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Abstract

Large language models (LLMs) exhibit non-
stationary generation: their output distribu-
tions shift with prompts, retrieved documents,
and decoding conditions. Under such vari-
ability, average likelihood metrics can obscure
heterogeneous behaviors across samples, es-
pecially in high-surprisal tails where failures
often occur. We propose an information-
spectrum-based diagnostic framework that
treats LLMs as general sources without assum-
ing stationarity, ergodicity, or the asymptotic
equipartition property. We define sequence-
level self-information density (coding rate;
mean surprisal) and construct an empirical in-
formation spectrum from finite samples, en-
abling operational estimates of spectrum quan-
tiles and width. We further introduce an
information gain spectrum, a teacher-forced
likelihood-based measure that evaluates the
same generated sequence with and without
side information. Across multiple Japanese
LLMs and QA settings, we observe that cor-
rectness differences are often more visible in
the high-surprisal tail than in the mean cod-
ing rate, and that side information can reshape
tail behavior in heterogeneous ways across se-
quences. We also observe that instruction tun-
ing changes the spectrum structure, making
tail statistics and spectrum width more predic-
tive of correctness than the mean coding rate.
Overall, our analysis illustrates how spectrum-
based diagnostics complement average-based
metrics for understanding conditional genera-
tion.

1 Introduction

Large language models (LLMs) exhibit substantial
shifts in their generation distributions depending
on prompts and contextual inputs, and thus behave
as non-stationary information sources that involve
mixtures of training distributions and variations in
inference-time conditions. Under such variability,
average metrics such as log-likelihood or cross-

entropy may fail to capture the diversity of gen-
eration behaviors and failure cases (e.g., halluci-
nations).

Information theory has traditionally developed
around asymptotic analyses based on typical
sets, focusing on stationary and ergodic sources
for which the asymptotic equipartition property
(AEP) holds (Shannon, 1948). However, such as-
sumptions often do not apply to non-stationary
sources such as LLMs. To remove these restric-
tions, Han and Verdú proposed information spec-
trum (IS) theory, a framework for analyzing gen-
eral sources without assuming stationarity or er-
godicity. By treating self-information density as a
random variable, they showed that achievable per-
formance and fundamental limits can be character-
ized through its distributional structure (the spec-
trum) (Han and Verdu, 1993; Han, 2003).

This paper views LLMs as general informa-
tion sources and leverages the IS framework to di-
agnose their generation behaviors. This enables
a practical diagnostic methodology that reveals
tail dynamics and heterogeneous effects of side
information that are difficult to observe through
mean-based metrics alone. Specifically, we define
a sequence-level self-information density (coding
rate) for each generated sequence and construct
an empirical IS from a finite set of generated
samples. Furthermore, we introduce an informa-
tion gain spectrum (IG spectrum), which evalu-
ates spectrum differences with and without addi-
tional context such as retrieval-augmented gener-
ation (RAG) (Lewis et al., 2020) through teacher
forcing on the same generated sequence, thereby
identifying which sequences benefit from side in-
formation at the sequence level.

Our main contributions are as follows. 1) To
treat LLMs as general information sources, we
define a sequence-level self-information density
(sequence-level coding rate) and provide an op-
erational framework for estimating IS from fi-
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nite samples (empirical spectra and their quantile-
based statistics). 2) Based on teacher forcing
with fixed generated sequences, we propose the
IG spectrum, which quantifies how effectively
side information improves coding rates on a per-
sequence basis. 3) Through experiments across
multiple models and tasks, we demonstrate that
the proposed framework consistently visualizes
distinctions that are difficult to capture with av-
erage metrics. In particular, we show that (i)
correctness differences emerge primarily in the
high-surprisal tail rather than in the mean, (ii)
side information such as answer choices, RAG,
and knowledge graphs (KGs) systematically re-
shapes the spectrum, with highly heterogeneous
benefits across sequences, and (iii) instruction tun-
ing can shift the key determinants of performance
from mean self-information to distributional width
and tail structure. Overall, this paper provides
an information-theoretic framework for analyzing
LLMs as general sources and suggests a connec-
tion to extensions of IS theory that treat additional
context as side information (Kuzuoka and Watan-
abe, 2015).

2 Related Work

Information theory under AEP and general
sources Shannon’s information theory has re-
vealed fundamental properties of information
sources and communication channels through
quantities such as entropy and mutual information
(Shannon, 1948). However, many classical results
rely on assumptions of stationarity and ergodic-
ity, and may not apply to non-stationary sources,
including mixed sources (Han and Verdu, 1993;
Verdu and Han, 1994; Ahlswede et al., 2006).
To remove these restrictions, Han and Verdú pro-
posed IS theory as a framework for analyzing
general sources without stationarity or ergodic-
ity assumptions, showing that achievable perfor-
mance and fundamental limits can be character-
ized based on the distribution of self-information
density (Han and Verdu, 1993; Han, 2003). While
IS theory has been extensively developed for limit
analyses such as source coding, its use as an em-
pirical diagnostic tool for modern conditional gen-
erative models remains largely unexplored.

Uncertainty and calibration in LLMs A grow-
ing body of work analyzes LLM behavior through
uncertainty and calibration. Confidence-based
analyses examine the relationship between model

likelihood and correctness (Kadavath et al., 2022;
Farquhar et al., 2024), while survey works study
hallucination phenomena and reliability issues in
generation (Ji et al., 2023; Huang et al., 2025).
Other approaches evaluate prompt or context ef-
fects using likelihood differences or conditional
probability comparisons (Yang et al., 2024). These
methods typically rely on point estimates (e.g., av-
erage log-likelihood, entropy reduction, or scalar
uncertainty scores). In contrast, our work empha-
sizes the distributional structure of sequence-level
self-information density and its tail behavior, aim-
ing to capture inter-sample variability and hetero-
geneous conditioning effects.

LLMs as compressors and information-based
analyses Another line of work views LLMs as
compressors and studies alignment or fine-tuning
effects through compression rates derived from
negative log-likelihood (Ji et al., 2025). Similarly,
perplexity and cross-entropy remain standard eval-
uation metrics (Fang et al., 2025). However, aver-
age compression-based metrics may obscure het-
erogeneous tail behavior across sequences. Our
approach complements these analyses by explic-
itly examining spectrum width and tail quantiles
rather than relying solely on mean quantities.

Positioning of this paper This paper focuses on
the empirical distribution of sequence-level self-
information density (the empirical IS) and inves-
tigates where correctness differences concentrate
within that distribution. Furthermore, by intro-
ducing an IG spectrum based on teacher forcing,
we provide a controlled, per-sequence likelihood-
based diagnostic for analyzing heterogeneous ef-
fects of side information while preserving per-
sequence correspondence.

3 Information-Spectrum (IS) Theory

3.1 Probabilistic limsup and liminf

For a general source, let PXn(Xn) denote the
probability assigned by the source to a symbol se-
quence Xn with length n. The self-information
density is defined as

Zn := − 1

n
logPXn(Xn).

For stationary ergodic sources, Zn concentrates
around the entropy rate of the AEP, and a single
mean quantity is often sufficient. In contrast, for
non-AEP sources (e.g., non-stationary or mixture
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Figure 1: Schematic illustration of an information
spectrum (IS). The horizontal axis is the per-symbol
self-information density Zn (coding rate). The bulk
corresponds to typical sequences, while the right tail
corresponds to rare high-surprisal sequences that often
dominate failure cases (Appendix for intuition). For
AEP sources, Zn concentrates at the entropy rate and
the spectrum degenerates to a point.

sources), Zn may not concentrate and tail events
can persist with non-vanishing probability, moti-
vating distributional (spectrum) analysis.

The distribution of Zn is called the IS (Han and
Verdu, 1993; Han, 2003). The key properties of
general sources can be characterized by the prob-
abilistic limsup Hsup

ϵ (weak upper entropy rate),
the probabilistic liminf H inf

ϵ (weak lower entropy
rate) and their width Hw

ϵ = Hsup
ϵ −H inf

ϵ :

Hsup
ϵ = pϵ- lim sup

n→∞
Zn

:= inf

{
α

∣∣∣∣ lim sup
n→∞

Pr[Zn > α] ≤ ϵ

}
,

H inf
ϵ = pϵ- lim inf

n→∞
Zn

:= sup

{
β

∣∣∣∣ lim sup
n→∞

Pr[Zn < β] ≤ ϵ

}
.

(1)

Here, ϵ relates to variable-length source coding
that permits an error probability up to ϵ. Intu-
itively, Hsup

ϵ reflects the coding rate of the high-
surprisal (rare) tail, while H inf

ϵ reflects that of typ-
ical sequences. Importantly, two sources can share
the same mean coding rate while exhibiting drasti-
cally different tail behavior; we provide toy exam-
ples and intuition for pϵ- lim sup / lim inf in Ap-
pendix A.2. Figure 1 shows that general sources
yield a non-zero-width IS, whereas AEP sources
concentrate at the entropy rate.

3.2 Finite-length approximation: empirical
IS and statistics

To compute the quantities in Eq. (1) explicitly, one
must consider the limit where the length of a sin-
gle sequence goes to infinity (n → ∞). However,
in analyzing LLMs, we can generate only finite-
length sequences. Therefore, for a finite collec-
tion of generated samples, we introduce an opera-

tional definition that corresponds to the probabilis-
tic upper/lower limits of the IS, based on empiri-
cal quantiles, denoted as pθ- sup / inf (where θ is a
tail probability). For generated samples, we com-
pute the self-information density Z(s) by Eq. (2)
and empirically approximate the IS.

Let the output token sequence for sample s =

1, . . . , S with length Ts be t(s) = (t
(s)
1 , . . . , t

(s)
Ts

).
For sample s, the conditional self-information
density (i.e., coding rate / mean surprisal) condi-
tioned on the token history and the prompt y(s),
Z(s) = Z(t(s); y(s)), is normalized by Ts since se-
quence lengths differ across samples:

Z(t(s); y(s)) := − 1

Ts

Ts∑

k=1

logP (t
(s)
k | t(s)<k, y

(s)).

(2)
Here, y = (y(1), . . . , y(S)) denotes the set of
prompts that include task instructions. The col-
lection Z = {Z(s)}Ss=1 constitutes the empirical
IS for finite samples, and we define its operational
upper and lower limits as follows:

Ĥsup
θ = pθ- supZ

:= inf

{
α

∣∣∣∣∣

∑S
s=1 1(Z

(s) > α)

S
≤ θ

}
,

Ĥ inf
θ = pθ- inf Z

:= sup

{
β

∣∣∣∣∣

∑S
s=1 1(Z

(s) < β)

S
≤ θ

}
,

(3)

where 1 is the indicator function and θ denotes
the tail probability. These values correspond to the
(1 − θ)-quantile and the θ-quantile of the empir-
ical distribution, respectively. Thus, a smaller θ
places greater emphasis on the high-surprisal tail.
The width is defined as Ĥw

θ = Ĥsup
θ − Ĥ inf

θ .

3.3 Information gain (IG) spectrum
(teacher-forced likelihood gain)

To examine how side information such as RAG af-
fects sequence-level information density (Liu and
Wang, 2023), we evaluate the difference in Z for
each sample s. First, we generate a token sequence
t′(s) using a prompt that includes additional infor-
mation ∆y(s): y′(s) = y(s) +∆y(s), and compute
Z(t′(s); y′(s)). Next, to measure the effect of the
added information, we fix t′(s) and, under teacher
forcing, evaluate Z(t′(s); y(s)) conditioned on the
original prompt y(s) and the past tokens t′(s)<k . We
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then compute

∆Z(s) := Z(t′(s); y′(s))− Z(t′(s); y(s)).

We call the distribution ∆Z = {∆Z(s)}Ss=1 the IG
spectrum. The IG spectrum measures how much
side information changes the sequence-level neg-
ative log-likelihood (coding rate) of a fixed gen-
erated sequence, capturing heterogeneity across
samples. Since Z is the negative logarithmic like-
lihood of the sequence, ∆Z(s) < 0 indicates that
side information increases the likelihood of the
same sequence under teacher forcing.

Note (IG spectrum as an operational definition)
The IG spectrum is an operational (finite-sample)
measure that compares the likelihood of the same
generated sequence with and without side infor-
mation under teacher forcing. It should therefore
be interpreted as a controlled likelihood-based di-
agnostic rather than a causal estimate of how side
information reshapes the full generation distribu-
tion. In particular, it does not directly quantify
how the probability mass shifts across different se-
quences when side information is introduced. We
adopt this formulation to preserve per-sequence
correspondence across conditions and to avoid
ambiguities arising from independently sampled
generations. This allows us to diagnose which
generated sequences are strongly supported by the
added information and which are not, while main-
taining stable and computationally efficient esti-
mation.

Finally, note that the IS in this paper empiri-
cally treats the distribution of sequence-level neg-
ative log-likelihood. Its core value lies not in the
mean but in tail-aware distributional diagnostics.
IS theory provides a language for organizing and
comparing distributional structures of conditional,
non-stationary generation behaviors such as those
exhibited by LLMs, without assuming stationarity.

4 Experiments

4.1 Setup
To investigate how IS changes depending on the
task structure and the form of side information
when LLMs are regarded as general sources, we
design experiments that combine two task families
while systematically varying the type of condition-
ing1. For QA, we judge correctness by checking

1https://github.com/DensoITLab/information_
spectrum_LLM

whether the generated answer contains the gold
string and compute accuracy accordingly. For gen-
eration tasks, we evaluate diversity using Distinct-
2 (the number of unique 2-grams divided by the to-
tal number of 2-grams in the generated sequences)
(Li et al., 2016).

QA tasks For QA, we select three tasks that dif-
fer in how side information is provided:

1. Commonsense QA2 [C-QA] (1,119 ques-
tions) (Kurihara et al., 2022). We com-
pare free-form generation3 and a multiple-
choice setting. This contrast isolates the ef-
fect of constraining the output space via ex-
plicit answer options (free-form vs. choice-
constrained).

2. Knowledge QA4 [K-QA] (3,939 questions)
(So et al., 2022). We compare conditions
without and with RAG5. This contrast evalu-
ates the effect of the RAG context on reason-
ing.

3. Hop QA6 [H-QA] (1,059 questions) (Ishii
et al., 2024). We compare conditions without
and with a KG7. This contrast evaluates the
effect of structured knowledge for multi-hop
reasoning.

This design allows us to analyze, within a uni-
fied framework, how different forms of side
information—output-space constraints, retrieved
documents, and structured knowledge—affect
both the IS and the IG spectrum. Although QA
answers are typically only a few words long, we
set the maximum generation length to 128 tokens
to mitigate spectrum distortions caused by prema-
ture truncation.

Generation tasks For generation, we use two
tasks: news generation, which tends to be more
templated with relatively fixed structure, and poem

2https://huggingface.co/datasets/sbintuitions/
JCommonsenseQA (validation split)

3The original dataset is multiple-choice; we evaluate it in
a free-form setting by removing the choices.

4https://huggingface.co/datasets/
SkelterLabsInc/JaQuAD (validation split)

5The dataset provides retrieval context that can support
answering.

6https://huggingface.co/datasets/sbintuitions/
JEMHopQA (train split); The validation split is small, so we
use the training split, but since the models are not trained on
it, this does not constitute data leakage.

7The dataset provides KG information required for an-
swering.
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generation, which is more creative with a broader
output space. We compare whether spectrum
statistics behave differently depending on whether
the output is structured/templated or not. For each
prompt topic, we generate 1,000 sequences for
both news and poem. Although the target length
is 300 Japanese characters, we set the maximum
generation length to 1,024 tokens to avoid spec-
trum artifacts due to truncation.

Model comparison and spectrum computation
We take Llama-3.1-Swallow-8B-v0.5 (Fujii
et al., 2024), a widely used Japanese LLM, as
the primary reference model. We compare the
base model with its instruction-tuned variant
(Llama-3.1-Swallow-8B-Instruct-v0.5)
to examine how instruction tuning affects IS
structure. In addition, we include Qwen3-8B
(Team, 2025), which differs in training data and
alignment policies, to verify whether the proposed
diagnostics and observed trends are generalized
between model families.

We vary the temperature τ from 0.4 to 1.2, us-
ing τ = 0.6 as the default, since it is commonly
recommended for reasoning tasks. For the quan-
tile parameter θ, we determine θ = 0.01 using
bootstrap analysis; details are provided in Ap-
pendix C.2. IS computation uses only the output
token sequence t(s). All prompts are provided as
plain text, and we do not use chat templates or ex-
plicit role indicators such as system/user/assistant.
This unifies the input format across models and
eliminates confounding effects due to template de-
sign when comparing the impact of side informa-
tion. We assess finite-sample stability via boot-
strap and find that estimates stabilize around S ≳
300 (Appendix Fig. 9).

4.2 Error signals appear in the tail rather
than in the mean; temperature controls
the tail.

Figure 2(a) compares the IS of correct vs. incorrect
outputs for C-QA (free-form generation). The two
distributions overlap substantially, so the mean
alone cannot cleanly separate the correctness. In
contrast, the difference becomes pronounced in
the high-surprisal tail: incorrect sequences domi-
nate the high-surprisal region, whereas correct se-
quences concentrate in the low-surprisal region.
This suggests that errors manifest not primarily as
a “worsening of the mean,” but as the emergence
of atypical sequences in the tail. Consequently,

(a) Free-form (b) Multiple-choice

Figure 2: IS for commonsense QA (C-QA) with
Swallow-8B under two answer formats: (a) free-form
generation and (b) multiple-choice (answer choices
provided). Histograms show the empirical distribution
of sequence-level coding rates Z (mean surprisal) over
generated answers; “cor” and “inc” denote correct and
incorrect samples, respectively (counts shown in paren-
theses). Vertical lines mark the mean and tail-focused
quantiles (Ĥ inf

0.01 and Ĥsup
0.01; legend), which summarize

typical behavior and the high-surprisal tail. Providing
answer choices changes the distribution shape and is
associated with a reduced upper-tail mass compared to
free-form generation, making correctness differences
more interpretable in the tail region.

we analyze both the quantile statistic that charac-
terizes the tail (Ĥsup

θ ) and the IS width (Ĥw
θ ), in

addition to the mean, to diagnose where errors oc-
cur and how unstable the generation is.

Figure 2(b) shows the IS for the same C-QA
task when answer choices are provided (multiple-
choice condition). Because the output space is
strongly constrained by the choices, the overall
distribution contracts and the expansion of the
IS width (tail thickening) is suppressed. Such
spectrum-shape changes induced by side informa-
tion are also observed in other tasks (RAG and
KG; Figures 4 and 11).

Temperature and the IS Figure 3 shows the
relationship between the decoding temperature τ
and the IS statistics (Ĥw

θ / Ĥ inf
θ ). We vary the tem-

perature τ on five levels from 0.4 to 1.2. In sum-
mary, increasing temperature monotonically ex-
pands the IS width (tail thickness): it directly leads
to increased errors (performance degradation) in
QA, while forming a trade-off with improved di-
versity in generation tasks.

As shown in Figure 3(a), Ĥw
θ increases mono-

tonically with temperature on all tasks, indicat-
ing that the IS widens as τ increases. This oc-
curs because a higher temperature activates the tail
of the output distribution and increases sample-
wise variability in surprisal. Moreover, intro-
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(a) Width Ĥw
θ (b) Ĥ inf

θ

Figure 3: Temperature dependence of the IS width and
lower quantile across multiple QA tasks with Swallow-
8B (C: Commonsense, K: Knowledge, H: Hop).

ducing side information such as answer choices,
RAG, or KGs reduces the width even at the same
temperature, confirming that side information can
constrain the generation distribution. In contrast,
generation tasks such as news and poem exhibit
smaller widths than QA tasks, and in particular,
news generation has a narrow width and is highly
templatic.

Figure 3(b) shows the behavior of Ĥ inf
θ ,

which represents the low-surprisal (typical) side.
Changes in Ĥ inf

θ are relatively moderate com-
pared to those in width, suggesting that temper-
ature mainly affects not the center of the typical
set but the increase in atypical sequences (i.e., ex-
pansion of the upper tail). In addition, Ĥ inf

θ ex-
hibits strong task dependence and, in generation
tasks, it tends to decrease dramatically as the tem-
perature decreases. This indicates that under low-
temperature decoding, the output distribution con-
centrates strongly on the typical set, making tem-
platic sequences more likely to be generated.

Although high-temperature sampling activates
the tail and increases diversity (Holtzman et al.,
2020), uncontrolled increases in temperature can
degrade performance on reasoning tasks (Minh
et al., 2025; Wang et al., 2023). Our results are
consistent with these and suggest that temperature
is a primary factor that balances “concentration on
the typical set” against “tail inflation.”

4.3 Side information systematically reshapes
the spectrum, and the IG spectrum
separates sequences that benefit from
side information

In this section, we analyze how side informa-
tion (choices, RAG, and KG) affects the IS and
IG spectrum. Figure 4 shows the IS for K-QA

(a) Without RAG (b) With RAG

Figure 4: IS for knowledge QA (K-QA) with Swallow-
8B, comparing (a) without RAG and (b) with RAG.
RAG primarily affects the high-surprisal tail: incorrect
samples concentrate more strongly in the upper tail,
and providing retrieved context is associated with a re-
duced tail expansion and a shift toward lower coding
rates for a subset of samples.

with and without RAG. Figures 2(b) and 4 show
that the introduction of side information tends to
shrink the distribution in many settings, suppress-
ing the IS width (i.e., inflation of the tail). For cor-
rect sequences, adding RAG suppresses the high-
surprisal tail and lowers Ĥsup

θ , whereas for incor-
rect sequences, the tail can expand instead, sug-
gesting that when retrieved evidence is not prop-
erly utilized, the output may shift toward more
atypical sequences. The tendency that side infor-
mation such as answer choices and RAG reduces
IS width and suppresses tail inflation is also re-
produced consistently across model families (Ap-
pendix Figures 14 and 16). These results indicate
that side information appears not only as a reduc-
tion in the mean but also as a systematic change
in distributional shape (especially in the tail). In
the following, we use the IG spectrum to ana-
lyze which sequences benefit from side informa-
tion, treating the effect as an intervention response
while preserving sample-wise correspondence.

Next, Figure 6 shows the IG spectrum induced
by the answer choices (side information). The
IG spectrum is a distribution of intervention re-
sponses that describes how much side information
changes the coding rate for each sequence. Here,
∆Z(s) < 0 indicates that side information im-
proves likelihood (i.e., reduces the coding rate).
In Figure 6(a), the correct sequences are gener-
ally more negatively shifted; however, this reflects
not that “being correct” itself causes the coding
rate to decrease, but rather that sequences with
larger coding rate reductions due to side informa-
tion are more likely to transition to being correct.
Therefore, the IG spectrum provides a framework
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(a) without RAG (b) with RAG

Figure 5: IS for K-QA with Swallow-8B-Instruct.
Compared to the base model (Fig. 4), the instruct-tuned
model exhibits a different spectrum structure, where
correctness differences are more strongly reflected in
tail statistics and width rather than the mean alone.

(a) IG spectrum (b) ECDF

Figure 6: IG spectrum for C-QA with Swallow-8B. The
distribution of coding-rate differences induced by side
information (answer choices) is compared across cor-
rectness transitions.

for distinguishing, as a distribution, sequences for
which side information is effective.

The empirical cumulative distribution function
(ECDF) in Figure 6(b) partitions the sequences
into four groups, which are confirm (cor→cor), fix
(inc→cor), break (cor→inc), and none (inc→inc),
according to the correctness transitions from with-
out to with side information, and visualizes which
groups shift toward the negative side in ∆Z. In
the multiple-choice setting, fix exhibits the largest
negative shift, indicating that answer choices se-
lectively capture sequences for which side infor-
mation contributes to error correction. In con-
trast, none concentrates near zero, suggesting that
likelihood improvements are unlikely even with
added choices. confirm also shifts slightly neg-
ative, consistent with the interpretation that hy-
potheses formed under free-form answering are
corroborated by the candidate set. The separation
strength depends on task structure: in H-QA, miss-
ing information can be supplemented and fix is
more clearly separated, while in K-QA the separa-
tion is weaker because even none can exhibit like-

(a) Width Ĥw
θ

(b) Mean

Figure 7: Relationship between IS width/mean and
QA accuracy. For each model, we compare six set-
tings: three baseline conditions (without side informa-
tion) and three conditions with side information.

lihood improvements (Appendix Figure 12). We
report identification performance of the IG-based
indicators for other tasks in the Appendix G.2.
Overall, the IG spectrum enables visualization of
side-information effects as sequence-level inter-
vention responses.

4.4 IS statistics correlate with performance,
and instruction tuning shifts the
informative region

In this section, we investigate how IS statistics re-
late to task-level performance (accuracy). First,
we show via correlation analysis that when con-
ditions such as the presence/absence of side in-
formation and temperature change, performance
varies accordingly, and IS width as well as up-
per/lower quantiles also change systematically.
Next, after controlling for generation conditions
(temperature τ and presence/absence of side infor-
mation), we evaluate how much the mean (Ĥm)
and width (Ĥw

θ ) can additionally explain the accu-
racy (incremental explanatory power).

Correlation between spectrum statistics and ac-
curacy Figure 7 shows, for each model, the re-
lationship between IS statistics and accuracy un-
der six settings: three “without side information”
conditions plus three “with side information” con-
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ditions8. We observe that the accuracy tends to
decrease as the IS width/mean increases. This
suggests that as variability in generation behavior
(atypical sequences / tail mass) grows, stable gen-
eration for QA becomes more difficult. Further-
more, we verified robustness of the correlations
via leave-one-out (LOO) regression: the slopes for
Ĥsup

θ and width are consistently negative across all
models, confirming that the observed correlations
do not rely on a single outlier (Appendix Tables 5
and 6).

Incremental explanatory power under con-
trolled conditions (mean vs. width) Next, af-
ter controlling for temperature τ and the pres-
ence/absence of side information (info), we eval-
uated how much distributional indicators (mean
Ĥm = 1

S

∑
s Z

(s) and width Ĥw
θ ) can addition-

ally explain accuracy y. Specifically, we com-
pared the following linear regression models: (i)
condition-controlled baseline (τ, info), (ii) base-
line + Ĥm, (iii) baseline + Ĥw

θ , (iv) baseline +
{Ĥm, Ĥw

θ }, and evaluated generalization perfor-
mance using LOO cross-validated R2.

To compare incremental explanatory power un-
der controlled conditions, we define the normal-
ized incremental coefficient of determination as

∆R2(z) =
R2(τ, info, z)−R2(τ, info)

1−R2(τ, info)

where z ∈ {Ĥm, Ĥw
θ }. As shown in Table 1,

the condition-controlled baseline (τ, info) already
achieves high explanatory power, indicating that
temperature and side information are the main de-
terminants of accuracy. However, effective dis-
tribution indicators depend on the model. For
Swallow-8B (base), adding the mean Ĥm yields
the largest improvement, and the width contribu-
tion is relatively small. In contrast, for Swallow-
8B-Instruct, the mean contributes little and width
becomes dominant. A similar trend is observed in
the LOO evaluation, and when comparing predic-
tion errors, the width is significantly smaller than
the mean9. Qwen3-8B also shows a tendency that
width performs better than mean.

Interpretation: instruction tuning shifts cues
from “mean” to “distributional shape” Over-
all, these results suggest that for base models

8Conditions with side information appear as points with
higher accuracy than those without it.

9paired t-test p = 5.9× 10−5, Wilcoxon p = 1.1× 10−4

Table 1: For the baseline model with temperature τ and
presence/absence of side information info as explana-
tory variables, we report the coefficient of determi-
nation R2 and the normalized incremental coefficient
of determination ∆R2 when additionally including the
spectrum mean (= Ĥm) or width (= Ĥw

θ ). Leave-one-
out estimates are also shown.

Metric Swallow-8B Qwen3-8B
base instruct

in sample R2

R2(τ, info) 0.787 0.883 0.879
R2(τ, info, Ĥm) 0.869 0.890 0.900
R2(τ, info, Ĥw

θ ) 0.840 0.937 0.914
R2(τ, info, Ĥm, Ĥw

θ ) 0.870 0.938 0.915
∆R2(Ĥm) 0.388 0.056 0.167
∆R2(Ĥw

θ ) 0.251 0.460 0.290
leave-one-out R2

R2(τ, info) 0.736 0.855 0.851
R2(τ, info, Ĥm) 0.827 0.853 0.867
R2(τ, info, Ĥw

θ ) 0.793 0.917 0.883
R2(τ, info, Ĥm, Ĥw

θ ) 0.820 0.913 0.881
∆R2(Ĥm) 0.345 -0.0138 0.107
∆R2(Ĥw

θ ) 0.216 0.428 0.215

close to pretraining, mean self-information can
be a primary driver of performance, whereas
for instruction-tuned models, performance differ-
ences become harder to capture using the mean
alone, and information based on distribution width
and tail structure becomes more important. This is
consistent with an IS perspective in which instruc-
tion tuning may rearrange the geometry of the typ-
ical and tail regions of the generation distribution,
shifting error-detection cues from the mean toward
shape/tail characteristics.

4.5 Discussion

Our analysis suggests that performance-relevant
differences are often more visible in the high-
surprisal region (the tail) than in the mean cod-
ing rate alone. In particular, variability between
sequences, quantified by the width of the spec-
trum Ĥw

θ = Ĥsup
θ − Ĥ inf

θ , reflects heterogene-
ity in generation behavior and can be interpreted
as a risk-sensitive characteristic of the model. In-
struction tuning appears to shift the relative impor-
tance from the mean coding rate toward distribu-
tional properties such as width and tail structure,
suggesting that improvements may stem not only
from raising overall likelihood but also from sup-
pressing high-surprisal (failure-prone) sequences.

The IG spectrum further visualizes the hetero-
geneous, sequence-dependent effects of side infor-
mation. Beyond descriptive analysis, this perspec-
tive enables practical diagnostics. For example,

12238



consistent left-shifts in coding-rate distributions or
strongly negative IG values can serve as opera-
tional signals to select between alternative gen-
erations (e.g., with vs. without RAG) even with-
out gold labels. In addition, comparing IG dis-
tributions across models or prompting strategies
can reveal which configurations are more respon-
sive to side information, supporting prompt de-
sign and model comparison. Overall, spectrum-
based analysis provides a complementary lens to
average-based metrics to understand and control
conditional generation. Such risk-aware diagnos-
tics may also inform decoding control (e.g., tem-
perature selection) by explicitly monitoring tail
expansion.

5 Conclusion

In this paper, we treat LLMs as general informa-
tion sources and proposed a diagnostic method
based on the distribution of sequence-level coding
rates (the information spectrum). By constructing
empirical IS from a finite set of generated samples,
we demonstrated through experiments across mul-
tiple models and tasks that errors and low-quality
generations concentrate in the high-surprisal re-
gion rather than being captured by average met-
rics. We further showed that the effects of side
information (multiple-choice options, RAG, and
KGs) are heterogeneous across sequences and that
the IG spectrum enables visualization of the distri-
bution of these effects. In addition, we found that
instruction tuning can amplify the tendency for
distribution width to dominate performance more
than the mean, revealing that different models may
exhibit distinct characteristics in suppressing fail-
ure sequences. These results highlight the useful-
ness of comparing and diagnosing LLM genera-
tion behavior as a distributional structure rather
than relying solely on averages. Future work in-
cludes extending the analysis to a wider range of
tasks and languages and exploring connections to
analyses that directly capture deformations of the
generation distribution.

Limitation

In this paper, we analyze the behavior of LLM
generation as a distributional structure in self-
information density based on information spec-
trum theory. However, several limitations remain.

Reliance on summary statistics of the distri-
bution Because we summarized the character-

istics of the information spectrum using quantile-
based statistics (Ĥsup / inf

θ and the width), we did
not fully exploit the information contained in the
distributional shape itself (e.g., skewness, multi-
modality, or tail asymmetry). Such shape infor-
mation may enable for a more detailed character-
ization of how error sequences or hallucinations
arise. Therefore, an important direction for fu-
ture work is to introduce distributional distances
(e.g., Wasserstein distance, KL approximations)
and shape-related statistics, and to perform spec-
trum comparisons in a more direct manner.

The IG spectrum as a teacher-forcing approx-
imation The IG spectrum used in this paper
is an operational metric that measures the likeli-
hood improvement of the same fixed sequence un-
der side information via teacher forcing. It does
not directly evaluate how conditioning transforms
the generation distribution itself (i.e., the selec-
tion probabilities of sequences). In this work, we
adopted this approximation to prioritize interven-
tion visualization with preserved sequence align-
ment and stable estimation. Future work should
extend the framework to metrics that more di-
rectly capture deformation of the generation distri-
bution (e.g., distances between conditional distri-
butions or intervention-induced reweighting), and
it would be valuable to connect our empirical IG
spectrum to the IS framework with side informa-
tion (Kuzuoka and Watanabe, 2015), which pro-
vides an operational characterization of the cod-
ing limits under additional conditioning. Such a
connection may enable for a more principled treat-
ment of how auxiliary information reshapes the
entire generation distribution.

Limitations of automatic evaluation In our
experiments, the correctness was mechanically
judged by checking whether the reference an-
swer string was contained in the generated out-
put. However, QA tasks may admit alternative
correct answers or formulations, and therefore hu-
man evaluation or semantic equivalence model-
ing is preferable for strict correctness assessment
(Ariyama et al., 2024).

In our main QA setting, the target answers are
typically short and canonical (e.g., named entities,
dates, factual phrases), and thus substantial para-
phrasing is relatively uncommon. We also apply
basic normalization (e.g., whitespace/punctuation
normalization and canonical form matching) be-
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fore string matching to reduce superficial mis-
matches.

Although automatic evaluation may still intro-
duce misclassifications (false positives / false neg-
atives), we applied the same rule across all models
and all conditions. Hence, we expect our interpre-
tation, which primarily focuses on relative com-
parisons (e.g., trends induced by temperature or
side information), to be reasonably robust.

Finally, the goal of this paper is to provide an
operational framework for treating LLMs as gen-
eral information sources and to demonstrate the
diagnostic potential of the distributional structure.
The above limitations are therefore consistent with
this objective.

Ethics and Broader Impacts

Our work provides diagnostic tools for analyzing
the behavior of LLMs as information sources via
empirical information spectra and teacher-forced
likelihood gain spectra. Although we do not in-
troduce new generative models, data collection, or
deployment mechanisms, our analysis could in-
fluence how practitioners evaluate or trust LLM
outputs. A potential risk is that our metrics may
be misinterpreted as providing guaranties of fac-
tual correctness or safety; in particular, low tail
surprisal does not necessarily imply factual reli-
ability, and the teacher-forced IG spectrum does
not capture distributional shifts in generation be-
havior. The misuse for cross-model comparisons
without accounting for tokenization differences
or dataset dependence could also lead to mis-
leading conclusions. Our results highlight that
side information (e.g., retrieval-augmented con-
text or KG constraints) can both reduce and some-
times amplify high-surprisal tails, which suggests
that poorly curated or biased external information
sources could exacerbate misinformation or bias.
We encourage users of these diagnostic methods
to treat them as complementary signals, to vali-
date conclusions with additional evaluation proto-
cols, and to carefully audit any external informa-
tion sources used in downstream systems.
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Figure 8: Toy examples where the mean coding rate is
identical but the spectrum structure differs. Left: a bi-
modal mixture with mean E[Z] = 0.4 but no probabil-
ity mass near the mean. Right: a unimodal source with
the same mean but broader support, yielding heavier
extremes. This illustrates why tail quantiles and spec-
trum width provide information beyond the mean.

A.1 Operational interpretation via
variable-length coding

The probabilistic upper and lower limits used in
this paper, Hsup

ϵ and H inf
ϵ , can be interpreted

in connection with ϵ-variable-length source cod-
ing for general sources, i.e., coding that allows
an error probability not greater than ϵ (Han and
Verdu, 1993; Han, 2003). Intuitively, Hsup

ϵ corre-
sponds to the high-surprisal side (rare sequences),
whereas H inf

ϵ corresponds to the low-surprisal
side (typical sequences).

More concretely, at any rate larger than Hsup
ϵ ,

there exists a code whose error probability con-
verges to zero, so that all sequences can be en-
coded correctly with high probability. In con-
trast, at rates between H inf

ϵ and Hsup
ϵ , a code

can be constructed whose error probability con-
verges to zero for typical sequences, but errors
for the remaining sequences (on the tail side)
are unavoidable. Furthermore, at any rate be-
low H inf

ϵ , even for high-probability sequences, in-
cluding the typical ones, it is impossible to make
the probability of error converge to zero. Con-
sequently, our Ĥ

sup / inf
θ can be interpreted as a

finite-sample operational approximation that cor-
responds to H

sup / inf
ϵ .

A.2 Toy Examples for Intuition: Mixtures
and Persistent Tails

Although the coding-theoretic interpretation pro-
vides an operational meaning, the definitions of
pϵ- lim inf / sup can still feel abstract; here, we
provide simple toy examples to build intuition
for the information spectrum and the probabilistic
limsup/liminf.

A.2.1 Mean Can Be Misleading: A Mixture
Example

Consider two sources on a sequence-level coding
rate Z, as shown in Fig. 8. The first is a bimodal

mixture:

Z ∼ 1
2Unif[0.1, 0.3] + 1

2Unif[0.5, 0.7].

The mean coding rate is E[Z] = 0.4, yet there
is no probability mass near 0.4; typical samples
concentrate around two separate regions.

Now compare this with another source having
the same mean but broader support:

Z ∼ Unif[0, 0.8].

Both sources share the same mean coding rate, yet
their spectrum structure differs substantially. The
second source exhibits heavier extremes, while the
first has no mass near the mean. This illustrates
that the mean alone cannot characterize hetero-
geneity or tail risk; spectrum width and tail quan-
tiles provide complementary information.

A.2.2 Intuition for p-liminf and p-limsup
Consider a sequence of random variables Zn.

Persistent tail. Suppose that

Zn =

{
0.2 with probability 0.99,

0.8 with probability 0.01,

for all n. A high-surprisal tail remains with a
constant probability even as n → ∞. For any
ϵ < 0.01, we have

pϵ- lim inf
n→∞

Zn = 0.2, pϵ- lim sup
n→∞

Zn = 0.8.

The spectrum retains non-zero width because tail
events persist. That is, even if we ignore an ϵ frac-
tion of rare events, the high-surprisal mode at 0.8
persists with non-vanishing probability. As ϵ de-
creases, these quantities approach the endpoints of
the distribution support.

Vanishing tail. Now suppose that

Zn =

{
0.2 with probability 1− 1

n ,

0.8 with probability 1
n .

Here, the probability of the high-surprisal event
vanishes as n → ∞. Indeed, for any fixed ϵ > 0,
there exists N(ϵ) such that for all n ≥ N(ϵ),

Pr[Zn > 0.2] =
1

n
≤ ϵ.

Therefore, for any ϵ > 0,

pϵ- lim inf
n→∞

Zn = pϵ- lim sup
n→∞

Zn = 0.2.

12242



Although outliers exist at finite n, they disappear
asymptotically and thus do not contribute to the
width of the IS.

These examples show that probabilistic lim inf
and lim sup capture whether tail events persist
with non-vanishing probability, rather than merely
whether extreme values occur at finite length.

B Experimental Setup and
Reproducibility

Summary: In our experiments, we controlled
conditions using plain-text prompts and fixed ran-
dom seeds, and reproducibly estimated IS statis-
tics solely from self-information computed via
teacher forcing.

B.1 Implementation Details
All experiments were implemented in Python us-
ing the HuggingFace Transformers library for
model inference and teacher-forced log-likelihood
evaluation. We used the model checkpoints listed
in 4.1 and all experiments were run with the lat-
est snapshot available on 2025/12/20. For decod-
ing, we varied only the temperature τ as speci-
fied in Section 4.1 and kept other decoding set-
tings fixed. We evaluate QA correctness by judg-
ing whether a gold answer is included in the an-
swer string or not. We normalize both predictions
and gold answers by Unicode NFKC, removing
whitespace and punctuation/brackets, converting
Kanji numerals to Arabic numerals, and adding
common variants (e.g., YES/NO ↔ はい/いい
え; Japanese era years → Gregorian years) before
checking inclusion. For bootstrap-based estima-
tion, we used 200 resamples for sample-size boot-
strapping and 5,000 resamples for θ estimation, as
described in Appendix C.

B.2 Prompts
In this paper, we use plain-text prompts for all
models, and do not employ chat templates or role
specifications such as system/user/assistant. Ta-
ble 2 lists the prompts used in our experiments.

B.3 Details of Sampling and Teacher Forcing
About the random seed To ensure that the gen-
erated samples remain aligned when comparing
between models, tasks, and experimental condi-
tions, we fixed the random seed of LLM for each
sample based on its sample ID. This enables us to
evaluate the IS and IG spectrum in a way that sup-
ports sample-wise comparisons.

Table 2: Prompt templates used in the experiments.

Task Prompt (given in Japanese)
QA tasks (no
additional
information)

You are a question answering sys-
tem. Please answer the following
question in Japanese concisely in one
sentence.
Question: question
Answer:

Commonsense QA
(multiple choice)

You are a question answering system.
For the following question, choose
one appropriate answer from the op-
tions.
Question: question
Options: choices
Answer:

Knowledge QA
(RAG)

You are a question answering sys-
tem. For the following question, re-
fer to the context shown below and
answer concisely in Japanese in one
sentence.
Question: question
Context: context
Answer:

Hop QA (KG) You are a question answering sys-
tem. Please answer the following
question in Japanese concisely in one
sentence.
Question: question However, deriv
Answer:

news You are a newspaper reporter. Based
on a fictional event, write an article
of approximately 300 Japanese char-
acters.

poem You are a poet. Write a poem of ap-
proximately 300 Japanese characters
on the theme of romance.

Handling tokenizer differences Because Swal-
low and Qwen use different tokenizers, even with
the same prompt, the resulting token sequence y is
not exactly identical. However, in this paper, the
prompt sequence is used only as additional infor-
mation, and spectrum computation is based solely
on the self-information of the output sequence.
Therefore, tokenizer differences are treated as part
of the model differences.

B.4 Summary of Accuracy and Distinct-2 by
Model

Table 3 reports, for each model, the diversity
metric (Distinct-2) for the generation tasks and
the accuracy for the QA tasks (C: common-
sense, K: knowledge, and H: hop). For gener-
ation tasks, Qwen3-8B shows lower Distinct-2,
suggesting that its output tends to be relatively
formulaic. Among the Swallow-family mod-
els, Distinct-2 decreases after instruction tuning
(Swallow-8B-Instruct), implying that generation
diversity may be suppressed in exchange for im-
proved instruction-following behavior.
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In contrast, in QA tasks, instruction tuning im-
proves accuracy under conditions with additional
information such as multiple-choice options and
RAG/KG, indicating more stable utilization of
the provided information. Qwen3-8B consistently
achieves high accuracy in settings with additional
information, suggesting that its reasoning with ex-
ternal knowledge may be stronger.

C Stability of Empirical IS Estimation

Summary: Empirical IS quantile estimates be-
come stable with relatively few samples on the
typical side, whereas tail-side statistics exhibit
much larger uncertainty and require a sufficient
number of sequences and an appropriate choice of
the quantile parameter.

C.1 Dependence on the Sample Size

Figure 9 shows the estimated IS statistics (Ĥsup
θ ,

Ĥ inf
θ , and the mean Z) as a function of the sam-

ple size S, together with bootstrap-based uncer-
tainty (confidence intervals)10. The mean Z and
Ĥ inf

θ are already stable from relatively small S,
and their confidence intervals shrink rapidly as S
increases. In contrast, Ĥsup

θ corresponds to a tail-
side quantile, so its estimation uncertainty is rela-
tively large, and the confidence interval is wide,
especially when S is small. However, as S in-
creases, the confidence interval consistently nar-
rows, indicating that Ĥsup

θ can also be stably esti-
mated given a sufficient number of samples. These
results suggest that estimating tail-based spectrum
statistics is inherently more difficult than estimat-
ing typical-side statistics, but that reliable esti-
mation can be obtained when the number of se-
quences is sufficiently large, roughly S ≥ 300.

C.2 Confidence-Interval Analysis for the
Quantile Parameter θ via Bootstrap

We used the bootstrap method to evaluate the un-
certainty of the estimation. From the observed
data Z, we generated B = 5, 000 bootstrap re-
samples of size S by sampling with replacement
and computed Ĥ

sup / inf
θ and the width for each re-

sample: Ĥsup
θ = Q1−θ(Z), Ĥ inf

θ = Qθ(Z), and
the width Ĥw

θ = Ĥsup
θ − Ĥ inf

θ . From the result-
ing bootstrap distributions, we estimated the 95%
confidence intervals using the percentile method.

10Confidence intervals were estimated via bootstrap (B =
200), and we report the 95% interval.

Figure 9: Estimated IS statistics and confidence inter-
vals as a function of sample size S (C-QA, Swallow-
8B). Tail-side statistics (Ĥsup

θ ) have high uncertainty
for small S, but become increasingly stable as S grows.
(Bootstrap B = 200)

To demonstrate that the results are not specific
to a particular model or task, we show analyses for
two models on different tasks. Figure 10 presents
(a) C-QA with Swallow-8B and (b) H-QA with
Qwen3-8B. In the small region θ (θ < 0.01), the
confidence intervals for Ĥsup

θ and the width be-
come large and the estimates become unstable be-
cause they depend strongly on extreme values. In
addition, for θ > 0.01, the width becomes sharply
smaller and exhibits strong dependence on θ. By
contrast, around θ ∼ 0.01, the confidence inter-
vals are relatively small and the estimation is more
stable. Therefore, considering the trade-off be-
tween approximating the upper bound and estima-
tion stability, we adopt θ = 0.01 in this paper.

D Additional Experiments (Tasks and
Models)

Summary: Differences due to side information
and model choice are difficult to capture using
only mean values, but can be systematically ob-
served as changes in the full spectrum (distribu-
tional shape and tails).

D.1 Differences across Tasks (QA)

Figure 11 shows the IS for H-QA with and with-
out a KG. Unlike K-QA, in this setting we also
observe a tendency for Ĥsup

θ to decrease even for
incorrect sequences, indicating that side informa-
tion can suppress the high-surprisal tail of incor-
rect sequences as well.

Figure 12(a) shows, for K-QA, that the IG spec-
trum shifts substantially to the negative side only
for sequences that transition from incorrect to cor-
rect when RAG is provided. For sequences that
remain incorrect, as well as those that transition
from correct to incorrect, the coding-rate differ-
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Table 3: Performance comparison across models (τ = 0.6). Distinct-2 is used for generation tasks, and accuracy
for QA tasks.

Generation tasks QA tasks
news poem Commonsense (C) Knowledge (K) Hop (H)

- choices - RAG - KG
Swallow-8B 0.146 0.099 0.351 0.639 0.225 0.851 0.489 0.739
Swallow-8B-Instruct 0.131 0.069 0.394 0.979 0.205 0.904 0.480 0.797
Qwen3-8B 0.047 0.042 0.302 0.951 0.183 0.957 0.564 0.924

(a) C-QA (free-form), Swallow-8B, temperature τ = 0.6)

(b) H-QA (without KG), Qwen3-8B, temperature τ = 1.0)

Figure 10: Bootstrap-estimated 95% confidence inter-
vals for Ĥ

sup / inf
θ and the width. For θ < 0.01, un-

certainty for the upper quantile and width increases
sharply, whereas for θ > 0.01 the width becomes
rapidly smaller; thus we adopt θ = 0.01. (Bootstrap
B = 5, 000)

ences concentrate around zero, suggesting that
RAG is not effectively used or may even act as
a misleading signal. This indicates that RAG is
not uniformly helpful across all sequences; rather,
correctness transitions occur only when the side
information actually improves the typicality of the
sequence.

Figure 12(b) shows the ECDF of the IG spec-
trum for H-QA. Only the sequences that transition
from incorrect to correct (fix) due to KG injection
clearly shift to the negative side in the IG spec-
trum. In contrast, sequences that remain incor-
rect (none) or transition from correct to incorrect
(break) have coding-rate differences concentrated
near zero, implying that the KG has only a limited
effect on the spectrum structure for those cases.
This demonstrates that even in multi-hop reason-
ing, the effectiveness of side information varies
substantially across sequences: only when condi-

(a) without KG (b) with KG

Figure 11: IS in H-QA (Swallow-8B). The plots illus-
trate how adding a KG changes the distributional shape
and tail behavior.

(a) K-QA (with RAG) (b) H-QA (with KG)

Figure 12: ECDFs of the IG spectrum for K-QA (with
RAG) and H-QA (with KG) (Swallow-8B).

tioning works effectively does typicality improve
and the output transition to a correct answer.

D.2 Differences across Tasks (Generation)

Figure 13 shows the IS for the generation tasks
(news / poem). Although the differences in the
mean coding rate (mean surprisal) are not large,
the distributional shapes differ substantially be-
tween tasks, confirming the importance of eval-
uating the full distribution. For news, the low-
surprisal side (Ĥ inf

θ ) is relatively high and the out-
puts are strongly typical, while poem has a rela-
tively higher high-surprisal side (Ĥsup

θ ), indicating
a greater variation in generation. These trends are
consistent with the discussion in the main text.
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(a) news (b) poem

Figure 13: IS for generation tasks (Swallow-8B). The
distributional shapes differ substantially between news
and poem.

(a) C-QA (free-form) (b) C-QA (multiple-choice)

(c) H-QA (without KG) (d) H-QA (with KG)

Figure 14: IS for QA tasks (Swallow-8B-Instruct).

D.3 Model Comparison
(Swallow-8B-Instruct / Qwen3-8B)

Figures 14 and 15 show the IS for Swallow-8B-
Instruct. After instruction tuning, the IS width
shrinks in many tasks, and this tendency is par-
ticularly pronounced when side information, such
as choices, RAG, or a KG, is provided. A similar
effect is also observed in generation tasks: the gap
in Ĥsup

θ between news and poem becomes smaller,
indicating that the variability of the output distri-
bution is suppressed. These results suggest that
instruction tuning stabilizes generation under side
information and reduces the high-surprisal tail.

Next, Figures 16 and 17 show the IS for Qwen3-
8B. Compared with the Swallow-family models,
Qwen3-8B exhibits smaller IS widths, and this
tendency becomes especially pronounced when
side information (choices, RAG, KG) is provided.

(a) news (b) poem

Figure 15: IS for generation tasks (Swallow-8B-
Instruct).

In addition, for C-QA, the distributions for cor-
rect and incorrect outputs are close to each other,
suggesting that the model assigns relatively high
likelihood even to incorrect outputs (i.e., it may be
prone to overconfidence under errors).

Summarizing the model differences together
with the performance results in Table 3, Swallow-
8B achieves higher diversity (Distinct-2) in gen-
eration tasks, but also shows relatively larger IS
widths and larger high-surprisal quantiles (Ĥsup

θ ),
indicating heavier tails in the generation distribu-
tion. In contrast, Qwen3-8B achieves high accu-
racy in QA tasks under side information, and its
smaller IS width suggests a stronger concentration
in the typical set. Swallow-8B-Instruct exhibits
an intermediate behavior between the two: tail
suppression (width reduction) due to instruction
tuning corresponds to stabilized QA performance,
while diversity decreases in generation tasks.

E Information Spectrum and
Performance Metrics

Summary: In QA, IS statistics tend to be neg-
atively correlated with performance, whereas in
generation they tend to be positively correlated.
This suggests that spectrum-based quantities may
serve as task-agnostic diagnostic signals, with in-
terpretation depending on task characteristics.

E.1 Correlation Analysis

Table 4 reports the Pearson/Spearman correlation
coefficients (and their p-values) between IS statis-
tics and performance metrics (QA: accuracy; gen-
eration: Distinct-2). For each combination of
temperature setting (five levels) and task condi-
tion (QA: three tasks × with/without side infor-
mation; generation: two tasks), we obtained a set
of generated sequences and computed both spec-
trum statistics and performance metrics.

12246



(a) C-QA (free-form) (b) C-QA (multiple-choice)

(c) K-QA (without RAG) (d) K-QA (with RAG)

(e) H-QA (without KG) (f) H-QA (with KG)

Figure 16: IS for QA tasks (Qwen3-8B).

In QA tasks, many models show negative corre-
lations between spectrum statistics and accuracy.
In particular, for Swallow-8B (base), Ĥ inf

θ ex-
hibits a strong negative correlation. Since Ĥ inf

θ

corresponds to a low-surprisal quantile, a larger
value indicates that the coding rate on the typi-
cal side increases (i.e., the typical set shifts to-
ward a higher surprisal). Although the separa-
tion between correct and incorrect distributions is
more pronounced in the high-surprisal tail, corre-
lations with the performance metric may some-
times be more strongly tied to the typical side
(Ĥ inf

θ ). This implies that, in QA, higher values on
the low-surprisal (typical) side tend to be associ-
ated with lower accuracy, suggesting that QA per-
formance may be strongly constrained by behavior
around the typical set. In contrast, for Swallow-
8B-Instruct, the correlation with Ĥ inf

θ disappears,
suggesting that the spectrum region that governs
performance can shift from the typical side to the
tail side (e.g., Ĥsup

θ and the width) after the in-
struction tuning.

(a) news (b) poem

Figure 17: IS for generation tasks (Qwen3-8B).

In generation tasks, both Ĥsup
θ and Ĥ inf

θ show
positive correlations with Distinct-2, and Ĥ inf

θ in
particular exhibits a strong positive correlation.
That is, when the coding rate on the typical side is
higher (i.e., the output distribution does not con-
centrate strongly onto the typical set), output di-
versity tends to increase. However, note that the
generation setting contains only 10 data points, re-
sulting in limited statistical power; therefore, we
interpret these results primarily in terms of sign
and magnitude.

Overall, these results indicate that spectrum
statistics are linked to performance in different
ways for QA and generation, and may be usable
as diagnostic signals tailored to task properties.
For example, in generation tasks, relatively higher
temperatures can be advantageous for maintaining
diversity, whereas in QA tasks, activating atypical
sequences (the tail) directly leads to errors, sug-
gesting that lower temperatures are preferable.

E.2 Stability Analysis of Leave-One-Out
Regression

Table 5 reports, for a simple regression using
the six points (three without side information and
three with side information), the range of the es-
timated slope (min, max) and the range of the
coefficient of determination R2 on the training
points when we re-estimate the regression while
leaving out one point at a time. For all mod-
els, the slope for Ĥsup

0.01 and the width is always
negative, confirming that the observed relationship
does not depend on a single outlier. In contrast,
for Swallow-8B-Instruct, Ĥ inf

0.01 exhibits an unsta-
ble slope sign when the temperature τ is fixed
at 0.6, and while the slope becomes consistent
when combining all temperatures, the resulting R2

is close to zero. Therefore, for instruction-tuned
models, the typical-side statistic Ĥ inf

0.01 is not a ro-
bust explanatory signal for performance.
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Table 4: Correlations between IS statistics and perfor-
mance metrics (QA (N = 30): accuracy; generation
(N = 10): Distinct-2). Each data point corresponds to
a combination of temperature setting (five levels) and
task condition (QA: 3× with/without side information;
generation: two tasks).

Target Statistic Pearson Spearman
r p ρ p

Swallow-8B

QA
(Accuracy)

Ĥw
0.01 -0.442 1.45e-02 -0.485 6.57e-03

Ĥsup
0.01 -0.491 5.92e-03 -0.519 3.33e-03

Ĥ inf
0.01 -0.751 1.78e-06 -0.863 8.33e-10

Generation
(Distinct-2)

Ĥw
0.01 0.405 2.46e-01 0.455 1.87e-01

Ĥsup
0.01 0.563 8.99e-02 0.673 3.30e-02

Ĥ inf
0.01 0.835 2.65e-03 0.915 2.04e-04

Swallow-8B-Instruct

QA
(Accuracy)

Ĥw
0.01 -0.823 2.34e-08 -0.892 3.73e-11

Ĥsup
0.01 -0.806 7.64e-08 -0.874 2.94e-10

Ĥ inf
0.01 0.227 2.28e-01 -0.105 5.80e-01

Generation
(Distinct-2)

Ĥw
0.01 0.058 8.72e-01 0.164 6.51e-01

Ĥsup
0.01 0.248 4.89e-01 0.248 4.89e-01

Ĥ inf
0.01 0.635 4.83e-02 0.571 8.44e-02

Qwen3-8B

QA
(Accuracy)

Ĥw
0.01 -0.361 4.98e-02 -0.436 1.60e-02

Ĥsup
0.01 -0.361 4.98e-02 -0.416 2.22e-02

Ĥ inf
0.01 -0.244 1.94e-01 -0.429 1.80e-02

Generation
(Distinct-2)

Ĥw
0.01 0.739 1.47e-02 0.830 2.94e-03

Ĥsup
0.01 0.845 2.07e-03 0.867 1.17e-03

Ĥ inf
0.01 0.950 2.56e-05 0.879 8.14e-04

Table 6 shows the corresponding results ag-
gregated over all temperatures. In particular, for
Swallow-8B-Instruct, both the width and Ĥsup

0.01

maintain R2 ≈ 0.65 even at all temperatures, con-
firming a strong association with the performance
metric.

F Effects of Temperature

Summary: Increasing the temperature activates
the tail, enlarges the IS width, and provides a uni-
fied explanation of QA performance degradation
and increased diversity in generation.

F.1 Temperature and the Information
Spectrum (Model Differences)

In the following, we present IS at temperature τ =
1.0 for each model. The spectrum of Swallow-
8B is shown in Fig. 18(a)(b). Compared with the
low-temperature case in Fig. 2, temperature affects
not only the mean coding rate but also the distri-
butional shape, in particular the IS width and the
thickness of the tail. Under low temperature, cor-
rect sequences concentrate around the typical set,
while incorrect sequences are more likely to ap-

Table 5: Robustness of the relationship between
spectrum statistics and accuracy under leave-one-out
(LOO) regression (ranges of slope and R2) (tempera-
ture fixed at 0.6, N = 6).

Model Statistic Slope range R2 range

Swallow-8B
Ĥw

0.01 [-0.722, -0.411] [0.395, 0.699]
Ĥsup

0.01 [-0.677, -0.424] [0.507, 0.756]
Ĥ inf

0.01 [-4.899, -3.417] [0.707, 0.884]

Swallow-8B
Instruct

Ĥw
0.01 [-0.759, -0.701] [0.971, 0.989]

Ĥsup
0.01 [-0.797, -0.718] [0.965, 0.996]

Ĥ inf
0.01 [-8.729, 2.477] [0.026, 0.693]

Qwen3-8B
Ĥw

0.01 [-5.106, -3.682] [0.693, 0.865]
Ĥsup

0.01 [-4.273, -3.109] [0.696, 0.925]
Ĥ inf

0.01 [-17.316, -10.561] [0.343, 0.791]

Table 6: Robustness of the relationship between spec-
trum statistics and accuracy under LOO regression
(ranges of slope and R2) (all temperatures, N = 30).

Model Statistic Slope range R2 range

Swallow-8B
Ĥw

0.01 [-0.151, -0.110] [0.142, 0.260]
Ĥsup

0.01 [-0.153, -0.119] [0.185, 0.305]
Ĥ inf

0.01 [-2.891, -1.988] [0.526, 0.676]

Swallow-8B
Instruct

Ĥw
0.01 [-0.422, -0.373] [0.654, 0.718]

Ĥsup
0.01 [-0.420, -0.368] [0.624, 0.689]

Ĥ inf
0.01 [0.618, 1.114] [0.014, 0.070]

Qwen3-8B
Ĥw

0.01 [-0.551, -0.392] [0.081, 0.178]
Ĥsup

0.01 [-0.509, -0.359] [0.081, 0.177]
Ĥ inf

0.01 [-4.418, -1.843] [0.037, 0.159]

pear in the high-surprisal tail. As a result, the
separation between cor/inc by Ĥsup

θ is relatively
clear. In contrast, under high temperature, the
tail is activated for both correct and incorrect se-
quences, and the increased overlap of the distribu-
tions weakens the spectral separation between cor
and inc. This trend is especially pronounced in the
free-form setting. Although side information such
as multiple-choice options partially suppresses tail
expansion, it cannot fully counteract the increase
of atypical sequences induced by high tempera-
ture. These observations suggest that the degra-
dation of QA performance cannot be explained
solely by changes in average uncertainty but may
instead be driven by the activation of atypical se-
quences (the tail).

The spectrum of Swallow-8B-Instruct is shown
in Fig. 18(c)(d). Instruction tuning does not elimi-
nate tail activation itself as temperature increases,
but it substantially reshapes the baseline spec-
trum at low temperature. At low temperature,
the instruction-tuned model exhibits a smaller IS
width, with both correct and incorrect sequences
strongly concentrated near the typical set, leaving
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only limited tail mass. Consequently, the regime
in which errors are dominated only by extreme
surprisal events (tail) becomes weaker, and sim-
ple sequence-level diagnostics based on tail statis-
tics (e.g., Ĥsup

θ ) may be less discriminative than
for the base model. At high temperature, how-
ever, tail activation re-emerges even after instruc-
tion tuning, and the overlap between cor/inc again
increases, although the degree of expansion tends
to be smaller than in the base model. Overall,
these results suggest that instruction tuning sup-
presses the tail under typical decoding conditions,
while temperature continues to control the activa-
tion of atypical sequences.

The spectrum of Qwen3-8B is shown in
Fig. 18(e)(f). For Qwen3, the IS width also in-
creases with temperature, but the overlap between
cor/inc distributions is relatively large, and incor-
rect sequences may still receive a comparatively
high likelihood. As a result, tail-based separation
is often less pronounced than in the Swallow fam-
ily.

F.2 Tasks, Temperature, and Spectrum
Statistics

Figure 19 shows, for multiple tasks, the relation-
ship between temperature τ and spectrum statis-
tics (width Ĥw

θ and lower quantile Ĥ inf
θ ) for

each model. See also the Swallow-8B results in
Fig. 3. For Swallow-8B-Instruct, as in Swallow-
8B (base), Ĥw

θ increases with temperature, but
in the low-temperature regime the width is sup-
pressed compared to the base model. That is, in-
struction tuning strengthens concentration around
the typical set, particularly under low temperature,
thus suppressing tail generation. However, at high
temperature, Hw

ϵ increases sharply again even for
the instruction-tuned model, and the basic prop-
erty that higher temperature induces more atyp-
ical sequences remains. Hence, instruction tun-
ing does not “remove” temperature dependence;
rather, it compresses the spectrum under low tem-
perature and reorganizes the distributional shape
toward greater stability. Moreover, Ĥ inf

θ shows a
relatively small variation depending on the task,
indicating that the dominant effect of temperature
is expressed again in the width (i.e., tail activa-
tion).

For Qwen3-8B, we also observed an increase
in Hw

ϵ with temperature, but the behavior exhibits
distinct characteristics compared to the Swallow
family. In particular, in QA tasks the width is al-

(a) Free-form (b) Multiple-choice

(c) Free-form (d) Multiple-choice

(e) Free-form (f) Multiple-choice

Figure 18: IS for the Commonsense QA task at τ =
1.0 (Swallow-8B (a)(b) / Swallow-8B-Instruct (c)(d) /
Qwen3-8B (e)(f)).

ready relatively large at low temperature, and the
slope of increase with temperature is steep. This
suggests that Qwen3-8B is highly sensitive to de-
coding temperature and that raising the temper-
ature rapidly increases deviations from the typ-
ical set. In addition, the variation of Ĥ inf

θ is
greater than for the Swallow family, implying
that even the typical-set side (low surprisal re-
gion) may fluctuate substantially with tempera-
ture. This aligns with the observation that cor-
rect/incorrect distributions tend to overlap (i.e., in-
correct sequences can still receive relatively high
likelihood), so tail separation does not necessarily
become clear.

Figure 20 shows the relationship between tem-
perature and Ĥsup

θ . As the temperature increases,
Ĥsup

θ grows monotonically for all tasks, reflecting
the behavior of the width. This suggests that the
increase in IS width is primarily driven by activa-
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(a) Width Ĥw
θ (b) Ĥ inf

θ

(c) Width Ĥw
θ (d) Ĥ inf

θ

Figure 19: Relationships between temperature and IS
width/lower bound across multiple tasks (Swallow-8B-
Instruct (a)(b) / Qwen3-8B (c)(d)).

tion of the high-surprisal tail11, i.e., an increase of
Ĥsup

θ .
These results show that temperature acts more

strongly on the IS width (tail activation) than on
the mean coding rate, and it becomes a major
factor corresponding to QA performance degrada-
tion. Instruction tuning compresses and stabilizes
the spectrum under low-temperature conditions,
but tail activation remains dominant at high tem-
perature and cannot be fully suppressed. Qwen3-
8B exhibits high temperature sensitivity even on
the typical-set side, and its distributional changes
differ from those of the Swallow family.

Temperature and Accuracy Figure 21 (left
axis) shows the relationship between temperature
and QA accuracy. From this, the extent of per-
formance degradation with respect to tempera-
ture differs between models. For Swallow-8B,
the accuracy drop with increasing temperature is
pronounced, and in particular under the no-side-
information setting, performance decreases mono-
tonically. In contrast, Swallow-8B-Instruct main-
tains a high accuracy across the entire tempera-
ture range, and degradation with increasing tem-

11Ĥsup
θ exhibits stronger temperature dependence than

Ĥ inf
θ , implying that the temperature dependence of the width

is dominated by the tail-side statistic.

Figure 20: Relationship between temperature and Ĥsup
θ

across multiple tasks (Swallow-8B).

perature is relatively mild. This suggests that in-
struction tuning makes the output distribution con-
centrate more strongly on the typical set, render-
ing it less sensitive to temperature-induced diffu-
sion of the probability distribution (tail activation).
For Qwen3-8B, a decrease in accuracy is also ob-
served with increasing temperature, but the trend
is weaker depending on the task and its tempera-
ture sensitivity can be lower than that of the Swal-
low family.

Trade-off Between Width and Diversity in Gen-
eration Tasks Figure 21 (right axis) shows the
relationship between temperature and Distinct-2
(the number of distinct 2-grams in generated se-
quences divided by the total number of 2-grams),
which is used as a diversity measure in genera-
tion tasks(Li et al., 2016). As temperature in-
creases, the IS width grows and Distinct-2 tends
to increase. That is, under low-temperature decod-
ing, the output distribution concentrates strongly
on the typical set, reducing expressive diversity
and making stereotyped text more likely to be gen-
erated. This occurs because temperature increases
the probability of sequence generation outside the
typical set, thereby expanding variability in lexical
choice and expression. Therefore, in generation
tasks, an increase in width yields a positive effect
in the form of greater diversity, whereas in QA
tasks, the same increase in width manifests itself
as a rise in incorrect answers. Overall, the IS width
provides a unified diagnostic quantity that ex-
plains temperature-induced performance changes,
and it offers a clue for task-dependent optimiza-
tion strategies such as “low temperature + sup-
pressed width for QA” and “moderately high tem-
perature + sufficient width for generation.”

Interpretation: Linking Width to Performance
Increasing the temperature τ affects the IS width

12250



(a) Swallow-8B

(b) Swallow-8B-Instruct

(c) Qwen3-8B

Figure 21: Relationship between temperature τ and
QA accuracy (left axis), and between τ and Distinct-
2 in generation tasks (right axis). As temperature in-
creases, accuracy tends to decrease, side information
lifts performance, and diversity (Distinct-2) increases.

Ĥw
θ (tail activation) more strongly than the mean

coding rate, thus increasing the variability of the
cross-sequence. In QA, an increase in the tail
not only makes incorrect sequences more likely
to appear, but also causes correct sequences to be
dragged into the tail, increasing the overlap be-
tween correct and incorrect distributions and thus
reducing accuracy. In contrast, in generation tasks,
tail growth increases expressive fluctuation, which
appears as higher diversity measured by Distinct-
2. Hence, temperature does not simply “change
the mean coding rate”; rather, it influences perfor-
mance by controlling the IS width—the proportion
of atypical sequences—and this structural change
is reflected in different task metrics (accuracy vs.
diversity) for QA and generation. Therefore, Ĥw

θ

serves as a task-agnostic diagnostic quantity that
captures temperature-induced structural changes
in the output distribution.

G Auxiliary Evaluation

Summary: Z is useful as a simple diagnostic sig-
nal for correctness based only on sequence likeli-
hood, while ∆Z is a specialized metric for detect-
ing intervention effects (error correction vs. mis-
guidance).

G.1 Area under the curve (AUC) Tables
(Correct vs. Incorrect Classification)

Although the main focus of this paper is the anal-
ysis of the IS-based distributional structure, we
also evaluate the sequence-level diagnostic perfor-
mance of self-information Z and the quantity of
the IG-spectrum ∆Z using AUC. Table 7 com-
pares the AUC of the coding-rate difference ∆Z
derived from the IG spectrum with those of ex-
isting uncertainty metrics12 for distinguishing cor-
rect vs. incorrect outputs13.

Table 7 reports the same evaluation for Qwen3-
8B. For Qwen3-8B, the overall correctness dis-
crimination performance is lower than Swallow-
8B, and some settings are close to the chance level
(0.5). In some conditions, accuracy is extremely
high (> 95%), so the number of error samples
is small and the AUC estimate can become unsta-
ble14. In addition, the model may assign relatively
high likelihood even to incorrect sequences, which
is consistent with the IS observation that the cor-
rect/incorrect spectral separation is weak.

These results confirm that Z and ∆Z achieve
discrimination performance comparable to or bet-
ter than existing metrics in many QA settings and
can serve as effective sequence-level diagnostic
signals. However, ∆Z measures “how much the
intervention of side information improved the like-
lihood of the given sequence,” and is not a met-
ric designed to directly classify the static attribute
of correctness. For example, even for correct
sequences (cor→cor), side information may not
change the likelihood, and conversely, even for in-

12Since entropy- and margin-based quantities form distri-
butions within a sequence, multiple summary statistics were
computed, such as mean/max/var for entropy and mean/min
for margin.

13Note that entropy, margin, and top-K (with K = 5)
mass require the vocabulary distribution (logits) at each token
step, whereas Z and ∆Z in this paper can be computed solely
from token-level negative log-likelihoods (teacher-forced log
probabilities) on the generated sequence. That is, our metrics
remain applicable even when only sequence scores are avail-
able, and thus their prerequisites differ from logits-dependent
metrics.

14For space reasons, we report point estimates only, but
confidence intervals can be estimated via bootstrap.
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Table 7: Area under the curve (AUC) for correctness
classification across QA settings (three models).

C K H
- choice - RAG - KG
Swallow-8B

Z 0.617 0.843 0.690 0.596 0.669 0.643
∆Z - 0.892 - 0.524 - 0.611

entropy
(mean) 0.619 0.867 0.698 0.594 0.685 0.622
(max) 0.600 0.752 0.741 0.511 0.652 0.532
(var) 0.608 0.883 0.762 0.567 0.711 0.592

margin (mean) 0.581 0.763 0.584 0.582 0.600 0.560
(min) 0.510 0.700 0.569 0.528 0.527 0.548

top-1 prob (mean) 0.605 0.812 0.645 0.595 0.649 0.638
top-K mass (mean) 0.623 0.896 0.750 0.586 0.710 0.605

Swallow-8B-Instruct
Z 0.566 0.778 0.716 0.588 0.718 0.479
∆Z - 0.679 - 0.461 - 0.622

entropy
(mean) 0.538 0.760 0.725 0.580 0.738 0.481
(max) 0.658 0.733 0.781 0.546 0.682 0.470
(var) 0.582 0.798 0.783 0.567 0.725 0.470

margin (mean) 0.536 0.696 0.605 0.579 0.694 0.493
(min) 0.616 0.525 0.626 0.533 0.575 0.496

top-1 prob (mean) 0.547 0.745 0.686 0.586 0.722 0.485
top-K mass (mean) 0.541 0.782 0.777 0.558 0.731 0.447

Qwen3-8B
Z 0.536 0.715 0.557 0.468 0.584 0.501
∆Z - 0.653 - 0.485 - 0.552

entropy
(mean) 0.546 0.706 0.571 0.475 0.610 0.518
(max) 0.558 0.406 0.560 0.449 0.570 0.464
(var) 0.558 0.553 0.590 0.446 0.589 0.499

margin (mean) 0.528 0.719 0.548 0.524 0.622 0.562
(min) 0.508 0.523 0.508 0.483 0.527 0.483

top-1 prob (mean) 0.537 0.720 0.555 0.480 0.599 0.517
top-K mass (mean) 0.555 0.633 0.593 0.453 0.606 0.507

correct sequences (inc→inc), likelihood improve-
ment (∆Z < 0) can occur. Thus, ∆Z is not neces-
sarily optimal for the overall correct-vs. incorrect
classification. In the next section G.2, we show
that it is better suited for identifying sequences in
which the intervention contributed to “error cor-
rection” or “confirmation.” This is also consistent
with the IS observation that correct/incorrect spec-
tral separation can be weak.

G.2 Conditional AUC (Analysis by
Correctness Transitions)

In this section, we categorize correctness tran-
sitions induced by adding side information into
four types: confirm (cor→cor), break (cor→inc),
fix (inc→cor), and none (inc→inc), and evalu-
ate whether ∆Z can distinguish “error correc-
tion” (fix) and “misguidance” (break). Table 8
reports the conditional AUC results for Swallow-
8B. As discussed above, ∆Z is not necessarily op-
timal for the discrimination of correctness (cor-
rect vs. incorrect), but it is useful for analyz-
ing the effects of the intervention. Specifically,

Table 8: Conditional AUC for predicting correctness
transitions (three models).

confirm/break fix/none
C K H C K H
Swallow-8B

Z 0.835 0.583 0.639 0.847 0.605 0.644
∆Z 0.846 0.409 0.438 0.915 0.512 0.798

entropy
(mean) 0.860 0.593 0.637 0.871 0.600 0.602
(max) 0.768 0.509 0.580 0.745 0.505 0.472
(var) 0.876 0.578 0.660 0.886 0.568 0.526

margin (mean) 0.743 0.552 0.539 0.773 0.593 0.557
(min) 0.682 0.504 0.514 0.710 0.530 0.561

top-1 prob (mean) 0.803 0.586 0.639 0.818 0.602 0.639
top-K mass (mean) 0.887 0.594 0.653 0.901 0.588 0.558

Swallow-8B-Instruct
Z 0.774 0.685 0.518 0.777 0.581 0.421
∆Z 0.723 0.436 0.493 0.678 0.489 0.787

entropy
(mean) 0.613 0.646 0.520 0.796 0.578 0.417
(max) 0.887 0.557 0.438 0.675 0.547 0.467
(var) 0.759 0.612 0.485 0.801 0.565 0.429

margin (mean) 0.467 0.609 0.486 0.754 0.581 0.459
(min) 0.546 0.545 0.497 0.511 0.532 0.483

top-1 prob (mean) 0.595 0.675 0.531 0.780 0.582 0.417
top-K mass (mean) 0.719 0.587 0.466 0.797 0.558 0.402

Qwen3-8B
Z 0.792 0.429 0.442 0.689 0.470 0.503
∆Z 0.580 0.734 0.538 0.676 0.490 0.620

entropy
(mean) 0.678 0.404 0.457 0.697 0.479 0.518
(max) 0.402 0.445 0.400 0.402 0.443 0.490
(var) 0.601 0.391 0.428 0.530 0.448 0.513

margin (mean) 0.612 0.557 0.523 0.725 0.525 0.549
(min) 0.603 0.575 0.455 0.509 0.479 0.483

top-1 prob (mean) 0.697 0.411 0.471 0.709 0.484 0.512
top-K mass (mean) 0.661 0.384 0.435 0.613 0.456 0.516

under the conditional evaluation restricted to se-
quences that are incorrect without side informa-
tion (cond_incorrect), ∆Z can accurately distin-
guish whether the sequence transitions to correct
under RAG (wrong→correct vs. wrong→wrong)
(Figure 12(b)), and it achieves the highest AUC
particularly in the Hop QA setting. However, in
conditional evaluation restricted to sequences that
are correct without side information, the discrim-
inative performance of ∆Z decreases, suggesting
that ∆Z is better suited for identifying error cor-
rections than for judging correctness maintenance.

In K-QA, the conditional ECDF of ∆Z shows
that, among sequences that are initially incorrect,
the distributions for those that become correct with
RAG (inc→cor) and those that remain incorrect
(inc→inc) largely overlap (Figure 12(a)), indicat-
ing that ∆Z cannot selectively capture error cor-
rection in this task. Similar results for other mod-
els are shown in the same table.

G.3 Interpretation

The AUC results suggest the following:
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1. Z achieves discrimination performance com-
parable to existing uncertainty metrics in
many settings and is useful as a simple diag-
nostic signal obtainable solely from the like-
lihood of the sequence.

2. ∆Z is not necessarily suitable for the general
classification of correctness, but it captures
sequences whose likelihood is actually im-
proved by side information and is particularly
effective in identifying fix (wrong→correct)
transitions.

3. Therefore, ∆Z should not be interpreted as
a “correctness classifier,” but as a metric for
intervention-effect analysis (e.g., diagnosing
side-information design or RAG/KG behav-
ior).
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