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How LLMs are used: Information seeking dominates

What respondents use LLMs for

Search
Explanation
Writing
Coding

Data analysis

Idea generation

Playing /
experimenting

Problem solving
Task automation

Content creation

Language learning /
translation

Integrating into
other software

Chatting /
entertainment

Other use

Adoption and uses of LLMs among US tech workers (Rethink Priorities, 2025). https://rethinkpriorities.org/research-area/adoption-lims-tech-workers/
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How LLMs are used: Information seeking dominates

Information Seeking (Total: 568)

Editing (Total: 500)

Data Cleaning & Analysis (Total: 252)

T Fix grammar Clean and
. vers 282 orrephrase 407 reformat - 118
R dataset
Generate Look up et
summaries or 263 synonyms 217 StatIStIFal 94
i 4 reporting
explanations
question of a field ormatting analysis
topics human ratings
Direct Writing (Total: 352) Ideation & Framing (Total: 378) Data Generation (Total: 223)
: . Produce
Rewrite for Brainstorm o -97
193 198
Produce
Shorten or Come up ways training labels -96
190 185
summarize to frame paper and examples
Draft Get Inspiration Generate =
paragraphs 173 for methods 183 synthetic data

from ideas

Zhehui Liao, Maria Antoniak, Inyoung Cheong, Evie Yu-Yen Cheng, Ai-Heng Lee, Kyle Lo, Joseph Chee Chang, Amy X. Zhang. LLMs as Research Tools: A Large Scale Survey of
Researchers' Usage and Perceptions. In Proceedings of COLM, 2025.
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Information seeking introduces a factuality requirement

In information seeking settings:
» Answers must reflect the state of the world
» Internal model knowledge may be outdated, incomplete, or conflicting

« Plausibility is insufficient as a success signal

£ i1 / d

4 Outdated
Citation Gaps Truthfulness Fluent Style Knowledge
>
(J f
Grounding Confident Tone Halo Effect Unreliable
Deficiency Evaluation

Augenstein et al. Factuality Challenges in the Era of Large Language Models. Nature Machine Intelligence, August 2024.
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Why external context becomes necessary

To address factuality challenges, modern systems increasingly rely on:
» Retrieved documents via Retrieval-augmented generation (RAG)
* Provided evidence passages

* Long context windows

Indexing

OD—=

Documents

]
Chunks|Vectors
embeddings

Retrieval

[ Relevant Documents ]

3Pleaseanswertheabovequestions :
| based on the following information : |

— Combine Context [~
and Prompts

Gao et al. (2023). Retrieval-Augmented Generation for Large Language Models: A Survey. arxiv:2312.10997.
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Context usage -- an implicit assumption

An implicit assumption in RAG and long-context models:

If relevant context is provided, models will reliably use it to produce correct
answers

Many evaluate LLM progress under this assumption

Does this assumption actually hold? -> An empirical question

Parametric Contextual

Knowledge (PK) Knowledge (CK)

Memorised / possibly outdated Retrieved / possibly conflicting or
irrelevant



o, UNIVERSITY OF COPENHAGEN

Access to context # use of context

‘ What is Rome the capital of?
For the remainder of this talk, using context means:

The model’s output distribution changes because
of the provided context

Italy The
Roman é

-- not merely that the output aligns with the context EMpire
Given the following text
Why is this important? ... Rome became Italy's capital in 1871...
« Alignment can occur even when context is What is Rome the capital of?
ignored

« Correct answer alone does not tell us why the
model answered correctly

« This distinction underlies how we interpret RAG,
context usage, and hallucinations

The
R
Empire
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RQs: Understanding LLMs' Knowledge Utilisation

Do models use context?
‘4 What characteristics affect context usage?
¥ When are those sensitivities learned?
. Can explanations tell us which context was used?

@ Can we directly analyse interactions between parametric and contextual
knowledge?

A Can we improve context utilisation?
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Do dynamic facts create memory conflicts?

Sizlile | Q: Who is the Father of George W. Bush? = A: George H. W. Bush

In AD 117 )
A: Roman Empire

Q: What is Rome the capital of? Q

A: ltaly
In 2024
; : ; A: European
Q: Which ethnic group is most commonly oy
affected by lactose intolerance?
- A: Asian

+ Knowledge Conflict

- |InieEEnElnlelgXee il : Conflict caused by contradicting representations of the fact within the
training data, can cause uncertainty and instability of an LM

o [ofelgl Y EnETlelg Ao lnlil[el : Conflict caused by the context contradicts to the parametric
knowledge

We investigate the impact of fact dynamicity on LLM output in question answering

Sara Vera Marjanovi¢*, Haeun Yu*, Pepa Atanasova, Maria Maistro, Christina Lioma, Isabelle Augenstein. DYNAMICQA: Tracing Internal Knowledge Conflicts in
Language Models. In Findings of the 2024 Conference on Empirical Methods in Natural Language Processing (EMNLP 2024), November 2024.
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Intra-Memory Conflict in Output Distribution

What ethnic group is most commonl f i
! In what city was Gésta Eriksson born? Who is the father of Queen Elizabeth II? ] Ll Iagctospe PYale areas Y I What is Rome the capital of? ]

J

& Alexander Italy The
» SEEmSURd " Caimbridge George L4 é EHRGPEANS -_ é é

Empire
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Intra-Memory Conflict in Output Distribution

i i Disputable (c) Dynamic questions _
(a) Unpopular Static questlons (b) Popular p
L/In what city was Gésta Eriksson born? Who is the father of Queen Elizabeth II? ] !ﬁ‘eacttgéhé‘ﬁ Jronp 'If,‘{‘gfggﬁgg?,m°“'y I What is Rome the capital of? ]

J

& Alexander Italy The
» SEROmSGd “* Caimbridge George bl é RHFSREARS -_ é é

Empire

Dynamic facts should show greater entropy across objects.

We evaluate this using Semantic Entropy (Kuhn et al, 2023)

TN e Croms > Crugpars > Sl D

— >
George VI

George VI
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However, this is not always the case

Semantic Entropy
20

15

10

Llama-2 Mistral Qwen2

Static B Temporal [ Disputable
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Context-Memory Conflict

i i Disputable (c) Dynamic questions _
(a) Unpopular Static questlons (b) Popular p
L/In what city was Gésta Eriksson born? Who is the father of Queen Elizabeth II? What ethnic group is most commonly I What is Rome the capital of? ]

affected by lactose intolerance?

J AL

& Alexander Italy The
Stromsund “ Caimbridge George VI é Europeans ‘ é Roman é

Empire

If we provide context...
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Context-Memory Conflict

Disputable (c) Dynamic questions _

(a) Unpopular
i & : What ethnic group is most commonl f i
l/ln what city was Gésta Eriksson born? Who is the father of Queen Elizabeth II? Sffected Dy Iagctospe Paerarees Y I What is Rome the capital of? ]

A AA

Static questions (b) Popular

A Alexander Ital The
SHRmSLNd é - Combndge  LoeoroeMI | é + Europeans -_ & | Roman i
Empire

If we provide context...

. ; i ... Elizabeth II, born to King Alexander ... Lactose intolerance is most common ' ]

- Eriksson, born in Stromsund ... Caimbridge ... d in people of European descent.. .- Rome became Italy's capital in 1871...
What is Rome the capital of?

Who is the father of Queen Elizabeth II? Xvé'eaégéh&ﬂagcr?#s% Iﬁ\?&%ﬁ%ﬁg?’momy

In what city was Gosta Eriksson born?

Alexander ... Asi
(S veshom o - (Gamtndge | SeoroeV1 gy s oy ST T
Empire




Coherent Persuasion Score

-«

J

Stromsund Caimbridge
ige d

romsun Caimbridge
Strémsund A. Caimbridge

George VI
—

George VI
George VI

KL-divergence

George VI Asians Europeans

Asians Europeans

George VI
Europeans

Europeans
Europeans

Roman
The
Roman
Roman
Empire

Italy

Italia
Italy
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Context can change outputs — but not equally across fact types

We see the greatest persuasion score for the

Coherent Persuasion score

Llama-2 Mistral Qwen2

Static [ Temporal [ Disputable
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Persuasion Score across Partitions

We see the greatest persuasion score for the static dataset.

However, this is successful persuasion, in that the model output distribution
has been changed.

How far are we from from successful persuasion for dynamic facts?

— Loss (target answer | question) ( ~ Perplexity )



UNIVERSITY OF COPENHAGEN

Loss across Partitions

25 - 8

20 A

Losses

| B :

o- e

Static Temboral Dispﬁtable

Loss reflects the likelihood of an output
given the model’s trained parameters.

A higher loss indicates greater change
required to steer the LM to output the target
answer.

It requires more change in the model’s
parameters to obtain the desired answer for
temporal and facts (p<<<107°).

This cannot be accomplished by context
alone.
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What impacts Persuasion?

Logistic regression model to predict if an instance will be stubborn or persuaded
[ Llama-2 [ Mistral [ Qwen2

0.10
0.05 .I
0.00 — L lr .-I
Nl LB

—
-0.10
Number edits  Object Popularity Subject Semantic Semantic
Popularity Entropy w/ Entropy w/o
context context

Number of edits is the strongest,

most consistent negative indicator of model persuasion across models
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Context Utilisation of Retrieval-Augmented Generation

» Successful RAG requires

Document its

Indexing

(=
| e—
—
—
—
——

* Retrieval of relevant information
« Successful use of retrieved information by LLM

ChunksVectors
embeddings
Retrieval

« Prior work studies these aspects in isolation il

» Little understood about characteristics of
retrieved content; and impact on LLM usage

« Context usage studies use synthetic data
* Do not reflect real-world RAG scenarios

nswer the above questions
n the following information :

Contributions:
- new dataset to measure realistic context usage (DRUID)

- novel context usage measure (ACU)

- insights into LLMs’ context usage characteristics

Lovisa Hagstrom, Sara Vera Marjanovi¢, Haeun Yu, Arnav Arora, Christina Lioma, Maria Maistro, Pepa Atanasova, Isabelle

Augenstein. A Reality Check on Context Utilisation for Retrieval-Augmented Generation. In Proceedings of ACL 2025, July 2025.
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- UNIVERSITY OF COPHSUNterFact ConflictQA &DRUID OUReTlk
Context #1 Context Context #1 Context #2

The capital of
Japan is
Stockholm.4 g
Context #2
The capital of
Japan is
definitely
Stockholm.,é i

George CES 2019: FULL CLAIM:
Rankin Scientists have [ Blood pressure
graduated developed a tracking apps
from Harvard blood pressure | can replace a @
Law School monitoring app § cutt |...| Despite
in 2005 and to replace the the way it was
has been 100-vear-old4\ [ shown in the
practicing law cuff. [...] The promotional
for the past Biospectal app, | Facebook post,
15 vears...n e still in testing, there is no
could indication that

: essentially the app is able
What is replace the to to measure
George traditional blood || blood pressure.
Rankinls_' pressure cuff. A\ J Instead, the app
occupation? simply allows

Controlled
S Al Is it true that el o ol
and track their

ealwr' (DIGOHIPISSSUIEN | 1ings taken
ie et al. (2024) tracking apps from a?]othel’

isti can replace a ;
Context characteristics e p device, such as

Controlled a blood
Realistic
- pressure cuff,

Lovisa Hagstrom, Sara Vera Marjanovi¢, Haeun Yu, Arnav Arora, Christina Lioma, Maria Maistro, Pepa Atanasova, Isabelle
Augenstein. A Reality Check on Context Utilisation for Retrieval-Augmented Generation. In Proceedings of ACL 2025, July 2025.

Q: What is

the capital of

Japan?
Controlled

Realistic x
Real-world )}

Yu et al. (2023)
Du et al. (2024)

7 knowledge conflict . unreliable
% assertive ? hedging
@ generated & insufficient
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DRUID content characteristics

Claim-evidence similarity Difficult to understand

KE B #—x¢ 2 = * -—L
| | | | | | | I I I I I
0.25 0.50 0.75 0.6 0.7 0.8 0.9 60 80 250 500 750
Jaccard similarity Claim-evidence overlap Claim length Evidence length
Refers external source
. ols X. B 03 il
\ * \ \ . ! \ X ‘I' 1 1 1 1 } 1 1 1
0 50 100 150 55.0 57.5 60.0
0 20 40 0 20 40 ) : )
Repeats claim (%) Detection by LLM (%) Llama: Perplexity Flesch reading ease score
Uncertain Implicit Unreliable
L % w B ¥H— .
! ! ! ' y . | * 1 xI l ! 1 * I
0 .20 o 20 ~ 40 05 06 0.7 0 2 4
Contains hedging (%) Contains hedging disc. (%) Claim entity overlap Unreliable source (%)
W  CounterFact X ConflictQA # DRUID DRUID+

Lovisa Hagstrom, Sara Vera Marjanovi¢, Haeun Yu, Arnav Arora, Christina Lioma, Maria Maistro, Pepa Atanasova, Isabelle
Augenstein. A Reality Check on Context Utilisation for Retrieval-Augmented Generation. In Proceedings of ACL 2025, July 2025.
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Context utilisation of RAG

model
0.84 MW Llama
B Pythia

« Context usage (ACU score):

+ Re-scaled difference in salient token 0.6 -
probability for different labels for a claim
between settings with vs. without evidence |

« Synthetic datasets: SHENN N
» Over-prefer supporting evidence 021 e
» Context repulsion for refuting evidence 0.0
« Generated automatically -> aligned with
parametric memory -0.2 -
* Real-world dataset: | 5
« Context utilisation and repulsion both lower T ertes supports refutes supports refutes supports

CounterFact ConflictQA DRUID

Lovisa Hagstrom, Sara Vera Marjanovi¢, Haeun Yu, Arnav Arora, Christina Lioma, Maria Maistro, Pepa Atanasova, Isabelle
Augenstein. A Reality Check on Context Utilisation for Retrieval-Augmented Generation. In Proceedings of ACL 2025, July 2025.
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Influence of content characteristics on RAG

« Context from fact-check sources -> high ACU
» Higher rate of assertive and to-the-point language
« More direct discussion of claims with multiple arguments -> more convincing to LM
« Similarly for ‘Pub. after claim’ and ‘Gold source’

Fact-check source - 0.2
Gold source - 0.2

Pub. after claim - 0.1
Fact-check verdict - -0.1 0.3

refutes supports refutes supports refutes supports

CounterFact ConflictQA DRUID
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Influence of content characteristics on RAG

» Correlations with claim-evidence similarity properties low for DRUID

« LLMs prioritise contexts with high query-context similarity -> more difficult in real-
world RAG setting

Claim-evidence similarity

Jaccard similarity - =0.3 0.1
Claim-evidence overlap - 0.0 0.2 m 0.2 -0.1
refutes supports refutes supports refutes supports
CounterFact  ConflictQA DRUID

Lovisa Hagstrom, Sara Vera Marjanovi¢, Haeun Yu, Arnav Arora, Christina Lioma, Maria Maistro, Pepa Atanasova, Isabelle
Augenstein. A Reality Check on Context Utilisation for Retrieval-Augmented Generation. In Proceedings of ACL 2025, July 2025.
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Influence of content characteristics on RAG

» LLMs less faithful to long contexts

Claim length - -0.0 0.1 -0.0 0.0

Evidence length- -0.0 0.1 m -0.1 m -0.2

refutes supports refutes supports refutes supports

CounterFact ConflictQA DRUID

Lovisa Hagstrom, Sara Vera Marjanovi¢, Haeun Yu, Arnav Arora, Christina Lioma, Maria Maistro, Pepa Atanasova, Isabelle
Augenstein. A Reality Check on Context Utilisation for Retrieval-Augmented Generation. In Proceedings of ACL 2025, July 2025.



https://aclanthology.org/2025.acl-long.968/
https://aclanthology.org/2025.acl-long.968/
https://aclanthology.org/2025.acl-long.968/
https://2025.aclweb.org/

o, UNIVERSITY OF COPENHAGEN

When is sensitivity to context characteristics learnt?

e Lexical properties (length, fluency, word
overlap, source reliability etc.) correlate
with context usage to varying degrees

e How are sensitivities to context
characteristics are acquired?

> Analyse different instruction fine-tuning
(IFT) stages: supervised fine-tuning (SFT),
direct preference optimization (DPO),
reinforcement learning with verifiable
rewards (RLVR)

Context

Following the
earthquake in 2030,
Kabul was

destroyed, and the
Afghan capital is
relocated to Herat...

@ Extract context characteristics
4 N

Similarity
[# Context-query overlap: 1
Context-query sim.: 0.25
Fluency

LJ Reading ease score: 54.4
= Perplexity: 13.1
Length

“, Context length: 290

“. Query length: 40 )
Query \ o
Calculate accuracy
What is the capital
city of Afghanistan? @
‘ = ‘ Acc: 0.86
@ Measure AUROC SFT Step 200 AUROC
(" Context Length \
T T T e )

Nadya Yuki Wangsajaya, Haeun Yu, Isabelle Augenstein. Emergence of Context Characteristics Sensitivity in Large Language

Models. CoRR, abs/2606.09525, June 2026.


https://arxiv.org/abs/2606.09525
https://arxiv.org/abs/2606.09525
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When is sensitivity to context characteristics learnt?

AUROC

Lo Context Length Lo Context-Query Jaccard Similarity
Uama-3.2-1B
—eo— Llama-3.1-8B
0.8 - OLMo-2-1B
—e— OLMo-2-7B
061
3 3
& &
> )
< < 0.4-
Uama-3.2-1B
0.2 {1 =—e— Lama-3.1-8B 0.21 o=
OLMo-2-1B
—e— OLMo-2-7B
00 T T ! ' 00 T T T T
Base SFT DPO RL Base SFT DPO RL

Nadya Yuki Wangsajaya, Haeun Yu, Isabelle Augenstein. Emergence of Context Characteristics Sensitivity in Large Language
Models. CoRR, abs/2606.09525, June 2026.
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Can explanations reveal which context the model actually used?

e Current context-usage evaluations often rely on highlight explanations,
e.g. attention attribution, integrated gradients

e Underlying assumption: if an explanation highlights a passage, that
passage influenced the answer

» How can we test this assumption?

Key idea

e C(Create settings where we know:
o which context changed the model's answer
o which context did not

e Then test whether explanations highlight the correct evidence

Jingyi Sun*, Pepa Atanasova®, Sagnik Ray Choudhury, Sekh Mainul Islam, Isabelle Augenstein. Evaluation Framework for
Highlight Explanations of Context Utilisation in Language Models. Computational Linguistics, August 2026.
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Explaining LLMs’ Context Usage

: """"" : A [ VLI PR TN VLW M VCIC MR N
[Question: What is the capital of Cuba?] 3 Accra : [Question: What is the capital of Cuba?] ~x> —>: Cleveland
+ \Tt + T
i i IV The capital of Cuba is Philadelphia. _The capital of Cuba is Clevelan ]
[ The capital of Cuba is Accra. ]—> s [ . 0 QQ—}LQ
L, .ii 1 T ] : 1 1 2
Explainer 1 | : I (Token Importance Scores) ( Explainer 1) B : :
/+ _ a— | — :_ pe— — = e — p— T — — — —_— — :_.
Indicating "Accra™in the cpntext is \ Indicating [Cleveland" in the second context piece J !
used for arﬁswering | _____ v :__ N

[} 1 ?

-—

- - -
(7]
c
172
®
Q
—
o
-
QO
12
1]
s
(1]
-
-
(=]

I 'R
:‘\ I*Iﬂ EI:”

| 1 . =
1 1
1 : 1 | | 1
. o B - | mE o 0 0 l:
o ——— ==L B — = S — A= 1 e— CE RN R R RN N R B s o g
| ﬁ
Indicating "Accra'|in the context is \ ( Indicating "Rhiadelphia” in the first context piece |
' 1 is used for answering: X

| unimportant to answering: X

ol

— — s e e e e L

- -

KHHDEDE[—ID ||:‘DDD|—| :IE: B 0D oo o |

Jingyi Sun*, Pepa Atanasova*, Sagnik Ray Choudhury, Sekh Mainul Islam, Isabelle Augenstein. Evaluation Framework for
Highlight Explanations of Context Utilisation in Language Models. Computational Linguistics, August 2026.
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Do explanations reliably indicate context usage?

Across five LMs and four
commonly used context-usage
datasets, we find that highlight
explanations:

e can often detect whether
context mattered,

e but fail to reliably identify
which context or which part
was used,

e with performance degrading
for long and multi-document
contexts

@ GPT2-XL E Pythia-2.8B A Qwen2.5-3B € Pythia-6.9B V Qwen2.5-7B — Median % Mean

»

v —

B —

FA ATTN MechLight
WC CF FP CQA WC CF FP CQA WC CF FP CQA WC CF FP CQA

A

N

o

ARank@k?9"P
N

<
<>Ql>

VDV
‘_:0°

o
2
4

(a) Conflicting Context

* Does the explanation indicate whether the model
consulted the context?

* High ARank@kgrp means the explanations can
distinguish if the model chooses PK vs CK
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Implications for evaluating context utilisation

« Observable alignment between outputs and context does not imply causal
dependence on the context

« Widely-used explanation methods (Attention-Head Attribution, Integrated
Gradients) often fail to identify which evidence influenced the model’s
prediction

> Explanations are not necessarily useless, but answer a weaker question:
whether context appears relevant, not if it was causally responsible for
output

> This limits the suitability of explanations for evaluating context utilisation
in long or multi-document settings

Jingyi Sun*, Pepa Atanasova®, Sagnik Ray Choudhury, Sekh Mainul Islam, Isabelle Augenstein. Evaluation Framework for
Highlight Explanations of Context Utilisation in Language Models. Computational Linguistics, August 2026.
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Multi-Step Knowledge Interaction Analysis rank(P) =
No separation of knowledge usage
« Prior papers on knowledge interaction: 020
. . . ‘?0.15-
« Study single-step generation (final answer) % o0
* Model interaction as binary choice between parametric and i
contextual knowledge using rank-1 subspace projection 0.00 1 : ,
> Ignore richer forms of interaction, e.g. complementary or Subspace component
supporting knowledge ;;1%;;5, Supportlve ,;;,
. . bl ’ Q ﬂ'dn xx e
Contributions: g | Gl “3(&
8
g 0.4
- novel knowledge interaction analysis via rank-2 subspace S
projection 502 Conflicting
. . . . %)
- application to interaction of long natural language S . . S
explanation sequences Subspace component (PK)

Clear Separation of Knowledge Usage
rank(P) = 2

- novel insights into LLMs’ knowledge interaction dynamics

Sekh Mainul Islam, Pepa Atanasova, Isabelle Augenstein. Multi-Step Knowledge Interaction Analysis via Rank-2 Subspace
Disentanglement. In Findings of EMNLP 2026, October 2026, to appear.
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Multi-Step Knowledge Interaction Analysis

Z-man was born on Earth.

Earth is spherical in shape

Parametric Knowledge
Llama-3.1-8B-Instruct:

Response @

The shape of the planet Z-man was born on is a sphere. ‘
Earth is known to be a planet, and planets are generally spherical in shape due to their own gravnty
pulling them into a rounded form. This is a fundamental concept in astronomy and planetary science.

Sekh Mainul Islam, Pepa Atanasova, Isabelle Augenstein. Multi-Step Knowledge Interaction Analysis via Rank-2 Subspace
Disentanglement. In Findings of EMNLP 2026, October 2026, to appear.
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What is the prevalence of different knowledge interactions?
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Fakepedia datasets
contain more conflicting
examples than other
knowledge interaction
types

Consistent with dataset
designs: Fakepedia
variants are evidence-
centric and often
adversarial/conflicting
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How Do Individual PK and CK Contributions Change Over the NLE
Generation for Different Knowledge Interactions?

PK-CK Contribution
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For all datasets, the model starts with a
higher CK, then considers both PK and
CK with slight prioritisation of PK.

For longer NLEs, CK and PK compete
with each other with higher fluctuation

Longer NLEs indicate difficult examples
with higher depth in multi-hop reasoning
and higher token uncertainty

> Force the model to iteratively
reconcile PK with CK, resulting in
fluctuating behaviour
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Can We Find Reasons for Hallucinations Based on PK-CK Interactions?
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Gap between PK and CK
much higher for hallucinated
than for non-hallucinated
instances

Hallucinated answers based
more on PK than CK;
already visible during early
sequence steps

Hallucination reflects a
systematic bias toward
parametric recall rather than
random noise
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Benchmarking context usage manipulation techniques

e Previous context usage experiments show that LLMs:
o Struggle with more complex and long contexts

o Can easily be distracted by irrelevant contexts due to context-
memory conflicts

e Methods to increase or suppress LLMs’ context usage have been
developed to:

o Improve robustness to irrelevant contexts
o Enhance faithfulness to conflicting information

e Do they work for real-world RAG settings?

Lovisa Hagstrém®, Youna Kim*, Haeun Yu, Sang-goo Lee, Richard Johansson, Hyunsoo Cho, Isabelle Augenstein. CUB:
Benchmarking Context Utilisation Techniques for Language Models. In Proceedings of ACL 2026, July 2026.
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Benchmarking context usage manipulation techniques
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Lovisa Hagstrom*, Youna Kim*, Haeun Yu, Sang-goo Lee, Richard Johansson, Hyunsoo Cho, Isabelle Augenstein. CUB:
Benchmarking Context Utilisation Techniques for Language Models. In Proceedings of ACL 2026, July 2026.
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Overview of context usage manipulation techniques

Tuning Inference

Methods | Objective Level Cost Cost
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Are larger models better at utilising context?
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Binary context utilisation (BCU) score:

- For relevant contexts (gold and conflicting)
the score is 1 if the LM prediction is the same as
the token promoted by the context,

and 0 otherwise

- For irrelevant contexts the score is 1 if the LM
prediction is the same as the memory token
(i.e. the prediction made by the model before
any context has been introduced),

and 0 otherwise
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Which context manipulation technique is best on average?
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Findings: Benchmarking context usage manipulation techniques

e Larger models are on average better than smaller models — but with the
right CMT, smaller models can outperform larger ones

e There is no one best context manipulation technique — some perform
better for conflicting, other for irrelevant contexts

e Difference in patterns between artificial and realistic datasets

Lovisa Hagstrém®, Youna Kim*, Haeun Yu, Sang-goo Lee, Richard Johansson, Hyunsoo Cho, Isabelle Augenstein. CUB:
Benchmarking Context Utilisation Techniques for Language Models. In Proceedings of ACL 2026, July 2026.
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Answering RQs: Understanding LLMs' Knowledge Utilisation

Do models use context?
Yes, but utilisation is often fragile and conflict-dependent

What characteristics affect context usage?
&d Similarity, fluency, length (“easy to understand”)

When are those sensitivities learned?
&d Largely during instruction tuning, especially SFT

Can explanations tell us which context was used?
L. Partially; they often identify that context mattered, not which evidence caused the prediction

Can we directly analyse interactions between parametric and contextual knowledge?
Yes; interaction analyses reveal richer dynamics than a simple PK-versus-CK view

Can we improve context utilisation?
L. Partially; existing techniques help, but no method is consistently best across all settings
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Wrap-Up: Utilisation of Knowledge by LLMs

* Context utilisation is not a fixed model capability

* It is shaped by conflicts, context characteristics, and instruction tuning

* Measuring context utilisation is itself challenging

* Realistic RAG settings expose weaknesses hidden by synthetic benchmarks
* Better analysis and intervention methods remain necessary

Parametric Contextual
Knowledge (PK) . Knowleqlge (CK) _
Memorised / possibly outdated Retrieved / possibly conflicting or

irrelevant
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Why prevailing evaluation settings overestimates progress

e Context alignment # causal dependence | WharlRome the capttal ofr

e Synthetic evidence exaggerates both conflicts M
and success

Italy The
Roman é

Empire

mOdeS Of ConteXt Usage ... Rome became Italy's capital in 1871...

What is Rome the capital of?

e End-to-end accuracy evaluation hides failure , ,
Given the following text J
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Implications for future research

e Scaling and longer contexts help,
but do not resolve knowledge
conflicts

e Evaluation must test
counterfactual reliance on context

e RAG system design should
account for when parametric
knowledge should or should not
be overridden
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