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Abstract

Large language models (LLMs) offer a novel
and convenient avenue for humans to acquire
knowledge. However, LLMs are prone to pro-
viding "midguy" answers regardless of users’
knowledge background, thereby failing to meet
each user’s personalized needs. To tackle
the problem, we propose to generate person-
alized answers with LLMs based on users’
past question-answering records. We dynam-
ically generate and update a user’s domain
and global profiles as the user asks questions,
and use the latest profile as the context to
generate the answer for a newly-asked ques-
tion. To save tokens, we propose to com-
press the domain profile into a set of key-
words and use the keywords to prompt LLMs.
We theoretically analyze the effectiveness of
the compression strategy. Experimental re-
sults show that our method can generate more
personalized answers than comparative meth-
ods. The code and dataset are available at
https://github.com/DaSESmartEdu/PQA.

1 Introduction

The rapid advancement of large language models
(LLMs) (Wu et al., 2023; Achiam et al., 2023; Tou-
vron et al., 2023; Dubey et al., 2024; Yang et al.,
2024) and the maturation of associated technolo-
gies such as RAG (Qi et al., 2024; Wang et al.,
2024; Kim and Lee, 2024) and Agent (Zong et al.,
2024; Zhao et al., 2024a; Kim et al., 2024) have
established LLMs as a pivotal avenue of knowl-
edge acquisition. However, existing QA systems
based on LLMs lack personalization, or simply
retrieve the QA history to facilitate multi-round
dialogue. Under such circumstances, LL.Ms often
fail to generate responses that match users’ back-
ground knowledge.

In this work, we investigate the task of person-
alized question answering with LLMs, which at-
tempts to respond to a user’s question based on
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Sora has many meanings. However,
this student is studying NLP and is
familiar with LLMs. He may have
recently been studying multimodal
video generation, so I can introduce
5.y this to him from that perspective.

Mrs. Penelope Puff @

Figure 1: A motivation example. When the student
asks "What is Sora?", the teacher gives a personalized
answer based on the student’s knowledge background.

Sora is an advanced video
generation model that, like
LLMs, utilizes a Transfor-

mer based architecture.

her background knowledge, thereby generating a
tailored answer. Existing studies have discussed
different approaches to adapting LLMs to various
personalized tasks, among which two types of ap-
proaches are generally used. The first type of ap-
proaches fine-tunes the LLMs (Dai et al., 2024;
Liu et al., 2024; Tan et al., 2024; Zhuang et al.,
2024) using users’ personal knowledge, which is
resource-intensive and impractical to fine-tune for
each user. The second type of approaches intro-
duces users’ historical information into prompts to
obtain personalized responses from LLMs (Baek
et al., 2024; Zhong et al., 2024; Richardson et al.,
2023). However, users’ knowledge in a specific
domain is hard to retrieve from fragmented infor-
mation, thereby resulting in incorrect prompts.

To tackle the above challenges, we are inspired
by daily question-answering between students and
teachers. As illustrated in Figure 1, when a student
asks a question, the teacher assesses the student’s
domain knowledge pertaining to the question and
gives an answer that is particularly tailored for the
student. Motivated by this, we maintain domain
and global profiles for each user by leveraging the
user’s historical QA records, which represent the
user’s background knowledge. When the user asks
a new question, we retrieve from the profiles the

4744

Findings of the Association for Computational Linguistics: EMNLP 2025, pages 4744-4763
November 4-9, 2025 ©2025 Association for Computational Linguistics


https://github.com/DaSESmartEdu/PQA

Unsupervised learning using neural networks is
clearly machine learning since it is utilising neural
nets.However, some algorithms, k-means clustering,
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Figure 2: Overview of our method.

relevant background knowledge as the context to
make an LLM generate a personalized answer. Par-
ticularly, the challenge is to maintain a precise and
concise profile, so that the retrieved background
knowledge does not consume too many additional
tokens. Inspired by the recent studies on prompt
compression (Jiang et al., 2023, 2024; Pan et al.,
2024), we propose to compress the domain pro-
file into a set of keywords and use the compressed
profile to guide personalized question-answering.
We theoretically analyze the effectiveness of the
compression strategy. We conduct experiments
on three QA datasets to show that our proposed
method outperforms comparative methods in terms
of personalization.

Our contribution can be summarized as follows:

* We propose to leverage historical QA records
and maintain user profiles for personalized
question-answering. When a user asks a new
question, the profiles are retrieved as context
to prompt an LLM to generate the answer,
thereby achieving personalization.

* We propose to compress the domain profile
into keywords and use the keywords as the
context for prompting. The strategy saves
lots of tokens, thereby making our method
efficient. We provide a theoretical analysis of
the effectiveness of the compression strategy.

* We conduct extensive experiments to demon-

strate the performance of our method. The re-
sults show that our method outperforms com-
parative methods. We also provide deeper
analysis through ablation study, hyperparame-
ter tuning and case study.

2 The Methodology

Figure 2 shows the overview of our proposed
method, which consists of four steps, namely, do-
main extraction (Section 2.1), domain profile gen-
eration (Section 2.1), profile update and question
answering (Section 2.2). In addition, we optimize
the process with domain profile compression (Sec-
tion 2.3). We also theoretically analyze why the
compressed profile can replace the domain profile
and maintain the effectiveness of the methodology
(Section 2.4).

2.1 Domain Extraction and Domain Profile
Generation

For each new question asked by a user, we prompt
an LLM to extract the domain of the question, such
as machine learning, philosophy and economics.
We do not restrict the category of domains and
purely let the LLM decide the domain. Conse-
quently, the formulation can be expressed as:

d = M(Q;9), (1)

Where () denotes the input question, d represents
the predicted domain of @), M denotes the LLM
and 6 denotes the model parameters.
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Then, we ask the LLM to generate a domain
profile of the user pertaining to d based on the
question, which represents the user’s background
knowledge about domain d:

where py denotes the domain profile of the user per-
taining to domain d. Note that we do not include
the answer for domain profile generation based on
two considerations. First, the answer is usually
very long, which may cause performance degra-
dation. Second, there might be noisy information
in the answer, which would introduce interfering
information in the profile. Due to the page limit,
we show the prompts corresponding to Equation 1
and Equation 2 in Figure Al and Figure A2, re-
spectively, in the appendix. Particularly, we ask the
LLM to give the reason for the response to improve
the quality of the generated domain profile. The
resulting domain profile is a domain name paired
with the user’s profile pertaining to the domain.

2.2 Profile Update and Question Answering

Once py is generated, we ask the LLM to combine
it with the old pg and obtain the updated p, of the
user. The prompt is shown in Figure A3. Note that
if pg is the first profile of domain d of the user, the
old pgy is an empty string.

To enable the LLM to answer the question based
on the user’s overall knowledge, we maintain a
global profile p, of the user, which is a more con-
cise description of the user’s expertise across multi-
ple domains. We iteratively update p, every time a
pq is updated. The step can be formally expressed
as:

pg = M(pa,pg;0), (3)

where the p, on the right is the old global profile
of the user. Note that p, is an empty string initially.
The prompt for global profile update is shown in
Figure A4 in the appendix.

Finally, we ask the LLM to answer the question
based on both the domain profile p; and the global
profile p, of the user. This strategy enables the
LLM to generate the answer based not only on
the user’s background knowledge of domain d, but
also on the user’s overall knowledge. Formally, the
answer A to the input question () is generated as:

A= M(vadvpg;g)v (4)

The prompt is depicted in Figure A5 in the ap-
pendix.

2.3 Domain Profile Compression

The above process consumes a lot of tokens when
updating the global profile (Equation 3) and an-
swering the question (Equation 4), as they use both
the domain profile and the global profile as input.
Although personalization may be achieved by this
method, the large token consumption makes it un-
affordable for real-world deployment. To save to-
kens, we are inspired by prompt compression (Pan
et al., 2024) and train a normal model to compress
the domain profile into a set of keywords. Then, we
use the keywords instead of the domain profile to
update the global profile and answer the question.
Dataset Preparation. We construct a dataset to
train the compression model, where each data point
is a pair of a domain profile and a set of corre-
sponding keywords. First, we generate the domain
profiles. To include as many domains as possible,
we choose StackExchange (Stackexchange, 2014)
which contains 172 knowledge domains such as
economy, history and biology. For each domain,
we randomly select 100 questions or select all
the questions if it has fewer than 100. This re-
sults in 11,655 questions. After removing ques-
tions containing hyperlinks, we employ Qwen2.5-
72B (Yang et al., 2024) to generate a domain pro-
file for each question in both English and Chinese,
using the prompt in Figure A2. We discard the
responses failing to follow the profile generation
instruction and obtain 7,840 domain profiles.
Second, we compress each domain profile into
a set of keywords. We follow the method in (Pan
et al., 2024) and use Qwen2.5-72B to generate the
keywords. The compression prompt is depicted
in Figure A6 of Appendix C. After obtaining the
keywords, we label each word in the domain profile
to indicate whether it is a keyword. Sometimes
Qwen2.5-72B generates the keywords that are not
in the domain profile. To ensure the data quality,
we calculate the Variation Rate (VR) score for
each pair of the domain profile and the keywords,
which measures the proportion of words in the
keyword set that are absent in the domain profile:

ks — (pa N ks)|
|Fes] ’

where ks denotes the keyword set and | - | denotes
the cardinality of a set. The lower the VR score,
the higher the quality of the data pair. Therefore,
we select the 90% data pairs with the lowest VR
scores, which include 6,732 pairs. We refer to as
StackExchange-Cmpres the constructed dataset.

VR =

)
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Model Training. We utilize XLM-RoBERT (Con-
neau et al., 2020) as the feature encoder f, of the
compression model, on top of which we add a lin-
ear classification layer. Given a domain profile
containing N words pg = {z;}%,, the compres-
sion process can be formulated as:

H = f¢(pd)7 (6)
Y = softmax(WH + B), 7

where H = {h;}, denotes the feature vectors,
Y € R2*N denotes the probability distribution of
labels {preserve, discard} for each word in pg,
and {¢, W, B} represent all the trainable parame-
ters. Denoted by Y = {y;}¥, the true labels for
the words in pg, we employ cross entropy loss as
the loss function:

N
1 N
= Z CrossEntropy (v, 3i)- 8)
i=1
2.4 Theoretical Analysis

In this section, we theoretically analyze the effect
of the compression strategy. We borrow the idea of
self-information (Shannon, 1948) to represent the
information carried by each word in the domain
profile pg, that is, the information of x; in py =
{;} | can be formulated as:

I(zi) = —log p(i), )

where p(z;) is the probability of z;. In natural
language, it has been found that the word frequency
follows Zipf’s law (Piantadosi, 2014), which can
be formulated as:

p(x;) o rank(x;)” %, (10)

where rank(z;) denotes the frequency rank of z;
and « is often empirically set to 1. Without loss
of generality, we assume that {z;})', represent
the N’ unique words in pg and their frequencies
follow Zipf’s law, the information of z; can be
proportionally represented as:

an

Since the normalization constant does not affect the
equation results, we omit it. Again, without loss
of generality, we assume that {z;}'| are already

I(z;) = —log Taﬂk(xi)_l = log rank(x;),

ordered by frequency rank, that is, rank(z;) = 1.

we can obtain the total information of p, as:

Zp le Q;Z _ZIO,LgZ

=1

12)

In Appendix B.1, we prove that vazll 101% :

(log N')?
2

when N’ is sufficiently large.

Suppose that our compression model is perfect
and always discards the words with the lowest in-
formation first, the information loss ¢ after com-
pression can be approximately computed as:

- " logi (logn)?
€= x;) I (x;) = ~ ,
; p(zi)I(z:) ; i 9

(13)
where {z;}"_, are discarded by the compression
model and 1 < n < N’. The value of n depends
on the compression rate of the compression model.
As we assume that our model always discards the
words with the lowest information first, denoted by

T the compression rate, we can compute it as:

IRy
===t
st g

(14)

In Appendix B.2, we prove that Zfil% ~

log N + 1/2 when N’ is sufficiently large. As
such we can approximately obtain:
logn +1/2
= 15
T T logN' +1/2° (15)

logn = 7(log N'+1/2)—1/2 = Ct—1/2, (16)

where C' = log N’ +1/2 is a constant. Combining
Equation 13 and Equation 16, we can obtain:
(CT—1/2)?

e~ 0.

5 (7)

Since 0 < 7 < 1, the information loss € increases
less than linear as the compression rate T increases.
In other words, we can retain most information
in pg when 7 is not large, thereby providing suffi-
cient information with the keywords for question
answering. In Section 4.4, we empirically show
how the performance of question-answering varies
as T increases.

3 Experimental Setup
3.1 Datasets

Currently, there is no readily available dataset
for personalized question-answering. Hence, we
construct three datasets, namely, Wildchat-PerQA,
StackExchange-PerQA, and CS101-PerQA, which
are collected from Wildchat (Zhao et al., 2024b),
StackExchange (Stackexchange, 2014) and a learn-
ing platform in our university, respectively. Each
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Table 1: Summary statistics of the datasets.

Dataset #Users | #QA Records
Wildchat-PerQA 100 3,410
StackExchange-PerQA 379 3,500
CS101-PerQA 108 671

dataset contains a group of users and their QA
records. The summary statistics of the three
datasets are shown in Table 1. Due to page limit,
we describe the details of the datasets in Section H.

3.2 Comparative Methods

We compare our method with eight baselines. The
base LLMs used for QA are Qwen2.5-7B (Yang
et al., 2024) and Llama3.1-8B (Dubey et al., 2024).
We implement the comparative methods on both
LLMs, which are listed as follows:

* DirectQA. The method directly uses a ques-
tion as input to obtain the answer from LLMs.

* CoTQA. The method employs the Chain-of-
Thought (CoT) approach to answer questions.
The CoT prompt is shown in Figure A7 of
Appendix D.

* RAGQA. The method encodes users’ QA his-
tory into vector representations, and retrieves
the most semantically similar one as context
to answer a question.

* ProfileQA. The method follows the process
described in Section 2.1 and 2.2, i.e., without
domain profile compression.

¢ CmpreProfileQAggrT. The method com-
presses the domain profile using BERT-Base
and XLM-RoBERTa trained in (Hu et al.,
2023), which are originally trained for com-
pressing meeting content. We refer to the
two variants as CmpreProﬁleQAg grr and
CmpreProﬁleQAg ERT- Fespectively.

e CmpresProfileQAyr1,v. The method com-
presses the domain profile using an LLM.
Following (Jiang et al., 2023), we use Phi-
2-2.7B (Javaheripi et al., 2023) and Llama2-
7B (Touvron et al., 2023). We refer to the
two variants as CmpresProﬁleQAlL) 1 and
CmpresProﬁleQAf 1.7 espectively.

¢ CmpresProfileQAyneq. This is our com-
plete method, which compresses the domain

profile using XLM-RoBERTa that is tuned on
StackExchange-Cmpres.

3.3 Evaluation Metrics

We employ traditional evaluation metrics such as
BLEU (Papineni et al., 2002) and ROUGE (Lin
and Och, 2004). However, they measure the sim-
ilarity between generated and reference answers,
making them unsuitable for assessing personal-
ization. As such, we propose alternative metrics.
From an educational perspective, a personalized
answer should place unfamiliar concepts within
the user’s existing cognitive framework. In other
words, the content of the answer should have a
certain intersection with the questions asked by
the user before. Formally, we use the Jaccard
Index (Jaccard) and Inclusion Coefficient (IC)
to calculate the intersection degree. Denoted by
{ap,a1...a,,} the words in the generated answer
and by {qo, q1..-gm } the words in all the questions
asked by a user before, the two metrics are calcu-
lated as:

’{CL(), al-nan} N {q07 QI"-Qm}’
{ao,a1...an} U{qo,q1...gm}| ’1

Jaccard =

{ao, ai...an} N {qo, q1---am}|
{40, q1---qm }| '
For both metrics, the higher the value, the better
the performance in terms of personalization.
Furthermore, inspired by (Baek et al., 2024), we
propose three human evaluation metrics to com-
prehensively evaluate answers’ quality: (1) Re-
latedness (Rel.)-whether the answer is related to
the user’s profile and questions; (2) Correctness
(Corr.)-whether the answer is correct to the ques-
tion; (3) Comprehensiveness (Comp.)-whether
the answer is comprehensive to the question. For
each metric, we employ a 3-point scale represent-
ing agree (2), neutral (1), and disagree (0) to assess
the answers. Among them, Relatedness is semanti-
cally similar to Jaccard and IC, and can measure
whether a generated answer is personalized. We in-
vite five graduate students of the computer science
major to evaluate the generated answers based on
the metrics. We also instruct GPT-4 to evaluate the
answers using the human evaluation metrics.

1C =

(19)

3.4 Implementation Details

We deploy Qwen2.5-7B (Yang et al., 2024) and
Llama3.1-8B (Dubey et al., 2024) using vLLM!

1https: //github.com/vllm-project/v1llm
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Table 2: The results of automated evaluation using BLEU and ROUGE on Stackexchange-PerQA (%).

Evaluation Metrics

Base LLMs Methods BLEUT | BLEUZ | ROUGE-T | ROUGE2 | ROUGE-L
DirectQA 32.09 17.60 51.27 18.29 23.66
CoTQA 32.01 17.51 51.03 17.99 23.11
RAGQA 31.87 17.66 50.95 17.88 23.22
ProfileQA 31.63 16.93 50.50 17.73 23.17
Llama3.1-8B | CmpreProfileQAE ; »r 31.99 17.67 51.42 17.88 23.56
CmpreProfileQAX sy | 31.37 16.85 50.33 17.63 22.79
CmpresProfileQAT, 5, 31.66 17.01 50.47 17.78 23.02
CmpresProfileQA%; 1, 31.86 17.22 50.74 17.71 23.23
CmpresProfileQAryned 32.35 17.77 51.56 18.71 24.12
DirectQA 29.41 15.24 46.53 15.33 20.96
CoTQA 28.99 14.22 46.33 14.98 20.12
RAGQA 28.79 15.11 45.99 14.92 19.99
ProfileQA 28.82 14.49 45.60 14.62 19.96
Qwen2.5-7B | CmpreProfileQAE ,, 28.76 14.26 45.82 14.59 19.38
CmpreProfileQAS zrr 28.77 14.44 45.64 14.68 20.04
CmpresProfileQAL, ,, | 28.71 14.05 44.34 14.72 19.19
CmpresProfileQA%, ., | 28.52 | 14.91 44.46 14.00 20.21
CmpresProfileQAryuned 30.13 15.72 46.93 15.47 21.01

and LangChain’ on four NVIDIA A800 80GB
GPU. We set the temperature to 0.0 and top,, to
0.9 for both LLMs. The XLM-RoBERTa used
for compressing profiles is trained with a learning
rate of le-5, a batch size of 10, and 10 epochs.
At inference, we set the hyperparameter 7 of the
compression model to 0.6.

4 Experimental Results

4.1 Results of Automated Evaluation

Among the three datasets, only Stackexchange-
PerQA has the human answers to the ques-
tions, which can be used as a reference. As
such, we compare the methods using BLEU and

2https ://github.com/langchain-ai/langchain

ROUGE on Stackexchange-PerQA. We employ
the highest-voted answer to each question as the
reference. Table 2 shows the results, where
CmpresProfileQAr,,,eq has the best performance.
However, we observe that all methods perform
poorly on the metrics because such metrics mea-
sure the percentage of word intersection between
the generated and reference answers. As such, they
are not suitable for measuring the personalization
of the generated answers.

As discussed in Section 3.3, we employ Jac-
card and IC as proxies of personalization. Ta-
ble 3 shows the results. CmpreProﬁleQAg prr and
CmpreProﬁleQAg prr have no result on CS101-
PerQA because they are trained on English datasets.
For each column, we bold the best result and under-

Table 3: The results of automated evaluation using Jaccard and IC (%).

Dataset
Base LLMs Methods Wildchat-PerQA StackExchange-PerQA CS101-PerQA
Jaccard IC Jaccard IC Jaccard 1C

DirectQA 6.64 £0.05 | 825+0.03 | 41.154+0.29 | 63.76 £0.16 | 17.96 +0.04 | 38.30 £ 0.14
CoTQA 6.08 £0.04 | 8.11+0.11 | 40.09+£0.13 | 6259 £0.11 | 17.56 £ 0.14 | 38.41 £0.15
RAGQA 6.45+0.08 | 820+0.15 | 4099 £0.19 | 63.55+0.18 | 17.94+0.09 | 38.21 £0.14
ProfileQA 6.81 £0.07 | 874+0.13 | 43.97 £0.02 | 70.37 £0.05 | 19.10 +0.19 | 43.14 £0.19

Llama3.1-8B | CmpreProfileQAB zpr | 6.80 £ 0.03 | 8.634+0.08 | 43.65+£0.10 | 69.48 & 0.24 e o

CmpreProfileQAN prr | 6.81+£0.05 | 8.64 +£0.14 | 43.83+£0.22 | 70.02 4 0.31 R o
CmpresProfileQAY, ,;, | 6.90 £0.13 | 8.794+0.04 | 4336 £0.21 | 69.12£0.27 | 18.39 4+ 0.10 | 42.48 + 0.41
CmpresProfileQAY; ,, | 6.88 £0.08 | 8.8140.12 | 43.464+0.15 | 69.55+0.41 | 1841 +0.04 | 4221 +0.11
CmpresProfileQArunea | 6.99 £0.09 | 8.98 + 0.04 | 44.50 + 0.16 | 70.90 = 0.15 | 19.30 + 0.53 | 43.35 £+ 0.29
DirectQA 6.55+0.12 | 8.61+0.06 | 4049 +0.16 | 6472 +£0.13 | 15.68 £ 0.15 | 42.77 £0.14
CoTQA 591+£0.10 | 7.72+0.08 | 41.10£0.15 | 64.77 £0.12 | 1441 £ 0.12 | 40.56 £ 0.41
RAGQA 6.41+£0.18 | 823+0.11 40.59 £0.16 | 63.54 £0.14 | 1549 +£0.09 | 41.67 £ 0.33
ProfileQA 724 £0.10 | 9.78 £0.14 | 4299 +£0.27 | 73.07 £0.80 | 16.35+0.17 | 46.54 £+ 0.56

Qwen2.5-7B | CmpreProfileQAS ;| 7.06 £ 0.08 | 9.58 +0.06 | 43.15+0.05 | 73.27 +£0.17 e o

CmpreProfileQAX prr | 723 £0.05 | 9.79 £0.04 | 42.79 +0.26 | 72.09 + 0.96 — —_—
CmpresProfileQAY, ,, | 7.154+0.13 | 9.61+0.09 | 4274 £ 0.03 | 72.42+0.09 | 16.06 + 0.26 | 46.63 + 0.48
CmpresProfileQAY, ,, | 7.234£0.16 | 9.754+0.08 | 4270 £0.10 | 72.46 £0.65 | 16.18 = 0.13 | 46.23 + 0.61
CmpresProfileQAryneqd | 7.41 £ 0.16 | 10.11 + 0.07 | 43.57 +0.07 | 74.13 £ 0.21 | 16.57 = 0.11 | 46.92 £ 0.45
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Table 4: The results of human evaluation by volunteers.

Dataset
Base LLMs Methods Wildchat-PerQA StackExchange-PerQA CS101-PerQA
Rel. | Corr. | Comp. | Rel. | Corr. | Comp. | Rel. | Corr. | Comp.
DirectQA 1.52 | 1.72 1.76 1.50 | 1.72 1.76 1.52 | 1.82 1.86
Llama3.1-8B ProfileQA 1.72 | 1.78 1.84 1.76 | 1.78 1.84 1.80 | 1.88 1.84
CmpresProfileQArynea | 1.76 | 1.78 1.86 1.78 | 1.80 1.84 1.88 | 1.90 1.86
DirectQA 1.58 | 1.72 1.84 1.58 | 1.82 1.84 1.62 | 1.80 1.84
Qwen2.5-7B ProfileQA 1.76 | 1.78 1.84 1.78 | 1.78 1.84 1.88 | 1.80 1.84
CmpresProfileQA7ryneqs | 1.78 | 1.78 1.86 1.80 | 1.82 1.86 192 | 1.84 1.88
Table 5: The results of ablation study (%).
Dataset
Base LLMs Methods Wildchat-PerQA | StackExchange-PerQA CS101-PerQA
Jaccard IC Jaccard IC Jaccard IC
CmpresProfileQAT,,,cq 6.82 8.73 43.78 69.94 18.81 42.45
Llama3.1-8B CmpresProfileQA%.,,,. ., 6.82 8.73 43.20 68.87 18.42 | 41.94
CmpresProfileQAY. . .. 6.78 8.67 43.33 69.08 18.41 42.13
CmpresProfileQAryned 6.99 8.98 44.50 70.90 19.30 | 43.35
CmpresProfileQAT,,,cq 7.15 9.85 42.87 72.73 15.80 | 46.61
Qwen2.5-7B CmpresProfileQAJ %" 7.15 9.65 42.87 72.74 15.80 | 46.61
CmpresProfileQA7. . .. 7.03 9.46 42.68 72.46 15.55 45.87
CmpresProfileQAryuned 7.41 10.11 43.57 74.13 16.57 46.92

line the second best. We observe that for both base
LLMs, our method CmpresProfileQAr,eq per-
forms the best on the three datasets for both metrics.
Compared to ProfileQA, which is the variant of
our method that does not compress the domain pro-
file, CmpresProfileQA 7,4 not only saves tokens
but also performs much better. This indicates that
removing unimportant content from the domain
profile actually improves the representativeness
of the profile, thereby eventually promoting the
performance. Comparing the compression strate-
gies, the four methods of CmpreProfileQApgrT
and CmpresProfileQAy s perform similarly to
or worse than ProfileQA, whereas our proposed
method CmpresProfileQA7,.q performs con-
stantly better than ProfileQA. This shows that our
compression model can extract profile keywords
more precisely.

4.2 Results of Human Evaluation and LLM
Evaluation

For human evaluation, we focus on the comparison
between CmpresProfileQAr,,eq and the second
best method ProfileQA, and use DirectQA as the
baseline. Table 4 reports the results of human eval-
uation by volunteers. We observe that for both
base LLMs CmpresProfileQA1,,,eq shows the best
performance on all datasets for all metrics, i.e.,
the volunteers think that CmpresProfileQA7ed
generates more personalized, correct and compre-
hensive answers than the comparative methods do.

The results of LLM evaluation by GPT-4 using the
same metrics confirm the observations, which are
shown in Table A1 due to page limit.

4.3 Ablation Study

We compare CmpresProfileQAx,,.q With three
ablation methods. First, we introduce the an-
swer into the context for domain profile gen-
eration and refer to the resulting method as
CmpresProfileQA%,,,..;,- Second, we only use
the domain profile or only the global profile in
the prompt for question answering. We refer to
the two models as CmpresProﬁleQA%med and
CmpresProﬁleQAi}un o> Tespectively.

Table 5 shows the results. We observe that all
ablation methods have decreased performance on
the three datasets for both metrics, indicating the
effectiveness of our specific designs in profile gen-
eration and answer prompting.

4.4 The Impacts of 7

We vary the compression rate 7 in {0,0.2,0.4,
0.6,0.8, 1} and see how it affects the performance
of question-answering. When 7 = 0, the domain
profile is not compressed. When 7 = 1, the do-
main profile is discarded and only the global profile
is used for answering questions. We show the re-
sults on StackExchange-PerQA in Figure 3 and put
those on the other two datasets in Appendix F due
to page limit. We observe that Jaccard and IC both
gradually increase with 7 when 7 < 0.6 and sud-
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denly decrease when 7 > 0.6. The observation ver-
ifies the analysis in Section 2.4, i.e., the keywords
provide sufficient information when 7 is not large,
thereby maintaining the performance of question-
answering. The increased performance for 7 < 0.6
may indicate that the compression model not only
preserves the key information in the domain pro-
file, but also discards the irrelevant words which
may negatively impact the performance. Figure A8
and A9 show similar results.
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Figure 3: The impacts of 7 (StackExchange-PerQA).

4.5 Efficiency Analysis

We show the average execution time per inference
(in seconds) of the comparative methods in Ta-
ble 6. We use vLLLM on two NVIDIA A800 80GB
GPUs. The LLM used as the compression model
is deployed on an additional NVIDIA A800 80GB
GPU. We observe that the personalized approaches
consume approximately twice the time of the non-
personalized approaches. The increase in inference
time is justified as a tradeoff for achieving person-
alization. After reviewing the operational logs, we
find that the prefix cache hit rate is approximately
30%, which saves a lot of time for the multi-step

inference process. When multiple users ask ques-
tions in parallel, it can further leverage the KV
cache of vLLM to save more time.

4.6 Case Study

We have deployed CmpresProfileQA7,q using
Qwen2.5-7B in a learning platform® of our uni-
versity for computer general courses. Figure 4
shows the user interface. For a question raised by
a student, we simultaneously display the original
answer of Qwen2.5-7B (left) and the answer of
CmpresProfileQA 1,4 (right). In the figure, the
student’s question is “what is uv pip?”. Qwen2.5-
7B has no background knowledge of the student
and provides an answer pertaining to the UV
pipette. In contrast, CmpresProfileQA 1, ,,eq knows
that the student is learning Python programming
from his profile and gives the personalized answer.
Due to page limits, we put the complete answers
and more examples in the Appendix G.

5 Related Work

Personalized Generation with LLMs. Salemi
et al. (2023) propose retrieval-augmented methods
to personalize LLMs’ output based on user pro-
files. Zhong et al. (2024) use the user’s history as
a memory component for large language models,
achieving personalization through the integration
of long-term and short-term memory. Baek et al.
(2024) leverage user history to generate personal-
ized search suggestions. Ren et al. (2024) com-
bine representation learning with LLMs to model

Shttps://www.shuishan.net.cn/

Table 6: The results of average execution time per inference (in seconds).

Dataset
Base LLMs Methods Wildchat-PerQA | StackExchange-PerQA | CST01-PerQA
DirectQA 483 3.42 447
CoTQA 4.94 3.56 457
RAGQA 5.04 3.99 5.12
ProfileQA 8.95 7.37 8.29
Llama3.1-8B | CmpreProfileQAZ ; 8.83 7.39 8.31
CmpreProfileQA% z pr 8.92 7.43 8.29
CmpresProfileQAY; 1, 10.98 9.73 11.30
CmpresProfileQA %, 11.04 9.85 11.34
CmpresProfileQAryned 8.94 7.42 8.30
DirectQA 5.60 401 3.69
CoTQA 5.72 4.13 3.88
RAGQA 5.79 422 3.99
ProfileQA 10.01 8.36 6.49
Qwen2.5-7B | CmpreProfileQAS ;; p 1 10.00 8.32 6.55
CmpreProfileQAR zrr 10.12 8.46 6.52
CmpresProfileQAY ; s 12.06 11.45 9.90
CmpresProfileQA %, 1/ 12.12 11.49 9.97
CmpresProfileQA 7y ned 10.04 8.41 6.52
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/:l:l:l:l:e The Model We Deployed

"UV pip" might be a typo or a term that is not
commonly used. | speculate that you might be
referring to "UV pipette" (ultraviolet pipette) or
that "UV pip" is a term specific to a particular
field. UV pipette (Ultraviolet pipette) This is a
special type of pipetting tool.

\ coe

~

Which of the following answers is more in line with your needs? please click to select.

In Python, uv pip is a command provided by uv, a
blazing-fast Python package manager written in
Rust, designed to replace or enhance the traditional
pip. uv is developed by Astral (the team behind the
ruff tool) and focuses on extreme performance and
modern Python workflows.

Figure 4: A case study of the deployed CmpresProfileQA 1,4 using Qwen2.5-7B.

user preference for recommendation. Li et al.
(2024) dynamically modify prompts for personal-
ized text generation by summarizing and rewriting
user-specific information. Tan et al. (2024) use
user-specific behavioral patterns to adapt LLMs to
individuals. No previous study has yet explored
personalized question-answering by leveraging his-
torical QA records. As such, the above methods
are not suitable for comparison in this study.

Prompt Compression. Prompt compression
can be categorized into task-aware compression
and task-agnostic compression. Task-aware com-
pression tailors the context to the downstream task.
Kim et al. (2022) introduce a token pruning method
in the forward pass. Jiang et al. (2024) propose a
question-aware compression strategy by estimating
token information entropy. Xu et al. (2024) train
summarization models for task-specific compres-
sion. Task-agnostic compression aims at develop-
ing general approaches. Jiang et al. (2023) employ
token-level perplexity to filter out insignificant to-
kens. Pan et al. (2024) finetune a compression
model to predict keywords for broader applicabil-
ity. Inspired by this, we compress domain profiles
by predicting keywords.

6 Conclusion

This study aims to generate personalized answers
that match users’ individual background knowl-
edge. We extract and compress user profiles based
on the content of questions asked by users in the
past, and use the compressed profiles to prompt
LLMs for personalized question answering. We
theoretically analyze why the compression strategy
is effective. Experimental results show that our
method outperforms all comparative methods. In
the future, we plan to leverage other user generated
data to enhance personalized question-answering,
and design more semantic evaluation metrics.
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Limitations

We identify two main limitations in the current
study. First, the keywords of a user profile are
labeled by LLMs. As such, the ability of LLMs
to identify keywords determines the capability of
the profile compression model, which may in turn
affect the performance of personalized QA. In the
future, we plan to develop and compare different
methods for keyword labeling, and evaluate the
impacts on the performance. Second, we propose
two new metrics from an educational perspective to
evaluate the personalization of the answers. How-
ever, one single dimension may not be sufficient
to evaluate personalization. In the future, we plan
to investigate more theories in knowledge acquisi-
tion, and develop more comprehensive evaluation
metrics.

Ethics Statement

The main ethical issue may arise from the use of the
questions and answers generated by human users
and LL.Ms, which may disclose personal informa-
tion or contain hallucination and toxic information.
If the user profile is built on top of such informa-
tion, it may lead to privacy issues or prompt LLMs
to generate new hallucinations and toxic responses.
As such, we manually remove from the datasets
all personal information such as usernames, IDs
and addresses, as well as hallucination and toxic
information.
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A The Prompts Used in Our Method

Figure A1 shows the prompt used for domain ex-
traction. Figure A2 shows the prompt used for
domain profile generation. Figure A3 shows the
prompt used for domain profile update. Figure
A4 shows the prompt used for global profile up-
date. Figure AS shows the prompt used for answer

Please generate a new domain profile based on the
user’s old domain profile and the current domain
profile.

old domain profile: {profile content}

current domain profile: {profile content}
Requirements:

1. Please provide your decision in JSON format,
following this structure:

{
"profile": "A Summary of the user’s profile in this

generation.

7~

Please tell me which domain of the following ques-
tion is related to.

Question: {Question}

Requirements:

1. Please provide your decision in JSON format, fol-
lowing this structure:

{

"domain": "A summarization of which domain this
query is related to" (if you are unable to summarize
it, please set this value to "None"),

"reasoning": "briefly explain your reasoning for the
summarization"

}

2. Please ensure ’domain’ is a single word.

3. The "reasoning" has no word limits.

4. Do not provide any other text outside the JSON
string.

Figure Al: Domain extraction.

You are an expert in {domain}. Please tell me the
profile the user who asked the question in {domain}.
Question: {Question}

Requirements:

1. Please provide your decision in JSON format, fol-
lowing this structure:

"profile": "A Summary of the user’s profile in {do-
main}" (starting with "This user"),

"reasoning": "briefly explain your reasoning for the
summarization"

}

2. Please ensure that the "profile" is accurate.

3. Do not provide any other text outside the JSON
string.

Figure A2: Domain profile generation.

B Theoretical Analysis

B.1 Proof one

We prove the asymptotic approximation:

N’ .
1 log N')?
E ng ~ ( og2 ) for large N'.  (20)
- !
Proof:

{domain}" (starting with "This user"),

"reasoning": "briefly explain your reasoning for the
summarization"

}

2. Please ensure that the "profile" is accurate.

3. Do not provide any other text outside the JSON
string.

Figure A3: Domain profile update.

Please generate a new global profile based on the
user’s domain profile and the old global profile. A
global profile is the profile of the user in various
domains.

current domain profile: {profile content}

old global profile: {profile content}

Requirements:

1. Please provide your decision in JSON format,
following this structure:

{

"profile": "A Summary of the user’s profile in various
domains" (starting with "This user"),

"reasoning": "briefly explain your reasoning for the
summarization"

}

2. Please ensure that the "profile" is accurate.

3. Do not provide any other text outside the JSSON
string.

Figure A4: Global profile update.

You are an expert in {domain}. Please answer the
Question below. Please make sure your answer fits
the user’s profile.

user domain profile: {domain profile}

user global profile: {global profile}

Question: {Question}

Figure AS5: Answer generation.

For sufficiently large N/, we can approximate
the sum by an integral:

N/

. N’
S logi / logz ;.. Q1)
1 1 X

i=1

To evaluate the integral, we use the substitution
u = log x, which gives du = %dm. The integral
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becomes:

N’ log N’
1 g
/ ngdx:/ udu
1 T 0

log N’
U2 g

2

22
(log N')? 22

2

0

The error terms from approximating the sum
by the integral become negligible as N/ — oo.
Therefore, we have:

N .
1 log N')?
Z %!~ (log V) as N' — oo.  (23)
- 1 2
=1
Q.E.D.
B.2 Proof two
We prove the asymptotic approximation:
N
Z —~logN'+1/2. (24)
i
i=1

Proof:

The Euler-Maclaurin formula provides a precise
relationship between summation and integration.
For f(x) = 1, its first derivative is f/(z) = — -5,
the second derivative is f”(z) = %, and so on.
Applying the Euler-Maclaurin formula (taking the

first few terms):

N’ N ,
. F(1) + F(N
St = [ s+ LD
i=1
f'(N) = f'(1)
+ 12
+ -+ Ry,
(25)
where Ry, is the remainder term. For f(x) = %,
substituting yields:
_ r 1 1
Hy: =log N +3 1+N,
(26)

_i —L—l-l +
12 N2 ’

After Neglecting higher-order small terms (as
N' = o0, ﬁ — 0), we obtain:

1 1
Hy =log N' + =
N og +2+2N/

1 1
“1ane O <N’4> '

When N’ is sufficiently large, the partial sum of
the harmonic series asymptotically approaches:

27

N/

1 1
Z=logN' 4+ = 1).
;i og +2+0()

(28)

Q.E.D.

C The Instruction to Construct
StackExchange-Cmpres

Figure A6 shows the prompt we use with Qwen2.5-
75B to generate the dataset for training the com-
pression model.

e )

You are an expert on compressing text into short
expressions. I need you to comply with some condi-
tions below:

1. Retain the words that demonstrate the user’s level
of knowledge.

2. ONLY remove unimportant words. e.g. 'user’,
’the’, “are’.

3. Maintain the original order of the words.

4. Use the original words, e.g. ’asking’->’ask’ is
INCORRECT, ’current’->’now’ is INCORRECT.

5. Do not use abbreviations or emojis, e.g. *without’-
>’w/o’ is INCORRECT, ’as soon as possible’-
>’ASAP’ is INCORRECT.

6. Do not add new words or symbols. This is very
important.

For example, *dedicate 3 hours to each chapter’->’3
hours/chapter’ is INCORRECT because you add a
new symbol ’/°. Just compress it into 3 hours each
chapter’. ’30 eggs plus 20 eggs equals 50 eggs’-
>’30+20=50" is also INCORRECT becuase you add
new symbols + and =. Just compress it into 30 plus
20 equals 50°.

Compress the original text aggressively by removing
words only. Compress the original text as short as
you can, while retaining as much information as pos-
sible.

If you understand already, please compress the fol-
lowing text:

{text to compress}

The compressed text is:

Figure A6: Domain Profile Compression.

D The CoT Prompt of CoTQA

Figure A7 shows the prompt we use in the CoTQA
method.

E Results of LLM Evaluation

Table Al sbows the results of LLM evaluation
by GPT4. We observe that for both base LLMs
CmpresProfileQA7,,.q shows the best perfor-
mance on all datasets for all metrics, which co-
incides with the results in Table 4.
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Table Al: The results of LLM evaluation by GPT-4.

Dataset Wildchat-PerQA StackExchange-PerQA CS101-PerQA
Base LLMs Methods Rel. | Corr. | Comp. | Rel. | Corr. | Comp. | Rel. | Corr. | Comp.
DirectQA 1.81 | 1.60 1.83 191 | 1.83 1.95 1.83 | 1.84 1.83
Llama3.1-8B ProfileQA 1.84 | 1.72 1.85 1.98 | 1.83 1.95 1.87 | 1.86 1.83
CmpresProfileQArynea | 1.90 | 1.88 1.90 199 | 1.85 1.97 1.89 | 1.87 1.86
DirectQA 1.70 | 1.70 1.80 191 | 1.86 1.90 1.80 | 1.83 1.96
Qwen2.5-7B ProfileQA 1.76 | 1.81 1.83 1.92 | 1.86 1.92 1.89 | 1.82 1.95
CmpresProfileQArynea | 1.82 | 1.82 1.87 194 | 1.87 1.97 190 | 1.85 1.98

Let’s solve the following problem step by step.
Please provide a personalized answer based on the
user’s knowledge background according to the steps
below:

Step 1: Identify the domain of the user’s question.
Step 2: Assess the user’s level of expertise in that
domain based on the question.

Step 3: Provide a personalized answer tailored to the
user’s knowledge background.

Question: {Question}

Figure A7: The CoT Prompt of CoTQA.

F More Results on the Impacts of 7

Figure A8 and Figure A9 depict the impacts of
T on the question-answering performance for the
Wildchat-PerQA and CS101-PerQA datasets. We
observe similar results to Figure 3, where 7 = 0.6
achieves the best performance.
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Figure AS8: The impacts of 7 (WildChat-PerQA).
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Figure A9: The impacts of 7 (CS101-PerQA).

G Additional Case Study

Figure A10 and Figure A11 show the answers to
the question "What is UV pip?". Since the stu-
dent is novice in programming, the UV pipette

concept falls outside her knowledge background.
The answer in Figure A11 fits more the student’s
existing expertise. Figure A12 and Figure A13
show the answers to the question "Methods for It-
erating Through Arrays". The student has no prior
knowledge of JavaScript. As such the answer us-
ing C in Figure A13 is more suitable. Figure A14
and Figure A15 show the answers to the question
"What is Entropy?". The answer in Figure A15
is more fundamental and therefore fits more the
student’s background as a beginner in computer
science.

H Dataset Construction and the License

Wildchat-PerQA. This dataset constitutes a sub-
set of the "Wildchat" dataset provided by the Al-
lenAl lab (Zhao et al., 2024b). The WildChat
dataset comprises 650,000 user interactions with
both GPT-3.5-turbo and GPT-4, spanning diverse
domains including programming, physics, chem-
istry, history, and other fields. We perform rele-
vance matching based on users’ request headers,
language preferences, and regional settings to com-
pile individual question sets for each user, while
simultaneously removing toxic content from the
sets. Then, we randomly select 100 users with their
3,410 QA records to construct Wildchat-PerQA,
where each user asks at least 10 questions.
StackExchange-PerQA. This dataset consists of
questions that are asked by the users on Stack Ex-
change. To cover various disciplines, we randomly
sample 100 users in the Machine Learning, Chi-
nese learning, and English learning domains, re-
spectively, and include all users in the psychology
domain. The resulting dataset contains 379 users
and 3,500 QA records, where each user asks at
least 2 questions.

CS101-PerQA. To verify the generalizability of
our method in non-English language, we con-
struct CS101-PerQA, which is a Chinese dataset
collected from an introductory computer science
course of our university in China. The course de-
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"UV pip"' might be a typo or a term that is not commonly used. I speculate that you might be referring to ''UV pipette'
(ultraviolet pipette) or that "UV pip" is a term specific to a particular field.

1. UV pipette (Ultraviolet pipette)

» This is a special type of pipetting tool, usually used in laboratories to handle chemicals or biological
samples that are sensitive to light. Ultraviolet light can be used for sterilization or detection of certain
substances. For example, in fluorescence microscopy experiments, a UV pipette might be used to observe
fluorescently labeled molecules.

 For instance, in some biochemistry experiments, researchers may need to operate solutions containing
fluorescent dyes under ultraviolet light to ensure the accuracy of the experiment.

2. Other possible meanings

o If "UV pip" is a term from a specific field (such as software, engineering, medicine, etc.), its exact meaning
might need more context to be determined accurately. For example, in software development, "pip" is a
package management tool for Python, but "UV pip" is not a common combination. It might be the name of
a specific project or tool.

Figure A10: Question: What is uv pip? (the answer by Qwen2.5-7B)

ploys DeepSeek-Coder-33B-Instruct (Guo et al.,
2024) to answer students’ daily questions about
the course. The dataset consists of student ques-
tions collected from May to July 2024 that received
responses marked as “useful’ by the students. In
total, CS101-PerQA consists of 108 users and 671
QA records, where each user asks at least 2 ques-
tions.

The WildChat-PerQA dataset is derived from
WildChat(Zhao et al., 2024b) and is licensed un-
der the ODC-BY agreement. The StackExchange-
PerQA is derived from StackExchange and is li-
censed under the CC BY-SA 4.0. We construct the
CS101-PerQA dataset, which will be made avail-
able under the CC BY-SA 4.0 license.
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uv pip is a command provided by uv, a blazing-fast Python package manager written in Rust, designed to replace
or enhance the traditional pip. uv is developed by Astral (the team behind the ruff tool) and focuses on extreme
performance and modern Python workflows.

Purpose of uv pip
1. High-performance package installation

e uv pip is significantly faster than traditional pip (reportedly 10-100x), especially in dependency resolution
and package downloads.

* Built on Rust, it optimizes dependency resolution and network requests.

2. Full compatibility with pip commands

* Supports all common pip commands, such as:

uv pip install pandas # Install a package
uv pip uninstall numpy # Uninstall a package
uv pip freeze > requirements.txt # Export dependencies

3. Modern alternative to pip

* Can be used as a drop-in replacement for pip without changing user habits.

e Particularly useful for quickly setting up environments or handling large dependency trees (e.g., AI/ML
projects).

4. Replaces pip-tools functionality

* uv pip compile generates precise dependency lock files (similar to pip-tools’ requirements.txt) but
much faster.

Installing uv

# Install via pip (requires Python 3.8+)
pip install uv

# Use directly (no virtual environment activation needed)
uv pip install package

Why choose uv pip?

* Speed: Much faster than pip and pip-tools, ideal for frequent environment setups/updates.
¢ Lightweight: Rust-based, with no Python environment overhead.
¢ Gradual adoption: Can incrementally replace existing pip workflows without forced migration.

Example Comparison

# Traditional pip
pip install -r requirements.txt

# Using uv pip (same command, faster execution)
uv pip install -r requirements.txt

Notes

* uv is still under active development but stable for most use cases.

 If edge-case issues arise (e.g., certain special packages or private repositories), you can fall back to traditional
pip.

If you need an ultra-fast package management experience, uv pip is a tool worth trying!

Figure A11: Question: What is uv pip? (the answer by CmpresProfileQAryncq)
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Methods for Iterating Through Arrays

Iterating through arrays is a fundamental operation in programming. Below are several common methods for traversing

arrays:

1. Using a for loop

const arr = [1, 2, 3, 4, 5];
for (let i = 0; i < arr.length; i++) {

console.log(arr[il);

3
2. Using a for...of loop (ES6+)

const arr = [1, 2, 3, 4, 5];
for (const item of arr) {

console.log(item);

3

3. Using the forEach method

const arr = [1, 2, 3, 4, 51;
arr.forEach(item => {
console.log(item);
DR
4. Using the map method (does not modify the original array)

const arr = [1, 2, 3, 4, 51;
arr.map(item => {
console.log(item);
return item;
DR

Important Notes

1. If you need the index, the forEach and map methods can also provide it:

arr.forEach((item, index) => {
console.log(~Index ${index}: Value ${item} );});

2. If you need to terminate the loop early, you can use the break statement in for or while loops.

3. In performance-critical scenarios, traditional for loops are usually the fastest.

4. Modern JavaScript also provides other iteration methods such as filter, reduce, etc. Choose the appropriate

method based on your requirements.

The choice of method depends on your specific needs, code readability requirements, and whether you need to break

out of the loop early.

Figure A12: Question: Methods for Iterating Through Arrays (the answer by Qwen2.5-7B)
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Methods for Iterating Through Arrays In C, there are several ways to traverse (iterate through) an array:

1. Using a for loop with index:

int arr[5]
int length

{‘I? 27 37 47 5};
sizeof(arr) / sizeof(arr[0]);

for (int i = 0; i < length; i++) {
printf("%d ", arr[il);
}

2. Using a while loop with index:

int i = 0;

while (i < length) {
printf("%d ", arr[il);
i++;

3. Using a pointer:

int *ptr = arr;

for (int i = 0; i < length; i++) {
printf("%d ", *ptr);
ptr++;

4. Using pointer arithmetic:

for (int xptr = arr; ptr < arr + length; ptr++) {
printf("%d ", *ptr);
}

Important notes:
1. Always ensure you don’t exceed the array bounds to avoid undefined behavior.
2. The sizeof trick (sizeof(arr)/sizeof(arr[0])) only works for arrays, not pointers.
3. For character arrays (strings), you can also iterate until the null terminator "\0’ is encountered.

Would you like me to explain any of these methods in more detail?

Figure A13: Question: Methods for Iterating Through Arrays (the answer by CmpresProfileQA 7y ncq)
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What is Entropy? Entropy is a fundamental concept in physics and information theory, describing the degree of
disorder or uncertainty in a system. Its meaning varies across disciplines:

1. Thermodynamic Entropy (Clausius Entropy):

* Measures the dispersal of energy and its ability to do useful work.

* Governed by the Second Law of Thermodynamics: Entropy in an isolated system never decreases.
* Example: Melting ice increases entropy as molecules become more disordered.

e Formula: AS = % (where Qv is reversible heat transfer, 7" is temperature).

2. Statistical Mechanics (Boltzmann Entropy):

¢ Links entropy to the number of microscopic states (£2) a system can occupy.
¢ Formula: S = kg In{ (kg is Boltzmann’s constant).
* Example: A gas has higher entropy than a solid because its molecules have more possible arrangements.

3. Information Theory (Shannon Entropy):

* Quantifies uncertainty or information content in a random variable.
e Formula: H(X) = — 3 p(z)log p(z) (p(z) is the probability of event x).
* Example: A fair coin toss has maximum entropy (1 bit); a biased coin has lower entropy.

4. Entropy in Biology:
» Living organisms maintain low local entropy (e.g., ordered cells) by increasing environmental entropy.
Key Intuitions:
* High entropy = Disorder (e.g., mixed gases, randomized data).
* Low entropy = Order (e.g., crystals, predictable signals).

Entropy fundamentally measures the multiplicity of possible states—whether in energy distribution, information
encoding, or physical configurations.

Figure A14: Question: What is Entropy? (the answer by Qwen2.5-7B)
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What is Entropy? In information theory, entropy is a core concept introduced by Claude Shannon in 1948 to measure
the uncertainty or randomness of information. It quantifies the unpredictability of a random variable or the "surprise"”
inherent in its possible outcomes.

1. Core Definition:

* For a discrete random variable X with possible values {x1,x2,...,2»} and probability distribution
P(X = x;) = pi, the entropy H (X)) is defined as:

H(X)= - pilog,p;
=1

(Typically, base-2 logarithm gives units in bits; natural logarithm uses nats.)

2. Intuitive Interpretation:

¢ Uncertainty: Higher entropy means greater unpredictability. For example, a fair coin (50% heads) has
higher entropy than a biased coin (e.g., 90% heads).

* Information Content: Entropy represents the minimum average number of bits needed to encode outcomes.
A fair coin requires 1 bit (0 or 1), while biased coins may need fewer (due to predictable outcomes).

3. Key Properties:

» Non-negativity: H(X) > 0, with equality iff X is deterministic.

¢ Maximum Entropy: For n outcomes, entropy is maximized when all probabilities are equal (p; = 1/n),
yielding H(X) = log, n.

 Additivity: For independent X and Y, H(X,Y) = H(X) + H(Y).

4. Examples:

* Binary Variable (e.g., coin toss): If the probability of heads is p, entropy is H = —plog,p — (1 —
p) log,(1 — p). For p = 0.5, H = 1 bit (maximum uncertainty); forp = 0or 1, H = 0.
¢ Weather Forecast: A 100% chance of rain has H = 0 (no uncertainty); a 50% chance has H = 1 bit.

5. Extensions:

* Joint Entropy: Uncertainty of multiple variables.
¢ Conditional Entropy: Remaining uncertainty of one variable given another.
¢ Mutual Information: Shared information between variables.

Applications: Entropy underpins data compression (e.g., ZIP files), cryptography, and machine learning (e.g., decision
tree splitting). Key Insight: It measures the "cost of unpredictability” in information, whether in encoding, transmission,
or analysis.

Figure A15: Question: What is Entropy? (the answer by CmpresProfileQAr,eq)
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