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Abstract

Language Models (LMs) acquire parametric knowledge from their training process, embed-
ding it within their weights. The increasing scalability of LMs, however, poses significant
challenges for understanding a model’s inner workings and further for updating or correcting
this embedded knowledge without the significant cost of retraining. Moreover, when using
these language models for knowledge-intensive language understanding tasks, LMs have to
integrate relevant context, mitigating their inherent weaknesses, such as incomplete or out-
dated knowledge. Nevertheless, studies indicate that LMs often ignore the provided context
as it can be in conflict with the pre-existing LM’s memory learned during pre-training. Con-
flicting knowledge can also already be present in the LM’s parameters, termed intra-memory
conflict. This underscores the importance of understanding the interplay between how a lan-
guage model uses its parametric knowledge and the retrieved contextual knowledge. In this
talk, I will aim to shed light on this important issue by presenting our research on evaluating
the knowledge present in LMs, diagnostic tests that can reveal knowledge conflicts, as well
as on understanding the characterists of successfully used contextual knowledge.

Date: 8 April 2025.

1 Introduction

LLM usage has become ubiquitous, with people using LLMs for a wide range of both creative
and information-seeking tasks [Zhao et al., 2024; Chiarello et al., 2024]. In some domains such
as research, information seeking is the key usage, with LLMs being used for discovering papers,
generating summaries or explanations, asking broad questions about a field, or discovering topics
[Liao et al., 2025].

Given the wide-ranging capabilities of LLMs, there have been suggestions of LLMs displaying
Artificial General Intelligence (AGI), meaning the possession of human-like cognitive abilities.
However, upon closer investigation, it becomes clear that while LLMs show high performance
generally, they display several fundamental shortcomings [Bang et al., 2023]. High amounts of
dataset contamination [Xu et al., 2025] mean that LLMs have been trained on the benchmark

ACM SIGIR Forum 1 Vol. 59 No. 2 — December 2025


mailto:augenstein@di.ku.dk

datasets they are evaluated on already, thus not having to perform reasoning, but merely the
recall of existing answers. Thus, drastic performance drops can be observed when performing
small alterations to the wording used in those benchmark datasets [Yan et al., 2025; Mizrahi
et al., 2024]. LLMs have also shown to perform poorly on low-resource languages [Pava et al.,
2025], at most types of reasoning [Shojaee et al., 2025], and display many factual errors due to
a lack of access to a knowledge base [Augenstein et al., 2024]. These issues partly arise because
LLMs are developed as general-purpose models for both creative and information-seeking tasks
— for the former, hallucinations might even be desirable, whereas for the latter, they are to be
avoided at all costs.

There are a number of avenues that have been explored to improve the factuality of language
models. Their consistency can be improved using methods including chain-of-thought prompting
[Wei et al., 2022], self-consistency checking [Wang et al., 2023], continual learning [Shi et al., 2025],
and knowledge editing [Wang et al., 2024a]. However, these methods all have inherent downsides.
Self-consistency checking and knowledge editing is challenging as models are inherently not very
consistent due to issues such as the above-mentioned prompt instability. Continual learning is by
nature highly costly. Knowledge editing can lead to ripple effects, i.e. the editing of knowledge
beyond what is intended [Cohen et al., 2024] as well as the removal of long-tail knowledge, due to
knowledge superposition [Hu et al., 2025], and identifying what knowledge to edit is a task in and
of itself [Yu et al., 2025]. Thus, internal consistency checking only partly addresses the factuality
issues of LLMs. Another direction is the combination with external knowledge, by detecting and
correcting factual mistakes at inference time [Wang et al., 2024b], using a modularised knowledge-
grounded framework [Arakelyan et al., 2025], or, very commonly, retrieval-augmented generation
(RAG) [Fan et al., 2024]. These can better take the context-dependent nature of queries into
account, by retrieving contezrtual knowledge to augment the LLM’s parametric knowledge.

However, a key research gap is that the interplay between contextual and parametric knowledge
underexplored, as is when contextual knowledge even should overwrite parametric knowledge. This
keynote explores these two topics by highlighting recent research conducted in our research group.

2 Determining what Parametric Knowledge influences a
LLM’s Prediction

Parametric knowledge is the knowledge encoded in a LM’s weights which an LM acquires during
training. Our study [Yu et al., 2024] focuses on the changes in knowledge acquired during LLM
training and task-adaptive training for knowledge-intensive tasks, such as fact checking, QA, and
natural language inference. To unveil LM’s parametric knowledge used to arrive at a prediction,
attribution methods are commonly used. Previous methods operate on different levels (e.g. in-
stance vs. neuron) and are studied in isolation, with no consensus as to which methods work best
best in which scenarios. We thus propose a unified evaluation framework, illustrated in Figure
1, that compares these two streams of attribution methods, to provide a comprehensive under-
standing of a LM’s inner workings. The framework includes methods to align the most influential
training instances with the most important neurons. The success of this alignment procedure is
evaluated using faithfulness tests for sufficiency (i.e. the activation of key neurons) and complete-
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Figure 1. Evaluation framework comparing Instance and Neuron Attribution methods [Yu et al., 2024].

ness (the suppression of the activation of key neurons), along with an evaluation of the impact of
fine-tuning with influential training instances.

We analyse the MLP classification layers instead of entire model weights due to the high com-
putational cost, as prior worked shows that this layers shows a high correlation with the overall
model weights [Pezeshkpour et al., 2021]. Our findings show that most MLP neurons can be
removed without significant changes to the predictions compared to the original model, contra-
dicting the assumption of prior work that most model’s knowledge is located in these neurons. We
hypothesise that this might be due to the importance of attention weights for encoding knowledge,
as also argued by prior work [Wiegreffe and Pinter, 2019]. Our experiments on fine-tuning with
influential training instances identified using Instance Attribution leads to results on par with the
equivalent number of randomly selected training instances. A regression test reveals that this is
likely due to the diversity of highly influential training instances being significantly lower than
that of randomly selected training instances, which hampers the effectiveness in reaching a high
performance with the fine-tuned model. However, we find a potential application in combining
Instance and Neuron Attribution for the discovery of dataset artifacts [McCoy et al., 2019], specif-
ically models overfitting to certain lexical patterns observed at training time, with the combined
methods being more effective at discovering such instances than either Neuron or Instance Attri-
bution alone. Overall, we find that Instance Attribution and Neuron Attribution result in different
explanations about the knowledge responsible for the test prediction.
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Figure 2. Instances with varying dynamicity in the DYNAMICQA dataset [Marjanovic et al., 2024].

3 Revealing Conflicts between Parametric and Contextual
Knowledge

Though attribution methods methods, as studied in the previous section, can theoretically pinpoint
the knowledge a prediction is based on, their application is expensive, only possible given access
to full model parameters, and their application to only partial model parameters can result in
unintuitive or contradictory findings. An alternative approach is to use probing tests, which we
use to study two different types of knowledge conflicts: intra-memory conflict, the conflict caused
by contradicting representations of the fact within the training data, can cause uncertainty and
instability of an LM, and context-memory conflict, the conflict caused by the context contradicts
to the parametric knowledge [Marjanovic et al., 2024]. We study these two phenomena in the
context of question answering, where fact dynamicity can impact the knowledge that should be
used. To this end, our dataset DYNAMICQA contains samples of static facts, which only have one
possible representation; temporal facts, which change over time; and disputable facts, which can
change depending on the viewpoint (see Figure 2).

We then study how the output distribution varies depending on these types of facts, as well as
when additional context is provided, as is done in RAG settings. Dynamic facts (both temporal
and disputable ones) should then lead to intra-memory conflicts, and presenting models with
conflicting context during RAG should lead to context-memory conflicts. We also expect to observe
differences between popular facts, for which a model is expected to be much more certain than
unpopular facts. We measure intra-memory conflict using semantic entropy, which captures the
semantic variation present in parametric memory [Kuhn et al., 2023], and context-memory conflict
using a measure we term coherent persuasion score, based on Du et al. [2024] to approximate an
LM’s semantic shift in output distribution given competing context.

Our findings reveal that, counter-intuitively, presenting LMs with manipulated contexts of
static facts and facts with low dynamicity results in greater persuasiveness for LMs than dynamic
facts — or, put differently, facts that change regularly are less likely to be updated with context-
retrieval, yet facts that never change are easily persuaded. This fact dynamicity is found to be the
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Figure 3. The DRUID dataset [Hagstrom et al., 2025 in comparison with prior synthetic datasets.

strongest, most consistent negative indicator of model persuasion across models, outperforming
fact popularity, which was previous used to guide RAG models. These results underline the need
for new measures of intra-memory conflict and the need for other indicators of successful context
usage in RAG, especially for low-certainty domains [Ni et al., 2024].

4 Determining when or how RAG uses Contextual Knowl-
edge

Successful RAG not only relies on the usage of retrieved information, but also on the retrieval of
relevant information, and the interplay between these two components, though prior work studies
these aspects in isolation. As such, little is understood about the characteristics of retrieved
content, and its impact on LLM usage. Though some context usage studies exist, they use
synthetic data, and thus do not reflect real-world RAG scenarios. To overcome this, we propose
new dataset for claim verification with real-world contexts to measure realistic context usage
(DRUID), a novel context usage measure (ACU), and generate novel insights into LLMs’ context
usage characteristics [Hagstrom et al., 2025].

Some patterns we find are that context from fact-check sources leads to high context usage,
which is likely due to the higher rate of assertive and to-the-point language. Also, the more
direct discussion of claims with multiple arguments might make it more more convincing to the
LM. Similarly, evidence documents published after the claim and gold evidence sources lead to
higher context usage. Conversely, references to external sources show low correlations with ACU.
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Moreover, LLMs prioritise contexts with high query-context similarity, which are more difficult to
obtain in real-world RAG setting. Lastly, LMs are shown to be less faithful to long contexts.

Comparing DRUID to synthetic datasets, we find that synthetic datasets oversell the impact
of certain context characteristics (e.g. knowledge conflicts), which are rare in retrieved data.
Synthetic data exaggerates context repulsion, which is rarer for realistic data. While we identify
different characteristics indicating RAG failure in real-world settings, there is no single indicative
characteristic. This provides a reality check on LLM context usage, and underscores the need for
real-world aligned studies to understand and improve context use for RAG.

In some follow-up work, we study richer forms of interaction between parametric and contex-
tual knowledge for RAG, namely complementary or supporting knowledge [Islam et al., 2025].
There, we find that for claim verification, knowledge conflicts often pushes models to prefer con-
textual rather than parametric knowledge, whereas for common-sense question answering with
fewer knowledge conflicts, LLMs more often rely on their parametric memory.

Moreover, we perform a study on how context-memory conflicts can be resolved using a wide
range of so-called context manipulation techniques (CMT) [Hagstrom et al., 2025], going beyond
simply providing the context as done in Marjanovic et al. [2024]; Hagstrom et al. [2025]. These
range from simple methods such as prompting to more elaborate methods including mechanistic
interventions. The study is performed on the datasets as Hagstrom et al. [2025]. We find that,
overall, there is no clear winner between the different CMTs. Moreover, larger LLMs on aver-
age perform better than smaller LLMs at successfully using context, though smaller models can
outperform them with the best CMT for the specific model.

5 Concluding Remarks

Despite ongoing work, the inner workings of RAG-based language models, and how and when
they use or ignore context is still poorly understood. This is a unique challenge necessitating
collaborations between researchers working on information retrieval and natural language pro-
cessing. This keynote has aimed to shed light on some aspects of this topic, though often, and
notwithstanding rigorous evaluation efforts, our research has unearthed more questions than it
has provided answers.

Some effects we observed have been reminiscent of trends observed for earlier neural methods
used in NLP, namely pre-trained language models. These include that LLMs are excellent at
recitation, not at reasoning [Yan et al., 2025], which could also be observed for PLMs [Petroni
et al., 2019]. The fact that RAG-based claim verification models prioritise easy-to-understand
sources [Hagstrom et al., 2025] can also be traced back to effects observed for PLMs [Augenstein
et al., 2019].

As this ECIR 2025 keynote was a Karen Spéark Jones award lecture, I would like conclude by
honouring her memory in sharing one of her famous quotes:

Those [...] who had been around for a long time, can see old ideas reappearing in new guises
[...]. But the new costumes are better made, of better materials, as well as more becoming: so
research is not so much going round in circles as ascending a spiral (Karen Spdrk Jones, 1994).
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