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Abstract

Advances in mechanistic interpretability have
identified special attention heads, known as re-
trieval heads, that are responsible for retriev-
ing information from the context. However,
the role of these retrieval heads in improving
model performance remains unexplored. This
work investigates whether retrieval heads can
be leveraged to enhance the long-context ca-
pabilities of LLMs. Specifically, we propose
RetMask, a method that generates training sig-
nals by contrasting normal model outputs with
those from an ablated variant in which the re-
trieval heads are masked. This mechanism-
based approach achieves substantial improve-
ments: +2.28 points on HELMET at 128K
for Llama-3.1, with +70% gains on generation
with citation and +32% on passage re-ranking,
while preserving performance on general tasks.
Experiments across four models in three fami-
lies demonstrate that RetMask consistently im-
proves long-context performance, where gains
correlate with the sparsity of the retrieval score
distribution: models with sparser distributions,
where retrieval capabilities are concentrated in
a small set of heads, respond more strongly,
while those with less sparse distributions show
more modest gains. These results validate the
functional role of retrieval heads and show that
mechanistic insights can be transformed into
performance enhancements'.

1 Introduction

Large Language Models (LLMs) require long-
context capabilities to realize multi-document un-
derstanding (Bai et al., 2024b), in-context learn-
ing (Brown et al., 2020), and test-time scal-
ing (Snell et al., 2024; OpenAl, 2024). Recent
studies on mechanistic interpretability revealed that
long-context factuality is closely related to a set of
attention heads named retrieval heads (Wu et al.,

!The source code is available at: https://github.com/
YoumiMa/RetMask.
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Figure 1: An overview of RetMask. Given an LLM,
we construct an ablated variant by masking its retrieval
heads (Wu et al., 2025b), then sample responses from
both the original and ablated models to construct train-
ing pairs for Direct Preference Optimization. We vali-
date this approach on four models across three families.
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2025b; Zhang et al., 2025b). Retrieval heads attend
to previous tokens and recall information during
the generation process. Deactivating retrieval heads
has been reported to result in performance drops
for downstream tasks.

While retrieval heads provide hints for the mech-
anism of long-context capabilities, their contribu-
tions to model performance remain unexplored.
This gap between interpretability and model per-
formance is pervasive: despite identifying special-
ized components responsible for knowledge stor-
age (Dai et al., 2022; Meng et al., 2022) and lan-
guage (Tang et al., 2024; Kojima et al., 2024),
prior work has not established effective methods
to transform these discoveries into performance en-
hancements. Gu et al. (2024) reports that editing
knowledge-specific components brings unintended
side effects on models’ general abilities, and Mon-
dal et al. (2025) reports that language-specific neu-
ron interventions are insufficient to provide perfor-

27731

Findings of the Association for Computational Linguistics: ACL 2026, pages 27731-27747
July 2-7, 2026 ©2026 Association for Computational Linguistics


https://github.com/YoumiMa/RetMask
https://github.com/YoumiMa/RetMask

mance gains on downstream tasks. This leads to a
natural question: Can retrieval heads be leveraged
to enhance long-context capabilities?

With this research question in mind, this paper
explores a method to enhance long-context process-
ing abilities by optimizing retrieval heads. Specif-
ically, as shown in Figure 1, we synthesize super-
vision data from both the original model and its
ablated variant in which the retrieval heads are
masked. We name the method as RetMask, short
for Retrieval-Head Masking. RetMask applies Di-
rect Preference Optimization (DPO, Rafailov et al.,
2023) to post-trained models to prefer responses
generated by the original model over those gener-
ated by its retrieval-head-ablated counterpart. Eval-
uations on HELMET (Yen et al., 2025) across three
model families, namely Llama-3.1, Qwen3, and
Olmo-3 (both Instruct and Think variants), show
consistent improvements, with the magnitude of
gains varying across models. We find that these dif-
ferences correlate with the sparsity of the retrieval
score distribution: Models with sparser distribu-
tions respond strongly to the method, while those
with less sparse distributions show relatively mod-
est gains. This finding reconfirms the functional
importance of retrieval heads in long-context pro-
cessing from a model development perspective.

The contributions of this work are as follows.
(1) We propose RetMask, a simple and effective
method for improving long-context processing that
leverages retrieval heads as a source of contrastive
training signals, requiring neither human-crafted
criteria nor an LLM judge. (2) We validate the
effectiveness of RetMask on four models across
three families, where consistent improvements in
long-context performance are observed. We further
show that the magnitude of gains correlates with
the sparsity of the retrieval score distribution, pro-
viding mechanistic insight into when and why the
method is effective. (3) RetMask improves long-
context capabilities without degrading general abil-
ities: the trained models maintain performance on
mathematics, coding, and general knowledge tasks.

2 Preliminary: Retrieval Heads

Prior study has uncovered retrieval heads, a set of
attention heads that retrieve relevant information
from previous contexts during generation (Wu et al.,
2025b). The algorithm to detect retrieval heads
roots from the Needle-In-A-Haystack (NIAH) task.

Needle-In-A-Haystack (Kamradt, 2023). For
each question ¢ and its corresponding answer k (the
“needle”), the answer k is randomly inserted into
acontext r = py, ..., p, composed of n passages
that are irrelevant to both ¢ and & (the “haystack™).
This yields ' = py ... k... py,, where the indices
of inserted needle tokens are denoted as 7. A
language model receives the context with the an-
swer inserted 2/, along with the question ¢, and
is evaluated on whether it correctly outputs k. If
successful, the model retrieves the target answer
span k from the long context =’ by performing a
copy-paste operation.

Retrieval Head. To detect retrieval heads, Wu
et al. (2025b) calculates the frequency of an at-
tention head performing copy-paste operations.
Specifically, during decoding, let y; denote the cur-
rent token to be generated, and a; € RI*'It1—1 jg
the attention scores of a head. The head is consid-
ered to be retrieving (i.e., copy-pasting) the token
xj if yy = z;,j = argmax(a¢). If j € Zj, the
head is retrieving a token from the needle. The
retrieval score of head h is thus defined as:

lgn N K|
k| 7

RetrievalScore(h) = ’71_’ Z (D
(

gh’k)ET

where T is the set of test instances; in each test, g,
denotes the set of all tokens retrieved by the head
h, and k denotes the needle sequence. This metric
thus quantifies the overlap between tokens retrieved
by the head h and those in the needle sequence.
The scores of all attention heads are computed,
and those heads with RetrievalScore(h) > 7 are
considered as retrieval heads, where 7 is a threshold
hyper-parameter.

3 Methodology: RetMask

This work evaluates the effectiveness of retrieval
heads in enhancing the long-context processing ca-
pabilities of LLMs (Figure 2). Given an LLM 7y,
our approach trains the model to prefer outputs
sampled from the LLM my over those from an ab-
lated variant 7y, (with retrieval heads masked). The
method consists of three stages: (1) Retrieval Head
Deactivation; (2) Contrastive Response Generation;
(3) Direct Preference Optimization.

Retrieval Head Deactivation. Following Wu
et al. (2025b), for a given LLM 7y, we compute
the retrieval score of all attention heads and detect
retrieval heads on top of the NIAH task. Attention
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To find out how many apples you have
now, let's break it down step by step:

I'had 10 apples, ate 2 and gave one to a friend, how many apples do I have now?
think step by step

Retrieval Head
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LLM
—_—
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Let's break it down step by step:
1. You started with 10 apples ...

Aw'\c‘“ o :
2 s ot 2 and™ > 4. Yousstill have 8 apples, and there's
3. You then gave 1 apple to a friend, so no indication that you gave any more
Irrelevant Needle | Irrelevant Irrelevant Needle | Irrelevant now you have: 8 - 1 =7 apples apples away.
Context Sentence  Context Context Sentence  Context Therefore, you have 7 apples now. So, now you have 8 apples.

Figure 2: Overview of Preliminaries (left) and RetMask (right). The example on the right is a real case extracted
from the training data. We detect and mask retrieval heads for generating contrastive responses.

heads with score greater than 7 comprise the re-
trieval head set H ... We then construct an ablated
LLM 7y by deactivating the identified retrieval
heads H,;. For each head h € H,, we zero out
the corresponding columns in the attention output
projection matrix W, thereby preventing the head
from contributing to subsequent layers.

Wh _ 0 ifh € Hyer @)
W otherwise
Contrastive Response Generation. We synthe-
size data for direct preference optimization using
the model 7y and its ablated variant 7y, shap-
ing contrasts that highlight the contribution of
retrieval heads. To this end, we utilize exist-
ing instruction-tuning datasets, which consist of
instruction-response pairs. For each instruction x
in the dataset, we discard the original response and
generate new responses using g and 7y :

Yuw ~ 7T9(-|l‘), 3
yi ~ my (+|@), “)

where Equation 3 represents sampling from the
original LLLM, and Equation 4 represents sampling
from the ablated variant. The response ¥,, gener-
ated under zero perturbation serves as the chosen
response, while y; generated with retrieval heads
deactivated serves as the rejected response. We
provide examples about typical failure modes of
the rejected responses in Appendix H.

Direct Preference Optimization. Combining
the synthesized responses ,,,%; with the orig-
inal instruction x, we obtain preference tuples
{(z,yw,y;)}. We train the target policy 7y us-
ing Direct Preference Optimization (DPO, Rafailov
et al., 2023), with the reference policy 7 initial-
ized from the original model. The objective is:

L(mg) =
f]E{loga(B log mo(Yu|2) — Blog

ﬂ—ref(yw |CC)

o (yi|z) )} &)

Tret(Y1]2)

where [ is a temperature parameter controlling the
deviation from the reference policy. RetMask uses
self-synthesis, i.e., the model used for response gen-
eration is the same as the target model, by default;
cross-model synthesis results are in Appendix E.

4 Experiments

4.1 Settings

Models. We evaluate RetMask on three model
families: Llama-3.1-8B-Instruct (Grattafiori et al.,
2024), Qwen3-8B (Yang et al., 2025), and Olmo-3-
7B-(Instruct/Think) (Olmo et al., 2025). We iden-
tify retrieval heads using threshold 7 = 0.1 for
Llama-3.1 and 7 = 0.05 for Qwen3 and Olmo-3
2. For Qwen3, we disable reasoning when comput-
ing the retrieval scores to match the default setting
and enable reasoning during contrastive response
generation unless otherwise stated.

Benchmarks. We evaluate on HELMET (Yen
et al.,, 2025), a comprehensive benchmark for
long-context processing that covers both synthetic
and real-world tasks, categorized as Synthetic Re-
call (Recall, Hsieh et al., 2024), Retrieved Aug-
mented Generation (RAG), Generation with Cita-
tions (Cite), Passage Re-Ranking (Re-rank), Many-
Shot In-Context Learning (/CL), Long-Document
Question Answering (LongQA), and Summariza-
tion (Summ). The benchmark covers five context
lengths ranging from 8K to 128K tokens. For
Qwen3-8B, we enable reasoning during evaluation.

*We tuned the hyper-parameter in pilot experiments as
explained in Appendix A and B.
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DPO Llama-3.1-8B-Instruct Qwen3-8B

Strategy 8K 16K 32K 64K 128K 8K 16K 32K 64K 128K
- 56.03 54.14 5242 51.65 46.40 | 53.20 50.16 49.89 4544 4473

" Smaller-Model  ~ ~ 5677 5532 53.48 5218 4753 | 5252 T 49.81 4871 ~ 46.67 4551

Win-Lose-Pair 56.50 5442 5247 51.62 46.05 | 52.80 50.14 49.71 4593 44.49
Non-Retrieval-Mask  56.45 5555 53.19 52.14 47.19 | 53.02 50.28 48.67 46.79 4548
Random-Mask 56.67 5595 53.14 5230 47.04 | 4999 47.02 4576 43.85 45.86
RetMask 58.14 56.92 5348 53.15 48.68 | 53.77 50.61 50.34 46.79 45.62

Table 1: Performance of Llama-3.1 and Qwen3 trained with different strategies on HELMET (Yen et al., 2025).
Models are evaluated using input sequences of 8K, 16K, 32K, 64K, and 128K tokens. Overall, training with retrieval

heads ablated (i.e., RetMask) yields the best performance.

DPO Llama-3.1-8B-Instruct

Strategy Average | Recall RAG Cite Re-rank ICL LongQA Summ
- 46.40 95.13  58.58  3.09 13.73 83.80 42.69 27.81

" Smaller-Model ~ 47537 ] 94197 6083 422 1344 = 8376  43.15 = 3312

Win-Lose-Pair 46.05 93.56 59.50 3.72 12.47 83.36 39.26 30.48
Non-Retrieval-Mask 47.19 96.69 59.00 345 11.38 84.28 40.93 34.62
Random-Mask 47.04 96.38 59.29 3.88 10.79 83.52 41.32 34.10
RetMask 48.68 95.44  59.71 5.25 18.16 84.92 43.84 33.45

Table 2: Model performance on each task of HELMET when the input sequence length is 128K. The advantage of
RetMask is evident on real-world tasks such as generation with citation and passage re-ranking.

Retrieval-Head Detection. We adopt the script
provided by Wu et al. (2025b) that runs NIAH on
20 different context lengths uniformly distributed
between 0 and 5K, with the needle inserted at 10
depth positions for each length?. This setting is
recommended by the authors, who note that the
detection stabilizes with only a few samples.

Training Data. RetMask is applicable to any
dataset containing user instructions. We primar-
ily use LMSYS-Chat-1M (Zheng et al., 2024), a
large-scale collection of human-LLM conversa-
tions. We also experiment with WildChat (Zhao
et al., 2024), another general-purpose dataset col-
lected from human-LLM interactions, in § 4.6, and
Guru (Cheng et al., 2025), a reinforcement learn-
ing dataset, in Appendix F. All training data, with
statistics shown in Appendix G, are distinct from
the evaluation benchmark, ensuring that perfor-
mance gains reflect improvements in long-context
capability rather than task-specific tuning.

Baselines. To focus on the contribution of re-
trieval heads, we include baselines with differ-
ent policies of deciding rejected samples y;: (1)
Smaller-Model: y; sampled from a smaller LLM,
namely Llama-3.2-3B-Instruct (Grattafiori et al.,
2024)* for experiments on Llama-3.1-8B-Instruct

Shttps://github.com/nightdessert/Retrieval _
Head

“We experimented with Llama-3.2-1B-Instruct and found
the training unstable, thus switched to Llama-3.2-3B-Instruct.

and Olmo-3-7B-Instruct, and Qwen3-0.7B for ex-
periments on Qwen3-8B and Olmo-3-7B-Think.
(2) Win-Lose-Pair: y; sampled from the same
LLM but with lower quality. The quality is judged
by Gemma-3-27B-IT (Team et al., 2025). (3) Non-
Retrieval-Mask: y; sampled from another ablated
variant of the LLM, with |H,| randomly-selected
non-retrieval heads masked. The masked heads are
not chosen from the retrieval heads (h & Her). (4)
Random-Mask: y; sampled from another ablated
variant of the LLM, with |H,e| heads randomly
masked. Masked heads can be the retrieval heads.
As a strong baseline, we also compare with existing
work (Zhang et al., 2025a) in Section 4.3.

4.2 Main Results

The performance of Llama-3.1-8B-Instruct and
Qwen3-8B trained under different strategies is
shown in Table 1. Additionally, Table 2 presents
per-task performance of Llama-3.1 on HELMET
evaluated using input sequences of 128K tokens.
The task-wise performance of Qwen3-8B is de-
tailed in Appendix C. In all tables throughout this
paper, the row labeled as ‘—’ denotes the baseline
model before training.

Strong Improvements on Llama-3.1 across all
context lengths. Table 1 shows that RetMask
achieves the best performance across all context
lengths when training Llama-3.1. At 128K, the
proposed method improves the base model by 2.28
points (46.40 — 48.68). The improvement persists
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across context lengths ranging from 8K to 128K to-
kens, demonstrating the robustness of the method.
RetMask outperforms the other baselines (Non-
Retrieval-Mask and Random-Mask), confirming
that improvements stem specifically from targeting
retrieval heads rather than the ablating operation
itself. Notably, Win-Lose-Pair, which trains the
model to prefer higher-quality outputs over lower-
quality ones from the same model, shows decreased
performance (46.40 — 46.05). This indicates that
the gains from the proposed method are not simply
due to preference optimization on output quality,
but rather from the contrast that specifically targets
retrieval capabilities. We also verified that super-
vised fine-tuning with chosen responses yields sub-
optimal performance, as detailed in Appendix D.

Interestingly, the training sequences average
only 63.62 tokens for inputs and 494.69 tokens
for outputs, significantly shorter than the evalua-
tion contexts. This reveals an advantage of the
proposed method: it enhances long-context capa-
bilities through short-sequence training, consistent
with findings in Gao et al. (2025) that post-training
with short-context instruction datasets is sufficient
for achieving good long-context performance.

Improvements on Qwen3 across all context
lengths. On Qwen3, consistent improvements are
also observed with RetMask: +0.57 at 8K, +0.45 at
16K, +0.45 at 32K, +1.35 at 64K, +0.89 at 128K.
However, the improvements are modest compared
to those on Llama-3.1, and the Random-Mask base-
line was slightly better than RetMask by 0.24 points
when the input sequence is 128K tokens long. We
attribute this to the fundamental differences in re-
trieval score distribution as detailed in § 5.2. We
also provide a detailed analysis of how Qwen3’s
reasoning contents affect the performance in § 4.5.

Improvement is significant on tasks requiring
long-context processing. Table 2 details the task-
specific impact of the method on Llama-3.1 eval-
uated using input sequences of 128K tokens. We
observe particularly significant improvements on
tasks requiring precise information retrieval: Cite
improved from 3.09 to 5.25 (70% relative improve-
ment) and Re-rank improved from 13.73 to 18.16
(32% relative improvement). Both tasks require
referring back to the document segments in context
and generating text while reorganizing them. These
results validate that strengthening retrieval heads
enhances both the model’s ability to locate infor-
mation in long contexts and its capacity to generate

8K 16K 32K 64K 128K

— 56.03 54.14 5242 51.65 46.40
"~ LongReward 56.53  54.74 5250 52.14 4671

RetMask™ 5721 5531 52.87 5197 46.89

RetMask 5814 5692 5348 53.15 48.68

Table 3: Comparison of Llama-3.1-8B-Instruct fine-
tuned via DPO using LongReward (Zhang et al. (2025a),
the existing method) and RetMask (the proposed
method), evaluated on HELMET across input lengths
of 8K-128K tokens. RetMask* is a downsampled vari-
ant of RetMask matched to LongReward’s sample size.
Even with downsampling, RetMask consistently outper-
forms LongReward.

well-grounded, context-backed responses.

4.3 Comparison with Existing Methods

To situate RetMask within the broader land-
scape of approaches for improving LLMs’ long-
context capabilities, we compare it against LongRe-
ward (Zhang et al., 2025a), a recent DPO method
that leverages Al feedback for long-context pro-
cessing. Specifically, we fine-tune Llama-3.1-8B-
Instruct via DPO on data generated by each method
and evaluate the resulting models on HELMET.
For LongReward, we use the officially released
dataset®. Results are reported in Table 3.

RetMask more effectively improves the long-
context processing ability than LongReward.
While training on LongReward yields gains over
the untrained baseline, these improvements clearly
lag behind those achieved by training on RetMask.
One might attribute the gap to RetMask’s larger
dataset size (LongReward: 10K samples vs. Ret-
Mask: 294K samples). To isolate the effect of the
method from that of dataset size, we train Llama-
3.1-8B-Instruct on a varient of the RetMask-based
dataset that is downsampled to match the sample
size of the LongReward-based dataset. The down-
sampled variant performs below the full RetMask,
but still consistently outperforms the LongReward-
trained model. We therefore conclude that Ret-
Mask is a more effective approach to improving
long-context processing, independent of dataset
size. Unlike LongReward, which relies on an LLM
judge to score responses based on human-crafted
criteria, RetMask automatically treats responses
from retrieval-head-masked models as rejected, and
those from the original model as chosen. This elim-
inates the need for both human-crafted criteria and

5dpo_llama3.]_8b split of https://huggingface.co/
datasets/zai-org/LongReward-10k
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DPO Olmo-3-7B-Instruct Olmo-3-7B-Think
Strategy 8K 16K 32K 64K SK 16K 32K 64K
- 4373  40.09 3321 25.00 | 46.53 4583 4241 35.07

" Smaller-Model  ~ ~ 4196 3711 ~30.63 22.02 | 4526 ~ 4444 ~ 4260 3392
Non-Retrieval-Mask 4291 39.24 3224 23.18 | 46.46 4556 43.04 34.34
RetMask 4551 41.75 3428 25.59 | 46.69 46.07 43.09 35.54

Table 4: Performance of Olmo-3 models fine-tuned via DPO with different strategies, evaluated on HELMET across

input lengths of 8K—64K tokens. RetMask yields pronounced gains on both the Instruct and the Think variant.

LLM judges, yet training on RetMask still outper-
forms training on LongReward, which underscores
the power of grounding contrastive signals in mech-
anistic interpretability.

While the dominant approach to extend-
ing context length involves continual pre-
training (Grattafiori et al., 2024; Yang et al., 2025;
Olmo et al., 2025; Wu et al., 2025a), we note that
RetMask is complementary to this line of work:
It is possible to first extend context length via
continual pre-training, then apply RetMask as an
additional post-training stage to further improve
long-context performance without compromising
general capabilities (§ 5.1). We thus conclude
that RetMask is not only of academic interest but
also of practical value as a lightweight addition
to the standard model development pipeline for
long-context LLMs.

4.4 Generalization Across Alignment
Objectives

Having witnessed the effectiveness of RetMask
on Llama-3.1 and Qwen3, we now experiment on
the Olmo-3 family, which comprises a standard
instruction-tuned variant (Olmo-3-7B-Instruct) and
a reasoning-focused variant (Olmo-3-7B-Think).
This allows us to examine how RetMask general-
izes across models with different alignment objec-
tives while controlling for pre-training and mid-
training processes. We include two of the strongest
baselines: DPO with a weaker model and arbitrary
non-retrieval attention heads masked. As Olmo-3’s
maximum content length is 64K, we evaluate on in-
put lengths up to 64K and exclude the 128K setting.
Results are shown in Table 4.

RetMask improves over both variants. Consis-
tent with results on Llama-3.1 and Qwen3, Ret-
Mask yields clear performance gains over all base-
lines on both Olmo-3-7B-Instruct and Olmo-3-7B-
Think across all input lengths. This confirms that
the effectiveness of RetMask generalizes across dif-
ferent alignment objectives. Notably, the gains are

Improvement over Before Training (Context Length = 128K)

3 With RC
RC Removed
RC Ungenerated

Average Recall RAG Cite Re-rank ICL LongQA Summ

Figure 3: Per-task performance gains of Qwen3-8B on
HELMET at 128K input tokens. RC denotes reason-
ing contents. RetMask consistently improves over the
checkpoint before training, regardless of whether rea-
soning contents are included in the training samples.

more pronounced on the Instruct variant than on the
Think variant. The reasons may be manifold, with
one possible explanation concerning the retrieval
head detection process: while NIAH assumes that
a model directly outputs the answer, Olmo-3-7B-
Think first generates the reasoning contents before
the answer, which may degrade the accuracy of
retrieval head detection. We leave a deeper investi-
gation into the underlying reasons for future work.

4.5 Robustness with Reasoning Mode

Experiments on Qwen3 in § 4.2 use responses
generated with reasoning enabled, in which the
model outputs reasoning content before producing
the final answers. In this section, we investigate
how the reasoning process affects training effec-
tiveness. To this end, we conduct additional exper-
iments: (1) RC removed: Generate training data
with reasoning enabled, then remove the reasoning
contents and keep the response only; (2) RC Un-
generated: Generate training data with reasoning
disabled. The trained models are evaluated with
reasoning enabled to ensure results are comparable
with those in Table 1.

Removing reasoning contents has minimal im-
pact on the effectiveness of the proposed method.
Figure 3 shows that removing reasoning contents
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DPO

Llama-3.1-8B-Instruct

Strategy Average | Recall RAG Cite Rerank ICL LongQA Summ
- 46.40 95.13 5858 3.09 13.73 83.80 42.69 27.81

" Smaller-Model ¢ 4730 ] 93.56 60.79 3.62 1529 8344 = 4278  31.63
Win-Lose-Pair 46.91 9444  59.04 430 14.17 83.96 40.64 31.80
Non-Retrieval-Mask 47.34 96.75 59.58 4.13 12.86 83.68 39.69 34.76
Random-Mask 47.23 96.38 60.04 345 12.75 83.24 41.59 33.16
RetMask 48.83 95.81 59.63 6.10 19.27 85.32 41.87 33.83

Table 5: Model performance of Llama-3.1 trained with different strategies using WildChat, evaluated on HELMET
when the input sequence length is 128K. The model trained with RetMask scores the highest among all strategies.

has minimal impact: Five of seven tasks achieve
comparable or better performance than training
with full reasoning contents. This indicates that ab-
lating retrieval heads degrades response quality suf-
ficiently to provide effective DPO training signals,
even without reasoning contents in the training sam-
ples. Thus, our method’s core mechanism, retrieval
head ablation, drives improvements regardless of
whether reasoning contents are preserved or not.

Reasoning contents are important for complex
tasks. Performance of tasks requiring complex
reasoning, namely Cite and Re-rank, degrades sig-
nificantly when trained with reasoning contents
removed or ungenerated (Figure 3). This demon-
strates that for tasks involving source tracking and
passage comparison, explicit reasoning chains in
training data are important for RetMask to achieve
optimal effectiveness: The reasoning content helps
the model learn not just retrieval patterns, but also
how to reason over retrieved information. For such
complex tasks, preserving reasoning contents dur-
ing training ensures the effectiveness of RetMask.

4.6 Robustness Across Training Datasets

§ 4.2 has demonstrated the effectiveness of Ret-
Mask in enhancing long-context capabilities using
LMSYS-Chat-1M (Zheng et al., 2024). A potential
concern is whether the improvements stem from
the retrieval-ablated optimization strategy or from
dataset-specific characteristics that happen to en-
hance long-context processing. To address this, we
conduct experiments using Wildchat (Zhao et al.,
2024), another dataset collected for instruction tun-
ing. Specifically, we synthesize responses to first-
turn instructions in WildChat using RetMask to
build the training data. Evaluation results of the
trained models are shown in Table 5.

Improvements are consistent on WildChat. As
with LMSYS-Chat-1M, RetMask outperforms all
baselines on average across tasks. Notably, sub-
stantial improvements are observed on Cite and

MTB GPQA MATH HE MMLUP
(a) Llama-3.1-8B-Instruct
Before  0.75 0.25 0.53 0.71 0.49
After 0.77 0.33 0.52 0.68 0.48
(b) Qwen3-8B
Before  0.86 0.56 0.97 0.89 0.71
After 0.88 0.60 0.97 0.92 0.74
(¢) Olmo-3-7B-Instruct
Before  0.81 0.36 0.87 0.82 0.59
After 0.81 0.44 0.83 0.81 0.58
(d) Olmo-3-7B-Think
Before  0.62 0.52 0.95 0.92 0.62
After 0.63 0.52 0.96 0.94 0.63

Table 6: Model performance before and after training
with RetMask. MTB,MATH HE, MMLUP stands for
MT-Bench, MATH-500, HumanEval, and MMLU-Pro,
respectively. In general, training with RetMask does not
degrade the performance on these tasks.

Re-rank tasks, consistent with findings in § 4.2.
These results confirm that the improvements are
attributed to the optimization methodology rather
than dataset-specific artifacts. This demonstrates
the robustness and generalizability of RetMask
across different datasets.

S Analysis

5.1 Performance on Other Tasks

The previous section showed that RetMask im-
proves long-context processing. A natural ques-
tion is whether these gains come at the expense of
general language understanding and reasoning. To
address this concern, we evaluate trained models
on five established benchmarks widely used to as-
sess model capability during LLM development:
(1) MT-Bench (Zheng et al., 2023): Multi-turn
conversational ability; (2) GPQA-Diamond (Rein
et al., 2024): Expert-level scientific reasoning; (3)
MATH-500 (Lightman et al., 2023): Mathemati-
cal problem-solving; (4) HumanEval (Chen et al.,
2021): Code generation; (5) MMLU-Pro (Wang
et al., 2024): Broad knowledge and understanding.
Results are presented in Table 6.
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Figure 4: The retrieval score distribution of LLMs tested in this work. While attention heads in Llama-3.1-8B-
Instruct exhibit a concentrated pattern of retrieval capabilities, it is more distributed for Olmo-3-7B-Instruct.

RetMask preserves general capabilities. Over-
all, training with RetMask largely preserves gen-
eral capabilities, with most scores remaining at or
above the level before training. In several cases,
we observe modest gains, most notably on GPQA-
Diamond. However, we do not attribute these
specifically to the retrieval-head-ablated contrastive
signals, as they may reflect general effects of DPO
training. The primary takeaway is that RetMask’s
long-context improvements do not come at the cost
of general language understanding or reasoning.

5.2 Retrieval Score Distribution

§ 42 and § 4.4 demonstrate that RetMask
achieves the largest improvements on Llama-
3.1-8B-Instruct, followed by Olmo-3-7B-Instruct,
Qwen3-8B, and Olmo-3-7B-Think. Here, we ex-
plore how the organization of retrieval capabilities
across attention heads relates to the effectiveness
of RetMask. To this end, we plot the retrieval score
distributions of all four models in Figure 4°.

Retrieval capabilities concentrate on a small set
of attention heads. As in Figure 4, across all
models, only a small proportion of attention heads
show high retrieval scores. This observation is
consistent with Wu et al. (2025b), who report a
similar distribution of retrieval scores across train-
ing stages (pre-trained vs. post-trained), architec-
tures (dense vs. mixture-of-experts), and parameter
sizes. With thresholds of 7 > 0.1 for Llama-3.1
and 7 > 0.05 for Qwen3 and Olmo-3, RetMask
masks only 4-10% of attention heads.

®The distribution of Olmo-3-7B-Think is not directly com-
parable to the other three, as it generates reasoning contents
before the final answer during retrieval score computation.

RetMask’s effectiveness correlates with the spar-
sity of the retrieval score distribution. This dis-
tribution pattern directly influences the effective-
ness of RetMask: When the retrieval score distri-
bution is sparse, i.e., with retrieval capabilities con-
centrated in a small subset of heads as in Llama-3.1-
8B-Instruct, masking the top-scored heads creates
a large performance gap between the original and
ablated models, yielding strong contrastive training
signals. Conversely, when the distribution is less
sparse, as in Olmo-3-7B-Instruct and Qwen3-8B,
the remaining unmasked heads collectively com-
pensate for the ablated ones, reducing the contrast
between chosen and rejected responses and thereby
weakening the training signal. This suggests that
the sparsity of the retrieval score distribution may
serve as a practical predictor of RetMask’s effec-
tiveness, allowing practitioners to gauge applicabil-
ity before committing to training.

5.3 RetMask’s Effect on Retrieval Heads

In this section, we analyze how RetMask affects
the model by examining changes in the retrieval
scores. Figure 5 displays the retrieval scores of the
top 150 heads before training, and how their scores
change after training. The red vertical dashed lines
present the masking threshold: heads to the left
were masked when generating rejected responses
(40 heads for Llama-3.1 and 79 heads for Qwen3).

Retrieval scores improve after training. For
Llama-3.1-8B-Instruct, we observe clear improve-
ments in retrieval scores after RetMask training.
The average retrieval score increases from 0.017 to
0.020, showing a 17.6% relative improvement. For
Qwen3-8B, the average score increases from 0.020
to 0.021 (+5%), reflecting its limited responsive-
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Figure 5: The distribution of retrieval score before and after RetMask. We observe an increase in retrieval scores for

both Llama-3.1-8B-Instruct and Qwen3-8B.

ness to retrieval optimization.

Enhancements concentrate on masked heads.
The improvements are not uniform across all heads.
Specifically, the masked heads show substantial
gains, while the other heads exhibit minor changes.
For Llama-3.1, the masked heads exhibit an av-
erage improvement of 0.051, while non-masked
heads show modest changes (average +0.001). This
demonstrates that RetMask selectively strengthens
the retrieval heads targeted during training.

6 Related Work

Long-Context Language Modeling. Existing
methods for long-context LLMs focus on data en-
gineering. Common approaches include adjust-
ing RoPE frequency and staged continual pre-
training (Grattafiori et al., 2024; Yang et al., 2025;
Gao et al., 2025). For instance, Grattafiori et al.
(2024) extends context windows over five stages,
and Gao et al. (2025) seeks an optimal mix of
short and long context data during multi-stage train-
ing. For post-training, findings are mixed: Bai
et al. (2024a) reports benefits from long-context
fine-tuning, while Gao et al. (2025) finds short se-
quences sufficient. Closer to our work, Wu et al.
(2025a) also leverages attention patterns, but fo-
cuses on data selection based on dependency dis-
tances. All these studies emphasize data, whereas
we take a model-centric approach through mecha-
nistic interpretability.

Mechanistic Interpretability of LLMs. Studies
have been conducted to uncover the functionality
of components in LLMs. Meng et al. (2022) has re-
vealed that knowledge can be located and edited by
manipulating specific neurons. Tang et al. (2024)
and Hiraoka and Inui (2025) have demonstrated
the existence of language-specific neurons and rep-

etition neurons, respectively. These studies are
conducted during inference time, when researchers
activate or deactivate the neurons and study models’
behaviors. However, few studies connect the dis-
covery to the development of better models. Mon-
dal et al. (2025) reported that language-specific
neurons cannot facilitate cross-lingual transfer. Our
work takes a step toward connecting mechanis-
tic interpretability with the development of LLMs,
specifically by utilizing mechanistic interpretability
to develop more effective models within the context
of long-context processing. This, in turn, provides
evidence for the existence of neural components,
i.e., the retrieval head in this study.

7 Conclusion

This work explores how mechanistic interpretabil-
ity can facilitate model development in the context
of long-term context processing. By collecting
contrastive response pairs through selective deacti-
vation of retrieval heads, we develop RetMask, an
approach that enhances long-context capabilities
without compromising general capabilities. Experi-
ments on four models across three families demon-
strate consistent improvements, with gains corre-
lating with the sparsity of the retrieval score distri-
bution: Models with sparser distributions achieve
stronger gains, while those with less sparse distribu-
tions show more modest improvements. This sys-
tematic relationship between retrieval head sparsity
and training effectiveness reconfirms the functional
importance of retrieval heads and demonstrates that
mechanistic insights can be transformed into tangi-
ble performance improvements.

Future work includes investigating scaling to
larger models, developing a theoretical understand-
ing of the underlying mechanisms, and extending
this approach to other specialized components.
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Limitations

This work focuses on models up to 8B parameters.
Scaling to larger models remains an open ques-
tion, though Wu et al. (2025b) report that retrieval
head organization patterns persist at larger scales,
suggesting that the core mechanism should gener-
alize. A second limitation concerns retrieval head
detection: we rely on NIAH, a synthetic task that
targets copy-paste retrieval mechanisms. Exploring
detection methods grounded in real-world data is
a promising direction that could further improve
effectiveness, and we leave this to future work.

Ethics Considerations

Data and Safety. We use publicly avail-
able datasets (LMSYS-Chat-1M (Zheng et al.,
2024), WildChat (Zhao et al., 2024), Guru-RL-
92K (Cheng et al., 2025)) with standard filtering
for toxic content and personally identifiable infor-
mation. However, some potentially harmful con-
tent may remain. Models trained with our method
should undergo standard safety alignment before
deployment.

Synthetic Generation. Our method generates
synthetic training data by contrasting full and
retrieval-ablated model outputs, without introduc-
ing new information about real individuals.
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A Details of Experiment Settings

Implementation Details. For Retrieval Head
Detection, we use the official implementation
from Wu et al. (2025b). For Contrastive Response
Generation, we deploy models using the vLLM

engine (Kwon et al., 2023) for efficient inference.
For Preference Optimization, we use the Trans-
former Reinforcement Learning (TRL) library’.
For evaluation, we run Llama-3.1 using the default
Transformers library (Wolf et al., 2020) and use the
vLLM engine to speed up inference for Qwen3 and
Olmo-3, as they produce reasoning content. For
each experiment, we evaluate over a single training
run.

Computational Resources. For all models tested
in this study, the retrieval head detection and de-
activation step finishes in 2 GPU hours (NVIDIA
H100). The contrastive response generation step
finishes in 12 and 36 GPU hours (NVIDIA H100)
for instruction models (LLlama-3.1-8B-Instruct
and Olmo-3-7B-Instruct) and reasoning models
(Qwen3-8B and Olmo-3-7B-Think), respectively.
The DPO training runs are conducted on either 4 x
NVIDIA H100 GPUs or 8 x NVIDIA H200 GPUs,
where all runs finish within 24 hours.

Hyper-Parameters. We train models using the
AdamW (Loshchilov and Hutter, 2019) algorithm,
with 81 = 0.9 and By = 0.95. For the first 10%
of training steps, we use a linear warmup to gradu-
ally increase the learning rate from 0O to 5e-7, then
employ a cosine scheduler with a minimal learning
rate set to Se-8. We also introduce a weight decay
of 0.1. The global batch size is 512. We only tune
the learning rate from a range of {2.5e-5, 2.5e-6,
5e-7} using Llama-3.1 and apply the best learning
rate on other models.

LLM-As-A-Judge. Both HELMET and MT-
Bench utilize LLM-As-a-Judge for evaluation. For
HELMET, we follow the original setting and utilize
gpt-40-2024-05-13 for evaluation. For MT-Bench,
we employ gpr-40-2024-08-06 for evaluation.

Threshold 7. We tune the threshold 7 from
{0.05, 0.10} for each model and report the better-
performing setting in the main results. As a pilot
experiment, we evaluate models on HELMET with-
out relying on LLM-based judges. Specifically, we
use ROUGE as a proxy for LLM-as-a-Judge to pre-
evaluate model performance at a reduced cost. The
results are shown in Table 7.

B Number of Heads to Mask

In order to apply RetMask, it is necessary to set
the threshold 7 that determines how many heads

"https://github.com/huggingface/trl
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Threshold Llama Qwen Olmo(I) Olmo(T)

T 128K 128K 64K 64K

- 44.88 40.62 22.98 31.89
S0.05 4592 41.82 2356 = 3240

0.10 46.38  40.78 23.03 31.40

Table 7: Pilot experiment results on deciding the
threshold 7. Llama, Qwen, Olmo(I), Olmo(T) is
short for Llama-3.1-8B-Instruct, Qwen3-8B, Olmo-3-
7B-Instruct, and Olmo-3-7B-Think, respectively.

MATH-500 Score
© o o o
N w S (9,1

o©
=

o
o
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Figure 6: Performance of Llama-3.1-8B-Instruct on
MATH-500 when the number of retrieval heads is
masked. A sweet spot exists when masking top-30 —
50 heads, where the model performance degrades but
does not collapse.

are masked. Masking too few heads results in in-
sufficient contrast between chosen and rejected re-
sponses, while masking too many causes rejected
responses to degrade into incoherent repetitions.
Although the threshold could in principle be tuned
by evaluating trained models, this is computation-
ally expensive. Instead, as a pilot study, we evalu-
ate the performance of the model with the top-N
retrieval-scored heads masked on an external bench-
mark, and select 7 at the point where performance
begins to degrade noticeably. Figure 6 shows the
results for Llama-3.1-8B-Instruct.

A sweet spot exists when masking the top 30—
50 heads. As shown in the figure, masking more
than 60 heads leads to a sharp performance col-
lapse, with scores dropping below 0.1. Our cho-
sen threshold 7 = 0.1 corresponds to masking 40
heads, which falls within a sweet spot that results
in enough contrast to yield effective training sig-
nals, without rendering the ablated model’s outputs
uninformative.

C Qwen3’s Task-Wise Performance

As supplementary material to § 4.2, we report the
task-wise performance of Qwen3-based models
evaluated on HELMET in Table 8. A similar trend

to that observed in Table 2 is evident: RetMask
consistently outperforms the baselines on the Cite
and Re-rank tasks.

D Supervised Fine-Tuning Baseline

Apart from the DPO baselines included in the paper,
we test the effectiveness of Supervised Fine-Tuning
(SFT) in pilot experiments. Specifically, given the
preference tuples {(x, Y., y;) }, we train models on
(x,yw) only to focus on the contribution of pre-
ferred responses without contrastive signals. The
results are shown in Table 9.

SFT degrades performance while RetMask im-
provesit. Table 9 shows that SFT on y,, degrades
performance below baseline for all input lengths,
while RetMask improves it substantially. This oc-
curs because training on y,, provides minimal sig-
nal: The model learns to reproduce existing be-
havior without targeted improvement. In contrast,
RetMask succeeds by contrasting y,, with retrieval-
degraded y;, thereby creating an optimization ob-
jective specifically tailored to retrieval mechanisms.
This validates that RetMask’s effectiveness stems
from contrastive signals rather than preferred re-
sponse quality alone.

E Synthesizing Data with Different LL.Ms

Throughout this paper, we synthesize contrastive
training data from the target model itself — gener-
ating both v, (from the full model 6) and y; (from
the ablated variant #") using the same model being
trained. This section examines whether synthesiz-
ing data from a more robust model would enhance
RetMask’s effectiveness.

Settings. We test cross-model synthesis by train-
ing Qwen3-8B on data synthesized from Llama-
3.1-8B-Instruct. This represents a favorable sce-
nario for cross-model synthesis: (1) Llama-3.1 ex-
hibits stronger baseline long-context capabilities
than Qwen3, and (2) RetMask achieves larger im-
provements on Llama-3.1 (+2.28) than Qwen3, sug-
gesting higher-quality training signals. We evaluate
using ROUGE scores as a proxy for LLM-as-a-
Judge to reduce computational costs. Results are
reported in Table 10.

Self-synthesis outperforms cross-model synthe-
sis. Table 10 shows that both self-synthesis and
cross-model synthesis improve over the baseline,
with self-synthesis achieving marginally better re-
sults in most settings. While the performance
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DPO Qwen3-8B

Strategy Average | Recall RAG Cite Rerank ICL LongQA Summ
- 44.73 59.69 5379 1226 15.13 82.00 47.18 43.06

" Smaller-Model ~ ~ ~ ~ 4551 | 59.56  53.54 12427 "~ 1686 8284  49.03 = 4432

Win-Lose-Pair 44.49 58.63 5333 1259 15.17 82.16 47.39 42.18
Non-Retrieval-Mask 45.48 60.25 53.17 1253 16.08 82.28 51.73 42.31
Random-Mask 45.37 60.63 53.54 13.51 16.69 82.32 47.93 39.62
RetMask 45.62 60.81 53.58 14.74 17.06 81.44 49.43 4225

Table 8: Model performance on each task of HELMET when the input sequence length is 128K. The advantage of
RetMask is evident on real-world tasks such as generation with citation and passage re-ranking.

DPO Llama-3.1-8B-Instruct

Strategy 8K 16K 32K 64K 128K

— 56.03 54.14 5242 51.65 46.40
"SFT 5351 5090 49.08 44.73 3734

RetMask 58.14 56.92 5348 53.15 48.68

Table 9: Llama-3.1-8B-Instruct trained with different
strategies, evaluated on HELMET. Models are evaluated
using input sequences of 8K, 16K, 32K, and 64K tokens.
Training with SFT degrades the performance.

Rejected Qwen3-8B
Samples 8K 16K 32K 64K 128K
- 50.89 47.84 4722 4215 40.62

" Llama-3.1  51.85 4930 47.95 43.13  40.71
Qwen3 5240 48.83 48.04 43.39 41.34

Table 10: Qwen3-8B trained with data synthesized from
Llama-3.1-8B-Instruct and Qwen3-8B, evaluated on
HELMET. Models are evaluated using input sequences
of 8K, 16K, 32K, and 64K tokens. Data synthesized
from the target LLM performs better than that synthe-
sized from another LLM in general.

difference is modest, this pattern suggests that
RetMask’s training signals are somewhat model-
specific: Masking patterns from one model’s re-
trieval organization may not perfectly align with
those of another model, although the transfer is not
entirely ineffective. This indicates that while self-
synthesis is preferable for optimal results, cross-
model synthesis remains a viable option when com-
putational constraints limit data generation from
the target model.

F Experiments with RL datasets

We report experimental results obtained using ques-
tions from Guru-RL-92K (Cheng et al., 2025) to
synthesize responses. Unlike the datasets used in
the prior sections, Guru-RL-92K is specifically col-
lected for reinforcement learning purposes. It con-
sists of challenging problems across a wide range
of domains, including mathematics, coding, sci-
ence, logic, simulation, and tabular reasoning.

Model. We conduct this experiment using
Qwen3 and exclude Llama-3.1 and OLMo-3.
Llama-3.1 is not trained for deep reasoning on
complex problem-solving tasks and frequently de-
generates into repetitive outputs during response
generation in this setting. For OLMo-3, we ob-
serve limited effectiveness of RetMask, which we
attribute to the model’s internal organization of
retrieval-related capabilities. We therefore exclude
both models from this evaluation.

Settings. For Qwen3, enabling the reasoning
mode often results in very long generations (ex-
ceeding 16K tokens) before reaching a final answer,
leading to low inference efficiency. We further ob-
serve that masking retrieval heads amplifies this
issue, causing the model to generate even longer se-
quences and to more frequently degenerate into
repetitive outputs. To control for these effects,
we conduct experiments with the reasoning mode
turned off and compare the results with those ob-
tained in settings in § 4.5 to assess the effectiveness
of training on long responses. In addition to the re-
sults using LMSYS-Chat-1M, we include two base-
lines for Guru-RL-92K: the Non-Retrieval-Mask
baseline and the Random-Mask baseline. The re-
sults are reported in Table 11. Evaluations here
also utilize the ROUGE score as a proxy for LLM-
as-a-judge.

Training on long outputs slightly outperforms
training on short outputs. The benefit of train-
ing on Guru-RL-92K is most evident on the
LongQA task, consistent with the findings in § 4.5.
These results indicate that synthesizing training
data with the reasoning mode enabled can yield ad-
ditional performance gains. However, generating
responses with reasoning enabled is substantially
more computationally expensive, making it less
cost-effective than training on standard instruction-
tuning datasets.
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DPO Qwen3-8B

Strategy Average Recall RAG Cite Re-rank ICL LongQA Summ
— 40.62 59.69 5379 1226 15.13 82.00 43.96 17.50

" Trained on LMSYS-Chat-1IM

RetMask 41.34 61.19 5296 1233 16.03 82.00 46.57 18.30
Trained on Guru-RL-92K

Non-Retrieval-Mask 40.54 59.00 53.50 12.38 15.03 82.40 44.37 17.12
Random-Mask 41.00 59.38 53.54 11.78 17.52 81.52 45.89 17.39
RetMask 41.59 60.38 53.58 13.53 16.93 81.92 4743 17.40

Table 11: Model performance on each task of HELMET when the input sequence length is 128K when training on
Guru-RL-92K. Training with Guru slightly outperforms training with LMSYS-Chat-1M.

Synthesize Model # Samples  Avg. Input Length  Avg. Output Length
LMSYS-Chat-1M (Zheng et al., 2024)  Llama-3.1 294,121 63.62 494.69
Qwen3 293,460 64.59 1642.95
Olmo-3 (I) 296,224 63.71 825.17
Olmo-3 (T) 298,308 63.94 1816.54
WildChat (Zhao et al., 2024) Llama-3.1 280,184 311.68 633.01
Guru-RL-92K (Cheng et al., 2025) Qwen3 (non-reason) 91,134 330.17 1965.05

Table 12: Statistics of training data utilized in this work. Olmo-3 (I) and Olmo-3 (T) represents Olmo-3-7B-
Instruct and Olmo-3-7B-Think, respectively. The average input/output length is calculated after tokenizing with the

corresponding tokenizer.

G Statistics of Training Data

The statistics of training data are shown in Table 12.
The number of training samples differs from those
reported in the original paper due to two reasons:
(1) We filter out samples with personal identifiable
information; (2) Some of the samples encountered
failure during the process of data synthesis.

H Failure Modes of Responses Generated
by Retrieval-Head-Ablated Models

In this section, we provide examples that repre-
sent the failure modes of responses generated with
retrieval-head-ablated models. In general, these
responses exhibit a distinctive failure mode: the
model loses track of what it is supposed to main-
tain—whether that’s an entity name, a format con-
straint, or a reasoning chain, etc. Other methods’
failures tend to be simpler conceptual errors rather
than this kind of mid-generation coherence break-
down. We provide examples for each category as
in Figures 7, 8, and 9.

* Entity name (Figure 7): The model with
ablated retrieval heads tends to miss entity
names. This is a distinctive failure mode we
observe only in RetMask.

* Format Constraint (Figure 8): The model
with retrieval heads ablated fails to follow the
format constraint.

* Reasoning Chain (Figure 9): The model with
retrieval heads ablated loses track of its own
reasoning chain and generates inconsistent
reasoning traces.
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Write an introduction for Chengdu Push Bio-
technology Co., Ltd, a chemical company at No.8
Wuke West Second Road, Wuhou, Chengdu, Sichuan,
China.

Chengdu Push Bio-technology Co., Ltd is a promi-
nent chemical company based in the vibrant city of
Chengdu /... ]

Chengdu Push Bio-technology Co., Ltd is a promi-
nent chemical company situated in the vibrant city of
Chengdu, Sichuan, China. Headquartered at No. 8
Wuke West Second Road, Wuhou District, Chengdu

[..]

Located in the vibrant city of Chengdu, Sichuan
Province, Chengdu is a major chemical hub /... ] The
company’s manufacturing base is situated at No.8,
Wuke Road, Wuhou District /... ]

Figure 7: Example outputs from three model variants
given the same instruction. The non-retrieval-head-
ablated model correctly reproduces both the company
name and address. The retrieval-head-ablated model ex-
hibits a distinctive failure mode: it corrupts the company
name (“Chengdu Push Bio-technology Co., Ltd” —
“Chengdu”) and the address (“No.8 Wuke West Second
Road” — “No.8, Wuke Road”), a degradation unique to
retrieval head ablation.

Rate the quality of the following story on a scale of 1
to 100. Your Response: {"score”: integer}.
[story omitted]

{"score": 20}

This story is extremely bad due to several reasons: (1)
Historical inaccuracies: The Roman Empire actually
fellin476 AD /... ]

The story seems to be a historical fiction piece, but
it appears to be a historical inaccuracy. The Roman
Empire fell in 476 AD [... ]

I would rate the quality of the story a 20.

{"Quality":
Score": 90}
"Final Score": 90

"Poorly Set Up World", ..., "Final

Figure 8: Example outputs from three model variants
given a format-constrained instruction. The original
model correctly follows the required format ({"score”:
integer}) and produces a reasonable score. The non-
retrieval-head-ablated model produces a reasonable
score but ignores the format constraint. The retrieval-
head-ablated model both violates the format constraint
and assigns an inflated score of 90, demonstrating a dis-
tinctive failure mode unique to retrieval head ablation.
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Select the correct choice.

Q: What is the difference between a RIB and a FIB?
A: The FIB is populated based on RIB content.

B: The RIB maintains a mirror image of the FIB.

C: The RIB is used to make IP source prefix-based
switching decisions.

D: The FIB is where all IP routing information is
stored.

The correct choice is: B. Explanation: RIB (Routing
Information Base) is used to store the routing infor-
mation learned from various routing protocols./. .. |

The correct answer is D. The FIB (Forwarding In-
formation Base) contains routing information for for-
warding packets. /... ]

The correct answer is D /... ] So, the correct answer
is not listed in the choices. However, the closest
correct answer is B, but with a slight modification: B:
The RIB is populated based on the information stored
inthe FIB./[...]

Figure 9: Example outputs from three model variants
given a multiple-choice instruction. Both the original
and non-retrieval-head-ablated models produce consis-
tent reasoning and commit to a single answer. The
retrieval-head-ablated model exhibits inconsistent rea-
soning: it initially selects D, then contradicts itself by
claiming the correct answer is not among the choices,
and finally proposes a modified version of B.
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