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Abstract—Large language models (LLMs) excel in the tasks
such as text generation for question answering and reasoning, but
still remain prone to hallucination due to semantic drift, factual
errors, and verbalized repetition, which restrict the reliability
when building the knowledge-grounded applications. Existing
remedies such as fine-tuning, prompt engineering, and retrieval-
augmented generation improve the performance but suffer from
high computational cost, architectural complexity, and limited
transferability. This paper presents the learnable contrastive de-
coding (LCD), a decoding-time editing that enhances the semantic
fidelity without altering parameters. Inspired by the locate–edit
paradigm in model editing, LCD identifies the semantically
critical intermediate layers via a trained selector and edits the
outputs through an attention-based fusion module that contrasts
these layers with the final-layer distribution. This dynamic
and learnable reasoning corrects the biases and improves the
alignment. Experiments on WritingPrompts, TruthfulQA, and
GSM8K show LCD outperforms the other methods in factuality,
consistency and diversity, while the ablations confirm the neces-
sity of both layer selection and fusion. Overall, LCD provides
a lightweight, semantically aware intervention that mitigates
hallucination without fine-tuning, advancing the controllability
and reliability of LLM based on state-space model using RWKV.

Index Terms—large language model, hallucination mitigation,
contrastive decoding, model editing, early exit

I. INTRODUCTION

Large language models (LLMs) have been advanced rapidly
through the innovations in large-scale training based on trans-
former architecture [1]. Transformers, built on self-attention
mechanism, sufficiently captures the global dependencies to
achieve the breakthroughs across a variety of natural lan-
guage processing tasks [2], [3], exemplified by the LLMs
through GPT [4] and LLaMA [5]. Beyond the transformer
topology, the state-space machines (SSMs) [6] such as the
receptance weighted key value (RWKV) [7] integrates the
temporal efficiency using recurrent neural networks with the
scalability using transformers. By replacing self-attention with
state-space–inspired time-mixing and incorporating with the
channel mixing, RWKV achieves linear-time complexity for
long-range modeling in LLMs while maintaining the state
representations for efficient autoregressive decoding.

Despite these advances, LLMs remain prone to hallucination
[8], [9] caused by factually incorrect, unsupported, or repeti-
tive outputs, which undermine the reliability in knowledge-

critical applications [10], [11]. The strategies to mitigate
hallucination range from the architectural redesign and the
training refinement [12] to inference-time decoding. Among
them, the decoding-time methods are particularly attractive, as
they directly shape the generation without retraining. Recent
findings emphasize that the semantic signals are varied across
the layers or hidden states, motivating the strategies that
explicitly leverage the enhancement of inter-layer divergence.

The studies on model interpretability showed several find-
ings. First, the earlier transformer layers basically encode the
shallow linguistic cues, while the deeper layers capture the
richer semantics [13]–[15]. The knowledge neurons are usually
clustered and located in the upper layers [16]. The factual
knowledge could be modified by editing the feedforward mod-
ules [17]. These insights inspire the development of contrastive
decoding methods, which contrast the logits between higher
and lower layers to amplify the “factual” signals, facilitating
a trustworthy generation using LLMs. The RWKV’s block-
wise recurrence, producing the temporally smoothed hidden
states, offers a natural platform to enhance the inter-layer
contrast. However, the prior methods like DoLa [18] still
remain constrained due to the static and handcrafted contrast
functions, lacking the token-level adaptability.

Inspired by the model editing [19], [20] via the “locate–edit”
paradigm, this study reinterprets the decoding as a task of
representation-level functional editing. The intermediate layers
are located to run the early-exit [21] classifiers and to calculate
the divergence metrics. The outputs are edited through the
learnable, attention-weighted fusion to make the final-layer
predictions. This paper hypothesizes that the semantic gaps
between layers reflect the differences in knowledge fidelity that
can be dynamically bridged. By leveraging the RWKV’s recur-
rent block structure and the attention-based contrastive fusion,
this study enables the token-level modulation to leverage the
factual and coherent decoding using LLMs. The contribution
of this study are threefold via

1) introducing a decoding-time framework that performs
intra-model contrastive reasoning by dynamically select-
ing and fusing intermediate and final layer signals for
model editing during inference,

2) presenting an attention-based fusion mechanism that
adaptively adjusts contrast strength to enable the token-



level semantic correction while preserving the fluency,
3) demonstrating the superiority to prior contrastive meth-

ods in factuality, coherence, and diversity, extending
the scope of model editing from parameter updates to
lightweight, decoding-time interventions.

II. BACKGROUND SURVEY

A. Model Editing

Model editing aims to provide an efficient and interpretable
mechanism to edit the factual associations in LLMs by di-
rectly modifying the feedforward neural networks (FFNs)
using multilayer perceptron (MLP) in the transformers. The
underlying insight of the resulting rank one model editing
(ROME) [17] is to reflect the hypothesis that FFNs would
like to encode and edit for the persistent factual memory
through the low-rank interventions, which alter the model
predictions while preserving the unrelated behaviors. Given
the text sentence x = [x1, . . . ,xT ] as initial input h(0), the
hidden representation at token xt and layer ℓ is calculated as
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t denotes the attention output by attn(·) and m
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denotes the feedforward transformation via an activation σ(·)
and normalization γ(·) with two-layer projections W

(ℓ)
proj and
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last layer L, the interventions on m
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the factual predictions. To identify which components encode
the facts (e.g. predicting the token “Paris” for the query
“capital of France”), the causal tracing was utilized [17]. This
scheme involves comparing a clean forward pass with the
corrupted run given by the perturbed input embeddings p∗(o)

and the restored run where one intermediate activation h
(ℓ)
t

is replaced with its clean counterpart p∗
clean,h(ℓ)

t

(o) where the
probability p(·) of emitting o is measured. The contribution
of an activation h

(ℓ)
t is measured by its indirect effect (IE)

defined as p∗
clean,h(ℓ)

t

(o) − p∗(o). The analysis of the average
IE across examples revealed that the early feedforward layers
m

(ℓ)
t strongly encode the factual memory while the later

attention layers mainly enhance the fluency of the generation.
Based on this finding, two-layer FFN projection with di-

mensions d1 and d2 can be seen as a linear associative
memory. For a given layer ℓ, the second FFN projection
W

(ℓ)
proj ∈ Rd2×d1 maps the keys K = {kt} ∈ Rd1×t to values

V = {vj} ∈ Rd2×t in a way of

V = W
(ℓ)
projK or W

(ℓ)
proj = V K+ (4)

where K+ is the pseudoinverse of K. To inject a new factual
association (k∗,v∗) as shown in Figure 1, one seeks an

Fig. 1: Illustration of how an association between tokens in
input (“policy”) and output (“copying”) in sentence “company
policy is no copy” is used to update the projection Ŵ through
key k∗ (as a subject) and value v∗ (as an object) due to an
activation h

(ℓ∗)
t at a selected layer ℓ∗. Shapes in orange, blue,

purple and green denote input/output head, state, attention,
MLP, respectively.

updated projection Ŵ satisfying Ŵk∗ = v∗. A closed-form
rank-one update to minimize ∥ŴK − V ∥2 was obtained by

Ŵ = W +Λ(C−1k∗)⊤, C = KK⊤, Λ =
v∗ −Wk∗

(C−1k∗)⊤k∗ .

(5)
A rigorous framework is accordingly established for factual
knowledge editing [22] by tracing the causal contributions of
FFNs to factual predictions, interpreting FFNs as the associa-
tive memory banks, and injecting new knowledge through effi-
cient rank-one updates. The model’s precision, interpretability,
and efficiency inspire the later functional approaches such
as contrastive decoding and decoding-time editing, which are
here integrated and proposed for dehallucination.

B. Contrastive Decoding

To enhance the generation in test time, an intra-model
decoding paradigm was proposed to leverage the evolving
semantics across the layers in a transformer, unlike the tra-
ditional contrastive decoding [23]–[26], which contrasted the
outputs from different models. This approach would like to
eliminate the need for auxiliary models. Using the LLMs
consisting of L stacked blocks, the earlier layers typically
encode shallow syntactic or positional features while deeper
layers capture the factual abstraction and reasoning pattern.
To exploit this hierarchy, the decoding by contrasting layers
(DoLa) [18] contrasted the output of the final “mature” layer
L with that of a dynamically selected “premature” layer M .

Let h(ℓ)
t ∈ Rd denote the hidden state at token xt at layer

ℓ, and let ϕ : Rd → R|V| denote the shared projection head
Vhead in a size of |V|, producing the token distribution as

qℓ(xt|x<t) = softmax
(
ϕ(h

(ℓ)
t )

)
. (6)

The decoding distribution can be formulated by contrasting
the prediction distributions of a mature layer qL relative to a



premature layer qM with a vocabulary V via

p̂(xt|x<t) = softmax (F(qL(xt), qM (xt))) , (7)

F(qL(xt), qM (xt)) =

{
log qL(xt)

qM (xt)
, if xt ∈ Vhead(x<t)

−∞, otherwise.
(8)

The adaptive plausible filter F restricts the contrast to act as
the semantically viable candidates, controlled by parameter λ

Vhead(x<t) = {x ∈ V : qL(x | x<t) ≥ λmax
w∈V

qL(w | x<t)}.
(9)

A central innovation using contrastive decoding was its token-
level dynamic selection of the premature layer M , chosen
according to the Jensen–Shannon divergence (JSD)

M = arg max
ℓ∈[1,L]

JSD(qL(·|x<t)∥qℓ(·|x<t)) . (10)

Layers with the maximal divergence are treated as the semantic
transition points where the factual knowledge is consolidated.
By optimizing this inter-layer contrast, an efficient and self-
contained decoding strategy is implemented to amplify the
factual signals, mitigate the hallucination, and adapt across
different tasks without retraining. Such a formulation high-
lights how internal semantic shifts across layers can be directly
exploited for faithful generation.

(a) (b)

Fig. 2: (a) Overview of the learnable contrastive decoding
(LCD) implemented under RWKV-v5 [7] where the special-
ized time mixing (purple) and channel mixing (green) are con-
figured to generate output sequence from input sequence. (b)
Illustration of early exit inference using an 32-layer RWKV.

III. LEARNABLE CONTRASTIVE DECODING

This study develops the learnable contrastive decoding
(LCD) scheme, which fulfills the locate–edit paradigm for
model editing during inference, without modifying the LLM
parameters. By contrasting the intermediate and final layer

representations through an attention-weighted fusion, LCD
would like to enhance factual signals, reduce hallucination,
and preserve fluency with minimal overhead in text generation.
Figure 2(a) depicts an overview of LCD, implemented in
RWKV [7] where the layer selection and the early exit, as
shown in Figure 2(b), are performed.

A. Locate: Dynamic Intermediate Layer Selection

The first step of LCD would like to identify an intermediate
contrastive layer ℓ∗ that preserves the factual or localized
semantics, which are complementary to the generalized distri-
bution of the final layer. To this end, LCD augments the model
with ℓ−1 off-ramp classifiers {f1, . . . , fℓ−1} in previous lay-
ers, each producing the next-token logits from its hidden state.
Training proceeds in two stages. First, the final layer L is fine-
tuned on next-token prediction to establish a fluent baseline
distribution qL(xt|x<t). Next, with the backbone frozen, each
off-ramp is trained independently by minimizing the cross-
entropy loss between target output y and actual output fℓ(x; θ)
with parameter θ at layer ℓ

Lℓ =
1

|D|

∑
(x,y)∈D

H(y, fℓ(x; θ)) (11)

where D is a dataset. During inference, LCD computes the
entropy H(ℓ)

t of each off-ramp output ŷt as a proxy for pre-
dictive confidence. The layers with entropy below a threshold
τ are used to build the early-exitable candidate set

Et = {ℓ ∈ [1, L−1] | H(ℓ)
t < τ}. (12)

Among these confident layers, the most semantically distinct
layer relative to the final layer L is chosen via Jensen–Shannon
divergence (JSD) as

ℓ∗ = argmax
ℓ∈Et

JSD(qL(·|x<t)∥qℓ(·|x<t)) . (13)

This hybrid selection strategy ensures that the selected layer ℓ∗

does not only hold the predictive information but also encode
the divergent semantics, effectively reflecting the model’s “be-
lief transition points”. By contrasting what the model becomes
generalized in deeper layers with what remains grounded in
earlier representations, this method situates itself within the
model editing via the paradigm of locating internal sources of
knowledge before conducting the intervention.

B. Edit: Contrastive Fusion with Learnable Attention

Once ℓ∗ is identified, the next step is to edit the model’s
prediction at the distributional level through a learnable,
contrastive fusion of intermediate and final layer logits. This
mechanism transforms the inter-layer semantic disagreement
into a constructive correction signal, aligning with the model
editing paradigm where latent knowledge is located and mod-
ulated to steer the outputs of LLMs. Using this method, the
hidden states from the final block h

(L)
t and from the selected

contrastive block h
(ℓ∗)
t are first projected into d-dimensional

query, key and value spaces to assess their semantic relation

qt = Wqh
(L)
t , kt = Wkh

(ℓ∗)
t , vt = Wvh

(ℓ∗)
t . (14)



Fig. 3: Illustration of LCD framework where early-exit head
θ, cross attention {Wq,Wk,Wv} and MLP Wproj are learned
for decoding time in presence of tokens xt−2, xt−1 and xt.

The cross-attention alignment score is computed as

αt = softmax
(

qtk
⊤
t√
d

)
(15)

which captures the extent to what the final state at layer L
attends to the intermediate state at layer ℓ∗. This alignment is
aggregated into a scalar gate

ω = wp∥αtvt∥2, ω ∈ [0, 1] (16)

where wp is a normalization scale over layers L and ℓ∗, and
ω adaptively reflects the reliability of intermediate evidence.
Intuitively, when the intermediate state agrees with the final
representation, ω remains small and yields only mild correc-
tion. Conversely, strong misalignment increases the value of
ω, amplifying the contrast to surface the alternative semantic
cues that may have been suppressed in deeper layers.

As shown in Figure 3, the fused logits are calculated as

q̂(xt) = (1− ω)qL(xt) + ωqℓ∗(xt) (17)

which provides a dynamic interpolation between the gen-
eralized final-layer belief and the fact-sensitive intermediate
signal. This calculation ensures that the proposed LCD does
not merely enhance the token distribution but also modulate
the contribution via a learnable, differentiable attention gate,
enabling the token-level adaptability across varying contexts.

To further guarantee the semantic plausibility, this method
introduces an embedding-aware loss Le. Given the fused
prediction distribution, yielded with an projection matrix Wproj

p̃(xt|x<t) = softmax(Wprojq̂(xt)) (18)

the predicted semantic embedding is calculated as the expec-
tation over the token embedding matrix E from inputs x

êt =
∑
x∈V

p̃(xt)E[x] (19)

and aligned with the ground-truth embedding eyt = E[yt]
through cosine similarity in finding the embedding-aware loss

Le = 1− cos(êt, e
y
t ). (20)

The overall loss is then constructed as L = Lℓ∗ + Le, which
is minimized to update θ, {Wq,Wk,Wv} and Wproj to fulfill
the learnable contrastive decoding.

IV. EXPERIMENTS

A. Experimental Settings

1) Experimental datasets: We employed four datasets to
evaluate the performance of the proposed method. Babi-
long [27] was used to train the early-exit classifier, offering
the long-context question-answering with precise supervision.
TruthfulQA [28] was used to guide the fusion training for
factual alignment and truthfulness evaluation under adversarial
prompts [29], [30]. For testing, GSM8K [31] was used to
assess the performance for multi-step reasoning while Writing-
Prompts [32] was used to evaluate the narrative generation in
coherence, fluency, and diversity [33]. These datasets were uti-
lized to validate the capability of the proposed method across
reasoning, factual precision, and open-ended generation.

2) Comparison models: This study compared the proposed
LCD implemented in LLMs based on 32-layer Pythia [34] and
RWKV Eagle/Finch [7], covering the transformer-based LLM,
state-space LLM, and the intra-model contrastive method
based on DoLa [18]. Numbers of model parameters including
1.4b, 1.5b, 1.6b and 3b were considered. All models shared the
identical decoding settings with the same prompt formats and
hyperparameters in the experiments. AdamW optimizer with
batch size 8 and weight decay parameter 0.01 was used. This
consistent setup would like to highlight the LCD’s benefits
from dynamic layer selection and attention-based fusion over
both non-contrastive and static contrastive baselines.

3) Evaluation metrics: We evaluated different methods
under various backbone LLMs with the metrics capturing
factuality, semantics, and generation quality. ROUGE-L [35]
measures the lexical overlap via the longest common sub-
sequence. BERTScore [36] evaluates the semantic similarity
through contextual embeddings via recall and F1 measures.
MAUVE [37] assesses the distributional alignment of the gen-
erated texts with the human texts. Distinct-N [38] measures the
lexical diversity via unique n-grams. Coherence is computed
with the SimCSE embeddings [39], and GSM8K accuracy (%)
reflects the exact numeric match. All these metrics provide
a balanced evaluation of factual accuracy, semantic stability,
fluency, and diversity of the generated texts.

TABLE I: Results on various metrics using different methods
on WritingPrompts. The best result was shown in bold.

Method MAUVE ↑ Diversity ↑ Coherence ↑
Pythia-1.4b 0.09 0.16 0.51
Eagle-1.5b 0.20 0.79 0.53
Eagle-1.5b+DoLa 0.25 0.91 0.58
Finch-1.6b 0.24 0.86 0.57
Eagle-1.5b+LCD 0.29 0.94 0.63
Pythia-3b 0.22 0.56 0.61
Eagle-3b 0.31 0.87 0.65
Eagle-3b+LCD 0.40 0.93 0.74

B. Experimental Results

a) WritingPrompts: Table I shows the results on text
generation in the task of WritingPrompts, with 9,000 creative
prompts requiring multi-paragraph continuations where the



TABLE II: Results on various metrics using different methods
on TruthfulQA and GSM8K.

Method TruthfulQA GSM8K

ROUGE-L↑ BERTScore↑ ACC↑

Recall F1

Pythia-1.4b – – – 7.7
Eagle-1.5b 0.14 48.6 48.3 6.9
Eagle-1.5b+DoLa 0.19 48.9 48.7 7.6
Finch-1.6b 0.21 50.4 50.1 7.4
Eagle-1.5b+LCD 0.25 51.8 51.5 10.8

Pythia-3b - - - 11.1
Eagle-3b 0.28 56.2 55.9 9.7
Eagle-3b+LCD 0.33 58.8 58.6 14.2

TABLE III: Ablation studies on TruthfulQA using RWKV
Eagle-1.5b in different metrics. LW, LS and EE mean learnable
weighting, layer selection and early exit, respectively.

Method ROUGE-L ↑ BERTScore ↑ Coherence ↑

LW LS Recall F1

× – 0.14 48.6 48.3 5.60
× fixed 0.16 46.2 45.7 5.62
× JSD 0.19 48.9 48.7 5.67
✓ fixed 0.21 47.4 46.3 6.11
✓ JSD 0.24 50.1 49.7 7.06
✓ EE+JSD 0.25 51.8 51.5 7.31

proposed LCD demonstrates superior narrative quality and
consistently achieves the highest MAUVE, diversity, and co-
herence, producing more coherent and diverse stories in text
generation when compared with the other baselines including
static contrastive decoding using DoLa [18]. Different back-
bones without contrastive decoding and different model sizes
are evaluated in this task.

b) TruthfulQA: TruthfulQA contains 1,791 adversarial
questions probing truthfulness under misconceptions. We
adopt the comparative settings and evaluate different methods
with ROUGE-L and BERTScore covering recall and F1. As
shown in left-hand-side of Table II, the proposed LCD yields
the best scores across different metrics, surpassing DoLa under
RWKV using Eagle-1.5b. LCD as an adaptive contrastive
decoding performs better than static contrastive decoding using
DoLa as well as the one without contrastive decoding where
different backbones with different model sizes are evaluated.

c) GSM8K: We also evaluate different methods on
GSM8K, a dataset of 1,317 math word problems, requir-
ing multi-step reasoning. Different models generate the final
numeric answers, and the accuracy is measured by exact
match. As shown in right-hand-side of Table II, the proposed
LCD significantly improves the performance, achieving 10.8%
accuracy versus 6.9–7.7% relative to the other methods.

C. Ablation Study

This paper conducts the ablation studies on TruthfulQA with
RWKV Eagle-1.5b to examine the role of individual LCD
components. As shown in Table III, using a fixed intermediate

layer (layer 12) yields only minor gains, while JSD-based
dynamic selection improves the performance by leveraging the
semantic divergence. Adding the learnable weighting for the
fusion of logits further boosts the results on ROUGE-L and
BERTScore. The best results are obtained when combining
with the learnable weighting based on the early-exit–guided
JSD selection (EE+JSD). These findings confirm that both
dynamic layer selection and learnable fusion are essential to
the improvement by using the proposed method in evaluation
of factuality, fluency, and semantic coherence.

V. CONCLUSIONS

We have presented the learnable contrastive decoding,
a decoding-time framework that applies the locate–edit
paradigm of model editing without altering LLM parameters.
The proposed LCD identifies the semantically informative
intermediate layers via entropy and divergence based signals,
then edits the decoding through attention-weighted fusion
with the final layer. This solution transforms the inter-layer
disagreement into constructive evidence, amplifying the factu-
ality, mitigating the hallucination, and preserving the fluency
with minimal overhead. Beyond the practical gains, LCD high-
lights the link between decoding control and representation-
level editing. By showing that factual signals are unevenly
distributed across layers and can be adaptively modulated
through contrastive fusion, LCD provides an interpretable
and reversible mechanism for steering model behavior. Fu-
ture directions include multi-layer fusion, adaptive early-exit,
and integration with retrieval or memory systems to further
improve the controllability in an open-ended text generation.
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