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Abstract

Larger, sophisticated sequential models excel in Human
Activity Recognition (HAR) using multivariate time-series
data but may not suit compute-constrained smartphones
due to latency issues. Knowledge distillation offers a so-
lution by training smaller models based on larger teachers,
but a single teacher often struggles to perform uniformly
well across diverse activity classes. To address this limi-
tation, we propose the Distillation, Augmentation, and Fil-
tering (DAF) framework, leveraging Multiple-Architecture
based Multi-Teacher Distillation (MAMTD). This approach
identifies the best-performing teacher model for each ac-
tivity class and uses Contrastive loss-based Distillation to
align a smaller student model with the most effective teach-
ers while distancing it from less effective ones. For chal-
lenging categories, a peer student model is employed with
data augmentation to focus on areas where the first student
struggles. Finally, a novel checkpoint ensemble via proba-
bility filtering combines the strengths of both student mod-
els, achieving a 21.4-24.6% increase in accuracy for certain
confusing categories compared to typical distilled networks,
while maintaining low latency.

1. Introduction

(a) (b) (c)
Figure 1. Triaxial (x-,y-,z-) accelerometer readings for mov-
ing a handheld smartphone in the following directions: (a) anti-
clockwise (b) backwards (c) towards ground.

Smartphones are ubiquitous in daily life, serving as pri-
mary communication and entertainment tools, as well as
playing a significant role in scientific fields like health-

care research [15]. They contain various sensors (e.g.,
accelerometers, gyroscopes) that collect multivariate time-
series signals, enabling the detection of human movements
(Fig 1a-1c). Human Activity Recognition (HAR) involves
analyzing these signals to identify activities (e.g., rotating
the smartphone anticlockwise, swiftly swiping left, towards
the ground, etc), often requiring a specified time window
and robust logic to handle noisy data. While simple rule-
based methods can be insufficient, Deep Learning (DL)
models offer a powerful alternative by learning complex
patterns in data, making them effective for detecting com-
plex movements with higher Degrees of Freedom (DOF).

Smartphone-based HAR typically includes sensor fu-
sion, data preprocessing, feature extraction, and activity
classification. Supervised DL models, such as LSTM, Con-
vLSTM, and Transformer architectures, are commonly used
for HAR due to their ability to capture temporal informa-
tion. However, complex models can lead to high infer-
ence latency, which is mitigated using knowledge distilla-
tion techniques [9]. Our work builds upon these concepts
to develop efficient HAR frameworks for mobile deploy-
ment. We propose a Multiple-Architecture based Multi-
Teacher Distillation (MAMTD) framework, which we
name as Distillation, Augmentation and Filtering (DAF),
which leverages multiple teacher models to improve the per-
formance of smaller students suitable for mobile deploy-
ment. This framework involves (Fig 3):
1. Training multiple teacher models to allow us for iden-

tifying the best-performing architecture for each class,
as a single model may not excel uniformly across all
classes.

2. Contrastive loss-based Distillation (CD) to align the
student distribution with the positive teacher model (the
best-performing architecture for a class) while distanc-
ing it from negative models (all other architectures).

3. Training a peer student with CD and data augmentation
to address confusing classes where first student strug-
gles.

4. Performing a checkpoint ensemble via a novel proba-
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Figure 2. An illustration of training a supervised classification
model to predict the class of a time-series window. The logits
obtained via a model are converted to a probability distribution via
the softmax function, and matched with the ground-truth.

bility filtering strategy to combine the strengths of both
student models.

2. Related Work

Several existing methods explore knowledge distillation in
various domains, offering insights into how our approach
differs. For instance, federated learning setups like [7] fo-
cus on privacy preservation using a single teacher, which
contrasts with our multi-teacher approach. In cross-modal
learning, [13] utilizes two teachers with standard distilla-
tion, whereas our method extends beyond two teachers and
incorporates contrastive learning. Another approach, [12],
reduces multi-axis signals using a single teacher-student
pair without contrastive learning or augmentation. Stage-
wise distillation methods, such as [3], perform distillation
on MobileNet, differing from our multi-architecture ap-
proach.

In video action recognition, [19] uses three teachers with
similar backbones, unlike our diverse architectures for time-
series data. For video human activity recognition, [17] pro-
poses a simple distillation method using a single teacher,
which is distinct from our multi-architecture setup. Ensem-
ble learning methods like [6] use ensemble learning with a
single teacher, differing from our approach that leverages
multiple teachers and contrastive learning. Non-deep learn-
ing methods, as discussed in [14] and [22], focus on differ-
ent aspects of HAR.

Other related works include the application of con-
trastive learning, such as [16], which applies inter-example
contrastive learning on image datasets, whereas we use
intra-example contrastive learning among logits. In com-
puter vision, [21] uses knowledge distillation with image
augmentation but lacks multiple teachers. Self-supervised
learning approaches, like those in [8] and [5], relate to
self-supervised methods using positive pairs, unlike our use
of InfoNCE-based [4] contrastive loss. Additionally, data-

Figure 3. High level illustration of the proposed DAF framework.
The approach involves leveraging multiple teacher models to dis-
till a student via Contrastive Learning. To further complement the
student in confusing scenarios, a second peer student is trained us-
ing data augmentation. The predictions of both students are com-
bined using a filtering technique.

free distillation methods, such as [11], propose a data-free
approach with unstable training, unlike our method using
training data. Ensemble HAR methods, such as [2], use
multiple models but do not address mobile deployment ef-
ficiency like our distillation-based approach.

Our framework is novel, combining a multi-architecture,
multi-teacher setup with intra-example contrastive learning,
focal loss, data augmentation, and probability filtering.

3. Proposed framework for efficient HAR
Training supervised DL models for smartphone-based
HAR, involves segmenting multi-variate time-series signals
into fixed-length windows and classifying them into one of
the activity classes (Figure 2). Each window xi has a cor-
responding class label yi = c, where c ∈ {1, 2, . . . , C}
represents one of C activities. The model, represented by
M(·), predicts logits M(xi), which are converted into a
probability distribution using the SoftMax function. The
predicted distribution is compared to the ground truth, and
Cross-Entropy loss is optimized over several epochs to train
the model for accurate recognition.

3.1. Distillation (D) in DAF
To enable low-latency deployment on smartphones, knowl-
edge distillation [9] trains a smaller student model s(·) us-
ing a larger teacher model M(·), with a total loss:

Ltotal = αLCE + (1− α) τ2Lstd
distil (1)

where, LCE is the cross-entropy loss, which aligns the
model’s predictions with the ground truth. α is a hyperpa-
rameter balancing the two loss terms. τ is the temperature
parameter controlling the distribution smoothness. Lstd

distil is
the standard distillation loss, typically computed using the
Kullback-Leibler divergence between the teacher and stu-
dent distributions (Hstd

dist).
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Figure 4. Illustration of the proposed Contrastive Distillation tech-
nique. For a training window, the student distribution is pulled
closer to the distribution of the teacher which is the best perform-
ing for the class label of the window. The student distribution is
simultaneously moved away from all other teacher distributions.

The cross-entropy loss LCE is expressed as:

LCE = − 1

|B|

|B|∑
i=1

C∑
j=1

yi(j) log{σ(s(xi); τ)(j)} (2)

Here, xi is a training example. yi is the one-hot encoded
ground truth label, s.t., yi = c ∈ 1, ..., C. C is the number
of classes. |B| is the mini-batch size. σ(s(xi); τ) is the
softmax function applied to the student model’s logits with
temperature τ .

However, a single teacher often performs inconsistently
across diverse activity classes. To address this, we propose
creating a teacher set (Fig 3) by training multiple large ar-
chitectures independently and selecting the best-performing
teacher for each class. For a multi-teacher setup, we can use
the Class-Specific Activation (CSA) strategy. Each class
c has a best-performing teacher Mc(.), identified from the
pre-distillation stage. The CSA distillation loss is:

Lcsa
distil = Hstd

dist(σ(Mc(xi); τ), σ(s(xi); τ)) (3)

However, CSA only considers the positive teacher for each
class and does not account for negative teachers. To address
this limitation, we propose using Contrastive Distillation
(CD). The CD loss is (Fig 4):

Lcd
distil =

1

|B|
∑
xi∈B

log

[
exp(Hc

i (xi))∑
d ̸=c exp(Hd

i (xi))

]
(4)

where

Hc
i (xi) = Hdist(σ(Mc(xi); τ), σ(s(xi); τ)) (5)

For each xi, CD aligns the student distribution with the pos-
itive teacher (Mc, s.t., yi = c) while pushing away from
distributions of negative teachers (Md, d ̸= c).

We also incorporate Focal Loss to handle class imbal-
ance by modifying Hdist as:

Hdist = FL(pt) = −αt(1− pt)
γ log(pt) (6)

Here, αt is a weighting factor, and γ is a focusing parameter.
The total loss is then computed as:

Ltotal = αLCE + (1− α)Lcd
distil (7)

3.2. Augmentation (A) in DAF
For highly confusing classes (e.g., Fig 6, Fig 8), a single
student trained using eq (7) may still struggle. To comple-
ment it, we propose training a peer student model with an
additional augmented data based loss term Laug, while mod-
ifying eq (7) as:

Ltotal = α(LCE + λaugLaug) + (1− α)Lcd
distil (8)

where, λaug > 0 is the hyperparameter term for Laug, and

Laug = − 1

|B|

|B|∑
i=1

C∑
j=1

ỹi(j) log{σ(s(x̃i); τ)(j)} (9)

In our work, we suggest obtaining an augmented data
instance x̃i using two approaches:
1. Synthetic Data Augmentation: We use Variational

Auto-Encoders (VAEs), V(.), to generate synthetic
time-series data x̃i = V(xi) for underrepresented
classes. The VAE loss function is given by:

Lθ,ϕ = −Eq(z|x; ϕ)[log pθ (x|z)]+KL(q(z|x; ϕ) || pθ (z))
(10)

VAEs are chosen for their stability and ability to produce
realistic samples [10] (see Fig 5 for our IHS dataset).

2. Mix-Up Augmentation: This technique mixes both data
and labels of confusing classes to increase data diversity
and prevent overconfidence in model predictions [20].
For examples xi and xj with labels yi and yj , Mix-Up
generates a new example x̃ and label ỹ as follows:

x̃ = λxi + (1− λ)xj (11)

ỹ = λyi + (1− λ)yj (12)

where λ is sampled from a Beta distribution. This ap-
proach helps the model understand the percentage of be-
longingness of an example towards a certain category,
improving predictive performance.

3.3. Filtering (F) in DAF
We then fuse the predictions of both students using a novel
probability filtering technique. Unlike average-based fu-
sion, which computes the final distribution as:

p
(final)
i (c) = mean(p

(1)
i (c), p

(2)
i (c)) (13)
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Figure 5. Comparison of real and synthetic time series data gener-
ated using a VAE on IHS dataset.

Figure 6. Side-by-side comparison of data acquired by different
sensors for a pair of confusing classes in our IHS data set. The
rows correspond to the two classes, and the columns correspond
to the sensor types.

and max-based fusion, which uses:

p
(final)
i (c) = max(p

(1)
i (c), p

(2)
i (c)) (14)

our approach selects the better performing student for each
class using a membership array A (Fig 7):

p
(final)
i (c) = I[A(c) = 1] ∗ p(1)i (c) + I[A(c) = 2] ∗ p(2)i (c)

(15)
where I[.] is an indicator function that takes the value
of 1 if the condition within the brackets is met. A ∈
{(a1, . . . , aC)|ai ∈ {1, 2}, i = 1, . . . , C} is obtained by
maximizing validation performance using student 1, s1(·)
and student 2, s2(·). This approach effectively leverages
the strengths of both models, particularly in scenarios where
one model excels in certain classes while the other does not.

3.4. Algorithmic Details and Speed-Memory Trade-
offs of DAF

We provide the algorithmic details of the proposed DAF
framework in Algorithm 1. The framework involves train-
ing two student models in parallel, one with contrastive dis-
tillation and another with additional augmentation, to im-
prove performance on challenging classes. This approach
allows for a better speed-memory trade-off compared to
simply increasing the size of a base model like LSTM.
While running both students in parallel maintains the same
latency as a base LSTM, it doubles the memory requirement
due to storing two checkpoints. However, this is more effi-
cient than doubling the units in a base LSTM, which would

Figure 7. Illustration of the proposed probability filtering tech-
nique to combine predictions of both the students using a mem-
bership array.

Algorithm 1 DAF Framework Algorithm
Require: Labeled dataset {xi,yi} of windows and activity class label.
Ensure: A pair of student models s1(.) and s2(.), and membership array

A[1 : C].
1: For each class c in 1 : C, identify Mc(.), a DL model architecture

performing best for class c.
2: Randomly initialize weights of s1(.) and s2(.).
3: Contrastive Distillation (CD):
4: for each epoch in 1 : epochs s1 do
5: for each mini-batch B do
6: Obtain {xi,yi} ∈ B.
7: Compute Ltotal = αLCE + (1− α)Lcd

distil using {xi,yi}.
8: Update s1(.) using ∇Ltotal.
9: Save model checkpoint for s1(.) using validation performance.

10: end for
11: end for
12: Identify set of classes {c̃} where s1(.) does not perform satisfactorily.
13: Contrastive Distillation with Augmentation (CDA) via Generative

Model:
14: for each c̃ do
15: Synthesize {V(xi),yi = c̃} using generative model V and obtain

Xc̃ = {V(xi),yi = c̃} ∪ {xi,yi = c̃}.
16: Train s2 ∗ (.) using steps similar to CD with Xc̃.
17: end for
18: Contrastive Distillation with Augmentation (CDA) via Mix-Up:
19: Form pairs of classes {(c̃1, c̃2)} to obtain mix-up dataset {x̃, ỹ}.
20: Train s2 ∗ ∗(.) using original data and mix-up dataset.
21: Using heuristics from validation data, assign the better performing of

s2∗ and s2 ∗ ∗ as s2(.).
22: Filtering (F):
23: Find A ∈ {(a1, . . . , aC)|ai ∈ {1, 2}, i = 1, . . . , C} that maxi-

mizes validation performance using s1(·) and s2(·).
24: Return s1(.), s2(.), and A.

increase both memory and latency. Our framework thus of-
fers a promising balance between speed and memory usage.

4. Experimental Results

We conduct experiments on three dataset settings:
1. In-House Sensor (IHS) dataset
2. IHS pseudo Few Shot 5 (FS5) dataset, and
3. Public UCI HAR dataset [1].
The IHS dataset consists of 8 smartphone-based hand move-
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ments with triaxial data from accelerometer, gyroscope,
and linear acceleration sensors. We perform sensor fusion
by stacking these attributes: acc x, acc y, acc z, gyro x,
gyro y, gyro z, la x, la y, la z.

For the IHS dataset (Table 1), we use a sliding window
approach with a length of 50 and step size of 1. The training
and testing matrices are of shapes (1394, 50, 9) and (3788,
50, 9), respectively. The FS5 dataset is derived from IHS
to mimic labeled data-scarce settings by using only the first
5 training windows per class, resulting in a training matrix
of shape (40, 50, 9). The UCI HAR dataset (Table 2) con-
tains 6 human activities and is used for benchmarking, with
training and testing matrices of shapes (7352, 128, 9) and
(2947, 128, 9).

Our experimental protocol involves training various deep
supervised time-series classification models, identifying
best-performing teacher models for each class, and apply-
ing our Distillation, Augmentation, and Filtering (DAF)
framework. We use a lightweight LSTM as the student ar-
chitecture and evaluate performance using Accuracy as the
metric, reporting both average class-wise and overall aver-
age accuracies.

Table 1. Details of the IHS dataset
Class Total samples Train samples Test samples Train windows Test windows

anticlock 604 181 423 (132, 50, 9) (374, 50, 9)
back 867 260 607 (211, 50, 9) (558, 50, 9)
bottom 456 136 320 (87, 50, 9) (271, 50, 9)
clock 711 213 498 (164, 50, 9) (449, 50, 9)
front 656 196 460 (147, 50, 9) (411, 50, 9)
left 1325 397 928 (348, 50, 9) (879, 50, 9)
right 982 294 688 (245, 50, 9) (639, 50, 9)
top 365 109 256 (60, 50, 9) (207, 50, 9)

Table 2. Details of the UCI HAR dataset
Class Train windows Test windows

walk (1226, 128, 9) (496, 128, 9)
walk up (1073, 128, 9) (471, 128, 9)
walk down (986, 128, 9) (420, 128, 9)
sit (1286, 128, 9) (491, 128, 9)
stand (1374, 128, 9) (532, 128, 9)
lay (1407, 128, 9) (537, 128, 9)

4.1. Results on IHS Dataset
In Table 3, we compare the performance of various deep
supervised models on the IHS dataset. The ConvLSTM
method performs best overall in terms of average class-wise
accuracy (Avg cw Acc) and average accuracy (Avg Acc), as
shown in bold. However, no single method excels across
all classes, motivating the use of a multi-teacher setup.
We identify the best-performing model for each class to cre-
ate a teacher list: teacherlist = {‘transf’, ‘cnnblstm’, ‘convl-
stm’, ‘convlstm’, ‘transf’, ‘cnnlstm’, ‘convlstm’, ‘transf’}.
This list guides the selection of positive teachers for each
class.

Table 4 shows that model latency increases with com-
plexity, making the lightweight LSTM suitable for mobile

deployment. We thus use it as the base student model for
our DAF framework.

In Table 5, we compare various distilled models against
the base LSTM:
• LSTM: Base LSTM architecture.
• TF-LSTM: Distilled LSTM using only the Transformer

as a teacher.
• CV-LSTM: Distilled LSTM using only ConvLSTM as a

teacher.
• MT-CSA: Class-Specific Activation (CSA) multi-teacher

approach.
• CD-KL: Contrastive Distillation with KL divergence

loss.
• CD: Contrastive Distillation with Focal loss.
• CDAF and CDAFs: CDAF denotes the complete DAF

pipeline, encompassing both augmentation and filtering.
In contrast, CDAFs is a variant of CDAF that further in-
corporates the slice and shuffle technique [18] for time-
series data.
Values highlighted in green indicate improvements over

the base LSTM (in orange), while those in red show signif-
icant improvements, particularly by our methods.

4.1.1. Insights on Distillation (D) alternatives
From Table 5, we derive several insights:
• A single teacher may not be adequate in cases of con-

fusing classes: Using a single teacher like Transformer
(TF-LSTM) or ConvLSTM (CV-LSTM) improves perfor-
mance on one class but worsens it on another due to in-
herent confusion between classes, as shown in Fig 6 and
Fig 8.

• Multiple teachers are useful for distillation: The MT-
CSA method outperforms single-teacher variants in terms
of average accuracies, highlighting the benefits of multi-
ple teachers.

• Contrastive Distillation outperforms simple class-
specific activation: Our proposed variants using Con-
trastive Distillation outperform MT-CSA and the base
LSTM.

• Focal loss over KL-divergence: Our CD method with Fo-
cal loss outperforms CD-KL, which uses KL divergence,
indicating Focal loss is beneficial for hard-to-classify ex-
amples.

• Benefits of the Augmentation and Filtering stages: The
CDAF variant with the full DAF pipeline significantly im-
proves performance, especially on confusing classes (bot-
tom: 89.3 from 67.9, top: 59.9 from 35.27).

4.1.2. Insights on Augmentation (A) alternatives
In Table 6, we analyze different augmentation strategies
within our DAF framework:
• CDA-V: Contrastive Multi-Teacher distilled LSTM with

VAE-based augmentation for the top class, improving its
performance from 35.27 to 54.59.
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Table 3. Performance comparison among various supervised models with different architectures on the IHS dataset
Method anticlock back bottom clock front left right top Avg cw Acc Avg Acc

LSTM 100 92.83 67.9 100 92.7 100 99.22 35.27 85.99 92.19
BLSTM 90.91 90.68 86.35 100 95.62 95.34 97.03 26.09 85.25 90.65
DLSTM 100 88.35 90.04 98.66 94.16 91.47 90.92 19.32 84.12 88.86
ConvLSTM 98.13 98.03 95.94 100 93.19 97.16 98.75 79.71 95.11 96.52
CNN-LSTM 97.86 99.1 94.46 100 96.59 100 94.99 44.93 90.99 95.04
CNN-BLSTM 91.18 99.46 92.62 100 96.11 99.77 97.34 55.07 91.44 95.14
CNN-DLSTM 98.66 91.76 78.97 100 92.46 99.89 86.85 17.39 83.25 89.57
CNN-DBLSTM 94.92 90.32 74.17 100 92.21 98.86 86.7 73.91 88.89 91.45
Transformer 100 71.15 76.75 100 97.81 95.45 87.32 90.82 89.91 90.15

Table 4. Latency comparison of different architectures on the IHS dataset
Method LSTM BLSTM DLSTM ConvLSTM CNN-LSTM CNN-BLSTM CNN-DLSTM CNN-DBLSTM Transformer

Latency 9ms 13ms 18ms 26ms 13ms 19ms 15ms 45ms 280ms

Table 5. Performance comparison among various distilled models against the base student LSTM on the IHS dataset
Method anticlock back bottom clock front left right top Avg cw Acc Avg Acc

LSTM 100 92.83 67.9 100 92.7 100 99.22 35.27 85.99 92.19
TF-LSTM 94.92 82.8 97.42 100 90.27 96.25 91.24 16.91 83.72 88.83
CV-LSTM 100 90.14 43.17 100 91.24 96.81 98.9 46.86 83.39 89.7
MT-CSA 99.47 91.76 90.41 100 90.75 93.52 93.58 23.67 85.39 90.29

CD-KL (Ours) 100 99.28 77.49 100 93.19 99.77 98.75 27.05 86.94 93.29
CD (Ours) 100 94.98 80.44 100 93.43 100 100 30.92 87.47 93.37

CDAF (Ours) 100 96.42 89.3 100 93.67 100 100 59.9 92.41 95.83
CDAFs (Ours) 100 94.98 94.83 100 93.92 100 100 71.01 94.34 96.65

Figure 8. Illustration of the confusion matrix in the test data of
IHS using base LSTM.

• CDA-V-r: Similar to CDA-V but with added L2 regular-
ization. It slightly improves average performance and the
top class, though regularization is unnecessary with VAE
augmentation.

• CDA-MU: Contrastive Multi-Teacher distilled LSTM
with Mix-Up augmentation for confusing classes (bot-
tom, top). This achieves significant gains for both classes
(89.3 from 67.9 for bottom, 59.9 from 35.27 for top) and
improves average performance.

• CDA-VMU: Hybrid augmentation using VAE for the top
class followed by Mix-Up for (bottom, top) and (top, bot-
tom). It offers the highest overall average accuracy but is
slightly lower than CDA-MU on confusing classes.
Most metrics are improved by our CD variants, as high-

lighted in green, compared to the base LSTM values in or-
ange. While CD improves average performance (87.47 vs.
85.99), it drops the top class’s performance due to gains in
the bottom class. This motivates the use of augmentation to
focus on challenging classes.

4.1.3. Insights on Filtering (F)

In Table 7, we evaluate the performance of our probabil-
ity filtering component. We compare two student variants:
CD (Contrastive Distillation) and CDA-MU (Contrastive
Multi-Teacher distilled LSTM with Mix-Up augmentation),
treated as model 2 and model 1, respectively. The CDAF
variant, which uses probability filtering, outperforms sim-
ple Averaging (Avg) and Maximum (Max) methods by
significant margins. This demonstrates the effectiveness of
its decision fusion strategy. To obtain CDAF, we used the
membership array A = [2, 2, 1, 1, 1, 2, 2, 1].

4.2. Results on FS5 Dataset setting

In Table 8, we compare the performance of various deep
supervised models on the FS5 dataset setting. The Trans-
former model performs best, while BLSTM, ConvLSTM,
and DBLSTM outperform the lightweight LSTM. Due to
the limited training samples, many methods struggle to
recognize most classes. The teacher list for this setting
is: teacherlist = {‘transf’, ‘transf’, ‘convlstm’, ‘blstm’,
‘transf’, ‘transf’, ‘transf’, ‘transf’}.

In Table 9, we demonstrate that our DAF framework
boosts the base LSTM’s performance even in the few-
shot (FS5) setting with few labeled examples. The vari-
ants CDs, CDA-MUs, and CDAFs are used, with the latter
referring to the final variant after probability filtering.

In Table 10, we compare CDAF with simple Averaging
(Avg) and Maximum (Max) methods on the FS5 setting.
CDAF outperforms these counterparts using the member-
ship array A = [2, 2, 1, 2, 1, 1, 1, 1].
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Table 6. Analysis with respect to augmentation on IHS dataset
Method anticlock back bottom clock front left right top Avg cw Acc Avg Acc

LSTM 100 92.83 67.9 100 92.7 100 99.22 35.27 85.99 92.19

CD 100 94.98 80.44 100 93.43 100 100 30.92 87.47 93.37
CDA-V 100 91.94 63.84 100 92.94 100 97.34 54.59 87.58 92.53

CDA-V-r 99.47 95.16 69 100 91.97 100 99.22 39.13 86.74 92.69
CDA-MU 96.79 88.17 89.3 100 94.16 96.36 98.12 59.9 90.35 93.19

CDA-VMU 95.72 89.61 83.39 100 92.7 99.32 99.06 57.49 89.66 93.43

Table 7. Demonstration of probability Filtering (F) on IHS dataset
Model 1 Model 2 Method anticlock back bottom clock front left Right top Avg cw Acc Avg Acc

N/A N/A CDA-MU 96.79 88.17 89.3 100 94.16 96.36 98.12 59.9 90.35 93.19
N/A N/A CD 100 94.98 80.44 100 93.43 100 100 30.92 87.47 93.37
CDA-MU CD Avg 100 90.68 88.93 100 93.92 99.09 99.69 38.16 88.81 93.53
CDA-MU CD Max 100 90.5 89.3 100 93.67 99.09 99.69 38.65 88.86 93.53
CDA-MU CD Prob Filtering/CDAF (Ours) 100 96.42 89.3 100 93.67 100 100 59.9 92.41 95.83

Table 8. Performance comparison among various supervised models with different architectures on the FS5 dataset setting
Method anticlock back bottom clock front left right top Avg cw Acc Avg Acc

LSTM 34.76 11.29 32.84 10.69 13.14 14.22 18.62 33.82 21.17 18.43
BLSTM 16.84 7.89 35.06 43.88 13.14 38 14.87 28.5 24.77 24.84
DLSTM 0 0 0.37 0 0 0 86.85 67.63 19.36 18.37
ConvLSTM 35.56 23.3 66.79 29.4 10.46 11.95 13.15 36.71 28.41 23.34
CNN-LSTM 0 0.18 7.38 0 0 79.98 30.83 0 14.8 24.31
CNN-BLSTM 0 0 5.9 0 0 0 100 8.7 14.32 17.77
CNN-DLSTM 0 0 0 0 0 0 67.61 58.94 15.82 14.63
CNN-DBLSTM 25.13 50.36 55.35 16.7 7.06 16.38 28.17 43.96 30.39 27.56
Transformer 47.33 62.37 35.42 26.06 69.34 21.5 60.41 91.3 51.72 47.18

Table 9. Performance comparison among various distilled models against the base student in FS5 setting
Method anticlock back bottom clock front left right top Avg cw Acc Avg Acc

LSTM 34.76 11.29 32.84 10.69 13.14 14.22 18.62 33.82 21.17 18.43

CDs (Ours) 36.36 12.54 42.44 12.92 14.11 15.13 22.07 25.12 22.59 20.14
CDA-MUs (Ours) 44.12 7.17 53.51 5.79 13.38 17.18 18.31 22.22 22.71 19.67

CDAFs (Ours) 37.7 10.93 59.41 14.25 13.38 21.27 19.72 22.22 24.86 22.2

Table 10. Demonstration of probability Filtering (F) on FS5 Dataset setting
Model 1 Model 2 Method anticlock back bottom clock front left right top Avg cw Acc Avg Acc

N/A N/A CDA-MUs 44.12 7.17 53.51 5.79 13.38 17.18 18.31 22.22 22.71 19.67
N/A N/A CDs 36.36 12.54 42.44 12.92 14.11 15.13 22.07 25.12 22.59 20.14
CDA-MUs CDs Avg 38.5 10.57 45.02 11.36 13.87 15.59 21.6 24.15 22.58 20.01
CDA-MUs CDs Max 38.24 10.93 42.44 12.47 13.87 14.79 21.13 25.12 22.37 19.77
CDA-MUs CDs Prob Filtering/CDAF (Ours) 37.7 10.93 59.41 14.25 13.38 21.27 19.72 22.22 24.86 22.2

4.3. Results on UCI HAR Dataset

In Table 11, we compare various deep supervised models
on the UCI HAR dataset. The ConvLSTM model performs
best in terms of average performance, while the Trans-
former model performs the worst. The teacher list for this
setting is: teacherlist = {‘cnnlstm’, ‘blstm’, ‘convlstm’,
‘cnndblstm’, ‘cnnblstm’, ‘convlstm’}.

In Table 12, we demonstrate that our DAF framework
improves the base LSTM’s performance on the UCI
HAR dataset. The variants CDs, CDA-MUs, and CDAFs
are used, with CDAFs being the final variant after probabil-
ity filtering. Our approach enhances performance on classes
like sitting and standing, where the base LSTM was weaker.

In Table 13, we compare CDAFs with simple Av-
eraging (Avg) and Maximum (Max) methods on the
UCI HAR dataset. CDAFs outperform these counter-
parts, albeit marginally, using the membership array A =

[2, 1, 1, 2, 2, 1].

4.4. Insights on Speed-Memory trade-off
To assess whether doubling the base LSTM’s size would be
beneficial, we compare it with our DAF framework. We
create two variants: LSTM+ (doubling LSTM units) and
LSTM++ (doubling both LSTM and dense units). In Table
14, we report that while these variants increase memory re-
quirements by 2.07x to 4x, they also increase latency by up
to 2x, which is undesirable for on-device inference. In con-
trast, our CDAFs method, despite a 2x increase in memory,
maintains the same inference latency as the base LSTM.

4.5. Additional Experiments
We report additional experiments:
• Table 15 showcases the performance differences arising

out by varying α in the core CD method from eq (7), on
the IHS dataset. We noticed an overall stability of our
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Table 11. Performance comparison among various supervised models with different architectures on the UCI HAR dataset
Method walk walk up walk down sit stand lay Avg cw Acc Avg Acc

LSTM 93.55 92.14 98.1 78.62 87.41 100 91.63 91.55
BLSTM 95.77 96.82 97.86 79.02 86.47 100 92.65 92.53
DLSTM 94.15 95.75 99.05 76.99 90.41 100 92.73 92.64
ConvLSTM 92.14 92.57 99.52 81.26 93.42 100 93.15 93.11
CNN-LSTM 96.17 96.6 97.62 73.52 89.85 100 92.29 92.23
CNN-BLSTM 91.13 94.69 98.1 69.04 93.8 100 91.13 91.11
CNN-DLSTM 93.75 95.12 99.05 75.56 89.66 95.34 91.41 91.25
CNN-DBLSTM 94.35 94.48 99.29 84.11 82.14 100 92.4 92.2
Transformer 89.92 89.81 75.48 58.45 92.67 99.63 84.33 84.87

Table 12. Performance comparison among various distilled models against the base student in UCI HAR dataset
Method walk walk up walk down sit stand lay Avg cw Acc Avg Acc

LSTM 93.55 92.14 98.1 78.62 87.41 100 91.63 91.55

CDs (Ours) 94.76 90.66 96.19 81.67 89.29 100 92.09 92.09
CDA-MUs (Ours) 91.73 97.24 97.86 87.37 78.01 99.81 92 91.75

CDAFs (Ours) 94.56 95.54 97.38 81.67 89.29 99.81 93.04 92.98

Table 13. Demonstration of probability Filtering (F) on UCI HAR dataset
Model 1 Model 2 Method walk walk up walk down sit stand lay Avg cw Acc Avg Acc

N/A N/A CDA-MUs 91.73 97.24 97.86 87.37 78.01 99.81 92 91.75
N/A N/A CDs 94.76 90.66 96.19 81.67 89.29 100 92.09 92.09
CDA-MUs CDs Avg 94.56 92.78 97.62 84.73 84.59 100 92.38 92.26
CDA-MUs CDs Max 94.35 92.36 97.62 84.73 84.59 100 92.27 92.16
CDA-MUs CDs Prob Filtering/CDAFs (Ours) 94.56 95.54 97.38 81.67 89.29 99.81 93.04 92.98

Table 14. Effect of increasing base LSTM size (in terms of doubling the number of units in LSTM and Dense layers) vs using our method
on the IHS dataset.

Method anticlock back bottom clock front left right top Avg cw Acc Avg Acc Latency DiskStorage Trainable Params

LSTM 100 92.83 67.9 100 92.7 100 99.22 35.27 85.99 92.19 9ms 1.3MB 108360

LSTM+ 98.4 90.5 82.29 100 90.75 97.04 98.9 37.68 86.95 91.9
15ms

(1.6x LSTM)
2.7MB

(2.07x LSTM)
224328

(2.07x LSTM)

LSTM++ 94.39 86.02 81.92 100 94.65 99.54 96.56 40.1 86.65 91.55
19ms

(2.1x LSTM)
5.2MB

(4x LSTM)
429704

(3.9x LSTM)

CDAFs (Ours) 100 94.98 94.83 100 93.92 100 100 71.01 94.34 96.65 9ms
(== LSTM)

2.6MB
(2x LSTM)

216720
(2x LSTM)

method across different values of α. However, a very low
value emphasizes too much importance to the distillation
term, and a very high value focuses too less. We noticed
an optimal value of 0.1 resulting the best performance,
similar to other works in distillation literature.

• In Table 16, we showcase the performances of different
variations of our DAF method on IHS dataset, while also
highlighting the impact of the shuffle technique [18]. We
noticed that the resulting variant CDAFs performs the
best, and thus use it for the other two datasets as well.

• Varying λaug in eq (8) for the augmentation loss term with
Mix-Up on the IHS dataset (Table 17).

Table 15. Analysis wrt α in Contrastive Distillation on IHS
Dataset
α Method anticlock back bottom clock front left right top Avg cw Acc Avg Acc

0.1 CD 100 94.98 80.44 100 93.43 100 100 30.92 87.47 93.37
0.01 CD 100 91.94 76.01 100 93.67 100 100 33.82 86.93 92.79
0.5 CD 100 91.76 78.97 100 92.7 97.61 99.37 28.02 86.05 91.9

Table 16. Effect of Shuffling on IHS Dataset
Method anticlock back bottom clock front left right top Avg cw Acc Avg Acc Mixup Shuffle Prob Filtering

CDAF 100 96.42 89.3 100 93.67 100 100 59.9 92.41 95.83 Yes No Yes
CDAFs 100 94.98 94.83 100 93.92 100 100 71.01 94.34 96.65 Yes Yes Yes
CDA-MU 96.79 88.17 89.3 100 94.16 96.36 98.12 59.9 90.35 93.19 Yes No No
CDA-MUs 98.4 74.55 94.83 100 93.43 99.54 61.5 71.01 86.66 86.83 Yes Yes No
CDA-VMUs 98.4 84.59 85.24 100 92.7 99.89 61.82 66.18 86.1 87.41 Yes Yes No
Base LSTMs 100 86.2 42.8 100 93.92 93.74 64.01 39.13 77.48 82.37 No Yes No

Table 17. Effect of Mixup/Aug Loss Hyperparameter on IHS
Dataset
λaug Method anticlock back bottom clock front left right top Avg cw Acc Avg Acc

1 CDA-MUs 98.4 74.55 94.83 100 93.43 99.54 61.5 71.01 86.66 86.83
5 CDA-MUs 91.44 88.71 61.99 100 87.83 99.09 89.98 55.56 84.33 89.12
0.2 CDA-MUs 99.73 87.28 49.82 100 93.43 95.79 74.02 34.3 79.3 84.85

5. Conclusions

Our framework offers a novel multi-architecture, multi-
teacher setup for knowledge distillation in smartphone-
based Human Activity Recognition (HAR), leveraging con-
trastive learning, focal loss, synthetic data augmentation,
and Mix-Up augmentation. It also includes a probabil-
ity filtering technique to fuse decisions from two student
variants without increasing latency, validated across various
datasets.

However, the framework has limitations. Consistent
training across datasets is challenging due to the need for
trial and error in selecting the teacher list and membership
array A, which relies on a good validation set. Augmenta-
tion strategies are not deterministic and may fail. The ef-
fectiveness of contrastive loss depends on the diversity of
negative teachers, influenced by base teacher architectures
and their initial performances.
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