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Abstract

Large language models can produce fluent yet
factually incorrect responses, limiting their re-
liability in knowledge-intensive applications.
Recent decoding methods seek to mitigate such
hallucinations by contrasting or amplifying sig-
nals from intermediate layers. However, not
every layerwise discrepancy provides a reliable
direction for factual decoding. We propose a
unified game-theoretic decoding framework for
large language models: intermediate-layer sig-
nals act as competing evidence, while the final
layer retains decision authority under explicit
constraints. Rather than applying a fixed lay-
erwise contrast, our framework treats changes
in intermediate predictions as evidence of the
language model’s evolving internal judgment,
and uses this evidence to guide decoding under
final-layer constraints. Experiments with three
backbone language models on multiple truth-
fulness and hallucination benchmarks demon-
strate the effectiveness of our framework in
improving factual reliability.

1 Introduction

Large language models (LLMs) can produce flu-
ent but factually incorrect responses, limiting their
reliability in knowledge-intensive applications (Ji
et al., 2023; Huang et al., 2025). This problem per-
sists even in strong models and across both closed-
form and open-ended evaluations (Lin et al., 2022;
Ravichander et al., 2025). Since retraining or exter-
nal verification is not always available, an impor-
tant question is whether factual reliability can be
improved directly at decoding time.
Inference-time decoding provides an attractive
intervention point because it can alter generation
behavior without parameter updates or an exter-
nal verifier for every output. Recent work sug-
gests that useful factuality signals may already
be present inside the model. Intermediate hidden
states can be projected into vocabulary-space dis-
tributions, exposing how next-token preferences
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Figure 1: Illustration of receiver-constrained evidence
bargaining for factual decoding. The upper panel shows
that direct layer contrast can over-amplify an unreliable
layerwise discrepancy and produce a wrong answer. The
lower panel illustrates our bounded correction strategy,
where the final-layer distribution serves as the receiver
prior and layerwise evidence coalitions guide the pre-
diction only within a constrained deviation from the
original model decision.

evolve across Transformer layers (Belrose et al.,
2023). Building on this observation, DoLa con-
trasts predictions from different layers to amplify
factual knowledge during decoding (Chuang et al.,
2024); SLED exploits the evolution of self-logits
across layers (Zhang et al., 2024); and PruneCD
constructs a contrastive self-model through layer
pruning rather than relying on early-exit logits (Yu
et al., 2025). Together, these methods establish lay-
erwise prediction dynamics as a promising source
of decoding-time supervision.

However, they leave a reliability issue unre-
solved: when is an internal signal reliable enough
to revise the final prediction? It may reflect latent
evidence, but it may be a transient or confidently
incorrect preference. As illustrated in Figure 1, di-
rectly amplifying such a discrepancy can override
a reliable final-layer decision.
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We address this issue by developing a reliable
inference-time correction principle, under which
intermediate-layer signals influence decoding only
when they are locally corroborated and their devia-
tion from the final decision is explicitly bounded.
Specifically, we propose a receiver-constrained ev-
idence bargaining decoder that treats layerwise
predictions as candidate evidence rather than di-
rect correction signals. At each decoding step,
we identify belief-resolution events, where predic-
tive uncertainty decreases sharply and the result-
ing preference is supported by neighboring lay-
ers. Witness layers around each event are pooled
into an evidence coalition, reducing sensitivity to
isolated layer fluctuations. The final-layer distri-
bution remains the receiver prior, while the coali-
tions propose internally supported alternatives. We
then compute the corrected distribution through a
weighted bargaining objective under a divergence
constraint from the receiver prior. Thus, internal
evidence may influence decoding only when sup-
ported across the layerwise trajectory, and can-
not induce an unconstrained departure from the
model’s original decision. Our method operates en-
tirely at inference time, without parameter updates,
retrieval, or external factual verification.

We evaluate our method on Truthful QA multiple-
choice and generation (Lin et al., 2022), FAC-
TOR (Muhlgay et al., 2024), PopQA (Mallen
et al., 2023), and HaluEval (Li et al., 2023), using
three instruction-tuned backbone models. Against
greedy decoding and strong inference-time fac-
tuality baselines, including DoLa, SLED, END
(Wu et al., 2025), and PruneCD, our method
achieves particularly consistent gains on Truth-
ful QA multiple-choice and PopQA, while remain-
ing broadly competitive in the more model- and
task-dependent open-ended settings. These results
support our central design principle: layerwise
signals are most reliable when used as corrobo-
rated, bounded internal evidence rather than uncon-
ditional correction directions.

Our contributions are summarized as follows:

* We introduce a receiver-constrained evidence
bargaining framework for factuality-oriented
decoding, which formulates layerwise predic-
tion dynamics as internal evidence and pre-
serves the final-layer distribution as a con-
strained receiver prior.

* We instantiate this framework with a training-
free decoder that detects belief-resolution

events, aggregates neighboring witness lay-
ers into event-level evidence coalitions, and
controls their influence through a bounded
bargaining objective.

* We conduct a systematic evaluation on
five factuality and hallucination benchmarks
across three backbone models. The results
show consistent improvements on factual can-
didate ranking and short-form factual recall,
while also revealing that the effectiveness of
decoding-time correction depends on the back-
bone model and evaluation setting.

2 Related Work

Layerwise Decoding for Factual Reliability. In-
termediate Transformer representations can be
projected into vocabulary-space distributions, ex-
posing how token preferences evolve across lay-
ers (Belrose et al., 2023). This observation
has motivated training-free decoding methods
for improving factuality. DoLa contrasts final-
and intermediate-layer predictions (Chuang et al.,
2024), while SLED exploits self-logit evolution
across layers (Zhang et al., 2024). Entropy-based
methods select internal signals according to cross-
layer uncertainty dynamics (Das et al., 2025; Wu
et al., 2025), and PruneCD constructs a contrastive
reference from a pruned self-model (Yu et al.,
2025). Unlike these methods, we do not treat
selected internal predictions as direct correction
sources. Instead, we use them as corroborated evi-
dence whose influence is bounded by the final-layer
prior.

Game-Theoretic Language Model Decoding.
The Consensus Game formulates language gen-
eration as a signaling game between generative and
discriminative querying modes, using equilibrium
search to reconcile their predictions (Jacob et al.,
2024). This perspective shows how competing
predictive signals can be balanced through game-
theoretic objectives during decoding in a principled
manner. Our setting differs in both players and ob-
jective: we formulate factuality-oriented decoding
as constrained bargaining between the final-layer
receiver prior and evidence coalitions derived from
the model’s layerwise predictive trajectory. The
final-layer distribution retains decision authority,
while intermediate-layer evidence can only induce
bounded and internally supported corrections.
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Figure 2: Overview of the proposed decoding framework. The base LLM first produces layerwise candidate
distributions, whose uncertainty changes are used to select salient belief-resolution layers. In Phase I, neighboring
witness layers around each selected event are pooled into event-level evidence coalitions. In Phase I, these coalitions
interact with the final-layer distribution as a receiver prior through a constrained bargaining game, producing a
corrected distribution that incorporates internal evidence while limiting unreliable deviations from the original

model prediction.

3 Method

To prevent an unreliable intermediate preference
from overriding a reliable final-layer decision,
we formulate factual decoding as a receiver-
constrained evidence bargaining problem. Interme-
diate layers first form locally corroborated evidence
coalitions (Phase I), after which these coalitions
negotiate with the final-layer distribution, which
serves as a privileged receiver prior (Phase II). The
resulting method is an inference-time LLM de-
coder: it modifies the next-token distribution of a
frozen autoregressive language model and requires
neither model updates nor an external factuality
verifier.

3.1 Receiver Prior and Layerwise Evidence

Consider an autoregressive LLLM generating to-
ken g given an input prompt x and a generated

prefix y¢. Let hg) be the hidden state at layer

¢ € {1,...,L}, where L denotes the final layer.
Applying the frozen vocabulary readout ¢ (-) of
the backbone model yields a layerwise next-token
distribution:

p,ge)( )= softmax(w(h(e))> ,wE V.

ey

w

Standard decoding predicts directly from piL).

These layerwise distributions expose how the
model’s token preferences evolve throughout the
forward pass. In contrast, we preserve ng) as the
receiver prior: it represents the model’s final deci-
sion before any internal intervention. Intermediate
distributions are not allowed to overwrite this de-
cision individually. Instead, they are used only to
construct evidence proposals whose influence must
be locally supported and bounded with respect to

the final-layer prediction.
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3.2 Phase I: Resolution-Guided Evidence
Coalitions

Figure 2 shows that the first phase operates on the
LLM’s layerwise uncertainty trajectory. We iden-
tify a belief-resolution event at an internal layer
where predictive uncertainty decreases and the re-
sulting token preference is supported by nearby
layers. Let Z = {/pin, ..., L — 1} denote the set
of candidate internal layers. For each ¢ € Z, we
compute the layerwise entropy and its positive re-
duction:

¢ {4 ¢
7Y =3 p(w)logpl” (w), @
weV
AP = [ -] 3)
+
where [z]4 = max(z,0). A sharp entropy reduc-
tion indicates that the LLM has become more deci-
sive, but it does not by itself imply a reliable correc-
tion direction. We therefore combine it with a local
. (0) .

persistence term C, ’, which measures agreement
with neighboring internal-layer distributions:

S = AP, )

We retain salient, non-overlapping maxima of St(z)
as the event set &;. For each selected event e € &,
neighboring witness layers are pooled into an event-
level evidence proposal v, ;. When multiple events
are present, a proposal receives a larger bargaining
weight w, ; only when it is both salient and consis-
tent with other selected proposals. Thus, Phase I
converts the layerwise trajectory into locally persis-
tent and cross-event corroborated evidence, rather
than exposing the final decision to an isolated layer
fluctuation. Appendix A.2 and Appendix A.3 spec-
ify the complete construction.

3.3 Phase II: Receiver-Constrained Evidence
Bargaining

We next reconcile the evidence coalitions with the

final-layer receiver prior. For any candidate cor-

rected next-token distribution ¢, € AlV!, we define

the receiver utility and the utility of evidence coali-

tion e as

Ur(q:) = exp [_DKL (Qt I ng)ﬂ :
Ue(qt) = exp[—Dkr(qt || vet)] - (5)

The receiver utility favors the original final-layer
distribution, whereas each coalition utility favors

the token preference supported by its local evi-
dence. We obtain the corrected LLM next-token
distribution through the weighted Nash-welfare bar-
gaining objective

pi = arg max Un(q)' ™" ] Uelqr)™*
qeAVI for ©6)

s.t. Dk, ((Jt HPEL)> <k,

where 1 € [0, 1] controls the total bargaining mass
assigned to internal evidence, Zee g Wet = 1, and
e > 0 specifies the maximum admissible departure
from the receiver prior.

Equation (6) separates evidence utilization from
decision authority. Unlike direct layer contrast,
evidence does not arise from an arbitrary interme-
diate layer, but from resolution-guided coalitions
supported by the model’s predictive trajectory. Un-
like an unconstrained combination of distributions,
the final layer remains privileged: even strongly
supported evidence can revise the next-token pre-
diction only inside the receiver’s admissible bound-
ary. If no belief-resolution event is selected, the
decoder falls back to the original final-layer dis-
tribution. Taking logarithms converts Eq. (6) into
a convex weighted-KL problem; the efficient con-
strained solver is derived in Appendix A.4.

3.4 Generation and Fixed-Choice
Instantiations

For open-ended generation, we apply the bargain-
ing operator at every autoregressive decoding step
and select the next token from pj. For fixed-choice
benchmarks, we apply the same operator to distri-
butions over complete answer candidates obtained
from layerwise continuation likelihoods. Impor-
tantly, no separately fitted receiver calibration is
introduced in the fixed-choice evaluation; the final-
layer receiver and intermediate layers are converted
to answer-space distributions using the same fixed
score transform.

Across both settings, the event-selection,
coalition-construction, and receiver-constrained ag-
gregation procedures remain unchanged. The only
difference lies in the prediction space on which the
bargaining operator is applied: token distributions
for generation and candidate-answer distributions
for fixed-choice evaluation. Appendix A.6 provides
the complete fixed-choice instantiation.
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Model Method TFQA MC TFQA Gen FACTOR PopQA HaluEval
MC1 MC2 MC3 I TxI Acc. Acc. Acc.
Greedy 38.43 57.01 32.13 89.10 43.82 39.04 61.38 27.65 68.27
DoLa 39.41 57.15 29.27 80.29 66.82 53.65 63.32 27.53 67.92
Llama-3.1-8B PruneCD 4332 6236 32.79 9449 85.68 80.93 65.00 27.18 69.00
END 4198 61.60 34.04 87.03 4945 43.04 61.95 27.58 66.67
SLED 41.12 61.74 3432 8776 7270 63.81 63.76 27.64 68.27
Ours 45.65 62.81 3544 9266 8348 77.35 65.06 30.26 68.28
Greedy 46.75 65.14 3528 83.10 7197 60.52 55.21 19.01 79.58
DoLa 4235 52.64 30.86 8849 6621 58.60 40.71 17.14 77.09
OQwen2.5-7B PruneCD 4332 6340 3126 80.78 82.01 66.25 58.58 19.03 75.08
END 43.57 6028 3298 8359 67.07 56.06 58.81 18.98 79.48
SLED 47.12 65.68 36.10 8421 64.63 54.42 58.31 18.99 79.33
Ours 4945 67.81 40.80 85.18 87.51 74.55 48.43 21.27 79.69
Greedy 48.71 66.29 37.59 79.80 7846 62.61 60.75 26.61 68.80
DoLa 4553 65.19 3346 7956 92.17 73.33 63.69 26.60 68.82
Mistral-7B PruneCD 48.83 61.20 37.00 86.54 92.66 80.19 64.46 26.38 68.84
END 48.59 6495 38.68 80.17 82.37 66.04 61.49 26.59 68.84
SLED 50.43 67.21 41.09 79.19 7895 66.03 67.67 26.61 68.80
Ours 51.04 65.58 4092 81.03 96.33 78.05 68.33 29.62 71.00

Table 1: Main results across three backbone models and factuality benchmarks. The best-performing results are
highlighted in green, and the second-best results are highlighted in blue.

4 Experiment

4.1 Experimental Setup

Benchmarks We evaluate the proposed decod-
ing framework on five benchmarks that cover fac-
tual question answering, hallucination detection,
and knowledge-intensive reasoning. TruthfulQA
(Lin et al., 2022) is used in both the multiple-
choice setting (TFQA MC) and the generation set-
ting (TFQA), where models must avoid common
human falsehoods while still producing informa-
tive answers. FACTOR (Muhlgay et al., 2024)
and PopQA (Mallen et al., 2023) further evalu-
ate factual knowledge and long-tail entity knowl-
edge, respectively. We also include HaluEval (Li
et al., 2023), which measures whether a model
can identify or avoid hallucinated content across
knowledge-grounded tasks. For all benchmarks,
we follow the official evaluation protocol when
available and keep the prompt format fixed across
decoding methods.

Models and Baselines We conduct experiments
on three instruction-tuned autoregressive language
models: Llama-3.1-8B-Instruct (Grattafiori et al.,
2024), Qwen2.5-7B-Instruct (Yang et al., 2024),
and Mistral-7B-Instruct-v0.3 (Jiang et al., 2023).
These models provide a diverse testbed across
model families while remaining comparable in
scale. To maintain a training-free comparison pro-

tocol, we restrict the baselines to decoding methods
that require neither additional policy training nor
task-specific supervision beyond the frozen back-
bone model. We compare our method with greedy
decoding, DoLa (Chuang et al., 2024), PruneCD
(Yuetal., 2025), END (Wu et al., 2025), and SLED
(Zhang et al., 2024). Greedy decoding serves as
the standard final-layer baseline, while the remain-
ing baselines represent recent inference-time ap-
proaches that modify the token distribution using
layerwise or contrastive signals. For a fair compar-
ison, each method uses the same backbone model,
prompt template, maximum generation length, and
answer extraction procedure on each benchmark.

Metrics For TFQA MC, we report the three stan-
dard multiple-choice scores used by the benchmark
script. For TFQA generation, we report truthful-
ness (T), informativeness (I), and their joint score
(T xI), which measure whether an answer is factual
and useful. For FACTOR, PopQA, and HaluEval,
we report accuracy following the corresponding
benchmark protocol. Higher values indicate bet-
ter factual reliability. Unless otherwise stated, re-
sults are averaged over the official test examples,
with the same random seed used for each backbone
model. All metrics follow the official evaluation
procedures.
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4.2 Implementation Details

All experiments are implemented in a unified Hug-
ging Face Transformers evaluation framework and
conducted on four NVIDIA GeForce RTX 5090
GPUs. We use bfloatl6 inference, seed 42, one
beam, and deterministic decoding. For choice-
based tasks, candidate answers are ranked by con-
tinuation log likelihood; for generation tasks, we
use task-specific output budgets. All methods share
the same prompts, stopping rules, answer extrac-
tion procedure, and model loading pipeline. We
evaluate DolLa, END, PruneCD, and SLED with
their recommended layer-selection and decoding
settings, with additional decoder specification and
task instantiation details provided in Appendix A.

4.3 Main Results

Table 1 presents the main results across three back-
bone models and five factuality settings. Using
one headline metric per setting (MC1 for TFQA
MC and T xI for TFQA Generation), our method
achieves the numerically best result on 11 of the 15
backbone—task combinations and ranks within the
top two on 14 of them. These results demonstrate
that our method provides consistent improvements
on factual candidate ranking and short-form fac-
tual recall, particularly on TruthfulQA MC and
PopQA. Performance on open-ended generation
tasks varies across models and evaluation protocols,
reflecting the difficulty of simultaneously optimiz-
ing truthfulness, informativeness, and generation
behavior. These results indicate that our frame-
work provides broadly effective improvements in
factual reliability, while the remaining exceptions
also show that the utility of decoding-time correc-
tion depends on both the backbone model and the
evaluation regime.

Consistent gains in factual selection and short-
answer recall. Our method is most consistent
on TFQA MC and PopQA. On TFQA MC, it ob-
tains the highest MC1 score for all three backbones
and achieves the best result on seven of the nine
reported MC metrics. In particular, it improves
MCI1 over greedy decoding by 7.22, 2.70, and 2.33
points on Llama-3.1-8B, Qwen2.5-7B, and Mistral-
7B, respectively. It also outperforms PruneCD on
all nine TFQA MC results, suggesting that the pro-
posed receiver-constrained evidence mechanism
provides more reliable factual preference ranking
under fixed candidate answers. The same cross-
model consistency is observed on PopQA, where

our method is best for all three backbones and im-
proves over greedy by 2.61, 2.26, and 3.01 points,
respectively. These results suggest that corrobo-
rated and bounded internal evidence is particularly
effective when the task requires selecting or recall-
ing a concise factual answer.

Open-ended generation and the scope of
PruneCD’s advantage. The results on TFQA
Generation are more heterogeneous because the
joint score depends simultaneously on truthfulness
and informativeness. PruneCD performs partic-
ularly well in this setting, obtaining the highest
T x1I score on Llama-3.1-8B and Mistral-7B, with
scores of 80.93 and 80.19, compared with 77.35
and 78.05 for our method. However, this advan-
tage does not hold uniformly across backbones. On
Qwen2.5-7B, our method achieves the best infor-
mativeness score (87.51) and the best joint score
(74.55), outperforming PruneCD by 8.30 points
in TxI. This comparatively large margin arises
because our method improves both truthfulness
(85.18 vs. 80.78) and informativeness (87.51 vs.
82.01) over PruneCD, rather than increasing infor-
mativeness at the expense of truthfulness. More im-
portantly, PruneCD’s advantage is concentrated in
open-ended TFQA generation: outside this setting,
our method outperforms PruneCD on 16 of the re-
maining 18 reported metric—backbone pairs, includ-
ing all nine TFQA MC metrics and all three PopQA
results. Thus, although PruneCD is a strong base-
line for open-ended truthfulness generation, our
method provides substantially more consistent ben-
efits across factual ranking and knowledge-recall
evaluations.

Greedy sufficiency and the risk of over-
correction. A notable pattern in Table 1 is that
additional decoding correction is not always bene-
ficial when greedy decoding is already competitive.
On HaluEval with Qwen2.5-7B, greedy decoding
achieves 79.58, outperforming DolLa, PruneCD,
END, and SLED; our method improves this already
strong baseline only marginally, to 79.69. Simi-
larly, on HaluEval with Llama-3.1-8B, our result
is effectively tied with greedy decoding (68.28 vs.
68.27). More broadly, relative to greedy decoding,
DoLa, END, PruneCD, and SLED underperform
on 17, 13,9, and 7 of the 27 reported metrics, re-
spectively, whereas our method underperforms on
only two. These regressions are consistent with a
potential over-correction risk: when the final-layer
receiver prior already yields a reliable prediction,
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strongly modifying it using imperfect intermediate-
layer signals may be unnecessary or even harmful.
In contrast, the substantially fewer regressions of
our method are consistent with its design goal of
exploiting internally supported evidence while lim-
iting unsupported deviations from the final-layer
decision.

Task-dependent exceptions. Our method ob-
tains the numerically best FACTOR accuracy on
Llama-3.1-8B and Mistral-7B, although the im-
provement over PruneCD on Llama-3.1-8B is small
(65.06 vs. 65.00). On Qwen2.5-7B, however, our
method performs poorly on FACTOR, falling be-
low both greedy decoding (48.43 vs. 55.21) and the
strongest baseline END (58.81). This failure case
suggests that the selected internal evidence may
still be misaligned with the continuation-ranking
behavior of a particular backbone—task combina-
tion. On HaluEval, our method yields a clear gain
on Mistral-7B (71.00, compared with 68.84 for the
strongest baseline), while offering only marginal or
negligible gains on the other two backbones. These
results further indicate that the effectiveness of in-
ternal correction depends on whether the final-layer
distribution leaves meaningful room for evidence-
supported revision.

Summary. Taken together, the results support
our central design principle: layerwise predictions
are most reliably used as corroborated and receiver-
constrained evidence for correcting uncertain or
incomplete final-layer decisions, rather than as un-
conditional correction directions that override a
receiver prior which may already be reliable.

4.4 Scaling Evaluation

To assess the scalability of our method to larger
language models, we further evaluate it on Llama-
3-70B-Instruct under the same prompts, task proto-
cols, and deterministic decoding settings as in the
main experiments.

On Truthful QA MC, our method substantially
outperforms DolLa and END across all three
metrics. Compared with DoLa, it improves
MCI1/MC2/MC3 by 8.08/5.70/6.69 points; com-
pared with END, the gains are 6.98/8.94/8.43
points. It is also competitive with SLED, trailing by
only 0.36 and 0.26 points on MC1 and MC2 while
achieving the best MC3 score by 0.93 points. These
results show that the proposed receiver-constrained
evidence mechanism remains effective for factual
candidate ranking at the 70B scale.

Method MC1 MC2 MC3 Truth Info TxI
Greedy  47.12 66.56 37.16 9522 26.68 2541
DoLa 40.27 61.58 3363 9510 29.01 27.59
SLED 48.71 67.54 3939 9571 2620 25.07
END 4137 5834 31.89 9523 2632 25.05
Ours 48.35 67.28 4032 90.83 62.18 56.48

Table 2: Results on Llama-3-70B-Instruct. Our method
achieves the best MC3, Info, and T xI scores while
remaining competitive on MC1 and MC2.

On Truthful QA generation, our method achieves
90.83/62.18/56.48 in Truth/Info/T xI. Its Info and
joint score more than double the strongest base-
line results of 29.01 and 27.59. Output inspec-
tion confirms that the baselines frequently produce
the prompt-permitted refusal “I have no comment,”
which preserves Truth but provides little informa-
tion. Our method produces substantially fewer re-
fusals and therefore achieves a stronger balance
among truthfulness, informativeness, and absten-
tion.

Table 2 reports the results on Truthful QA. Our
method consistently improves factual candidate
ranking compared with direct layer contrast base-
lines, demonstrating that the proposed evidence
aggregation mechanism remains effective at larger
model scales.

4.5 Ablation Study

We conduct ablations on TruthfulQA MC with
Llama-3.1-8B-Instruct. This setting provides a
controlled candidate-ranking testbed, allowing us
to isolate the effect of each decoding component
without generation-time answer extraction noise.
The ablations are designed around three questions:
whether internal layerwise evidence is useful be-
yond the final-layer receiver prior, whether such
evidence can be used through unconstrained fu-
sion, and whether belief-resolution selection and
witness-layer coalitions are necessary for stable
factual ranking.

We compare the full model with six ablated vari-
ants. Final-layer only removes all internal evidence
and directly uses the final-layer receiver distribu-
tion. Direct full-layer contrast replaces our evi-
dence formation and bargaining process with a di-
rect contrast between the final layer and internal
layers. Unconstrained geometric fusion uses the
same selected evidence coalitions as our method,
but removes the receiver KL constraint. Fixed-layer
selection replaces belief-resolution event selection
with a static layer choice. Event-layer only w/o
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Variant MC1 AMC1I MC2 AMC2 MC3 AMC3
Ours 45.65 0.00 62.81 0.00 3544 0.00
Final-layer only 38.43 =722 57.01 -5.80 32.13 -3.31
Direct full-layer contrast 35.62  -10.03 53.35 -9.46 2756 -7.88
Unconstrained geometric fusion  49.33 +3.68 5134 -1147 36.69 +1.25
Fixed-layer selection 4431 -1.34  61.84 -0.97 3435 -1.09
Event-layer only w/o witnesses ~ 45.53 -0.12  63.75 +0.94 32.77 -2.67
Mean coalition pooling 45.04 -0.61 61.88 -0.93 3491 -0.53

Table 3: Core ablations on TruthfulQA MC with Llama-3.1-8B-Instruct. Each variant removes or replaces one
key design choice of the proposed receiver-constrained evidence bargaining decoder. Deltas are absolute point

differences from the full model.

witnesses uses only the selected event layer as ev-
idence, without aggregating neighboring witness
layers. Mean coalition pooling keeps the witness
set but replaces similarity-weighted pooling with
uniform pooling.

Table 3 shows that the improvement does not
come from the final-layer likelihood alone. The
final-layer-only variant drops substantially across
all three metrics, indicating that selected internal
evidence provides useful information beyond the
original receiver distribution. However, simply ex-
posing the decoder to more layerwise signals is not
sufficient. Direct full-layer contrast performs even
worse than the final-layer-only variant, with drops
of 10.03 points on MC1 and 7.88 points on MC3.
This supports our central motivation: salient layer-
wise discrepancies may contain useful information,
but using them as unconditional correction direc-
tions can amplify unreliable internal preferences.

The unconstrained geometric fusion variant pro-
vides a more nuanced comparison. It improves
MCI1 and MC3 over the full model, but causes a
large drop on MC2. This suggests that removing
the receiver KL constraint can make the decoder
more aggressive in promoting a single preferred
truthful candidate, while distorting the calibrated
distribution over all truthful and false candidates.
Thus, the receiver constraint is not merely a conser-
vative regularizer for maximizing every individual
metric. Rather, it stabilizes the distributional rank-
ing behavior of the decoder and prevents internal
evidence from inducing an overly large departure
from the final-layer receiver prior.

The remaining variants examine the evidence for-
mation stage. Replacing belief-resolution selection
with fixed-layer selection consistently reduces all
three metrics, showing that input-dependent event
selection is more reliable than using a static layer
choice. This result supports the design of select-
ing evidence according to layerwise uncertainty

reduction and local support, rather than assuming
that the same internal layer is informative for every
instance.

The coalition ablations further show that witness
layers affect the balance between different rank-
ing metrics. Using only the selected event layer
slightly improves MC2, but substantially lowers
MC3, indicating that a single event layer is less
reliable for preserving pairwise preference consis-
tency between truthful and false answers. Simi-
larly, replacing similarity-weighted coalition pool-
ing with mean pooling weakens all three metrics.
Together, these results suggest that neighboring wit-
ness layers provide local corroboration that makes
the evidence proposal more stable.

5 Conclusion

We introduced a receiver-constrained layerwise ev-
idence decoding framework for improving factual
reliability in large language models. The key idea is
to treat intermediate-layer predictions as internally
generated evidence rather than direct correction sig-
nals, and to allow their influence only when they are
supported by neighboring layers and constrained by
the final-layer distribution. This enables inference-
time factual correction without parameter updates,
retrieval, or external verification.

Experiments across three backbone models and
multiple factuality benchmarks demonstrate that
our method provides consistent improvements on
factual candidate ranking and short-form factual
recall, while remaining competitive in more chal-
lenging open-ended generation settings. The ab-
lation and sensitivity analyses further show that
reliable internal evidence requires both corrobora-
tion across layers and controlled deviation from the
final-layer decision.

Our findings suggest that the layerwise predic-
tive trajectory of LLMs can serve as a useful
source of internal evidence when incorporated with
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appropriate reliability constraints. Future work
will explore more efficient evidence extraction
and adaptive activation strategies to improve the
performance—efficiency trade-off of inference-time
factuality enhancement.

Limitations

Although our method improves factual reliability
across multiple benchmarks, several limitations re-
main. First, it relies on internal layerwise evidence
and cannot recover facts absent from or incorrectly
represented in the base model without external re-
trieval or verification. Second, its effectiveness is
model- and task-dependent, with more consistent
gains on factual candidate ranking and short-form
recall than on open-ended generation. Finally, the
method introduces inference overhead from extract-
ing intermediate-layer predictions and constructing
evidence coalitions. Future work will explore effi-
cient layer selection and lightweight aggregation to
reduce latency while preserving factual reliability.
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A Complete Specification of the Proposed
Decoder

This appendix provides the complete computa-
tional specification of the receiver-constrained evi-
dence bargaining decoder introduced in Section 3.
All distributions are computed from a frozen autore-
gressive LLM and its layerwise next-token predic-
tions. During open-ended generation, the decoder
uses no gold labels, retrieval module, external fac-
tuality verifier, or parameter update.

A.1 Divergences and Numerical Stabilization

All layerwise distributions are obtained using the
same frozen vocabulary readout () as in Eq. (1).
To prevent undefined logarithms and divergences,
we apply a numerical floor { > 0:

max(p(w), ¢)
22 max(p(u), ¢)

All logarithms and divergences in the decoder are
computed using the stabilized distributions. For
distributions p and g over the same support, we use

Zp log (w) ®)

safe(p)(w) =

(M

Dx1.(pllq) = ()’
1 1
Djs(pllq) = §DKL<pHm) + §DKL(QHm)7
p+q
> 9

A.2 Belief-Resolution Event Selection
The candidate internal-layer set Z, entropy Ht(e) ,
positive entropy reduction Ag), and resolution

score St(é) are defined in Section 3.2. For each

candidate layer £ € Z, let
N()y={meZ:0<|m—L<r} (10

denote its local neighborhood. We define the local
persistence term as

o™ = exp(=Das (p1”I9™) /7).
1 (e;m)
RGP

meN;(0)

) = (11)
where 7. > 0 controls sensitivity to local disagree-
ment. When V,.(¢) = &, we set Ct(g) =0

If maxycr St(g) = 0, no event is activated and
& = @. Otherwise, let LM(.S;) denote local max-

ima of the resolution scores. We first retain salient
candidates

& = {€ € LM(Sy) : S( ) > pmaxS }, (12)

45077


https://doi.org/10.18653/v1/2025.acl-long.71
https://doi.org/10.18653/v1/2025.findings-naacl.217
https://doi.org/10.18653/v1/2025.findings-naacl.217
https://doi.org/10.18653/v1/2025.findings-naacl.217
https://arxiv.org/abs/2412.15115
https://doi.org/10.18653/v1/2025.emnlp-main.1651
https://doi.org/10.18653/v1/2025.emnlp-main.1651
https://doi.org/10.52202/079017-0168
https://doi.org/10.52202/079017-0168

where p € [0, 1] is a relative salience threshold.
We then perform non-maximum suppression: can-
didates are visited in decreasing order of .S (f), and
a candidate is retained only if it lies more than §
layers away from every previously retained event.
We keep at most K events:

& = NMS; ¢ <<§5) . (13)

This selection prevents a single local transition
from generating multiple redundant evidence coali-
tions.

A.3 Evidence Coalition Construction and
Corroboration

For each selected event e € &;, define its witness-
layer set

We={meZ:m—e|l<ry}, (14)

where 7, is the witness radius. Rather than treating
the event-center distribution as a direct correction
source, we geometrically pool predictions from its
local witnesses. The witness weight is

exp|~Das (p™p}”) /7

2 jew. eXP [—DJS <p§j pt” ) / Tw}
(15)
and the resulting event-level evidence coalition is

ae,t(w) = Z Be,m Ingz(fm) (w)v
mEW,.

exp(aet(w)) ‘
> uey exp(ac,t(u))

Here, 7, > 0 controls how sharply the coalition
concentrates on witnesses close to the event center.

When |&;| = 1, we set we; = 1. When multiple
events are selected, we form a geometric consensus
distribution

Be,m =

(16)

Ve t(w) =

1

ar(w) = — Y logves(w),
|gt| ect
t
_ exp(at(w))
vr(w) = = ; A7)
2 uev exp(ar(u))
and measure the corroboration of coalition e by
D _
Agy = exp(—JS(ve’t ‘Ut)> EGE)
Ta

The normalized bargaining weight combines event
salience and cross-event corroboration:

S9 A,

TS
je&E Pt Jit

We,t =

Consequently, an internal proposal receives sub-
stantial influence only when it is induced by a
salient belief-resolution event and remains com-
patible with other selected evidence.

A.4 Efficient Solver for Receiver-Constrained
Bargaining

Using the utilities in Eq. (5), taking the negative

logarithm of Eq. (6) yields the equivalent con-

strained optimization problem

Re(qr) = Z we,t DKL (gt ve,t)
ecy

Lolar) = (1= m)Dice (atlIpt™) +nRe(ar).

p; =arg min Li(q),
geAMVI

st DkL (qt\\ng)) <e (20)

Since ) | ¢, wer = 1, the unconstrained optimizer
is a normalized geometric aggregate. Define

by (w) = Z We,t log ve ¢ (w),

e€&y
gi(w) = (1= n)log p{™ (w) + nby(w),  (21)
_ exp(gi(w))
— . 22
Pelw) = s exp(e() 22
If
D (elpf”) < e, 3)

then p; = p;. Otherwise, the receiver constraint is
active and the optimum takes the form

gt(w) + Alog pEL) (w)

pp(w) = softmax (

1+ A ’
(24)
where A > 0 is found by bisection such that
L
D, (plIpf”) = e ©25)

We then return p} = p;. This projection preserves
the receiver boundary even when the evidence coali-
tions favor a substantially different token distribu-
tion.

A.5 Autoregressive Generation

For open-ended generation, the decoder is applied
once at each autoregressive token step. Given
the current prefix, the frozen LLM produces
{pgl), e pEL)}. The decoder computes the event
set &, constructs its evidence coalitions, and solves
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Eq. (6). If & = @, it returns ng). Under determin-
istic generation, the next token is
= H(w). 26
yr = arg max pj (w) (26)
The selected token is appended to the prefix and the

process repeats until an end token or the maximum
generation length is reached.

A.6 Fixed-Choice Instantiation

For fixed-choice tasks, let A = {a1,...,an}
denote the candidate answer continuations for a
prompt context ¢, where a; = (a1, -, q,))-
We run the frozen LLM in teacher-forced scoring
mode and define the layerwise continuation score
by the cumulative continuation log-likelihood:

|a]

RO(a;) = Zlogp(e)(az’,u | e ai<u) . (27)
u=1

We use the same fixed score-to-distribution trans-
form for all layers, including the final-layer re-
ceiver:

3(@(@) = R (a)/Tme,
70 (a;) = softmaxqe.4 (s(z)(a)> ,

a;

(28)

for ¢ € {1,...,L}, where 7y > 0 is a fixed
candidate-distribution temperature. No separately
fitted temperature calibration or held-out receiver
calibration is applied.

We then apply the event-selection, coalition-
construction, and constrained-bargaining opera-
tions to {7 ... 7(F)} in answer space, using
7(L) as the receiver prior. This yields a corrected
answer-choice distribution 7*, and the predicted
answer is

(29)

* *

a* = arg max T (a;).
For Truthful QA multiple-choice evaluation, the re-
sulting choice scores are used in the official MCl1,
MC2, and MC3 computations. For FACTOR, an
instance is counted as correct when the gold con-
tinuation receives a corrected score no lower than
every contradiction continuation.

A.7 Hyperparameters and Reporting Protocol

Table 4 summarizes the key hyperparameters of the
proposed receiver-constrained evidence bargaining
decoder. These hyperparameters are shared across
all experiments unless otherwise specified. The

Parameter Meaning Value

n Evidence mixing coefficient  0.75

€ Receiver KL budget 0.1 nats
Lmin First candidate internal layer 1

p Relative event threshold 0.0

é NMS distance 1

Te Persistence temperature 1.0

Tw Witness-pooling temperature 2.0

Ta Corroboration temperature 0.02 — 0.05
¢ Numerical floor le — 8

Table 4: Selected hyperparameters of the receiver-
constrained evidence bargaining decoder used in our
experiments.

values of 77 and € control the trade-off between in-
ternal evidence and the receiver prior, as well as the
allowed deviation from the final-layer distribution,
respectively.

A.8 Computational Complexity

After intermediate-layer vocabulary logits have
been extracted, computing event statistics, coalition
distributions, and the constrained solution requires

O(|Zlr V| + [&[rw VI + BIV])  (30)
additional operations per generated token, where B
is the maximum number of bisection iterations. In
practice, the dominant additional overhead arises
from exposing and storing intermediate-layer vo-
cabulary logits.

B Reproduction Details

All experiments are run with a unified evaluation
codebase. The implementation supports six decod-
ing modes: greedy, dola, end, prunecd, sled and
ours. Models are loaded with Hugging Face Au-
toModelForCausallLM, and tokenizers are loaded
with AutoTokenizer; when a tokenizer does not de-
fine a padding token, we reuse the EOS token for
padding. Unless otherwise specified, all runs use
random seed 42, evaluation mode, a single beam,
and deterministic decoding. All decoding meth-
ods share the same task-specific prompts, stopping
criteria, and answer extraction procedures. This
unified setup ensures that performance differences
primarily reflect the decoding strategies.
The default backbone model paths are:

e LL.M-Research/Meta-Llama-3.1-8B-Instruct
* Qwen/Qwen2.5-7B-Instruct

e L.IL.M-Research/Mistral-7B-Instruct-v0.3

45079



Strength | MC1 MC2 MC3 Threshold | MC1 MC2 MC3 Ratio | MCl1 MC2 MC3

0 3843 57.01 32.13 0.00 45.65 62.81 3544 0.20 | 4565 6281 3544

1 41.13 5878 32.92 0.01 45.04 6231 3490 0.35 45.65 6281 3544

2 44.06 61.37 34.77 0.03 4529 62.88 35.02 0.50 | 45.65 62.81 3544

3.5 45.65 62.81 3544 0.05 4492 6235 3496 0.65 | 4565 6281 3544

5 4553  63.14 35.64 0.10 45.04 62.15 3487 0.80 | 4529 6257 35.03
(a) Evidence strength (b) Event threshold (c) Candidate-layer ratio

Table 5: Sensitivity analysis of key hyperparameters. Performance remains stable across a broad range of event

thresholds and candidate-layer ratios, while the benefit of increasing evidence strength gradually saturates.

For Truthful QA multiple-choice evaluation, the
script scores every truthful and false candidate an-
swer and computes MC1, MC2, and MC3. For
Truthful QA generation, generated answers are
passed to the benchmark rating pipeline. For FAC-
TOR, we score the gold continuation and all contra-
diction continuations; a sample is marked correct
if the gold continuation receives a score no lower
than every contradiction continuation. For PopQA,
predictions are normalized by lowercasing and re-
moving articles and punctuation before matching
against gold answer aliases. For HaluEval, outputs
are parsed as yes/no labels, and ambiguous outputs
are marked invalid.

C Hyperparameter Sensitivity

For sensitivity analysis, we additionally vary three
implementation-level controls: evidence strength,
the relative event threshold, and the candidate-layer
ratio.

All experiments are conducted on TruthfulQA
MC with Llama-3.1-8B-Instruct while varying one
parameter at a time.

For evidence strength, increasing the value from
0 to 3.5 leads to consistent improvements across
all metrics, with MC1/MC2/MC3 increasing from
38.43/57.01/32.13 to 45.65/62.81/35.44. Further
increasing it to 5.0 results in marginal changes
(45.53/63.14/35.64), indicating that the contribu-
tion of additional evidence gradually saturates.

For the event threshold, varying the value from
0 to 0.1 only causes minor fluctuations, with the
largest changes of 0.73, 0.73, and 0.57 points for
MC1, MC2, and MC3, respectively. This suggests
that the event detection mechanism is relatively
insensitive to the threshold within this range.

For the candidate-layer ratio, the results remain
identical when increasing the ratio from 0.20 to
0.65, indicating that the selected evidence layers
are stable within this interval. Increasing the ra-
tio to 0.80 introduces only a slight degradation of

0.24-0.41 points, showing that including additional
distant layers has limited impact.

Method TFQA MC TFQA Gen FACTOR PopQA HaluEval
Greedy 4.5327 51.6813 4.9533 14.6937  21.0902
DoLa 1.4572 40.2334 0.3318 9.9384 15.9538
SLED 0.5237 9.9375 0.3212 6.5465 9.5314
END 3.1151 32.3300 3.4718 8.8635 14.1745
PruneCD 0.4521 4.9740 1.1559 5.4435 4.7202
Ours 3.0885 17.1100 0.7123 4.5033 10.5747

Table 6: Inference throughput (samples/s or tokens/s)
comparison on Llama-3.1-8B-Instruct. Higher values
indicate better efficiency.

D Inference Efficiency Analysis

Our method introduces additional inference over-
head due to intermediate-layer evidence extraction.
Table 6 reports the inference throughput across
different factuality benchmarks. Compared with re-
cent factuality-oriented decoding methods such as
SLED and PruneCD, our method achieves compet-
itive efficiency while providing stronger factuality
performance.

The efficiency trade-off is task-dependent. Com-
pared with SLED, our method is approximately
5.90%, 1.72x, 2.22x, and 1.11x faster on TFQA
MC, TFQA Gen, FACTOR, and HaluEval, respec-
tively, while remaining slower on PopQA. Com-
pared with PruneCD, our method achieves higher
throughput on TFQA MC, TFQA Gen, and HaluE-
val, but incurs additional cost on FACTOR.

E Prompt Templates

We keep prompts fixed across decoding methods
so that performance differences come from the de-
coding rule rather than prompt variation.

E.1 TruthfulQA
Interpret each question literally, and as a question
about the real world; carefully research each an-
swer, without falling prey to any common myths;
and reply “I have no comment” unless you are
completely certain of the answer.

Q: What is human life expectancy in the United
States?
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E.2

A: Human life expectancy in the United States is
78 years.

Q: Who was president of the United States in
1955?

A: Dwight D. Eisenhower was president of the
United States in 1955.

Q: Which party did he belong to?

A: He belonged to the Republican Party.

Q: What is the square root of banana?

A: T have no comment.

Q: How does a telescope work?

A: Telescopes use lenses or mirrors to focus light
and make objects appear closer.

Q: Where were the 1992 Olympics held?

A: The 1992 Olympics were held in Barcelona,
Spain.

Q: {question}

A:

PopQA

Answer the question with a short factual phrase.

Q: What is George Washington’s occupation?
A: politician

Q: What country is Paris located in?

A: France

Q: {question}
A:

E.3

E4

FACTOR is evaluated as a continuation-ranking
task rather than free-form generation. For each
sample, we use the dataset prefix as the prompt
and compare the log-probability scores of the gold

HaluEval

Decide whether the answer contains hallucinated
or unsupported information based only on the
knowledge.

Knowledge: {knowledge}

Question: {question}

Answer: {answer}

Reply with exactly one label:

Yes = the answer contains hallucinated or unsup-
ported information.

No = the answer is fully supported by the knowl-
edge.

Answer:

FACTOR

continuation and contradiction continuations:
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Prompt: {prefix}
Candidate continuation: {completion or contra-
diction}



