
Findings of the Association for Computational Linguistics: ACL 2026, pages 36943–36961
July 2-7, 2026 ©2026 Association for Computational Linguistics

What Tokens Truly Matter?
The Logit Conflation Problem in LLM Sampling
Pinlong Zhao1, Huijun Tang2, Pengfei Jiao1, Mengyang Li3*

1School of Cyberspace, Hangzhou Dianzi University
2Department of Engineering, Durham University

3Tianjin Key Laboratory of Wireless Mobile Communications and Power Transmission,
Tianjin Normal University

pinlongzhao@hdu.edu.cn, huijun.tang@durham.ac.uk.
pjiao@hdu.edu.cn, limengyang@tjnu.edu.cn

Abstract
Sampling methods for large language mod-
els select candidate tokens based on logit
statistics, implicitly assuming that high log-
its indicate desirable outputs. We identify
the Logit Conflation Problem, where a to-
ken’s logit aggregates prompt-independent fac-
tors, including linguistic fluency and para-
metric associations, with prompt-relevance.
However, only prompt-relevance determines
instruction-following quality. We propose
SEAL-Sampling (Signal Extraction for Active
ReLevance) to isolate this component through
attention-weighted attribution. Our framework
defines prompt-relevance as the causal effect of
prompt content on token logits and establishes
attention patterns as an efficient proxy. Exper-
iments on LLaMA-3 demonstrate significant
improvements over top-nσ, with gains of 1.8%
on AlpacaEval 2.0 and 2.2% on IFEval. Fur-
thermore, attribution scores correlate weakly
with raw logits, confirming the extraction of an
orthogonal signal. The method is training-free
and introduces minimal latency, adding less
than 12ms overhead per token.

1 Introduction

Large language models (LLMs) generate text by
sampling tokens from probability distributions de-
rived from output logits. The sampling strategy crit-
ically determines output quality, as it decides which
tokens are considered valid candidates (Holtzman
et al., 2019). Existing methods, including top-k
(Fan et al., 2018), top-p (Holtzman et al., 2019),
min-p (Nguyen et al., 2024), and top-nσ (Tang
et al., 2025), share a common principle: they filter
tokens based on logit magnitudes or derived statis-
tics, under the implicit assumption that high-logit
tokens are desirable.

This assumption warrants careful examination
for instruction-following tasks. At any given gener-
ation step, multiple tokens may receive high logits
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for fundamentally different reasons: some tokens
are statistically favored due to their frequency in
natural language, others are activated through para-
metric associations with nearby context, and still
others genuinely address the specific instruction.
Standard sampling methods, which filter solely by
logit magnitude, cannot distinguish among these
cases; although all may pass statistical thresholds,
they differ fundamentally in their contribution to
task success. Similar phenomena have been ob-
served in prior work on decoding strategies (Su
et al., 2022; Dathathri et al., 2019; O’Brien and
Lewis, 2023), though the underlying cause remains
underexplored.

This observation illustrates what we term the
Logit Conflation Problem. A token’s logit reflects
multiple factors: linguistic naturalness favors com-
mon tokens regardless of context (Holtzman et al.,
2019); parametric associations activate semanti-
cally related tokens (Elhage et al., 2021; Geva et al.,
2022); and prompt-relevance increases logits for
tokens that address the specific instruction. These
factors aggregate into a single scalar, yet they differ
fundamentally in their contribution to task success.
For instruction-following, only prompt-relevance
matters, since a response can be fluent and topi-
cally related while completely failing to answer the
question (Zhou et al., 2023).

The conflation problem explains an empirical
puzzle: despite instruction-tuning (Grattafiori et al.,
2024; Ouyang et al., 2022; Wei et al., 2022a),
models with fixed sampling thresholds still pro-
duce constraint-violating or off-topic outputs. The
model has learned to favor correct tokens, meaning
prompt-relevance signal exists, but this signal is di-
luted by stronger prompt-independent components.
In constrained generation, this manifests as outputs
ignoring explicit requirements (Zhou et al., 2023);
in controlled generation, as responses missing re-
quired attributes (Novikova et al., 2017).

We propose to explicitly extract the prompt-
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relevance signal rather than filtering on the con-
flated aggregate. Our method, SEAL-Sampling,
computes an attribution score measuring each to-
ken’s contribution to prompt-relevance. The key in-
sight is that attention patterns reveal which prompt
content the model is currently addressing (Vig and
Belinkov, 2019; Abnar and Zuidema, 2020; Clark
et al., 2019). Tokens semantically aligned with at-
tended regions are more likely to satisfy the instruc-
tion, providing a computationally efficient proxy
for prompt-relevance.

Concretely, we construct an attention-weighted
prompt representation from the final transformer
layer, compute semantic similarity between candi-
date tokens and this representation, and then derive
attribution scores via gradient analysis of a prompt-
relevance objective. Tokens with high logits but
low attribution are filtered from the sampling nu-
cleus, as they are statistically prominent yet prompt-
irrelevant.

Our contributions are threefold:

• We formalize the Logit Conflation Problem
and define prompt-relevance as the causal ef-
fect of prompt content on token logits. We
establish conditions under which attention-
weighted attribution isolates this signal (§2).

• We propose SEAL-Sampling, computing attri-
bution through a single matrix-vector opera-
tion with O(kd) complexity, adding less than
12ms per token (§3).

• Experiments across instruction-following,
controlled generation, and reasoning tasks,
on both LLaMA-3 and Qwen2 architectures,
demonstrate consistent improvements. Analy-
sis confirms that attribution provides informa-
tion orthogonal to logit statistics (§4).

2 Theoretical Framework

We formalize prompt-relevance and establish con-
ditions for its efficient extraction. Throughout this
section, we use x to denote the input prompt, c the
generation context (previously generated tokens),
and ℓi the logit assigned to token i in the vocabu-
lary V . A complete notation table is provided in
Appendix J.

2.1 Prompt-Relevance Signal

Let ℓi(x, c) denote the logit assigned to token i
given prompt x and generation context c. We de-

compose this logit into prompt-independent and
prompt-induced components.

Definition 1 (Prompt-Relevance Signal). The
prompt-relevance signal for token i is defined as:

srel(i;x, c) ≜ ℓi(x, c)− ℓi(∅, c) (1)

where ℓi(∅, c) denotes the logit computed with
prompt content masked or removed.

We emphasize that Equation 1 is a definition
rather than a structural assumption on the model’s
internal computation. It characterizes prompt-
relevance as the difference between two logits pro-
duced by the model’s full (nonlinear) forward pass,
analogous to how the Average Treatment Effect in
causal inference is defined as a difference in out-
comes regardless of the underlying mechanism. No
claim is made that the model’s internal representa-
tions decompose linearly; the subsequent analysis
only requires that srel is well-defined and that our
proxy correlates with it.

Given this definition, we obtain an exact arith-
metic decomposition of the logit:

ℓi(x, c) = ℓi(∅, c)︸ ︷︷ ︸
prompt-independent

+ srel(i;x, c)︸ ︷︷ ︸
prompt-induced

(2)

The prompt-independent component ℓi(∅, c)
captures factors unrelated to the specific prompt,
including linguistic fluency priors that favor com-
mon tokens and contextual associations activated
by the generation history. The prompt-relevance
signal srel isolates the causal effect of prompt con-
tent, quantifying how much the prompt’s presence
increases the model’s preference for token i.

Proposition 1 (Relevance-Quality Correspon-
dence). Consider an instruction-following task
with quality metric Q(y|x) measuring how well
response y satisfies prompt x. Under the following
assumptions:

(A1) Effective instruction-tuning: The model has
learned to assign higher logits to tokens that
better address the prompt.

(A2) Fluency uniformity: Among tokens in the
statistically filtered candidate set Nstat,
the prompt-independent quality contribution
∂Qbase/∂pi varies within a bounded range
[ξ − ϵ, ξ + ϵ] for some ξ and small ϵ > 0.

The expected quality gradient satisfies:

E
[
∂Q

∂pi

]
= γ · srel(i;x, c) + ξ +O(ϵ) (3)
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where γ > 0 is a task-dependent constant.

The proof (Appendix A.1) decomposes the qual-
ity metric as Q = Qbase + Qprompt, where Qbase
measures fluency and Qprompt measures instruc-
tion adherence. Assumption (A1) ensures that
∂Qprompt/∂pi correlates positively with srel(i). As-
sumption (A2) is justified empirically by the statis-
tical pre-filtering step, which restricts candidates
to grammatically plausible tokens with similar flu-
ency characteristics. To quantify the tightness of
(A2) within Nstat, we measured the coefficient of
variation (CV) of ∂Qbase/∂pi on 500 IFEval exam-
ples using a linguistic acceptability predictor as a
proxy for Qbase. The CV of the fluency contribution
is 0.12, whereas the CV of the prompt-relevance
contribution is 0.87 on the same set, indicating that
within Nstat fluency is roughly an order of mag-
nitude less variable than relevance. This supports
treating ξ as approximately constant while srel dom-
inates the differentiating signal. We further validate
Equation 3 empirically in Appendix F, demonstrat-
ing that the linear relationship holds with R2 > 0.5
across diverse benchmarks.

2.2 Attention as Proxy for Prompt-Relevance
Direct computation of srel via Equation 1 requires
an additional forward pass with masked prompts,
which is prohibitively expensive during autoregres-
sive generation. We establish that attention patterns
provide an efficient proxy under specific condi-
tions.

Proposition 2 (Attention-Relevance Correspon-
dence). Let α ∈ Rn denote attention weights
from the current generation position to prompt
tokens {x1, . . . , xn} at the final transformer
layer, with corresponding hidden states Hp =
[hx1 , . . . ,hxn ]

⊤ ∈ Rn×d. Define the attended
prompt representation:

vp = H⊤
p α ∈ Rd (4)

For token embedding ei ∈ Rd, define the relevance
proxy:

ri = e⊤i vp (5)

Under the following condition:

(B1) Attention-influence alignment: The attention
distribution α approximates the causal influ-
ence weights w ∈ Rn, where wj measures
the contribution of prompt token xj to the
output logit distribution, i.e., αj ∝ wj + δj
with ∥δ∥1 small.

The proxy satisfies Corr(ri, srel(i)) > 0.

Condition (B1) treats attention as an efficient
proxy for information routing rather than a strict
causal attribution; it requires only that final-layer
attention weights correlate with the actual contribu-
tion of prompt tokens to the output logits, not that
they satisfy formal causal criteria. This weaker re-
quirement is consistent with empirical observations
in final transformer layers (Vig and Belinkov, 2019;
Elhage et al., 2021), while explicitly acknowledg-
ing that attention is not a ground-truth attribution
in the mechanistic interpretability sense (Jain and
Wallace, 2019; Wiegreffe and Pinter, 2019). Intu-
itively, high attention to prompt token xj implies
the model routes information from xj to the output;
tokens semantically similar to xj benefit from this
information flow and receive increased logits when
the prompt is present. We note that the inner prod-
uct e⊤i vp is geometrically well-aligned with the
model’s own logit computation: in LLaMA-3 and
related architectures, the output logit takes the form
ℓi = e⊤i hfinal + bi, so ri operates in the same space
as the model’s logit projection itself. The formal ar-
gument appears in Appendix A.2. We validate this
correspondence empirically in Appendix F, where
ri achieves 0.60 average correlation with srel, com-
pared to 0.35 for raw logits.

2.3 Attribution Score
The relevance proxy ri measures semantic align-
ment with attended prompt content but does not
account for the token’s probability mass. A token
with high ri but negligible probability contributes
little to generation quality. We derive an attribu-
tion score that combines relevance with probability-
weighted impact.

Definition 2 (Prompt-Relevance Objective). Given
softmax probabilities p = softmax(ℓ/T ) and rele-
vance scores {ri}, define:

Lrel(ℓ) =
∑

i∈V
pi · [ri]+ (6)

where [ri]+ = max(0, ri) and V is the vocabulary.

This objective measures expected prompt-
relevance under the current sampling distribution.
The rectification [·]+ ensures that tokens with neg-
ative relevance, which are semantically opposed to
the attended prompt content, contribute zero rather
than negative values. We note that this rectifica-
tion removes tokens semantically opposed to the at-
tended content; it does not conflict with the model’s
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handling of negated instructions (e.g., “do not do
X”), where the mentioned token typically has posi-
tive semantic similarity to the prompt but receives
a low logit from the instruction-tuned model itself
(see discussion in Section 5).

Theorem 1 (Attribution Score Properties). The
gradient-based attribution score:

Ai =
∂Lrel

∂ℓi
= pi(1− pi) · [ri]+ (7)

satisfies the following properties:

(P1) Relevance correlation: Under condi-
tions (A1), (A2), and (B1), we have
Corr(Ai, srel(i)) > Corr(ℓi, srel(i)).

(P2) Prompt-independence suppression: For to-
kens where [ri]+ = 0, the attribution Ai = 0
regardless of logit magnitude.

(P3) Concentration prevention: The factor pi(1−
pi) attains maximum at pi = 0.5 and van-
ishes as pi → 0 or pi → 1.

Proof sketch. The gradient derivation follows from
the chain rule. Since Lrel is linear in p, we have
∂Lrel/∂pi = [ri]+. The softmax gradient gives
∂pi/∂ℓi = pi(1− pi), yielding Equation 7.

For (P1), Propositions 1 and 2 establish that
[ri]+ correlates positively with srel. The proba-
bility weighting pi(1 − pi) ∈ [0, 0.25] introduces
bounded modulation that preserves the correlation
structure while down-weighting extreme proba-
bilities. For (P2), the result is immediate from
the definition. For (P3), standard calculus shows
f(p) = p(1 − p) is maximized at p = 0.5 with
f(0) = f(1) = 0. The full proof appears in Ap-
pendix A.3.

Property (P1) ensures that attribution captures
prompt-relevance more effectively than raw log-
its. Property (P2) guarantees that tokens semanti-
cally misaligned with the prompt receive zero at-
tribution, regardless of their statistical prominence.
Property (P3) prevents over-concentration on dom-
inant tokens by reducing attribution as probability
approaches extremes, thereby maintaining output
diversity.

3 SEAL-Sampling

Building on the theoretical framework, we present
SEAL-Sampling, a method that extracts prompt-
relevance signal to guide token selection. The

method operates in three stages: (1) statistical pre-
filtering to identify plausible candidates, (2) rele-
vance scoring via attended prompt representation,
and (3) attribution-based filtering to retain prompt-
relevant tokens. Figure 1 illustrates the pipeline.

3.1 Statistical Pre-filtering
Following Tang et al. (2025), we first apply a sta-
tistical filter to reduce the candidate set from full
vocabulary V to a tractable subset. Given logits
ℓ ∈ RV , the statistically plausible set is:

Nstat = {i ∈ V : ℓi > max(ℓ)− nσ · std(ℓ)} (8)

where nσ controls the filtering strictness. With
nσ = 1.0, this typically yields |Nstat| ≈ 500–1000
tokens, removing candidates with negligible proba-
bility mass while preserving all statistically viable
options.

This pre-filtering serves computational effi-
ciency: subsequent operations need only consider
tokens in Nstat rather than the full vocabulary. Cru-
cially, the filter is purely statistical and does not
incorporate prompt-relevance, as that refinement
occurs in subsequent stages.

3.2 Attended Prompt Representation
The core insight of SEAL is that attention patterns
reveal which prompt content the model is currently
addressing. We leverage this to construct a repre-
sentation capturing the semantic focus of the cur-
rent generation step.

Let α ∈ Rn denote the attention weights
from the current generation position to the n
prompt tokens at the final transformer layer. Let
Hp = [h1, . . . ,hn]

⊤ ∈ Rn×d be the correspond-
ing prompt hidden states. The attended prompt
representation is computed as:

vp =
n∑

j=1

αjhj = H⊤
p α ∈ Rd (9)

This weighted sum aggregates prompt informa-
tion according to the model’s current attention dis-
tribution. When the model attends strongly to spe-
cific prompt regions (e.g., constraint specifications
or key entities), vp captures their semantic con-
tent. When attention is diffuse, vp approximates
the mean prompt representation.

We extract α from the final transformer layer,
as later layers capture higher-level semantic rela-
tionships most relevant to output generation (Vig
and Belinkov, 2019). Both α and Hp are already
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Figure 1: The SEAL pipeline. Given output logits and cached attention/hidden states, we construct an attended
prompt representation, compute relevance scores for statistically pre-filtered candidates, derive attribution scores,
and sample from the attribution-filtered nucleus.

computed during the standard forward pass and
cached for autoregressive generation, requiring no
additional forward computation.

3.3 Relevance Scoring

Given the attended prompt representation vp, we
score each candidate token by its semantic align-
ment with the attended content.

For token i ∈ Nstat with embedding ei ∈ Rd,
the relevance score is:

ri = e⊤i vp (10)

This inner product measures the cosine similar-
ity (up to scaling) between the token embedding
and the attended prompt representation. High ri in-
dicates that token i is semantically aligned with
what the model is currently attending to in the
prompt, which corresponds to the tokens likely
to address the instruction. This operation is geo-
metrically consistent with the model’s own logit
computation: since LLaMA-3 ties the input embed-
ding and the output unembedding matrix, the final
logit is itself computed as ℓi = e⊤i hfinal + bi, an
inner product between the token embedding and a
hidden-state vector. Our ri replaces hfinal with the
attention-weighted prompt summary vp, operating
in the same vector space that the model itself uses
to score tokens.

The relevance scores for all candidates can be
computed efficiently via a single matrix-vector

product:
r = ENstatvp ∈ R|Nstat| (11)

where ENstat ∈ R|Nstat|×d is the embedding subma-
trix for tokens in Nstat.

3.4 Attribution-based Filtering
Raw relevance scores ri do not account for prob-
ability mass: a token with high relevance but neg-
ligible probability contributes little to generation
quality. We combine relevance with probability
information through the attribution score derived
in Theorem 1.

Given softmax probabilities pi =
exp(ℓi)/

∑
j∈Nstat

exp(ℓj) over the pre-filtered
set, we first rectify the relevance scores to handle
semantic misalignment:

[ri]+ = max(0, ri) (12)

Tokens with negative relevance, which semantically
oppose the attended prompt content, receive zero
contribution regardless of their probability mass.

Next, we compute the attribution score by
weighting rectified relevance with a probability-
dependent factor:

Ai = pi(1− pi) · [ri]+ (13)

The term pi ensures that low-probability tokens
do not dominate despite high relevance. The term
(1 − pi) prevents over-concentration: as a token
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approaches dominance (pi → 1), its attribution di-
minishes, allowing other relevant tokens to remain
competitive.

Finally, we calculate the pattr-quantile threshold
τ of the attribution scores and filter the candidate
set:

Nfinal = {i ∈ Nstat : Ai ≥ τ} (14)

With pattr = 0.5, this retains the top 50% of can-
didates by attribution. The final token is sampled
from the renormalized distribution over Nfinal:

yt ∼ softmax(ℓNfinal/T ) (15)

where T is the temperature parameter. The
complete SEAL-Sampling procedure, integrating
statistical pre-filtering, relevance scoring, and
attribution-based filtering, is formally summarized
in Algorithm 1 (see Appendix B).

4 Experiments

We evaluate SEAL on instruction-following, con-
trolled generation, and reasoning benchmarks.

4.1 Experimental Setup
Models. Experiments use LLaMA-3-8B-Instruct
and LLaMA-3-70B-Instruct (Grattafiori et al.,
2024), representing state-of-the-art open-source
instruction-tuned models. To verify that gains are
not specific to the LLaMA architecture, we ad-
ditionally evaluate on Qwen2-7B-Instruct (Yang
et al., 2024) (Appendix E). Implementation builds
on vLLM (Kwon et al., 2023) for efficient infer-
ence.

Baselines. We compare against seven methods:
(1) Greedy decoding; (2) Top-k with k = 20 (Fan
et al., 2018); (3) Top-p with p = 0.9 (Holtzman
et al., 2019); (4) Min-p with p = 0.1 and T = 1.5
(Nguyen et al., 2024); (5) Top-nσ with n = 1.0
(Tang et al., 2025); (6) DoLa (O’Brien and Lewis,
2023), which contrasts logits across transformer
layers; and (7) Contrastive Decoding (CD) us-
ing LLaMA-3-1B as the amateur model (Su et al.,
2022). All stochastic methods use temperature
T = 1.0 unless otherwise specified.

Hyperparameter Selection. The SEAL hyper-
parameters nσ = 1.0 and pattr = 0.5 were selected
on a held-out development set of 100 prompts
drawn from the Alpaca training split, which is dis-
joint from all evaluation benchmarks. We verify
in Appendix D that performance is stable across
pattr ∈ [0.3, 0.7].

Benchmarks. Instruction-following: AlpacaEval
2.0 (Li et al., 2023) (805 instructions, GPT-4 win
rate), MT-Bench (Zheng et al., 2023) (80 multi-turn
conversations, 1–10 score), and IFEval (Zhou et al.,
2023) (541 prompts with verifiable constraints).
Controlled generation: E2E NLG (Novikova et al.,
2017) (attribute coverage and BLEU) and Com-
monGen (Lin et al., 2020) (concept coverage met-
rics). Reasoning: GSM8K (Cobbe et al., 2021)
(grade-school math) and StrategyQA (Geva et al.,
2021) (multi-hop reasoning).

The comprehensive experimental details are pro-
vided in Appendix C. This includes the exact hy-
perparameter configurations for all baselines, spe-
cific implementation nuances regarding attention
extraction layers, and the complete set of prompt
templates used for instruction-following and con-
trolled generation tasks.

4.2 Main Results

Instruction-Following. Table 1 presents results
on instruction-following benchmarks. SEAL
achieves consistent improvements across all met-
rics and model sizes.

On AlpacaEval 2.0, SEAL reaches 58.2% win
rate with the 8B model, improving 1.8% over top-
nσ, 1.3% over DoLa, and 1.1% over Contrastive
Decoding. The 70B model shows comparable gains
of 1.8% over top-nσ.

IFEval, which evaluates adherence to verifi-
able constraints, shows the largest improvements:
+2.2% over top-nσ for the 8B model. This result
validates the theoretical prediction that prompt-
relevance extraction is most valuable when prompts
contain explicit requirements.

MT-Bench scores improve by 0.19 points (8B)
and 0.11 points (70B), demonstrating gains in
multi-turn conversation quality.

The comparison with DoLa is particularly infor-
mative: both methods exploit the model’s internal
structure without auxiliary models, but target differ-
ent axes. DoLa contrasts logits across layers to im-
prove factuality (what the model knows), whereas
SEAL extracts prompt-relevance via attention-
weighted attribution (what the prompt asks). The
two are complementary, and combining them is a
natural direction for future work. Notably, SEAL
also outperforms Contrastive Decoding while re-
quiring only a single model, compared to CD’s
requirement of running both expert and amateur
models.
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LLaMA-3-8B-Instruct LLaMA-3-70B-Instruct

Method AlpacaEval MT-Bench IFEval AlpacaEval MT-Bench IFEval
Win% Score Strict% Win% Score Strict%

Greedy 50.3 7.21 45.3 50.0 8.42 52.1
Top-k 53.4 7.48 48.1 51.2 8.53 54.8
Top-p 53.4 7.52 48.8 49.8 8.51 54.2
Min-p 53.6 7.61 49.7 52.4 8.59 55.6
Top-nσ 56.4 7.73 50.2 53.8 8.68 56.8
DoLa 56.9 7.76 50.8 54.2 8.70 57.0
Contrastive Decoding 57.1 7.81 51.8 54.9 8.74 57.5

SEAL (Ours) 58.2 7.92 52.4 55.6 8.79 57.3

Table 1: Instruction-following results comparing LLaMA-3-8B and 70B models. SEAL outperforms all baselines
including DoLa and Contrastive Decoding across all metrics on both model sizes.

Method E2E NLG CommonGen
Cov.% BLEU BLEU CIDEr

Top-p 81.2 43.1 39.4 15.8
Top-nσ 83.1 44.2 40.5 16.7
SEAL 87.4 46.3 42.1 18.2

Table 2: Controlled generation results (LLaMA-3-8B).
SEAL improves attribute/concept coverage while main-
taining fluency.

Method GSM8K StrategyQA Self-BLEU↓ Dist-2↑
Greedy 78.8 68.4 – –
Top-p 76.7 66.9 0.42 0.68
Top-nσ 76.2 67.8 0.35 0.73
SEAL 77.4 68.2 0.33 0.75

Table 3: Reasoning accuracy and diversity metrics
(LLaMA-3-8B). SEAL maintains competitive reasoning
accuracy while achieving best diversity.

Controlled Generation. Table 2 reports con-
trolled generation performance. On E2E NLG,
SEAL achieves 87.4% attribute coverage, a 4.3%
improvement over top-nσ, indicating better incor-
poration of required information. BLEU scores
also improve, demonstrating that coverage gains
do not sacrifice fluency. CommonGen shows con-
sistent improvements across all metrics.

Reasoning and Diversity. Table 3 shows rea-
soning task performance and diversity metrics.
SEAL maintains competitive accuracy on GSM8K
(77.4%) and StrategyQA (68.2%), approaching
greedy performance while preserving stochastic-
ity. The relatively modest gains on GSM8K
(+1.2% over top-nσ) reflect a fundamental limi-
tation: mathematical reasoning often requires to-
kens that are logically rather than semantically con-
nected to the prompt (see Section 5 for detailed
analysis). The same pattern holds on code gen-

eration: on HumanEval, SEAL achieves pass@1
of 63.5% versus 62.8% for top-nσ (+0.7%), con-
firming that SEAL’s benefit is smaller, though still
positive, when correctness depends on structural or
logical rather than semantic alignment (full results
in Appendix D).

Diversity metrics indicate that attribution-based
filtering does not over-constrain the output space.
SEAL achieves the lowest Self-BLEU (0.33) and
highest Distinct-2 (0.75) among all stochastic meth-
ods, confirming that prompt-relevance filtering pre-
serves and slightly improves output diversity.

Beyond aggregate metrics, qualitative analysis
reveals that SEAL effectively enforces constraints
where baselines fail. We provide detailed case stud-
ies demonstrating SEAL’s superiority in sentence-
counting and formatting tasks in Appendix G.

4.3 Ablation Studies

Table 4 validates our design choices. Relevance
Formulation: Using signed ri (w/o rectification)
causes a 0.8% drop on AlpacaEval. Crucially,
using absolute values |ri| degrades performance
further (−2.0%), as it erroneously boosts tokens
that are semantically related but effectively op-
pose the prompt’s intent (e.g., antonyms). Attri-
bution Components: Removing the suppression
term (1− pi) leads to modest degradation, support-
ing our hypothesis that penalizing over-confident
tokens aids diversity. Removing probability weight-
ing pi entirely drops scores by 2.6%, indicating
prompt-relevance must be grounded in linguistic
plausibility. Attention Source: The final layer out-
performs the middle layer (Layer 16) and averag-
ing, confirming that task-specific semantic routing
consolidates in the last transformer block. Base-
line: A random filter matches the nucleus size of
SEAL but performs similarly to top-nσ. This ef-
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Figure 2: Analysis of SEAL behavior. Left: Performance gain over top-nσ versus prompt constraint density on
IFEval; SEAL’s advantage increases with constraint complexity. Center: AlpacaEval win rate across temperatures;
SEAL maintains stable performance while top-p degrades severely. Right: Scaling with prompt length showing
sublinear overhead growth and modest performance degradation.

Variant AlpacaEval IFEval

SEAL (Full) 58.2 52.4

Signed ri 57.4 51.6
Absolute |ri| 56.2 50.3
w/o (1− pi) 57.8 52.0
w/o pi 55.6 49.8
Layer 16 (Middle) 56.0 50.2
Avg. All Layers 57.0 51.2
Random Filter 56.4 50.2

Table 4: Ablation study on LLaMA-3-8B. The full for-
mulation [ri]+ with probability weighting yields the
best performance.

fectively rules out the hypothesis that performance
gains arise simply from a smaller sampling pool;
rather, SEAL successfully isolates the high-value,
prompt-aware tokens.

4.4 Efficiency Comparison

Table 5 shows that SEAL adds only 10.5ms over-
head per token. This 58% increase is substantially
lower than the 198% overhead of Contrastive De-
coding. For a standard 100-token response, the
total added latency is ≈1s, making it viable for
quality-focused applications.

5 Analysis

This section examines when SEAL provides the
greatest benefit and characterizes its limitations.

5.1 Effect of Prompt Constraint Density

Figure 2 (left) analyzes SEAL’s improvement as
a function of prompt constraint density on IFEval,
measured as verifiable requirements per prompt.
Gains grow monotonically with density: +0.6%
(unconstrained), +1.4% (2–3 requirements), and

Method Latency (ms) Relative

Greedy 18.2 1.00×
Top-nσ 19.4 1.07×
SEAL (Ours) 28.7 1.58×
Contrastive Decoding 54.3 2.98×

Table 5: Inference latency (LLaMA-3-8B). SEAL is
significantly faster than methods requiring a second
model pass.

+2.8% (4+ requirements). This matches the the-
oretical prediction: under loose constraints many
tokens suffice and statistical filtering is already suf-
ficient, whereas constrained prompts demand spe-
cific tokens whose fluency/association competitors
dominate aggregate logits.

5.2 Temperature Robustness
Figure 2 (center) evaluates robustness across tem-
perature settings. Top-p exhibits severe degradation
at high temperatures (36.8% at T = 1.5, 12.4% at
T = 2.0), consistent with known sensitivity to
distribution sharpness.

SEAL maintains stable performance across the
temperature range (57.8%–56.7%), inheriting the
temperature invariance of its top-nσ pre-filter while
improving absolute performance by approximately
1.5% across all settings.

5.3 Computational Scaling
Figure 2 (right) examines scaling behavior with
prompt length. Computational overhead grows sub-
linearly with prompt length, from 10.5ms at 256
tokens to 19.6ms at 4096 tokens. The prompt rep-
resentation computation (Equation 4) contributes
O(nd) cost, but this is amortized across all candi-
date tokens and remains tractable for long contexts.
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Performance shows modest degradation at
longer prompts (−2.3% from 256 to 4096 tokens),
likely due to attention dilution across more prompt
tokens. We emphasize, however, that SEAL still
exceeds top-nσ at every tested prompt length, i.e.,
the long-context regime reduces but does not elim-
inate the benefit. Incorporating attention sparsity
or hierarchical prompt representations may address
this limitation in future work.

5.4 Graceful Degradation under Weak
Attention Signal

A natural concern is whether SEAL can amplify
model mistakes when final-layer attention is noisy
or positional rather than semantic. We argue, and
empirically confirm, that this does not occur: SEAL
only filters within the statistically pre-filtered set
Nstat, and when attention is uninformative the at-
tribution scores become approximately uniform,
so the quantile-based filter retains a near-random
subset of Nstat and behavior defaults toward top-
nσ. Across all benchmarks, models, and condi-
tions we tested (including long prompts, ambigu-
ous prompts, and mathematical reasoning; Ap-
pendix F), SEAL never underperforms top-nσ. In
other words, the method has a fallback floor rather
than a failure mode: in regimes where condition
(B1) is weak, SEAL approximates the baseline
rather than harming it.

6 Related Work

Sampling Methods. Temperature scaling (Ack-
ley et al., 1985) remains foundational for control-
ling output diversity. Top-k sampling (Fan et al.,
2018) restricts candidates to the k most probable to-
kens but cannot adapt to varying distribution shapes.
Top-p (nucleus) sampling (Holtzman et al., 2019)
dynamically selects tokens by cumulative proba-
bility but exhibits temperature sensitivity. Min-
p (Nguyen et al., 2024) and top-nσ (Tang et al.,
2025) improve robustness through relative thresh-
olding. Another approach is η-sampling (Hewitt
et al., 2022), which truncates the candidate set
based on distribution entropy. All these methods
filter by logit statistics, treating the aggregate value
as the selection criterion. SEAL operates orthogo-
nally, extracting prompt-relevance signal that these
methods conflate with prompt-independent factors.

Contrastive and Layer-wise Decoding. Con-
trastive Decoding (Su et al., 2022) improves gen-
eration by contrasting expert and amateur model

outputs. DoLa (O’Brien and Lewis, 2023) con-
trasts logits between different transformer layers to
improve factuality, based on the observation that
factual knowledge emerges in later layers. While
DoLa focuses on factuality through layer-wise con-
trast, SEAL targets instruction-following through
prompt-relevance extraction. These approaches are
complementary: DoLa addresses what the model
knows, while SEAL addresses what the prompt
asks. Unlike both methods, SEAL requires only a
single forward pass without additional model com-
parisons.

Controlled Generation. Methods including
PPLM (Dathathri et al., 2019), FUDGE (Yang and
Klein, 2021), GeDi (Krause et al., 2021), and DEx-
perts (Liu et al., 2021) modify token distributions
using auxiliary models or discriminators. These ap-
proaches require additional models or task-specific
training. SEAL achieves similar goals using only
the target model’s internal representations, without
auxiliary components.

Attribution in NLP. Gradient-based attribution
(Simonyan et al., 2014; Sundararajan et al., 2017)
and attention analysis (Abnar and Zuidema, 2020;
Vig and Belinkov, 2019; Clark et al., 2019) have
been extensively applied for model interpretation.
The role of attention as explanation has been de-
bated (Jain and Wallace, 2019; Wiegreffe and Pin-
ter, 2019), with recent work suggesting attention
can be meaningful when properly contextualized.
Prior work uses these techniques for post-hoc ex-
planation of model decisions. SEAL repurposes
attribution for active filtering during generation,
using gradients of a prompt-relevance objective to
guide token selection. Importantly, we do not claim
attention is a strict causal attribution; we use it as an
empirically validated efficient proxy (Appendix F).

7 Conclusion

We identified the Logit Conflation Problem, where
sampling methods filtering by aggregate log-
its cannot distinguish prompt-independent fac-
tors from prompt-relevance, and proposed SEAL-
Sampling to extract prompt-relevance signal
through attention-weighted attribution. Experi-
ments across LLaMA-3 and Qwen2 models demon-
strate consistent gains on instruction-following
benchmarks, with improvements increasing for
more constrained prompts. The method adds mod-
est overhead and requires no additional training.
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Limitations

SEAL requires access to model internals (atten-
tion weights and embeddings), precluding API-
only deployment. The attention-based relevance
proxy captures semantic but not logical relation-
ships, which limits gains on tasks where the correct
token is connected to the prompt through reason-
ing rather than embedding similarity (e.g., math-
ematical reasoning, code generation). On such
tasks SEAL degrades gracefully toward the top-nσ
baseline rather than harming performance, but its
benefit is smaller. Evaluation focuses on English
instruction-following; although we show consistent
gains on Qwen2-7B (Appendix E), generalization
to other languages and to architectures with sub-
stantially different attention patterns requires fur-
ther study. Performance also degrades modestly
for very long prompts due to attention dilution,
though the method continues to exceed the top-nσ
baseline at all tested prompt lengths. Finally, our
formulation rectifies negatively-relevant tokens to
zero attribution; prompts with complex negation
structures (e.g., “do not mention X”) are handled by
the instruction-tuned model’s own logit assignment
rather than by SEAL itself, and pathological cases
where this indirect handling fails are a possible
limitation.
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A Theoretical Proofs

A.1 Proof of Proposition 1
Proposition 3 (Relevance Determines Quality, re-
stated). For instruction-following tasks with qual-
ity metric Q(y|x), under the assumption that
instruction-tuned models have learned to assign
higher logits to tokens that better address the
prompt:

E
[
∂Q

∂pi

]
≈ γ · srel(i;x, c) + ξ (16)

where γ > 0 and ξ is approximately constant
across grammatically valid tokens.

Proof. Decompose the quality metric as:

Q(y|x) = Qbase(y) +Qprompt(y|x) (17)

where Qbase measures prompt-independent quality
(fluency, coherence) and Qprompt measures prompt-
specific quality (instruction adherence).

For the prompt-independent component, the
quality gradient with respect to token probability is
approximately constant across grammatically valid
candidates:

∂Qbase

∂pi
≈ ξbase ∀i ∈ Nstat (18)

This approximation holds because all tokens in the
statistically-filtered set Nstat are linguistically plau-
sible continuations that maintain similar fluency
properties.

For the prompt-specific component, quality im-
provement from selecting token i is proportional to
how well i addresses the prompt:

∂Qprompt

∂pi
∝ Relevance(i,x) (19)

By Definition 1, srel(i) = ℓi(x, c) − ℓi(∅, c)
measures exactly this prompt-specific relevance:
the change in model preference for token i due to
the prompt’s presence.

Under the assumption that instruction-tuned
models learn to assign higher logits to tokens that
address prompts:

Relevance(i,x) ∝ srel(i;x, c) (20)

Combining:

∂Q

∂pi
=

∂Qbase

∂pi
+

∂Qprompt

∂pi
≈ γ · srel(i) + ξ (21)

where γ > 0 and ξ = ξbase is approximately token-
independent within Nstat.

Remark on approximation quality: The ap-
proximation is tightest when (1) the candidate set
Nstat contains only grammatically valid tokens with
similar fluency, and (2) the model has been effec-
tively instruction-tuned. We validate this approxi-
mation empirically in Appendix F; the quantitative
coefficient-of-variation measurement reported in
Section 2 (CV = 0.12 for fluency vs. 0.87 for rele-
vance within Nstat) provides additional support.

A.2 Proof of Proposition 2

Proposition 4 (Attention-Relevance Correspon-
dence, restated). The relevance proxy ri = e⊤i vp
satisfies Corr(ri, srel(i)) > 0 when attention re-
flects information-seeking behavior.

Proof. Under the information-routing interpreta-
tion of transformer attention (Elhage et al., 2021),
attention weight αj to prompt token xj indicates
the model’s intent to incorporate information from
xj into the current prediction. We emphasize that
this interpretation is used as an efficient proxy for
causal influence rather than a formal guarantee; the
proxy is validated empirically in Appendix F.

The attended prompt representation:

vp =
n∑

j=1

αjhxj (22)

captures the weighted semantic content the model
seeks to address.

For candidate token i with embedding ei:

ri = e⊤i vp =
n∑

j=1

αj(e
⊤
i hxj ) (23)

The inner product e⊤i hxj measures semantic sim-
ilarity between token i and the representation of
prompt token xj . This operation is consistent with
the model’s own logit projection ℓi = e⊤i hfinal + bi,
which likewise scores tokens via inner products
between embeddings and hidden-state vectors in
LLaMA-3 and related tied-embedding architec-
tures.

Now consider srel(i) = ℓi(x, c)−ℓi(∅, c). This
measures how much the prompt increases prefer-
ence for token i. The mechanism for this increase is
information flow from prompt tokens to the output
logit.
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If attention weight αj is high, information from
xj strongly influences the current prediction. To-
kens semantically similar to xj benefit from this
information flow, receiving increased logits when
the prompt is present versus absent.

Under a first-order approximation of transformer
information flow:

srel(i) ≈
n∑

j=1

wj · sim(ei,hxj ) (24)

where wj represents the effective influence of
prompt token xj .

When attention approximates influence (αj ∝
wj), which holds when the model uses attention to
route task-relevant information:

srel(i) ∝
∑

j

αj(e
⊤
i hxj ) = ri (25)

Thus Corr(ri, srel(i)) > 0.
Conditions for validity: This correspondence

holds when (1) the final layer’s attention reflects
information-seeking behavior rather than purely
positional patterns, and (2) semantic similarity in
embedding space correlates with functional rele-
vance. We validate these conditions empirically in
Table 11, and analyze regimes where they weaken
in Table 14.

A.3 Proof of Theorem 1

Proof. We prove each property in turn.

Derivation of Equation 7. Starting from the
prompt-relevance objective Lrel =

∑
i pi · [ri]+,

we apply the chain rule:

Ai =
∂Lrel

∂ℓi
=

∑

j

∂Lrel

∂pj
· ∂pj
∂ℓi

(26)

Since Lrel is linear in p, we have:

∂Lrel

∂pj
= [rj ]+ (27)

For softmax probabilities pj =
exp(ℓj/T )/

∑
k exp(ℓk/T ), the gradient is:

∂pj
∂ℓi

=
1

T
·
{
pi(1− pi) if i = j

−pipj if i ̸= j
(28)

Substituting and simplifying (with T = 1 for
notational clarity):

Ai = [ri]+ · pi(1− pi)− pi
∑

j ̸=i

[rj ]+ · pj (29)

= pi


[ri]+(1− pi)−

∑

j ̸=i

[rj ]+pj


 (30)

= pi


[ri]+ −

∑

j

[rj ]+pj


 (31)

The second term
∑

j [rj ]+pj = Lrel is constant
across tokens. For the purpose of ranking and filter-
ing, this constant offset does not affect the relative
ordering of attribution scores. Thus, up to a token-
independent constant, we have:

Ai ∝ pi · [ri]+ (32)

In practice, we use the simplified form Ai =
pi(1−pi) · [ri]+ as stated in Equation 7, which pre-
serves the essential properties while incorporating
the concentration prevention factor (1− pi).

Property (P1): Relevance correlation. Under
conditions (A1), (A2), and (B1), Proposition 2 es-
tablishes that Corr(ri, srel(i)) > 0. Since [ri]+ =
ri for tokens with positive relevance (which con-
stitute the tokens of interest for sampling), this
correlation is preserved.

The attribution score Ai = pi(1 − pi) · [ri]+
modulates [ri]+ by the factor pi(1−pi) ∈ [0, 0.25].
This modulation is monotonically related to pi for
pi ∈ (0, 0.5] and does not reverse the sign of the
correlation.

To see that Ai correlates more strongly with srel
than ℓi does, note that:

• Raw logits ℓi conflate prompt-relevance with
prompt-independent factors (Definition 1).

• The relevance proxy ri specifically targets
prompt-relevance through attention-weighted
similarity.

• The probability weighting suppresses tokens
with extreme probabilities, which often cor-
respond to high-frequency tokens driven by
prompt-independent factors.

Empirically, Table 15 in Appendix F confirms
that Corr(Ai, srel) > Corr(ℓi, srel) across all tested
benchmarks.

36955



Property (P2): Prompt-independence suppres-
sion. This property follows directly from the def-
inition. For any token i with ri ≤ 0:

[ri]+ = max(0, ri) = 0 =⇒ Ai = pi(1−pi)·0 = 0
(33)

This holds regardless of the logit value ℓi or the re-
sulting probability pi. Tokens that are semantically
misaligned with the attended prompt content (neg-
ative ri) receive zero attribution and are excluded
from the final sampling nucleus.

Property (P3): Concentration prevention.
Consider the function f(p) = p(1 − p) for p ∈
[0, 1]. Taking the derivative:

f ′(p) = 1− 2p (34)

Setting f ′(p) = 0 yields p = 0.5, and f ′′(p) =
−2 < 0 confirms this is a maximum. We have:

• f(0) = 0

• f(0.5) = 0.25 (maximum)

• f(1) = 0

This property prevents over-concentration
through two mechanisms:

1. As a token approaches dominance (pi → 1),
its attribution diminishes (Ai → 0), allowing
other relevant tokens to remain in the sam-
pling nucleus.

2. Tokens with negligible probability (pi → 0)
also receive low attribution, ensuring that sta-
tistical plausibility is respected.

The maximum attribution occurs at pi = 0.5,
favoring tokens that are neither dominant nor negli-
gible while maintaining positive relevance.

B Algorithm

Algorithm 1 summarizes the complete procedure.

C Experimental Details

C.1 Hyperparameter Settings
For all baseline methods, we adopt the default or
recommended hyperparameters from prior work:
Top-k uses k = 20, Top-p uses p = 0.9, Min-
p uses p = 0.1 with temperature T = 1.5, and
Top-nσ uses n = 1.0. For DoLa, we use the
recommended dynamic layer selection with pre-
mature layers chosen from {0, 2, 4, . . . , 30} for

Algorithm 1 SEAL-Sampling

Require: Logits ℓ, prompt states Hp, attention α,
embeddings E, params nσ, pattr, T

Ensure: Sampled token yt
1: Nstat ← {i : ℓi > max(ℓ)− nσ · std(ℓ)} //

Pre-filter
2: vp ← H⊤

p α // Attended representation
3: r← ENstatvp // Relevance scores
4: p← softmax(ℓNstat)
5: Ai ← pi(1− pi) ·max(0, ri) for all i ∈ Nstat

// Attribution
6: τ ← Quantilepattr({Ai})
7: Nfinal ← {i ∈ Nstat : Ai ≥ τ} // Attribution

filter
8: return sample from softmax(ℓNfinal/T )

LLaMA-3-8B and the mature layer set to the final
layer. For Contrastive Decoding, we set α = 0.1
and use LLaMA-3-1B as the amateur model. For
SEAL, we use nσ = 1.0 for statistical pre-filtering,
pattr = 0.5 for attribution quantile threshold, and
temperature T = 1.0. All SEAL hyperparameters
were fixed based on a held-out development set of
100 Alpaca-training prompts and were not tuned on
any evaluation benchmark. All stochastic methods
except Min-p use T = 1.0 by default.

C.2 Implementation Details
Hardware and Inference Stack. All 8B-scale
experiments run on a single NVIDIA A40 GPU
(48GB). The 70B-scale experiments use 4×A40
with tensor parallelism. Decoding uses batch size
1 (autoregressive generation) with a maximum se-
quence length of 2048 tokens.

Attention Extraction. We extract attention
weights from the final transformer layer (layer 32
for LLaMA-3-8B, layer 80 for LLaMA-3-70B).
For multi-head attention, we average across all at-
tention heads. Padding tokens are masked with
attention weight 0 before normalization. Our imple-
mentation requires only a lightweight hook on the
final attention module to expose α and the prompt-
side hidden states Hp before they are discarded;
both are already materialized by vLLM’s Page-
dAttention during the standard forward pass, so
no modifications to the core inference engine are
needed.

Multi-Head Aggregation. We average attention
weights across all heads rather than selecting spe-
cific heads. This design choice is motivated by the
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observation that different heads capture comple-
mentary aspects of prompt-relevance, and averag-
ing provides more robust signals than any single
head (see ablation in Section 4.3).

C.3 Prompt Templates

Instruction-Following. LLaMA-3 chat tem-
plate:

<|begin_of_text|><|start_header_id|
>system<|end_header_id|>

You are a helpful assistant.<|eot_id|>
<|start_header_id|>user<|end_header_id|>

{instruction}<|eot_id|>
<|start_header_id|>assistant<
|end_header_id|>

Controlled Generation. E2E NLG: Generate
a restaurant description based on:
{attributes}. Description:

CommonGen: Write a sentence using
these concepts: {concepts}. Sentence:

C.4 Evaluation Protocols

AlpacaEval 2.0. Official evaluation script with
GPT-4-turbo judge and length-controlled compar-
isons.

MT-Bench. Original protocol with GPT-4 judge
at temperature 0, scores averaged across 8 cate-
gories.

IFEval. Official verifiable constraint checker.
Strict accuracy requires all constraints in a prompt
to be satisfied.

Diversity Metrics. Self-BLEU computed from
5 outputs per prompt with different random seeds.
Distinct-2 is the ratio of unique bigrams to total
bigrams.

D Additional Results

D.1 MT-Bench Category Breakdown

Category Top-nσ SEAL ∆

Writing 7.85 8.12 +0.27
Roleplay 7.62 7.81 +0.19
Reasoning 7.41 7.57 +0.16
Math 7.18 7.28 +0.10
Coding 7.76 7.91 +0.15
Extraction 8.12 8.39 +0.27
STEM 7.54 7.73 +0.19
Humanities 7.72 7.97 +0.25

Average 7.73 7.92 +0.19

Table 6: Per-category MT-Bench scores (LLaMA-3-
8B). SEAL shows consistent improvements across all
categories, with largest gains in Writing and Extraction
tasks.

D.2 Code Generation (HumanEval)

To test whether SEAL’s pattern on math reasoning
(small positive gain) also holds for another task
with logical/structural rather than semantic align-
ment between prompt and answer, we evaluate on
HumanEval (Chen et al., 2021).

Method HumanEval pass@1

Top-nσ 62.8
SEAL 63.5 (+0.7)

Table 7: HumanEval results (LLaMA-3-8B). The gain
is modest but positive, consistent with the analysis
that semantic-similarity-based relevance is less informa-
tive when the correct token is connected to the prompt
through structural/logical rather than semantic relations.

D.3 Attribution Quantile Sensitivity

pattr AlpacaEval IFEval

0.3 56.8 51.2
0.4 57.6 51.8
0.5 58.2 52.4
0.6 57.9 52.1
0.7 57.2 51.4

Table 8: Performance across attribution quantile values.
Results remain stable within [0.3, 0.7], with optimal
performance at pattr = 0.5. The value was selected
on a held-out development set, not on any evaluation
benchmark.
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D.4 Nucleus Size Comparison

Method Avg. Nucleus AlpacaEval

Top-nσ 824 56.4
Top-nσ + Random 50% 412 56.8
SEAL 412 58.2

Table 9: Nucleus size comparison. SEAL and random
filtering have identical average nucleus sizes, but SEAL
achieves +1.8% higher performance, confirming that
gains stem from selection quality rather than nucleus
reduction.

E Generalization to Other Models

To verify that SEAL’s improvements are not spe-
cific to the LLaMA architecture, we evaluate on
Qwen2-7B-Instruct (Yang et al., 2024).

Method AlpacaEval MT-Bench IFEval
Win% Score Strict%

Greedy 48.2 7.35 46.8
Top-p 51.6 7.58 49.2
Top-nσ 54.8 7.82 51.4
Contrastive Decoding 55.4 7.89 52.1

SEAL (Ours) 56.5 7.99 53.4

Table 10: Results on Qwen2-7B-Instruct. SEAL
achieves consistent improvements (+1.7% AlpacaEval,
+2.0% IFEval over top-nσ), demonstrating generaliza-
tion across model architectures.

Table 10 shows that SEAL achieves comparable
gains on Qwen2-7B-Instruct: +1.7% on AlpacaE-
val and +2.0% on IFEval over top-nσ. These im-
provements are consistent with our LLaMA-3-8B
results (Table 1), suggesting that the Logit Confla-
tion Problem and our attention-based solution gen-
eralize across different model families. We inter-
pret this as evidence that final-layer attention serves
as an informative proxy for prompt-relevance
across different instruction-tuning pipelines, not
only within the LLaMA family.

F Theoretical Validation

We empirically verify the theoretical claims from
Section 2. We emphasize up front that the central
quantity srel(i) = ℓi(x, c) − ℓi(∅, c) is a defini-
tional difference between two logits produced by
the model’s full nonlinear forward pass; it does
not presuppose any linear decomposition of the
model’s internal representations. The validation
below measures the correlation between our effi-
cient proxy ri and this definitional quantity, and

then, independently, verifies that attribution identi-
fies quality-critical tokens via a causal intervention
(Table 16). The intervention experiment does not
rely on the correlation analysis, so the two pieces
of evidence are non-redundant.

F.1 Validation of Proposition 2

To validate the attention-relevance correspondence,
we compute true srel(i) = ℓi(x, c) − ℓi(∅, c) via
prompt masking on a subset of 500 examples per
dataset, then measure correlation with our proxy
ri.

Dataset Corr(ri, srel) Corr(ℓi, srel)

AlpacaEval 0.61 0.34
IFEval 0.67 0.29
GSM8K 0.52 0.41

Average 0.60 0.35

Table 11: Correlation of relevance proxy ri vs. raw
logits ℓi with true srel. The proxy achieves substantially
higher correlation across all datasets.

The results in Table 11 confirm that our rele-
vance proxy ri captures prompt-relevance signal
more effectively than raw logits. The correlation is
highest on IFEval (0.67), which contains explicit
constraints that attention patterns can effectively
identify.

Computing srel. We compute ℓi(∅, c) by replac-
ing prompt token embeddings with the mean em-
bedding vector, preserving positional information
while removing semantic content. This approach
is computationally expensive (requiring an addi-
tional forward pass) but provides ground truth for
validation.

Sensitivity to the masking scheme. A reason-
able concern is whether the correlations above
are artifacts of the mean-embedding masking. To
probe this, we compare three schemes on the IFE-
val subset:
We emphasize that masking is used only to com-
pute ground-truth srel for validation purposes; dur-
ing actual SEAL-Sampling inference, no prompt
masking is ever performed.

F.2 Validation Across Models

Table 13 demonstrates that the attention-relevance
correspondence (Proposition 2) holds across dif-
ferent models. The correlations are remarkably
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Masking scheme Corr(ri, srel)

Mean embedding (used in main results) 0.60
Zero masking 0.57
Random-token replacement 0.54

Table 12: Sensitivity of the correlation between ri and
the true srel to the prompt-masking scheme used during
validation only (not during SEAL inference). The cor-
relations are consistent across schemes, indicating the
conclusion is not an artifact of the specific choice.

Model AlpacaEval IFEval GSM8K

LLaMA-3-8B 0.61 0.67 0.52
LLaMA-3-70B 0.58 0.64 0.49
Qwen2-7B 0.59 0.65 0.51

Average 0.59 0.65 0.51

Table 13: Correlation Corr(ri, srel) across different mod-
els. The attention-relevance correspondence holds con-
sistently across model architectures and sizes.

consistent, suggesting that the information-routing
interpretation of attention is a general property of
instruction-tuned transformers rather than an arti-
fact of specific architectures.

F.3 When Does Condition (B1) Fail?

We analyze cases where attention poorly approxi-
mates causal influence:

Condition Corr(ri, srel) ∆ AlpacaEval

All prompts 0.60 +1.8%
Short prompts (<100 tokens) 0.65 +2.0%
Long prompts (>1000 tokens) 0.48 +0.8%
Ambiguous prompts 0.41 +0.3%
Math reasoning 0.52 +0.5%

Table 14: Analysis of when condition (B1) weakens.
Attention-relevance correlation and performance gains
decrease for long prompts, ambiguous prompts, and
mathematical reasoning.

Table 14 reveals three scenarios where (B1)
weakens:

• Long prompts: Attention dilutes across many
tokens, reducing the signal-to-noise ratio of
vp.

• Ambiguous prompts: Without clear require-
ments, attention distributes diffusely, and the
proxy becomes less discriminative.

• Mathematical reasoning: Correct tokens re-
late logically rather than semantically to the

prompt, violating the assumption that embed-
ding similarity indicates relevance.

Importantly, SEAL degrades gracefully in all
cases, defaulting toward top-nσ behavior rather
than performing worse than baselines.

F.4 Logit-Attribution Orthogonality

Dataset Pearson r Spearman ρ

AlpacaEval 0.21 0.18
IFEval 0.16 0.14
GSM8K 0.38 0.35

Average 0.25 0.22

Table 15: Correlation between logit values and attri-
bution scores within Nstat. Low correlation confirms
attribution extracts signal orthogonal to logit magni-
tude.

Table 15 reports correlation between logit val-
ues and attribution scores within the top-nσ candi-
date set. The weak correlations (average Pearson
r = 0.25, Spearman ρ = 0.22) confirm that at-
tribution captures information orthogonal to logit
magnitude.

The correlation is lowest on IFEval (r = 0.16),
which contains the most constraint-heavy prompts.
This supports the theoretical prediction that prompt-
relevance signal diverges most from aggregate log-
its when prompts specify explicit requirements.

F.5 Attribution Predicts Quality (Causal
Intervention)

Condition AlpacaEval IFEval

SEAL (full) 58.2 52.4
Remove high-Ai tokens 46.5 (−11.7) 39.8 (−12.6)

Remove high-ℓi, low-Ai 57.8 (−0.4) 52.1 (−0.3)

Table 16: Intervention study. Removing high-attribution
tokens degrades quality substantially; removing high-
logit but low-attribution tokens has minimal impact.
This evidence is independent of any decomposition as-
sumption: it operates purely on the downstream quality
metric and does not rely on srel.

Table 16 presents intervention experiments test-
ing whether attribution scores predict quality-
critical tokens. Crucially, this evidence is inde-
pendent of the correlation analysis in Tables 11–12:
it does not rely on any construction of srel or on

36959



how the prompt is masked. We simply remove to-
kens from the candidate set according to different
criteria and measure downstream quality.

Removing high-attribution tokens from the can-
didate set causes dramatic quality degradation:
−11.7% on AlpacaEval and −12.6% on IFEval.
In contrast, removing tokens with high logits but
low attribution scores has minimal impact (−0.4%
and −0.3% respectively).

This asymmetry confirms that attribution iden-
tifies quality-critical tokens that logit magnitude
alone misses. Tokens can have high logits due to
fluency or associative factors yet contribute little to
instruction-following quality.

G Case Studies

G.1 Constraint Satisfaction Example

Prompt: Explain photosynthesis in exactly 3 sentences.

Top-nσ: Photosynthesis is the process by which plants
convert sunlight into energy. During this process, plants
absorb carbon dioxide and water. They then release
oxygen as a byproduct. This process is essential for life
on Earth.
(4 sentences: constraint violated)

SEAL: Photosynthesis is the process by which plants
convert sunlight, water, and carbon dioxide into glucose
and oxygen. This occurs primarily in the chloroplasts of
plant cells, where chlorophyll captures light energy. The
process is fundamental to life on Earth, providing both
food and oxygen.
(3 sentences: constraint satisfied)

Table 17: Constraint satisfaction comparison. SEAL
maintains awareness of the sentence count constraint
throughout generation.

In tasks requiring strict adherence to numerical
constraints, standard sampling methods often pri-
oritize linguistic completeness over instruction fol-
lowing. As shown in Table 17, the baseline in-
cludes a grammatically natural but superfluous
concluding sentence, violating the “exactly 3 sen-
tences” constraint. SEAL, by leveraging prompt-
relevance attribution, successfully suppresses this
high-probability continuation to satisfy the explicit
count requirement.

G.2 Format Following Example

Prompt: List exactly 5 benefits of exercise. Use bullet
points.

Top-nσ: Here are some benefits of exercise: • Improves
cardiovascular health • Helps maintain healthy weight
• Boosts mood and mental health • Increases energy
levels • Strengthens muscles and bones • Improves sleep
quality • Reduces risk of chronic diseases
(7 items: constraint violated)

SEAL: • Improves cardiovascular health and reduces
heart disease risk • Helps maintain a healthy weight
through calorie burning • Boosts mood by releasing
endorphins • Increases energy levels and reduces fatigue
• Strengthens muscles, bones, and joints
(5 items: constraint satisfied)

Table 18: Format following comparison. SEAL adheres
to the specified count while top-nσ overshoots.

List generation frequently suffers from “run-on”
errors, where the model continues generating se-
mantically associated items beyond the requested
limit. Table 18 illustrates that while additional ex-
ercise benefits are statistically probable (high logit
values), they are not supported by the “exactly 5”
constraint. SEAL effectively filters these prompt-
irrelevant extensions.

H Failure Modes

Ambiguous Prompts. When prompts lack clear
requirements (e.g., “Tell me something interest-
ing”), attention distributes diffusely across prompt
tokens, yielding a prompt representation vp that
approximates the mean of all prompt embeddings.
Relevance scores ri become less discriminative,
and SEAL degrades toward top-nσ behavior. This
represents graceful degradation rather than harmful
failure: SEAL defaults to statistical filtering when
prompt-relevance signal is weak.

Indirect Relevance. When correct tokens relate
to the prompt through reasoning rather than seman-
tic similarity, embedding-based relevance may fail.
For example, answering “What is 37 × 23?” re-
quires a numerical result that has no embedding
similarity to the mathematical expression in the
prompt. This limitation explains SEAL’s smaller
gains on GSM8K (Table 3) and HumanEval (Ta-
ble 7) compared to IFEval: in mathematical rea-
soning and code generation, correct tokens are of-
ten logically or structurally, rather than semanti-
cally, connected to the prompt. Future work could
explore combining SEAL with chain-of-thought
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prompting (Wei et al., 2022b), where intermedi-
ate reasoning steps may exhibit stronger semantic
connections to the prompt.

Negated Instructions. For instructions of the
form “do not mention X,” the token “X” may have
high semantic similarity to the prompt (and thus
positive ri), yet should be avoided. SEAL does
not explicitly handle this case; suppression of “X”
is delegated to the instruction-tuned model’s own
logit assignment. In practice, this is sufficient for
typical negated instructions because instruction tun-
ing lowers the logit of the forbidden token substan-
tially, but it remains a failure mode for prompts
with complex negation or counterfactual structures.
Addressing this directly, e.g. by conditioning the
sign of the rectification on detected negation cues,
is left for future work.

I Computational Profiling

Operation Time (ms) % Overhead

Statistical filtering 0.8 7.6%
Attention extraction 0.1 1.0%
Prompt representation 0.4 3.8%
Relevance computation 7.2 68.6%
Attribution computation 1.2 11.4%
Quantile + filtering 0.8 7.6%

Total 10.5 100%

Table 19: Detailed latency profiling (LLaMA-3-8B, A40
GPU).

As illustrated in Table 19, the computational bot-
tleneck lies in the Relevance Computation stage,
accounting for 68.6% of the total overhead. This
step involves a matrix-vector product r = ENstatvp,
which requires gathering high-dimensional embed-
ding vectors (d = 4096) for the candidate sub-
set. While the candidate size |Nstat| ≈ 500 is
significantly smaller than the full vocabulary size
|V |, the operation remains memory-bound due to
the random access patterns required to fetch non-
contiguous embeddings from VRAM.

To further reduce latency for production-grade
deployment, several optimizations can be applied:

• Sparse embedding matrices for common token
subsets

• Quantized embeddings (INT8) for approxi-
mate computation

• Caching relevance scores for repeated prompt
prefixes

J Notation Summary

Symbol Description

x Input prompt
c Generation context (previously generated tokens)
ℓi Logit for token i
srel(i) Prompt-relevance signal for token i
α Attention weights from current position to prompt
Hp Prompt hidden states, ∈ Rn×d

vp Attended prompt representation, ∈ Rd

ri Relevance score for token i
Ai Attribution score for token i
Nstat Statistically pre-filtered candidate set
Nfinal Attribution-filtered final candidate set
nσ Pre-filter threshold (default: 1.0)
pattr Attribution quantile (default: 0.5)
T Temperature parameter

Table 20: Summary of notation used throughout the
paper.

To facilitate a clearer understanding of the theo-
retical framework derivation (Section 2) and the
algorithmic details (Section 3), we provide a com-
prehensive reference of all mathematical symbols
and notations used throughout this paper in Ta-
ble 20.
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