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Abstract

We study improving predictive typing via per-user personalization of a
large language model (LLM). We evaluate personalization in a time-ordered
setting, using a user’s earlier messages to adapt the LLM to improve pre-
dictions on later messages. We compare a static n-gram and a static LLM
against an LLM adapted via full-parameter fine-tuning, one-time low-rank
adaptation (LoRA), and multiple progressive LoRA updates. In a simulated
predictive keyboard, the static LLM increased keystroke savings by 13%
compared to the n-gram model. Adapting the parameters of the LLM only
offered a small additional increase of 0.5%. We found this was due to the
strong personalization provided by conditioning the LLM on the 512 previ-
ous characters of a user’s sent emails. Without this conditioning, perplexity
increased sharply by 20% relative.

1 Introduction and related work

Typing can be slow and effortful for some people, including those with motor impairments
(Cai et al., 2024), those facing situational constraints (e.g. typing on a phone while walking),
or those writing in a language they are learning (Sarsenbayeva et al., 2017; Al-Fattah, 2018).
Within this space, Augmentative and Alternative Communication (AAC) provides a high-
impact motivating case. AAC users often write letter-by-letter using input methods such as
eye tracking or single-switch (Beukelman & Light, 2020). Typical AAC text entry rates are
5-10 words per minute, much slower than spoken speech (Trnka & McCoy, 2008).

Text entry interfaces often try to reduce this burden by using a language model to autocorrect
noisy input and by offering text predictions. However, these models are typically trained
on generic corpora and deployed unchanged for every user, despite users’ need to write
specific text (e.g. names, contacts, or habitual phrases) and changes in their language use
over time. Language model personalization aims to address this mismatch.

Early adaptive language modeling approaches included cache models (Kuhn & De Mori,
1990; Jelinek et al., 1991) and Prediction by Partial Matching (PPM) (Cleary & Witten, 1984;
Ward et al., 2000). Later neural approaches used recurrent neural network language models
(RNNLMs) (Mikolov et al., 2010). Using time-ordered Enron email, Fowler et al. (2015)
studied cache-based personalization for touchscreen typing, while Adhikary & Vertanen
(2023) evaluated personalized PPM and RNNLM approaches. Recent AAC work has
explored keyword-conditioned utterance generation, phrase suggestions, and abbreviation
expansion (Shen et al., 2022; Valencia et al., 2023; Cai et al., 2024). Closest to our setting,
Gaines & Vertanen (2025) evaluated LLMs as character predictors for AAC and reported
both character-level perplexity and keystroke savings in a predictive keyboard simulator.
While previous work shows the value of personalization and LLM-based assistance for text
entry, they do not evaluate progressive per-user LLM personalization.

We study progressive personalization of LLMs on real email data from the Enron corpus
(Klimt & Yang, 2004). We ask how much text prediction improves when we adapt an LLM
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to an employee’s past messages. To measure prediction accuracy and typing effort, we use
per-character perplexity and keystroke savings (Trnka & McCoy, 2008).

We consider two personalization settings. In one-time personalization, we first adapt the
model on the first half of the sent emails of a user (an Enron employee). We leave the model
frozen while evaluating on the user’s second half of sent emails. In progressive personalization,
we periodically update the model as we pass through the second half of a user’s emails.
Progressive personalization aims to adapt to ongoing changes in a user’s topics or style.

We make the following contributions:

1. We find conditioning on long left context offers strong LLM personalization ability.
2. We show progressive fine-tuning provides a small, but consistent gain across all users.

3. We show parameter efficient fine-tuning performs similar to full parameter fine-tuning.

2 Dataset, procedure, and language models

We used the Enron Personalization Validation Set.! The dataset contains sent emails from
45 development and 44 test users. It was assembled by Fowler et al. (2015) for touch-
screen typing and later normalized by Adhikary & Vertanen (2023) for PPM and RNNLM

personalization; we use the latter version.2

We split each user’s time-ordered sent emails into two equal-sized sets denoted seed (the
first 50%) and evaluation (the second 50%). The seed set was the only user-specific text
available before evaluation. All results were on the evaluation set. This approach follows
Adhikary & Vertanen (2023) who evaluated with and without adapting on earlier messages
(“primed” versus “flat start”). In the progressive setting, we processed the evaluation set in
time-ordered chunks, scoring a chunk before using it to adapt the model.

We used 10 of the 45 development users, denoted DEV, for choosing the LLM size and
left-context length and for tuning hyperparameters. We selected users representative of the
distribution of available email data (Figure 1). After fixing all choices, we used 44 test users
(denoted TEST) for our final evaluation.

We normalized all text to lowercase and stripped characters aside letters, space, and apostro-
phe. We excluded phrases containing digits. Character perplexity was over this vocabulary
of 28 characters. We used the algorithm from Gaines & Vertanen (2025) for calculating
character perplexity under a subword tokenized LLM.

We computed keystroke savings as the percentage of keystrokes a user making no typing
mistakes would save by making optimal use of offered word predictions. We simulated
a keyboard with three prediction slots. One slot was reserved for the literal characters
typed. Thus, our simulated user could always obtain their desired text. The other two slots
extended the currently typed text with the most likely next words under the language model.
Our simulator had no explicit word list, rather, we conducted a beam search looking for
character sequences ending in a space, comma, exclamation mark, question mark, or period.
We assume selecting a prediction required one keystroke and produced any following space.
Higher keystroke savings is better.

We tested LLMs from the OPT family (Zhang et al., 2022) as Gaines & Vertanen (2025) found
it performed well compared to other model families. As a non-LLM baseline, we used a

12-gram model with 408 M parameters trained on 21 B characters of text.?

We tuned our LLM’s fine-tuning hyperparameters on DEV. For all approaches, we tuned the
dropout rate, learning rate, weight decay, and epochs. For LoRA (Hu et al., 2022) approaches,
we also tuned adapter rank and alpha. For progressive personalization, we also tuned the
number of phrases between adaptation. See Section A.3 for details.

thttps://github.com/google-research-datasets/EnronPersonalizationvalidation
2https://osf.10/45p3j/
3We used the Dec 2019 huge model from https://osf.io/ajm7t/
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Language model Perplexity | Seconds per character

OPT-125M 2.73 0.068
OPT-350M 2.66 0.083
OPT-1.3B 2.57 0.082
OPT-2.7B 2.54 0.092
OPT-6.7B 2.51 0.096
OPT-13B 2.50 0.115

Table 1: Per-character perplexity and inference time on DEV of different size LLMs.

Left context character limit Perplexity | Seconds per character

0 2.50 0.115
64 2.33 0.119
128 2.20 0.125
256 2.11 0.144
512 2.05 0.185
1024 2.02 0.275

Table 2: Per-character perplexity and inference time on DEV with increasing left context.

3 Experiments

LLM model size. We tested OPT LLMs of increasing size. We computed the perplexity
of the evaluation split set for each user in the DEV set. The perplexity of each phrase was
computed in isolation (i.e. we did not condition on previous phrases in a user’s data). As
expected, LLMs with more parameters provided better predictions (Table 1). Based on this,
we used the largest 13 billion parameter model for our remaining experiments. We have

released our dataset to facilitate future research.*

Amount of left context. On DEV, we explored the impact of how much context to use from a
user’s previous emails. We added words until we reached a specific left context character limit.
As shown in Table 2, the LLM was able to leverage the left context to make substantially
better predictions. For the remainder of our results, we use a left context limit of 512 as it
obtained the majority of the perplexity gains without unduly increasing inference latency.

Static models. Our main evaluation results on TEST are shown in Table 3. We tested a static
n-gram language model and a pretrained LLM (OPT-13B). As expected, the LLM performed
substantially better, reducing perplexity from 3.00 to 2.05 and increasing keystroke savings
from 54.8% to 67.5%. For comparison, the perplexity on TEST using the LLM using no
left context was 2.46. This shows the LLM could leverage large amounts of left context to
provide improved user-specific predictions even without adaptation of model parameters.

Adaptive models. We first tried one-time full parameter fine-tuning of the LLM on each
user’s seed set. This reduced the perplexity slightly from 2.05 to 2.03 and increased the
keystroke savings by 0.5%. We found a LoRA adapter performed similar to full fine-tuning
with the same perplexity of 2.03 with a slight decrease in keystroke savings from 68.0%
to 67.9%. However, LoORA reduced the mean fine-tuning time per user from 66.9 to 30.8
minutes on four NVIDIA A100 GPUs. We attempted to further improve personalization
by progressively fine-tuning the adapter every 128 evaluation phrases. While this slightly
reduced perplexity from 2.03 to 2.02, it produced no improvement in keystroke savings.

We also inspected per-user changes in perplexity relative to the baseline LLM. Full fine-
tuning and LoRA improved perplexity for most users, while progressive LoORA improved
perplexity for every user (see Section A.2 for details). Thus the average gains were driven
by improvement across most users and not by improvements on a small number of users.

4https://osf. io/f8x6q/
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Language Adaptation

model method onseed? oneval? Perplexity | Keystroke savings 1
12-gram none no no 3.00 4+ 0.047 54.8 +0.5%
OPT-13B none no no 2.05 4+ 0.038 67.5+0.6%
OPT-13B one-time full fine-tuning yes no 2.03 +0.039 68.0 +0.6%
OPT-13B one-time LoRA fine-tuning  yes no 2.03 £0.038 67.9 £0.6%
OPT-13B progressive LoRA fine-tuning yes yes 2.02 +0.039 67.9 +0.6%

Table 3: Perplexity and keystroke savings of different language models and adaptation
methods on TEST. + values are nonparametric user-level bootstrap 95% confidence intervals.

4 Discussion and conclusion

Our results show OPT-13B substantially outperformed the static 12-gram baseline at the
task of predictive typing. We found using 512 characters of left context captured most of the
personalization benefit. This suggests recent text from a user’s own email stream is already
a powerful form of personalization, even when the LLM’s parameters are not updated.

Fine-tuning provided smaller but useful additional gains. Full-parameter fine-tuning and
LoRA achieved similar performance, while LoRA was faster. Progressive LoRA further
improved perplexity but not keystroke savings. A likely explanation is that perplexity
responds to improvements in the probability assigned to the correct next character, whereas
keystroke savings improve only when the target word enters one of the prediction slots early.
Thus, a small perplexity improvement does not necessarily cause a reduction in keystrokes.

Our per-user results showed the vast majority of users benefited from some form of model
adaptation (Section A.2). Progressive LoORA was the most robust and improved perplexity
for all users. This suggests that periodic updates may be advisable to help the language
model track ongoing changes in a user’s topics or writing style.

Context-only and parameter-based personalization have different deployment trade-offs.
Context-only personalization requires no user-specific adaptation or storage. However,
processing longer context increases inference latency. We found increasing from 0 to 512 char-
acters of context increased latency from 0.115 to 0.185 seconds. While this might be reduced
via methods such as key-value (KV) caching, such methods can add complexity and require
more memory. Parameter-based personalization can avoid increased latency, but requires
occasional compute-intensive periods for adaptation and model storage. Both approaches
raise privacy concerns: context-only personalization requires retaining a user’s recent text,
whereas parameter adaptation creates a user model that must be protected. Given the small
gains of parameter adaptation, context-only personalization appears preferable.

There are several limitations. While AAC was a motivating application for this work,
our experiments used Enron emails, which may differ from the style of text AAC users
wish to generate. We used a predictive-typing simulator that assumed a user making no
mistakes. Gains in a real-world keyboard would likely be lower. We used an LLM with 13
billion parameters that required multiple high-end GPUs to perform adaptation. Thus our
results should be viewed as an exploration of possible future gains rather than a currently
deployable system. We used a single set of optimized hyperparameters. This was despite
users having very different amounts of available adaptation text. Users with short, medium,
and long histories may benefit from different hyperparameters. Additionally, a user might
benefit from updating their initial hyperparameters as more text becomes available.

In conclusion, we conducted experiments on the sent emails of a large set of 44 users. We
explored different ways to leverage each user’s past emails to predict their future messages.
While we initially thought fine-tuning an LLM’s parameters would be key, we found simply
conditioning on a large amount of previous text provided the majority of the gains.
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Table 4: Dataset statistics after preprocessing.

- Total Words per user
Partition
Users Phrases Words Median Min. Max.
DEv 45 109,696 1,069,532 13,585 2,581 177,216
TEST 44 92,784 968,531 11,651 2,196 107,709
gev33 16.776 tst18 12,039
eva2 12,758
dev03* - O, 047 tst27 7,412
dev07 -— 6,640 tst24 6,531
dev4] -— 5,308 tst21 6,207
dev3? -— 5,630 tst13 5,157
deva0 -fmmm— 3,787 tstd3 4,237
dev31 -mm— 3,430 tst09 4,064
dev16 -mmmm— 3,401 tst20 3,417
dev37* - 2,836 tst19 2,991
dev30 -fmmm— 2,800 tst39 2,794
dev05 -mm— 2,794 tst29 2,784
dev34* -mmm—— 2,679 tst42 2,495
dev14* -mm— 2,534 tst26 2,414
dev35 -fmmm— 2,507 tst08 2,261
dev01 - 1,972 tst1l 2,109
devl5 - 1,946 tst30 2,090
dev36* - 1,831 tst03 2,074
dev20 - 1,735 tst4l 2,073
dev12 - 1,658 tst05 1,883
dev08 - 1,641 tst32 1,738
dev21* - 1,595 tst37 1,558
devas - 1,310 tstl12 1,384
dev23 - 1,234 tstl5 1,153
dev02 -jmm 953 tst36 1,148
dev17 -fmm 909 tst38 803
dev10 - 743 tst10 794
dev27* 716 t<t06 760
devll -mm 684 tst35 730
dev26 - 666 tet01 715
dev04 - 654 tetl7 698
dev24* - 628 tet28 686
dev22 M 626 tetl6 639
dev39 - 560 tet33 619
dev09* -l 554 tet02 617
deva4 -l 540 tet34 —mm 500
dev29 i 404 tet04 Jmm 480
dev06* -l 395 tet25 m 461
dev25 -u 386 tst31 418
dev38 i 363 tet07 Jm 402
dev13 i 340 tsta4 - 366
dev1s 1 303 tst40 -u 304
dev28 i 287 tst14 —m 277
deva3 i 287 tet22 tn 255
dev19 i 259 tst23 -1 247
T T T T T T 1 k T T T T
0 3,000 6,000 9,000 12,000 15,000 18,000 21,000 0 3,000 6,000 9,000 12,000 15,000
Phrases

Phrases

Figure 1: Number of phrases per user in the full 45-user development partition (left) and
the 44-user TEST set (right), sorted from most to fewest phrases. Asterisks and darker labels
indicate the fixed 10-user DEV subset used for model selection and hyperparameter tuning.

A Appendix

A.1 Enron dataset processing

We started with the modified version of the Enron Personalization Validation Set provided
by Adhikary & Vertanen (2023). For each Enron employee, the dataset has a time-ordered
list of phrases from the employee’s sent emails. A phrase is normally a full sentence. The
employees were split into a development partition containing 45 users and a test partition
containing 44 users.

We further processed the dataset by removing phrases containing digits. For the remaining
phrases, prediction targets were converted to lowercase and restricted to letters, spaces, and
apostrophes by stripping other characters. We split each user’s chronologically ordered
stream at its midpoint, using the earlier half as seed data and the later half for evaluation.
Table 4 summarizes the full 45-user development partition and the 44-user TEST partition
after preprocessing.

Figure 1 shows the number of phrases available for each user in the full development and test
partitions after our preprocessing. To reduce computation for our development experiments,
we constructed DEV from a representative subset of the full 45-user development partition.
In particular, we used dev03, dev06, dev(9, dev14, dev2l, dev24, dev27, dev34, dev36,
and dev37. These users were used for model selection and hyperparameter tuning. We
constructed our TEST set from all 44 users in the test partition.
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Figure 2: Per-user changes in per-character perplexity relative to the non-personalized OPT-
13B model. The top panel shows full fine-tuning, the middle panel shows LoRA fine-tuning,
and the bottom panel shows progressive LoRA fine-tuning. Negative values indicate lower
perplexity than the base model. Users are sorted from most to least improved in each graph.

A.2 Per-user perplexity changes

We compared three different methods for personalizing an LLM based on each user’s data:

¢ Full parameter fine-tuning on the user’s seed set.
* LoRA fine-tuning on the user’s seed set.

* LoRA fine-tuning on the user’s seed set, followed by progressive LoRA fine-tuning
every 128 phrases.

For each user and method, we computed the change in per-character perplexity between
the adaptation method (PPLeth0q) and the non-personalized OPT-13B baseline (PPLy,,q.):

APPL = PPLpnethod — PPLpase- @

Negative values indicate personalization improved prediction for that user, while positive
values indicate personalization degraded prediction. As shown in Figure 2, the vast majority
of users saw improved predictions. In the case of progressive fine-tuning, all users saw an
improvement. Full-parameter fine-tuning improved PPL for 38 of 44 users, LoORA improved
PPL for 41 of 44 users, and progressive LoRA improved PPL for all 44 users. The mean
APPL values for the methods were —0.018, —0.016, and —0.024, respectively.

A.3 Hyperparameter tuning

For our three LLM personalization methods, we searched for the best hyperparameters.
We selected the hyperparameters that minimized the mean per-character perplexity across
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Setting Chunk LoRA LoRA Dropout Warmup Stable Learning Weight Epochs
size rank alpha rate rate decay

Full fine-tuning - - - 0.2 2 015 1x10°° 0.05 2

LoRA - 8 16 0.1 2 015 3x107¢ 0.00 2

Progressive LoORA 128 8 16 0.1 2 015 3x10°* 0.00 1

Table 5: Fine-tuned hyperparameters for our three OPT-13B personalization methods.

the on our fixed 10-user DEV subset, selected from the full partition of 45 development
users. Each optimization trial was conducted on four NVIDIA A100 GPUs, each with 40 GB
of memory. To reduce per-device memory requirements, we employed DeepSpeed ZeRO
stage 3 (Rajbhandari et al., 2020). All trials used OPT-13B with a left context of up to 512
characters. We optimized each method for approximately two GPU days. The reported
LLM inference latencies were measured using FP16 on a single NVIDIA A100 GPU per
evaluation process.

We tuned the dropout rate, learning rate, weight decay, and epochs. We selected the learning
rate from the candidate set [5e-6, 7e-6, 8e-6, 1e-5, 1.3e-5, 1e-4, 3e-4, 3e-3]. The learning-rate
schedule had two additional tunable parameters: the number of warmup steps, selected
from 0 to 10, and the stable fraction, selected from 0.00 to 0.80. The stable fraction controlled
the fraction of training steps for which the learning rate was held fixed before decay. For the
LoRA methods, we additionally tuned the adapter’s rank and alpha.

The progressive LORA method had a parameter chunk size controlling how often we re-fine-
tuned the adapter. We started each of the 10 users with a model fine-tuned on their seed
set using the best hyperparameters found for the non-progressive LORA method. We then
tested each user at chunk sizes of 64, 128, 256, 512, and 1024. Table 5 shows our tuned
hyperparameters.
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