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Abstract: Large language models, despite their strong performance, frequently produce hallucinated
content due to excessive reliance on pre-trained knowledge while insufficiently integrating newly
provided context. We introduce LACD, a technique that dynamically rebalances probability distri-
butions across layers, ensuring critical context is not overshadowed. By emphasizing new prompt
information, LACD alleviates lower-layer dominance and mitigates hallucinations. On the HotPotQA
dataset, LACD outperforms basic context injection baselines by approximately 2.2% in Exact Match
(EM) and matches or exceeds advanced methods such as DoLa and CAD. LACD also demonstrates
robust gains on SQuAD, underscoring its capacity to reduce hallucinations while improving factual
consistency. Overall, these findings highlight the importance of carefully integrating newly provided
context with pre-trained knowledge to achieve more reliable language generation.

Keywords: Large Language Models; Hallucination; Decoding Strategy; Dynamic Layer selection

1. Introduction

Large language models (LLMs) show outstanding performance in various natural language
processing (NLP) tasks and possess the ability to generate coherent and fluent text. However, these
models have limitations in the form of hallucinations—i.e., generating content not grounded in their
pre-trained knowledge or provided context. Such issues can pose serious risks in fields that demand
high reliability, including medicine and law. For instance, in a medical context, a model might provide
incorrect diagnostic information, while in the legal domain, it might offer inaccurate legal advice,
leading to tangible harm.

Existing approaches to mitigating hallucinations can be broadly classified into prompt-based
methods and decoding strategies [1] Prompt-based methods aim to have the model better reflect
contextual information by structuring input data or incorporating external resources. Representative
examples include Chain of Thought (CoT) [2], which guides step-by-step reasoning, and Tree of
Thought (ToT) [3], which exploits multi-path inference. However, recent research indicates that these
approaches do not directly modify the internal representations of the model, thus hallucinations can
persist, particularly in tasks requiring complex reasoning.

To overcome these limitations, research attention has increasingly turned to decoding strategies.
Context-Aware Decoding (CAD) [4] highlights contextual information by leveraging the probability
difference of outputs when context is presented versus omitted. However, CAD can overly suppress a
model’s pre-trained knowledge, leading to diminished text quality. Another method, Decoding by
Contrasting Layers (DoLa) [5], analyzes differences among transformer layers to accentuate the factual
knowledge stored in higher layers. Yet DoLa relies solely on internal model knowledge rather than
external sources, and it only operates during the inference phase. Both methods share a common
limitation: failing to effectively balance contextual information with pre-trained knowledge.

To address this shortcoming, in this paper we propose Layer-Aware Contextual Decoding (LACD),
which emphasizes contextual information while effectively utilizing information within model layers.
LACD dynamically adjusts the balance between context and pre-trained knowledge, analyzing token
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distributions at the layer level so the importance of contextual information is reflected. Furthermore, it
considers interactions among layers to seamlessly integrate the model’s internal knowledge with the
newly provided context. As a result, the model is less likely to over-rely on its pre-trained knowledge
and can more precisely incorporate the newly given context. Ultimately, LACD helps the model clearly
represent the provided context while generating text that is more factual and trustworthy.

This paper is organized as follows. Section 2 provides an overview of existing approaches to
hallucination mitigation and baseline decoding methods, serving as the foundation for our work. In
Section 3, we introduce our proposed LACD framework, illustrating how layer-level token distributions
can help balance newly provided context with the model’s internal knowledge. Section 4 then describes
our experimental evaluation, including the datasets, experimental setup, and prompt construction for
few-shot examples. Next, Section 5 presents our empirical findings, comparing LACD’s performance
against existing advanced methods Subsequently, Section 6 discusses broader implications, potential
limitations, and future research directions. Finally, Section 7 summarizes the primary contributions
and outlines directions for further investigation.

2. Relative Works
2.1. Hallucination

With the advancement of large language models (LLMs), hallucination has emerged as an im-
portant research topic. Hallucination refers to information generated by LLMs without factual basis,
including content that either does not exist or contradicts the given context. This phenomenon signifi-
cantly limits the application of LLMs in domains requiring high reliability, such as summarization,
question answering (QA), legal, and medical data processing [1].

The causes of hallucination are broadly categorized into three types[6]. First, conflicts between
a model’s prior knowledge and the input context can cause hallucination. LLMs have strong prior
knowledge learned from vast amounts of web data, making them prone to generating unrealistic
responses when encountering conflicting new information. Second, insufficient input context can lead
to hallucination. When inadequate information is provided, the model attempts to fill in incomplete
data based on learned patterns, potentially resulting in hallucination. Third, limitations in decoding
strategies are responsible. Due to the probabilistic nature of autoregressive text generation, LLMs can
assign non-negligible probabilities to tokens lacking factual grounding, particularly under ambiguous
or conflicting contexts.

Various studies have been conducted to address this issue, notably proposing methods such as
CAD and DoLa. These approaches aim to mitigate hallucination by fully utilizing the model’s existing
pretrained capabilities, thus reducing hallucination without the need for additional fine-tuning.

2.2. CAD

Another recent approach proposed to address hallucinations caused by conflicts between context
and prior knowledge in large language models (LLMs) is Context Aware Decoding (CAD).

CAD employs a decoding strategy that contrasts the probability distributions predicted by the
model in "context-provided" and "context-free" states, allowing contextual information to effectively
override the model’s prior knowledge. Specifically, it leverages the concept of pointwise mutual
information (PMI) to reweight the probability distribution by assigning higher weights to tokens
whose probabilities significantly increase when context is provided.

This approach encourages pretrained models to actively incorporate newly provided contexts
without additional fine-tuning, effectively mitigating hallucinations in tasks such as summarization
and QA. Notably, CAD has shown particular effectiveness in knowledge-conflict scenarios—such as
when updated information contradicts outdated knowledge stored in the model—enabling accurate
context-based responses.

Empirical evaluations using summarization datasets such as CNN-DM[7] and XSUM[8], as well
as knowledge conflict tasks like NQ-Swap[9] and MemoTrap[10], have demonstrated significant
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improvements in ROUGE-L, accuracy, and factuality metrics. These results illustrate that CAD
effectively reduces hallucinations and enhances factuality simply by strengthening the emphasis on
contextual information during decoding, without retraining model parameters.

2.3. DoLa

DoLa has been proposed as an approach to mitigate hallucinations by exploiting differences in
logit distributions between internal layers of large language models. Unlike traditional Contrastive
Decoding, which utilizes differences in probability distributions between two separate models, DoLa
compares token distributions derived from intermediate layers (early exit) and the final layer within a
single model. Using Jensen-Shannon Divergence (JSD)[11], DoLa dynamically identifies the layer with
the greatest distributional shift and leverages this difference to prioritize the selection of factual tokens.

This method emphasizes factual knowledge already embedded in the model, thus enhancing
factuality and reliability during generation without external knowledge or additional fine-tuning.
When applied to large language models such as LLaMA[12] or GPT-4[13], DoLa has been reported
to effectively produce accurate knowledge-based responses and reduce hallucinations. Evaluations
across various benchmarks, including TruthfulQA[14], FACTOR[15], StrategyQA[16], and GSM8K[17],
have shown significant improvements in factual reasoning performance, demonstrating the capability
of DoLa to more effectively utilize the model’s internal information without additional computation or
training.

3. Methodology
3.1. Background

Large-scale language models consist of an embedding layer, N Transformer [18] layers, and an
affine layer for final prediction. The input token sequence is first converted into a vector sequence
by the embedding layer. As these vectors pass through each Transformer layer, they progressively
integrate semantic and contextual information. Let h(?) be the output of the i-th Transformer layer,
and let h(N) be the output of the final (N-th) layer, which most strongly reflects the model’s learned
knowledge. The affine layer then predicts the probability distribution for the next token as follows:

p(xt | x<t) = softmax(WT{th)}). (1)

In this formulation, t denotes the current time step for which the token is to be predicted, with
prediction based on tokens generated up to time step ¢t — 1. The model leverages the previous tokens
x<¢ (i-e., all tokens preceding time step t) to predict the probability distribution for the next token x;.

The weight matrix W € R%* V| projects the hidden vector into the vocabulary dimension. This
projection results in a logit vector of dimension |V|, which is subsequently transformed by the softmax
function to yield the probability distribution across all possible tokens in the vocabulary.

3.2. Contextual Conflicts with Pre-trained Knowledge

FigurelA illustrates the Contrast Decoding process for handling potential conflicts between
context and pre-trained knowledge. Given a context c and an input query x, the language model
generates an answer y. Formally, this can be written as:

po(ye| e x,y<t) o eXp(logite (ye lc x,y<t))- (2)
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Figure 1. An overview of the entire architecture.

However, when provided context c falls outside the scope of the model’s pre-trained data or
conflicts with previously learned knowledge, the model may inadequately incorporate c, defaulting
excessively to outdated or conflicting pre-trained information. For example, if the question is “Which
country most recently won the Euro?” and the context states “Spain won the 2024 UEFA European
Championship,” the model might still produce the incorrect answer “Italy,” based on its older learned
data.

To address this issue, we propose combining the probability distribution that reflects the given
context with one that primarily relies on pre-trained knowledge, in a contrastive fashion. In the i-th
layer early exit, the adjusted distribution can be defined as:

T+acex

(Pe (yt | x,y<t))7%tx, 3)

where ac is a hyperparameter that modulates the importance of contextual information by

p;dj (yt | C/er/<t) S (Pe(yt \ C/x/]/<t)>

adjusting the ratio between the probabilities with and without c. Through this contrastive adjustment,
the approach seeks to reconcile pre-trained knowledge with newly provided context, thereby reducing
erroneous predictions and improving overall accuracy and contextual alignment.

3.3. Early Exit Mechanisms for Improved Context Integration
FigurelB illustrates how the LLaMA-7B model uses an intermediate layer’s hidden vector hgi) to
extract the next-token probability distribution in the form of

pxe | x<t) = softmax(WThgi)). (4)

This approach aims to mitigate the issue of excessive reliance on pre-trained knowledge—which
can lead to overlooking newly provided information—by identifying the point at which the newly
given question or input has already been sufficiently incorporated within the model’s internal layers.
In doing so, it helps control potential hallucinations or biases that may become more pronounced in
the final layers.

Subsequently, by performing Contrast Decoding between the probability distributions obtained
from the selected intermediate (i-th) layer and the final (N-th) layer, the model verifies whether the
tokens, whose probabilities sharply increase in the higher layers, align with the information the model
is better understanding while processing the given input. Early Exit is utilized to pinpoint the point at
which the model sufficiently integrates the new information.

We want to use the Early Exit mechanism to focus on how the model has utilized the given
information and which layers have successfully understood it. So, we conduct the context-conflict
across all layers. From there, we perform Contrast Decoding by dynamic Layer selection to choose the
most relevant layer that best represents the information the model has integrated.
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3.4. Appropriate Layer Selection

Large language models, built on the Transformer architecture, process input information progres-
sively through multiple layers. In this process, the lower layers typically capture relatively general
patterns (e.g. syntactic features), while the upper layers focus on more nuanced semantic content (e.g.,
factual knowledge) [19]. Using these layer-wise shifts in information, we propose a decoding strategy
that highlights the newly provided context. Specifically, by analyzing output probability distributions
at selected layers, adjustments are made whenever the model’s pre-trained knowledge neglects or
misrepresents the given context.

3.4.1. Dynamic Layer Selection

As illustrated in Figure 2, Transformer-based language models produce their final output at the
top-most layer, where semantic and pre-trained knowledge are synthesized to generate a response. By
contrast, the lower layers contain comparatively simpler syntactic features or initial predictions and are
therefore likely to be less influenced by newly provided context. To exploit this property, we compare
the probability distributions of these lower layers with that of the final layer, then dynamically select the
intermediate layer whose distribution differs the most. Specifically, if a token has a low probability
in a lower layer but a high probability in the final layer, it likely reflects a strong influence from
newly provided context. By identifying such tokens—through comparison with the final layer—and
leveraging them, we can generate more reliable outputs.

Spain R wen _ Eure —_— 2024
LACD .
Outputs | ™ | N H
- . I = — .
LLaMA-78 \
Contrgsy Contragy Contrgsy Contragy
32 |ayer — /
e
3 |
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| Whe won Eure 20247 | <S> Spain wen Eure

(a) Dynamic Layer Selection via Contrast Decoding

Figure 2. Illustration of the dynamic layer selection mechanism.

3.4.2. Comparison via JSD

To compare the output probability distributions of each candidate layer with that of the final
layer, we employ the Jensen—-Shannon Divergence (JSD). JSD is a symmetric measure of the difference
between two probability distributions, defined as:

1 1
JSD(P || Q) = SKL(P || M) + SKL(Q || M), ©)
where M is the average of the two distributions:
M=3(P+Q), (6)

and KL(- || ) is the Kullback-Leibler Divergence [11], a non-symmetric measure of distributional
difference. In our framework, the selected layer is the one whose distribution P exhibits the highest JSD
relative to the final-layer distribution Q, indicating that context information has begun to be effectively
integrated.
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3.4.3. Contrast Decoding Between the Final Layer and the Selected Layer

Figure 2 also depicts how Contrast Decoding is applied between the final (N-th) layer and the
selected layer identified in the previous step. Specifically,

N 1
Pcontrast = (1 + ‘Xlayer) p adj — O‘layer p és::lj’ (7)

where pgéj denotes the adjusted distribution from the final layer and ngll] the adjusted distribution
from the selected (intermediate) layer. By partially compensating the final layer’s distribution with
Xayer times the selected-layer distribution, this approach suppresses tokens overly influenced by
pre-trained knowledge and preserves the newly incorporated context captured earlier. Finally, the next
token is selected via

X = argmax Pcontrast- (8)

By choosing the intermediate layer that best reflects newly provided information and contrasting
it with the final layer, the model more thoroughly retains contextual cues, mitigating hallucinations or
biases that could arise from excessive reliance on pre-trained knowledge.

4. Experiments
4.1. Datasets

In this paper, we evaluate our proposed method on three QA datasets: the distractor set of the
HotPotQA [20] validation dataset, SQuAD [21]. HotPotQA is a large-scale question-answering (QA)
dataset based on Wikipedia paragraphs, specifically designed to require multi-hop reasoning. We use
the distractor set to assess our model’s ability to handle complex contextual information and multi-step
inference. The Stanford Question Answering Dataset (SQuAD) is a widely-used QA benchmark
consisting of questions and answers derived from Wikipedia paragraphs, making it suitable for
evaluating reading comprehension and single-paragraph answer extraction.

4.2. Experimental Setup

As our baseline model, we employ huggyllama/llama-7b, which has been pre-trained on a
broad range of text data encompassing dialogue and question-answering tasks. Instead of conducting
additional fine-tuning, we modify only the decoding process to observe changes in performance. For
our experiments, we set the ac to 0.31 for HotPotQA and 0.7 for SQUAD, based on heuristic selection.
We also use the 16th layer as the start layer and set the ajaye; to 0.5. For evaluation metrics, we measure
Exact Match (EM) and F1 scores, providing a comprehensive assessment of both the accuracy and
overall quality of the answers generated by the model. All experiments were conducted on a system
equipped with two NVIDIA RTX 4090 GPUs.

4.3. Prompt Construction and Few-shot Examples

In our research, we perform the question-answering task using only few-shot prompts, without
applying any additional fine-tuning to the pre-trained model. To this end, we prepare six ques-
tion—answer examples in a demo-text format in advance. Sample questions (e.g., 'Is Mars called the
Red Planet?’) mainly involve relatively simple general knowledge, while the corresponding answers
(for example, "yes’ or 'Mount Everest’) are clearly defined to guide the model effectively.

In Table 1, we provide a concrete example of how prompts are constructed and how a few-shot
setup can be presented. In particular, when contextual information is needed, it can be included

”

in the format “Supporting information: ...” to encourage the model to leverage that additional
context. Conversely, the “no-context” setting simply connects the preprepared few-shot examples with
the question in a straightforward QA format; in this case, the model relies solely on its pre-trained
knowledge and the demonstration examples to infer an answer. By preparing these two variations, we

can compare the model’s output depending on whether additional context is provided or not.
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Table 1. Prompt Configuration and Few-shot Template

Prompt Content

Interpret each question literally, and as a question about the real world; and you can also draw on
the “Supporting Information.”

Q: Is Mars called the Red Planet?

A: yes.

Q: What is the tallest mountain in the world?
A: Mount Everest.

Q: Who wrote the play ’Romeo and Juliet’?

A: William Shakespeare.

Q: What is the capital city of Australia?

A: Canberra.

Q: Which element has the chemical symbol °0°7
A: Oxygen.

Q: Was the Mona Lisa painted by Leonardo da Vinci?
A: yes

Supporting Information: Rodri is the MVP player of Euro 2024.

Q: Who won Euro 20247
A:

5. Results and Analysis
5.1. Main Results

Table 2 presents the performance of various models on three QA datasets: HotPotQA, TriviaQA,
and SQuAD, evaluated by Exact Match (EM) and F1 scores. Without contextual information, the
baseline model performs poorly (e.g., 2.23% EM and 4.33% F1 on HotPotQA), indicating the limitations
of relying solely on pre-trained knowledge. Incorporating additional context significantly enhances
accuracy, with the baseline (w. context) reaching 38.84% EM and 52.91% F1 on HotPotQA.

Table 2. Exact Match(EM) and F1-score on two QA datasets (HotPotQA and SQuAD).

HotPotQA SQuAD
Model EM Fl | EM H
Baseline (w/o context) | 2.23  4.33 269  4.62
Baseline (w. context) 38.84 5291 | 15,61 2531

DoLa [2023] 3893 56.50 | 16.62 28.30
CAD [2024] 39.08 55.70 | 30.12 45.29
LACD (Ours) 41.01 56.84 | 31.62 48.60

Meanwhile, DoLa [2023] and CAD [2024] offer further improvements over the context-based
baseline, demonstrating that fine-tuning the interplay between context and internal knowledge helps
mitigate hallucinations. Both methods exceed 55% F1 on HotPotQA, reflecting their success in effec-
tively leveraging context.

Our proposed method, LACD, achieves the highest scores across both datasets. On HotPotQA,
LACD reaches 41.01% EM and 56.84% F1, outperforming the baseline by approximately 2.17% in EM
and 3.93% in F1. On SQuAD, the improvement is even more substantial, with LACD achieving 31.62%
EM and 48.60% F1, compared to the baseline’s 15.61% EM and 25.31% F1. These results highlight the
effectiveness of LACD in integrating pre-trained knowledge with additional contextual cues across
different QA tasks.

5.2. Experimental Results for start layer Selection

We introduce a start layer parameter to reduce the computational overhead of comparing all layers
in the model. Specifically, instead of evaluating contrastive decoding at every layer, the model begins
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from a chosen start layer and only compares layers above that threshold. By varying this start layer
from L2 to L30, we observe how performance shifts as the model leverages earlier vs. later layers.

HotPotQA EM by Start Layer HotPotQA F1 by Start Layer

40

35

30 45

25

EM Score
F1 Score
N
S

20 354

L2 L4 L6 L8 L10 L12 L14 L16 L18 L20 L22 L24 126 L28 L30 L2 14 L6 L8 L10 L12 L14 L16 L18 L20 L22 124 126 L28 L30
Start Layer (L2 - L30) Start Layer (L2 - L30)

Figure 3. HotPotQA EM and F1 Scores by Start Layer

Figure 3 illustrates the EM and F1 scores on HotPotQA for different start layers. The scores
remain relatively stable until around the 18 layer, after which a noticeable drop occurs. This trend
is consistent with our prior observations that earlier layers capture vital contextual information and
are thus pivotal for accurate question answering. Once the model begins contrastive decoding from
too deep a layer (e.g., L20 or beyond), it effectively bypasses some of the crucial context alignment
happening in earlier layers. Consequently, it relies on representations that are already more task- or
semantics-focused, rather than continuing to refine the overarching contextual cues.

These findings align with our hypothesis that later Transformer layers, though informative
semantically, do not necessarily reintroduce essential context for multi-hop QA. By starting at deeper
layers, the model risks omitting the context-building steps, leading to a decrease in both EM and F1.
In practical terms, setting the start layer too high reduces the effectiveness of contrastive decoding,
suggesting an optimal trade-off between computation and performance around the mid-to-lower
layers.

5.3. Experimental Results of the Contrast-Decoding Layer ajayer

In this experiment, we examine the effect of varying the contrast-decoding coefficient aj,ye; on the
performance of the LACD approach. The results for HotPotQA EM and HotPotQA F1 are summarized
in Table 3.

From the table, we observe that aj,ye; = 0.50 yields the best performance in terms of Exact Match
(EM). Specifically, at ajayer = 0.50, the EM score reaches 41.01, and the F1 score is 56.84. Notably, the
EM score at this value of a,ye; is the highest among all the values tested.

For ajayer = 0.40, the EM score is slightly lower at 40.99, but the F1 score still improves to 56.81.
Conversely, increasing ajayer to 0.60 results in a slight decrease in EM score to 40.96, though the F1
score peaks at 56.85.

At the extreme values of aj,yr, both 0.30 and 0.70, we notice a slight degradation in performance.
Specifically, the EM scores drop to 40.95 and 40.94, respectively, while F1 scores remain stable but do
not surpass the performance observed at Xjayer = 0.50.

These findings suggest that aj;yer = 0.50 provides the optimal balance between the final and
intermediate layers, leading to the best performance in terms of both EM and F1 scores. When ayer is
too large or too small, the model struggles to effectively combine pre-trained knowledge with newly
provided context, resulting in suboptimal performance.
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Table 3. Performance for different aj,ye; values in the LACD approach.

Xayer HotPotQA EM HotPotQA F1
0.30 40.95 56.75
0.40 40.99 56.81
0.50 41.01 56.84
0.60 40.96 56.85
0.70 40.94 56.83

5.4. Ablation Study

Layer selection strategy. To investigate the effectiveness of our proposed dynamic layer selection
strategy, we conducted an ablation study comparing our Jensen-Shannon Divergence (JSD) based
approach against static layer selection at different depths of the model. Table 4 presents the results of
this comparison on the HotPotQA dataset.

Table 4. Experimental Results for Comparing Layer by Selection in HotPotQA

Layer Selection Strategy Layer Exact Match (EM) F1

static 12 40.70 56.66
static 16 40.73 56.62
static 20 38.79 37.70
static 24 7.67 23.98
static 28 2.99 17.21
JSD (Ours) - 41.01 56.84

The results clearly demonstrate that our dynamic layer selection strategy outperforms all static
layer configurations. When examining static layer selection, we observe an interesting pattern: perfor-
mance initially improves slightly from layer 12 (40.70% EM, 56.66% F1) to layer 16 (40.73% EM, 56.62%
F1), suggesting that middle layers contain rich semantic representations useful for question answering.
However, performance degrades dramatically as we move to deeper layers, with layer 20 showing
significant F1 score degradation (37.70%), and layers 24 and 28 exhibiting catastrophic performance
drops (23.98% and 17.21% F1, respectively).

This performance pattern confirms our hypothesis that different layers capture different aspects
of knowledge and context representation. Shallow to middle layers tend to preserve more general
semantic information while deeper layers may specialize in more abstract or task-specific features that,
when used exclusively, can lead to over-specialization and reduced performance on complex QA tasks.

Our JSD-based dynamic layer selection approach, which achieves 41.01% EM and 56.84% F1, suc-
cessfully addresses this limitation by adaptively choosing the most appropriate layer representations
based on the specific input query and context. The dynamic selection enables the model to leverage
the most relevant knowledge representation for each instance, effectively combining the strengths of
different layers and avoiding the limitations of any single fixed layer.

The superiority of our approach becomes particularly evident when comparing against deeper
layers (20, 24, and 28), where static selection performance drops precipitously. This suggests that our
method effectively mitigates the potential negative impacts of less suitable layer representations while
capitalizing on the most informative ones, resulting in more robust QA performance across diverse

query types.
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EM Results According to a.t in Each Dataset
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Figure 4. Model performance across various ac settings in HotPotQA and SQuAD. Although a higher ac
benefits SQUAD by leveraging concise context, a moderate or lower acty is more suitable for the broader context
in HotPotQA.

Effect of the a.tx Parameter on HotPotQA and SQuAD. We examined how the context weighting
parameter aq affects model performance in each dataset. Our analysis showed that tuning ac leads
to different outcomes: in one dataset, a higher a tended to be more beneficial, whereas in the other
dataset, a moderate or lower setting resulted in better overall performance. This finding suggests
that each dataset’s unique characteristics require distinct parameter configurations, underscoring the
importance of carefully calibrating .« for optimal results.

6. Discussion

Our experimental results demonstrate that incorporating contextual information and carefully
adjusting decoding strategies can effectively reduce hallucinations, while improving both factual
correctness and linguistic quality. The substantial performance gap between the “no-context” and
“with-context” baselines on HotPotQA and SQuAD highlights the importance of newly provided
context. This finding corroborates previous studies on knowledge conflicts and contextual deficits in
large language models [9,10], reinforcing our working hypothesis that an LLM’s strong reliance on
pre-trained knowledge must be suitably balanced with new context to prevent outdated or conflicting
information from undermining generated responses.

Dynamic layer selection. Our experiments confirm that our JSD-based dynamic layer selection
strategy significantly outperforms static selection approaches. The dramatic performance degradation
with static selection at deeper layers (e.g., layers 20, 24, and 28) suggests that different layers capture
distinct aspects of knowledge representation. As shown in our ablation study, shallow to middle layers
(12-16) contain rich semantic representations beneficial for question answering, whereas exclusive
reliance on deeper layers can lead to over-specialization and reduced performance. The start layer
experiment further indicates that performance remains stable until around layer 18, after which scores
drop noticeably. This pattern supports the conclusion that earlier layers capture crucial contextual
information necessary for accurate responses, and omitting these layers in decoding diminishes the
model’s overall effectiveness.

Contrast-decoding coefficients. The analysis of the contrast-decoding coefficient aj,y., reveals that
moderate values (around 0.5) generally achieve stronger EM and F1, implying that a balanced weight-
ing of final-layer and lower-layer distributions is optimal. Excessively large ajayer may override newly
provided context, while overly small aj,y,; risks neglecting valuable higher-level semantic knowledge
embedded in later layers. Our observed performance peak at aj;ye, = 0.50 thus supports the notion
that an appropriate “middle ground” is required to integrate context effectively without forfeiting
essential pre-trained information.
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Comparison with related approaches. Both CAD and DoLa, which mitigate hallucinations by leverag-
ing pre-trained capabilities [4,5], showed modest gains over the context-inclusive baseline. By contrast,
our proposed LACD framework demonstrated a more pronounced improvement, indicating that
fine-grained control over how context is integrated—and how internal knowledge is adjusted—can
further boost response accuracy. On HotPotQA, LACD reached 41.01% EM and 56.84% F1, surpassing
both the baseline and other methods. On SQuAD, LACD achieved 31.62% EM and 48.60% F1, substan-
tially higher than CAD’s 30.12% EM and 45.29% F1. These results underscore the value of explicitly
modeling the interplay between new contextual cues and learned representations, rather than relying
solely on end-to-end pre-trained or fine-tuned strategies.

Limitations and future directions. Although our experiments offer promising insights, they are
limited to QA tasks focusing on HotPotQA and SQuAD. Future work could investigate the proposed
methods across broader domains such as summarization or specialized fields like biomedicine, where
hallucination risks have particularly significant implications. Another direction is to study how
dynamic layer selection and contrast decoding can be extended to different model architectures (e.g.,
encoder—decoder or mixture-of-experts). Additionally, exploring automated ways to adapt ajayer OF
the start layer per query—based on uncertainty estimates or user feedback—might yield an even more
robust and adaptive system.

Opverall, our findings reinforce that hallucinations are best mitigated through balanced approaches
that merge newly provided contextual cues with a model’s extensive but occasionally outdated or
conflicting pre-trained knowledge. By employing selective layer usage and finely tuned contrast
decoding, one can attain more reliable, context-appropriate generation in large language models.

7. Conclusions

In this paper, we proposed LACD, which integrates dynamic layer selection and contrast decoding
to mitigate hallucinations in large language models. Our experiments reveal that excluding context
severely degrades performance (e.g., EM dropping to around 2.22%), whereas incorporating additional
information and selectively balancing pre-trained knowledge with newly provided context results in
substantial gains in both accuracy and output quality.

Through variations in the contrast-decoding coefficient .t and adjustments to the starting layer,
we demonstrated that strategically balancing focus between lower-layer and final-layer representations
effectively mitigates hallucinated content and enhances exact-match (EM) performance.

In future work, we plan to extend this approach to broader tasks such as summarization, domain-
specific applications (e.g., medical or legal contexts), and multi-hop reasoning, further validating its
generality and robustness. Additionally, an automated mechanism to adapt « and the start layer on
a per-query basis—potentially guided by user feedback or uncertainty estimates—could offer more
flexible, context-sensitive generation in real-world scenarios.
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