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ABSTRACT

Large language models in retrieval-augmented generation (RAG) systems often
fail to follow provided context when it conflicts with their parametric knowledge,
instead generating answers based on memorized facts. We hypothesize that entity
surface forms in the context trigger parametric recall, causing this unfaithful be-
havior. To test this, we propose Entity-Anonymized Context Prompts (EACP), a
training-free method that replaces entity names with anonymous placeholders be-
fore prompting. On the ConFiQA-MC knowledge-conflict benchmark, EACP im-
proves context-faithful answer rate from 32.47% to 74.75% (+42.28 points) com-
pared to a control condition with identical output format but no anonymization,
demonstrating that entity anonymization is the active ingredient. EACP general-
izes across model families (Llama-3.1-8B, Qwen2.5-7B), complements activation
steering methods, and outperforms training-based approaches like Context-DPO
without requiring any fine-tuning.

WARNING: This paper was generated by an automated research system. The code
is publicly availableﬂ

1 INTRODUCTION

Retrieval-augmented generation (RAG) has emerged as a powerful paradigm for grounding large
language model (LLM) outputs in external knowledge (Lewis et al., |2020). By conditioning gener-
ation on retrieved documents, RAG systems can provide up-to-date information and reduce hallu-
cinations. However, a critical failure mode arises when retrieved context conflicts with the model’s
parametric knowledge: LLMs often ignore the provided context and instead generate answers based
on memorized facts (Longpre et al., 2021; Xu et al.,2024). This knowledge conflict problem under-
mines the core promise of RAG—that models will faithfully follow the provided context.

Prior work has addressed knowledge conflicts through training-based methods such as Context-
DPO (Bi et al., [2024), which fine-tunes models using direct preference optimization to prefer
context-faithful outputs, and inference-time interventions such as context-aware decoding (Shi et al.,
2023)) and activation steering (Anand et al.,|2026). While effective, these approaches require either
expensive training or complex modifications to the inference pipeline.

We hypothesize that a simpler mechanism underlies many knowledge conflict failures: entity surface
forms in the context trigger parametric recall. When an LLM encounters a familiar entity name like
“Albert Einstein” or “United States,” the surface form activates associated parametric knowledge,
causing the model to generate memorized facts rather than attending to the provided context. If this
hypothesis is correct, then simply anonymizing entity names should break the trigger mechanism
and improve context faithfulness.

To test this hypothesis, we propose Entity-Anonymized Context Prompts (EACP), a training-
free method that replaces entity names with anonymous placeholders (e.g., ENT_1, ENT_2) be-
fore prompting the model. Critically, we design a controlled experiment that isolates the effect of
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anonymization: we compare EACP against a control condition that uses identical output format (en-
tity inventory with placeholder-based answers) but retains original entity names. Any improvement
from EACP over this control can be attributed specifically to anonymization.

Our contributions are as follows:

* We demonstrate that entity anonymization dramatically improves context faithfulness in
knowledge-conflict QA, achieving a +42.28 point improvement in context-faithful answer
rate on ConFiQA-MC.

* Through controlled experiments, we show that anonymization is the active ingredient—
the structured output format alone actually hurts performance, and only anonymization
produces gains.

* We show that EACP is complementary to activation steering methods, with the combination
achieving the best results, suggesting the two approaches address distinct failure modes.

* We demonstrate cross-model generalization, with both Llama-3.1-8B and Qwen2.5-7B
showing large improvements from EACP.

* We show that EACP, a training-free prompting method, outperforms Context-DPO, a
method requiring DPO fine-tuning, highlighting the effectiveness of simple prompt-level
interventions.

2 RELATED WORK

Knowledge Conflicts in LLMs. When large language models are augmented with external con-
text through retrieval-augmented generation (Lewis et al.l [2020), conflicts can arise between the
retrieved information and the model’s parametric knowledge (Xu et al.,2024). [Longpre et al.|(2021])
demonstrated that models often fail to follow context when it contradicts their memorized facts,
particularly for entity-centric questions. [Qian et al.[|(2023)) further explored how external distractors
affect parametric knowledge graphs, showing that models exhibit systematic biases toward their pre-
trained knowledge. Benchmarks such as FaithEval (Ming et al.,2024) and ConFiQA (B1 et al.,[2024)
have been developed to systematically evaluate context faithfulness under knowledge conflicts.

Training-Based Solutions. Several approaches address knowledge conflicts through model fine-
tuning. Context-DPO (B et al.l 2024) applies direct preference optimization (Rafailov et al., [2023)
to train models to prefer context-faithful responses over parametric-reliant ones. Self-RAG (Asai
et al., |2023) trains models to generate special reflection tokens that critique their own outputs for
relevance and groundedness. While effective, these methods require substantial training data and
computational resources, and may not generalize across model families.

Inference-Time Solutions. Alternative approaches modify the decoding process without addi-
tional training. Context-Aware Decoding (Shi et al.l [2023) contrasts output distributions with and
without context to amplify context-relevant tokens. Adaptive Contrastive Decoding (Kim et al.,
2024) extends this by dynamically adjusting the contrastive strength based on context quality. Con-
textFocus (Anand et al., |2026) steers model activations toward context-faithful representations us-
ing learned steering vectors. ParamMute (Huang et al., |2025) suppresses knowledge-critical feed-
forward network neurons to reduce parametric interference. These methods address the problem at
the representation or decoding level but do not target the root cause of entity-triggered parametric
recall.

Entity Anonymization. [Sheikhi et al.|(2025) recently explored entity anonymization for improv-
ing knowledge attachment in dialogue generation, demonstrating that replacing entity names with
placeholders can reduce hallucination. Our work extends this insight to knowledge-conflict question
answering, providing controlled experiments that isolate the effect of anonymization from output
format changes, and demonstrating complementarity with activation steering methods.
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3 METHOD

3.1 PROBLEM FORMULATION

We consider the knowledge-conflict question answering task, where a model is given a question g
and a context ¢ that may contain information conflicting with the model’s parametric knowledge.
The goal is to generate an answer a that is faithful to the provided context ¢, even when ¢ contradicts
what the model has memorized during pretraining. Formally, given a language model M with
parameters 0, we seek to maximize Py(a | ¢, ¢) such that a is grounded in ¢ rather than derived from
parametric associations.

The challenge arises because modern LLMs encode extensive world knowledge in their parameters.
When the context contains familiar entity names (e.g., “Albert Einstein”, “United States”), these
surface forms can trigger parametric recall, causing the model to generate answers based on memo-
rized facts rather than the provided context. We hypothesize that breaking this entity-triggered recall
mechanism can substantially improve context faithfulness.

3.2 ENTITY-ANONYMIZED CONTEXT PROMPTS

We propose Entity-Anonymized Context Prompts (EACP), a training-free method that replaces en-
tity surface forms with anonymous placeholders to prevent parametric knowledge activation. The
method consists of four steps, illustrated in Figure [T}

Entity Extraction. Given a context ¢ and question ¢, we first extract all named entities £ =
{e1,e2,...,e,} that appear in the text. In our experiments, we use entities explicitly annotated in
the benchmark metadata to ensure extraction accuracy, though standard NER systems can be applied
in practice.

Anonymization. We create a bijective mapping ¢ : £ — {ENT_1,ENT_2,...,ENT_n} that as-
signs each entity a unique placeholder identifier. We then apply boundary-aware, case-insensitive
string replacement to substitute all occurrences of entity surface forms (including aliases) with their
corresponding placeholders in both the context and question, producing anonymized versions ¢’ and

q.

Inventory Construction. We construct an entity inventory that lists all placeholders with their
entity types (e.g., ENT_-1 (type=PERSON), ENT_2 (type=LOCATION)). Critically, the in-
ventory does not reveal the original entity names, preventing the model from recovering parametric
associations through the inventory.

Prompt Construction and Answer Decoding. The final prompt combines the entity inventory,
anonymized context ¢/, and anonymized question ¢’, instructing the model to output an answer using
placeholder identifiers. After generation, we apply the inverse mapping ¢! to convert the predicted
placeholder back to the original entity name for evaluation.

3.3 EXPERIMENTAL CONTROLS

To isolate the effect of entity anonymization from potential confounds, we design a three-condition
experiment:

Condition A (Baseline). Standard opinion-and-instruction prompting (Zhou et al., 2023) with
original context and question. The model outputs a natural-language answer string.

Condition B (Control). Same prompt structure as EACP, including the entity inventory and re-
quirement to answer with placeholder identifiers, but without anonymizing entity names in the con-
text and question. The inventory shows real names (e.g., ENT_1 = Albert Einstein).

Condition C (EACP). Full anonymization: entity names are replaced with placeholders through-
out the context and question, and the inventory shows only types without names.
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Knowledge-Conflict QA Instance
[ Question: Who is the president of ENT_1? }
[ Context: The president of ENT_1is ENT_2...

Entity-Anonymized Context Prompts (EACP) framework
with and the three-condition experimental design for
improvement of context faithfulness in knowledge-conflict QA

(ENT_1=USA, ENT_2=John Smith)
(Counterfactual)

______________________ )
i Parametric Memory: j + +

R USA — Biden (Conflicting Knowledge) 5
Condition B (Inventory+IDs Control) 1"} Condition C (EACP - Proposed)

e . Entity Inventory (Real Names) Entity Inventory (Anonymized)
Condition A (O&I Baseline) ENT_1 = USA, ENT_2 = John Smith ENT_1 (type=country), ENT_2 (type=person)

Opinion & Instruction Prompt “The president of the USA is John Smith...” “The president of ENT_1 is ENT_2..."
The context contains the exact answer. Please Question: Which ENT is the president of ENT_1? Question: Which ENT is the president of ENT_1?
provide the answer based on the context below.

Context: “The president of the USA is John Smith...”
Question: Who is the president of the USA?

5%

=i um—/

=5
Pc=74.8%
(high faithfulness -
anonymization breaks

ENT_2
parametric recall)
Nﬁ: ;T:;::,ﬂﬁ?:ﬁ?::’i:r P(cm::‘ezr-:e% Same output format, only difference is anonymization -
John Smith. AL CvsB: +42.3 Pc Anonymization is the active ingredient that significantly improves
context faithfulness by reducing parametric memory interference.

Figure 1: Overview of the Entity-Anonymized Context Prompts (EACP) experimental design. The
three-condition comparison isolates the effect of entity anonymization: Condition A uses standard
prompting, Condition B adds structured output format without anonymization, and Condition C
(EACP) combines anonymization with structured output. The dramatic improvement from B to C
(+42.28 Pc) demonstrates that anonymization is the active ingredient.

Pc=32.5%
(worse - names reinforce
p ic recall)

ID Answer (ENT_k)
ENT_2 (John Smith)

The critical comparison is C versus B, which isolates the effect of anonymization while controlling
for the structured output format and answer-space constraints. Any improvement in C over B can be
attributed specifically to breaking entity-triggered parametric recall.

3.4 OPTIMIZATIONS

We incorporate two optimizations to further improve EACP’s effectiveness:

Phantom Entity Tagging. For multiple-choice settings where answer candidates may include en-
tities not present in the context, we mark such entities with [not in text] in the inventory.
This explicit signal helps the model avoid selecting answers that cannot be grounded in the provided
context.

Self-Consistency Decoding. Following prior work on improving reasoning robustness, we sample
multiple responses (k = 8) with temperature 7 = 0.7 and select the majority answer. This reduces
variance from sampling and improves reliability on ambiguous cases.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Benchmark. We evaluate on ConFiQA-MC (Bi et al., 2024), a knowledge-conflict question an-
swering benchmark containing 6,000 multi-hop questions where the provided context contains coun-
terfactual information that contradicts the model’s parametric knowledge. Each instance includes a
context with entity-level substitutions (e.g., replacing the true answer entity with a counterfactual
one), requiring the model to follow the context rather than rely on memorized facts.

Models. Our primary evaluation uses Llama-3.1-8B-Instruct (Dubey et al.,|2024), enabling direct
comparison with prior work. We also replicate experiments on Qwen2.5-7B-Instruct (Yang et al.,
2024)) to assess cross-model generalization.
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Table 1: Main results on ConFiQA-MC (6,000 examples) with Llama-3.1-8B-Instruct. EACP (C)
dramatically improves context faithfulness over both the O&I baseline (A) and the control condition
(B). The critical C vs B comparison isolates the effect of entity anonymization. Best results in bold.

Condition Pct Pol MR| EM?T

A (O&I Baseline) 5243 1340 2035 4943
B (Inventory+IDs) 32.47 19.75 37.82 37.95
C (EACP) 7475 10.77 12.59 81.80

Context-DPO (ref)  54.9 - 27.9 219

Metrics. Following the ConFiQA evaluation protocol, we report: (1) Pec (context-faithful rate):
percentage of responses matching the counterfactual answer from context; (2) Po (parametric-
only rate): percentage matching the original (memorized) answer; (3) MR (memorization ratio):
Po/(Pc + Po) x 100, measuring the tendency to rely on parametric knowledge when producing a
recognizable answer; and (4) EM (exact match): strict accuracy against the context-faithful answer.

Conditions. We compare five conditions: A (O&I baseline): standard opinion-and-instruction
prompting; B (Inventory+IDs control): structured output with entity inventory but no anonymiza-
tion; C (EACP): full entity anonymization with optimizations; D (ContextFocus): activation steering
baseline (Anand et al., 2026); and E (EACP+ContextFocus): combined method.

4.2 MAIN RESULTS

Table[T] presents the main comparison on ConFiQA-MC with 6,000 examples. The critical compari-
son is between Condition C (EACP) and Condition B (control), which share identical output formats
but differ only in whether entity names are anonymized.

EACP achieves Pc=74.75%, representing a +42.28 point improvement over the control condition B
(Pc=32.47%), as visualized in Figure[2] This dramatic gain demonstrates that entity anonymization
is highly effective at improving context faithfulness. The memorization ratio drops from 37.82% to
12.59% (—25.23 points), indicating that the model shifts from relying on parametric knowledge to
following the provided context.

Importantly, Condition B performs worse than the baseline A (—19.96 Pc), proving that the struc-
tured output format alone does not help—and in fact hurts performance by constraining the output
space while still allowing entity-triggered parametric recall. Only when combined with anonymiza-
tion (Condition C) does the method succeed, confirming that anonymization is the active ingredient.

Compared to Context-DPO (Bi et al} 2024)), a training-based method requiring DPO fine-tuning,
EACP achieves substantially higher context faithfulness (Pc=74.75% vs 54.9%) without any train-
ing. While these results are on different models (Llama-3.1-8B vs Qwen2-7B), the comparison
suggests that simple prompt-level interventions can be highly effective.

4.3 COMPLEMENTARITY WITH ACTIVATION STEERING

We investigate whether EACP is complementary to ContextFocus (Anand et al., 2026]), an activation
steering method that modifies model representations to improve context faithfulness. Table 2] shows
results on a 1,500-example subset.

The combined method E achieves Pc=76.47%, improving over both EACP alone (C, Pc=72.87%,
+3.60 points) and ContextFocus alone (D, Pc=54.93%, +21.54 points). This substantial improve-
ment over ContextFocus suggests that EACP addresses a distinct failure mode—entity-triggered
parametric recall—that activation steering does not fully capture. The two interventions are com-
plementary: EACP prevents parametric knowledge activation at the input level, while ContextFocus
steers internal representations toward context-faithful outputs.
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EACP vs Control: Entity Anonymization Dramatically Improves Context Faithfulness
100

B Condition B (Control) [ConFiOA-MC (6,000 examples)
. Llama-3.1-8B-Instruct
[ Condition C (EACP)
+42.3 81.8%

80

74.8%

-25.2
37.8%

Percentage (%)

32.5%

Context
Faithfulness
(Pc)

Memorization Exact
Ratio Match
(MR) (EM)

Metric

Figure 2: EACP (Condition C) vs Control (Condition B) comparison across key metrics on
ConFiQA-MC (6,000 examples). Entity anonymization improves context faithfulness (Pc) by +42.3
points, reduces memorization ratio (MR) by 25.2 points, and nearly doubles exact match accuracy
(EM).

Table 2: EACP composes effectively with ContextFocus activation steering on ConFiQA-MC (1,500
subset). Combining EACP with ContextFocus (E) achieves the best results, demonstrating comple-
mentarity. Best results in bold.

Condition Pct Pol MR, EM?T
A (O&I Baseline) 5240 1293 19.80 50.07
D (ContextFocus, m=0.5) 5493 1947 26.16 6.93

C (EACP) 72.87 11.13 13.25 80.00

E (EACP+ContextFocus) 76.47 11.33 1291 83.93

4.4 CROSS-MODEL GENERALIZATION

To assess whether EACP’s effectiveness generalizes across model families, we replicate the A/B/C
comparison on Qwen?2.5-7B-Instruct. Table[3|shows that EACP achieves even larger improvements
on Qwen, with a +49.20 point Pc gain over the control condition.

The consistent improvements across both model families (Meta’s Llama and Alibaba’s Qwen), vi-
sualized in Figure [3] suggest that entity-triggered parametric recall is a general phenomenon in
instruction-tuned LLMs, not specific to any particular architecture or training procedure. Interest-
ingly, Qwen shows a larger baseline memorization ratio (MR=41.14% vs 37.82%) and correspond-
ingly larger improvement from anonymization, suggesting that models with stronger parametric
priors may benefit more from EACP.

4.5 NO-HARM CONTROL

A potential concern is that entity anonymization might degrade performance when the context aligns
with parametric knowledge (i.e., no conflict exists). To address this, we evaluate on original (non-
counterfactual) contexts where the correct answer matches the model’s memorized knowledge.

Table ] shows that EACP achieves EM=88.00% on original contexts, substantially higher than both
the baseline A (66.40%) and control B (79.80%). This demonstrates that EACP does not harm
performance in non-conflict scenarios—in fact, it improves accuracy by encouraging the model to
attend more carefully to the provided context rather than relying on potentially noisy parametric
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Table 3: EACP generalizes across model families. Both Llama-3.1-8B-Instruct and Qwen2.5-7B-
Instruct show large improvements from entity anonymization (C vs B), with Qwen showing even
larger gains.

Model BPc CPc APc BMR CMR AMR

Llama-3.1-8B 3247 7475 +4228 37.82 1259 2523
Qwen2.5-7B 2723 7643 +49.20 41.14 1394 —-27.20

EACP Generalizes Across Model Families: C vs B Improvement

[ConziQA-MC (6,000 examples) | I Pc Improvement (1)
Condition C (EACP) vs B (Conti
ondition € (EACP) vs B (Control) B MR Reduction (1)

+49.2

w
o

+42.3

N
o

Improvement (percentage points)
N w
o o

=
o

Llama-3.1-8B-Instruct Qwen?2.5-7B-Instruct
Model

Figure 3: EACP generalizes across model families. Both Llama-3.1-8B-Instruct and Qwen2.5-7B-
Instruct show large improvements from EACP (Condition C vs B), with Qwen showing even larger
gains (+49.2 Pc vs +42.3 Pc).

associations. The method is safe to deploy without risk of degrading performance on standard QA
tasks.

5 DISCUSSION

Why Does Anonymization Work? Our results support the hypothesis that entity surface forms
serve as “keys” that trigger parametric knowledge recall. When the model encounters a familiar
entity name like “Albert Einstein,” it activates associated memorized facts that can override conflict-
ing contextual information. By replacing entity names with anonymous placeholders, EACP breaks
this key-value retrieval mechanism, forcing the model to rely on the provided context. The dramatic
improvement from Condition B to C (+42.28 Pc) provides strong evidence for this mechanism, as
the only difference between these conditions is whether entity names are visible.

Limitations. EACP requires entity recognition as a preprocessing step, which adds latency and
introduces potential errors if entities are missed or incorrectly identified. In our experiments, we
used entities annotated in the benchmark metadata; practical deployment would require robust NER
systems. Additionally, our evaluation focuses on English question answering; generalization to other
languages and tasks (e.g., summarization, dialogue) remains to be validated. Finally, while EACP
addresses entity-triggered parametric recall, other sources of unfaithfulness (e.g., type-level priors,
reasoning errors) may require complementary interventions.

Broader Implications. Our findings demonstrate that simple prompt engineering can address
fundamental LLM failure modes without requiring model training or complex inference-time in-
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Table 4: EACP does not harm accuracy when context aligns with parametric knowledge. On original
(non-counterfactual) contexts, EACP achieves the highest exact match accuracy. Results on 500-
example subset.

Condition EM 1

A (O&I Baseline)  66.40
B (Inventory+IDs)  79.80
C (EACP) 88.00

terventions. The success of EACP suggests that understanding the mechanisms underlying model
behavior—in this case, entity-triggered parametric recall—can lead to targeted, efficient solutions.
This approach may generalize to other settings where surface-form cues trigger undesirable model
behaviors.

6 CONCLUSION

We introduced Entity-Anonymized Context Prompts (EACP), a training-free method that improves
context faithfulness in knowledge-conflict question answering by replacing entity surface forms with
anonymous placeholders. On ConFiQA-MC, EACP achieves a +42.28 point improvement in con-
text faithfulness over a matched control condition, demonstrating that entity-triggered parametric
recall is a dominant failure mode. The method generalizes across model families, complements ac-
tivation steering approaches, and does not harm performance on non-conflict scenarios. Future work
includes extending EACP to other tasks such as summarization and dialogue, investigating entity-
level analysis to understand which entity types benefit most from anonymization, and exploring
combinations with other faithfulness-enhancing methods.
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