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Abstract

Reinforcement Learning with Human Feedback
(RLHF) is an increasingly popular post-training
procedure for Large Language Models (LLMs)
to better align outputs with human preferences.
Therefore, one might expect some sense of
human-like audience design to be induced into
LLMs. However, RLHF and other post-training
alignment methods have many complex effects
on the outputs of LLMs that can be difficult to
study quantitatively. We apply an information-
theoretic lens to investigate the changes in the
"naturalness" of language and the presence of
audience design in LLMs before and after post-
training. The Uniform Information Density
(UID) Hypothesis posits that humans optimize
language production and comprehension across
a noisy channel by transferring information at
a more uniform rate. Accordingly, we analyze
and compare how information is distributed
within model-generated and human-generated
text belonging to various domains to investi-
gate the presence and form of audience design
in LLMs. We find that pretrained and post-
trained LLMs both show superhuman unifor-
mity across various text domains, while RLHF
encourages slightly more human-like, i.e., less
uniform, outputs. However, other post-training
approaches have a similar effect, suggesting
that information uniformity is not a significant
driver of human preferences.

1 Introduction

A large amount of online text consumed in our
daily lives has been either entirely generated by or
written with the assistance of LLMs. Since early
2023, there has been a marked increase in LLM-
generated text in active web pages (Spennemann,
2025), scientific writing (Liang et al., 2024), and
Wikipedia articles (Brooks et al., 2024). More-
over, humans often fail to distinguish short LLM-
generated dialogues from human ones (Jones and
Bergen, 2025). Yet LLM outputs still linguistically

differ in many ways (Guo et al., 2024; Giulianelli
et al., 2023; Muiioz-Ortiz et al., 2024), suggest-
ing a divergence from human language generation.
This contradiction raises the question of whether
LLMs optimize over the same considerations made
by human speakers when producing text.

In human language, the Uniform Information
Density (UID) hypothesis holds that human pro-
ducers of language strive to maintain an even distri-
bution of information across an utterance, in order
to facilitate speaker production and listener compre-
hension across a noisy channel (Jaeger and Levy,
2006). While LLMs lack explicit audience design
mechanisms, they learn about the distributional
properties of human text through pretraining on
next-token prediction, and about abstract human
preferences through more modern methods such
as RLHF (Kaufmann et al., 2023). Whether these
methods lead models to implicitly regulate informa-
tion rate in ways that are more or less human-like,
or more or less uniform, is still unknown. Addi-
tionally, while pretrained LMs are optimized to
minimize the surprisal of the training corpus, the
information properties of their generated texts can
still differ significantly.

Previous studies have demonstrated that texts
generated by pretrained LLMs are significantly
more uniform than comparable human corpora.
This difference is so great that UID-based fea-
tures can reliably distinguish between machine-
generated and human texts (Venkatraman et al.,
2024). These surprising prior results raise ques-
tions about the nature of human preferences regard-
ing information rate during language comprehen-
sion, and about how downstream alignment tech-
niques may affect this behavior in LLMs. Rein-
forcement learning from human feedback (RLHF)
trains LLMSs not to maximize similarity to the train-
ing distribution, but to maximize a reinforcement
learning reward based on human preference data
(Kaufmann et al., 2023). Thus, how might shifting
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the goal of an LLM from reproduction of a text to
optimizing for human preferences change how it
approaches distributing information?

1.1 Hypotheses

Given that pretrained LLMs are already superhu-
man in their uniformity, four reasonable (not nec-
essarily mutually exclusive) hypotheses emerge:

1. Human-like uniformity is preferable to hu-
mans, thus RLHF would reduce the unifor-
mity of a pretrained model.

2. Lower uniformity is preferable to humans as
overly uniform texts are uninteresting (Tsi-
pidi et al., 2024), thus RLHF would reduce
uniformity.

3. Higher uniformity is preferable to humans as
more uniform texts are easier to comprehend,
thus RLHF would further increase uniformity.

4. Human preferences don’t take uniformity into
account, or uniformity is outranked by other
preferences/considerations, thus RLHF would
not change uniformity.

Hypotheses 1 and 2 are particularly interesting,
as they are counterintuitive to a naive interpretation
of the UID hypothesis. Due to the superhuman
uniformity observed in pretrained LLMs, RLHF
would seem to have to reduce uniformity rather
than increase it to satisfy human preferences.

In this study, we ask whether and how alignment
techniques, which are optimized for listener prefer-
ence, alter the information rate of LLM generations,
relative to both pretrained models and human texts.
We find that RLHF slightly decreases information
uniformity, but supervised fine-tuning on specific
text domains (including instruction tuning) have
a similar effect. On the other hand, RLHF alone
reduces the variance of uniformity across different
model generations, leading to greater consistency
of information flow across texts.

We make the following contributions:

1. A corpus of roughly 12,000 generated texts
annotated with token-level surprisal values.!

2. A thorough analysis of different training strate-
gies, including RLHF, instruction tuning, and
domain adaptation, and their effects on the
information rate of model generations.

"https://huggingface.co/datasets/NolanChai/rlhf-uid-
generations

2 Background

The Uniform Information Density (UID) hypothe-
sis holds that humans optimize their production of
language to transfer information uniformly across
a noisy channel (Fenk and Fenk, 1980; Jaeger and
Levy, 2006). It should be noted that this is not
an uncontroversial theory of language, and many
studies have refuted or refined this theory (Tsipidi
et al., 2024, 2025). However, UID has been shown
to affect choices in language production across
many domains of language, including phonology
(Aylett and Turk, 2004), syntax (Jaeger, 2010), and
discourse (Genzel and Charniak, 2002). Cross-
linguistic studies have also suggested grammatical
rules are optimized for UID, reinforcing its impor-
tance as a foundational property of human language
and cognition (Clark et al., 2023). Additionally,
UID measures have been implemented as regular-
izers for training, resulting in LLMs producing text
with higher entropy, greater lexical diversity, and
a qualitative increase in "naturalness", suggesting
that consideration of information flow is important
for human-like text production (Wei et al., 2021).

As noted in section 1, prior work examining
the UID of LLM outputs reveals significant dif-
ferences between BASE (pretrained) LLMs and
human-generated texts (Venkatraman et al., 2024).
However, models built with RLHF that train more
directly on human preferences have not been stud-
ied. This study attempts to cover this research gap
whilst also investigating whether and how UID the-
ory applies to human preferences, as modeled by
RLHF models.

2.1 RLHF

Reinforcement Learning from Human Feedback
(RLHF) is a strategy for reinforcement learning that
incorporates abstract human preferences through a
reward model trained on human feedback of LLM
outputs (Kaufmann et al., 2023). This method has
been especially successful for improving LLM per-
formance on in-context learning and instruction
following, resulting in the development of more
effective chatbots that are optimized for conversa-
tion rather than generation of language (OpenAl,
2022; OpenAl et al., 2024). While RLHF seems to
improve safety and performance, this method can
lead to an "alignment tax", wherein the diversity
and natural variability of outputs is reduced (Askell
et al., 2021; Kirk et al., 2024; Go et al., 2023; Lin
et al., 2024). However, this is difficult to measure
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objectively.

Various studies have made efforts to measure
the improvements in the generations of the lan-
guage model. Ouyang et al. (2022) introduced
InstructGPT, OpenAlT’s first model fine-tuned with
RLHF, trained using direct feedback from human
annotators on LLM outputs, including qualitative
judgements of instructions, toxicity, and bias, and
quantitative improvements on benchmark datasets
measuring truthfulness and toxicity. Other past
methods evaluate effects of RLHF on the reward
models’ performance (Kaufmann et al., 2023) or
on the LLM’s generalizability and output diver-
sity (Kirk et al., 2024). However, these metrics
do not directly measure the human-likeness of the
LLM outputs or explicitly compare the outputs to
human text. Instead, such comparisons remain im-
plicit, assuming that human annotators prefer more
"human-like" productions.

Under the UID hypothesis, humans may engage
in audience design by optimizing for a more uni-
form information rate in consideration of process-
ing constraints on the comprehender (Jaeger, 2010).
Due to human production constraints, an LLM
would also be better positioned than a human pro-
ducer to optimize its information rate for a com-
prehender. This may explain the overcorrection
found in pretrained LLMs by Venkatraman et al.
(2024). Similarly, in accordance with hypothesis
3, RLHF may diverge the model from human-like
information rates, making outputs less similar to
natural language from a UID perspective.

3 Dataset Generation

To investigate information density patterns across
human and LL.M-generated text, we create paral-
lel corpora of comparable texts produced by both.
Rather than asking models to imitate human writ-
ing explicitly, we follow a minimal-intervention
approach similar to previous "Turing Test" bench-
marks (Liu et al., 2023; Uchendu et al., 2021). For
each domain, we collect human-generated texts and
then prompt LLMs to generate starting from the
same initial context (typically the first sentence/few
sentences). We perform a minimal amount of
prompt engineering to get LLM generations that are
comparable to the corresponding human-written
text, seeking to reduce generation artifacts while
allowing us to generate from near-identical starting
points without explicitly biasing models towards

human-like information flow patterns.’

3.1 Datasets and Prompting

To rigorously test the information density of model
generations across multiple text domains, we
source human-generated text from four different
datasets. All datasets are in English, or we subsam-
ple the English texts only.> We discuss prompting
strategies and their possible effects on analysis in
more detail in section 6.

CNN/DailyMail. To explore UID in model com-
pletions in the domain of professional writing, we
use the CNN/DailyMail dataset introduced by (Nal-
lapati et al., 2016), which consists of news articles
written by journalists from CNN and the Daily-
Mail. Articles from CNN were written between
April 2007 and April 2015, while those from the
DailyMail were written between June 2010 and
April 2015. We choose this dataset because the
articles all predate the release of ChatGPT and the
widespread use of LLMs in writing news articles,
limiting data contamination.* For prompting, the
source and first sentence of each article was given
to each model as past context, with no explicit
prompt or instruction template. The model was
then allowed to fill in the rest of the article.

WritingPrompts. To extend our analysis to the
creative writing domain, we use the Writing-
Prompts dataset (Fan et al., 2018), a corpus contain-
ing pairs of prompts and stories written by Reddit
users in the subreddit r/WritingPrompts. Each story
is loosely inspired by its associated prompt. For
our purposes, we ignore the prompts, and feed the
first sentence of each story to the model in a sim-
ilar fashion to the CNN/DailyMail dataset. Since
a writing prompt could spawn multiple different
stories, this completion prompting method encour-
ages more similarity between the model-generated
story and the human-generated story.

DailyDialog. We use the DailyDialog dataset (Li
et al., 2017) to test the uniformity of model gener-

2One notable exception was the Llama 2 7b 32k In-
struct model. Examples and explanations are included in
Appendix A.

3While the datasets we use were originally intended for
tasks such as text summarization, sentiment analysis, etc, we
use them here as comparable, human-generated text.

*It is possible, and even highly likely, that this data was
used in the training of the models used in these experiments.
However, it is more important in our case to avoid the inclu-
sion of LLM-generated or LLM-assisted text in our human-
generated data to avoid misconceptions about natural human
uniformity.
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ations in dialog completions, consisting of multi-
turn, human-to-human dialog designed to reflect ev-
eryday communication, and manually transcribed
to limit noise. Each dialogue d consists of a se-
quence of turns d = {t1, ta, ..., t,, } where n repre-
sents the total number of turns in dialogue d.

For each dialogue d, we use a sliding context
window approach, where our minimum context
length is k,,;, = 5 to ensure sufficient dialogue
history. For ¢ > kj,;, turns, we created multiple
prompts by having incremental sliding windows.
For each prompt, we extracted the dialogue up to
turn ¢, where ¢ is an increasing odd number from
kmin to the total number of turns in our dialogue.
Our set P of prompts P = {p1,...,p2} € P can
be represented as:

({t1, o ts ), (b e tr} {t1, oo to ), oopn )

The model is given each dialogue stub, and allowed
to complete the rest of the dialogue (with no ex-
plicit prompting). Finally, all the generations from
all stubs of a dialogue are combined to represent
the model-generated dialogue.

WildChat. Finally, to test the UID of model
outputs in a human-chatbot dialog environment,
we used the WildChat dataset (Zhao et al., 2024),
which consists of full conversations between users
and ChatGPT. While multiple languages exist in
the dataset, only English language prompts were
used. WildChat differs from the others in that there
is no "human-generated text" to compare to. The
motivation for including this dataset is to compare
the UID of model responses in the above domains
to the UID in response to diverse human prompts
that were meant for LLMs.

3.2 Models

We prepare generations from various language
models, categorized into base, instruction tuned,
domain-adapted to specific domains, and chat
(RLHF) models. For our first experiment, we com-
pare base, instruction-tuned, and RLHF models
from the Llama 2 (Touvron et al., 2023) and Mis-
tral (Jiang et al., 2023; Zheng et al., 2024) families
of models.’

5The specific models from the Mistral family are Mistral
7b v0.1, Mistral 7b Instruct v0.1, and Mistral Plus 7b. The
models from the Llama family are Llama 2, Llama 2 7b, Llama
2 7b 32k Instruct, and Llama 2 7b Chat.

BASE models. As a baseline, we generate com-
pletions with the base versions of each model fam-
ily, trained on next-token generation alone. In our
first experiment, these models are used out-of-the-
box, without further fine-tuning.

RLHF models. To analyze the effect of RLHF
on model UID, we used models fine-tuned using
RLHF (see section 2 for more on RLHF). We
choose the RLHF fine-tuned versions of the same
BASE models as above.

INSTRUCTION-TUNED models. INSTRUCTION-
TUNED models are LL.Ms fine-tuned on corpora of
instruction-output pairs. This is done to improve
the LLM’s ability to follow instructions from a user
and to adapt to a variety of tasks in-context. To
preserve comparability, we use instruction-tuned
versions of the same BASE models used above for
Experiment 2.

3.3 UID Calculation

For each text, we first calculate token-level sur-
prisal. Surprisal, sometimes called the Shannon
information (Shannon, 1948), is defined as the neg-
ative log-probability. We measure the surprisal of
each token, conditioned on some previous context
window. We estimate conditional probabilities us-
ing GPT-2 (Radford et al., 2019) with a context
size of 1024 tokens. Commentary on this method
can be found in section 6, UID Calculation.

I(wi) = —logy(P(wilw<i)) (1

With the surprisal values, we then evaluated the
UID of the generated texts using three classes of
metrics, following Meister et al. (2021) and Venka-
traman et al. (2024):

Mean Surprisal Mean surprisal measures the av-
erage information content per token in a document

—

w:

. 1
Nsurprisal(w) = W Z I(wi)‘ (2)

While not itself a measure of UID, it nevertheless
can be analyzed to demonstrate the tendencies of
a generation method in terms of information con-
tent. In this case, || is the size of the document,
meaning the number of tokens in the document,
whereas I(w;) is the surprisal of the i*" token in
the document.
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Local Variance. Local variance, defined by Wei
et al. (2021), measures the average change in sur-
prisal between every pair of tokens w;_; and w; in
a document w, measured by some distance function
A(z1,x2) (see Equation 5):

1
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A document is considered uniform if it has a lower
average pairwise distance, meaning it has consis-
tently small changes in surprisal going from one
token to the next. This metric aligns with optimiz-
ing for locally smooth information contours.

Surprisal Variance. Surprisal variance measures
the mean distance between the surprisal of each to-
ken w; in a document w and the mean surprisal
of that document /1yrprisqi (W), according to a dis-
tance function A(z1, x2):

1 ||
UID;alm’(mce (117) B Z A(I(wl)v M)' 4)

A document is considered uniform if it has low
variance in surprisal, meaning the surprisal values
of all words in the document are close to the mean
surprisal of the document. Surprisal variance fits
optimizing for an overall information rate, rather
than local variance in information.

Distance Function. We use the Squared Differ-
ence function for A, following (Meister et al.,
2021):

A(z1,72) = (21 — 22)%. ®)

4 Experiment 1 - Instruction-tuning and
RLHF

We hypothesize that the process of RLHF con-
fers some sense of audience design to the model
through human preference feedback, thus influenc-
ing the information density of its outputs. In our
first experiment, we test this by comparing the uni-
formity of generations across RLHF and BASE mod-
els.

4.1 Methods

We sample 300 human-generated documents from
each dataset, and extract prompts using the de-
scribed strategies in subsection 3.1. Each prompt
is passed to each model for generation. In total,

300 documents are generated by each model per
dataset, for a total of 1200 documents per model.
Outliers and empty generations are removed from
consideration.® The human sources used to gener-
ate each prompt are saved for all datasets except
for WildChat, totaling 900 human-generated docu-
ments. Then, we calculate mean surprisal, surprisal
variance, and local variance for each document us-
ing the equations from subsection 3.3.

4.2 Results

All model generations have lower mean surprisal
than human texts overall, indicating that models
typically generate more stereotypical texts than hu-
mans; full summary statistics are reported in Ap-
pendix F (Table 6).

Model Class Analysis. Summary statistics for
surprisal variance and local variance are shown in
Table 1, and the distributions of both metrics are
shown in Figure 1. Across both Llama and Mis-
tral families and for both metrics, we make two
observations. First, while RLHF seems to lead to
less uniform information density (as indicated by
higher median and mean values of variance for
RLHF models relative to base models from the
same family), these differences are small and do
not pass tests of significance (p > 0.05, see Ap-
pendix G). Second, RLHF leads to more consistent
levels of uniform information density across doc-
uments. Within each family, the RLHF model had
a lower standard deviation for both metrics than
its corresponding BASE model. The exact distribu-
tional effects vary between the two model families.
For the Llama family, IQR significantly decreased
(p < 0.01) from BASE to RLHF, while for Mistral
model, the effect was not significant. However, the
Mistral family exhibited significant differences in
overall distribution, while the Llama family did not
(see Table 7 and Table 10).

Figure 2 breaks these comparisons down by
dataset, aggregating across model families. Across
all datasets, the human-model relationship is strik-
ing: human texts are substantially less uniform, no
matter the text domain. Additionally, the effect of
RLHF is more clear on some datasets than others,
though the trend is generally consistent. The local
variance of RLHF models in the DailyDialog and
WritingPrompts datasets are clearly higher than
that of the BASE models, indicating less uniform
(and thus more human-like) information contours.

®More on outlier removal can be found in Appendix B.
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Surprisal Variance

Local Variance

Model Median Mean Std Median Mean Std
Human Texts  17.483 18.656 4.793  33.797 35.633  9.027
"LlamaBase  11.930 13.642 6.494 21.711 25.244 13.543
Llama RLHF 12493 13.462 5.141 24301 26907 11.487
" Mistral Base  12.217 13.279 5440 21.917 24.570 12.551
Mistral RLHF ~ 12.544 13.622 5.063 23.822 26.003 10.006

Table 1: Summary statistics across all documents for both surprisal variance and local variance. Higher values mean
less uniformity. In almost all cases, uniformity and std. of uniformity is lower for RLHF models.

Local Variance

I
m ﬁ
20 ﬁ
10
Surprisal Variance

e

Mistral

Model Class
B Base
[ RLHF
Human med.

Llama
Model Family

Human

Figure 1: UID metrics for each model family, aggre-
gated across all datasets and compared to human-UID.

The relative changes in consistency of informa-
tion contours also differs slightly between domains
and metrics, but variance of uniformity is still gen-
erally decreased as a result of RLHF.”

Model Family Analysis. Differences in center
between model families are minimal in both met-
rics, as seen in Figure 1. However, across metrics
and for all model classes, models of the Llama fam-
ily had a slightly higher variance in uniformity than
Mistral.

4.3 Discussion

Based on the consistent decrease in uniformity seen
across both families, the effects of RLHF could pos-
sibly align with hypotheses 1 and 2. RLHF tends
to result in slightly less uniform information rate
compared to the base models. If this is true, several
explanations are possible: First, as per hypothesis
1, UID in model-generated texts is already consis-
tently higher than in human texts, so if humans

"More details on slight differences can be found in Ap-
pendix C.

Local Variance

Model Class
60 B Human
B Base

501 [ RLHF

et

Surprisal Variance

L.

WildChat

CNN/DailyMail
Dataset

DailyDialog WritingPrompts

Figure 2: UID metrics for each dataset and model class,
aggregated across model families.

prefer more human-like texts, then RLHF should
decrease UID. Second, as per hypothesis 2, UID
is in tension with other desirable properties which
human annotators might prioritize, such as brevity,
interest, etc. These hypotheses are not mutually
exclusive, as human-like levels of uniformity may
be the result of jointly optimizing uniformity along-
side these other considerations.

However, while the shifts in uniformity caused
by RLHF are directionally consistent, they are
small, failing tests of significance (p > 0.05). This,
in turn, could possibly point towards hypothesis
4, which is that other factors outweigh uniformity
and RLHF has no significant effect. As the data
is extremely non-normal, though, standard tests of
significance should be interpreted cautiously. Over-
all, the results are so far inconclusive about the
effect of RLHF on the center of uniformity dis-
tributions. We further investigate these results in
section 5.

However, there is a stronger and more consis-
tent effect on the spread of uniformity distributions.
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The RLHF models generate texts with more con-
sistent UID scores than the base models, with a
lower standard deviation in UID metrics. This sug-
gests that RLHF models regulate productions to
stay within the same general neighborhood of in-
formation rates. Interestingly, this mirrors the low
variance seen in human productions, indicating that
RLHF models may implicitly control for the consis-
tency of information rate patterns in a similar way
to humans.

Domain-specific analysis reveals that despite a
general decrease in variance, RLHF models have
more varied information contours than BASE mod-
els in conversational contexts (via the DailyDia-
log dataset), potentially reflecting more naturalistic
turn-taking patterns.

5 Experiment 2: Domain Adaptation and
Audience Design

Experiment 1 indicated that RLHF slightly de-
creases information rate uniformity relative to base
models, while also reducing inter-document vari-
ability. In particular, the remaining question is:
Are these effects caused by preference-based post-
training, or are they also reproduced by a domain
shift induced by supervised fine-tuning (SFT) meth-
ods either on chat domain data resembling the
RLHF training domain or on other text domains?

To disentangle these, we compare RLHF against
supervised domain adaptations of the same base
model. Accordingly, we propose two competing
hypotheses: (i) Domain shift (instruction tuning
or domain adaptation either in general or on chat-
domain texts) impacts information density patterns
in similar ways, and (ii) RLHF induces distinct
changes in information rate that cannot be fully
explained by domain shift.

5.1 Methods

Starting from Llama-2-7B base, we train LoRA
adapters for each domain (WildChat, CNN/Daily-
Mail, DailyDialog, WritingPrompts). We merge
each adapter into the base checkpoint and quantize
to 8-bit GGUF for inference with "llama.cpp" (Full
fine-tuning details in Appendix "Fine Tuning"). For
our instruct models, we use the INSTRUCTION-

TUNED checkpoints from the Llama model fam-
ily®.

Comparisons. We reuse the datasets and sur-
prisal calculation methods from Experiment 1. For

8L lama 2 7b 32k Instruct.

each evaluation dataset, we compare four model
classes: (1) BASE models (no fine-tuning), (2)
INSTRUCTION-TUNED models (general instruc-
tion following), (3) DOMAIN-ADAPTED models
(trained on target domain), (4) CROSS-DOMAIN
FINE-TUNED models (trained on other domains).

5.2 Results

Surp. Var. WC CNN DD WP
Human Texts N/A 16.17 20.80 17.28
" Llama Base  14.92 14.06 10.74 10.38
Llama RLHF  13.58 11.95 13.20 11.66
" Llama Instruct  13.20 1234 11.75 11.19
Llama WC 1423 1449 13.05 13.07
Llama CNN 1507 1242 1438 13.39
Llama DD 13.84 1499 12.84 12.17
Llama WP 1433 13.01 1391 12.01
Local Var. WC CNN DD wpP
Human Texts N/A 31.09 36.76 34.52
" Llama Base  24.54 25.80 18.56 20.18
Llama RLHF  26.57 23.14 2645 23.67
" Llama Instruct  25.19  23.50 21.19 2242
Llama WC 25.61 26.88 23.94 25.48
Llama CNN  26.57 21.98 2593 24.24
Llama DD 24.83 2726 2242 2438
Llama WP 2471 24.87 2505 22.55

Table 2: Median values for local variance and surprisal
variance across fine-tuned models and datasets. Lowest
values are bolded.

Summary statistics for Llama models fine-tuned
and tested on all domains, for both variance met-
rics are shown in Table 2. These results indicate
that the DOMAIN-ADAPTED models and CROSS-
DOMAIN FINE-TUNED models tended to generate
slightly less uniform texts than their BASE coun-
terparts. This matches the effect seen in RLHF
models in Table 1. This effect is not unique to
models finetuned on dialogue domains (WildChat
and DailyDialog), but is in fact relatively consis-
tent across most domains. However, unlike RLHF
models in Experiment 1, there is no evidence for
a reduction in variance due to domain adaptation,
as seen in Figure 3. Humans still tended to be
less uniform than DOMAIN-ADAPTED and CROSS-
DOMAIN FINE-TUNED models both within individ-
ual datasets (Figure 3) and when aggregated across
datasets (Figure 4), which is consistent with our
results from Experiment 1.
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Figure 3: UID metrics for Llama models (including fine-tuned models) across datasets.
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Figure 4: UID metrics for Llama models (including fine-tuned models), aggregated across datasets.

5.3 Discussion

We observe that DOMAIN-ADAPTED models ex-
hibit a similar decrease in uniformity as RLHF
models in Experiment 1. These results reframe our
understanding of the results from Experiment 1,
and could possibly support hypothesis 4, showing
that for RLHF models, uniformity of information
density is outranked by other factors influencing
human preferences. This is because fine-tuning
models on non-preference-related data reproduced
even more significant shifts than Experiment 1 (see
Appendix G), suggesting that the main driver was
not heightened consideration for human preference,
but rather a data domain shift. One possible ex-
planation is that preferences are more sensitive to
other factors than uniformity. Another could be
that other indicators of preference, such as length
or tone, are easier for the model to pick up on dur-
ing training than information uniformity.

Between RLHF and domain adaptation, there
were differences in the effect on variance in uni-
formity. This is especially evident in the surprisal
variance, as shown in Figure 4 - while RLHF has
constrained the variance, other fine-tuning has not.
Our results show that domain adaptation does not
increase consistency across documents in informa-
tion flow when comparing to their base counter-
parts. This could suggest that human preferences
may push for a more consistent rate of information

across different generations. While accounting for
preferences could restrict an RLHF model’s sam-
pling space - e.g. only speaking formally - and
thus lead to less variation in output generally, in
this case, we would expect domain adaptation to
exhibit similar effects.

6 Conclusion

Our study investigated how different fine-tuning
paradigms — particularly, supervised fine-tuning
and Reinforcement Learning with Human Feed-
back (RLHF) — affect the distribution of informa-
tion in language model outputs, inspired by the Uni-
form Information Density (UID) hypothesis. RLHF
did not increase information uniformity. Rather,
it constrained the range of UID patterns a model
produces by reducing variance across generated
texts, while slightly lowering central tendencies
relative to the same from the BASE model. How-
ever, this does not validate hypotheses 1 and 2,
as other fine-tuning approaches yield similar re-
sults without optimizing human preferences. This
may be due to consideration of other factors that
outweigh higher uniformity in human preferences.
Another possible explanation is that other factors
are easier for RLHF models to learn than control of
information contours, leading to little to no change.
However, the lack of an increase in uniformity does
suggest that, to the extent that higher uniformity
is associated with greater processing ease, there

714



is a ceiling for this effect, above which humans
prioritize other factors, and pretrained LLMs have
reached and possibly exceeded this ceiling. The
reduction of variance also shows that RLHF models
implicitly control for the variance in information
patterns, similarly to humans, potentially demon-
strating more precise control of information con-
tours. Our domain adaptation experiments revealed
that the effects of RLHF on the distribution of infor-
mation rate are not replicable by simply fine-tuning
on a dialogue domain or any other domain, thus
training on human preference exhibits some special
effect on the consistency of uniformity.

Overall, we corroborate earlier findings that
modern LLMs exhibit higher information unifor-
mity than human-authored text across domains, and
demonstrate that training on human preferences
seems to have no further effect on the uniformity
of model generations. Additionally, the process
of training on human preferences seems to induce
a finer level of control over information flow, de-
creasing the variance in uniformity across differ-
ent generated texts. However, these distributional
shifts do not come close to human-like uniformity,
suggesting that, although humans tend to author
texts with similar levels of information uniformity,
uniformity may not strongly impact human prefer-
ences as modeled through the process of RLHF.

Limitations

Model Prompting In this paper, we adopt spe-
cific prompting strategies to encourage the model
to produce comparable generations without explic-
itly instructing it to generate human-like texts. We
devise these prompting strategies heuristically, and
we do not conduct a comprehensive comparison of
strategies and their overall effect on information
rate. Minor prompt changes have been shown to
significantly affect LLM performance in different
tasks (He et al., 2024; Ngweta et al., 2025). There-
fore, future work could address this limitation by
measuring the effect of giving each model more
explicit instructions, rather than providing it with
context and allowing it to continue the remaining
documents, as was done for the CNN/DailyMail
and WritingPrompts datasets.

Language limitations As mentioned in subsec-
tion 3.1, we use only English-language datasets in
our analysis. While studies have upheld the UID
hypothesis cross-linguistically (Clark et al., 2023),
the behavior of LLMs in different languages could

differ, especially for low-resource languages.

UID Calculation We calculate UID using GPT-2
surprisal values, following the practice of (Venka-
traman et al., 2024). We chose GPT-2 partly be-
cause it has higher predictive power for human
reading times than larger LMs, as notably shown
in comparative studies across the GPT model fam-
ily at increasing parameter size (Oh and Schuler,
2023), and (Lopes Rego et al., 2024) that GPT-2
consistently outperforms other models and fami-
lies, making it a decent estimate for human cogni-
tive load. Additionally, prior work suggests that
UID metrics computed with LM surprisals corre-
late more strongly with human reading times than
raw frequency-based metrics (Meister et al., 2021).
However, each model has its own predictions for
next-token probability. It is possible that the in-
ternal measure of information rate of each model
differs from the estimation according to GPT-2’s
probability measures. To verify for robustness, as
GPT-2 may overweight frequent tokens relative to
larger models, we replicated our methods using sur-
prisals computed by a more powerful LM, Qwen
(Yang et al., 2025). We found that for RLHF mod-
els, this change makes no qualitative difference in
the results. The direction of change in UID metrics
is still the same, although the absolute magnitude
of the metrics was different. However, direction
of change in variance was different for the Llama
family. We therefore conclude that in the majority
of cases, RLHF seems to make texts slightly less
uniform, and that this result is robust to surprisal
calculation. Robustness of the result of reduced
variance may warrant further analysis. More detail
can be found in Appendix E. However, there are
certainly still limitations in using LMs for estimat-
ing information rate. Biases have been observed
in LMs as models for human cognitive behavior
(Haller et al., 2024). Future work could seek to
establish best practices for estimating information
rate.

Fine-Tuning Due to computational restraints,
we use 8-bit quantizations of the models through
GGUF and llama.cpp, and fine-tuned using
parameter-efficient methods via low rank adapta-
tion (LoRA). LoRA allows us to specialize Llama-
7B cheaply, but its low-rank updates touch on only
a fraction of the network, so deeper discourse pat-
terns and UID are not as affected as if we had
used a broader architecture, longer full-precision or
LoRA runs, and a loss that directly rewarded UID
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for fuller experimentation.
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Appendix
A Llama Instruct Prompting

With the standard prompting strategies, the Llama
2 7b 32k Instruct model produced artifacts such as
special instruct tokens, chat template tokens, etc.
in its generations. In order to clean up generations,
the Llama 2 chat template was applied to every
prompt with an instruction preceding the text snip-
pet. Special strings such as [INST] and [/INST]
were added as stop strings, such that the model
generation was halted upon observation of these
strings. Unless otherwise specified, all models in-
cluding chat and instruct variants were queried in
pure continuation mode; we supplied only the par-
tial document context and terminated generation as
mentioned above, with no special system or user
instruction for terminating generation.

B Outlier Removal

In our dataset generation, we tried to remove as
many unreasonable generations as possible through
a minimal prompt engineering process. However,
there still remained texts that had unreasonable
surprisal values, leading to extremely low or high
uniformity. Qualitative assessment of these outliers
revealed that many were nonsensical generations
or, in the case of many WildChat generations, not
in English. This led to the generation of tokens
that had extreme surprisal values, such as charac-
ters in another language or programming language
syntax. Some prompts also led to empty genera-
tions, from which a uniformity calculation would
be impossible.

To clean our dataset, we removed any documents
that displayed above two times the human maxi-
mum or below one-half the human minimum for ei-
ther of the two uniformity metrics, including empty
generations. This was done with consideration of
our overall motivation of concerns over unnatural-
ness in LLM-generated content. If a human were
trying to generate, say, a news article with an LLM,
such outliers would immediately stand out to them
and be discarded. Removing such outliers reduced
our total number of generations from 12,000 to
11,674. On average, less than 3% of texts were
removed, and the distribution of removed texts
was even across models and datasets. Much of
the analysis was unchanged, but this corrected for
over-estimations of variance in uniformity for the
INSTRUCTION-TUNED models in particular.

Surp. Var. WC CNN DD WP
7 Hlﬁlr{lain:l"gxitsi 7 N/A 206 646 249
Llama Base 892 394 7.11 3.34
7 E,lgrzlzi BILH,F, 7 774 319 425 3.68
Mistral Base 840 3.12 431 3.64
Mistral RLHF 745 3.71 4.16 241
Local Var. WC CNN DD WP
7 HHI{IaP,TEXES, 7 N/A 443 11.66 6.10
Llama Base 1847 7.60 16.13 6.87
7 Ijlgrpzi BL,H,F, 7 16.94 6.68 10.83 7.68
Mistral Base 2066 640 974 7.66
Mistral RLHF 15.01 7.25 8.71 4.62

Table 3: Standard Deviation of surprisal variance and
local variance across models and domains.
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C Variance in Uniformity

Standard deviations across models and domains for
surprisal variance and local variance are shown in
Table 3. In most cases, RLHF reduces the vari-
ance in uniformity, with the exceptions of Writing-
Prompts for the Llama family and CNN/DailyMail
for the Mistral family.

D Fine Tuning

For each target domain (news, human-human &
human-chatbot dialogue, creative writing), we col-
lected n > 2000 documents, cleaned whitespace
and removed instances shorter than 50 characters.
Datasets were shuffled and split 80/10/10 into train,
validation, and test sets.

We fine-tuned the Llama-2-7B base checkpoint,
with the following configuration for parameter-
efficient updates via LoRA (low rank adaptation):

e Target modules: q_proj, k_proj, v_proj,
0_proj, gate_proj, up_proj, down_proj.

* Rank r = 24, o = 48, dropout = 0.05.

The hyperparameter configurations for each fine
tune are listed in Table 4.

Batch Size 8

Grad Accumulation 4

Epochs 5

Optimizer AdamW (fused)
Learning Rate 2 x 107° (cosine decay)
Warm-up 10% of steps

Weight Decay 0.01

FP16 Enabled

Early Stopping Patience=3 eval steps

Table 4: Hyperparameters used for each fine tune.

For tokenization, we used the HuggingFace
Llama-2 tokenizer and default settings. We
performed a heuristic search before a grid search
over smaller parameter ranges to optimize for
hyperparameters on perplexity. For inference, we
merged the LoRA adapters onto the Base GGUF
weights before converting to an 8-bit quantization,
using the same generation parameters as the base
model. Here were our perplexity scores for base
versus our domain fine-tunes:

Dataset + Perplexity Base Fine-tune
Daily Dialog 7.684 3.698
WildChat 4.109 2.931
CNNDailyMail 13.911 5.597
WritingPrompts 11.288 9.829

E Qwen Experiments

In order to verify the robustness of our results to
a different surprisal calculation method, we repli-
cated our methods using surprisals computed by a
more powerful LLM, Qwen2.5 (Yang et al., 2025).
Using the WritingPrompts dataset, we performed
experiment 1 (as described in subsection 4.1) and
experiment 2 (as described in subsection 5.1, focus-
ing on the Instruct fine-tuned models). We calcu-
lated the same metrics with Qwen2.5, comparing
them to our original’s GPT-2 in subsection 3.3. We
then aggregated the data into median and standard
deviation, as shown in Table 5.

While changing the model affected the overall
magnitude of the changes, the results remain the
same. RLHF models are slightly less uniform and
have less variance than BASE models. SFT models
exhibit similar shifts in median uniformity, but have
much higher variance.

Surprisal Variance Local Variance

Model Median Std Median Std
Llama Base 12.64 4.73 20.18 6.87
Llama Instruct 14.58 12.80 2246 12.59
Llama RLHF 15.21 6.57 23.67 7.68
" Mistral Base ~ 12.06 469 1954  7.66
Mistral Instruct 11.75 7.82 20.07 10.75
Mistral RLHF 14.62 4.27 2176  4.62

Table 5: Results from Qwen2.5 on WritingPrompts

F Mean Surprisal

For Experiment 1, we also calculated the mean sur-
prisals of texts generated by each model. This in
itself does not give any information about unifor-
mity and is heavily affected by the length of the
text. However, similar relationships can be seen.
Human texts are more surprising on average than
LLM-generated texts, and the RLHF models have
lower variance in mean surprisal for both model
families.

G Statistical Tests

Using the difference of means of surprisal vari-
ance as our test statistic, we ran paired t-tests (Hy :
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Model Median Mean Std
Human Texts 4.83 493 0.80
"LlamaBase 401 4.02 0.94
Llama Instruct 3.77 3.85 1.08
Llama RLHF 3.79 393 0.88
Mistral Base ~ 4.00  4.07 0.87
Mistral Instruct 3.72 395 1.07
Mistral RLHF 4.05 4.15 0.74

Table 6: Summary statistics of surprisals of documents
across models. Human texts had the highest mean, while
Llama 2 7b 32k Instruct had the highest variance.

HModel A = MModel B> Ha * [iModel A 7£ HMModel B»
a = 0.05) to evaluate some of our previous conclu-

sions. As seen in Table 9, the test revealed that we
fail to reject the null for differences between base
and RLHF models, supporting the conclusion that
RLHF has little to no effect on information rate. In
comparing supervised fine-tuned (SFT) models to
base models, the Llama domain-adapted models
were found to be significantly different from the
base. However, the Llama instruct model was not.

To test for normality, we ran D’Agostino-
Pearson tests (D’Agostino and Pearson, 1973),
which reject normality for all models (all p <
107%). Results are shown in Table 8. While hu-
mans displayed a skew of 2.66 and excess kurtosis
of 12.75, models exhibit very heavy tails (skew
often < 10, excess kurtosis 100 to 560). This sug-
gests that t-test results may be slightly off, as our
distributions were not entirely normal.

To test for the effect of RLHF on shape and
spread of the distributions, we ran Mann-Whitney
U tests (Mann and Whitney, 1947). Results can
be seen in Table 10. These found significant dif-
ferences across all distributions except for between
Llama base vs Instruct, indicating that while center
had not changed, the distributions were still dif-
ferent after most fine-tuning strategies had been
applied. Further analyzing the effect on spread, we
computed IQRs, comparing RLHF to base counter-
parts, and SFT to base. Finding that the RLHF
models had lower IQRs than base models, we
tested the significance of the IQR difference with
permutation tests (Hy : 1QRpese = IQRRLHF,
Ha : IQRbase 75 IQRRLHF7 a = 0.05). As
shown in Table 7, we found that while the Llama
RLHF model had a significant reduction in IQR
(p < 0.01), the Mistral model failed to reject

the null (p > 0.05). Based on the results of the
D’ Agostino-Pearson tests and Mann-Whitney U
tests as well as qualitative examination of the distri-
butions, we believe RLHF caused a larger change
in the tails of the distribution than the center for
Mistral models. A similar effect was observed in
our SFT models, which also failed the IQR test of
significance (p > 0.05).

Overall, we observed a tightening of the distri-
bution implied by RLHF, with tails decreasing, and
a slight broadening of distributions through SFT.

Model AIQR D
Mistral RLHF -0.171 0.523
Llama RLHF** -0.743 0.007
" Llama Instruct  0.185 0.519
Llama WC -0.020 0.957
Llama CNN#** 1.304 0.001
Llama DD 0.368 0.305
Llama WP 0.318 0.363

Table 7: 1QR Differences (fine-tuned - base) and permu-
tation test results. Starred comparisons exhibited a sig-
nificant difference in IQR (x : p < 0.05, *x : p < 0.01).
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Model Skew Kurt. P
Human** 266 12.73 <0.01

Mistral Base** 471 38.03 <0.01
Mistral RLHF** 3.67 27.66 <0.01

Llama Base** 6.35 70.79 <0.01
Llama RLHF** 553 6396 <0.01

Llama Instruct** 244 1442 <0.01

Llama WC** 2.52 12.68 <0.01
Llama CNN** 1.96 647 <0.01
Llama DD** 1.61 5.44 <0.01
Llama WP#** 3.52 2578 <0.01

Table 8: D’ Agostino-Pearson tests for normality of distributions. For all starred distributions, the null hypothesis is
rejected and the distribution is non-normal (x : p < 0.05, %* : p < 0.01).

Model Mean A P
Mistral RLHF +0.31 0.09
Llama RLHF -0.17 0.46
" Llama Instruct ~ -0.28 0.23
Llama WC** +1.26  0.00
Llama CNN*3* +1.78 0.00
Llama DD*#* +0.94 0.00
Llama WP** +0.86  0.00

Table 9: Results of t-tests comparing surprisal variance distributions with corresponding base models, with mean
pairwise differences (Base - FT). Starred models had a significant difference in means (x : p < 0.05, xx : p < 0.01).

vs. Human vs. Base
Model U P U P
Mistral Base* 8.92x10° < .01 N/A  N/A
Mistral RLHF**  8.95x10° < .01 7.26x10°  .004
" Llama Base*  8.70x10° < .01 N/A  N/A
Llama RLHF*  9.08x10° < .01 7.19x10°  .066

Llama Instruct*  8.69x10° < .001 6.68x10°  .524
Llama WC** 8.13x10° < .01 8.33x10° < .01
Llama CNN**  7.57x10° < .01 8.19x10° < .01
Llama DD** 8.03x10° < .01 7.84x10° < .01
Llama WP** 8.11x10° < .01 7.79x10° < .01

Table 10: Mann-Whitney U test results comparing distributions. Starred comparisons exhibited a significant
difference in overall distribution with one (*) or both (**) corresponding base models and human data.
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