mentioned on
the subject’s Wikipedia page. To construct counter-
memory contexts, we replace the object in context
with a replacement token. We identify relevant re-
placement entities using the most similar entity for
the original object as identified using the Wembed-
der tool (Amp Nielsen, 2017). All facts with more
than 1 edit are labelled as ‘temporal’ facts, though
they vary in their degree of temporality (with a
maximum score of 23 edits). This leaves us with
2495 questions (Table 1). We randomly subsample
2500 of the remaining ‘static’ questions (triplets
with 0 edits on Wikidata).

3.2 Disputability

Disputable facts are facts that differ depending on
the viewpoint. To construct the question and an-
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swer pairs, we utilize the collection of Wikipedia
articles that are regarded as controversial.! Contro-
versy, by definition, is inherently disputable since
it arises from the existence of multiple viewpoints,
each supported by sufficient evidence (Rad and
Barbosa, 2012; Vuong et al., 2008). We are the
first to convert the controversies that appear in the
Wikipedia edit history into a QA dataset for LMs.

To identify disputable facts from the controver-
sial articles, we look for reversions in the edit
logs (Sumi et al., 2011). Among the edit logs
leo,...,ei—1,€e1,€41,...,¢€;] on an article, two
consecutive logs, e; and e are selected as a pair
of reverted edit logs if the texts of ;7 and e;; are
identical. Then, by measuring the edit distance be-
tween e; and e 1, we select a pair of words from e;
and e;y; if replacing the word in e; with the word
in e;4 1 yields the same text as e; 1.

Since a reverted edit does not necessarily imply
the disputability of a fact, we apply additional rules
to filter out cases of vandalism, paraphrasing, or
synonyms. For vandalism, we remove the pair
if one of the users involved in that edit did not
disclose their identity, for example, anonymous
users or if the user ID is an IP address. For the pairs
that are synonyms or paraphrasing, we feed them to
a semantic similarity model (§A.3) and remove the
pairs whose similarity scores are bigger than 0.98.
The selected pairs of reverted edits and the text
snippets they are located in serve correspondingly
as answers and contexts in our dataset.

Questions are generated using an LM?(§A.2)
by providing the context e; and the corresponding
ground-truth answer within the prompt (see Table 5
in the Appendix). After obtaining the question and
answer pair with the context, three annotators man-
ually annotated the dataset to ensure its quality.
Two annotators annotated each data point, and con-
flicts were resolved by the third annotator. We
obtain a Krippendorf’s alpha of 0.44 and provide
further details in Appendix A.3. For the real-world
proxy score of disputability, we count the num-
ber of reversions on (e;,e;11). As a result, we
obtain 694 questions with two possible disputable
answers and their corresponding real-world proxy
scores (Table 1).

lhttps://en.wikipedia.org/wiki/Wikipedia:
List_of_controversial_issues

https://huggingface.co/meta-1lama/
Meta-Llama-3-8B-Instruct

4 Measuring Knowledge Conflicts

In the pretraining stage, LMs learn a conditional
distribution to predict the next tokens given a pre-
ceding context; in this process, they also obtain
world knowledge into their parametric memory
(Chang et al., 2024). For example, in Figure
1, given a question (e.g., “Who is the father of
Queen Elizabeth 11?°), the conditional probability
of the correct answer ‘George IV’ is expected to be
greater than similar objects, owing to the frequent
co-occurrence of the subject, object and relation
in the training corpus. One important element im-
pacting fact acquisition and recall is the frequency
of the fact in the training data. It can be assumed
that high frequency (often approximated via fact
popularity (Mallen et al., 2023)) leads to a greater
strength of association between the subject and
the object, resulting in greater probability being
attributed to the relevant tokens (Figure 1b). How-
ever, as information evolves over time, multiple
different representations of a factual triplet may
appear in a training corpus; meaning, given a sub-
ject and relation, there can exist a superposition
of object representations (Shanahan et al., 2023)
depending on the temporal and situational context.
Rather than a singular object being assigned a high
probability, for such facts, we expect several com-
peting answers in the output distribution (Figure
lc).

To evaluate this hypothesis, we expect to see
two properties: (1) higher entropy in the output
distribution of dynamic facts and (2) greater change
in the output distribution to update dynamic facts.
To verify (1), we look at the semantic entropy of
output distributions (§4.2). To investigate (2), we
analyse the amount of effort required to shift the
output distribution using both loss and our novel
Coherent Persuasion score (§4.3). Both measures
look at semantic changes in LM output, thereby
limiting confounds due to syntactic inconsistencies
and other issues arising from over-reliance on first-
token probabilities (Wang et al., 2024).

4.1 Preliminaries

A dataset D = [(c1,q1,1),- .-, (cN, qN, YN))]
consists of N tuple instances containing: an

answer-containing context ¢, a question ¢, and a
ground-truth answer a. For the ¢-th instance, an LM
f outputs an answer y; = [y},..., 9", ..., yl],
consisting of H tokens given an input x;. An input
x; here contains a universal prompt P describing
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the QA task with either ¢; only (z;, = [P;¢))
or with ¢; and the context ¢; (z;.q.. = [P; ¢, ¢i]).
Given a contextless input (x;,4), a model outputs
Yi;q (1.e. the parametric knowledge). Given context
(Ti;q,c), we denote the model output as y;.q ..

4.2 Semantic Entropy

Entropy allows us to measure the amount of in-
formation within a distribution and is a common
measure for model uncertainty. Both lack of in-
formation (Figure 1a) and competing information
(Figure 1c) can contribute to uncertainty and lead
to more uniform output distributions. We propose
semantic entropy as an estimator of intra-memory
conflict, given its use of high-temperature sampling
to elicit diverse answers contained within paramet-
ric memory. We validate this measure through the
lens of a fact’s dynamicity (defined in §3).

To do so, we use Kuhn et al. (2023)’s approach
in our simulated knowledge conflict setting. Given
any input z;, which contains a universal prompt and
a question ¢; (and optional context ¢;), we generate
K model outputs Y = [y;1,...,y;k]. Next, we
group the generated answers according to their se-
mantic similarity. The semantic similarity between
two sampled answers is calculated using a De-
BERTA Natural Language Inference (NLI) model.’
Details about answer generation and semantic
grouping can be found in Appendix A.3. The
grouping according to the semantic similarity re-
sults in the V' groups G = [g1,92, -+, v, -+, 9V]s
where 1 <V < K.

The semantic entropy is then estimated by the
entropy between the semantic sets. First, we obtain
p(gv| i), the conditional token probabilities output
by the model generating the answers in g, given
the input z; via Equation 1.

plgolzi) = D p(yikla:)
Yi,kEGv
h|, <h (1)
i § F7A )
Yi,k€9v h

In this case, h refers to the intermediate tokens in
the entire output length. With the probabilities of
the separate groups, we approximate SFE(x;), the
overall expectation of the semantic entropy of x;,
using Monte Carlo integration over the groups:

v
SE(zi) ~ =V logp(gelz)  (2)
v=1
Shttps://huggingface.co/sentence-transformers/
all-MinilM-L6-v2

4.3 Coherent Persuasion Score

We posit that the decreased context utilization in
the case of highly popular facts (Mallen et al., 2023;
Du et al., 2024) owes to the greater likelihood at-
tributed to the learned answer in the unconditioned
output distribution (given x;,,). Therefore, greater
effort, either via parameter updates or contextual
knowledge, is required to shift this output distribu-
tion to match the new answer provided in the con-
text (a.) in the conditioned instance (given ;g ¢,
Figure 1b). This is further exacerbated when there
is a superposition of competing answers (Figure
1c). The amount of effort that must be enacted on
the model parameters to output a. can be approxi-
mated by the loss, which also reflects the LM’s per-
plexity to the output. We also measure the observed
magnitude of this shift in output distribution via
our novel Coherent Persuasion (C'P) score. This
score quantifies that actual efficacy of the context
in shifting an LM’s output distribution.

Previously, persuasion scores were introduced
to assess to what degree context changes an LM’s
answer (Du et al., 2024). However, the existing
persuasion score focuses on the first token of the
single generated answer, which has been shown
to be insufficient to represent the entire generated
sequence (Wang et al., 2024). There also exists
the problem of uncertainty during the generation of
a single forward pass, which may also stem from
syntactical uncertainties, which are irrelevant to
our use case.

To overcome the LM’s brittleness, we propose
the novel Coherent Persuasion (C P) score. We in-
corporate a multiple-sample approach and semanti-
cally group the samples to create answer distribu-
tions for both z;,, and x;,, . and compare the two.
To create answer distributions, we adapt the gen-
eration and semantic grouping process as in Kuhn
et al. (2023) into the C'P score.

To calculate the C'P score of our context c;, we
gather two lists of answers, Y;., and Y., ., with
two different inputs, which correspond to the ques-
tion only input x;4, and the question with con-
text input x;,4 .. Then, we create the semantically
similar groups Gi.y = [91,92, .-, Gr, ..., gr| and
Glig.c = 91,92 -, Gus ---, gu] from Y., which has
R groups of generated answers and Y;., . which
has U groups of generated answers, respectively.
The C'P score is then obtained by averaging the
divergence from the probability distribution p of
Gi.q,c to p of Gj.q. In detail, the output probability
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distribution of g, and g,, is obtained as:

1 w
Pow =357 D_ Puu 3)
w=1

where W € {R,U} and p,,, is the averaged soft-
max probability distribution of all the tokens in the
answer a,,. Our final proposed C'P score can be
acquired by Equation 4.

R U
1
CP(c;) = TR0 > KL(pg, pg) 4

r=1u=1

As the C'P score approximates the distance be-
tween the probability distributions of Y;., . and
Y4, it tells us how much the LM’s probability dis-
tribution is swayed by the context, while ensuring
that small changes in syntactic representation or
mismatches from first-token probabilities are not
included. It is therefore more ‘coherent’ in that it
considers (1) the entirety of the LM’s output and
(2) only the semantic divergence in output.

5 Experiments

5.1 Setup

We use DYNAMICQA to assess the performance
of three recent and similarly sized state-of-the-art
LMs: Mistral-7B-Instruct-v0.1 (Mistral, Jiang et al.
(2023)), Llama-2-7b-chat-hf (Llama-2, Touvron
et al. (2023)), and Qwen2-7B-Instruct (Qwen2,
Yang et al. (2024)). To minimize the effect of the
confounding factors, inferences are done in zero-
shot manner, and, to obtain better generation re-
sults, instruction-tuned LMs are chosen. To obtain
the model’s parametric knowledge (y;,,), we first
query the model for each ¢; without any additional
context. We then query the model provided two
forms of context: one is the unperturbed context c,
and the other is the unseen replacement c.. In the
case of disputable instances, the choice of ¢, and
cc is arbitrary, as both options are equally likely.
For each query, we obtain the accuracy and seman-
tic entropy (§4.2). We calculate the C'P score for
each ¢; across all queries (§4.3). We calculate the
accuracy of each model on each fact type as

_ >, RougeL(a;,y;) > 0.3
B N

acc

where a; € {ac,a,}, when context is provided,
and is otherwise a,. Given the inherent subjectivity
of questions within the disputable portion of the

dataset, we do not calculate accuracy for that parti-
tion without the context provided. For generating
samples, we set K = 10 and calculate accuracy
values using the most likely response as determined
via greedy search.

5.2 Analysis

We first look into general differences in model per-
formance on static and dynamic facts, by compar-
ing changes in accuracy, entropy and persuasion.

We identify the difficulty of updating dynamic
facts by identifying two model behaviours of in-
terest: Persuaded instances are instances where
the model is persuaded by the provided context,
meaning that y;., # a. but y;.q . = a.. Stubborn
instances are instances where the model is impas-
sive to the provided context, meaning ¥;.q = ¥i.q,c
and y;,, # a.. These are exceptional instances of
RAG context usage failure. We compare the ob-
tained C'P and S'F scores across the entire dataset
and also highlight the behaviour of the persuaded
and stubborn instances (§6.1). To further explain
the difficulty of retrieval-guided model updates, we
observe the differences in loss (§6.2).

To identify factors contributing to persuasion
(or RAG context usage success), we look at three
characteristics of interest on the temporal dataset:
semantic entropy, temporality (the number of edits),
and popularity (approximated by pageviews). We
analyse the Pearson correlation between these three
values and our C'P score to identify the strongest
correlates of persuasion (§6.3). To further under-
stand the influence of the various potential pre-
dictors of an instance’s persuasion, we implement
a logistic regression model on stubborn and per-
suaded instances. We take as dependent variables
the popularity of the subject and object, the number
of edits to the fact, and the semantic entropy before
and after context is provided (§6.4). We standard-
ise each parameter with a z-score transformation
for interpretable comparison.

6 Results & Discussion

6.1 General Performance

Table 1 shows the percentage of stubborn and per-
suaded instances and Table 2 shows the perfor-
mance of our three investigated models across the
three partitions of our dataset with and without ad-
ditional context. Semantic Entropy (SE) reflects
the semantic variety of model output, which can
indicate internal memory conflict (§4.2). Lower
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% of Stubborn Instances

# of Questions # of Instances

% of Persuaded Instances

Llama-2 Mistral Qwen2 Llama-2 Mistral Qwen2
Static 2500 5000 6.16% 544% 692% 78.44% 70.52% 61.48%
Temporal 2495 4990 | 938% 7.01% 17.54% 6096% 51.62% 44.81%
Disputable 694 1388 9.36% 648% 135% 63.83% 62.53% 59.51%

Table 1: The number of collected questions and instances in DYNAMICQA (§3) for each fact type. We also report
general model behaviour (i.e. percentage of persuaded instances given context), as further described in §5.2.

‘ Accuracy (1) ‘ Semantic Entropy () ‘ Coherent Persuasion Score (1)
‘Llama-Z Mistral Qwen2 ‘ Llama-2 Mistral Qwen2 ‘Llama-Z Mistral Qwen2
e oo e e s T 0 s swse
e
e e | 0658 005097 e e 0 s s s

Table 2: The average accuracy, Semantic Entropy (SE; §4.2) and Coherent Persuasion (C P; §4.3) score of our
models. We bold the best values per column, with and without context. Given the inherent subjectivity of the
Disputable facts, we do not show accuracy without context.

S FE can be interpreted as more consistent, and less
conflicted, output. On the other hand, our Coher-
ent Persuasion (C'P) score quantifies the actual
efficacy of the context in shifting an LM’s output
distribution (§4.3).

Accuracy is typically greatest with Llama-2
across all partitions. We also see that Llama-2
has the greatest degree of persuasion (in both per-
suasion score and % persuaded) across all parti-
tions. However, Llama-2 also shows the greatest
entropy across all instances. This suggests Lliama-2
is typically the most effective at utilising context,
vet also shows the greatest intra-memory conflict.
Typically, entropy decreases with context; however,
Mistral and Qwen2 show a slight increase in en-
tropy for the Static partition of the dataset; this
likely owes to the introduction of intra-memory
conflict for instances with typically no competing
objects. Furthermore, we typically see the great-
est accuracy and persuasion (bolded) on the Static
partition. In contrast, we typically see the lowest
entropy (bolded) on the Temporal dataset. This is
typically when context is provided, suggesting that
the introduction of context reduces the exhibited
intra-memory conflict for temporal facts.

Our results are somewhat similar to contempo-
rary work (Fierro et al., 2024), who also find the
greatest accuracy with Llama-2; however, they also
find the highest confidence with this model, though
they presumably use the output of softmax layer

which is more vulnerable to syntactic uncertainties
(Kuhn et al., 2023). Furthermore, they find reduced
update accuracy for Llama-2 relative to other mod-
els across mutable and immutable facts. In contrast,
we surprisingly find that manipulations to static,
immutable facts are most easily accepted by the
model in context. In contrast, the temporal and
disputable facts, which are expected to have greater
variability in the model’s training dataset, and thus
higher intra-memory conflict, have a greater pro-
portion of stubborn instances across all models. We
expect this stems from our differences in dataset
collection, as Fierro et al. (2024) determine mu-
tability via relationship type, whereas we verify
the ‘mutability’ of our facts with our proxy mea-
sures. Ultimately, our results raise concerns for the
efficacy of context usage in retrieval-augmented
text generation, as we find that the most commonly
adapted facts (dynamic facts) are the most difficult
to update with context.

We now investigate potential factors contributing
to context usage (‘persuasion’) and neglect (‘stub-
bornness’). For the main paper, we present results
for Llama-2, due to its high performance, on the
temporal partition of the dataset, as this partition
allows for easy comparison of the effect of dynam-
icity on model performance. We provide all the
additional graphs for the remaining models and
partitions in Appendix B.
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Figure 2: The distribution of loss (£(a., Zi,4)) for gen-
erating a particular answer (a.) given only the question
(2,4) for each partition of the dataset.

6.2 Obstacles to Persuasion

To further investigate why dynamic facts show
a greater proportion of stubborn instances yet a
smaller divergence in output distributions, we look
at the loss when we force the target answer (a.)
for the contextless input x;.,. The loss reflects the
likelihood of an output given the model’s trained
parameters. A higher loss, thereby, also indicates
greater change required to steer the LM to output
the target answer. Thus, we expect higher loss on
dynamic facts. Figure 2 shows the distribution of
loss for each partition of the dataset. We construct
the input only with the question and calculate the
losses for all the tokens in the target answer (a.).
The losses from the tokens in the target answer are
averaged for each question. In Figure 2, we ob-
serve that losses for temporal and disputable ques-
tions are greater than the loss for static questions;
the significance is confirmed with a Welch’s ¢-test
(p = 9.2e — 64, p = 3.4e — 18). Therefore, while
static questions show a greater C'P score in Table
2, we find there is more effort involved in updating
the LM’s parameters for dynamic facts, which may
be unachievable with only additional context.

6.3 Interactors with Persuasion

We now analyse the interaction between the persua-
sion (C'P) and semantic entropy (S E) scores, sub-
ject popularity, and object temporality in Figure 3
and highlight the persuaded and stubborn instances.
In general, we can see that stubborn instances (or-
ange) have lower C P scores than persuaded (blue)
and generic (i.e. all remaining) instances (gray).
We do not see a particular correlation between the

CP score and SE (r(2494) = 0.003,p > .05):
meaning, instances with high initial entropy are not
necessarily more likely to be persuaded to match
the given context. The distribution of persuaded
instances and generic instances are identical, and
there is a strong overlap with the distribution of
stubborn instances. Therefore, it is difficult to de-
termine if a retrieved context will be used by the
model based on semantic entropy.

While popularity has been previously reported
to negatively impact persuasion (Du et al., 2024;
Mallen et al., 2023), popular instances are not
overly represented among the stubborn instances,
and the strength of the correlation (r(2494) =
0.101, p = 4e — 7), though statistically significant,
is still weak. In contrast, temporality scores show
the strongest correlation with CP (r(2944) =
—0.27,p = 1.6e — 42), suggesting there is a
stronger relation between persuasion and object
temporality than between persuasion and subject
popularity or semantic entropy.

Furthermore, given the strong differences in the
distributions in Figure 3, we can see that seman-
tic entropy does not indicate epistemic uncertainty
(which is approximated by subject popularity) nor
aleatoric uncertainty (approximated by temporal-
ity) (though semantic entropy was previously used
as a measure of aleatoric uncertainty in other work
(Gao et al., 2024)). This suggests that other factors
may contribute to semantic entropy, outside of ex-
clusively intra-memory conflict. While knowledge
conflicts are a straightforward way to elicit mean-
ingful semantic inconsistencies, they can come
from other effects of model training (i.e., overlaps
of objects in model memory space, spurious sig-
nals, common word co-occurrences), which may
be picked up by the semantic entropy measure in
addition to intra-memory conflict.

6.4 Predictors of Persuasion

In our previous investigations, we see that the se-
mantic entropy of a contextless question is not a
meaningful indicator of model persuasion, though
we do see stronger relationships for popularity and
temporality. Furthermore, dataset partitions with
anticipated increase in intra-memory conflict (i.e.,
temporal and disputable data) show lower persua-
sion than static facts. Therefore, we assess the
strength of each relation to persuasion itself. We
show the results of our logistic regression test in Ta-
ble 3. Though we do not find a very strong fit to the
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Figure 3: The instance-level relationship between Coherent Persuasion score (§4.3) and 3 possible factors that
impact persuasion: semantic entropy, subject popularity and object temporality, alongside their Pearson correlation
scores. Temporality shows the strongest relationship with persuasion. We also highlight two behaviours of interest:

persuaded and stubborn instances.

data, given its volatility (R? = 0.139), we do find
several significant predictors. The strongest predic-
tor of persuasion is the number of edits of a fact,
where it shows an inverse relationship to a fact’s
persuasion. This aligns with the behaviour we
have seen in our comparison of temporal and static
facts in Table 1. Furthermore, while object popu-
larity (0p0p) significantly affects a fact’s persuasion
score (previously shown by Du et al. (2024)) the
magnitude of this effect is smaller than that of the
number of edits of a fact. These findings typically
hold across other models (see Appendix B), where
we show that SE, typically shows the weakest re-
lation to model persuasion, and the number of edits
to have one of the strongest relationships. Taken
together, we can see that fact dynamicity, or intra-
memory conflict, plays a bigger role in eliciting
knowledge conflicts than fact popularity (Mallen
et al., 2023; Du et al., 2024). We also find an in-
verse effect of intra-memory conflict on an LM’s
susceptibility to persuasion for a given instance.
Facts that change regularly are less likely to be
updated with context-retrieval, yet facts that never
change are easily persuaded.

7 Conclusion

We investigate, for the first time, the effect of intra-
memory conflict on context adapation, using mul-
tiple natural causes of intra-memory conflict (i.e.,
fact ‘dynamicity’). In this, we introduce a Coherent
Persuasion score to measure the persuasiveness of
the given context with consideration of the entire
semantic output. Furthermore, we release DYNAM-
ICQA, a QA dataset with realistic dynamic and
static questions, (i.e., facts that naturally vary and

Predictor B p-value
Intercept 0.87(%0.008) p <2e-16%*
# edits -0.08(£0.008) p <2e-16*
Opop -0.05(£0.008)  5.07e-9*
Spop -0.03(£0.008)  2.04e-5%*
SE. -0.04(£0.008)  1.43e-6(
SE, 0.002(40.008)  0.843

Table 3: The estimated coefficients (B) and p-values
of the linear model predicting the persuasion score.
(R? = 0.1386). B values reflect the magnitude of each
predictor’s effect on the dependent variable, the per-
suasion score, and the p-value denotes the statistical
significance of the effect.

those that do not) alongside additional context and
realistic replacements for use in intra-memory and
counter-memory conflict studies. We then evaluate
three SOTA LMs on their performance on static,
temporal and disputable facts. We find that, sur-
prisingly, static facts are the most easily updated
with additional context, in comparison to temporal
and disputable facts. Furthermore, our extensive
analyses show that the number of unique presenta-
tions of the fact on Wikidata and Wikipedia (i.e.,
number of edits) has an inverse correlation with a
model’s propensity to adopt updates. We also find
large model-level differences: Llama-2 is most eas-
ily persuaded. Over a variety of analyses, we find
that uncertainty alone does not consistently indicate
persuasion, requiring other approaches to update
model knowledge than retrieval-augmentation in
low-certainty domains.
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Limitations

In our paper, we do not investigate the impact of
model size on knowledge conflicts, as we were
computationally limited to smaller models of a size
of 7B parameters. We examine several different
model architectures within the model size consid-
ered. We hypothesise that the effects observed
might be less pronounced for larger models. We
did not include models smaller than 7B, as the ones
we tested showed poor performance on the QA task
in initial experiments. Other 7B parameter models
we investigated showed very low accuracy, even
with provided context, which is why we chose to
exclude them (Falcon-7B (Almazrouei et al., 2023),
Gemma-7B (Team et al., 2024)).

We have an imbalanced distribution of partitions
in our dataset, owing to the difficulty of identifying
disputable questions. We did our best to ensure
our disputable dataset includes limited misinforma-
tion, though there is the possibility that some few
instances made it through, given the difficulty of
the task (also reflected in the relatively low anno-
tator agreement). We also only use one possible
measure of uncertainty. There has been a swarth of
recent uncertainty and semantic consistency mea-
sures introduced for text generation (Fadeeva et al.,
2023), out of which we chose the most popular
one. We acknowledge relatively weak correlation
values and R? reported in our paper; we owe these
values to our use of realistic, rather than synthetic,
retrieved contexts and distributions of popularity
and temporality.
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A Additional Methodology Details
A.1 Annotation

Given the source of the dataset and the potential
for vandalism in the dataset, three early-career re-
searchers (PhD, postdoc) and volunteers from the
research group annotated all questions, using the
following guidelines: For cases of multiple ques-
tions for the same piece of context, the most spe-
cific question is kept, or the question that best suits
the context and two potential objects. If both ques-
tions are identical, the first is kept and the second
is discarded. If one question is better than the other,
keep that question and discard the other. Annota-
tors are allowed to look information up online to
make a decision. The annotator is given 5 options:

1. Accept. The question is related to the con-
text. The two potential objects are possible
answers to the question. Neither of the po-
tential objects contain vandalism or obvious
misinformation.

2. Change. If both questions are incorrect or in-
sufficient, the first question is edited. It must
be rewritten so that most objects are accept-
able answers to the question based on the con-
text. If the question cannot be rewritten in a
meaningful way, it should be discarded (i.e.,
if both words are adjectives). To ensure the
text is specific enough, most extra information
might be added. The annotator should also re-
move all "according to the text"s as this would
not work well without context.

3. Discard. If there is no dispute for a question,
it should be discarded. This could be if the
two objects are two names for the same per-
son (e.g., Kanye, Ye), two different spellings
for the same word, or two synonyms (publi-
cations, writings). One exception is hyper-
nyms (e.g., Danish, Scandinavian). We dis-
card questions with insufficient context (e.g.,

‘later jesus t.”). We remove fixed typos and
vandalism and clear misinformation (e.g., the
objects ‘china’ and ‘ukraine’ to the question
‘Which state agency is responsible for man-
aging the Chernobyl exclusion zone and has
offices on the site?’).

4. Misinformation. If clearly both answers can-
not be correct, we make it as misinformation
for further review before discarding.

5. Incomplete. If fixes are needed to the context,
but it is otherwise acceptable, we will process
these extra datapoints to ensure it is usable.

Two annotators annotated every instance. In the
case of disagreement, a third annotator annotated
the instance. We kept instances marked with a
majority ‘accept’ or ‘accept’ and ‘change’. Annota-
tors were the group of early-career NLP researchers
(PhD, postdoc) and volunteers from the research

group.
A.2 Question Generation

For automatic generation of the questions for dis-
putable facts, we feed the context and answer to the
Meta-Llama-3-8B-Instruct model with the prompt
that contains the example of the expected behaviour.
The prompt used for the question generation is pre-
sented in Table 5. During the generation, the hyper-
parameter top_p is set to 0.9 and the temperature
is 0.6. We remove the question if the generated
question contains the intended answer.

A.3 Implementation details

For a NLI model that is used to determine the se-
mantic similarity score between two generated an-
swers (§4.2), we use a Deberta-large model that is
finetuned on the NLI dataset called MNLI #. With
two generated answers (a; p—1, @; ), an input is
constructed as [CLS]a; y—1[SEPa; ;[SEP]. To
ensure that A1, A2 entail each other, we perform
two forward passes with two different inputs by
changing the order of the answer within the in-
put ((CLS]a; ,—1[SEP]a; 1 [SEP)). They are re-
garded as semantically similar when both predic-
tions of two inputs are ‘entailment’. For the group-
ing of semantically similar answers, the k-th gener-
ated answer q; , from an input x; is assigned to the
group g, if a; j entails other answers within the g,,.
See Kuhn et al. (2023) for more details.

*https://huggingface.co/microsoft/
deberta-large-mnli
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Prompt P

"System": You’ll be given a question and a context about the article and answer it with a one word. Answer the [Question],

Input [P;¢; . L o .
put [7; ¢ "User": This article is about Titanic. Who was the producer of Titanic?
"System": You’ll be given a question and a context about the article and answer it with a one word. Answer the [Question],
"User": This article is about Titanic. Titanic is a 1997 American epic romantic disaster film
directed, written, produced, and co-edited by James Cameron.
Input [P; ¢;; ¢ Incorporating both historical and fictionalized aspects, it is based on accounts of the sinking of RMS Titanic in 1912.
) &1y 1

Leonardo DiCaprio and Kate Winslet star as members of different social classes who fall in love during the ship’s maiden voyage.
The film also features an ensemble cast of Billy Zane, Kathy Bates, Frances Fisher,

Gloria Stuart, Bernard Hill, Jonathan Hyde, Victor Garber, David Warner, Suzy Amis and Bill Paxton.

Who was the producer of Titanic?

Table 4: Example of a prompt according to the presence of the context ¢; in the input. The example here is the
question that asks about the producer of the movie Titanic with the answer-specific context which mentions answer
(James Cameron) in the context.

Prompt

"System": Given the [Context], Generate the [Question] whose correct answer is the [Answer]. The [Answer] is also highlighted in the [Context] with hl.
For example, [Context]: <hl> jainism <hl>, traditionally known as jain dharma, is an ancient indian religion. [Answer]: jainism

Example [Question]: Which ancient indian religion is known as jain dharma?

"User": This article is about KFC. [Context]: KFC responded by adding a cheap hot <hl> burger <hl> to the menu,

called a “snacker”, which is easier to eat than chicken on the bone. [Answer]: burger [Question]:

Table 5: Example of a prompt for question generation. The LM is asked to generate the question about KFC. The
expected answer of the question is “burger".

For the semantic similarity model used in §3.2,
we use the transformer encoder model® that is
trained in a contrastive manner to distinguish the

similarity between two sentences. Predictor 3 p-value
Table 4 showcases the prompts used to inference Intercept  0.88(£0.01)  p <2e-16*
the model. For'Mlstrgl, Llama-2, we apply cf}at # odits 20.05(£0.01)  5.92e-12*
template to our input since they were trained with Opop -0.06(£0.01)  1.36e-13*
the chat template format. To generate, we follow Spop -0.03(£0.01)  5.22e-4*
. . SE. 0.02(£0.01) 8.74e-3%*
sampling approach and set the maximum number SE, 0.02(+0.01)  7.97e-3*

of generated tokens to 20.

. Table 6: Results of the Logistic Regression model on
B Additional Graphs Mistral Temporal Results. (R? = 0.116)

Here we present the results for additional models
for the analyses in §6. Figure 4 shows that the
analysis on the loss (§6.2) holds the same across
the different models. Figures 5 and 6 show that
temporality has a consistently negative and rela-
tively strong relationship with the C'P score across

models. While semantic entropy can also be a rel- Predictor (3 p-value
atively strong correlate, it changes sign between Intercept  0.86(£0.01)  p <2e-16*
models, sh9w1ng that t.hls relationship is inconsis- # odits 0.07(10.01)  4.60e-15%
tent; meaning uncertain models may be more or Opop -0.06(+0.01)  1.64e-12%*
less likely to utilise context. Tables 6 and 7 show Spop -0.04(x£0.01)  1.21e-4*
h . 11 t ffect of b SE. 0.08(£0.01) p <2e-16%*
that we continually see a strong effect of number SE, 0.03(£0.01)  1.40e-4%

of edits as a predictor of persuasion across models.

Table 7: Results of the Logistic Regression model on
Qwen2 Temporal Results. (R? = 0.197)

Shttps://huggingface.co/sentence-transformers/
all-MinilM-L6-v2
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Figure 4: The distribution of losses for each partition of the dataset on Mistral and Qwen
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Figure 5: The instance-level relationship between Coherent Persuasion Score and 3 possible factors that impact
persuasion: semantic entropy, subject popularity and object temporality, alongside their Pearson correlation scores.
Temporality shows the strongest relationship with persuasion. We also highlight two behaviours of interest:

persuaded and stubborn instances. These results are for Mistral.
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Figure 6: The instance-level relationship between Coherent Persuasion Score and 3 possible factors that impact
persuasion: semantic entropy, subject popularity and object temporality, alongside their Pearson correlation scores.
Temporality shows the strongest relationship with persuasion. We also highlight two behaviours of interest:
persuaded and stubborn instances. These results are for Qwen.
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