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Abstract. Composing messages in chatbot interactions is often time-
consuming, making autocompletion an appealing way to reduce user ef-
fort. Different users have different preferences and therefore different ex-
pectations from autocompletion solutions. We study how personalization
can improve the autocompletion process, evaluating four schemes defined
along two axes: generation vs. ranking, and prior messages vs. external
features. Experiments on the WildChat and PRISM datasets with the
Mistral-7B and Phi-3.5-mini models show consistent gains. Our results
highlight personalization as a key factor in building effective chatbot au-
tocomplete systems, and assist researchers and practitioners in deciding
where and how to invest in improving these solutions.
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1 Introduction

Large Language Models (LLMs) have transformed natural language interfaces,
turning chatbots from narrow, domain-specific tools into flexible assistants capa-
ble of addressing a wide variety of tasks [2–4]. Users therefore spend considerable
effort formulating their messages in these interactions. Autocompletion provides
a natural solution to reduce users’ effort by suggesting completions as users type.
Autocomplete methods have been shown to be effective in saving users’ time and
reducing cognitive load in many different use-cases [12]. While autocompletion
has been explored in various domains, it has only recently been studied in the
context of chatbot interactions [9]. Meanwhile, personalization has emerged as a
key theme in natural language processing, aiming to adapt outputs to individual
users’ preferences, style or context. In this work, we bring this perspective to
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chatbot autocompletion (task exhibited in Figure 1 (left)), demonstrating that
personalization can make suggestions more relevant and further reduce typing
effort. We investigate personalization as a way to tailor autocompletions to in-
dividual needs. Specifically, we evaluate four personalization strategies defined
along two axes: (1) whether personalization is applied during completion genera-
tion or in post-hoc ranking of the completions, and (2) whether it relies on prior
user messages or external user features, across multiple datasets and models.
We show that personalization is an effective way to produce better autocom-
plete suggestions and improve performance, as shown in Figure 1 (right). To
facilitate reproducibility and future research, we make our code and experimen-
tal framework publicly available.4 Finally, we provide practical recommendations
for improving this process. For example, personalizing completion generation is
more effective than completion ranking, and leveraging user history is more ef-
fective than relying on external features.

Context

Current turn

Completion
Suggestions

Previous user interactions
- Who is the Jet’s Quarterback?
- I really enjoy watching Football
- I like teams from NY

User Features
- 34 year old
- Male
- From New York

<|prompter|> What is the name of the New 
York Knick’s Arena? 
<|assistant|> The Maddison square garden.

<|prompter|> What about the

• New York Jet’s Stadium?
• Arena of
• LA Lakers No Personalization Best Ranking Best Generation Best Combined

24

26

28

30

32

34

36

38

40
sa

ve
d@

1
Dataset

WildChat
PRISM

Model
Mistral (7B)
Phi-3.5-mini (3.8B)

Fig. 1: Left: Task Example. The autocomplete solution receives the context and
the current turn and returns completion suggestions. In the personalized version,
it is also given the previous user interactions or user features.
Right: Best saved@1 (section 3) grouped by scheme per dataset and model.

2 Related Work

Research at the intersection of personalization, autocompletion, and LLM-based
interactions remains unexplored. Prior work has typically addressed only two of
these dimensions at a time (marked in italic). Several studies adapt LLM outputs
to individual users (thus Personalizing LLMs), either by retrieving relevant
history [18, 19], constructing user embeddings from prior activity or style [6, 16,
17], or summarizing past interactions for prompt augmentation [18]. Personaliza-
tion has also been studied in long-term dialogue [13] and recommender systems

4 https://github.com/amazon-science/Personalized-chat-interaction-autocomplete
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[7, 8, 14, 15]. In Autocompletion, personalization has been studied in structured
domains, such as search queries, personalization is typically used to improve
the ranking of predicted completions [5, 20, 21]. Such methods are not designed
for the free-form, multi-turn nature of chatbot conversations. The ChaI-TeA
benchmark [9] introduced the task of Chatbot Interaction Autocomplete, defin-
ing a framework also used in this paper, and providing baseline results. However,
it treats all users uniformly, deferring the question of how personalization can
enhance LLM-based autocompletion to future work.

3 Problem Definition and Setup

Modeling autocompletion of user-chatbot interactions. We use the se-
quential modeling proposed in [9]: at each step, an autocomplete solution (AC)
receives a context consisting of all previous conversation turns, along with the
prefix of the current turn. AC produces a list of candidate completions. These
candidates are ranked to determine the top-k suggestions shown to the user,
who may accept a suggestion or continue typing. If a completion is accepted, it’s
appended to the prefix. The process repeats until the end of the user turn.
Personalization Schemes. Personalization can be applied at two stages of
the autocompletion solution: generation, where the context is augmented so
that the candidates themselves reflect user-specific information, and ranking,
where generated candidates are reordered using additional user signals. We con-
sider two sources of personalization signals: prior interactions, capturing a user’s
style and topical continuity, and external features, such as demographics or
stated preferences. We evaluate each scheme individually to assess its contribu-
tion and examine their combinations to explore potential compounding effects.

Table 1: Dataset statistics.
WildChat PRISM

Users 871 246
Conversations 9,324 1,483
Messages 18,571 4,996
Prefixes 41,171 2,825
History Length 7,313 1,995

Datasets. We evaluate on two datasets
containing conversations between users and a
chatbot assistant, selected as they maintain
user identification and capture multiple inter-
actions per user. WildChat [22] is a compre-
hensive multi-turn dataset consisting of time-
stamped conversations collected via a chatbot
service powered by GPT API. PRISM [11]
gathers conversations conducted by diverse
participants from different countries, as well as sociodemographic features and
other stated preferences. Table 1 summarizes the stats of the curated datasets.
Following [9] we first filter out non-English conversations. Then, for each user-
turn we extract all possible prefixes and pair each with the entire conversation
history up to that point as its context. The suffix of the prompt is the ground-
truth completion. History Length is average characters per user.
Models. We evaluate our methods on two open-source LLMs: Mistral-7B [10]
and Phi-3.5-mini (3.8B) [1]. These models were selected as compact yet compet-
itive representatives, balancing efficiency with performance. Candidate comple-



4 Authors Suppressed Due to Excessive Length

tions are generated by prompting the model with the context appropriate to the
evaluated personalization scheme, followed by the current user prefix.
Metric. We use the saved@k metric proposed by [9] to measure the pro-
portion of characters the autocomplete process saves for the user. Formally,

saved@k =
len(accepted_text)− #acceptances

len(full_turn)− 1
, where k denotes the number

of suggestions shown to the user at each step. We simulate acceptances using
exact string match.

4 Results

4.1 Personalized Generation

In this section, we explore the effect of adding a user’s personal data to the
context when generating completions. Table 2 summarizes the results for the
WildChat and PRISM datasets. We experimented with prepending previous user
messages to the prefix, and with using personal features like age, location etc.

Table 2: Personalized generation results on WildChat and PRISM. Best and
second-best for each configuration (dataset, model, k) are bold and underlined.

Dataset Personalized
Generation Scheme #prev.

Mistral (7B) Phi-3.5-mini (3.8B)

saved@1 saved@5 saved@100 saved@1 saved@5 saved@100

WildChat No Personalization - 26.75 39.85 41.43 24.68 37.31 39.15
Previous Messages 1 33.93 48.04 49.82 30.73 44.17 46.29
Previous Messages 3 36.43 51.05 53.11 33.39 47.29 49.52
Previous Messages 5 37.26 52.19 54.14 33.91 48.10 50.23
Previous Messages 10 37.83 52.75 54.77 34.19 48.21 50.44
Previous Messages 20 37.61 52.45 54.49 32.42 45.99 47.96
Previous Messages All 37.01 51.59 53.56 29.81 41.96 43.92

PRISM No Personalization - 26.48 38.66 39.55 24.61 35.54 37.07
Previous Messages 1 26.76 39.54 40.46 25.15 35.96 37.49
Previous Messages 3 28.25 41.78 43.33 26.25 37.66 39.37
Previous Messages 5 29.78 41.83 43.04 25.48 37.36 38.60
Previous Messages 10 29.95 43.92 45.50 26.80 38.69 40.08
Previous Messages 20 29.04 43.17 45.61 27.49 38.74 40.73
Previous Messages All 30.51 44.10 45.44 27.05 38.06 39.49
Personal Features - 29.06 41.40 42.46 25.95 38.21 39.79
Combined 1 28.52 42.30 44.07 25.51 38.26 39.73
Combined 3 29.26 42.52 44.12 25.63 37.01 38.65
Combined 5 28.68 41.93 43.70 27.20 38.40 40.21
Combined 10 29.52 43.81 45.18 27.46 39.23 40.93
Combined 20 29.77 43.92 45.81 27.58 39.51 40.97
Combined All 30.43 45.22 46.73 27.83 39.56 41.42

Previous Messages. We use a varying number of the most recent messages.
For the WildChat dataset, we observe substantial gains using this scheme. Most
gains came from the first few messages: for example, saved@1 increased from
26.75% to 33.93% for Mistral, and from 24.68% to 30.73% for Phi when adding
just a single prior message. Performance peaked at 10 messages before declining,
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suggesting that overly long contexts may dilute the signal.
In contrast, the PRISM dataset exhibited a more gradual trend. Gains from re-
cent messages were modest, with minimal improvement from the first message
alone (e.g.: saved@1 for Mistral improved from 26.48% to 26.76%.) However, per-
formance continued to improve as more context was added, peaking when using
20 messages for Phi and all available messages for saved@1 and saved@5 for Mis-
tral, suggesting that the larger Mistral is more capable of handling longer con-
texts. Differences between the datasets can be attributed to the longer messages
in WildChat compared to PRISM (Table 1), which likely provide a richer sig-
nal for personalization. Moreover, in the curation process of the PRISM dataset
users were encouraged to ask LLMs about different topics, limiting the relevance
of previous messages. In summary, incorporating prior messages improves per-
sonalization, with the extent of the benefit varying across datasets and models.

Personal Features. Using PRISM’s survey data, we utilized the available
user features by constructing a personal intro for each user - a short natural
language summary of the user’s features, such as: age, country, education, etc.
The personal features are inserted into a fixed template. Following is a shortened
illustration of such a summary (actual intros contained more features):

I am a 45-54 year old male from the United States of America.
I have a graduate degree. My marital status is married. I have 2 kids.
I value learning and self-improvement.

Intros were prepended to the input prefix. Adding a personal intro alone im-
proved performance, indicating that explicit user features provide a meaningful
personalization signal. For Mistral, the improvement was comparable to includ-
ing 2-3 recent messages, while for Phi it matched the effect of 5-10 messages.
Combined. We also combine the personal intro with previous messages (by
placing the intro before the messages) and observe a compounding effect: per-
formance improves further, suggesting that personal intros and message history
provide complementary forms of personalization. While intros summarize static
user attributes, they lack the stylistic and contextual cues that can be found in
prior messages.

4.2 Personalized Ranking

In this section, we explore improvement in the ranking of completions offered
to the user. This seems beneficial as we observe a substantial performance gap
between smaller realistic ks such as 1 or 3 and larger values such as 5 or more.

Previous Messages. We experimented with re-ranking the top 5 comple-
tions (as determined by log-likelihood) using various similarity-based methods:
cosine similarity between embeddings, edit distance, and Jaccard distance. For
each method, we tested two aggregation strategies: maximum similarity (i.e.,
similarity to the most similar prior message) and mean similarity (mean across
all previous messages). To compute these scores, we concatenated the input pre-
fix with its candidate completion and compared the resulting message to the
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Table 3: Personal ranking comparison (saved@1) on WildChat and PRISM: Log-
likelihood (LogL) vs. Jaccard-based solution (Jaccard + LogL) similarity.

Dataset Personalized
Generation Scheme #prev.

Mistral (7B) Phi-3.5-mini (3.8B)

LogL Jaccard + LogL ∆ LogL Jaccard + LogL ∆

WildChat No Personalization - 26.75 27.48 +0.73 24.68 26.14 +1.46
Previous Messages All 37.01 39.00 +1.99 29.81 32.81 +3.00

PRISM No Personalization - 26.48 26.69 +0.21 24.61 24.57 -0.04
Previous Messages All 30.51 30.70 +0.18 27.05 26.93 -0.12

user’s previous messages. We also explored combining similarity scores via a
weighted sum. Out of all of these variations, using a combination of Jaccard and
log-likelihood aggregated using maximum similarity yielded the best results, and
is reported in Table 3. This is likely due to the fact that Jaccard similarity cap-
tures repeated words from previous turns, providing a strong signal for ranking.

For the WildChat dataset, re-ranking with Jaccard similarity improved re-
sults by 0.73% for Mistral and 1.46% for Phi. Combining this solution with
personalized generation increased gains, reaching up to 3%. The largest im-
provements were observed when using all previous messages, suggesting that
this approach may help mitigate the adverse effects of excessive context, by
steering the ranking back toward the most relevant parts of the user’s history.
Results on the PRISM dataset were mixed, with gains being modest. For Mis-
tral, personalizing using the Jaccard-based solution modestly improved results
(+0.18%). Combining with personalized generation slightly reduced the gap
(+0.11%), while Phi actually showed minimal drops in performance. This echoes
the trend we observed: WildChat’s longer topic-focused turns provide strong per-
sonalization signals, while PRISM’s inherent topic shifts limit their usefulness.

Personal Features. To complete the four schemes, we also re-ranked com-
pletions using external user features from PRISM. We started by using a strong
model for this task to gauge the ability of the most sophisticated models available
today to utilize these features - we chose Claude 3.7 Sonnet to re-rank the top five
log-likelihood completions according to user features. We also experimented with
the DSPy5 framework to optimize prompts for the task to improve even further.
Despite using such a strong solution, which is impractical for online use-cases,
this approach underperformed compared to log-likelihood ranking. On Mistral
with PRISM, saved@1 dropped from 26.96% with log-likelihood to 24.43% with
feature-based ranking, while saved@2 decreased from 32.61% to 31.02% and
saved@3 from 35.64% to 34.12%. This is an important negative result of our
work - reranking with external user features does not seem to bring value. We
hypothesize that this is due to the fact that user style, which is important for
reranking, is not well represented in these signals.

5 We used the MIPROv2 algorithm: https://github.com/stanfordnlp/dspy
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5 Conclusions

We extensively studied personalization for chatbot autocompletion, evaluating
four schemes across generation and ranking using prior messages and external
features. Our experiments show that personalization consistently improves per-
formance, in some cases reaching improvements of over 45%. This highlights
personalization as an important component in building effective autocomplete
systems that produce effective completions. We find that personalizing the gen-
eration step of the autocompletion solution is more important than doing so for
the ranking step. Also, that leveraging conversational history brings the lion’s
share of the gains, while external features have weaker impact, but offer com-
plementary signals to the history approach. These findings serve as a spotlight
for researchers and practitioners trying to personalize autocomplete solutions.
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