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Abstract

Recent advances in Time Series Foundation Models (TSFMs)
have fundamentally revolutionized general time series analy-
sis across domains like finance, retail, weather, and power.
However, how to unlock the hidden capacity of general-
purpose TSFMs for wearable activity recognition still re-
mains largely unexplored, given severe sensor annotation
scarcity and highly heterogeneous sensor data. To ad-
dress these challenges, we propose DeepSenseMoE—a novel
multi-scale convolution-based Mixture of Experts (MoE)
module for parameter-efficient fine-tuning of general-purpose
TSFMs to sensor-based activity recognition. DeepSenseMoE
integrates three key innovations: (1) Multi-scale convolu-
tional experts with different filter sizes responsible for cap-
turing varying sensor contexts; (2) Shared-expert isolation
mechanism compressing common activity knowledge into
a single shared expert while reducing redundancy among
routed experts; and (3) Hierarchical supervised contrastive
alignment guiding experts to further learn discriminative ac-
tivity features. Extensive experiments on three challenging
HAR benchmarks demonstrate DeepSenseMoE’s superiority,
achieving up to 9.5% accuracy gains over state-of-the-art un-
der few-shot and full-supervised settings, with only <1% ad-
ditional trainable parameters. We hope that this work may lay
a solid foundation to accelerate development and deployment
of powerful TSFMs in data-scarce wearable activity recogni-
tion tasks while reducing the reliance on labeled sensor data.

Code — https://github.com/FuZenan/DeepSenseMoE

1 Introduction
During the past decade, human activity recognition (HAR)
has garnered significant attention. It leverages a variety
of sophisticated deep learning models including Convo-
lutional Neural Networks (CNNs), Recurrent Neural Net-
works (RNNs), and Transformers to analyze and infer hu-
man activities through wearable sensors attached to different
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Figure 1: Unlocking hidden capacity of general-purpose
TSFMs for wearable activity recognition.

body locations, offering a wide range of real-world applica-
tions like health management, fitness tracking, sports perfor-
mance analysis, and gesture recognition (Chen et al. 2021).
In essence, sensor-based activity recognition can be seen as
a multivariate time series classification task. Recently, in-
spired by outstanding success of foundation models (FMs)
in modalities like text and image (Awais et al. 2025; Min
et al. 2023), the concept of time series foundation mod-
els (TSFMs) has emerged as a new research direction, which
aims to harness the potential of FM paradigm by leveraging
large-scale time series datasets to learn generalizable repre-
sentations across a multitude of general time series tasks like
finance, power, weather, and health (Das et al. 2024; Zhou
et al. 2023; Goswami et al. 2024). Despite promising poten-
tial of TSFMs, we notice that this evolution seems mostly
limited to general time series tasks (e.g., stock prices for
different companies or weather data from various locations),
and has been notably absent in the field of HAR.

Now, there are still two ongoing challenges that severely
hinder the development of foundation model paradigm
in wearable activity recognition: 1) Sensor annotation
scarcity. Though huge amounts of multivariate sensor read-
ings are being produced by wearable devices, labeling sen-
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sor data is harder than labeling image or text, which re-
quires an annotator to meticulously annotate sensor read-
ings. While it is easy to distinguish a picture of a dog from
a cat instantly, telling subtle differences between IMU sen-
sor signals for upstairs and downstairs may be challenging.
This is a tedious and time-consuming process, causing se-
vere sensor annotation scarcity. Thus, most publicly avail-
able HAR datasets remain small in scale; 2) High hetero-
geneity in sensor data. Wearable sensor data is highly het-
erogeneous. Given multiple sensor devices and varying on-
body recording locations, their resulting distributions may
be astonishingly diverse (Chen et al. 2021). Even the same
actions recorded at identical sensors and locations but with
different persons also produce vastly different sensor read-
ings, due to respective behavior patterns. Although numer-
ous small-scale HAR datasets have been released, they are
mostly gathered under different sensor settings and col-
lection protocols including various sensor modalities (e.g.,
accelerometer, gyroscope, and magnetometer), body loca-
tions (e.g., wrist, arm, leg), subject-variability (e.g., men,
women, elderly, children), which remain highly diverse or
heterogeneous in dataset structure (i.e., distribution).

Given that the two major challenges persist, the current
HAR research still remains highly fragmented in the absence
of common standardization across small-scale datasets. On
one hand, the lack of massive and unified datasets makes it
impractical to train activity foundation models from scratch.
On the other hand, most existing TSFMs are often pre-
trained for general-purpose time series tasks, not customized
for activity-specific domain (Das et al. 2024). This cre-
ates a crucial gap: Can we harness the power of exist-
ing TSFMs pre-trained from general data-rich time series
datasets tailored to wearable sensor stream for data-scarce
activity recognition tasks? To close the gap, in this paper,
we make the first attempt to leverage existing TSFMs pre-
trained from data-rich general time series datasets, and adapt
them to activity-specific tasks with scarce and heteroge-
neous sensor data. Figure 1 illustrates the motivation be-
hind our work. However, the majority of previous TSFMs
are closed-source, resulting in limited access to the model
itself. Therefore, in this paper, we mainly focus on the first
family of open-source TSFM namely MOMENT (Goswami
et al. 2024), and fine-tune it with activity-related knowledge.

Since wearable sensor data is highly scarce and heteroge-
neous, direct usage of MOMENT will considerably under-
perform under data-scarce scenario, due to lacking homo-
geneity between general time series datasets and activity-
related target datasets. To empower general-purpose MO-
MENT with strong activity sensing capability, a straight-
forward strategy is to fine-tune it on downstream activity-
specific tasks. Despite superior performance in computer vi-
sion (CV) and natural language processing (NLP), conven-
tional full fine-tuning strategy often involves updating all
model weights with high training cost (Awais et al. 2025;
Min et al. 2023), which makes it unsuitable for wearable ac-
tivity recognition under resource-constrained scenario. An
alternative solution is to incorporate activity-related domain
knowledge into MOMENT by Parameter-Efficient Fine-
Tuning (PEFT) adapters. However, existing adapters (Hu

et al. 2022; Houlsby et al. 2019) are mostly designed for text
and image having unified format, not purposely designed for
heterogeneous sensor signals. Consequently, they often sim-
ply compress the upstream features with linear projection,
where the fixed layer parameters cannot be well fine-tuned to
fully match the varying distribution of diverse activity recog-
nition tasks with scarce publicly available sensor data.

To resolve this problem, we introduce DeepSense-
MoE, a new multi-scale convolution-based Mixture of Ex-
perts (MoE) architecture, which serves as a parameter-
efficient fine-tuning module to adapt powerful general-
purpose TSFMs to downstream activity recognition tasks
with varying sensor signals. DeepSenseMoE incorporates
three principal strategies: 1) Multi-Scale Convolutional
Experts. Prior works claim that CNNs inherently pos-
sess different cognition of sensor features at different filter
scales (Chen et al. 2021). Thus, we first explore the use of
CNN as experts, and leverage the transferring capability of
multi-scale convolutional filters referred to as convolution-
based MoE to capture varying sensor contexts for hetero-
geneous sensor data modeling; 2) Shared Expert Isola-
tion. Intuitively, heterogeneous sensor knowledge should be
learned respectively by different experts, so that each expert
maintains a certain level of specialization. Given high vari-
ability in sensor input space, conventional routing strategy
may make multiple experts converge in acquiring too simi-
lar knowledge in their respective parameters, weakening ex-
pert specialization while increasing parameter redundancy
among experts. Inspired by recent success of DeepSeek-
MoE in language modeling (Dai et al. 2024), we address
this by isolating a specific expert designated as shared ex-
pert that remains always activated, in charge of capturing
and consolidating common knowledge across varying sen-
sor contexts. By compressing common sensor knowledge
into this shared expert, the parameter redundancy can be ef-
fectively mitigated among routed experts; 3) Hierarchical
Supervised Contrastive Alignment. By introducing layer-
wise contrastive learning between shared experts and routed
experts, we treat expert outputs from the same activity label
as positive pairs, and those from different activity labels as
negative pairs, which forces all experts to learn increasingly
discriminative features, further enhancing expert specializa-
tion. Our contributions are summarized as follows:

• New perspective: Given that wearable sensor data is
scarce and heterogeneous, how to harness the power of
TSFMs pre-trained from data-rich general time series
datasets and tailor them to sensor stream remains largely
unexplored. To the best of our knowledge, this paper
is the first to unlock the hidden capacity of general-
purpose TSFMs for wearable activity recognition.

• Architectural innovation: To tackle high heterogene-
ity in wearable sensor data, we introduce DeepSense-
MoE: a parameter-efficient routed MoE architecture,
which features three core innovations: multi-scale convo-
lutional experts, shared expert isolation mechanism, and
hierarchical supervised contrastive alignment, effectively
bridging distribution gap between general pre-training
time-series data and activity-specific sensor streams.
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Figure 2: An overview of our proposed DeepSenseMoE: (1) Pre-trained MOMENT backbone, (2) Multi-scale convolutional
experts (MSCE), (3) Shared expert isolation (SEI), and (4) Hierarchical supervised contrastive alignment (HSCA).

• Superior performance: Extensive experiments on three
challenging HAR benchmarks show that DeepSenseMoE
achieves substantial accuracy gains of up to 9.5% over
state-of-the-art under few-shot and full-supervised set-
tings, with only <1% additional trainable parameters.
We provide empirical analyses for every specific design
choice. This work lays a solid foundation to acceler-
ate development and deployment of TSFMs in activity
recognition while mitigating sensor label reliance.

2 Related Works
2.1 Human Activity Recognition
A variety of machine learning algorithms always play
a dominant role in wearable activity recognition. Earlier
works often relied on traditional machine learning algo-
rithms such as SVM, KNN, and Random Forests (Bulling,
Blanke, and Schiele 2014), requiring manual feature engi-
neering. Deep learning models ranging from CNNs (Yang
et al. 2015) to hybrid CNN-RNN architectures (Ordóñez
and Roggen 2016) and attention-based Transformer (Gao
et al. 2023) have significantly prompted rapid development
of sensor-based activity recognition, which enable an end-
to-end learning to automate sensor feature representation
learning. However, they remain fundamentally limited due
to heavy reliance on supervised learning and annotated sen-
sor datasets. Due to sensor annotation scarcity, the paradigm
of self-supervised representation learning has increasingly
gained attention in the context of HAR (Logacjov 2024). De-
spite promising progress, these models are typically trained
on individualized small-scale and diverse datasets. The HAR
research still remains highly fragmented, where findings
from one dataset may fail to generalize to others.

2.2 Time Series Foundation Models
Inspired by outstanding success of foundation model
paradigms in CV and NLP, these techniques have recently
been extended to time series data, referred to as time series
foundation models (TSFMs). For instance, GPT4TS (Zhou
et al. 2023) has introduced a pre-trained Transformer back-

bone from another modality (e.g, BERT) for the time se-
ries forecasting. Based on multi-periodicity characteristic,
TimesNet (Wu et al. 2023) handled intricate temporal varia-
tions through converting 1D time series data into 2D space
for general time series analysis. TimesFM (Das et al. 2024)
has proposed a decoder-only attention model purposely opti-
mized for time series forecasting tasks. MOIRAI (Woo et al.
2024) has designed a masked encoder-based Transformer ar-
chitecture for universal time series forecasting. In particu-
lar, MOMENT has released the first family of open-source
large-scale TSFM, which is pre-trained via a self-supervised
masked prediction objective from scratch, and may serve
as a foundation framework for diverse time series analysis
tasks (Goswami et al. 2024). Recent advances in general-
purpose TSFMs have paved a new way to look at wearable
activity recognition problem. However, until now, there is
no existing literature on fine-tuning time series-based foun-
dation models for wearable activity recognition.

3 Methodology
3.1 Preliminary
To ensure effective adaptation for wearable activity recog-
nition, it is crucial to identify one high-performance TSFM
that suits this task. Prior work (Goswami et al. 2024) has
conducted a systematic comparison of three state-of-the-art
TSFMs: MOMENT (Goswami et al. 2024), GPT4TS (Zhou
et al. 2023), and TimesNet (Das et al. 2024) on five gen-
eral time series tasks. Among them, MOMENT consistently
performs the best, especially in time series classification.
On this basis, we adopt the open-source MOMENT-small
model as our backbone. It is an encoder-only Transformer
architecture pre-trained via a self-supervised masked pre-
diction objective on a large corpus of time series data span-
ning diverse domains like weather, healthcare, power, and
finance, which holds the potential of generalizing to down-
stream activity recognition tasks. Notably, the original MO-
MENT pre-training time series datasets fundamentally ex-
clude these activity-centric datasets used in our study, en-
suring fair and unbiased evaluation.

We employ an adapter-tuning paradigm with only a small
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number of activity-specific parameters introduced into the
pre-trained MOMENT backbone (Houlsby et al. 2019).
Given a sensor dataset D = {(xi, yi)}Si=1, the optimization
objective under standard full fine-tuning may be written as:

θ∗ = argmin
θ

L(D; θ), (1)

where θ denotes the entire model parameters, L is the train-
ing loss. In contrast, while keeping the N -layer MOMENT
encoder θF frozen, PEFT only optimizes the parameters of
N -layer adapter ω, thus significantly reducing training cost:

ω∗ = argmin
ω

L(D; θF , ω). (2)

3.2 Method Overview
Figure 2 presents an overview of our DeepSenseMoE
with three core strategies: multi-scale convolutional ex-
perts (MSCE), shared expert isolation (SEI), and hierarchi-
cal supervised contrastive alignment (HSCA).

Multi-Scale Convolutional Experts. While adapter-
based PEFT methods have proven effective in CV and
NLP (Houlsby et al. 2019), their heavy reliance on linear
projection layers renders suboptimal performance due to
highly heterogeneous time series characteristic in wearable
sensor signals. Consequently, the frozen MOMENT back-
bone pretrained on generic time series datasets may pro-
duce feature biases and distributional misalignment, degrad-
ing downstream performance. To remedy this, we directly
embed a sparse MoE architecture with convolutional ex-
perts within each adapter: Multi-Scale Convolutional Ex-
perts (MSCE). MSCE comprises k parallel depth-wise con-
volutional branches, each with kernel size (1,Ki) for Ki ∈
{3, 5, . . . , 2k + 1}, followed by point-wise aggregation. Let
x ∈ RB×CD

in×H×W be a sensor input feature map. We can
first calculate its multi-scale output responses:

fdw(x) =
1

k

k∑
i=1

(
ωi
dw ⊗̂x

)
, (3)

where ωi
dw ∈ RCD

in×1×Ki×1 and ⊗̂ denotes depth-wise con-
volution. Then these multi-scale outputs can be fused via a
residual point-wise convolution operation:

fms(x) = x + ωpw ⊗ fdw(x), (4)

where ωpw ∈ RCP
in×1×1×CP

out and ⊗ denotes point-wise
convolution. This design can significantly enhance expres-
sive diversity and model robustness under distribution shift.

MoE with Shared Expert Isolation. Building on MoE’s
dynamic routing paradigm (Dai et al. 2024), we treat
each depth-wise convolution branch as a distinct ‘expert’
and introduce a lightweight convolutional router for input-
dependent routing selection. Given x ∈ RB×C×H×W , the
router applies a k-channel convolution followed by global
average pooling and softmax to produce expert scores α =
[α1, . . . , αk]. To enforce sparsity, we select the top-m ex-
perts per sample. If Sb denotes the chosen expert indices for
sensor sample b, the dynamic output can be formulated as:

y
(b)
dyn =

1

m

∑
i∈Sb

α
(b)
i Ei

(
x(b)

)
, (5)

where Ei(x) = ωi
dw ⊗̂x. The top-m gating strategy en-

sures that each sensor input is adaptively routed through a
small subset of specialized convolutional experts. By such
sparse expert activation, our convolution-based MoE ar-
chitecture can dynamically adapt its routing path to better
match the target domain, which implicitly aligns feature dis-
tributions between original pre-training time series datasets
and diverse activity-related sensor datasets, thereby improv-
ing model generalization without modifying backbone struc-
ture. To further improve parameter efficiency and reduce re-
dundancy among experts, we complement these k routed ex-
perts with a shared depth-wise convolution expert Esh(x)
(fixed kernel size). The final per-sample output evolves as:

y(b) =
1

m+ 1
Esh

(
x(b)

)
+

1

m+ 1

∑
i∈Sb

α
(b)
i Ei

(
x(b)

)
.

(6)
While these routed experts specialize in varying sensor con-
texts, the shared expert isolation mechanism is responsible
for capturing and compressing common activity knowledge
into a single shared expert, which can effectively reduce pa-
rameter redundancy among routed experts. Both of them can
better balance specialization and generalization.

In fact, our MSCE with shared expert isolation may still
suffer from expert collapse: the router always selects a
subset of experts, preventing others from enough training.
Inspired by Switch Transformers’s load-balancing (Fedus,
Zoph, and Shazeer 2022), we mitigate this risk by regulariz-
ing the router to equalize expert usage. Let α(b)

i denotes the
per-sample softmax score, the marginal utilization probabil-
ity of expert i over a batch of samples B is given as:

Pi =
1

B

B∑
b=1

α
(b)
i , i = 1, . . . , k. (7)

We may minimize the KL divergence to make Pi come close
to the uniform distribution Ui = 1/k, i.e.,

Lbal =
N∑

n=1

KL
(
U ∥P

)
=

N∑
n=1

k∑
i=1

1

k
log

1/k

P
(n)
i

, (8)

which is used to balances input allocation among all routed
experts, ensuring full utilization of the MSCE’s capacity.

Hierarchical Supervised Contrastive Alignment. While
ensuring sufficient training on experts, the load balance loss
does not exhibit a preference for any specific expert, mak-
ing the routing process appear somewhat random. Since
each expert receives sensor inputs allocated by such ran-
dom routing, the sensor content learned by all experts may
not differ significantly, contradicting with our original in-
tention of employing MSCE to increase diversity. To miti-
gate such random routing caused by load balance, we intro-
duce supervised contrastive learning, which encourages both
shared and routed experts to learn distinct features by dis-
entangling their feature subspaces with activity labels. For
sensor samples xp of the same activity label drawn from
different experts, we regard their representations

(
z
(i)
p =

295



Ei(xp), z
(i)
p = Ei(xp)

)
routed to the expert i as posi-

tive pair, avoiding data augmentation to maintain the model
streamlined, while all embeddings Ei(xr) from experts with
other labels serve as negative pair. The supervised con-
trastive loss without augmentation is then defined as:

Lsca = −
m+1∑
i=1

∑
p∈S

1

|Pi|
∑
p∈Pi

log
exp

(
z
(i)
p · z(i)p /τ

)
m+1∑
i=1

∑
r∈N(p)

exp
(
z(i)p · Ei(xr)/τ

) ,
(9)

where Pi indexes all the positive pairs for label i from all m
selected experts and N(p) denotes the set of samples from
index p ̸= r. Aggregating this loss over all N layers yields
the final hierarchical supervised contrastive loss,

Lhsca =
N∑

n=1

L(n)
sca . (10)

Objective Function. Finally, our MSCE with shared ex-
pert isolation mechanism can be jointly optimized with the
primary activity classification loss (i.e., Lcls), load balance
loss (i.e., Lbal), hierarchical supervised contrastive loss (i.e.,
Lhsca), resulting in the overall training objective:

Ltotal = Lcls + λ1 Lbal + λ2Lhsca. (11)

4 Experiment
4.1 Dataset
To comprehensively evaluate the effectiveness of our
method, we conduct experiments on three publicly avail-
able and widely-employed HAR benchmarks including
HHAR (Stisen et al. 2015), MotionSense (Malekzadeh et al.
2018), and PAMAP2 (Reiss and Stricker 2012), which en-
compass a set of diverse human activities captured un-
der various sensor modalities, body locations, and sam-
pling rates, thus providing a rigorous testbed for real-world
HAR evaluation. To ensure fair comparisons with previous
works (Xia et al. 2024a; Ma et al. 2021), we follow the same
data preprocessing pipeline. Specifically, raw sensor signals
are uniformly segmented into overlapping time-series win-
dows, each containing 500 consecutive sensor readings with
a 50% overlap rate between adjacent windows. We randomly
assign 80% of the resulting segments as training set and hold
out the remaining 20% for testing. During training, the un-
labeled training data is reserved for validation. More dataset
details can be found in Supplementary Material.

4.2 Comparative Methods
We compare the proposed DeepSenseMoE against a com-
prehensive set of state-of-the-art HAR approaches, spanning
from fully supervised to semi-/unsupervised paradigms.
Specifically, the supervised baselines include DCNN (Yang
et al. 2015), TCN (Bai, Kolter, and Koltun 2018) and Con-
formerHAR (Kim et al. 2022). For semi-supervised and un-
supervised learning, we evaluate against FixMatch (Sohn

et al. 2020), SimCLR (Chen et al. 2020), MDC (Ma et al.
2021) TS2ACT (Xia et al. 2024a) and Vi2ACT (Xia et al.
2024b). All baseline implementations follow their original
configurations or standard practices to ensure comparisons.

4.3 Implementation Details
We place our DeepSenseMoE module after each MO-
MENT encoder layer, while keeping its pre-trained back-
bone weights frozen. The entire model was then trained for
up to 200 epochs using the Adam optimizer with a weight
decay of 5 × 10−4. Following standard contrastive learning
practices (Khosla et al. 2020), we set the temperature τ in the
contrastive loss to 0.07. The regularization coefficients λ1

and λ2 in Eq. 11 are set to 0.2 and 0.5, respectively. Learn-
ing rates are chosen from {10−2, 10−3} based on validation
performance, and the batch size is fixed at 8. To ensure sta-
tistical reliability, all results are averaged over three inde-
pendent runs. Experiments are conducted on a workstation
equipped with three NVIDIA GeForce RTX 3090 GPUs.

4.4 Main Results
HAR Benchmarks. We evaluate DeepSenseMoE against
eight competitive baselines under four few-shot settings (1,
5, 10, and 20-shot) and fully supervised settings, adhering
to the same protocol from Xia et al. (2024a). Here, ‘1-
shot’s indicates one labeled sample per class, etc. Among
the comparing baselines, Vi2ACT (Xia et al. 2024b) leads
as state-of-the-art while TS2ACT (Xia et al. 2024a) ranks
second-best in few-shot activity recognition. Table 1 shows
DeepSenseMoE consistently outperforms both supervised
and semi-/unsupervised baselines across most datasets and
settings, surpassing Vi2ACT by significant margins. In chal-
lenging 1-shot mode, it attains 75.1% accuracy on HHAR,
83.1% on MotionSense, and 74.4% on PAMAP2, yielding
up to 7.0% accuracy gains over Vi2ACT. Notably, the perfor-
mance gap widens in the 5-shot setting, where DeepSense-
MoE attains 82.1% accuracy on HHAR, 91.7% on Motion-
Sense, and 90.5% on PAMAP2, outperforming TS2ACT by
up to 9.5%. Though the performance gap tends to narrow
beyond the 5-shot setting, DeepSenseMoE still maintains
consistent superiority. For instance, it obtains 96.6% ac-
curacy on HHAR, 98.9% on MotionSense, and 98.6% on
PAMAP2 under full supervision, refreshing current state-
of-the-art with fewer trainable parameters. Unlike Vi2ACT
and TS2ACT that rely on laborious cross-modality data aug-
mentation (e.g., activity video generation and manual image
search), DeepSenseMoE eliminates the need for such costly
procedure. Against baselines, our method delivers not only
unprecedented performance but also data-efficient scalabil-
ity from extreme low-data to full-data regimes.

Fine-Tuning Benchmarks. Until now, there has been no
similar works that explore fine-tuning pre-trained TSFMs
for few-shot activity recognition. We present the first sys-
tematic comparisons with various mainstream fine-tuning
strategies. Note that the fine-tuning strategies with extra ar-
chitecture still require fine-tuning the classification head of
MOMENT. Compared to traditional fine-tuning and popu-
lar PEFT baselines such as Adapter (Houlsby et al. 2019)
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Method Year HHAR MotoinSense PAMAP2
1-shot 5-shot 10-shot 20-shot Full 1-shot 5-shot 10-shot 20-shot Full 1-shot 5-shot 10-shot 20-shot Full

DCNN 2015 27.5 34.7 45.7 69.3 90.6 35.5 39.5 62.2 73.3 88.3 32.0 45.3 53.8 64.7 90.5
TCN 2018 32.4 43.2 53.2 71.9 91.5 38.7 47.2 68.9 79.2 90.9 35.8 52.0 61.2 72.1 93.5
ConformerHAR 2022 36.4 49.9 66.8 74.5 94.2 45.5 53.3 73.1 83.3 94.3 36.3 61.2 71.2 77.2 96.4
FixMatch 2020 52.6 61.9 76.6 82.2 91.4 58.2 65.2 78.8 85.4 91.3 56.6 66.5 77.2 85.2 94.2
SimCLR 2020 50.6 54.6 71.8 75.8 91.8 56.3 59.8 76.2 80.9 91.5 46.9 63.1 75.9 80.9 94.5
MDC 2021 68.2 70.6 74.9 75.5 90.3 72.7 72.8 73.2 84.6 87.8 64.1 70.3 80.6 84.6 89.2
TS2ACT 2024 71.1 75.2 82.2 88.7 93.3 74.7 77.3 87.4 92.6 94.4 69.2 78.0 90.1 94.3 97.1
Vi2ACT 2024 75.5 78.5 86.5 91.3 95.2 76.1 82.2 90.2 94.1 96.7 73.3 86.0 92.2 95.5 97.9

Ours 2025 75.1 82.1 87.1 93.3 96.6 83.1 91.7 94.1 97.3 98.9 74.4 90.5 95.3 97.4 98.6
∇0.4 ∆3.6 ∆0.6 ∆2.0 ∆1.4 ∆7.0 ∆9.5 ∆3.9 ∆3.2 ∆2.2 ∆1.1 ∆4.5 ∆3.1 ∆1.9 ∆0.7

Table 1: Accuracy (%) comparisons between DeepSenseMoE and state-of-the-art methods. Bold is best and underline is second.
∆ indicates accuracy gains over the second-best method.

Method Param HHAR MotionSense PAMAP2
1-shot 5-shot 10-shot 20-shot Full 1-shot 5-shot 10-shot 20-shot Full 1-shot 5-shot 10-shot 20-shot Full

Direct - 22.2 22.2 22.2 22.2 22.2 2.1 2.1 2.1 2.1 2.1 15.3 15.3 15.3 15.3 15.3
FT-Head 0.037M 67.5 80.0 82.3 91.9 93.5 75.5 84.8 90.1 94.3 98.0 70.9 88.4 93.6 95.5 97.4
FT-Full 35.374M 65.1 73.0 81.3 90.2 91.6 69.5 89.7 90.6 91.6 94.3 59.6 72.4 87.6 94.2 94.2
Adapter 0.238M 63.0 80.3 82.6 92.0 93.0 68.6 82.9 91.9 93.8 98.1 62.4 80.0 93.4 95.7 98.3
LoRA 0.266M 66.2 76.5 81.4 88.8 93.1 65.6 87.1 91.2 94.3 98.1 64.7 86.7 91.0 93.1 97.5

Ours 0.043M 75.1 82.1 87.1 93.3 96.6 83.1 91.7 94.1 97.3 98.9 74.4 90.5 95.3 97.4 98.6
∆7.6 ∆1.8 ∆4.5 ∆1.3 ∆3.1 ∆7.6 ∆2.0 ∆2.2 ∆3.0 ∆0.8 ∆3.5 ∆2.1 ∆1.7 ∆1.7 ∆0.3

Table 2: Accuracy (%) comparisons between DeepSenseMoE and mainstream fine-tuning strategies. Bold is best and underline
is second. ∆ indicates accuracy gains over the second-best method. ‘Direct’ denotes direct usage of pre-trained MOMENT.

Downstairs
Upstairs
Walking

Jogging
Standing
Sitting

(a) FT-head (b) LoRA

(c) w/o HSCA (d) Ours

Figure 3: Visualization of sensor embeddings with t-SNE.

and LoRA (Hu et al. 2022), DeepSenseMoE achieves no-
tably higher accuracy across all three datasets. As shown in
Table 2, under 1-shot setting, it outperforms Adapter and
LoRA by 14.5% and 17.5% on MotionSense, respectively,
despite fewer trainable parameters. Results again highlight
the strength of our DeepSenseMoE in enhancing model
adaptation under data-scarce scenario. Remarkably, even
in full-supervised setting, our method remains competitive,
achieving consistent accuracy improvements with minimal
overhead, underscoring its efficacy and scalability.

Visualization. We perform t-SNE visualization on the fea-
tures extracted from the last encoder layer of MOMENT un-
der 5-shot setting on MotionSense dataset. As seen in Fig-
ure 3, fine-tuning classification head (i.e., FT-Head) alone
fails to form compact clusters, indicating its limited dis-
criminative power. LoRA shows improved structure but still
suffers from class entanglement. Our method, even without
hierarchical supervised contrastive alignment, can produce
more compact and separated clusters. With our hierarchical
supervised contrastive alignment, the classification bound-
aries become even clearer, confirming the synergy between
expert specialization and contrastive supervision in enhanc-
ing activity class-wise separability in low-data regime.

4.5 Quantitative Analysis
Ablation Study. To deeper understand the contributions
of three core components including multi-scale convolu-
tional experts, shared expert isolation, and hierarchical
supervised contrastive alignment in DeepSenseMoE, we
present their main ablation study results in Table 3, which
are divided into four scenarios: In case 1, all three core com-
ponents are disabled. Particularly, we exclude the MoE ar-
chitecture via bypassing its router to uniformly employ all
convolutional expert weights. Without dynamic expert rout-
ing, the model completely loses the ability to ensure ex-
pert specialization, which performs the worst among all four
cases; In case 2, we add the router for every DeepSense-
MoE layer to activate our MoE architecture, while keeping
other two components still disabled. Comparing to case 1,
it results in a notable accuracy gain across all few-shot set-
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Case M S C 1-shot 5-shot 10-shot 20-shot Full
1 ✗ ✗ ✗ 76.9 87.1 90.2 95.2 97.6
2 ✓ ✗ ✗ 80.1 88.7 91.2 96.2 98.0
3 ✓ ✓ ✗ 81.3 89.5 92.0 96.6 98.2
4 ✓ ✓ ✓ 83.1 91.7 94.1 97.3 98.9

Table 3: Main ablation study on MotionSense dataset. ‘M’,
‘S’, and ‘C’ denote MSCE, SEI, and HSCA respectively.

tings, highlighting the effectiveness of our sophisticatedly
designed MoE architecture in handling heterogeneous sen-
sor data; In case 3, while only excluding hierarchical su-
pervised contrastive alignment, we further enable the shared
expert isolation mechanism to capture generalizable patterns
that regularize routed expert outputs and mitigate redun-
dancy. Despite further performance improvements, it still
lags far behind our full-version DeepSenseMoE; In case 4,
when all three components are activated, our full model con-
sistently achieves the best performance across all few-shot
settings, confirming their synergistic benefit.

Effectiveness of Multi-Scale Convolutional Experts. To
assess the effectiveness of our multi-scale convolutional ex-
perts (MSCE), we conduct an ablation study, where these
convolutional experts are replaced with two-layer feed-
forward networks referred to as linear experts, while keep-
ing all other settings unchanged. As shown in Figure 4, this
modification leads to a dramatic accuracy drop across var-
ious few-shot settings. Interestingly, the performance gap
tends to increasingly widen, as the number of labeled sensor
samples decreases. The findings indicate the clear advantage
of multi-scale convolutions over linear mappings, which can
improve the expressive richness of individual expert while
capturing complex and heterogeneous sensor dynamics, es-
pecially under data-scarce scenario.

1-shot 5-shot 10-shot 20-shot Full
60

70

80

90

100
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cu

ra
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 (%
) Linear

Conv

Figure 4: Performance comparison between convolutional
and linear experts on Motionsense dataset.

Effectiveness of Hierarchical Supervised Contrastive
Alignment. We further investigate alternative contrastive
regularization objectives, such as Dispersive (Wang and He
2025) and InfoNCE (He et al. 2020). Though Table 4 shows
these variants still provide accuracy improvements over the
baseline without any contrastive loss (i.e.,w/o HSCA), they
consistently underperform our hierarchical supervised con-
trastive loss. This underscores the superiority of our method
in effectively harnessing limited label information to deliver
substantial performance gains under few-shot settings.

Hyperparameter Sensitivity Analysis. Figure 5 shows a
sensitivity analysis on the regularization coefficients λ1 and

Method 1-shot 5-shot 10-shot 20-shot Full
w/o HSCA 81.3 89.5 92.0 96.6 98.2
DIS 81.4 90.2 92.5 96.8 98.5
INF 81.6 90.1 92.9 97.1 98.2
Ours 83.1 91.7 94.1 97.3 98.9

Table 4: The effectiveness of different contrastive learning
strategies on MotionSense dataset.

λ2 in Eq. 11, which governs both load-balance loss and hi-
erarchical supervised contrastive loss, respectively. By ana-
lyzing their impact under the 5-shot setting on MotionSense
dataset, we find that the model performance can remain sta-
ble across a broad value range, demonstrating the robust-
ness of our method to hyperparameter selection. Notably,
while reaching the optimal performance, we can clearly see
λ2 (around 0.5) is greater than λ1 (around 0.2), indicating
that the hierarchical supervised contrastive loss plays a more
critical role in guiding expert specialization and enhancing
discriminative representation. This is particularly vital in
few-shot scenarios, where promoting expert specialization
and inter-class separability are essential for generalization.
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Figure 5: Hyperparameter sensitivity analysis of λ1 and λ2.

5 Conclusion
How to unlock the hidden capacity of powerful TSFMs
pre-trained from general time series tasks (e.g., finance,
retail, power, health, and weather) for wearable activity
recognition remains largely unexplored. In this work, we
address this challenge by introducing a new Parameter-
Efficient Fine-Tuning (PEFT) module named DeepSense-
MoE, which incorporates three principal strategies includ-
ing multi-scale convolution-based MoE, shared expert iso-
lation, and hierarchical supervised contrastive alignment,
aiming to leverage rich time series feature representations
learned by general-purpose TSFM namely MOMENT dur-
ing pre-training, while integrating intricate sensor knowl-
edge through targeted fine-tuning for activity-specific tasks.
Extensive experiments demonstrate that DeepSenseMoE
can achieve substantial accuracy gains over state-of-the-art
methods under various few-shot and full-shot scenarios with
remarkably fewer trainable parameters, verifying its effec-
tiveness, efficiency, and scalability, especially in low-data
regimes. Additionally, we provide empirical analyses for ev-
ery specific design choice to facilitate better application of
DeepSenseMoE in wearable activity recognition. We hope
that this work may serve as a solid foundation to support
progress of TSFM+HAR in future work.
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