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User Context Generation for Large Language Models
From Mobile Sensing Data
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Abstract—Large language models (LLMs) exhibit remarkable
capabilities in natural language understanding and generation.
However, the accuracy of the inference depends deeply on the con-
texts of queries, especially for personal services. Abundant mobile
sensing data collected by sensors embedded in smart devices can
proactively capture real-time user contexts. However, raw sensing
data are low-quality (e.g., existing missing data and data redun-
dancy) and are incapable of providing accurate contexts. In this
work, we present ConGen, a user context generation framework for
LLMs, aiming at prompting users’ contexts through their implicit
mobile sensing information. ConGen integrates two components:
refined data completion and multi-granularity context compres-
sion. Specifically, the refined data completion couples data-centric
feature selection by leveraging the eXplainable AI (XAI) method
into the data imputation model to generate fewer but more infor-
mative features for efficient and effective context generation. Ad-
ditionally, we implement multi-granularity context compression,
reducing timestep- and context-level data redundancy while fur-
ther elevating context quality. Experiment results show that Con-
Gen can generate more accurate context, surpassing competitive
baselines by 1.3%-8.3% in context inference on all four datasets.
Moreover, context compression significantly reduces redundancy to
1/70 ∼ 1/40 of the original data amount, and further improves
the context accuracy. Finally, the enhanced performance of LLMs,
as demonstrated by both quantitative and qualitative evaluations
of prompting ConGen-generated user contexts, underscores the
effectiveness of ConGen.

Index Terms—Mobile sensing, explainable AI, large language
models, missing data, data redundancy.

I. INTRODUCTION

R ECENTLY, LLMs [1], [2], [3], [4] have attracted
widespread attention due to their abundant knowledge

and remarkable abilities in content generation. Beyond text
comprehension, such powerful capability is beginning to invade
users’ daily lives to fulfill their advanced intelligence demands.
Based on this observation, some attempts in mobile computing
have been made, for example, applying LLMs to robotic con-
trol [5] and designing LLM-powered smart home assistant [6].
In practice, to provide a better user experience and to avoid the
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hallucinations of LLMs [7], LLMs should take real-time user
intents and surrounding environment contexts into account.
However, they usually require users to manually offer such
accurate and specific context descriptions as prompts. While
the reality is that user requests often contain only goals (e.g.,
“Please recommend a song for me.”) without much additional
context information (e.g., “I am running, and recommend a suit-
able song for me.”), the users desire to get real-time responses
consistent with their current status and intents (environmental
status, psychological status, etc.).

The prerequisite for LLMs to provide satisfactory personal
services is to prompt them with sufficient personal context in-
formation. We have noticed that the proliferation of smart mobile
devices allows sensors to be widely embedded around humans
and collect enormous sensing data [8] to proactively capture
user contexts in real-time. If LLMs can leverage these mobile
sensing data, context-aware responses can be proactively pro-
vided without interactively gathering personal contexts through
multiple rounds of conversations with users, which is the existing
methods to obtain user intent [9], [10].

Although the amount of on-device sensing data is enormous,
it cannot be directly used as context for LLMs due to its low-
quality problems. First, mobile sensing data struggles with the
severe missing data problem [11], [12], which would generate
inaccurate even misleading context for LLM. This missing data
issue comes from two reasons: (1) different sampling rates of
sensors cause missing data across the time dimension; (2) the
types and numbers of available sensors embedded in smart
devices are quite different and thus cause the data missing in
the feature dimension [13]. Missing data in various dimensions
seriously affects the generation of accurate user context. To
tackle this problem, some work directly deletes incomplete
samples when dealing with missing data [14], which is ex-
tremely undesirable in the case of high missing proportions and
aggravates the problems of over-fitting due to not enough data
samples [15], [16], [17]. A reasonable approach is to impute
missing data. However, although simple mean imputation or
other heuristic imputation [18] have shown good performance
in some applications, they lose their advantages under highly
heterogeneous sensing data, which arises from different sensor
devices, inconsistent sampling rates, and environmental noise.
Second, mobile sensing data contains massive redundancy in
various dimensions [19], [20], which would incur high latency
for the overall inference pipeline of LLMs. This is because
imputing all samples and feeding them to LLMs as contexts
will bring excessive computational overhead. The redundancy
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is mainly in three aspects: (1) feature redundancy: features in
a multi-sensor environment are high-dimensional, and not all
features are informative for generating certain contexts, and
even some confusing features can lead to incorrect contexts; (2)
timestep redundancy: the high sampling rate of sensors leads
to minor differences of data in adjacent timesteps, and thus the
timesteps within a small range will generate the same contexts,
causing redundancy to some extent; (3) context redundancy:
not all contexts are critical with respective to the inference of
LLMs. Some transient transitional contexts, such as shifting
one’s weight while sitting, seem less important than the sustained
activity of “sitting” itself. These transitional contexts act as
noise relative to sustained contexts. Thus, our work focuses
on sustained contexts, which constitute stable, consistent, and
representative indicators for user behavior, and are thereby more
indicative of the users’ long-term habits, preferences and needs.

To address these limitations, in this work, we present ConGen,
a new user Context Generation framework for LLMs, realizing
accurate and compact user context generation by integrating
refined data completion and multi-granularity context compres-
sion. With ConGen, we can prompt LLMs with users’ contexts
by implicitly perceiving users’ sensing information instead of
explicitly asking users to provide it. Such an automatic process
plays an important role in prompt engineering [21], which
ensures LLMs generate relevant, accurate, and context-aware
responses. The first component of ConGen focuses on the refined
data completion. In contrast to the trend of existing work that
strives to complete the data (i.e., impute missing values) [18],
we insist that data completion should generate fewer but more
informative data rather than complete but less informative data.
Therefore, we integrate data-centric feature selection into the
data imputation, and design a refined data completion model
based on XAI methods [22], [23], which jointly handles the
problems of missing data and feature redundancy. The infor-
mative sensing data plays a significant role in generating more
accurate user context for LLMs. The second component is the
multi-granularity context compression, which aims to solve the
timestep- and context-level redundancy issues and is achieved
by sparsely merging user contexts and pruning non-critical user
contexts. The compression method reduces the inference latency
of LLMs while further improving the context accuracy and
compactness.

The contributions of this work are summarized as follows:
� To the best of our knowledge, we are the first to process

low-quality mobile sensing data into accurate and compact
user contexts and prompt them into LLMs, automatically
augmented LLMs with user contexts.

� We propose ConGen, a novel framework for generating
accurate and compact user contexts for LLMs through
refined data completion and multi-granularity context com-
pression. Specifically, ConGen leverages XAI method for
data-centric feature selection during data imputation, pro-
ducing fewer but more informative data, and applies multi-
granularity context compression for further redundancy
reduction to improve the efficiency of context generation.

� We demonstrate the advantages of ConGen with four
public mobile sensing motion datasets, which shows
that ConGen outperforms state-of-the-art baselines by

generating accurate and compact user contexts. Specifi-
cally, the accuracy of contexts generated by more infor-
mative features surpasses baselines by 1.3%-8.3% in all
datasets. ConGen further improves the context sequence
accuracy when reducing redundancy to 1/70 ∼ 1/40 of
the original data.

� We finally demonstrate that ConGen-generated contexts
can improve the performance of LLMs quantitatively and
qualitatively, further verifying the effectiveness of ConGen
and showing the potential of mobile sensing data as user
contexts for LLMs.

The rest of this work is organized as follows. We first give the
overview, conduct a motivation study, and define the problem
statement in Section II. In Sections III and IV, we give the
specific design of refined data completion and multi-granularity
context compression, respectively. We summarize the system
workflow in Section V. Then in Section VI, we thoroughly
evaluate ConGen. We give the related literature in Section VII.
In Section VIII, we discuss the limitations and future directions
of ConGen. Eventually, we give a summary of our work in
Section IX.

II. PRELIMINARIES

A. Overview

As shown in Fig. 1, the whole process of perceiving user
contexts from mobile sensing data for LLMs includes data col-
lection, context generation, and context-aware query to LLMs.
Among them, ConGen focuses on the process of user context
generation and the ultimate goal is to bridge raw sensing data and
user queries in LLMs by generating accurate and compact con-
texts. These contexts act as implicit prompts (e.g., “rope jumping
for 10 seconds”) that guide LLMs to produce responses tailored
to the user’s real-time state (e.g., recommending upbeat music).
Specifically, ConGen includes two steps: data completion and
context compression, where the data completion generates infor-
mative sensing data, which is critical for improving the accuracy
of user context generation and then further enhancing the LLMs
inference with the augment of detailed contexts information,
and the context compression further improves the accuracy and
compactness of user context and thus reduce the inference delay
of LLMs. Specifically, for data completion, we aim to train a
generator that inputs the missing and redundant sensing raw
data and outputs informative sensing data. Then the informative
sensing data are used to generate a user context sequence. How-
ever, the directly generated user contexts contain various levels
of redundancy, and thus we further perform context compres-
sion to reduce redundancy before sending it to LLMs. Finally,
the compact and accurate user context together with the user
instruction will be sent to LLMs as the context-aware query.

B. Motivation

In this sub-section, we analyze the problem of missing data
and feature redundancy in mobile sensing data to motivate the
design of ConGen.

Missing data: To illustrate the severity of missing data in
mobile sensing, we evaluate its impact on model prediction using
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Fig. 1. The process of querying LLMs with users’ sensing contexts.

Fig. 2. The negative effect of missing data on model predictions and its
potential causes.

the motion dataset PAMAP2 [24]. Specifically, we introduce
three missing proportions—25%, 50%, and 75%1—and train
GRU models on these datasets.2 As shown in Fig. 2(a), data
with different missing proportions degrade model performance
to varying degrees compared to the complete dataset, reducing
the user context accuracy. This highlights the necessity for
data imputation to guarantee the accuracy of the generated user
context.

To understand the reasons for missing data leading to de-
graded model performance, we visualize a sample whose pre-
diction confidence drops significantly from the dataset with a
75% missing proportion in Fig. 2(b). We can observe that the
sample exhibits an incomplete signal waveform, particularly
with missing crucial patterns such as local valley in ❶ and
local peak in ❷. The absence of such key patterns prevents
the model from effectively distinguishing different contexts.
This also explains why simple heuristic imputation methods,
such as mean imputation or adjacent timestep imputation, fail:
filling missing values with a single value cannot restore or
approximate key waveform fluctuations. Therefore, an adaptive
imputation strategy is required to better capture the underlying
data distribution and recover critical features.

Feature redundancy: As mentioned earlier, multi-sensor envi-
ronments often exhibit significant feature redundancy. To illus-
trate this, we conducted Principal Component Analysis (PCA)
on PAMAP2 dataset. We set the sample as 200×10, where
200 represents timesteps and 10 is the sensor features3. To

1Please refer to Section VI-A for more details about the missing dataset
construction method.

2The missing values are filled with zeros
3Specific dataset descriptions are in Section VI-A

Fig. 3. The PCA validation of feature redundancy and the effect of uniform
feature selection on different samples.

capture redundancy across both time and feature dimensions,
we reshape it into a 2000-dimensional feature space and apply
PCA across the dataset. The results in Fig. 3(a) show that
just 72 principal components can explain 90% of the vari-
ance, indicating that the intrinsic dimensionality of the data
is much lower than the original feature space (72 � 2000).
This suggests a strong correlation across both timesteps and
feature channels, further confirming the presence of redun-
dancy. These findings highlight the importance of effective
feature selection strategies in processing mobile sensing data,
as they can help eliminate redundancy and improve model
efficiency.

We further designed a random masking experiment to validate
the influence of the feature selection on different samples to
motivate our design of data-centric feature selection in Con-
Gen. Specifically, we randomly generate five different mask
patterns and apply them uniformly across all samples in five
trials to simulate feature selection. We then evaluate masked
and unmasked test datasets using a model trained on unmasked
data. We analyze prediction consistency by computing the pro-
portions of samples predicted correctly when unmasked but
incorrectly after masking (TP→FP), predicted incorrectly when
unmasked and correctly after masking (FP → TP), or remained
unchanged (unchanged). As shown in Fig. 3(b), some samples
were unaffected, while others experienced positive or negative
impacts. The consistent conclusion is obtained for all five masks.
This suggests that important features vary across samples, mak-
ing a globally fixed feature selection strategy suboptimal and
highlighting the need for data-centric methods to handle data
heterogeneity.
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C. Problem Formulation

We define the time-series sensing data as random vari-
able X ∈ RT×D, where T is the number of timesteps and D
is the feature dimension. Also, the context variable is C ∈
{con1, . . . , conM}T , where coni is the potential user context
(e.g., activity labels like “walking” or “running” in motion
dataset). We use D = {xi, ci}ni=1 to denote the dataset with
n i.i.d. samples of the sensing data X and the corresponding
context label C. Considering the potential data missing issue,
we divide the random variable X into the observed part Xo

and the unobserved part Xu represented by a missing indi-
cator I ∈ {0, 1}T×D, that is Xo = {Xt,d|It,d = 1} and Xu =
{Xt,d|It,d = 0}.

The process of data completion can be formulated as learning
the data distribution pθ(X), where we call pθ the data imputation
model and use it to approximate the true distribution p(X) with
parameters θ. However, rather than simply completing the data
(i.e., imputing missing values), we would like to focus on the
data with fewer but more informative features, which is critical
to enhancing LLMs inference by improving context generation
accuracy. Therefore, we aim to refine the data completion by
integrating the data-centric feature selection technique, i.e., the
eXplainable AI (XAI) method to identify and retain the most
informative features during data imputation. Specifically, we
defineS ∈ {0, 1}T×D as the selected feature indicator to signify
whether the feature is selected or not: St,d = 1 indicates that the
feature Xt,d is selected at the timestep t; otherwise St,d = 0.
Accordingly, we introduce XS = {Xt,d|St,d = 1} to indicate
the selected feature subset. Therefore, we can formulate the re-
fined data completion of the time series sensing data as learning
a joint distribution of the sensing dataX and the selected feature
indicator S:

pθ,ψ(X,S) = pθ(X)pψ(S|X),

where we regard pψ as the feature selector to approximate the
true conditional distribution p(S|Xo, Xu) with parameters ψ.
The data imputation model pθ and feature selector pψ jointly
form the generator. Marginalizing out the uncertainty aboutXu

by integrating over Xu to optimize parameters solely on Xo,
the above equation becomes

pθ,ψ(X
o, S) =

∫
pθ(X

o, Xu)pψ(S|Xo, Xu)dXu. (1)

III. REFINED DATA COMPLETION

In this section, we introduce how to conduct refined data
completion, which includes data imputation and data-centric
feature selection as discussed above. We will discuss them
in detail in Section III-A and Section III-B, respectively. The
overall architecture is shown in Fig. 4.

A. Data Imputation

In this sub-section, we design a latent variable generative
model for data imputation for the consideration of latent vari-
ables to better capture potential sensor-related characteristics.

Fig. 4. Overview of refined data completion. Refined data completion incor-
porates the data-centric feature selection into the data imputation for obtaining
the informative sensing data to generate accurate user context.

For the intractable integral over the latent variable and unob-
served data due to the complexity of sensing data, we use impor-
tance sampling to approximate it by focusing on representative
samples, and thus filtering out noise.

We provide a detailed explanation of the data imputation
model pθ. We begin by introducing a latent variable Z ∈ Z ,
which is widely used in generative models [25], [26]. Compared
with original variables, latent variables can better capture the
potential characteristics of the data, which is critical for sensing
data completion since sensing data is inseparable from the under-
lying physical state of the sensors [27]. Therefore, by introducing
Z, (1) converts to

pθ,ψ(X
o, S) =

∫
pθ(X

o|Z)pθ(Xu|Z)

× pθ(Z)pψ(S|Xo, Xu)dZdXu, (2)

which is under the assumption thatXo andXu are independent
given Z4.

However, the direct calculation of integrals over the latent
variable and the unobserved data is impractical. This difficulty
arises primarily from the high dimensionality and the intricate
dependencies characteristic of sensing data, such as non-linear
temporal dependencies, interactions between different sensor
readings, and so on. To address this, we refer to the Importance
Weighted Autoencoder (IWAE) [28], which leverages impor-
tance sampling [29] to approximate the intractable integral by
generating samples from a distribution and assigning higher

4This assumption simplifies the joint distribution and reduces computational
complexity, as commonly done in models like VAE [25].
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weights to the most representative ones. This is crucial in sensing
data, as it helps focus on relevant patterns while filtering out
noisy or irrelevant signals that are often present due to envi-
ronmental factors or sensor imperfections, resulting in more
accurate data completion and better capture of the underlying
sensor states. Specifically, we sample Z from a parameterized
conditional distribution q(Z|Xo), the approximation of the in-
tractable p(Z|Xo), which is parametrized by an encoder qγ
with the parameter γ. Therefore, the data imputation model
pθ is converted to pθ,γ . Additionally, for the integral over Xu,
we utilize the conditional distribution pθ(Xu|Z) to sample Xu

given Z. Thus, (2) is converted to

pθ,γ,ψ(X
o, S)

=

∫
pθ(X

o|Z)pθ(Xu|Z)pθ(Z)pψ(S|Xo, Xu)dZdXu

=

∫
pθ(X

o|Z)pθ(Z)pψ(S|Xo, Xu)

qγ(Z|Xo)
qγ(Z|Xo)pθ(X

u|Z)dZdXu

= EZ∼qγ , Xu∼pθ(Xu|Z)

[
pθ(X

o|Z)pθ(Z)pψ(S|Xo, Xu)

qγ(Z|Xo)

]
.

(3)

Then, by using the importance sampling to sample K i.i.d.
samples from qγ(Z|Xo)pθ(X

u|Z), (3) can be written as

pθ,γ,ψ(X
o, S)

.
=

1

K

K∑
k=1

pθ(x
o|zk)pθ(zk)pψ(s|xo, xu,k)

qγ(zk|xo) ,

(xu,1, z1), . . . , (xu,K , zK) ∼ qγ(Z|Xo)pθ(X
u|Z),

(4)

where qγ is the encoder and pθ(X
o|Z) and pθ(X

u|Z) are
decoders (shown in ❶ of Fig. 4). Therefore, we convert the in-
tractable integrals into the tractable sampling for the unobserved
dataXu and the latent variableZ. The imputed data x̃ generated
from pθ,γ , is mixed with the observed partxo and the unobserved
part xu generated from the decoder pθ(Xu|Z).

B. Data-Centric Feature Selection

To further improve the quality of sensing data completion so as
to generate more accurate user contexts, we incorporate the fea-
ture selection into the process to reduce the feature redundancy.
As shown in Fig. 3(b), the importance of features varies across
samples, which challenges conventional global fixed feature
selection strategies and necessitates a data-centric approach that
dynamically adapts to each sample’s characteristics. Therefore,
we summarize the following principles to guide the data-centric
feature selection method: (i) Context-aware selection, i.e., pri-
oritizing the features with strong correlation to user context;
(ii) Instance-wise adaptation, i.e., dynamically adjusting selec-
tion criteria per data instance. Building on these principles,
we leverage the classical concept of mutual information [30]
from information theory to guide its learning by introducing
the user context relevance. To address the challenge of the in-
tractable posterior distribution in mutual information, we derive
a variational lower bound for approximation. Additionally, to

manage the exponential number of possible feature subsets, we
implement subset sampling to reduce the high computational
complexity. Next, we will give detailed introductions to these
designs.

Our core insight is that the optimal feature selection should
maximize the predictive information about user context (the
target variable C, e.g., activity categories in the motion dataset)
while minimizing redundant features. Formally, given input X
and target context C (observed during training as annotated
labels), we aim to find the subset XS that satisfies

max
pψ

I(XS , C) s.t. S ∼ pψ, (5)

where I(·) quantifies the contextual relevance through mutual
information maximization. This formulation directly addresses
the feature redundancy problem by eliminating the features
with low context correlation and adapting selection criteria per
sample through learnable pψ . Continue to derive Equation (5)
in the form of conditional distributions:

I(XS ;C)

= H(C)−H(C|XS)

= H(C) + EXEXS |XEC|XS [log p(C|XS)]

= EXEXS |XEC|XS [log p(C|XS)] + Const (6)

where H(·) is the entropy.
However, it is intractable to compute the expectations under

the posterior distribution p(C|XS). Thus, we introduce a varia-
tional family Q = {q = {qS(C|XS)|S ∈ {0, 1}T×D}}, where
each q is a collection of qS(C|XS) conditioned on a specific
feature subset S to approximate the true posterior p(·|xs).
Specifically, for any qS , we use it to derive the variational lower
bound of p(·|xs):

EXEXS |XEC|XS [log p(C|XS)]

= EXEXS |XEC|XS

[
log qS(C|XS) + log

p(C|XS)

qS(C|XS)

]

= EXEXS |XEC|XS [log qS(C|XS)]

+ EXEXS |XEC|XS

[
log

p(C|XS)

qS(C|XS)

]

= EXEXS |XEC|XS [log qS(C|XS)]

+ EXEXS |X [KL(p(C|XS) ‖ qS(C|XS))]︸ ︷︷ ︸
≥0

≥ EXEXS |XEC|XS [log qS(C|XS)].

Thus, we do not need to compute the posterior p(C|XS) ex-
plicitly by introducing the variational lower bound, and the
optimization objective is relaxed from (5) to the following

max
S∼pψ

EXEXS |XEC|XS [log qS(C|XS)].
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According to the optimization goal above, we can define the
following loss for the feature selector pψ ,

Lψ=−Ex∼XEs∼pψ |X=xEc∼C|XS=xs [log qs(c|xs) + λ ‖ s ‖],
(7)

where λ is the hyper-parameter of the regularization to penalize
the non-zero entries of s for sparsity. Further, we introduce a
predictor network qφ with parameterφ to parametrize qS(C|XS)
as shown in Fig. 4. qφ takes the data x and the selected feature
mask s as inputs5 and outputs the predicted context probability
distribution ĉ = qφ(x̃, s) ∈ [0, 1]T×M . We design the following
loss to train the predictor model qφ

Lφ = E(x,c)∼(X,C), s∼pψ [L(qφ(x, s), c)], (8)

where L is the cross entropy loss between the generated context
ĉ and the ground truth context c. Substitute the predictor model
loss into (7), and we can get

Lψ = E(x,c)∼(X,C)[Es∼pψ [L(qφ(x, s), c) + λ ‖ s ‖]]. (9)

Incorporating the data imputation model pθ,γ into the above
equation, replacing x with the imputed data x̃ and expanding it,
we can obtain the loss for the generator

Lθ,γ,ψ = E(x,c)∼(X,C)[Ex̃,s∼pθ,γ,ψ [L(qφ(x̃, s), c) + λ ‖ s ‖]]

=

∫
X×C

p(x, c)
∑

s∈{0,1}T×D
pθ,γ,ψ(x

o, s)(L(qφ(x̃, s), c)

+ λ ‖ s ‖)dxdc. (10)

We observed that there are 2T×D possible solutions of s, so we
present to sample the feature subset instead of calculating all
subsets as shown in ❷ of Fig. 4.

C. Model Architecture

The refined data completion module incorporates data-centric
feature selection into the data imputation for obtaining the infor-
mative sensing data to generate accurate user context. As shown
in Fig. 4, the module includes the generator and predictor. The
generator pθ,γ,ψ is constituted of the data imputation model pθ,γ
(encoder qγ(Z|Xo), decoderspθ(Xo|Z) andpθ(Xu|Z)) and the
feature selector pψ . The incomplete mobile sensing data are fed
into the data imputation model which outputs the imputed data.
Then the feature selector receives the imputed data and generates
the selection probability. The selected feature indicator is then
sampled from the probability. The selected features are finally
inputted into the predictor for the context generation.

Next, we demonstrate the specific learning networks for each
component used in the refined data completion.

Encoder qγ(Z|Xo): The encoder qγ : RT×D → (Z,Z)
takes the observed data Xo with unobserved data Xu initiated
as zero as inputs and outputs the generated distribution of the
latent variable, which is

qγ(Z|Xo) =

T∏
t=1

N (Zt|μγ(Xo
1:t), σ

2
γ(X

o
1:t)),

5We implement the selected feature subset by xs = x� s.

where μγ and σγ are the learned mean and standard deviation
of the latent distribution realized on a transformer, respec-
tively [31].

Decoders pθ(X
o|Z), pθ(Xu|Z): The two decoders are

defined similarly, and we take pθ(Xo|Z) as an example. The
decoder pθ : Z → (RT×D,RT×D) takes the latent variable as
input and outputs the generated distribution of the observed data,
which is defined as

pθ(X
o|Z) =

T∏
t=1

N (Xo
t |μoθ(Z1:t), σ

o2
θ (Z1:t)),

where μoθ and σoθ are the mean and standard deviation networks
of the observed decoder realized on a transformer, respectively.

Prior model pθ(Z): We assume the Gaussian process as the
prior of Z as in [32]. The definition is as follows

pθ(Z) =
D∏
d=1

N (Z1:T,d|0,K),

where Kij = k(ti, tj), i, j ∈ {1, . . . , T} is the kernel matrix
and k is the kernel function.

Selector pψ(S|Xo, Xu): For the selected feature indica-
tor S ∈ {0, 1}T×D, we define pψ(S|Xo, Xu) as the Bernoulli
distribution as follows

pψ(S|Xo, Xu) =
T∏
t=1

D∏
d=1

Bern(St,d|fψ,t,d(Xo
1:T , X

u
1:T ))

=

T∏
t=1

D∏
d=1

fψ,t,d(X
o
1:T , X

u
1:T )

St,d(1−fψ,t,d(Xo
1:T , X

u
1:T ))

1−St,d ,

where fψ : RT×D → [0, 1]T×D is the selection function to learn
the probability of pψ(S|Xo, Xu). fψ takes the imputed data as
input and outputs the selection probability of each feature, which
means that fψ,t,d(Xo, Xu) represents the probability that we
select Xt,d.

Predictor qφ(C|XS): qφ : RT×D × {0, 1}T×D → [0, 1]M

is set to parameterize q(C|XS). The predictor model takes the
imputed data and the selected feature mask as the input and
outputs the predicted context probability.

D. Model Training

In this sub-section, we introduce how to conduct model train-
ing on the refined data completion module, which consists of
the generator and predictor.

We notice that the sampling of feature subset s in the gen-
erator mentioned in Section III-B introduces discreteness to
the network, which will block the backward propagation from
the predictor to the generator. To address this, we leverage the
actor-critic framework [33]. Here, the generator acts as the actor,
responsible for sampling s, while the predictor serves as the
critic, evaluating the selected features. Instead of relying on
direct gradients through discrete sampling, the actor updates its
parameters using feedback from the critic in the form of rewards
(i.e., the negative loss term −L(qφ(x̃, s), c) from the predictor),
effectively bypassing the issue of discrete sampling and allowing
iterative optimization of both models.
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Fig. 5. The visualization of per-sample context generation, per-timestep context generation and the context sparsely merging.

Now, we derive the gradient for the loss of the generator model
Lθ,γ,ψ in (10),

∇Lθ,γ,ψ =

∫
X×C

p(x, c)
∑

s∈{0,1}T×D
∇pθ,γ,ψ(xo, s)

× (L(qφ(x̃, s), c) + λ ‖ s ‖)dxdc

=

∫
X×C

p(x, c)
∑

s∈{0,1}T×D

∇pθ,γ,ψ(xo, s)
pθ,γ,ψ(xo, s)

pθ,γ,ψ(x
o, s)

× (L(qφ(x̃, s), c) + λ ‖ s ‖)dxdc

=

∫
X×C

p(x, c)
∑

s∈{0,1}T×D
pθ,γ,ψ(x

o, s)∇ log pθ,γ,ψ(x
o, s)

× (L(qφ(x̃, s), c) + λ ‖ s ‖)dxdc
= E(x,c)∼(X,C)[Ex̃,s∼pθ,γ,ψ [∇ log pθ,γ,ψ(x

o, s)(L(qφ(x̃, s), c)

+ λ ‖ s ‖)]]. (11)

The predictor and generator perform gradient descent to update
parameters φ and (θ, γ, ψ) iteratively according to the gradient
of the loss in (8) and the gradient in (11), respectively.

ConGen uses missing time series data to jointly train the
generator and predictor models to generate refined data. We
can observe that ConGen does not perform data imputation and
feature selection separately but connects them together in an
end-to-end manner. Additionally, the selector and predictor will
guide the imputation model to lean toward more informative
features so that it can conduct meaningful imputation.

IV. MULTI-GRANULARITY CONTEXT COMPRESSION

Although the refined data completion handles the missing data
and feature redundancy problems in the sensing data and plays a
significant role in generating accurate user context, there are still
various levels of redundancy, hindering a compact expression
of user context. Also, the high redundancy will bring huge
computational costs to LLMs, which mainly results from (i)

data sampled at a higher rate will cause a high frequency of
context generation, resulting in high-frequency queries; (ii) the
directly generated context sequence may contain non-critical
contents, introducing an additional computational burden of
LLMs inference. Therefore, we design to compress contexts at
multiple granularities to further improve the compactness and
accuracy of context generation, thereby improving the LLMs’
performance while reducing their inference latency.

A. Context Merging

Before introducing our method, it is worth emphasizing
that our approach focuses on per-timestep context generation,
producing contexts for mobile sensing data at each individual
timestep (as illustrated in Fig. 5(b)). In contrast, previous works
typically handle time-series data per sample, employing a sliding
window to group multiple consecutive timesteps of sensing data
as a single sample and predict a single context label for the
entire sample (as shown in Fig. 5(a)). This approach requires
manual data segmentation, as the context must remain consistent
throughout the window, demanding precise knowledge of each
context’s start and end times. This approach is suitable for offline
training but is not optimal for online inference.

Returning to our method, after generating contexts, we query
LLMs at the granularity of context segments (depicted in
Fig. 5(c)) rather than individual contexts. Specifically, we define
the context segment con as a sequence of contexts con =
[con1, con2, . . . , conn] over a duration of l seconds, where n =
l × fs and fs represents the sampling rate6 (i.e., how often data
is collected per second). This allows us to aggregate multiple
contexts into a single segment, reducing the number of queries
to the LLMs by sending the entire segment at once, rather than
querying for each individual context.

However, the context segment con comprises numerous
per-timestep contexts, many of which are duplicates (e.g.,
duplicate colored contexts in Fig. 5(c) “per-timestep context

6For sensors with different sampling rate, we set fs as the highest sampling
rate among them.
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Fig. 6. The visualization of the ground truth context segment and the generated
context segment from PersonActivity dataset, where different color blocks
represent different contexts.

sequence”). To address this, we need to merge adjacent, identical
per-timestep contexts into multi-timestep cumulative contexts
where the adjacent contexts differ (illustrated in Fig. 5(c)
“multi-timestep context sequence”). Direct merging, however,
can result in inaccurate context segments due to incorrect
predictions in per-timestep context generation (as depicted in
Fig. 5(b)). Thus, it is crucial to eliminate incorrectly predicted
contexts. We propose a sparse merging approach, where the
segment is divided into several intervals, and the context for
each interval is determined by the most frequently predicted
context within that interval.

As demonstrated in Fig. 5(c), context sparsely merging elim-
inates a substantial number of contexts, thus reducing the
timestep redundancy. Additionally, it provides opportunities to
remove incorrectly predicted contexts, further improving the
context accuracy.

B. Context Pruning

Although sparse merging reduces timestep redundancy, there
still exists context redundancy in the segment. Because not all
contexts in the context segment are crucial for LLM inference.
To illustrate this, we draw a motion context segment, as shown in
Fig. 6. From top to bottom are the ground truth context segment
and the generated context segment by sparse merging. We can
find that both the two segments are scattered with numerous
non-critical contexts, which mainly come from (i) the incorrect
prediction of the predictor which is obviously inconsistent with
the current state, such as “falling” between “standing up” and
“walking”; (ii) transient transitional contexts bridging sustained
key contexts, such as brief “standing up” from sustained “sitting”
to next sustained “walking”. These non-critical contexts are
meaningless within context segments and their existence will
increase the length of the segment and diminish the LLM’s per-
ception of sustained key contexts, which are more representative
of the user’s state. Therefore, we set a durationΔt. If the duration
of the context is less than Δt, it is determined to be a candidate
non-critical context. Furthermore, we perform an additional
evaluation instead of directly discarding these short-duration
contexts to avoid pruning the transient but critical contexts with
short durations. The specific criteria are: (i) the average pre-
diction confidence of the predicted context across all timesteps
within the duration, ensuring that the context is consistently
predicted with high confidence; and (ii) the data fluctuations (i.e.,
the variance) in a surrounding temporal window before and after
the context, determining whether the context occurs within a

Procedure 1: ConGen.

high-variation region where rapid state transitions are likely, and
thus the context needs to be a critical one. If these two conditions
are met, it indicates a consistently high-confidence prediction
occurring in a dynamic transition region, and the context should
be retained. Conversely, if either criterion is not satisfied, the
context is pruned as originally intended. Such a way provides an
adaptive pruning strategy, ensuring that the critical but transient
contexts remain while preventing the inclusion of the non-
critical ones, thereby refining the overall quality of the context
segment.

V. OVERALL SYSTEM WORKFLOW

For inference, ConGen’s workflow begins by receiving and
caching mobile sensing data over a defined period (as outlined
in Procedure 1, Line 3). The cached data is then input into
the generator (depicted in Fig. 4) for refined completion (Line
4). The process starts with the imputation model (constituted
of the encoder and decoders) imputing the missing data from
the incomplete mobile sensing input (❶ in Fig. 7). After that,
the imputed data enters the selector, which selects only the
most informative features (❷), improving the context accuracy
over simply using the complete data. For example, retaining
accelerometer peaks during “running” ensures the generated
context accurately reflects high-intensity activities, which is
critical for LLMs to answer queries like “Recommend a song”.
These selected, more informative features are then passed to the
predictor to generate per-timestep contexts, forming a complete
context segment (❸, Line 5).

Next, ConGen tackles redundancy by sparsely merging the
context segment (❹) and pruning non-critical and redundant
contexts (❺). This compression step (Line 6) reduces both
timestep- and context-level redundancy, ensuring a streamlined
and efficient data pipeline. For example, by pruning incorrectly
predicted contexts (e.g., transient “standing up” during sustained
“sitting”), the context segment retains only semantically critical
information (e.g., “sitting for 10 seconds”), which directly aligns
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Fig. 7. The workflow of ConGen.

TABLE I
STATISTICAL SUMMARIES OF DATASETS

with user queries (e.g., “Suggest a meditation exercise”). In the
final step, the condensed context segment is combined with
the user instruction and passed to the LLM for context-aware
inference (❻, Lines 7-9), optimizing response accuracy and
relevance. For instance, if the user asks “Recommend a song”
with the context “Running for 10 seconds”, the LLM generate
the responses like “Energetic pop music to match your running
pace.” This seamless integration ensures that the generated con-
texts directly influence LLM outputs, rather than being isolated
from the query process.

This overall process enhances data quality and reduces
redundancy, ensuring more accurate and condensed con-
texts for LLMs and effective and responsive outputs from
LLMs.

VI. EVALUATIONS

In this section, we first explain the evaluation settings, includ-
ing datasets and baselines. Then we evaluate the performance of
ConGen in detail.

A. Datasets

We perform evaluations on four publicly available multivari-
ate time series datasets as shown in Table I, which feature diverse
sensors and contexts: (1) PAMAP2 [24] collects data from
9 users via the temperature sensor, accelerometer, gyroscope,
and magnetometer for 12 contexts (e.g., vacuum cleaning, rope
jumping). (2) USCHAD [34] uses the accelerometer and gyro-
scope to detect 12 contexts (e.g., sitting, walking) from 14 users.
(3) PersonActivity [35] contains readings collected by 4 devices
with a total of 11 contexts. We refer to the partial preprocessing
of [36] to preprocess the dataset to 6554 data points, where each
data point includes 50 timesteps and 12 features. Because some
classes are similar, we merged the 11 contexts into 7 contexts,
namely walking, falling, lying (lying and lying down), sitting

(sitting and sitting down), standing up (standing up from lying,
standing up from sitting and standing up from sitting on the
ground), on all fours and sitting on the ground. The dataset
has 75% missing values. (4) realworldHAR [37] uses 6 types
of sensors, including accelerometer, gyroscope, magnetometer,
GPS, light sensor, and microphone to detect 8 contexts (e.g.,
climbing stairs down and up) from 15 users. The dataset has
36% missing values.

Since PAMAP2 and USCHAD datasets are complete, we
randomly delete 25%, 50%, and 75% of the observed data to
construct the missing values. The specific method is generating
a random mask, the same shape as the dataset, to indicate
whether the value is missing (a value of 0 for a mask element
implies missing, while 1 is not). Different proportions of 0 mean
different missing proportions and we use uniform sampling
to specify the positions of all 0. All datasets are partitioned
into training (80%), validation (10%), and test (10%) sets. We
conduct the per-timestep prediction to suit the requirement of
the online prediction.

B. Baselines

We compare the performance of ConGen with the following
competitive time series data imputation baselines.
� GRUZero: a Gated Recurrent Unit (GRU) [38] classifier

imputed with zero padding.
� GRUMean: a GRU classifier imputed with the mean of the

observed value.
� GRUForward [18]: a GRU classifier imputed with the

latest observed value for each feature.
� GRUSimple [18]: a GRU classifier utilizing the concate-

nation of the imputed value (imputed by the mean or the
latest observed value), mask, and time interval as the input,
where the time interval of each feature is how long since
its last observation.
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Fig. 8. Overall performance (Accuracy (↑) and BS (↓)) comparison on four public datasets with different missing proportions.

� GRUD [18]: a GRU classifier imputed with the mixture of
the latest observed value and the mean, which are weighted
by a coefficient called the learnable decay value.

� PhasedLSTM [39]: an LSTM variant by adding a new time
gate in its cells, so that it can integrate input from sensors
with arbitrary sampling rates.

We also compare ConGen with two classic model-agnostic
XAI methods.
� LIME [22] explains individual predictions by generating

perturbed samples around an input instance, querying the
model for predictions, and fitting a local interpretable
model to approximate feature importance.

� SHAP [23] explains individual predictions by computing
feature importance using Shapley values, which fairly dis-
tribute contribution among features based on cooperative
game theory.

Both LIME and SHAP are extensively used in the XAI
community and have been validated in diverse domains, such
as medical diagnosis [40], [41], finance [42], [43], vision [22]
and NLP [44]. Their well-established theoretical foundations
and broad applicability make them strong baselines for assess-
ing explainability. In principle, these two XAI methods are
general and adaptable to any closed-box model. However, in
per-timestep time series prediction, they treat each timestep as
a sample and perform feature selection on it, which does not
consider the temporal dependency between samples. Therefore,
to preserve the temporal dependence, we perform per-sample
prediction here. We consider timesteps as features as well, so
the feature dimension changes from D to T ×D.

C. Performance of Data Completion

1) Overall Performance With Different Missing Proportions:
We first evaluate the accuracy performance of different methods
on the four datasets. Results in Fig. 8(a)–(d) show that ConGen
outperforms all the baselines with arbitrary missing proportions,

especially with the highest missing proportion 75%. The weaker
performance of baseline methods is due to their inability to han-
dle complex time series dependencies. Fixed-value imputation
strategies like zero-padding or mean imputation obscure critical
transitions in activity recognition tasks and fail to adapt to sensor
data variations. Methods relying on previous observations strug-
gle with non-linear dependencies and cross-sensor correlations,
particularly in multi-sensor scenarios where missing values
in one sensor may depend on both historical and concurrent
readings from others. Another important observation is that
the accuracy of ConGen does not decrease significantly with
a large increase in the missing proportion, which illustrates that
ConGen can achieve robust high-quality data completion even
when there is extremely rare observed data. Moreover, baseline
methods degrade rapidly under high missing proportions: zero
or mean imputation introduces bias, while methods based on the
adjacent timesteps fail when large continuous segments of data
are missing. Moreover, we also calculate Brier Score (BS) [45],
an evaluation function used to measure probability calibration
to quantify the uncertainty of prediction. As can be seen from
Fig. 8(e)–(h), regardless of the dataset and the missing propor-
tion, ConGen maintains the lowest BS among all methods, which
means that our prediction results are the most realistic.

2) Performance of XAI Method: To illustrate the effective-
ness of XAI method, we first use the complete raw data, the
imputed data without feature selection by XAI, and the im-
puted data with feature selection by XAI to train GRU models
on USCHAD and PAMAP2 datasets, respectively. Results in
Fig. 9 show that the imputed data with feature selection guided
by XAI method can be used to generate more accurate contexts.
In particular, the performance on the USCHAD dataset even
exceeds that of complete raw data, confirming that the XAI
method removes features harmful to the contexts.

We also compute the root mean squared error (RMSE) be-
tween the complete raw value and the imputed value without
feature selection by XAI on the USCHAD and PAMAP2 datasets
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Fig. 9. Performance comparison between the imputed data without XAI
method and with XAI method on USCHAD and PAMAP2 with 75% missing
proportions.

Fig. 11. Imputed data with selected features highlighted by blue area. The
time series data is a random 2.5-second sequence of “Running Forward” from
USCHAD with 75% missing proportion. The rows represent the sensors and the
columns represent the axes of the data.

and compare them with mean and forward imputation methods.
Results show that our imputation method (average 0.291 on
PAMAP2 dataset and 0.506 on USCHAD dataset under all
missing proportions) outperforms the mean imputation method
(0.657 and 0.701, respectively), and presents similarly to the
forward imputation method (0.292 and 0.508, respectively).
However, the overall performance in Fig. 8 is significantly
better than GRUForward, which further proves the necessity
and superiority of leveraging XAI.

We further visualize the imputed time series data of 2.5
seconds in Fig. 11 and use the blue area to highlight the selected
features, which clearly shows that XAI method can capture the
periodic characteristics of the signal, which is crucial for context
prediction. This also explains why XAI method can further
improve the prediction performance in Fig. 9. Because there
are uninformative or even harmful features that will interfere
with context generation, further efficient feature selection must
be carried out to achieve the ideal results. In addition, we can
also see that the features selected at different timesteps are
different, illustrating that the XAI method is data-centric and
selects variable features based on data at different timesteps.

We also compare ConGen with two classic model-agnostic
XAI methods. Here, we focus on the overhead of the online infer-
ence. Because when the accuracy of different methods is similar,
the bottleneck of online inference depends on the computational
overhead. Thus, we calculate the computational time of feature
selection using different methods in Fig. 10. We find that the time
of ConGen is 2 ∼ 3 orders of magnitude less than the other two
methods, which illustrates the efficiency of our XAI method. It
is worth noting that the computational speed of LIME and SHAP
is too slow and seriously does not meet the requirements of the

Fig. 10. Computational time comparison among different XAI methods on
the test dataset of PersonActivity.

online scenario. In addition, LIME and SHAP are both post-hoc,
which means they deeply rely on the trained model and cannot
provide timely guidance to the generation during training. In
comparison, ConGen is inherently interpretable, which couples
data completion and feature selection and feature selection can
guide refined data completion in the end-to-end training.

D. Performance of Context Compression

We generate and compress the context segment according
to the method in Section IV, utilizing different sparse rates
(i.e., the number of timesteps within one interval) to merge the
contexts. We introduce two metrics to compare the similarity
between the generated context segment and the ground truth
context segment, namely Damerau–Levenshtein distance (DL
distance) [46] and Jaro–Winkler similarity (JW similarity) [47].
DL distance compares the similarity of two sequences by count-
ing the minimum number of operations (including substitutions,
insertions, deletions, and transpositions) required to transform
one sequence into another. JW similarity is based on the Jaro
distance algorithm [48] and calculates the similarity of two
sequences by giving prefixes a higher rating. We conduct two
sets of experiments Sparse and Sparse+Prune to evaluate the ef-
fectiveness of context sparsely merging and non-critical context
pruning. Sparse calculates the similarity between the generated
context segments by sparsely merging and the ground truth
segments. And Sparse+Prune calculates the similarity between
the two kinds of segments with context pruning. The results
are shown in Fig. 12. We can find that as the sparse rate be-
comes larger and larger, the similarity between generated context
segments and ground truth shows a trend of rising first and
then slightly falling. The intrinsic intuition of rising is that the
generated segments may contain incorrectly predicted contexts.
However, since incorrect contexts are only generated by sporadic
timesteps, they can be well filtered out by sparse merging. Falling
is due to too sparse merging leading to too few contexts and
even the loss of key contexts. Comprehensively comparing the
two metrics, we conclude that the generated context segment
is most similar to the ground truth within the sparse rate of
40× − 70×, in which the sparse merging removes redundant
timesteps and even avoids mispredictions due to the reduction
of required predicted timesteps. The similarity is 17.14× −
24.14× (DL distance) and 1.46× − 1.49× (JW similarity)
higher than that between context segments without being sparse.
Next, we further prune non-critical contexts within 40×− 70×.
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Fig. 12. Mean context segment similarity (measured by DL distance (↓) and
JW similarity (↑)) comparison between the generated context segments and the
ground truth at different sparse rates for a total of 25 segments on PersonActivity
dataset. Sparse (blue curve) is the similarities between the generated context
segments by sparsely merging at different spare rates and the ground truth
segments without sparsely merging. And Sparse+Prune (orange curve) is the
similarity between the two kinds of segments with contexts pruning besides
Sparse.

Fig. 13. Prompt template for LLMs. [INSTRUCTION] is the user instruction,
e.g., please recommend a song for me. [CONTEXT_I] and [TIME_I] are the i-th
user context and its corresponding duration in l seconds, e.g., walking for 5
seconds.

We set Δt = 2 seconds. The results show that the similarities
significantly improve to 35.72× − 86.92× (DL distance) and
1.51×− 1.57× (JW similarity), respectively. We also evaluated
the effectiveness of context pruning in preserving critical con-
texts with short durations. Specifically, we focused on the critical
short-duration “falling” context in PersonActivity dataset. Our
findings show that after applying the adaptive pruning strategy,
the retention rate of this context increased by 78% compared
to pruning solely based on the duration threshold (which is
nearly zero). The above experiments have confirmed that sparse
sampling and context pruning reduce redundancy without losing
important information.

E. Performance of LLMs With Contexts

In this sub-section, we provide a detailed evaluation of how
ConGen enhances the performance of LLMs. We designed a
prompt template for LLMs, illustrated in Fig. 13. First, we
conduct quantitative evaluations in Section VI-E1 using three
user instructions: music recommendation (“Please recommend
me a song.”), important precaution (“What is the most important
precaution for the current motion state?”), and drink recommen-
dation (“Any drink recommendations for the current event?”).
We choose these representative instructions for the following
reasons:
� Real-Life Relevance: They are practical and commonly

asked in daily life, addressing immediate, real-world needs
in specific contexts. For example, music offers instant

Fig. 14. Mean inference time of each component over 10-second sensing data
segment (total 154 segments divided from 25 long consecutive sensing data
segments) on PersonActivity dataset.

entertainment, precaution focuses on real-time safety, and
drink is related to practical wellness advice.

� Context Sensitivity: These instructions are context-sen-
sitive, which means LLMs can generate diverse responses
according to different contexts. For example, music can
vary based on activity, safety precautions change according
to current posture, and drink suggestions may shift based
on the intensity of movement.

� Diverse Scenarios: These instructions cover multiple ap-
plication scenarios: entertainment (music), safety (pre-
caution), and wellness (drink), offering a broad evalua-
tion of the LLM’s performance across distinct, real-world
scenarios.

These instructions are selected carefully based on the domain
knowledge and logically correspond to human activity contexts.

We use PersonActivity and PAMAP2 (75% missing pro-
portion) to conduct the quantitative evaluations. Because they
record many consecutive segments of user activities, where
multiple different activities occur in sequence within the same
segment, naturally reflecting real-world context transitions and
avoiding synthetic concatenation of isolated activities. Specifi-
cally, the PersonActivity dataset consists of 25 long consecutive
sensing data segments, which we divide into a total of 154
10-second segments, and the PAMAP2 dataset contains 9 long
consecutive sensing data segments, resulting in 1917 10-second
segments.

We also provide qualitative illustrations for additional poten-
tial user instructions in Section VI-E2.

For one request to LLMs, we set the context segment length
l = 10 seconds as mentioned above. Choosing a smaller l is
not imperative since rapid context fluctuations over very short
periods are exceedingly rare. Conversely, setting a larger lwould
hinder the ability to provide real-time feedback. Therefore,
10 seconds is sufficient to capture the dynamic changes in
context promptly. We also calculate the mean inference time
of each component over 10-second sensing data segments
with the LLMs being ERNIE-3.5 [49] and Qwen-VL [50]. We
take PersonActivity dataset as an example. Results in Fig. 14
indicate that a 10-second segment is sufficient to encompass
the entire inference process under simple daily instructions,
ensuring that the subsequent 10-second sensing data arrives
only after the preceding one has been processed. Furthermore,
the total inference time does not exceed 3 seconds, enabling
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TABLE II
PERFORMANCE COMPARISON OF LLMS’ RESPONSES WITH 10-SECOND SENSING CONTEXTS GENERATED BY DIFFERENT METHODS ON PERSONACTIVITY AND

PAMAP2 DATASETS, RESPECTIVELY

users to receive responses on time. With continuous sensor
monitoring and 10-second context updates, any instantaneous
context changes after an instruction can be quickly captured,
keeping the context for LLMs accurate and timely.

1) Performance With Different Data Completion Methods:
To illustrate how ConGen enhances the performance of LLMs,
we compare the performance of the LLMs’ responses when fed
with context segments generated by different data completion
methods on PersonActivity and PAMAP2 (75% missing propor-
tion) datasets. We use ROUGE [51] and BLEU [52] as evaluation
metrics to measure the similarity of responses generated by
LLMs when fed with generated context segments and ground
truth context segments. For fairness, we also apply the context
compression methods in Section IV to each baseline. In context
sparsely merging, we randomly select a sparse rate for each of 25
and 9 consecutive segments from 40×− 70× on PersonActivity
and PAMAP2 datasets, respectively. The results are presented in
Table II. Regardless of the dataset, the LLM and the instruction,
ConGen outperforms the baselines. This superior performance is
primarily due to ConGen’s ability to generate more accurate con-
text segments. Firstly, ConGen demonstrates better performance
in per-timestep context prediction compared to the baselines.
Secondly, the mispredicted per-timestep contexts by baselines
are relatively concentrated because their imputation strategies
are relatively single or based on the value of the adjacent
timesteps, which will cause the higher retention of incorrect
contexts even after sparsely merging.

By enhancing the accuracy of context segments, ConGen
significantly improves the quality of responses generated by
LLMs, thereby demonstrating its superiority over competitive
baseline methods.

2) Qualitative Illustrations for More User Instructions: In
this sub-section, we demonstrate how LLMs (taking ERNIE-3.5
as an example) respond to more user instructions with/without
contexts. By comparing the differences between the two re-
sponses, we further illustrate that contexts can improve the
quality of LLMs’ responses. First, we define the following two
criteria to evaluate the two responses.
� Question alignment (basic criteria): whether the response

directly answers the user’s question. A response that ex-
plicitly answers the question is preferred, ensuring clarity
and relevance.

� Context relevance (advanced criteria): whether the re-
sponse aligns with the user’s current state or context. A
response that takes into account the specific user’s context
is considered more useful and appropriate.

According to the above criteria, we give the detailed analysis
as follows.
� Without contexts, LLMs’ responses can not even satisfy

the basic criteria, i.e., question alignment.
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LLMs can give responses to all of these instructions without
contexts, but the responses are general. Especially for Instruc-
tions 4 and 5, the responses without contexts point out the need
to possess the user’s contexts to give specific answers.

To further compare which response is better, we provide user
instructions and their two responses (with and without contexts)
to GPT-4 and obtain its preference (i.e., which one is better)7. We
organize the two criteria as prompts for GPT-4 and the results
are as shown in Table III. From the table, we can see that GPT-4
consistently prefers responses generated with contexts, which
proves that contexts can improve the performance of LLMs.

VII. RELATED WORKS

A. LLMs in Mobile Computing

The remarkable language processing capabilities of LLMs
have attracted widespread attention, and researchers have
also used LLMs to solve problems in mobile computing.
MAPLE [54] claimed that LLMs were more adept at processing
unfamiliar contexts than traditional machine learning models, so
it used LLMs to generate embeddings of contextual data, such
as time, location and user history for mobile app prediction.
They also considered user cold start problem and utilized the
installed app similarity to solve it. King et al. [6] focused
on smart home, where they conducted an empirical study to
illustrate the potential of LLMs in supporting goal-oriented in-
teractions. The authors presented Sasha, a smart home assistant
that leveraged the power of LLMs to control mobile devices and
create automation routines. Mental-LLM [55] focused on mobile
health and applied LLMs to mental health, where they conducted

7GPT-4 is the more powerful LLM and [53] also treats ChatGPT as an
evaluator.
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TABLE III
THE PREFERENCE OF GPT-4 FOR INSTRUCTIONS 1-7 BY CONSIDERING TWO CRITERIA

extensive experiments on various mental health via online text
data tasks. AutoDroid [56] leveraged LLMs to achieve mobile
task automation by combining domain-specific knowledge of
apps with the commonsense knowledge of LLMs. Xu et al. [57]
put forward the concept of “Penetrative AI”, which explores
how LLMs can use IoT sensors for physical world reasoning.
However, its effectiveness heavily depends on well-designed
expert knowledge to guide the reasoning of LLMs. Without such
guidance, directly inputting raw IoT data into LLMs may yield
suboptimal or unreliable results. All of these works have shown
the potential of applying LLMs in mobile computing. However,
these works all focus on “what LLMs do for them”, i.e., treating
LLMs as text-processing tools to improve the performance of
their respective tasks. Our work, on the other hand, focuses on
“what we do for LLMs”. Specifically, we capture the potential
of mobile sensing data as user contexts to prompt LLMs and
are devoted to improving their quality to make LLMs capable
of delivering more accurate, relevant responses.

B. Data Imputation

Missing data is a significant challenge in data analysis, and
various strategies have been proposed to handle it. Common
approaches involve imputing missing values with zero or the
mean [58], but these methods fail to account for feature rela-
tionships. More sophisticated strategies, such as imputing time-
series data based on temporal relations [18], show competitive
results but lack theoretical support. Machine learning methods,
including KNN [59] and Kalman smoothing [60], provide simple
and interpretable imputation techniques. However, they struggle
with complex, high-dimensional data distributions. Recent ad-
vancements in deep learning have introduced new approaches to
data imputation [61], [62]. For instance, Gupta et al. [61] applied
neural networks to reconstruct missing data. There are also some
works leveraging deep generative models. Li et al. [62] used VAE
and GAN for irregularly sampled time series. These models effi-
ciently handle data imputation and improve the understanding of
generative processes. Also, a series of works [63], [64], [65] have
built on VAE, including sup-MIWAE [65], which incorporates
supervised learning to enhance imputation. However, many of
these methods prioritize restoring raw data over generating
informative features.

C. Explainable AI

XAI is widely used to explain and understand the model in-
ference process and the final model output, which can be divided
into model-specific methods and model-agnostic methods.

Model-specific methods are confined to specific models be-
cause they are based on the internal information of models,
such as weights or structures [66]. Several methods use gra-
dient information to interpret model inputs. Saliency maps [67]
calculate feature importance by taking the absolute gradient,
offering a simple approach. To improve upon this, Gradient
× Input [68] multiplies the feature’s gradient by its value for
sharper results. Other methods rely on back-propagation. For
instance, Layer-wise Relevance Propagation [69] assigns feature
importance layer by layer. Similarly, DeepLIFT [70] computes
importance by comparing neuron outputs to a baseline but
differs by using relative changes instead of zeroing out baseline
outputs. Model-specific methods like these are tightly linked
to the underlying model, limiting their generalizability across
architectures.

Model-agnostic methods can be applied to any model (closed-
box or white-box). These methods rely on the analysis of inputs
and outputs and do not need to have access to the internal
structure of models. A typical series of methods is based on
feature permutation [71]. The main idea is to evaluate the feature
importance through the deviation of model accuracy when the
features are removed in a permutation manner. The classic
SHAP [23] is grounded in this idea. There are also methods
that explain prediction results near specific inputs by introducing
local interpretable models, such as LIME [22] and Anchors [72].
However, these methods are computationally expensive, which
is inappropriate in online scenarios requiring real-time model
inference. Another model-agnostic XAI method is instance-wise
feature selection [73], [74] (i.e., data-centric feature selection),
which aims to select the subset of the most informative fea-
tures for the model prediction on a per-instance basis, thus
offering transparency into the model’s decision-making pro-
cess and achieving model interpretability. Unlike global feature
selection methods [75], [76] that assume feature importance
remains consistent across all instances, instance-wise selection
dynamically adapts to input variations, making it particularly
suited for heterogeneous data distributions. This adaptability
is crucial in sensor-based applications, where the most infor-
mative features may differ based on real-time user conditions.
Additionally, it only requires one model inference, guaranteeing
the computational efficiency. Given these advantages, we adopt
instance-wise feature selection in this work as our preferred XAI
method.

VIII. DISCUSSION

In this section, we discuss the limitations and future research
directions of ConGen.
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� Extension to richer sensing contexts: In this work, ConGen
focuses on sensing context generation and we evaluate it
utilizing representative motion sensor data in sensing as an
example. However, mobile devices have abundant contexts,
so ConGen can also be extended to a wide range of other
areas, such as car tracking based on GPS measurements
and health monitoring based on measurements such as
heart rate and electrocardiogram (ECG). ConGen has a
highly competitive time series data completion module that
can handle these types of data well. Further, we can also
consider multi-modal data, such as audio and video data,
to obtain richer contexts.

� Real-time adaptation to immediate context changes: Con-
Gen focuses on real-time context inference based on sens-
ing data, assuming a relatively stable context before and
immediately after a user instruction. However, to better
handle some special cases in practice, where the context
changes immediately after an instruction, future work can
explore predictive modeling to estimate short-term context
transitions, enabling LLMs to anticipate potential temporal
shifts and adapt their responses accordingly. Additionally,
we can also develop a real-time feedback and interrupt
mechanism that incorporates the users’ assistance to adjust
the current response results promptly. These enhancements
will further improve ConGen’s ability to support dynamic
user interactions with minimal latency.

� Practical deployment: ConGen provides efficient context
generation, which can achieve refined data completion and
multi-granularity context compression, providing compact
and accurate user contexts for LLMs. However, we do not
deploy it to the practical device because memory overhead
is a tricky problem. Therefore, we plan to utilize model
lightweight methods such as pruning and quantization to
achieve practical deployment.

� Ethics in personal contexts for LLMs: While leveraging
sensing data from smart devices as personal contexts for
LLMs can enhance personalization and accuracy, there is
still significant progress needed before bringing it to life.
Because it poses several ethical challenges. Although the
datasets in our work are public, privacy is still a foremost
concern, as such data can be highly sensitive and personal.
Thus, ensuring robust data security and obtaining clear,
informed consent from users is crucial to protect their
information. Additionally, these data sources can introduce
or amplify existing biases in LLMs which results from the
data used to train LLMs being biased, leading to discrim-
inatory outcomes, such as application in healthcare [77].
Therefore, Addressing the transparency in data collection
and use and making active efforts to mitigate bias is essen-
tial for the safe and responsible deployment of LLMs in
real-world applications.

IX. CONCLUSION

In this work, we have presented ConGen, a new sensing
context generation framework that integrates refined data
completion and context compression. It leverages sensing data
collected by smart devices to proactively perceive user contexts

and understand user intentions without explicitly being provided
by users. In the refined data completion, ConGen couples data
imputation and data-centric feature selection to generate fewer
but more informative features, which significantly improves the
accuracy of user context generation. In context compression,
ConGen designs multi-granularity compression methods to
achieve compact and accurate context expression. We thor-
oughly evaluate ConGen on four public datasets. Experimental
results show that ConGen outperforms state-of-the-art baseline
methods which are dedicated to perfectly restoring complete
data by generating more accurate user contexts, and context
compression further improves the accuracy of context while
effectively reducing timestep- and context-level redundancy.
Finally, prompting ConGen-generated user contexts to LLMs
improves their inference performance, further demonstrating
the effectiveness of ConGen.
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