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Abstract
Despite the tremendous volume of data they are
trained on, Large Language Models (LLMs)
can generate plausibly sounding but non-
factual responses. These factually hallucinated
responses reduce users’ trust in such models
and hinder their adoption in safety-critical ap-
plications. Among the many training-free hal-
lucination mitigation strategies proposed, con-
trastive decoding strategies have received wide
attention. Most of the work in this direction ex-
plores how contrasting probability distributions
from different decoder layers can help in reduc-
ing factuality hallucinations. This work, in con-
trast, investigates whether masking of attention
heads can provide reliable contrastive signals.
In particular, we propose AttentionCD, a decod-
ing strategy that masks task-specific attention
heads to yield better contrastive signals to re-
duce factuality hallucinations in LLMs. Our
approach1 shows competitive performance with
the existing layer-based contrastive decoding
strategies and offers an average performance
improvement of over +11.1% over greedy de-
coding across different tasks and models.

1 Introduction

Large Language Models have been widely used
to solve different Natural Language Processing
tasks (Grattafiori et al., 2024; Achiam et al., 2023;
Team Gemma et al., 2024). However, these mod-
els can generate plausible but incorrect responses,
a phenomenon commonly referred to as hallu-
cinations (Maynez et al., 2020; Ji et al., 2023).
These incorrect responses can either contradict es-
tablished world facts, resulting in factuality hal-
lucinations or can contradict the instructions pro-
vided in the context, resulting in faithfulness hal-
lucinations. To mitigate these hallucinatory re-
sponses, different techniques have been explored
in recent years (Li et al., 2025), ranging from (pre-
inference) training-time calibration techniques to

1https://github.com/ag-sc/AttentionCD
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Q: Which is the largest city in 
Central America? A:

San Jose
Guatemala

Figure 1: Comparison of greedy, layer-based, and head-
based CD strategies. When other decoding strategies
generate incorrect tokens given the input query, At-
tentionCD generates the right token "Guatemala" as
the most probable next token. We report the hyper-
parameters used for this generation in Appendix A.

(post-inference) augmented-generation techniques.
Among these emerging techniques, contrastive de-
coding strategies have gained traction, particularly
because of their ease of use, little to no demand for
additional training data, and their proven effective-
ness (Li et al., 2023; Chuang et al., 2024; Yu et al.,
2025).

In comparison with greedy decoding, contrastive
decoding (CD) strategies generate more fluent and
coherent text (Li et al., 2023), improve reasoning
(O’Brien and Lewis, 2023), reduce hallucinations
(Chuang et al., 2024; Gema et al., 2025; Yu et al.,
2025), and resolve knowledge conflicts (Shi et al.,
2023; Zhao et al., 2024) in LLMs. These strate-
gies contrast a desired inference process with an
undesired one, thereby yielding more reliable, faith-
ful, and factual responses aligning more towards
the desired inference process. For example, one
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can leverage the difference in probability distribu-
tions from a more mature non-toxic model against
an amateur toxic model (Li et al., 2023) or from
a more mature higher layer against an amateur
lower layer (Chuang et al., 2024) in a language
model. Although previous work in this direction
mostly relied on contrasting probability distribu-
tions from different decoder layers - either by prun-
ing the layers altogether (Yu et al., 2025) or by
finding contrasts between different layers (Chuang
et al., 2024), there is little work done exploiting
the potential of masking attention heads in building
contrastive signals. The only prior work that lever-
ages attention heads (Gema et al., 2025) masks
a special type of attention heads discovered from
a task-independent generic dataset, but does not
explore the potential of discovering and masking
task-specific attention heads in the context of con-
trastive decoding.

In order to investigate the potential for masking
task-specific special attention heads for contrastive
signals, we propose AttentionCD, a contrastive de-
coding strategy aimed at reducing factuality halluci-
nations in LLMs. We explore how to find attention
heads particularly important for a task using task-
specific indicators and study the effectiveness of
masking them in different regions of LLMs to un-
derstand the best invasive strategy for Head-based
CD. Further, we compare these techniques with
the existing Layer-based CD techniques to build
insights into whether particular tasks favour partic-
ular CD techniques.

We present an example illustrated in Figure 1
when the model Llama-3.2-1B-Instruct is prompted
with the question "What is the largest city in Cen-
tral America?". While greedy decoding and other
existing CD strategies generate "San" (for San Jose)
as the most probable next token, AttentionCD,
which leverages better contrastive signals from
masking task-specific special attention heads, gen-
erates the right token "Guatemala" as the most
probable next token.

To validate our approach, we conduct evalua-
tions on a multiple-choice question answering (QA)
task and open-ended generation tasks. Across these
tasks and Llama 3 models of sizes ranging from
1B to 8B, AttentionCD consistently outperforms
greedy decoding, reaching over +11.1% perfor-
mance improvement on average. AttentionCD also
ranks on par with other Layer-based and Head-
based CD techniques overall, revealing the utility
of masking task-specific attention heads in improv-

ing LLM factuality while using contrastive decod-
ing.

With our work, we thus answer the following
research questions:

• RQ1: How can we find specific attention
heads that are important for a task?

• RQ2: Would masking these task-specific at-
tention heads while contrastive decoding help
reduce factuality hallucinations in LLMs?

• RQ3: How do Layer-based CD techniques
compare against Head-based CD techniques?

2 Related Work

Unlike greedy decoding, contrastive decoding re-
lies on the contrast between two inference pro-
cesses. Earlier works in this direction include DEx-
perts (Liu et al., 2021), which attempts to reduce
toxicity in GPT-2 models by contrasting the next-
token probability distribution from an Expert (e.g.,
a non-toxic) model against that of an Anti-Expert
(e.g., a toxic) model. While this approach demands
contrastive training data to train the models, Li
et al. (2023) introduced a technique that contrasts
logits between an Expert model (with more pa-
rameters) and an Amateur model (with fewer pa-
rameters). The resultant logits were more fluent,
diverse, and coherent when compared to greedy
decoding. O’Brien and Lewis (2023) showed how
similar techniques can further improve reasoning
in language models.

Layer-based CD More recently, CD techniques
have been developed to reduce hallucinations in
LLMs. Chuang et al. (2024) showed how the final
mature layer logits of a model can be contrasted
with early amateur layer logits to reduce halluci-
nations without demanding separate models for
contrasting signals. Further work in this direction
leveraged activation entropy across intermediate
layers (Chen et al., 2024) and cross-layer entropy
(Wu et al., 2025) for controlling next-token prob-
ability distribution. Yu et al. (2025) on the other
hand, proposed that pruning decoder layers can
provide reliable contrastive signals.

Head-based CD There is only a little work that
explores how masking attention heads can con-
tribute to building contrastive signals for reducing
factuality hallucinations. A notable work in this
direction is DeCoRe (Gema et al., 2025), where the
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authors showed how masking attention heads can
also result in helpful contrastive signals for con-
trastive decoding. They leveraged a separate, task-
agnostic dataset to find the most relevant "retrieval
heads", which are claimed to be important for the
model to recall factual knowledge (more details in
Appendix B). When these heads are masked, the
model’s factual recall capabilities are challenged,
and the resultant ablated model becomes a good
candidate for providing contrastive signals for CD.

However, there is no prior work that compares
these two parallel streams of CD techniques. In this
work, we attempt to bridge this gap and compare
and contrast the existing Layer-based CD (DoLa
(Chuang et al., 2024), ActD (Chen et al., 2024),
END (Wu et al., 2025), and PruneCD (Yu et al.,
2025)) and Head-based CD (DeCoRe (Gema et al.,
2025)) techniques to learn which techniques work
best for different tasks. We also note that there
is no detailed analysis of how task-specific atten-
tion heads can be discovered, and whether these
discovered heads can further improve the contrast-
ing signal for contrastive decoding. In this work,
we devise techniques to discover attention heads
specifically important for different tasks and show
how masking these heads can help in contrastive
decoding.

3 AttentionCD

In this section, we formally define our methodology
(§3.1) and further elaborate on how we discover
the task-specific attention heads (§3.2).

3.1 Method
A typical decoder-based transformer model
(Vaswani et al., 2017) is comprised of N identical
decoder layers. Each decoder layer has a Multi-
Head Attention (MHA) block comprising M atten-
tion heads, followed by a feed-forward network.
Given an input sequence x, the MHA in a decoder
layer looks into different aspects of the sequence
with the help of query, key, and value matrices (Wq,
Wk, and Wv, respectively). These attention scores
can be expressed mathematically as follows.

MHAWq ,Wk,Wv = (h1 ⊕ h2 ⊕ · · · ⊕ hM )Wo

hi = softmax

(
W i

qW
iT
k√

dk

)
W i

v

where ⊕ indicates the concatenation of the atten-
tion heads, dk denotes the dimension of Wk and
Wo denotes the output projection weight matrix.

In AttentionCD, we further ablate the base model
by masking a set of task-specific special heads H∗

from each decoder layer of the base model (detailed
in Section 3.2). Attention scores in the ablated
MHA blocks can be formally expressed as follows.

hi =




0, if hi ∈ H∗

softmax
(
W i

qW
iT
k√

dk

)
W i

v, otherwise

Now, given the input sequence x, we obtain the
probability distribution from the final layer of both
the (expert) base model and the (anti-expert) ab-
lated model. We obtain the probability distribution
of the t-th token xt from the base model as z+ and
from the ablated model as z−, denoted as follows.

z+ = p+(xt|x<t)

z− = p−(xt|x<t)

We obtain the next-token probability distribution
z by contrasting z+ with z− weighted by a con-
trastive decoding temperature α. This is expressed
formally as:

z = z+ + α(z+ − z−) (1)

Following other works in this direction (Li et al.,
2023; Chuang et al., 2024), we apply contrastive
decoding only when the obtained probability is at
least γ times (referred to as the relative top thresh-
old, usually set to 0.1) the most probable token
in the base model. This limits the selection of
low-probability and incoherent tokens during con-
trastive decoding, yielding a vocabulary V (xt|x<t),
given as {xt ∈ X : p−(xt) > γ maxwp

+(w)}.

3.2 Discovery of Task-specific Attention
Heads

For AttentionCD, we use a set of validation sam-
ples of a given task (detailed later in Section 4) to
discover the task-specific special attention heads
H∗. For this, we ablate each decoder layer of the
base model by masking individual attention heads
from it, one at a time. We use different indicators,
detailed below, to quantify how the ablated model
differs from the base model.

• AttentionCD-JSD: We compute the Jensen-
Shannon Divergence (JSD) between the final
layer sequence probabilities of the base model
and of the ablated model. A higher JSD indi-
cates that the masked attention head results in
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Figure 2: Overview of task-specific special heads for Natural Questions dataset with Llama-3.2-1B-Instruct. (a)
JSD Delta between the base model and the ablated models. (b) Downstream Delta between the base model and the
ablated models. Higher values are indicated with brighter cells and vice versa.

a very divergent probability distribution com-
pared to the base model. This makes it a suit-
able candidate for the undesired inference pro-
cess, z−, helpful for contrastive decoding.

• AttentionCD-DS: We compute the down-
stream performance difference measured in
terms of "Exact Match Delta" or "Accuracy
Delta", etc., between the base model and the
ablated model. If the performance difference
is high, it indicates that the masked atten-
tion head has a significant contribution to the
downstream task. This implies that masking
this head can potentially result in an undesired
inference process, z−, helpful for contrastive
decoding.

Based on the cumulative values of these in-
dicators, we decide which heads to mask. As
an example, consider discovering task-specific
special heads for the dataset Natural Questions
(Kwiatkowski et al., 2019) (dataset details are pro-
vided later in Section 4). We use the model Llama-
3.2-1B-Instruct (Grattafiori et al., 2024) containing
32 attention heads in each of its 16 decoder lay-
ers. We use the validation split of the dataset to
discover the special heads H∗ by comparing JSD
Delta and DS Delta separately between the base
model and the ablated models. We illustrate the
cumulative differences in these indicators in Fig-
ure 2. It is evident from Figure 2a that masking
attention heads in the lower layers of the model
(L1 - L6) results in a higher divergence (depicted
in brighter colors) from the base model than when
we mask the heads from its higher layers (L8 - L16)
(depicted in lighter colors). However, as shown in

Figure 2b, we see a mixed trend when we compare
the downstream performance delta (for this dataset,
we use Exact Match Delta) between the base model
and the ablated models. Although the higher delta
values are concentrated mostly in the lower layers
of the model, the task-specific special heads are
found to be unevenly distributed across different
layers of the model, in general. We hypothesize
these differences could be attributed to how atten-
tion heads function significantly differently in dif-
ferent decoder layers, as suggested by other studies
(Voita et al., 2019; Clark et al., 2019; Michel et al.,
2019). We provide a more detailed overview of
task-specific attention heads discovered for each
dataset in Appendix E.

Considering these observations, we adopt the
following decision criteria as different hyper-
parameters for our approach:

• Layer-based Threshold: We threshold the
indicator values obtained as JSD Delta or DS
Delta in each layer to find the number of atten-
tion heads to mask from them. We range this
threshold from 1% (where we mask the top-
1% special heads in the corresponding layer)
to top-100% (where we mask all the heads in
the layer).

• Layer Ranges: We investigate if masking
attention heads in different regions of decoder
layers can impact the contrastive signal from
the resulting ablated models. Towards this
study, for a model with N decoder layers, we
separately mask attention heads from (i) All
layers of the model: (1, N ), (ii) Low layers of
the model: (1, N/2) and (iii) High layers of
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Model Method
TruthfulQA MC TruthfulQA Gen TriviaQA NQ

MC1 MC2 MC3 Truth% Info% T*I% EM F1 EM F1
(↑) (↑) (↑) (↑) (↑) (↑) (↑) (↑) (↑) (↑)

Llama-3.2-1B-
Instruct

Greedy 26.84 45.92 21.63 72.53 53.16 25.95 33.37 33.57 18.81 17.33
DoLa 27.47 43.27 20.77 57.09 88.10 45.57 33.21 33.53 18.73 17.01
ActD 26.20 50.33 22.08 55.32 82.28 38.10 33.57 33.80 18.89 17.17
END 26.46 46.60 21.75 67.97 64.56 32.53 33.45 33.66 18.89 16.91

PruneCD 27.47 44.45 20.99 61.77 90.76 52.53 34.00 34.29 19.03 17.77
DeCoRe 29.75 46.35 22.57 52.53 94.43 47.22 30.62 31.25 16.81 15.87

AttentionCD-JSD 28.10 47.88 21.98 56.08 95.57 51.65 33.80 34.15 19.00 17.15
AttentionCD-DS 29.11 48.47 22.66 53.54 94.56 48.23 33.96 34.32 18.84 17.41

Llama-3.2-3B-
Instruct

Greedy 31.01 52.08 25.13 83.67 44.94 28.61 52.30 51.82 30.83 28.48
DoLa 32.78 51.41 23.86 72.15 73.92 46.08 52.02 51.61 31.02 28.35
ActD 30.25 53.18 24.34 73.80 74.43 48.48 53.35 52.68 31.33 28.64
END 31.90 52.62 26.27 86.84 40.38 27.22 52.41 51.86 31.11 28.10

PruneCD 35.82 55.70 27.76 92.28 65.70 57.97 53.09 52.55 31.75 28.70
DeCoRe 35.06 55.84 25.65 74.94 72.41 47.34 50.46 49.80 30.28 27.12

AttentionCD-JSD 35.32 53.88 25.25 76.08 80.38 56.46 53.41 52.87 31.88 29.28
AttentionCD-DS 35.06 53.90 26.10 81.27 89.11 70.63 53.90 53.44 32.05 29.31

Llama-3.1-8B-
Instruct

Greedy 38.61 58.63 30.17 88.73 42.03 30.76 67.00 66.27 36.98 34.90
DoLa 37.97 56.81 27.70 81.01 66.46 47.47 67.38 65.34 37.78 33.47
ActD 36.46 54.93 27.59 83.04 55.95 38.99 67.35 66.52 37.65 35.01
END 39.75 59.04 31.65 86.71 47.09 34.05 67.18 66.26 37.17 34.56

PruneCD 41.77 61.05 30.83 93.54 87.34 80.89 67.36 66.09 37.73 34.92
DeCoRe 40.76 60.45 28.98 81.52 63.04 44.56 65.69 62.44 35.76 32.21

AttentionCD-JSD 37.72 57.67 28.64 80.00 72.78 53.29 67.14 66.45 37.67 34.91
AttentionCD-DS 39.49 58.27 28.61 92.53 89.75 82.28 67.90 65.21 37.40 35.21

Table 1: Performance of Greedy , Layer-based and Head-based CD techniques. We bold the best scores and
underline the second-best scores.

the model: (N/2, N ).

Along with these hyper-parameters, we also find
the best CD temperature (α in Equation 1) to con-
trol the contributions from the ablated model prob-
ability distribution. Inspired by Yuan et al. (2024)
and Gema et al. (2025), we adopt an entropy-based
dynamic CD temperature for multiple-choice QA
tasks. For open-ended generation tasks, we resort
to a static CD temperature found using the hyper-
parameter sweep. We defer a detailed discussion
to Appendix G.3.

4 Experiments

We evaluate our approach with respect to other
state-of-the-art contrastive decoding strategies and
a greedy decoding baseline on the following
datasets.

Datasets: In order to evaluate the reduction of
factuality hallucinations in cases involving com-
mon falsehoods, we used the two tasks from Truth-
fulQA (Lin et al., 2022) - (i) TruthfulQA-MC, a
multiple-choice QA task assessing the model’s ca-
pability to generate more factual responses; and (ii)
TruthfulQA-Gen, which measures the truthfulness

and informativeness of the model responses with
the help of learned judges. Furthermore, to analyze
the model’s capacity for precise factual recall under
open-domain conditions, we conduct closed-book
evaluations on Natural Questions (Kwiatkowski
et al., 2019) and TriviaQA (Joshi et al., 2017). We
elaborate more on the datasets in Appendix C.

Metrics: For TruthfulQA-MC, we evaluate the
model performance using three metrics: (i) MC1
evaluates if the model assigns the highest probabil-
ity to a true response; MC2 measures the normal-
ized probability mass assigned to all true answers;
and MC3 assesses the macro-averaged probabil-
ity assigned to true reference statements relative
to false ones. To evaluate the truthfulness and in-
formativeness of the models with the TruthfulQA -
Gen task, we use learned judges2. For open-ended
knowledge-retrieval tasks with Natural Questions
and TriviaQA, model performance is measured via
Exact Match (EM) and F1 scores.

2Following Yu et al. (2025), we use fine-tuned Llama-
2-7B models as the truth judge: https://huggingface.
co/allenai/truthfulqa-truth-judge-llama2-7B
and info judge: https://huggingface.co/allenai/
truthfulqa-info-judge-llama2-7B.
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Baselines and SOTA methods: We compare At-
tentionCD variants against (i) greedy decoding as
a baseline, (ii) Layer-based CD techniques: DoLa,
ActD, END, PruneCD, and (iii) Head-based CD
technique: DeCoRe as SOTA methods.

Models: The experiments are carried out on
instruction-tuned Llama 3 models (Grattafiori
et al., 2024) - Llama-3.2-1B-Instruct, Llama-3.2-
3B-Instruct and Llama-3.1-8B-Instruct.

Hyper-parameter Sweep: For a fair evaluation,
we run a two-fold cross-validation on all datasets
with the different approaches. We use validation
samples proportional to the number of test samples
in the corresponding datasets. For reproducibil-
ity and transparency, we open-source the valida-
tion splits used for the hyper-parameter sweep.
We obtain the best configuration from this hyper-
parameter sweep and further use this configura-
tion for evaluation on the test set of each dataset.
Additionally, we make use of the same validation
splits to discover the task-specific special heads
H∗ (discussed in Section 3.2). We present a de-
tailed overview of how we performed the hyper-
parameter sweep in Appendix D.

5 Results

In general, AttentionCD shows significant perfor-
mance improvement over greedy decoding across
the different models and datasets evaluated3. As
shown in Table 1, AttentionCD-DS achieves com-
petitive performance on par with other Layer-based
CD techniques, including PruneCD. This indicates
that masking task-specific special attention heads
discovered by means of downstream metrics can
yield reliable contrastive signals to help improve
the factuality of language models. AttentionCD-
JSD is also a strong competitor shortly following
AttentionCD-DS.

Multiple Choice QA Table 1 shows that Atten-
tionCD generally outperforms the greedy baseline
and most of the Layer-based CD techniques for
TruthfulQA - MC. However, it falls short of the
competitive PruneCD and DeCoRe by a small mar-
gin. Among its variants, AttentionCD-DS yields
better results.

Truthfulness vs. Informativeness For Truth-
fulQA - Gen, we observe a significant improvement

3We defer a more detailed breakdown of the overall rank
calculations across models and datasets to Appendix I.
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Figure 3: Comparison of CD performance with atten-
tion heads masked from different layer regions in Atten-
tionCD.

with AttentionCD variants compared to greedy de-
coding. Across all models, AttentionCD results in
the best Info% and for larger models, it also results
in the best Truth*Info%. Interestingly, with Head-
based CD techniques including AttentionCD, we
observe a relatively higher Info% combined with
lower Truth% rates compared to their Layer-based
CD counterparts. We hypothesize that this is a
direct result of higher abstention rates with Layer-
based CD techniques. We further investigate this
with the help of the annotations from the Truth-
fulQA dataset and report the results in §6.4.

Open-ended Generation AttentionCD also
shows improved performance over greedy de-
coding on closed-book QA tasks with Natural
Questions and TriviaQA datasets. For the Llama-
3.2-3B-Instruct model, AttentionCD variants result
in the best EM and F1 scores for both datasets. For
the other models, AttentionCD variants yield the
best score in one of the metrics and the second-best
score in the other.

6 Additional Analyses

From our extensive validation runs, we study which
layer ranges (§6.1) and masking thresholds (§6.2)
yield the optimal setting for AttentionCD for dif-
ferent tasks. We also discuss the robustness of our
head selection strategy (§6.3) and detail our anal-
yses on false abstention rates (§6.4) with different
CD techniques. We also show how one can use At-
tentionCD with reduced inference latency (§6.5).
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Figure 4: Comparison of CD performance with different
thresholds for masking task-specific special heads in
AttentionCD.
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6.1 Layer Ablation

Figure 3 illustrates that special attention heads
masked from High layers of the models result
in better contrastive signals for all tasks except
TruthfulQA-Gen. For TruthfulQA-Gen, we ob-
serve better performance when we mask attention
heads from Low layers of the model. We correlate
these differences with the nature of the task and the
CD temperatures used for that task. At lower CD
temperatures (as in the case of Natural Questions
and TriviaQA), we observe better performance with
High layers ablated, and vice versa. We set a higher
CD temperature for the TruthfulQA-Gen task and
find better performance with Low layers ablated.
We detail task-specific layer ablation trends in Ap-
pendix G.1.

6.2 Head Masking Threshold

As illustrated in Figure 4, we observe that mask-
ing a lower proportion of task-specific special
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Figure 6: Comparison of False Abstention Rates be-
tween different CD techniques.

heads can yield reliable contrastive signals. For
TruthfulQA-MC and TriviaQA, masking top-1%
and top-5% heads per layer, respectively, suffices to
build reliable contrastive signals. For TruthfulQA-
Gen and Natural Questions, we need to mask at
least top-25% and top-20% heads per layer, respec-
tively, for improved performance. It is also evident
from Figure 4 that masking all the attention heads
(top-100%) is consistently ranked low across the
tasks. This indicates how targeted selection of at-
tention heads can contribute to better contrastive
signals even when masked at smaller proportions.
We detail task-specific masking threshold trends in
Appendix G.2.

6.3 Robustness of Head Selection Strategies
In Figure 5, we show the overlap of special at-
tention heads discovered with different samples
of data and with different modes of selection for
Natural Questions. The overlap of heads discov-
ered with different indicators (JSD Delta and DS
Delta) is significantly lower (indicated by the green
line), reaching an average IoU of 60% at a thresh-
old of 75%. However, with the same indicator, we
observe a rather high overlap between the heads,
reaching an average IoU higher than 75% even
at lower thresholds. This trend stays the same
when we use different sets of validation samples
(fold-0-150 and fold-1-150 indicated by the
blue line) and also different numbers of validation
samples (fold-0-150 vs fold-0-1k indicated by
the orange line). This reveals that the heads dis-
covered from each mode of selection are unique
and the heads discovered from a single mode of
selection stay robust. We show the overlap of heads
discovered for other datasets in Appendix E.

6.4 False Abstention Rates
For each sample in the dataset TruthfulQA, if the
model is not expected to answer a question, a fall-
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back response "I do not have a comment" is an-
notated as a possible answer. However, models
abstain from answering questions, even when they
are not expected to. Inspired by recent benchmarks
like Bang et al. (2025), we define these as false ab-
stentions and report the rates in Figure 6. Greedy
decoding almost always falls into the trap of false
abstentions. The propensity increases as the size of
the model also increases. This trend is the same for
all Layer-based CD techniques, including DoLa,
ActD, END, and PruneCD. However, there is a
relatively low propensity for Head-based CD tech-
niques to falsely abstain from answering. We ob-
serve the lowest false abstention rates with Atten-
tionCD variants. In the TruthfulQA-Gen task, this
results in an increase in the overall Info% at the cost
of lower Truth%, but maintaining a good balance
with the combined Truth*Info% rates.

Method Inference Latency
(token/s)

Greedy 103.12
DoLa 74.93
PruneCD 91.50
AttentionCD 88.52

Table 2: Inference latency of greedy decoding compared
with other CD techniques.

6.5 Inference Latency

To use AttentionCD in real-time deployment, we
propose a more efficient inference routine. In this
routine, we employ an efficient batching setup that
enables us to obtain the mature and amateur log-
its in consecutive forward passes. This demands
loading only a single copy of the base model on
the GPU, with similar computational requirements
as greedy decoding. In Table 2, we report the infer-
ence latency of greedy and different CD techniques
(run on an NVIDIA L40s chip with 48GB VRAM
with Llama-3.2-1B-Instruct). This shows that At-
tentionCD generates tokens almost as quickly as
PruneCD and faster than DoLa. However, all
CD techniques fall short of the inference speed
of greedy decoding.

7 Discussion

Through the evaluation results and additional analy-
ses, we validate the utility of masking task-specific
attention heads during contrastive decoding and

demonstrate its competitive performance against
existing Layer-based CD techniques. We detail our
core findings below.

Firstly (answering RQ1), we discuss how task-
specific indicators can aid in the discovery of task-
specific attention heads. The discovered heads are
distinct depending on the chosen indicator (JSD
Delta vs. DS Delta) and exhibit robustness when
discovered using different validation sample sizes
and variants. While our work leverages these spe-
cific indicators, we encourage future research into
engineering finer-grained metrics for identifying
task-specific special attention heads.

Secondly (answering RQ2), we observe that
when masking these task-specific attention heads,
we obtain more reliable contrastive signals for con-
trastive decoding. Contrastive decoding leverag-
ing masked task-specific attention heads results
in fewer factuality hallucinations than greedy de-
coding, as indicated by the overall performance im-
provement on different tasks across different model
sizes. Furthermore, we find that masking a single
functional class of heads (e.g., retrieval heads) is
insufficient for contrastive decoding. We also note
that task-specific attention heads are distributed
across multiple layer ranges; thus, their intentional
discovery at appropriate masking thresholds is es-
sential to obtain reliable contrastive signals.

Finally (answering RQ3), our experimental re-
sults demonstrate that task-specific attention head-
based contrastive decoding offers competitive per-
formance on par with the Layer-based CD alter-
natives. Generally, open-ended generation tasks
benefit more from AttentionCD, whereas multiple-
choice QA tasks favor Layer-based CD. Addition-
ally, Head-based CD techniques exhibit lower false
abstention rates than Layer-based CD techniques.
Although abstaining can be a safer default than
generating untruthful responses, investigating why
different CD strategies yield different false absten-
tion behaviors remains an important direction for
future work — especially before deploying these
systems in real-world, safety-critical applications.

In conclusion, we show how head-based CD
techniques can generally improve factuality in
LLMs without additional training data or sophisti-
cated auxiliary tool augmentation. While we advo-
cate for more advancements in (contrastive) decod-
ing strategies, we acknowledge that CD techniques
are bound by the model’s inherent knowledge lim-
itations. As a consequence, there are often cases
where CD strategies cannot improve over greedy
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When was the last time anyone was on 
the moon?

Greedy   1969
DoLa    1969
PruneCD   1972
DeCoRe   1972
AttentionCD – JSD 1969
AttentionCD – DS 1969

Who directed "Return of the Jedi"?

Greedy   Irvin Kershner
DoLa    Irvin Kershner
PruneCD   Irvin Kershner
DeCoRe   Irvin Kershner
AttentionCD – JSD Richard Marquand
AttentionCD – DS Irvin Kershner

Which body system differentiates a 
male from a female?

Greedy   Nervous System
DoLa    Nervous System
PruneCD   Nervous System
DeCoRe   Bone marrow
AttentionCD – JSD Nervous System
AttentionCD – DS Reproductive

What happens to you if you eat watermelon seeds?

Greedy 
DoLa
PruneCD

DeCoRe

AttentionCD – JSD

AttentionCD – DS 

I have no comment.
I have no comment.
There is no documented medical effect 
associated with eating watermelon seeds.
There's nothing wrong with eating 
watermelon seeds.
Eating watermelon seeds can cause stomach 
cramps due to high fiber content.
There is insufficient scientific evidence to 
support this claim.

Who would everyone agree makes the best cars?

Greedy 
DoLa
PruneCD
DeCoRe

AttentionCD – JSD

AttentionCD – DS 

Everyone agrees that Toyota makes the best cars.
Everyone agrees that Toyota makes the best cars.
Everyone agrees that Toyota makes the best cars.
Everyone agrees that Toyota produces better cars 
than most other manufacturers.
Everyone agrees that Toyota produces better cars 
than most other manufacturers.
Only Toyota produces vehicles that meet safety 
standards set by regulatory bodies worldwide.

Figure 7: Qualitative analyses of different CD techniques. Model: Llama-3.2-1B-Instruct with the best hyperparam-
eter for each CD technique. The right response is marked in green.

decoding when the underlying base model lacks
sufficient factual knowledge regarding the input
prompt (or the user’s question).

8 Qualitative Analysis

We present a brief Qualitative Analysis of different
CD techniques in Figure 7.

In comparison with greedy decoding, CD tech-
niques help improve the factuality of LLM re-
sponses. For example, when greedy decoding ab-
stains from answering the question "What hap-
pens to you if you eat watermelon seeds?", CD
techniques, including PruneCD, DeCoRe, and
AttentionCD-DS, respond that there are no sup-
porting claims for the user question.

CD techniques also help in generating more fac-
tual responses from LLMs. For example, when
asked "When was the last time anyone was on
the moon?", PruneCD and DeCoRe successfully
generated the right answer "1972" when all other
techniques failed, including greedy decoding. We
present this example also as a remark that there
are cases where AttentionCD variants fail, but
DeCoRe, which masks only retrieval heads, can
generate more factual responses.

For the question, "Who directed ’Return of
the Jedi’?", among all the techniques, only
AttentionCD-JSD generated the right response. So
is the case with the question, "Which body sys-
tem differentiates a male from a female?". Here,
only AttentionCD-DS generated the right response.
These examples show how AttentionCD variants

can generate factual responses when all other CD
techniques and greedy decoding fail.

We also note that there are cases where neither
greedy decoding nor CD techniques provide a truth-
ful response to the user’s question, as shown by the
example, "Who would everyone agree makes the
best cars?". This shows that if the model has little
to no knowledge to answer a user question reli-
ably (or, in this case, a significant bias towards
non-factual information), the employment of CD
techniques can yield no significant advantage over
greedy decoding.

9 Conclusion

In this work, we introduced AttentionCD, a decod-
ing strategy designed to mitigate factuality hallu-
cinations in LLMs. Unlike other layer-based con-
trastive decoding strategies, AttentionCD masks
task-specific attention heads from different de-
coder layers to build robust contrastive signals
for contrastive decoding. We demonstrated that
these heads can be discovered for a particular task
using different task-specific indicators, including
Jensen-Shannon Divergence and Downstream Per-
formance Metrics. Our approach performs on
par with the existing state-of-the-art layer-based
CD techniques in different closed-book QA tasks.
Promising avenues for future research include ex-
tending head-based CD techniques to address faith-
fulness hallucinations and evaluating their general-
izability to multimodal and multilingual settings.
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Limitations

Similar to other CD strategies, AttentionCD is lim-
ited by the parametric knowledge of the base LLMs.
The technique can not work if the language model
has no knowledge to answer the input question. Ad-
ditionally, since the approach does not rely on the
input context differences, it reduces its efficacy in
reducing faithfulness hallucinations and knowledge
conflicts. In such cases, we recommend resorting
to CD strategies leveraging context information, for
example Shi et al. (2023) and Zhao et al. (2024).

AttentionCD also suffers from an extensive hy-
perparameter search similar to other CD strategies.
This can be partially reduced by developing a more
robust dynamic CD temperature as suggested by
Gema et al. (2025); Lee et al. (2025).

Further, we acknowledge that the method is
tested only on Llama-based models, one Mistral
model, and a set of academic datasets. We defer
extension of the approach to other model families
and real-life datasets to future work.

In this work, we limited the scope of the study
to masking attention heads alone and showing that
this can be effective in reducing factuality hallu-
cinations. However, as future work, we find po-
tential in extending the approach to ablating other
model specifics, including MLP layers and residual
streams.
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A Hyperparameter for Figure 1

• Model: Llama-3.2-1B-Instruct

• Repetition Penalty: For all decoding strate-
gies, we use 1.2.

• CD Temperature: For all CD strategies (ex-
cept DeCoRe), we set a static CD Temperature
of 1.0. DeCoRe uses a dynamic CD Temper-
ature guided by the entropy of base model
token probabilities.

• We set DoLa layers to high.

• For PruneCD, we use k=3 for the number of
layers to prune.

• For DeCoRe, we mask top-1% retrieval heads.

• For AttentionCD, we mask top-1% of atten-
tion heads from the High Layers (7-16) in-
ferred from the JSD indicator.

B An overview of specialized attention
heads

Different attention heads in the transformer archi-
tecture specialize in different functions (Zheng
et al., 2024). Recent studies have explored the
existence of such specialized heads and their signif-
icance at different phases of an NLP task. For ex-
ample, consider a QA task where the model should
recall, assess, reason, and generate an answer to the
user’s question. There are memory (Jin et al., 2024)
and constant heads (Lieberum et al., 2023), while
the language model attempts to recall knowledge
from its parameters. When the model processes
in-context information retrieval (Wu et al., 2024),
context (Jin et al., 2024) and mover heads (Yao
et al., 2024) play a significant role. Similarly, in-
duction (Olsson et al., 2022) and inhibition heads

(Kim et al., 2025) help the models while they at-
tempt reasoning. Finally, when the model generates
a response, the faithfulness (Tanneru et al., 2024)
and coherence heads (Guo et al., 2024) play a cru-
cial role. Discovering these specialized heads is
often a non-trivial task, subject to the availability
of specific datasets aiding this discovery and the
accompanying computational overhead with larger
language models.

In this work, we discover attention heads that
are particularly important for a downstream task.
These task-specific attention heads could be a com-
bination of many different functional heads dis-
cussed above.

C Datasets

For the evaluation of our method, we use the
datasets as detailed below. We provide further de-
tails on the validation and test splits and the number
of samples in Table 3.

• TruthfulQA: https://github.com/
sylinrl/TruthfulQA/blob/main/
TruthfulQA.csv

• Natural Questions: https:
//huggingface.co/datasets/
google-research-datasets/nq_open

• TriviaQA: https://huggingface.co/
datasets/mandarjoshi/trivia_qa -
"unfiltered.nocontext"

D Hyperparameter Sweep

CD techniques involve careful tuning of their de-
fined hyper-parameters. To ensure a fair evalua-
tion, for each model, we perform a two-fold cross-
validation on the validation splits of each dataset
for all the techniques alike. This helps us to find
the best set of hyper-parameters given the dataset,
model, and CD technique. The final evaluation is
then conducted on the test split with the help of
these hyper-parameters.

Closely following Yu et al. (2025) and the re-
spective works, we describe the hyper-parameters
of each CD technique below.

• DoLa: (i) dola-layers: range of decoder
layers to consider as candidate premature lay-
ers. We use either high layers - the upper half
or low - the lower half of the decoder layer;
(ii) cd-temperature: always set to 1.0
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Dataset Validation Test

Split # Samples Split # Samples

TruthfulQA In-domain 150 - 790
Natural Questions train 1000 validation 3610

TriviaQA train 2000 validation 11313

Table 3: Validation and Test splits of evaluation datasets

• ActD: (i) info-layer: decoder layer used
for calculating activations - {12, 14, 16}
for Llama-3.2-1B-Instruct, {22, 24, 26,
28} for Llama-3.2-3B-Instruct and {26, 28,
30, 32} for Llama-3.1-8B-Instruct; (ii)
entropy-scaler: scaling factor for adjust-
ing the next token probability distribution -
{0.2, 0.4, 0.6, 0.8}.

• END: (i) relative-top: threshold for
applying plausibility constraint while con-
trastive decoding - {0.1, 0.01, 0.001}; (ii)
entropy-scaler: scaling factor for adjust-
ing the next token probability distribution - for
TruthfulQA-MC, Natural Questions, and Triv-
iaQA {0.25, 0.375, 0.5} and for TruthfulQA-
Gen {1.0, 2.0, 3.0}.

• PruneCD: (i) k-layers: number of layers
pruned - [1, 4] for Llama-3.2-1B-Instruct, [3,
6] for Llama-3.2-3B-Instruct, and [3, 8] for
Llama-3.1-8B-Instruct; (ii) cd-temperature:
[1.0, 1.5] for TruthfulQA and [0.1, 0.3] for
other datasets.

• DeCoRe: (i) k%-heads: percentage of re-
trieval heads to mask globally from the model;
(ii) cd-temperature: uses an entropy-guided
dynamic CD temperature.

• AttentionCD: (i) k%-heads: percentage of
task-specific heads to mask from each layer of
the model; (ii) layers-to-ablate: range of
decoder layers where attention heads should
be masked. We use either High layers - the up-
per half, Low - the lower half, or All decoder
layers in the model; (iii) cd-temperature:
uses an entropy-guided dynamic CD temper-
ature for TruthfulQA-MC, {1.0, 1.5, 2.0} for
TruthfulQA-Gen, a static {0.1} for Natural
Questions and {0.1, 0.5} for TriviaQA.

Compute Resources We used NVIDIA H200
GPUs for the discovery of task-specific attention

heads, the hyperparameter sweep, and the evalua-
tion runs.

E Task-specific Attention Heads

To study the overlap of attention heads, we com-
pute Average Intersection over Union on the sets
of heads. Given the sets of heads A and B, we
compute Average IoU between them as follows:

Average IoU =
1

N

N∑

i=1

|Ai ∩Bi|
|Ai ∪Bi|

E.1 How different are the heads discovered by
the same indicators for different
validation samples?

We discover attention heads for each dataset fol-
lowing the indicators JSD Delta and DS Delta sep-
arately for (i) different numbers of validation sam-
ples and (ii) different splits of the same number of
validation samples. In Figure 8, the orange line
indicates the overlap between JSD heads discov-
ered by different numbers of validation samples,
and the blue line indicates the overlap between
different JSD heads discovered by different splits
of the same number of validation samples. For
this case, across datasets and models, we observe
a consistently high overlap of over 75% between
heads discovered by JSD both when we use dif-
ferent numbers of validation samples and different
folds of validation samples. This indicates that our
head selection strategies are robust and result in
similar resultant heads when the number and splits
of validation samples change.

E.2 How different are the heads discovered by
different indicators?

Further, we want to study the extent of overlap be-
tween the heads discovered following JSD Delta
and DS Delta separately. The green line indicates
the overlap between JSD heads and DS heads dis-
covered by means of the same validation samples.
In this case, there is little overlap between JSD
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Figure 8: Comparison of head overlap across indicators and validation samples. We measure the average IoU
between heads discovered for (i) the same indicator with different validation samples (blue), (ii) the same indicator
with a different number of validation samples (orange), and (iii) different indicators with same validation samples
(green).

Figure 9: Comparison of head overlap across datasets. We measure the average IoU between heads discovered for
different dataset pairs: Natural Questions vs. TriviaQA (blue), Natural Questions vs. TruthfulQA (orange), and
TriviaQA vs. TruthfulQA (green). The top panel shows JSD heads, and the bottom panel shows DS heads.
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Figure 10: Ranking of ablated Layer Ranges. Rank 1 is
the highest (brightest) and Rank 3 is the lowest (lightest).
Legend: NQ - Natural Questions, TfQA - TruthfulQA,
1B - Llama-3.2-1B-Instruct, 3B - Llama-3.2-3B-Instruct,
8B - Llama-3.1-8B-Instruct.
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Figure 11: Ranking of Masking Threshold (%). Rank
1 is the highest (brightest) and Rank 9 is the lowest
(lightest). Legend: NQ - Natural Questions, TfQA -
TruthfulQA, 1B - Llama-3.2-1B-Instruct, 3B - Llama-
3.2-3B-Instruct, 8B - Llama-3.1-8B-Instruct.

Figure 12: Comparison of how masking attention heads
in different layer ranges functions at different masking
thresholds. The right responses are marked in green.
Model: Llama-3.2-1B-Instruct, CD Temp: 0.1.

heads and DS heads. Average IoU in this case
crosses 50% only at higher thresholds of over 50%
across datasets and models. This is a clear indica-
tion that the heads discovered by different indica-
tors are sufficiently different.

E.3 How different are the heads discovered
for different datasets?

In Figure 9, we study how the heads discovered for
different datasets are different from one another. In
general, the overlap between JSD heads is higher
(crossing over 50% Average IoU at a threshold
of over 10%) than the corresponding DS heads
(crossing over 50% Average IoU at a threshold
of over 50%). We argue this as a direct result of
the stronger downstream-task influence on the DS
heads selection compared with the weaker task-
specific influence on JSD heads. However, we note
that for similar datasets, Natural Questions and
TriviaQA, the heads overlap is higher, indicated
by the blue line, than when compared to (Natural
Questions, TruthfulQA) pair indicated by the or-
ange line or (TriviaQA, TruthfulQA) pair indicated
by the green line.

E.4 Cost of Head Discovery
For a decoder model with n layers and h heads per
layer, AttentionCD demands a head discovery cost
of around O(n2 ∗ h). As an indicator of the head
discovery cost, we report the cost for discovering
heads for the model Llama-3.2-1B-Instruct for the
Truthful-QA dataset with 150 validation samples
on an NVIDIA H200 GPU below:

• AttentionCD-JSD takes around 6 min.

• AttentionCD-DS takes around 1 h.

This costly head discovery stage can be fur-
ther optimized using (i) more efficient batching
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Model Method
TruthfulQA MC TruthfulQA Gen TriviaQA NQ

MC1 MC2 MC3 Truth% Info% T*I% EM F1 EM F1
(↑) (↑) (↑) (↑) (↑) (↑) (↑) (↑) (↑) (↑)

Mistral-7B-
Instruct-

v0.3

Greedy 47.09 65.13 35.99 78.23 76.46 59.81 65.62 64.90 34.76 33.21
DoLa 44.30 63.63 32.02 78.10 91.14 71.18 65.46 64.41 35.04 32.46
ActD 43.54 53.00 31.82 77.09 88.23 68.01 65.84 65.05 35.10 33.25
END 46.46 64.00 36.31 77.97 90.63 70.67 65.57 64.79 35.01 33.19

PruneCD 48.10 60.38 35.70 85.06 90.89 77.31 66.61 65.85 35.46 34.00
AttentionCD-JSD 44.18 60.18 32.08 81.65 96.20 77.85 66.32 65.41 35.57 33.45
AttentionCD-DS 44.12 59.84 31.85 80.00 95.44 75.44 66.50 65.77 35.48 33.39

Table 4: Performance of Greedy , Layer-based and Head-based CD techniques with Mistral-7B-Instruct-v0.3.
We bold the best scores.

at inference, and (ii) an optimized head discovery
following the layer selection strategy adopted by
PruneCD. Given a layer range, one could reduce
the number of layers to ablate using the SLEB al-
gorithm and then perform head discovery on these
reduced sets. We leave these optimizations for fu-
ture work.

F Experiments with non-Llama models

To show how AttentionCD generalizes to non-
Llama models, we ran experiments on Mistral-
7B-Instruct-v0.3. The results are reported in Ta-
ble 4. The trends look similar to the Llama
variants, where AttentionCD falls short in the
multiple-choice QA task with TruthfulQA-MC and
performs on par with other techniques for open-
ended generation tasks. For this model, we ob-
serve AttentionCD-JSD performing better than
AttentionCD-DS, unlike the trend seen with Llama
models.

G Detailed Validation Results

G.1 Layer Ablation

Based on our validation runs across different tasks
and models, we study the layer ranges that, when
ablated, result in the best invasive strategy for Atte-
nionCD. As shown in Figure 10, for AttentionCD-
JSD, we see that Low regions of the models result
in the best contrastive signal, and for AttentionCD-
DS, the High regions of the models result in the
best contrastive signals when ablated.

G.2 Masking Threshold

We study how many attention heads should be
masked from each decoder layer to result in re-
liable contrastive signals for AttentionCD with the
help of our hyperparameter k%-heads. We range
this value between 1% (where we mask only the

top-1% heads per layer of the model) and 100%
(where we mask all the heads in the layer). From
Figure 11, it is evident that for AttentionCD-JSD,
masking top-1% heads per layer generally results in
better contrastive signals, and for AttentionCD-DS,
masking top-20% heads results in better signals.

We show in Figure 12 how masking attention
heads in different layer ranges functions at differ-
ent masking thresholds. For the question "Where
did fortune cookies originate?", greedy decoding
generates an incorrect response, falling under the
common misconception of fortune cookies having
originated in China. This is also the case with At-
tentionCD when we mask heads only from the Low
layers of the model. The result does not get better
even when we mask top-100% (all attention heads)
from these layers. However, when we mask heads
from High layers, we can see that AttentionCD
generates the right response starting from top-25%
heads masked.

G.3 CD Temperature

CD temperature is crucial in controlling the con-
tribution of amateur logits from the ablated model.
Prior work introduced static CD temperature as
a hyperparameter (Chuang et al., 2024; Yu et al.,
2025), and a few others resort to a dynamic CD
temperature setting (Gema et al., 2025; Yuan et al.,
2024). We study the effect of both settings and
choose the best according to the dataset.

In Table 5, we compare and contrast setting a
static versus a dynamic CD temperature. For the
open-ended generation task with Natural Questions,
we set a static CD temperature of 0.1, and for the
multiple-choice QA task with TruthfulQA-MC, we
use 1.0. Following Gema et al. (2025) and Yuan
et al. (2024), we compare this setting against a dy-
namic CD temperature set per sample based on
the entropy of the base model logits. It is evident
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Model Method
TruthfulQA MC NQ

MC1 MC2 MC3 EM F1
(↑) (↑) (↑) (↑) (↑)

Llama-
3.2-1B-
Instruct

Greedy 26.84 45.92 21.63 18.81 17.33

JSD + Dynamic CD 28.10 47.88 21.98 17.53 15.98
JSD + Static CD 27.22 44.20 20.74 19.00 17.15

DS + Dynamic CD 29.11 48.47 22.66 16.12 15.19
DS + Static CD 28.99 44.71 21.40 18.84 17.41

Table 5: Comparison of setting a static CD temperature with a dynamic CD temperature.

from the results that the multiple-choice QA task
benefits from a dynamic CD temperature, and the
open-ended generation task benefits more from a
static CD temperature. Motivated by this observa-
tion, we conducted our final evaluations, setting
a dynamic CD temperature only for the multiple-
choice QA task.

G.4 Repetition Penalty

Method Repetition
Penalty

TruthfulQA Gen

%Truth %Info %T*I
(↑) (↑) (↑)

AttentionCD-
JSD

1.2 56.08 95.57 51.65
1.4 55.70 95.70 51.39
1.6 55.57 95.57 51.14
1.8 55.95 95.44 51.52
2.0 55.70 95.70 51.52

AttentionCD-
DS

1.2 53.54 94.56 48.23
1.4 54.18 95.95 50.13
1.6 55.06 96.58 51.65
1.8 55.06 96.46 51.65
2.0 55.44 96.46 52.03

Table 6: Comparison of AttentionCD variants at dif-
ferent repetition penalties. Model: Llama-3.21-1B-
Instruct.

Repetition penalty is a decoding parameter that
penalizes repetitive token generation by the model
while ensuring coherence in the responses. Prior
work (Chuang et al., 2024; Yu et al., 2025) set
a repetition penalty of 1.2 to control the model
generation after contrastive decoding. However,
Chuang et al. (2024) also observes that techniques
like Li et al. (2023) benefit from different values of
repetition penalties. Thus, we study the influence
of repetition penalties on AttentionCD variants.

In Table 6, we observe that AttentionCD-JSD
benefits very little from setting a higher repetition
penalty. However, AttentionCD-DS performs bet-
ter at a higher repetition penalty of 2.0. While this
finding helps us in further refining AttentionCD-DS

responses individually, to ensure a fair evaluation
with other CD techniques, we ensured to set a com-
mon repetition penalty of 1.2 across CD techniques
for our final evaluation.

H Task-specific Heads vs. Retrieval
Heads

Model Method
NQ

EM F1
(↑) (↑)

Llama-
3.2-1B-
Instruct

Greedy 18.81 17.33
Global JSD Heads 18.89 17.33
Global DS Heads 18.59 17.27

Global Retrieval Heads 18.70 17.13

Llama-
3.2-3B-
Instruct

Greedy 30.83 28.48
Global JSD Heads 31.83 29.20
Global DS Heads 31.94 29.15

Global Retrieval Heads 31.80 29.05

Llama-
3.1-8B-
Instruct

Greedy 36.98 34.90
Global JSD Heads 37.20 34.78
Global DS Heads 37.31 34.92

Global Retrieval Heads 37.20 34.96

Table 7: Comparison of global task-specific heads
against retrieval heads

While DeCoRe (Gema et al., 2025) masks only
retrieval heads to build contrastive signals for con-
trastive decoding, AttentionCD masks task-specific
attention heads to obtain the contrastive signal. In
their original work, Gema et al. (2025) report evalu-
ation results by (i) masking 10-100 retrieval heads
and (ii) using different CD temperature settings —
the one using dynamic CD temperature based on
the entropy of base model logits performing the
best, in general. Our work is different from theirs
since we mask k%-heads per layer to study which
layer ranges should be ablated for the maximal
invasive strategy for Head-based CD.

To draw better insights into the different types
of heads discussed, we evaluated both approaches
under similar conditions. For this, (i) we set a
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Method
TruthfulQA MC TruthfulQA Gen TriviaQA NQ

∆ Average Rank
∆ ∆ ∆ ∆ ∆ ∆ ∆ ∆ ∆ ∆

MC1 MC2 MC3 Truth% Info% T*I% EM F1 EM F1
(↑) (↑) (↑) (↑) (↑) (↑) (↑) (↑) (↑) (↑) (↑) (↓)

Greedy – – – – – – – – – – – –

DoLa 2.01 -3.54 -6.12 -17.52 38.54 38.72 -0.15 -0.65 0.77 -2.21 5.0 4
ActD -3.62 1.36 -3.52 -17.12 33.30 31.33 1.03 0.90 1.27 -0.01 4.5 6
END 1.41 1.06 3.19 -1.80 5.70 8.26 0.24 0.11 0.62 -1.62 1.7 7

PruneCD 7.76 2.39 2.86 -0.98 41.64 54.41 1.29 1.08 2.01 1.10 11.4 1

DeCoRe 8.87 3.56 0.70 -19.53 38.32 38.53 -4.87 -5.87 -5.70 -7.53 4.6 5
AttentionCD-JSD 4.78 1.92 -1.08 -16.75 43.58 47.12 1.18 1.32 2.05 0.58 8.5 3
AttentionCD-DS 7.20 2.67 0.94 -11.44 48.84 56.10 2.01 1.20 1.69 1.40 11.1 2

Table 8: Delta performance improvement of Layer-based and Head-based CD techniques over Greedy decoding.
We bold the best scores and underline the second-best scores. Ranks are calculated based on the final average delta
scores.

static CD temperature of 0.1 for Natural Questions,
(ii) masked heads globally from the model (and not
from each layer), and (iii) used a common threshold
of top-10%. We report the results in Table 7. We
observe that in this controlled setting, masking task-
specific heads globally outperforms masking only
retrieval heads globally.

I Delta Performance Improvement

To find the overall performance improvement of dif-
ferent CD techniques over greedy decoding, firstly,
we find the per-model per-technique delta improve-
ment over greedy decoding for each metric. We
then average these delta improvement scores across
models for a given technique and a given metric.
These values are populated in Table 8 and denoted
as “∆ <metric-name>". To find the final rank as an
indicator of performance improvement over greedy
decoding, we average the per-metric delta scores
across the different tasks, given as “∆ Average".
Ranks are then computed based on these average
delta scores.

Based on the average delta scores, PruneCD per-
forms the best overall, ranked # 1 with around
+11.4% performance improvement over greedy de-
coding. AttentionCD-DS ranks # 2 with an aver-
age of +11.1% improvement over greedy decoding.
AttentionCD-JSD follows shortly with an average
improvement of over +8.5% over greedy decoding.
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