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Abstract

While retrieval-augmented generation (RAG)
grounds large language models (LLMs) in ex-
ternal knowledge, ensuring faithful use of re-
trieved evidence remains a challenge in le-
gal applications. LLMs often ignore retrieved
facts or indiscriminately copy from noisy con-
texts. Existing context-aware decoding meth-
ods address this by amplifying the influence
of retrieved content, but they treat the con-
text as a monolithic block, indiscriminately
amplifying both relevant evidence and irrele-
vant spans while intervening at every decod-
ing step, resulting in substantial inference over-
head. To address this, we propose SACOD
(Selective and Confidence-aware Decoding), a
training-free inference framework. SACoD
leverages the LLM’s internal attention signals
to dynamically isolate salient evidence para-
graphs at each step, restricting a customized
copy mechanism strictly to relevant facts. Fur-
thermore, an entropy-based gate activates this
intervention only when the model is uncer-
tain, bypassing copy operations for determinis-
tic tokens to preserve linguistic fluency and
cut computational overhead. Experiments
on four legal question-answering benchmarks
across three open-weight LLMs demonstrate
that SACOD significantly improves faithful-
ness and response correctness while substan-
tially reducing inference latency compared with
prior context-aware methods.

1 Introduction

Large language models are increasingly used to
support high-impact decision workflows, includ-
ing legal question answering (Italiani et al., 2025;
Akarajaradwong et al., 2025), contract review
(Wang et al., 2025a; Narendra et al., 2024), and
compliance checking (Alecci et al., 2025; Has-
sani, 2024). In these settings, users need more
than fluent text: outputs must be auditable, where
each claim is traceable to an authoritative span in
the underlying document (Chalkidis et al., 2022;
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Method Evidence Selective Extra Blind-copy Overhead
selection  intervention passes risk

Vanilla N/A N/A 0 Low Low
CAD No No +1 Med High
AdaCAD No No +1 Med High
CoCoLex No No 0 High Med
SACoD  Self-guided Yes (gate) 0 Low Low

Figure 1: Comparison of context-aware decoding meth-
ods. SACOD achieves superior correctness (ROUGE-L)
and faithfulness (AlignScore) while maintaining lower
latency than CAD, AdaCAD, and CoCoLex. Results are
averaged across four legal benchmarks on Mistral-7B.
Latency is relative to Regular decoding (1.0x).

Wiratunga et al., 2024; Hendrycks et al., 2021; Jain
et al., 2025). Meeting this requirement is particu-
larly challenging in the legal domain, where evi-
dence is long, structurally heterogeneous, and often
templated. As a result, even strong LLMs can pro-
duce plausible but unsupported statements, risking
incorrect interpretation and eroding trust (T.y.s.s
et al., 2025; Chitgopkar et al.).

RAG partially addresses this issue by condition-
ing generation on retrieved passages (Lewis et al.,
2020; Guu et al., 2020; Borgeaud et al., 2022).
However, retrieval alone does not guarantee faith-
ful evidence use. Under standard decoding, RAG
models can still fail to selectively incorporate re-
trieved context (Hagstrom et al., 2025), producing
outputs that drift from the supporting evidence, a
particularly serious limitation in high-stakes legal
applications (Magesh et al., 2025).

To address evidence misuse, a growing line of
work enforces grounding at inference time via
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Context
[Para. 1] The applicant alleged that what she considered to be the retroactive application of a departure [...]

[Para. 2] In Kadusi¢ v. Switzerland (no. 43977/13, 9 January 2018), which concerned a subsequent order [...]

[Para. 3] The Court is therefore of the general view that in order not to make it impracticable for the police [...]

[ Question: Under what circumstances can detention following conviction be considered unlawful? J
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Output: ... it lacks a sufficient causal connection with the initial ... and protect the individual from
arbitrariness as required by the underlying principle of Article [...]
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Figure 2: Overview of SACOD. The entropy-level gate bypasses context-aware decoding for confident tokens (e.g.,
“5”, “t0”) and activates it for uncertain ones (e.g., “bar”’). When activated, the self-guided module identifies salient

evidence via attention and interpolates pyaniiia With peopy -

context-aware decoding, which modifies the next-
token distribution to prefer context-consistent to-
kens (Shi et al., 2024; Wang et al., 2025b; T.y.s.s
et al., 2025). Despite progress, existing methods
face two practical limitations for long legal contexts
(see the comparison table in Figure 1). First, none
of them perform evidence selection: contrastive
methods (CAD (Shi et al., 2024), AdaCAD (Wang
et al., 2025b)) amplify the influence of the entire re-
trieved context via an extra forward pass, which can
over-weight irrelevant spans. Copy-based methods
(CoCoLex (T.y.s.s et al., 2025)) build a datastore
from the full context, leading to even higher blind-
copy risk as tokens from non-evidence paragraphs
directly enter the generation distribution. Second,
all prior methods apply intervention at every decod-
ing step. Contrastive approaches further require an
additional forward pass per sample, compounding
the overhead, while CoCoLex interpolates at every
step without selectivity, adding unnecessary com-
putation even when the model is already confident.

We propose SACOD (Selective and Confidence-
aware Decoding), a training-free decoding frame-
work designed to improve faithfulness while keep-
ing inference overhead low (Figure 2). SACOD is
guided by two observations: (i) in long legal docu-
ments, only a small subset of spans is relevant for

the current decision, so enforcing adherence to the
entire retrieved context is unnecessary and can be
harmful; and (ii) the need for contextual guidance
varies across tokens—many tokens are nearly de-
terministic (boilerplate and syntactic connectors),
while ambiguous tokens are where hallucinations
and evidence misuse concentrate.

Based on these insights, SACOD makes two
lightweight decisions during generation. First, it
performs self-guided evidence identification by us-
ing the model’s internal attention signals to dynam-
ically focus on high-salience evidence spans rather
than the full retrieved text, reducing blind-copy
risk. Second, it employs entropy-gated selective
intervention, which activates context-aware inter-
polation only when the model is uncertain, and oth-
erwise falls back to vanilla decoding—requiring
zero extra forward passes and keeping overhead
low. This design targets evidence neglect while
reducing blind copying and avoiding per-token
overhead when guidance is unnecessary. In the
experiments, we evaluate SACOD on four legal
grounded-generation benchmarks using multiple
open-weight LLMs. Across settings, SACOD im-
proves contextual faithfulness and answer quality
while substantially reducing inference latency com-
pared with prior context-aware decoding strategies
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(Figure 1). In summary, our contributions are as
follows:

* We characterize key failure modes of exist-
ing context-aware decoding methods in legal
RAG, including evidence over-amplification
(leading to blind copying) and excessive infer-
ence time overhead.

* We introduce SACOD, a training-free decod-
ing method that combines self-guided evi-
dence identification with entropy-gated, adap-
tive context-aware interpolation.

* We demonstrate empirically that SACOD im-
proves faithfulness and correctness while re-
maining computationally efficient across di-
verse legal benchmarks and LLM backbones.

2 Preliminary

Problem Setup. We consider grounded text gen-
eration in a retrieval-augmented setting. Given
an input query x and a retrieved context ¢, a lan-
guage model with parameters © generates a re-
sponse y = {y1, %2, - .., Yyn} of length n. Genera-
tion proceeds autoregressively: at each step ¢, the
model samples the next token from the conditional
distribution y¢ ~ pe(y: | ¢, z, y<t).

Notation. We adopt standard Transformer no-
tation (Vaswani et al., 2017). Let L denote the
number of layers and H the number of attention
heads per layer. At decoding step ¢, the atten-
tion distribution at layer [ and head h is denoted
ag’h) e RlelHlzl+t=1 representing how the model
attends over all preceding tokens. We define the
head-averaged attention at layer [ as

! 1N
a = -y a". (1)
h=1

Intuitively, a,gl) captures which input positions layer

[ attends to when predicting token y;.

3 SaCoD

We present SACOD, a training-free decoding
framework for grounded legal generation that im-
proves evidence utilization without requiring an
additional forward pass. As illustrated in Fig-
ure 2, SACOD integrates two complementary com-
ponents: (i) Self-guided Context-aware Decoding,
which leverages the model’s internal attention sig-
nals to identify and focus on a compact set of
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Figure 3: Attention-Evidence Alignment Across Trans-
former Layers. Relative attention scores for evidence
paragraphs (green) vs. non-evidence paragraphs (red)
across layers for (a) Mistral-7B-v(.3 and (b) Qwen2.5-
7B. Shaded regions indicate standard deviation. Deeper
layers consistently assign higher attention to human-
annotated evidence paragraphs.

salient evidence paragraphs within the retrieved
context, and (ii) a Dynamic Entropy-gated Activa-
tion module, which triggers context-aware inter-
polation only when the model exhibits high uncer-
tainty and otherwise defaults to standard decoding.
We describe each component in detail below.

3.1 Self-guided Context-aware Decoding

Motivating Observations. To ground our frame-
work empirically, we construct an expert-annotated
dataset of 80 legal RAG samples (20 per bench-
mark), with two annotators achieving high inter-
annotator agreement (Cohen’s Kappa of 0.8720).
For an input sequence with context c, we divide it
into m paragraphs P = {p1,...,Pm} and track
which spans actively support the generated outputs.
Two critical insights guide our method:

Observation 1: Legal evidence is highly sparse.
Human evaluation confirms that a mere 8-36% of
the retrieved text serves as operative evidence (Fig-
ure 5). Consequently, uniform amplification of the
full context injects noise and drives blind copying
of irrelevant statutes. This makes extracting a com-
pact relevance subset Pr C P computationally
and qualitatively vital.

Observation 2: Attention provides a useful
proxy for evidence salience. To isolate Pg ef-
ficiently, we measure the head-averaged attention
Ezgl) paid to paragraph p; by layer [ at decoding
O]

step . Computing the step-aggregated score e; * =
LS dgg shows that deeper Transformer layers
naturally concentrate mass on human-verified evi-
dence paragraphs (Figure 3). Thus, intrinsic self-
attention mechanisms offer a training-free proxy

for adaptive evidence selection without requiring
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additional forward passes or auxiliary models. De-
tails of observations are provided in Appendix B.1.

Self-Guided Evidence Selection. Based on these
observations, SACOD dynamically identifies ev-
idence paragraphs by aggregating attention over
the deepest 50% of layers, denoted L, (ablation
in Appendix B.6). At decoding step ¢, the inte-
grated evidence score for paragraph p; is e;; =

ﬁ Dol Liop dgfz . Controlled by a precision-recall
tolerance parameter a € [0, 1], we filter for the
active supporting paragraphs:

Pg) = {pi €EP e >a- max(et,j)} - @
J

Crucially, this selection is executed only when the
entropy gate activates (Section C.1), bypassing
overhead at computationally deterministic steps.

Adaptive Copy-Based Decoding. To faithfully
reproduce factual entities without rote copying,
SACOD refines confidence-guided copy decoding
(T.y.s.s et al., 2025) by restricting its reference data-
store exclusively to the dynamically isolated evi-
dence tokens cg) € Pg). At each intervention step
t, the pre-computed hidden states k; for evidence
tokens w; € cg) form a step-specific datastore Dg).
Token-wise similarities s;(7) = exp(—|h; — k;||2)
map the current hidden state h; to a localized vo-
cabulary copy distribution:

peopy (W | DE) oc D7 si(d) 3)

{ilw;=v}

This targeted copy distribution is then softly inter-
polated with the base parametric prior pg, mod-
ulated by a step-specific confidence weight \; €
[e=11]:

p(ye | 2, ¢W, y<r) = Ae po(ye) + (1 — Ae)peopy (vt | D?i-
@

As detailed next, when the model is confident, A
prioritizes pg; when uncertain, mass shifts to the
selective copy mechanism. By isolating D(t), this
interpolation ensures precise evidence recall while
actively guarding against noise from unrelated boil-
erplate.

3.2 Dynamic Entropy-Gated Activation

A key challenge in context-aware decoding is decid-
ing when contextual intervention is actually neces-
sary. During generation, tokens fall into two broad
categories: deterministically predictable words

(e.g., function words, boilerplate) and highly un-
certain tokens where external evidence is required
(e.g., named entities, statutory references).

Existing methods typically intervene at every
decoding step. This is both inefficient and counter-
productive, as injecting contextual bias at determin-
istic steps amplifies irrelevant text and degrades
fluency. This motivates a lightweight gate that acti-
vates contextual guidance only when the model’s
confidence wanes.

At decoding step ¢, we compute the normal-
ized entropy h; € [0, 1] of the next-token distri-
bution to quantify uncertainty (Eq. 8). This met-
ric directly maps to the soft interpolation weight
At = exp(—hy), dictating how aggressively the
context-aware copy mechanism is applied. When
confident (low h;), A\; = 1 and the base generation
proceeds normally; when uncertain, A; dampens,
heavily weighting the evidence-filtered copy distri-
bution.

To strictly avoid unnecessary computation, we
introduce a dynamic hard-gate whose threshold
0* is automatically determined via Otsu’s method
(Eq. 10). Before generating tokens, Otsu’s thresh-
olding partitions the prefill entropy buffer Ho =
{h?™} to separate historically confident tokens
from uncertain ones without manual tuning.

During autoregression, the gate evaluates the
step entropy hy:

Gate(t) = Vanilla, h; < 6%, )
B Copy, hy > 0%,

where Vanilla bypasses intervention, and Copy
triggers the entropy-weighted interpolation. As
new entropy values accrue, 6* is periodically re-
freshed over the expanding buffer every K = 10
steps, keeping the boundary calibrated. This two-
level design—adaptive hard gating paired with
confidence-driven soft interpolation—concentrates
computation purely on the uncertain steps where
evidence grounding is vital. The complete SACOD
algorithmic formulation is provided in Algorithm 1.

4 Experiments

We evaluate the effectiveness and generality of
the proposed SACOD method across diverse le-
gal text generation benchmarks and multiple state-
of-the-art model architectures. Our evaluation is
designed to answer two primary research questions:
(i) whether SACOD improves generation faithful-
ness and correctness compared to existing context-
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Method CUAD OALQA ODbliQA AQuAECHR Average
RL BERT-P RL BERT-P RL BERT-P RL BERT-P | RL BERT-P
Mistral-7B-Instruct-v0.3
Regular 32.83 83.53 4595 89.48 42.20 86.98 26.30 84.83 36.82 86.21
CAD 33.59 84.98 47.06 89.83 42.85 87.45 26.02 85.72 37.38 87.00
AdaCAD 33.90 85.60 49.00 90.65 44.55 89.24 27.05 85.88 38.63 87.84
CoCoLex 34.13 86.09 49.27 90.13 45.72 89.12 29.15 86.30 39.57 87.91
InsRAG;op, | 17.86 82.29 41.43 88.21 27.96 84.79 27.15 85.63 28.60 85.23
SaCoD 35.16* 87.89* | 50.95* 91.32* | 46.84* 89.45* | 29.80* 86.81* | 40.69 88.87
QOwen2.5-7B-Instruct
Regular 32.09 83.85 42.73 87.49 42.89 86.78 25.79 81.19 35.88 84.83
CAD 33.54 84.35 43.00 87.89 40.98 87.01 24.04 80.62 35.39 84.97
AdaCAD 33.85 84.56 44.58 88.59 43.38 87.82 25.26 80.77 36.77 85.44
CoCoLex 35.45 86.00 45.51 89.62 4495 89.70 28.54 86.95 38.61 88.07
InsRAGcor | 5.07 76.64 21.29 83.42 20.90 82.35 20.24 83.22 16.88 81.41
SACoD 36.43 87.44* | 4847 90.61* | 45.32* 90.56* 29.24 87.33* | 39.87 88.99
Meta-Llama-3-8B-Instruct

Regular 34.63 84.97 42.30 86.43 43.53 86.68 26.23 84.14 36.67 85.56
CAD 33.41 83.43 4191 85.64 40.24 86.61 26.96 84.56 35.63 85.06
AdaCAD 35.08 85.28 43.57 87.30 45.44 88.03 27.31 85.45 37.85 86.52
CoColLex 35.32 86.45 45.76 88.29 45.57 88.54 29.12 86.80 38.94 87.52
InsRAG;cr | 12.48 80.31 37.58 87.33 27.68 84.29 25.67 84.94 25.85 84.22
SaCoD 36.62 87.34* 47.73 89.57* | 46.75*  90.96* 29.54 87.08* | 40.16 88.74

Table 1: Response correctness comparison of different decoding-based methods across four legal text generation
datasets and three LLMs. Entries marked with * are statistically significantly higher than the second-best performing
baseline at the 95% confidence level, according to the Wilcoxon signed-rank test.

aware decoding strategies, and (ii) whether it can
accelerate inference relative to prior context-aware
decoding methods.

4.1 Metrics

Following established protocols for grounded gen-
eration, we evaluate performance across three di-
mensions. To assess Correctness, we measure
the overlap between the generated response and
the reference answer using ROUGE-L for lexical
overlap and BERTScore-Precision (Zhang* et al.,
2020) for semantic alignment. We quantify Faith-
fulness by computing the AlignScore (Zha et al.,
2023) and Factual Consistency of UniEval (Zhong
et al., 2022) between the generated response and
the provided input context, ensuring the generation
is grounded in the source text. We also evaluate lin-
guistic properties such as Fluency using UniEval
(Zhong et al., 2022), which assesses the quality of
individual sentences and whether generated text
forms a cohesive narrative.

4.2 Benchmarks and Baselines

To ensure a comprehensive evaluation of gener-
ation abilities, we utilize four challenging legal
benchmarks. We employ CUAD (Hendrycks et al.,
2021) to test the model’s ability to locate specific

clauses within dense legal contracts. We also utilize
AQuAECHR (Weidinger et al., 2025), a dataset
derived from European Court of Human Rights
judgments, which requires the model to synthe-
size answers based on long case law documents.
Next, we employ OALQA (Butler, 2023), a ques-
tion answering dataset built on the Open Australian
Legal Corpus, designed to evaluate hallucination
mitigation by requiring models to produce concise
answers grounded in reference cases and judicial
decisions. Finally, we include ObliQA (Gokhan
et al., 2024), which focuses on regulatory QA over
Abu Dhabi Global Market financial regulations,
requiring extractive answers grounded in the full
document corpus.

We compare SACOD against four distinct
baselines using three representative open-weights
LLMs: Mistral-7B-Instruct-v0.3 (Mis-7B) (Jiang
et al., 2023a), Qwen-2.5-7B (Q2.5-7B) (Qwen
et al., 2025), and Llama-3-8B-Instruct (L3-8B)
(Dubey et al., 2024). The baselines include Vanilla
Decoding using standard greedy decoding, and
CAD (Context-Aware Decoding) (Shi et al., 2024),
which amplifies output probabilities conditioned on
the context by contrasting them with a context-free
output. We also compare against AdaCAD (Wang
et al., 2025b), an adaptive version of CAD that dy-
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Method CUAD OALQA ObliQA AQuAECHR Average
AS FC Flu AS FC Flu AS FC Flu AS FC Flu AS FC Flu
Mistral-7B-Instruct-v0.3
Regular 59.51 63.83 8212 | 6693 7424 8443 | 84.02 6423 7725 | 7345 79.27 8276 | 7098 70.39 81.89
CAD 61.35 64.60 79.22 | 68.46 7655 8538 | 84.63 64.01 7683 | 74.02 79.77 79.07 | 72.12 71.23 80.13
AdaCAD 60.87 63.54 8049 | 67.78 75.13 86.04 | 83.73 6427 7639 | 75.88 8293 80.75 | 72.07 71.47 80.92
CoCoLex 62.10 65.69 80.54 | 69.68 76.77 84.81 | 8544 6693 7651 | 7631 81.44 81.48 | 73.38 7271 80.84
InsRAG;¢cy, | 4432  46.13  92.32* | 65.69 76.89 86.08* | 65.13 68.93 84.65* | 61.76 7791 87.35* | 59.23 67.47 87.60*
SACoD 64.35 67.84° 82.81 | 70.88* 77.42* 8594 | 87.83* 68.12* 7635 77.09* 83.90* 83.19 | 75.04 7432 82.32
Qwen2.5-7B-Instruct
Regular 59.15 63.18 8556 | 68.59 80.06 87.72 | 88.90 67.62 78.12 | 74.09 81.42 81.18 | 72.68 73.07 83.15
CAD 60.95 6577 81.73 | 68.16 7937 79.87 | 86.69 6535 7192 | 7490 8423 7725 | 72.68 73.68 77.69
AdaCAD 59.25 6453 8395 | 67.80 7856 83.01 | 89.39 66.05 72.65 | 7855 84.62 77.86 | 73.75 73.44 79.37
CoCoLex 62.37 66.79 8458 | 71.59 8137 8539 | 90.46 6837 7856 | 7845 84.66 8025 | 75.72 7530 82.20
InsRAGcy, | 3658 42.04 93.72* | 61.54 80.78 89.32* | 61.890 73.75 85.07* | 56.55 80.15 87.25" | 54.14 69.18 88.84*
SACoD 64.37* 68.48* 85.63 | 72.33* 83.61* 86.87 | 92.09* 70.09* 7884 80.01* 85.25* 80.77 | 77.20 76.86 83.03
Meta-Llama-3-8B-Instruct

Regular 62.17 66.71 84.12 | 67.56 7856 8792 | 88.02 68.03 7636 | 7648 7431 7849 | 73.56 7190 81.72
CAD 63.63 6726 8093 | 67.11 78.69 8452 | 8432 64.61 7111 | 76.15 7595 72.18 | 72.80 71.63 77.19
AdaCAD 63.39 67.73 8277 | 67.53 78.82 8540 | 83.09 6837 7620 | 76.73 75.57 79.80 | 73.94 72.62 81.04
CoCoLex 66.43 6630 83.66 | 69.01 80.14 86.05 | 90.27 70.70 7829 | 7890 79.81 76.88 | 76.15 7424 81.22
InsRAGrcr | 4399 3395 94.28° | 63.83 7694 89.49* | 61.56 67.65 84.44* | 5639 7744 84.56* | 56.44 64.00 88.19*
SACoD 67.07* 69.28* 84.72 | 72.83* 81.47* 87.05 | 91.61* 72.28* 7853 79.71* 81.24* 77.02 | 77.81 76.07 81.83

Table 2: Contextual faithfulness comparison of different decoding-based methods across four legal text generation
datasets and three LLMs. AS, FC, and Flu indicate AlignScore, Factual Consistency, and Fluency. Entries marked
with * are statistically significantly higher than the second-best performing baseline at the 95% confidence level,

according to the Wilcoxon signed-rank test.

namically adjusts the contrastive weight based on
the divergence between contextual and parametric
distributions. Additionally, we include the training-
free variant of InstructRAG (Wei et al., 2025),
InsRAGj¢ 1, which leverages in-context demon-
strations and self-generated rationales to denoise
retrieved contexts and guide answer generation.
Finally, we benchmark against CoCoLex (T.y.s.s
et al., 2025), a recent method specifically designed
for legal text that interpolates the model’s logits
with a copy-based distribution derived from the
hidden states of the retrieved context.

For the baselines, we adhere to the optimal hy-
perparameters reported in their respective litera-
ture. For CAD, we set the static weight a = 0.5.
For AdaCAD, we clamp the adaptive weight a; €
[0.3, 1.0]. For CoCoLex, we use the last-layer hid-
den states for similarity computation with a smooth-
ing factor of A = 0.5. For our proposed SACOD,
we set the attention layer Ly, to the last 50% of
transformer layers, the attention evidence threshold
to o = 0.7, and the Otsu threshold update interval
to K = 10 for all experiments. Implementation
details are provided in Appendix A.

5 Results and Analysis

5.1 Main Results

We report response quality in Table 1 and contex-
tual faithfulness in Table 2 across four legal QA
benchmarks and three LLMs. Overall, the two fam-

ilies of contrastive baselines exhibit importantly
different cross-model behaviors. CAD is the more
brittle method: while it yields marginal correctness
gains on Mistral-7B and Qwen2.5-7B, it degrades
both response quality and faithfulness on Llama-
3-8B, and consistently impairs fluency across all
three models, confirming that always-on, uniformly
weighted context amplification destabilizes gener-
ation. AdaCAD’s adaptive weighting makes it a
meaningfully stronger baseline—it improves over
Regular on all three LLMs, including Llama-3-
8B, yet it still consistently underperforms SACOD,
particularly on long-form extractive tasks such as
OALQA and ObliQA.

InsRAGj¢, achieves strong fluency but lower
correctness, consistent with its rationale-based, in-
context denoising approach, which does not di-
rectly constrain decoding. This effect is particularly
pronounced on CUAD and ObliQA, where answers
are extracted from the context and ROUGE-L there-
fore depends heavily on lexical overlap with the
reference. The rationale-based generation can intro-
duce lexical variations, leading to lower ROUGE-L
despite fluent responses.

CoCoLex introduces confidence-guided copying
and generally serves as a strong baseline, consis-
tently outperforming contrastive methods. How-
ever, it still falls short of SACOD’s performance.
Because CoCoLex interpolates output distributions
using the entire retrieved context, it is susceptible
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Algorithm 1 SACoD: Selective and Confidence-
aware Decoding

Require: Model parameters O, context ¢, query =,
update interval K = 10.
1: H <« () {Initialize entropy buffer}
2: tokenspgyx <— tokenize(c @ x)
3: for each position i in tokenspix do
4:  Compute step entropy h?fx using Eq. 8
50 H <« HU{R™
6: end for
7: 6 < OtsuThreshold(H) (Alg. 2)
8 Yo < 0,t«1
9: while y;_; # EOS do
10:  Compute next-token prob. pe (y; | ¢, =, y<¢)

11:  hy < Eq. 8 {Compute current step entropy }

122 H<+—HU{h}
13 if hy < 0 then

14: Gate « Vanilla

15: ye ~ pe(ye | ¢, 2, y<t)

16:  else

17: Gate < Copy

18: Pg) < Eq. 2 {Get evidence}

19: ye ~ plye | 2, y<t) (Eq. 4)
20:  end if

21:  if t mod K = 0 then

22: 6 < OtsuThreshold(H) (Alg. 2)
23:  end if

24:  t+t+1
25: end while
26: return Generated sequence y

to incorporating irrelevant or noisy text passages,
which limits its ceiling for factual fidelity and cor-
rectness.

Our proposed SACOD consistently outperforms
prior approaches, improving average contextual fi-
delity while achieving the highest response quality
across evaluated settings. The correctness improve-
ments are statistically significant (Wilcoxon signed-
rank test (Wilcoxon, 1945), p < 0.05) over the
second-best baseline, as indicated by the * mark-
ers in Table 1. Importantly, these gains co-occur
with improved contextual faithfulness without in-
curring the fluency regressions observed in con-
trastive decoding methods. The improvements are
particularly pronounced on long-form extractive
tasks such as OALQA and ObliQA. By narrow-
ing the copy mechanism exclusively to self-guided,

attention-identified relevant spans, SACOD reduces
the blind-copy behavior and noise injection of prior
approaches. Concurrently, the dynamically opti-
mized entropy gate prevents unnecessary context-
forcing on confident steps, ensuring the generative
prior is preserved when the model is certain. Over-
all, our approach synergistically enhances faith-
fulness and correctness without compromising flu-
ency, delivering robust improvements across a di-
verse set of tasks and models.

Human Evaluation. We conduct an expert hu-
man evaluation on 60 generated responses sampled
from the AQUAECHR dataset. Two legal experts
assessed each response on a 5-point Likert scale
for correctness, faithfulness, fluency, and coher-
ence. As shown in Table 3, SACOD consistently
achieved the highest ratings across all four criteria,
confirming its effectiveness in producing highly
faithful and accurate legal text compared to the
baselines. Detailed human evaluations are provided
in Appendix B.2, and qualitative case studies are
available in Appendix D.

Corr Faith Flu Coh
Regular 3.501052  4.3510.38 4.80x014 4.4510.32
CoCoLex 3.9010_50 4.4010_33 4.7510_23 4.65:&0_30
SACOD  4.15.035 4.601028 4.931005 4.7510.31

Table 3: Human evaluation results on 60 randomly sam-
pled questions from the AQUAECHR dataset. Corr,
Faith, Flu, and Coh indicate Correctness, Faithfulness,
Fluency, and Coherence, respectively.

5.2 Efficiency Measurement

We empirically evaluate the average decoding la-
tency of SACOD against the baselines on 200 sam-
ples from the ObliQA and AQUAECHR datasets.
Our findings show that contrastive decoding meth-
ods (CAD and AdaCAD) nearly double inference
time, as they require two forward passes per gen-
erated token, corresponding to the prior and con-
text distributions. CoCoLex, although it does not
require an additional forward pass, still incurs sub-
stantial overhead latency due to interpolating to-
ken probabilities at every timestep. In contrast,
SACoOD with contextual guidance from the entropy-
level gate activates context-aware interpolation
only when necessary, resulting in improved effi-
ciency compared to prior context-aware decoding
approaches.
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Average Latency Model Variant ObliQA
Method  #Forwards ;A ~AQUAECHR RL AS Flu
Regular 1 1.00x 1.00x SACoD 46.84 87.83 76.35
CAD 2 1.82x 1.71x w/o Dynamic Entropy Gate 44.17 87.09 76.31
AdaCAD 2 1.84x 1.72x w/o Adaptive Evidence 38.12 82.82 71.38
CoCoLex 1 1.73 % 1.62x w/o Self-guided Evidence =~ 42.67 86.32 76.51
SACoD 1 1.48 % 1.39x Regular 4220 84.02 177.25
AQuAECHR
Table 4: Inference time comparison of different methods RL AS Flu
on Mistral-7B, scaled to regular decoding. SACOD 2980 77.09 83.19
w/o Dynamic Entropy Gate 29.00 78.71 76.58
Model w/o Adaptive Evidence 27.02 74.01 76.41
Dataset Mistral Qwen Llama w/o Self-guided Evidence ~ 26.86 76.65 75.93
Metric- AUROC Regular 2630 73.45 8276
CUAD 15.78 84.21 71.98 Table 6: Performance comparison under different ab-
OALQA 69.76  78.67 77.19 lations of SACOD decoding method. Each variant re-
ObliQA 84.63 91.22  89.09 moves or alters a core component to assess its individual
AQUAECHR  67.25 73.57 7212 contribution to the performance.
Metric: NDCG
CUAD 72.81 79.22  73.05 . .
OALQA 6487 7200 7052 Removing the entropy gate (w/o Dynamic Entropy
ObLiQA 7188 7605 76.10 Qate) .notabl)./ degraqes .ﬂufancy, as the copy mecl.la—
AQUAECHR 8620 8770 87.41 nism is applied indiscriminately at every step, in-

Table 5: Evidence selection quality on our legal bench-
marks and backbone models.

5.3 Validating Self-Guided Evidence Selection

To verify that SACOD faithfully utilizes relevant
context, we evaluate whether its attention-based
evidence scores favor ground-truth spans (Sec-
tion 3.1). Treating continuous importance scores
as a soft-ranking task, we evaluate via AUROC
and NDCG@all. As shown in Table 5, SACoD
accurately localizes supporting evidence across di-
verse models and datasets, typically scoring be-
tween 70-91. Performance is lower on OALQA
due to the multi-hop narrative complexity of its
legal queries. Because step-wise self-attention con-
centrates strictly on the immediate reasoning path
for the current token, other candidate evidence is
temporarily down-weighted. Despite this step-wise
sparsity, dynamic localization effectively guides
the full generative trajectory without overwhelm-
ing the model with the entire document.

5.4 Ablation Study

We assess the individual contribution of core com-
ponents to the overall performance on ObliQA and
AQuAECHR using Mistral-7B, reported in Table 6.
Entropy-gated activation prevents unnecessary
context-aware intervention at low-uncertainty steps.

jecting contextual bias even when the model is
already confident. Dynamic evidence selection is
the most critical component. The variant w/o Adap-
tive Evidence identifies evidence using attention
signals from only the first decoding step and fixes
that set for all subsequent steps. This static strategy
exhibits the largest degradation across all metrics—
particularly on long-form answers, where different
parts naturally draw on different evidence para-
graphs. Self-guided evidence identification via
attention signals provides meaningful gains over
copying from the full context. The w/o Self-guided
Evidence variant constructs the copy datastore from
the entire retrieved context, introducing noise from
irrelevant paragraphs that dilutes the signal from
genuinely supporting spans.

5.5 Sensitivity to Evidence Threshold «

Figures 4 show the effect of varying « € [0.1, 1.0]
on AQUAECHR and OALQA, respectively (both
Mistral-7B). Across all ten values and both datasets,
SACOD consistently outperforms Regular decod-
ing on ROUGE-L and AlignScore by a clear mar-
gin. The near-flat profile on AQUAECHR confirms
that o = 0.7 is a robust default rather than a care-
fully tuned optimum. The OALQA profile is sim-
ilarly stable, though the absolute gains are larger
given the dataset’s longer, multi-sentence answers,
where selective evidence focus yields more benefit.
Together, these results confirm that the method’s
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Figure 4: Sensitivity to evidence threshold o on
AQUAECHR (a) and OALQA (b) using Mistral-7B.
Dashed lines denote Regular decoding.

gains do not depend on precise threshold selection
across diverse task types.

Other Analyses. The appendix provides further
experiments and details: sensitivity to Otsu refresh
interval K (Appendix B.4), entropy gate activa-
tion rate (Appendix B.5), layer-selection ablation
(Appendix B.6), context-size scaling (Table B.8),
low-entropy hallucination (Appendix B.7), cross-
domain evaluation (Table 15), latency and memory
profile (Appendix B.10), and selection granularity
comparison (Appendix B.11).

6 Related Work

RAG grounds language models in external knowl-
edge across input, intermediate, or output represen-
tations (Ram et al., 2023; Wu et al., 2022). Beyond
joint retriever—generator optimization (Karpukhin
et al., 2020; Izacard et al., 2023) and static context
augmentation (Jiang et al., 2023b), recent meth-
ods mitigate retrieval noise through adaptive filter-
ing. Self-RAG (Asai et al., 2024) and CRAG (Yan
et al., 2024) use reflection tokens or auxiliary evalu-
ators, while CopyPasteLLM (Long et al., 2026) em-
ploys preference optimization to encourage factual
copying. These approaches, however, require fine-
tuning or dedicated evaluators. Under frozen mod-
els, InstructRAG-ICL (Wei et al., 2025) calibrates
evidence use through in-context demonstrations, at

the cost of additional context budget. Training-free
inference methods instead intervene during decod-
ing: CoDA (Shi et al., 2026) modifies internal atten-
tion activations, while contrastive (Shi et al., 2024;
Li et al., 2023) and copy-based decoding (T.y.s.s
et al., 2025) directly steer token distributions. Yet
these methods typically intervene uniformly and
treat retrieved context monolithically, risking blind
copying from irrelevant spans. SACOD addresses
this gap by dynamically selecting salient evidence
and activating copy intervention only when model
uncertainty warrants external grounding.

LLMs are increasingly applied to high-stakes le-
gal workflows, demanding factual precision, trace-
ability, and adherence to authoritative sources (Av-
ery et al., 2023; Chitgopkar et al.; Harasta et al.,
2026). While RAG reduces parametric hallucina-
tion (Dabhl et al., 2024), legal corpora contain ver-
bose boilerplate, intricate statutory structures, and
complex precedents that can induce context mis-
application and unsupported assertions (Magesh
et al., 2025). CoColLex (T.y.s.s et al., 2025) uses
confidence-guided copy decoding to strengthen
context use, but builds its copy distribution from
the full retrieved context without evidence filtering.
It therefore remains susceptible to copying irrele-
vant provisions or non-operative dicta. SACOD
mitigates this vulnerability through self-guided
evidence selection and uncertainty-aware gating,
avoiding indiscriminate copying while preserving
linguistic coherence.

7 Conclusion

We present SACOD, an efficient, training-free de-
coding framework that enhances the factual faith-
fulness of retrieval-augmented generation in the
legal domain. Rather than intervening at every step
and uniformly copying from the entire retrieved
context, SACOD selectively applies a localized
copy mechanism only when the model is uncertain,
strictly confining it to attention-identified relevant
paragraphs. Extensive experiments confirm that
this dual strategy significantly improves faithful-
ness and response correctness while substantially
reducing inference latency compared with prior
context-aware methods. Future work will explore
adapting SACOD to ultra-long context models (e.g.,
100K+ tokens) via sparse attention or hierarchi-
cal evidence selection to maintain these efficiency
gains over massive document corpora.
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Limitations

While SACOD significantly improves faithfulness
and correctness in grounded legal text generation,
several theoretical and practical limitations remain.
First, our framework relies on deep-layer self-
attention as a proxy for evidence relevance, which
can become suboptimal during complex multi-hop
reasoning where step-wise attention concentrates
narrowly on immediate continuation tokens rather
than dispersed, non-adjacent statutory provisions,
or when attention diffuses across templated legal
boilerplate. Second, although SACOD substan-
tially reduces latency by eliminating redundant
forward passes required by contrastive decoding,
this efficiency comes at the cost of a higher peak
GPU memory footprint for caching layer-wise at-
tention matrices and maintaining per-sample data-
stores, which may limit batch sizes and concur-
rent throughput in production environments. Third,
our method requires white-box access to internal
model representations, next-token predictive distri-
butions, and attention maps, precluding its direct
application to proprietary, black-box APIs. Finally,
while the framework demonstrates empirical stabil-
ity across varying evidence thresholds and update
intervals, these parameters remain static during de-
coding, leaving dynamic, instance-level threshold
adaptation as an open direction for future work.

Ethics Statement

All datasets utilized in this study are publicly avail-
able and were used in strict compliance with their
respective licenses and data usage agreements. We
acknowledge that datasets containing case law judg-
ments, such as OALQA and AQuAECHR, con-
sist of public legal records that are inherently
unanonymized. Our work processes these docu-
ments exactly as published for academic bench-
marking and does not attempt to profile, track, or
cross-reference individuals beyond the scope of the
public record.

Furthermore, while SACOD demonstrably im-
proves the faithfulness and grounding of language
model outputs in legal contexts, we explicitly cau-
tion against fully automated deployment in high-
stakes domains. This method is designed to serve
as a decision-support tool for legal practitioners by
enhancing information traceability, and it must not
replace qualified legal expertise in consequential
or binding decision-making processes.
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A Experiment Details

A.1 Dataset

Table 7 summarizes the statistics of the four legal
benchmarks used in our experiments. The datasets
vary significantly in scale, document length, and an-
swer complexity. CUAD focuses on clause extrac-
tion from dense contracts with relatively short an-
swers. OALQA contains Australian legal QA pairs
requiring concise responses grounded in judicial
decisions. ObliQA presents the longest documents
(averaging 48K tokens) with regulatory content
from financial regulations. AQUAECHR involves
multi-document reasoning over European Court of
Human Rights judgments, with the longest average
answer length among all datasets.
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Dataset #Instances #Docs Docs Len. Answer Len.
CUAD 4,182 1.00 7,125.60 31.11
OALQA 2,024 1.00 5,973.99 90.07
ObliQA 2,786 1.32  48,138.35 117.55
AQUAECHR 1,116 3.11 14,041.33 193.58

Table 7: Dataset statistics for the four legal benchmarks
used in our experiments.

A.2 Implementation Details

For retrieval, we use BM25 to fetch the top-k rel-
evant chunks from the document corpus, setting
k = 3 for all benchmarks. For the baselines, we
adhere to the optimal hyperparameters reported in
their respective literature. For CAD, we set the
static weight o = 0.5. For AdaCAD, we clamp the
adaptive weight a; € [0.3, 1.0]. For CoCoLex, we
use the last-layer hidden states for similarity com-
putation with a smoothing factor of A = 0.5. For
our proposed SACOD, we set the attention layer
Liop to the last 50% of transformer layers, the atten-
tion evidence threshold to v = 0.7, and the Otsu
threshold update interval to K = 10 for all ex-
periments. We implement SACOD using PyTorch,
leveraging pytorch version 2.8.0 and the Hugging
Face transformers! library (version 4.40.2).

A.3 Models and Hardware

We conduct our experiments primarily with the
following models:

* Mistral-7B-Instruct-v0.3? is an instruct fine-
tuned version of the Mistral-7B-v0.3 with ex-
tended vocabulary to 32,768 tokens and sup-
porting v3 tokenizer.

 Meta-Llama-3-8B-Instruct? is optimized for
dialogue use cases and several question an-
swering tasks. It was trained on a massive text
of 15 trillion tokens, with a context length of
8,000 tokens.

» Qwen-2.5-7B-Instruct* achieves improve-
ments in instruction following, generating
long texts (over 8K tokens) and long-context
support up to 128K tokens.

All checkpoints are obtained from official reposi-
tories or Hugging Face without any fine-tuning or

"https://github.com/huggingface/transformers

Zhttps://huggingface.co/mistralai/
Mistral-7B-Instruct-v@.3

3https://huggingface.co/meta—llama/
Meta-Llama-3-8B-Instruct

4https://huggingface.co/Qwen/QwenZ.
5-7B-Instruct

modification. All models are evaluated using 16-bit
(FP16) precision. The majority of our experiments
are performed on a single NVIDIA A6000 GPU
with 48GB of memory.

B Additional Experimental Results

B.1 Details on Motivation Observations

Motivating Observations. We begin by exam-
ining how evidence is used in legal grounded gen-
eration, deriving two observations that motivate
our design. Since existing legal RAG benchmarks
lack evidence annotations for generated outputs, we
construct a dataset of 80 expert-annotated samples
(20 per benchmark) from our evaluation datasets
(Hendrycks et al., 2021; Weidinger et al., 2025;
Butler, 2023; Gokhan et al., 2024). Two annotators
with legal training independently labeled each sam-
ple, achieving high inter-annotator reliability with
a Cohen’s Kappa of 0.8720.

Each instance consists of an input query z, a
retrieved context ¢, and a model-generated answer
vy = {y1,...,yn}. Annotators identified which
paragraph(s) in c directly support the claims in the
output, following detailed guidelines that define
supporting evidence as spans containing facts, le-
gal provisions, or reasoning explicitly used in the
answer. We segment the context into m paragraphs
P = {p1,P2;.-.,Pm}, where each p; spans token
indices (£, ¢end).,

Observation 1: Evidence is sparse. Despite the
length and heterogeneity of legal contexts, expert
annotations reveal that only 8-36% of the retrieved
content directly supports the generated answers,
while the remainder provides no substantive con-
tribution (Figure 5). This high concentration of
relevance indicates that treating the entire retrieved
context as uniformly informative is both unneces-
sary and potentially detrimental—it increases ex-
posure to irrelevant spans and may encourage blind
copying of templated content. This observation
motivates SACOD’s evidence selection mechanism,
which identifies a compact evidence set Pg C P
and grounds decoding on Pg rather than the full
context.

Observation 2: Attention correlates with
human-selected evidence. We observe that the
model’s attention provides a useful signal for iden-
tifying supporting evidence. At decoding step t,
let agl) ¢ Rl denote the head-averaged attention
from layer / over context tokens. We define the
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Figure 5: Evidence Sparsity Analysis. (a) Number of
evidence paragraphs per sample. (b) Evidence vs. non-
evidence context proportion. Only 8-36% of retrieved
context supports the generated answers.
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Figure 3 shows that paragraphs with higher egl)

are substantially more likely to be expert-annotated
as evidence. Notably, deeper layers assign signifi-
cantly higher attention to evidence paragraphs than
to non-evidence ones—a pattern that holds consis-
tently across model families and datasets. This find-
ing suggests that attention provides a lightweight,
training-free proxy for paragraph-level evidence
relevance, computable during generation without
additional forward passes or auxiliary models. By
aggregating attention within paragraphs and across
decoding steps, we obtain a stable signal that aligns
well with human judgments, motivating its use for
self-guided evidence identification.

Human-annotated evidence For our expert-
annotated samples, we achieved a high level of
inter-annotator reliability, yielding an overall Co-
hen’s Kappa of 0.8720 and an Agreement Rate of
93.61%.

Annotation Guidelines To ensure consistency
and legal rigour, our two expert annotators (both
with legal training) followed the guidelines below.
Objective. For each instance, identify every text
span in the retrieved context c that directly supports
one or more claims made in the model-generated
answer y. A text span is the atomic annotation
unit, defined as any contiguous sequence of one

or more sentences within ¢ that constitutes a co-
herent semantic unit. Annotators may freely set
span boundaries at the sentence level; they are not
constrained to pre-defined structural units such as
paragraphs or sections.

Task Setup. Each annotation instance comprises
three elements: (i) an Input Query x; (ii) a Re-
trieved Context ¢ with sentences individually num-
bered to facilitate precise span boundary specifica-
tion; and (ii1) a Model-Generated Answer y. An-
notators record each selected span as a start—end
sentence index pair (e.g., [s14-s17]). Annotators
are required to read all three elements in full before
making any selection.

Taxonomy of Supporting Evidence. Each text
span in c receives one of two mutually exclusive
labels:

[E] Evidence. The span directly supplies the tex-
tual basis for at least one claim in y. This
encompasses spans containing operative legal
provisions applied in the answer, case-specific
facts or procedural details relied upon to reach
a conclusion, judicial or administrative rea-
soning reproduced or paraphrased in the an-
swer, or precedents and authorities actively
invoked (not merely cited in passing). The
test is strictly textual: annotators must be able
to point to a specific sentence within the span
that corresponds to a specific claim in y. If
that correspondence cannot be located, the
span is [N]. Span boundaries should be drawn
as tightly as the correspondence permits; an-
notators must not inflate spans to include sur-
rounding sentences that do not satisfy the test.

[N] Not Evidence. The span does not meet the
[E] threshold. This includes background and
procedural context that does not contribute
any specific claim, boilerplate and formulaic
recitals whose content is not substantively
used, precedents that the answer explicitly dis-
tinguishes or overrides, and any span whose
connection to y requires inferential steps be-
yond explicit textual correspondence.

Every sentence in ¢ belongs to exactly one span
and receives exactly one label. The default label is
[N]; annotators assign [E] only when the explicit
correspondence test is satisfied.

Annotation Process.

1. Independent reading. Each annotator reads
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the query x and answer y in full before in-
specting the context c.

2. Claim decomposition. Annotators decom-
pose y into atomic claims (factual assertions,
legal conclusions, citations) and record each
claim before beginning span selection, to
avoid anchoring bias.

3. Span selection. For each claim, identify the
minimal contiguous span(s) in c¢ that supply
its direct textual basis. A span may be selected
for multiple claims; overlapping spans from
different claims are merged into a single [E]
span. If no span in c supports a given claim,
it is recorded as unsupported (this does not
disqualify the instance).

4. Confidence scoring. Each selected span is
assigned a binary confidence label: CERTAIN
(the span unambiguously supports the claim)
or BORDERLINE (the connection requires in-
terpretive judgment). Borderline selections
are flagged for adjudication.

5. Conflict resolution. After independent re-
view, annotators compare selections. Dis-
agreements on span boundaries or CERTAIN
labels are resolved by discussion to reach con-
sensus. Persistent disagreements on BORDER-
LINE items are resolved by a third legal expert
acting as adjudicator, whose decision is final.

Edge Cases.

* Multi-hop reasoning. If an answer synthe-
sises facts from two or more non-adjacent
spans that are individually insufficient to sup-
port the claim, all contributing spans are
marked [E] independently, even if they are
not contiguous.

* Minimal span principle. Annotators should
select the smallest span that satisfies the cor-
respondence test. Where a single sentence
suffices, the span should not be extended to
its surrounding context unless that context is
itself evidentially necessary.

* Holding vs. dicta. In judgments, only spans
containing the court’s operative holding or the
direct reasoning leading to it qualify. Obiter
dicta spans are excluded unless the answer
explicitly relies on them.

B.2 Details on Human Evaluation

We randomly sample 20 questions from the
AQuAECHR dataset and generate responses using
three methods: Regular, CoCoLex, and SACOD,
applied to the Mistral-7B model, obtaining a to-
tal of 60 responses. Each response is assessed
by a legal expert across four criteria: correctness
(relevance to the question and alignment with the
reference answer), faithfulness (adherence to the
provided context), fluency, and coherence. Eval-
uations are conducted on a 5-point Likert scale,
where 1 represents the lowest quality and 5 the
highest. Table 3 reports the average scores for each
criterion across methods. Notably, legal experts
consistently ranked SACOD higher than Regular
and CoColLex, reinforcing its superiority in generat-
ing legally faithful responses. Qualitative examples
illustrating these differences are provided in Ap-
pendix D.

B.3 Evaluation Reliability

To validate the fidelity of our automatic evaluation
framework in the legal domain, we examine the
correlation between automatic metrics and expert
human judgments, as well as the inter-annotator
agreement across the human evaluation study.

Correlation Between Automatic Metrics and Hu-
man Judgments. We analyze the human annota-
tions collected across 60 generated responses (20
questions x 3 systems) from the AQUAECHR
benchmark. Each response was independently eval-
uated by two legal experts on a S-point Likert scale
across four dimensions. Rather than computing
aggregate system-level correlations, we assess the
alignment at the individual response level by cor-
relating automatic metric scores directly with the
mean human score for each instance.

Automatic Metric Correctness (p / 7) Faithfulness (p / 7)

ROUGE-L 0.65/0.48 (p < 0.001) 0.35/0.27 (p = 0.006)
BERTScore-P 0.49/0.36 (p < 0.001) 0.28/0.21
AlignScore 0.27/0.22 0.30/0.23 (p = 0.020)

Table 8: Response-level correlation (Spearman’s p and
Kendall’s 7) between automatic metrics and expert hu-
man judgments on AQUAECHR (IV = 60).

As reported in Table 8, ROUGE-L exhibits the
strongest correlation with human correctness as-
sessments (p = 0.65, p < 0.001), supporting its
use for measuring factual and lexical overlap with
reference answers. Similarly, AlignScore achieves
a statistically significant positive correlation with
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human faithfulness ratings (p = 0.30, p = 0.020),
outperforming surface-level overlap metrics for at-
tribution. These findings empirically justify the
primary automatic metrics adopted throughout this
work.

Reliability of Human Evaluation. To contex-
tualize the human judgment benchmarks, Table 9
summarizes the inter-annotator reliability across
the 480 total judgments (60 responses x 4 criteria
X 2 annotators).

Dimension Exact Agr. Within =1 Spearman p Quadratic x
Correctness 52% 98% 0.81 0.77
Faithfulness 70% 97% 0.65 0.63
Fluency 95% 100% 0.71 0.65
Coherence 72% 98% 0.60 0.45

Table 9: Inter-annotator agreement statistics on the 5-
point Likert human evaluation study (/N = 60).

The annotators achieved substantial agreement
on the core evaluation targets, yielding quadratic-
weighted Cohen’s x of 0.77 for Correctness and
0.63 for Faithfulness. Furthermore, the annotator
ratings differed by at most one Likert point on 97%—
100% of all evaluated instances, demonstrating that
the qualitative differences identified in our human
evaluation reflect consistent, reproducible expert
distinctions.

B.4 Sensitivity to Otsu Refresh Interval K

To examine the computational and generative im-
pact of the threshold calibration frequency, we
evaluate SACOD across varying Otsu update in-
tervals K € {0,1,5,10,25} using Mistral-7B on
the AQUAECHR benchmark. Setting K = 0 de-
notes using strictly the static prefill threshold 6;
without autoregressive updates, whereas K = 1
recalculates the threshold at every generated token.

K RL AS Flu  Latency
0 (prefill only) 29.81 77.04 83.14  1.41x
1 (every step)  29.78 77.08 83.24 1.78 %
5 2979 77.08 83.12 1.49x
10 (default) 29.80 77.09 83.19 1.48x
25 2979 7711 83.04 1.46x

Table 10: Sensitivity to the Otsu refresh interval K on
AQUAECHR using Mistral-7B. Performance metrics
remain largely unchanged across values, while update
frequency governs runtime latency.

As shown in Table 10, generation quality is es-
sentially insensitive to the choice of K: across
the entire sweep, ROUGE-L varies by only 0.03,
AlignScore by 0.07, and Fluency by 0.20. The

primary differentiator is computational efficiency.
Recalibrating the threshold at every step (K = 1)
increases relative latency from 1.48x to 1.78 x due
to repeated histogram sorting and variance opti-
mization over an expanding buffer, yielding neg-
ligible qualitative benefit. Conversely, periodic
updates (K = 10) provide an optimal balance, en-
suring the dynamic threshold remains calibrated
to the ongoing response distribution while keeping
computational overhead minimal.

B.5 Entropy Gate Activation Rate

A key factor behind SACOD’s latency advantage
is that the entropy gate activates the copy mech-
anism on only a small fraction of decoding steps.
Table 11 reports the gate statistics on AQUAECHR
using Mistral-7B-Instruct-v0.3. Across 50 sam-
ples, the gate fires on 1,275 out of 8,180 total steps,
yielding an overall activation rate of 15.6% and a
per-sequence mean of 15.2%. On average, only
25.5 out of 163.6 steps per sequence invoke the
evidence-selective copy mechanism; the remaining
84% of tokens are generated with standard vanilla
decoding at zero additional overhead. This directly
explains the latency profile in Table 4: the com-
putational cost of attention extraction, evidence
selection, and datastore construction is incurred
only at the small subset of steps where the model
is genuinely uncertain, rather than at every token
as in CoCoLex.

Statistic Value
Samples evaluated 50
Total decoding steps 8,180
Mean steps per sequence 163.6
Gate-on steps (total) 1,275
Mean gate-on steps per seq.  25.5
Overall activation rate 15.6%
Mean activation rate 15.2%

Table 11: Entropy gate activation statistics on
AQUAECHR (Mistral-7B-Instruct-v0.3). The gate trig-
gers on only ~15% of decoding steps, confirming that
vanilla decoding is preserved for the large majority of
tokens.

B.6 Layer Selection Analysis

A key design choice in SACOD is which trans-
former layers to use for computing evidence scores.
As demonstrated in Figure 3, deeper layers exhibit
stronger alignment between attention patterns and
human-annotated evidence paragraphs. Here, we
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systematically evaluate how different layer selec-
tion strategies affect downstream generation qual-

ity.

Layer Span RL AS Flu Avg
0%—-100% (All) 40.27 74.09 83.26 65.87
0%-50% (Early)  39.22 73.77 81.88 64.96
50%-100% (Late) 40.69 75.04 8232 66.02

Table 12: Effect of layer selection on generation quality.
Late layers (50%—-100%) achieve the best balance across
correctness (RL), faithfulness (AS), and fluency. Results
averaged across four legal benchmarks on Mistral-7B.

We evaluate three layer selection strategies on
Mistral-7B across all four legal benchmarks: (1)
All layers (0%—100%), which aggregates attention
from the entire network stack; (2) Early layers (0%—
50%), which restricts attention to the lower half;
and (3) Late layers (50%—100%), which isolates
the deeper half (Liop = {l | I > L/2}). As shown
in Table 12, the late-layer configuration yields the
highest overall average score, simultaneously lead-
ing in response correctness (ROUGE-L) and con-
textual faithfulness (AlignScore) while maintaining
robust fluency. Restricting selection to early lay-
ers consistently underperforms across all metrics,
while aggregating across all layers dilutes the ev-
idence attribution signal. These findings confirm
our motivating observation that deeper Transformer
layers develop semantic representations that reli-
ably distinguish operative evidence from irrelevant
background context, whereas early layers predom-
inantly encode lower-level syntactic patterns that
inject noise into evidence selection.

B.7 Analysis of Low-Entropy Hallucinations

A potential theoretical vulnerability of uncertainty-
gated decoding is the occurrence of low-entropy
hallucinations—instances where the parametric
model produces ungrounded or factually incorrect
claims with high predictive confidence (h; < 0%),
thereby bypassing the copy mechanism entirely. To
empirically quantify this blind spot, we evaluate
sentence-level grounding on the expert-annotated
subsets of CUAD and OBLIQA.

Quantifying Evidence Support. Following the
expert span annotations, each generated sentence
is classified as either supported or unsupported
via lexical containment against ground-truth evi-
dence spans (i.e., whether a substantial proportion
of words align with an annotated evidence span,
or the span is largely subsumed by the sentence).

As shown in Table 13, SACOD consistently im-
proves the ratio of evidence-supported sentences
over vanilla greedy decoding across both extrac-
tive benchmarks (+8.6% on CUAD and +3.2% on
ObliQA).

Benchmark Vanilla SACoD A
CUAD 27.0% (20/74)  35.6% (26/73) +8.6%
OBLIQA 36.5% (27/74)  39.7% (27/68) +3.2%

Table 13: Proportion of evidence-supported sentences
generated by Vanilla decoding vs. SACOD on expert-
annotated samples.

Gating Behavior on Unsupported Output. To
determine how frequently gating failure contributes
to ungrounded generation, we trace the autoregres-
sive generation trajectories and record whether the
dynamic gate activated during the production of
each unsupported sentence. Unalerted Halluci-
nations: Across both benchmarks, only 12.2% of
unsupported sentences (95% CI: [7.8%, 18.4%])
are generated without any gate activation. This
confirms that while low-entropy hallucinations do
exist, they represent a relatively small fraction of
the model’s overall failure modes. Gated Errors:
The remaining 87.8% of unsupported sentences
successfully trigger the entropy gate. For these
instances, the generation of unsupported content
does not stem from a failure of uncertainty calibra-
tion, but rather from downstream factors: imperfect
attention-based evidence localization, upstream re-
trieval noise, or lexical competition during copy
interpolation.

These findings indicate that low-entropy over-
confidence is a measurable component of the per-
formance ceiling, but not its primary driver. The
dominant source of residual error lies in contextual
selection and representation quality, reinforcing
the importance of high attention calibration in deep
Transformer layers (as validated in Table 5).

B.8 Analysis of Context-size Robustness

Table 14 illustrates the impact of varying the
number of provided passages on model perfor-
mance using the AQUAECHR dataset. Across all
methods, increasing the context size generally im-
proves Rouge-L, AlignScore, and Fluency, suggest-
ing that providing more context helps the model
generate more accurate, faithful, and comprehen-
sive responses. SACOD consistently outperforms
both Regular decoding and CoCoLex across dif-
ferent context lengths in all metrics. In particular,
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Method #Psg RL AS Flu
1 25774 59.07 77.85
Regular 3 2630 7345 8276
5 29.59 7649 83.37
1 29.10 5525 75.70
CoCoLex 3 29.15 7420 81.48
5 20.84 76.92 82.57
1 2921 63.59 79.76
SACoD 3 29.80 77.09 83.19
5 32.10 77.90 87.14

Table 14: Performance comparison on the AQuAECHR
dataset using Mistral-7B-Instruct-v0.3 with varying con-
text sizes (#Psg). RL, AS, and Flu denote Rouge-L,
Faithfulness-AlignScore, and Fluency, respectively.

SACOD pushes performance to the highest level
overall with 5 passages, achieving 32.10 ROUGE-
L, 77.90 AlignScore, and 87.14 Fluency. SACOD
dynamically selects salient evidence spans and acti-
vates context-aware copying only when the model
is uncertain. This allows it to effectively use the
extra passages when they contain useful legal evi-
dence, while filtering out distracting text and avoid-
ing unnecessary intervention for confident tokens.

B.9 Evaluation on Non-Legal Datasets

To examine whether SACOD generalizes beyond
the legal domain, we conduct additional experi-
ments on news summarization using the CNN/Dai-
IyMail (CNN-DM) dataset (See et al., 2017), a
widely adopted benchmark for abstractive summa-
rization that pairs news articles with multi-sentence
summaries. We randomly sample 200 examples
from the original 11.5K test set and evaluate all
decoding methods under the same metrics used in
our main experiments.

As shown in Table 15, SACOD consistently
achieves the highest ROUGE-L and AlignScore
across both datasets and backbone models, demon-
strating that its benefits generalize beyond the legal
domain. On CNN-DM with Mistral-7B, SACoD
improves ROUGE-L by +2.96 and AlignScore
by +7.16 over Regular decoding, while simulta-
neously improving fluency (89.84 vs. 87.68). A
similar trend is observed on Qwen2.5-7B, where
SACOD pushes performance to the highest levels
across all three metrics. Compared to CoCoLex,
which also leverages contextual copying, SACOD
achieves higher correctness and faithfulness with
notably better fluency (+1.39 on Mistral-7B and
+1.99 on Qwen2.5-7B for CNN-DM), confirm-

ing that entropy-gated, evidence-selective copy-
ing averts the fluency degradation often caused
by indiscriminate whole-context aggregation. Fur-
thermore, evaluation on PubMedQA demonstrates
that SACOD generalizes effectively to the complex
biomedical domain. Across both models on Pub-
MedQA, SACOD robustly outperforms Regular
decoding, AdaCAD, and CoCoLex in generation
quality (ROUGE-L) and faithfulness (AlignScore)
with minimal to no impact on fluency. These results
robustly validate that SACOD’s self-guided frame-
work is broadly effective for context-grounded gen-
eration tasks across diverse semantic domains and
model architectures.

B.10 Efficiency Framing

To better understand the operational overhead
of SACOD, we conduct a comprehensive effi-
ciency profiling covering both latency and memory
consumption using the Mistral-7B-Instruct-v0.3
model.

Latency Breakdown: We analyze the propor-
tional time spent across different stages of the
SACOD pipeline at each decoding step. The pri-
mary bottleneck is Input Extraction (48.64%), rep-
resenting the initial context processing and rep-
resentation mapping. Base LLM Inference re-
quires the next largest share at 27.74%. The op-
erations introduced specifically by SACoOD’s dy-
namic copying mechanism add minimal latency
overhead: Evidence Selection (8.33%), Attention
Extraction (8.08%), and Datastore Construction
(6.11%). Finally, the actual Copying / Sample Next
Token stage accounts for just 1.10% of the total
latency. This breakdown highlights that SACOD’s
evidence-gated interventions introduce only a neg-
ligible computational delay over standard context
processing.

Memory Analysis: Table 16 details the peak
memory consumption of different decoding s trate-
gies. SACOD incurs the highest peak memory us-
age among all methods (31.10 GB), exceeding Co-
CoLex (2 9.06 GB) by ~7% and AdaCAD (28.51
GB) by ~9%. This overhead is directly attributable
to caching the 1 ayer-wise attention distributions
required for self-guided evidence identification and
maintaining the dynamic, t oken-level datastore.
While SACOD does not offer a memory advan-
tage over other context-aware methods, th is cost
is offset by its latency profile: unlike contrastive
methods (CAD and AdaCAD), it requires no addi-
tional forward passes, yielding substantially lower
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CNN-DM PubMedQA

Model Method | oy AS Flu | RL AS  Flu
Regular 2296 83.79 87.68 | 16.28 54.65 93.89

Mistralp  AGCAD | 2321 8539 8432|1677 5791 9333
CoCoLex | 2352 88.96 8845 | 17.84 5857 89.16

SACOD | 2592 9095 89.84 | 19.41 60.24 93.75

Regular | 21.64 8557 8578 | 1565 5657 8234

Owenz.s.7p AQICAD | 2221 8834 8646 | 1637 59.62 8249
CoCoLex | 21.53 9025 84.92 | 17.86 5822 78.14

SACOD | 2389 9191 8691 | 1891 60.49 82.76

Table 15: Cross-domain generalization: Performance of different decoding methods on news summarization (CNN-

DM) and biomedical QA (PubMedQA) datasets.

Method  Used Mem. (GB) Relative
Vanilla 14.40 1.00x
AdaCAD 28.51 1.98x
CoColLex 29.06 2.02x
SACoD 31.10 2.16x

Table 16: Peak memory footprint comparison across
decoding methods using Mistral-7B-Instruct-v0.3.

decoding latency while achieving superior faithful-
ness.

B.11 Finer-Grained Evidence Selection

To systematically assess the computational trade-
offs and performance impacts of finer-grained ev-
idence selection, we evaluated SACOD at the
sentence and word levels. The empirical results
demonstrate that while finer granularity is computa-
tionally feasible, it does not yield a favorable perfor-
mance trade-off compared to our default paragraph-
level approach.

* Word-level: Individual words in the retrieved
context are segmented using spacy and as-
signed attention scores based on the average
attention of the tokens they contain.

* Sentence-level: Context is segmented using
spacy; attention is averaged over sentence
spans to select the top-a percentile.

* Paragraph-level (default): Context is split
by double newlines and header patterns; atten-
tion is averaged over paragraph spans.

Results and Analysis: Table 17 presents the evalu-
ation of word- and sentence-level selection against
our default paragraph-level approach. Transition-
ing to finer granularities introduces minimal latency

overhead (maintaining a tight bound of 1.38x—
1.49%), as token-level attention weights are inher-
ently computed during the model’s standard for-
ward pass without necessitating additional genera-
tion cycles.

Despite this computational efficiency, paragraph-
level selection offers the most favorable and ro-
bust trade-off between ROUGE-L, faithfulness
(AlignScore), and generation fluency across the
majority of conditions. For instance, on the
complex ObliQA benchmark using Qwen-2.5-7B,
paragraph-level segmentation achieves the highest
average performance (72.03), substantially outper-
forming the word-level variant (70.98), largely ow-
ing to a notable degradation in faithfulness where
AlignScore drops from 92.09 (paragraph) to 90.35
(word). A similar trend is observed with Mistral-7B
on ObliQA, where shrinking the selection bound-
ary to single words leads to diminished faithfulness
(84.12 vs. 87.83) as well as impaired fluency (75.98
vs. 77.12).

While word-level selection exhibits a marginal
improvement over the paragraph baseline on
AQUuAECHR utilizing Mistral-7B (achieving an
average of 63.66 versus 63.36), it predominantly
demonstrates inferior performance in the broader
cross-section of models and tasks.

We attribute this prevalent structural degradation
to semantic fragmentation. Isolating discrete words
or disjointed sentences strips away the encompass-
ing discourse essential for coherent, multi-step rea-
soning. By operating at the paragraph structural
level, SACOD preserves complete semantic units
and rhetorical context, thereby empowering the
model to draw upon cohesive evidence blocks that
seamlessly integrate into factually grounded, fluent
responses.
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Model Level ROUGE-L AlignScore Fluency Average Latency
ObliQA
Paragraph 46.84 87.83 77.12 70.60 1.48x
Mistral-7B Sentence 46.43 86.51 76.41 69.78 1.48 x
Word 47.62 84.12 75.98 69.24 1.46x
Paragraph 45.32 92.09 78.84 72.03 1.42x
Qwen2.5-7B  Sentence 44.62 91.18 79.16 71.65 1.40x
Word 434 90.35 79.18 70.98 1.45x
AQUAECHR
Paragraph 29.80 77.09 83.19 63.36 1.39x
Mistral-7B Sentence 30.11 76.42 83.37 63.30 1.44 x
Word 30.32 76.78 83.88 63.66 1.43x
Paragraph 29.24 80.01 80.77 63.34 1.38%
Qwen2.5-7B  Sentence 29.23 78.51 80.24 62.66 1.42x
Word 29.51 78.69 80.20 62.80 1.49x

Table 17: Performance comparison of SACOD across different segmentation level of evidence selection.

C Details on SACoOD

C.1 Dynamic Entropy-Gated Activation

A key challenge in context-aware decoding is decid-
ing when contextual intervention is actually neces-
sary. During generation, tokens fall into two broad
categories. Many tokens are highly predictable,
such as function words, punctuation, and legal boil-
erplate, where the model exhibits strong confidence
and little ambiguity. Other tokens are inherently
uncertain, including named entities, dates, statutory
references, and decision outcomes, where multiple
alternatives are plausible and external evidence is
often required.

Existing context-aware methods (Shi et al., 2024;
Wang et al., 2025b; T.y.s.s et al., 2025) typically
intervene at every decoding step, treating these two
cases uniformly. This design is inefficient and can
be counterproductive: injecting contextual bias at
deterministic steps adds unnecessary computation
and may amplify irrelevant or templated spans. In
contrast, the uncertain steps are precisely where
hallucinations and evidence misuse tend to occur,
and where targeted contextual guidance is most
beneficial.

This motivates a lightweight gate that activates
contextual guidance only at intervention points. We
operationalize this idea using the model’s own un-
certainty signal. At decoding step ¢, we compute
the normalized entropy h; € [0, 1] of the next-
token distribution p;(v) = pe(yt = v | ¢, z,y<¢)

to quantify uncertainty:
1
ht = ——% pt(v) log pi(v), 3
log |V| 1;)

This entropy measure dictates the soft interpolation
weight \; = exp(—h;), ensuring that as uncer-
tainty grows (high h;), the parametric prior yields
more mass to the context-aware copy mechanism.

Using this entropy measure, we now formally
define the interpolation weight \; introduced in
Eq. 4: A+ = exp(—h;) which maps normalized
entropy to a confidence-based weight. When the
model is confident (low h;), A; approaches 1, caus-
ing the base distribution to dominate. When the
model is uncertain (high h;), A; decreases toward
exp(—1) & 0.37, allowing the copy mechanism to
exert greater influence.

To strictly avoid unnecessary computation, we
introduce a dynamic gate whose threshold 6* is
determined automatically from the model’s own
entropy signal in two phases.

Prefill initialization. Before any tokens are gener-
ated, the model processes the full input (¢ & x) in
its standard forward pass. We record the normal-
ized entropy h];fx at each of the NV input positions,
forming the initial entropy buffer Hy = {h]iDfx N
Applying Otsu’s method (Eq. 10) to H yields the
initial threshold ¢;, which separates the input’s
confident tokens (e.g., syntactic connectors, boil-
erplate) from uncertain ones without any manual
tuning.

Generation-time gating and updates. At each
decoding step ¢, the gate compares h; against the
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current threshold:

Gate(t) = Vanilla, h; < 6%, ©)
B Copy, hy > 0%,

where Vanilla uses the base model distribution pg
directly, and Copy triggers the entropy-weighted
interpolation from Eq. 4. As generation proceeds,
each new entropy value h; is appended to the buffer:
H =HoU{h1,...,h—1}. To keep the threshold
adapted to the current output distribution without
per-step overhead, 8* is refreshed by re-running
Otsu on the full buffer H every K = 10 steps; the
threshold remains fixed between updates.

This two-level design, which combines adaptive
hard gating with soft interpolation, avoids unneces-
sary intervention on predictable tokens while con-
centrating computation on uncertain, high-impact
steps where evidence grounding matters most. The
complete SACOD algorithm is provided in Algo-
rithm 1.

C.2 Overview of SACOD Procedure

Algorithm 1 presents the complete SACOD proce-
dure. At each decoding step, the method first com-
putes the normalized entropy to determine model
uncertainty. For low-uncertainty steps, vanilla de-
coding is used directly. For high-uncertainty steps,
the algorithm dynamically identifies evidence para-
graphs using attention signals at the current step,
builds a step-specific datastore from the selected ev-
idence, and applies entropy-weighted interpolation
between the base model and copy distributions.

C.3 Dynamic Entropy-Guided Algorithm

To find the appropriate threshold # that distin-
guishes between high-confidence (predictable) and
low-confidence (uncertain) tokens, we apply a 1D
variant of Otsu’s method (Algorithm 2), a nonpara-
metric thresholding technique originally developed
for image segmentation. Instead of treating 6 as
a static, manually tuned hyperparameter, this ap-
proach dynamically discovers a natural boundary
directly from the model’s token distribution.
Given a set of normalized token entropy values
‘H gathered from the input prefix (and periodically
augmented during autoregressive generation), the
algorithm sorts and evaluates every unique value
as a candidate threshold. For each candidate 0, it
partitions the entropy distribution into two disjoint
classes: a low-entropy class Hyo = {h € H |

h < 6} representing confident tokens, and a high-
entropy class H1 = {h € H | h > 0} representing
uncertain tokens.

The optimal natural threshold 6* is defined as
the value that maximizes the inter-class variance

o2

0" = argmax [w(8) - w1 (9) - (10(68) — 11(0))°]

(10)
where wg(f) and wy(6) are the proportions of
tokens falling into each class (|Ho|/|H| and
|H1]/|H], respectively), and 1o (0) and 1 () are
their respective mean entropy values.

By maximizing the inter-class variance, the al-
gorithm naturally identifies the most distinct cutoff
separating standard language modeling priors from
highly uncertain states. This allows the SACOD
entropy gate to selectively trigger the computation-
ally intensive copy-mechanism only precisely when
needed, bypassing intervention on deterministic
segments.

Algorithm 2 Otsu’s Method for Dynamic Entropy
Thresholding (0tsuThreshold)

Require: Set of entropy values H
1: Ul?est 0

2: 6* + median(#) {Fallback threshold}

3: U < Unique, sorted values of H

4: for each candidate 6 € U do

50 Ho < {h € H | h < 8} {Confident tokens}

6:  Hy < {h € H|h> 0} {Uncertain tokens}

if |[Ho| = 0 or |H1| = O then
continue
. endif
100 wo = [Hol/[H], w1 < [Hal/IH]
11:  po < mean(Hg), 1 + mean(Hq)
122 0% < wo-wy - (o — p1)? {Inter-class vari-

ance}
13: ifo? > O'gest then
14: 0p + 02
15: 0* 0
16:  end if
17: end for

18: return 6*

D Case Study

D.1 Static vs. Shifting Relevance in Evidence
Selection
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To further illustrate the importance of dynamically
updating the evidence datastore, we analyze the
generation process of SACOD on Case Study 2 in
Table 19 compared to a variant without dynamic
evidence (“w/o Dynamic Evidence”). The static
approach identifies evidence using attention signals
exclusively from the very first decoding step and
locks that set in place for the entire generation pro-
cess. This causes severe degradation—especially
in long-form answers—because different parts of a
complex answer naturally require different pieces
of evidence as the generation progresses.

Fixed Evidence (Step 1): When the evidence
is identified at the start of generation (Step 1), the
model casts a wide net. It selects a broad array
of 10 different snippets spanning paragraphs 71,
70, and 64. This block includes procedural history
about Polish authorities, foreign birth certificates,
and the biological father “Mr S”, alongside broader
definitions of private life:

¢ “001-214296 71. In that connection, the
present case must be clearly distinguished
from Mennesson and Labassee.”

* “In the present case it is true that the Polish
authorities refused to give effect to the foreign
birth certificates establishing the legal parent-
child relationship between the applicants and
their biological father, Mr S. However, this
link is recognised in the country where the
Sfamily resides.”

e “001-214296 70. Furthermore, in the circum-
stances of this case the Court notes that the
applicants can benefit, in the State where they
live, from the legal parent - child relationship
with their biological father...”

*“001-214296 64. The Court notes that the
concept of ’private life’ is a broad term not
susceptible to exhaustive definition.”

* “It covers the physical and psychological in-
tegrity of a person.”

* “It can therefore embrace multiple aspects of
the person’s physical and social identity which
includes the legal parent-child relationship...;
an essential aspect of the identity of individ-
uals is at stake where the legal parent-child
relationship is concerned...”

If the model is forced to use only this fixed block of
text for the entire response, it struggles to maintain

precision as it generates later sentences, leading to
noise and less faithful outputs.

Dynamically Updated Evidence (Step 110):
When the dynamic evidence selection is enabled,
the model updates its focus at specific interven-
tion points (when the confidence gate triggers). At
Step 110, the model is trying to generate a specific
legal standard. Instead of relying on the broad, 10-
snippet context from Step 1, its attention hones in
on just two highly specific target sentences (indices
10 and 11 from the context pool):

* Index 10: “It covers the physical and psycho-
logical integrity of a person.”

* Index 11: “It can therefore embrace multiple
aspects of the person’s physical and social
identity which includes the legal parent-child
relationship...; an essential aspect of the iden-
tity of individuals is at stake where the legal
parent-child relationship is concerned (see
Mennesson v. France, no.”

The Impact on Output: Because the model
dynamically updated its evidence to focus intensely
on sentences 10 and 11 at step 110, it was able to
perfectly reproduce that exact legal reasoning in
its output: “However, the Court has emphasized
that the concept of ’private life’ is a broad term
that covers multiple aspects of a person’s identity,
including the legal parent-child relationship [001-
214296, 64].”

In conclusion, dynamically updating evidence
allows the model to filter out irrelevant paragraphs
and pinpoint the exact legal clauses needed for the
specific sentence it is currently writing. Fixing the
evidence at Step 1 strips the model of this preci-
sion, forcing it to navigate a stagnant pool of con-
text, which directly causes the severe performance
penalty reported in our ablations.

D.2 Qualitative Examples

We present qualitative examples comparing
SACoOD with baseline methods and the reference
answer on two legal QA benchmarks, illustrating
how different decoding strategies affect faithful-
ness, completeness, and coherence. We provide
Case Study 1 in Table 18 and responses generated
from three decoding methods: Regular, CoColLex,
and SACOD, to a question derived from OALQA
dataset. The question at hand revolves around the
court’s decision regarding the motion to restrain
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a film from action in the case of Moore v Scenic
Tour Pty Ltd [2025].

Among the methods, SACOD stands as the most
faithful to the source document by directly incor-
porating key legal terminology and phrases such as
“not in the interest of justice to deprive the plaintiff
of their choice of solicitor.”. In addition to correctly
stating the dismissal of the motion and associated
procedural orders, it explicitly identifies the court’s
core reasoning: that it was not in the interest of
justice to deprive the plaintiff of their choice of
solicitor. This reasoning is central to the decision
and is highlighted in the case catchwords and refer-
ence answer, making SACOD the most complete
response in terms of correctness.

On the other hand, Regular decoding output cor-
rectly identifies the outcome, that the motion to
restrain the firm from acting was dismissed. This
aligns with both the context and the reference text
at a high level. However, the response remains
purely outcome-oriented and does not engage with
the legal basis for the decision. The question asks
what the court’s decision was, which in a legal
QA setting typically encompasses not only the or-
der made but also the reason why the court exer-
cised its discretion in that manner. By omitting
the court’s reasoning—specifically, the principle
that it was not in the interest of justice to deprive
the plaintiff of their choice of solicitor—the Reg-
ular output oversimplifies the answer and offers a
legally shallow response. The Regular answer is
well-organized and easy to follow, presenting the
Court’s decision. Still, it lacks completeness and
fails to reflect how legal decisions are convention-
ally summarized or evaluated.

CoCoLex similarly identifies the dismissal of the
motion and correctly names the parties and legal
representatives, maintaining surface-level factual
consistency with the context. However, its response
exhibits redundancy without analytical gain, reiter-
ating facts about representation while still failing
to articulate why the court declined to restrain the
firm. CoCoLex focuses on facts that are irrelevant
to the given question, while still failing to articu-
late why the court dismissed the restraining order
against the firm.

We present Case Study 2 in Table 19, sourced
from the AQuECHR dataset, which explores
whether a State violates the Convention when it
adopts a procedure to recognise a child’s legal rela-
tionship with an intended mother that cannot be im-
plemented promptly or effectively, resulting in pro-

longed uncertainty and vulnerability for the child.

Regular decoding produces a structurally sound
and fluent response that correctly identifies the
procedural question and cites relevant paragraphs.
However, it arrives at an overly definitive conclu-
sion (“may not be held in violation”) without fully
engaging with the nuanced legal reasoning required
by the question. While the response maintains rea-
sonable faithfulness to the context by referencing
the Court’s definition of “private life,” it misses the
opportunity to synthesize the broader legal frame-
work connecting procedural delay to potential Con-
vention violations. The output is grammatically
correct and well-organized but lacks the analytical
depth expected in legal QA.

CoCoLex exhibits two concrete blind-copy fail-
ures that trace directly to its full-context datas-
tore. First, it substitutes “intended father” for
the query’s “intended mother”. This is not a rea-
soning error but a copying artifact: paragraph 71
of the context discusses a precedent case involv-
ing the intended father (the biological father),
and because CoCoLex’s datastore covers all re-
trieved paragraphs indiscriminately, copying pres-
sure draws that token from the wrong paragraph
rather than preserving the term supplied by the
query. Second, “inchild-child relationship” is a
garbled fragment produced when the copy distri-
bution simultaneously pulls from multiple context
paragraphs with overlapping but inconsistent token
sequences, yielding a token that exists in neither
source. The absence of entropy gating compounds
these errors: the copy mechanism fires at every de-
coding step, including high-confidence steps (e.g.,
generating citations) where it adds malformed ref-
erence strings instead of deferring to the model’s
own generation.

SACOD avoids both failure modes through its
two core mechanisms. The entropy gate suppresses
copying at low-uncertainty steps, which is why it
correctly preserves “intended mother” verbatim
from the query: the model is already confident in
that term and the gate routes those steps to vanilla
decoding, preventing the context’s “intended fa-
ther” from being substituted. At the uncertain,
evidence-dependent steps, the attention-based ev-
idence selection identifies paragraph 64—which
defines “private life” and establishes the “legal
parent-child relationship” as an aspect of personal
identity—as the operative evidence, directing the
copy mechanism to that paragraph rather than para-
graph 71. The result is a response that accurately
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Table 18: Case Study 1: Moore v Scenic Tours Pty Ltd (OALQA). Only SACOD captures the key legal reasoning
that it was “not in the interest of justice to deprive the plaintiff of their choice of solicitor.”

Question In the case of Moore v Scenic Tours Pty Ltd [2015] NSWSC 237, what was the court’s decision regarding the
motion to restrain a firm from acting?
Context Moore v Scenic Tours Pty Ltd [2015] NSWSC 237. Supreme Court, New South Wales. Decision: (a) Amended

Notice of Motion dated 20 February 2015 is dismissed. (b) Defendant to pay the plaintiff’s costs. Catchwords:
PRACTICE AND PROCEDURE - civil — representative proceedings — whether court should exercise jurisdiction
to restrain a firm from acting — plaintiff consents to firm continuing to act — plaintiff entitled to a solicitor of their
choice — not in interest of justice to deprive plaintiff of their choice of solicitor — motion to restrain firm from
acting dismissed. [...] On 29 July 2014, David Moore commenced representative proceedings pursuant to Part
10 of the Civil Procedure Act 2005 against Scenic Tours Pty Ltd. The plaintiff has retained and is represented by
Benjamin Hemsworth, of Somerville Legal Pty Ltd. [...]

Reference In the case of Moore v Scenic Tours Pty Ltd [2015] NSWSC 237, the court decided to dismiss the motion to
restrain a firm from acting. The court found that the plaintiff was entitled to a solicitor of their choice and it was
not in the interest of justice to deprive the plaintiff of their choice of solicitor.

Regular The court’s decision in the case of Moore v Scenic Tours Pty Ltd [2015] NSWSC 237 was to dismiss the motion
to restrain the firm from acting. The plaintiff, David Moore, was allowed to continue to be represented by the
firm, Somerville Legal Pty Ltd.

CoColLex The court’s decision in the case of Moore v Scenic Tours Pty Ltd [2015] NSWSC 237 was to dismiss the
motion to restrain the firm from acting. The plaintiff, David Moore, was represented by Benjamin Hemsworth of
Somerville Legal Pty Ltd. The defendant had filed a Notice of Motion seeking to have the firm restrained from
acting for the plaintiff as his legal advisers. However, the Amended Notice of Motion was dismissed with costs.

SACoD The court dismissed the motion to restrain Somerville Legal Pty Ltd from acting for the plaintiff, David Moore,
in the representative proceedings. The court’s decision was made on the grounds that it was not in the interest of
justice to deprive the plaintiff of their choice of solicitor. The plaintiff was represented by Benjamin Hemsworth
of Somerville Legal Pty Ltd. The Amended Notice of Motion dated 20 February 2015 was dismissed, and the
defendant was ordered to pay the plaintiff’s costs.

reflects the query’s subject, faithfully reproduces
the applicable legal standard, and presents a coher-
ent argument leading to a legally sound conclusion.

3167



Table 19: Case Study 2: Surrogacy and Parent-Child Recognition (AQuAECHR). CoCoLex produces garbled text
(red) and excessive citations, while SACOD maintains coherent legal reasoning.

Question In a case where a State has chosen a particular means to achieve recognition of the legal relationship between a
child and an intended mother, can the State be held in violation of the Convention if the procedure laid down to
establish recognition of the relationship is not capable of being implemented promptly and efficiently, causing
prolonged uncertainty for the child and leaving the child in a vulnerable position?

Context 001-214296 71. In that connection, the present case must be clearly distinguished from Mennesson and Labassee.

The Court reiterates that in the above-mentioned case it expressly held that a lack of possibility of recognition
of the legal relationship between a child born via surrogacy abroad and the intended father, where he was the
biological father, entailed a violation of the child’s right to respect for his or her private life (see Mennesson , §§
100-01, and Labassee , § 79, both cited above). In the present case it is true that the Polish authorities refused to
give effect to the foreign birth certificates establishing the legal parent-child relationship between the applicants
and their biological father, Mr S. However, this link is recognised in the country where the family resides.
001-214296 70. Furthermore, in the circumstances of this case the Court notes that the applicants can benefit,
in the State where they live, from the legal parent - child relationship with their biological father where the
recognition of that relationship is not put into doubt. Moreover, it cannot be said that the decisions of the Polish
authorities left them in a legal vacuum both as to their citizenship and as to the recognition of the legal parent -
child relationship with their biological father (see, conversely, Orlandi and Others v. Italy , nos. 26431/12 and 3
others, § 209, 14 December 2017).
001-214296 64. The Court notes that the concept of “private life” is a broad term not susceptible to exhaustive
definition. It covers the physical and psychological integrity of a person. It can therefore embrace multiple
aspects of the person’s physical and social identity which includes the legal parent-child relationship...; an
essential aspect of the identity of individuals is at stake where the legal parent-child relationship is concerned (see
Mennesson v. France , no. 65192/11, §§ 46,96, ECHR 2014 (extracts), and Labassee v. France , no. 65941/11,
§§ 38,75, 26 June 2014).

Reference The Court has stressed that it is in the child’s interests in such a situation for the uncertainty surrounding
the legal relationship with his or her intended mother to be as short-lived as possible, noting that until that
relationship is recognised, the child is in a vulnerable position. However, once the relationship between the child
and the intended mother has become a practical reality, the procedure laid down to establish recognition of the
relationship in domestic law must be capable of being implemented promptly and efficiently, in accordance with
the child’s best interests.

Regular In a case where a State has chosen a particular means to achieve recognition of the legal relationship between a
child and an intended mother, it may not be held in violation of the Convention if the procedure laid down to
establish recognition of the relationship is not capable of being implemented promptly and efficiently, causing
prolonged uncertainty for the child and leaving the child in a vulnerable position [001-214296, 70]. However,
the Court has previously held that the concept of “private life” is a broad term not susceptible to exhaustive
definition, and an essential aspect of the identity of individuals is at stake where the legal parent-child relationship
is concerned [001-214296, 64]. Therefore, while the State may not be in violation of the Convention for the
delay in implementing the procedure, it is important to consider the impact of such delay on the child’s private
life and well-being.

CoCoLex In the context of the Convention, the Court has not expressly held that a State is in violation for choosing a
particular means to achieve recognition of the legal relationship between a child and an intended father, but the
prolonged uncertainty and vulnerable position of the child due to the inchild-child relationship being left in a
legal vacuum is a matter of concern. (001-214296, §70). The Court notes that the legal parent-child relationship
is an essential aspect of the identity of individuals (001-214296, §64, Mennesson, [...])

SACoD In a case where a State has chosen a particular means to achieve recognition of the legal relationship between a
child and an intended mother, it may not necessarily be held in violation of the Convention if the procedure laid
down to establish recognition of the relationship is not capable of being implemented promptly and efficiently,
causing prolonged uncertainty for the child and leaving the child in a vulnerable position. However, the Court
has previously emphasized that the concept of “private life” is a broad term that covers multiple aspects of
an individual’s identity, including the legal parent-child relationship [001-214296, 64]. The Court has also
recognized that an essential aspect of an individual’s identity is at stake where the legal parent-child relationship
is concerned [001-214296, 64]. Therefore, while the State’s failure to implement the procedure promptly and
efficiently may not directly violate the Convention, it could potentially lead to a violation of the child’s right to
respect for his or her private life if the prolonged uncertainty and vulnerability caused significant harm to the
child’s well-being and identity.
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