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• Real-time video stream Deep Learning (DL) based analysis is gaining
importance

• Shift from cloud-based computing to edge-based processing to:
• Reduce latency
• Protect privacy

• DL models require substantial computational resources to achieve high 
accuracy.

• Challenges: computation, transmission and adaptation

Collaborative Deep Inference

Online Domain Adaptation

• High accuracy often is related to computational heavy DL model
• Deploying such models on edge devices poses challenges due to: latency 

constraints, memory limitations  
• Collaborative Deep Inference mitigates these issues by:   
• Partitioning the DL model across multiple devices  
• Balancing computation between an edge device and a server 

CONTRIBUTION [1]:
• Adaptive framework dynamically selects a split point from candidate layers 

based on real-time performance metrics.
• The edge device processes the initial layers up to the selected split point, 

ensuring:
• Predefined latency constraints are met    
•  Computational load and transmission time are optimized  

• Network bandwidth and workload are monitored using a custom UDP-based 
protocol 

• This approach maintains accuracy without requiring model retraining  and 
architectural modifications

RESULTS:
• Tensor quantization and compression scheme has a minimal effect on the 

accuracy of human pose estimation (HPE). 
• In gait analysis, small discrepancies in knee flexion angle estimation between 

our adaptive HPE framework and the marker-based motion capture system are 
unlikely to result in significant clinical differences

• Our framework meets the necessary computational performance 
requirements, keeping the maximum angular error within acceptable limits 
(i.e., 7 FPS). 

• Low complexity of the runtime split point selector
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Fig. 7. Effect of different quality assessment approaches on the accuracy of the online active learning framework for the object detection task.

TABLE IV
ACCURACY OF THE OAL PLATFORM VARYING THE TRAINING SCHEDULES

IN OBJECT DETECTION TASK.

Metric MAE %update
%teacher
execution

Teacher 155.5 - -
No train 245.4 0.0 0.0
Train always 100.2 100.0 100.0
Accuracy-based 108.7 5.3 100.0
Our 100.8 9.2 9.2

TABLE V
ENERGY CONSUMPTION AND LATENCIES OF THE OAL PLATFORM

VARYING THE TRAINING SCHEDULES IN OBJECT DETECTION TASK ON AN

EDGE DEVICE AND A SERVER.

Device Jetson NX RTX 2070 SUPER

Performance
Energy

mWh
Time Energy

mWh
Time

ms Hz ms Hz
Accuracy-based 28.2 55.7 17.9 269.3 10.5 95.6
Our 19.3 32.8 30.5 197.4 7.4 135.5

the figure, where the two lines diverge by more than 200
pixels. In the initial segment of the scene, all models show
similar performance, as the reference vehicle for the evaluation
was stationary at a traffic signal, resulting in a static scene.
The train always approach (cyan line), unfeasible for online
deployment, shows excellent performance, outperforming even
the teacher model in the last plot segment. In spite of its
counterintuitive nature, whereby student models are trained
from the labels of the teacher model, this demonstrates that the
model, through its training process, achieves better adaptation
to the scene, consequently yielding improved performance.
Furthermore, it is noteworthy to mention that in training the
SSD model, we employed a data augmentation scheme as
proposed by the authors in their paper. The blue line, on
the other hand, represents the OAL model inspired by [12].
Although this method is also not achievable in real-time, it
performs very well, closely resembling the performance of the
train always approach, except for some peaks. Our framework
performs almost analogously to the train always approach,
outperforming the accuracy based approach and stands out as
the most suitable for deployment in a real-world scenario.

Table IV provides a quantitative measure of the findings
depicted in the plot. As mentioned earlier, the teacher model
outperforms the student model without training (i.e., No train),

with a mean absolute error (MAE) of 155.5 pixels compared to
245.4 pixels. Among the methods employing fine-tuning, the
train always approach shows an improvement, lowering the
MAE to 100.2 pixels on average. This methodology, despite
its superior performance, demands 100% of the teacher’s
executions and all feasible training data, making it impractical
in a real-world scenario. The accuracy-based approach yields
a MAE of 108.7 pixels. It executes the teacher model 100% of
the time (for comparison and label acquisition) and conducts
training only 5.3% of the time. In contrast, the proposed
methodology achieves a better result with a MAE of 100.8
pixels, executing both training and the teacher model (for label
acquisition) 9.2% of the time, thereby achieving significant
computational savings.

Table V presents a performance analysis similar to that
in Table II. This table compares our OAL approach with
the accuracy-based approach in terms of energy consumption
and execution time on both edge and server devices in OD
task. Even for OD task, our OAL approach outperforms the
accuracy-based approach, demonstrating higher performance
in both execution times and energy. Furthermore, the trade-off
between execution frequency and average energy consumption
(Hz/mWh) gets better with a deployment in the NVIDIA
Jetson (1.58) over a deployment in the desktop server (0.68).
These results demonstrate that our approach is generalizable
and effective for both human pose estimation and object
detection tasks.

V. CONCLUSION

This work aimed to enable on-device neural network train-
ing, with a specific focus on fine-tuning for video analysis
models. We developed a novel methodology for determining
the optimal moments for initiating training in real-time and
privacy-aware systems. Our approach leverages the princi-
ples of low rank approximation to identify the presence of
noise within a sequence. The execution of the teacher model
and subsequent training through knowledge distillation occurs
when our approach detects a noisy sequence. While state-of-
the-art approaches selected training steps through comparison
with teacher predictions, our approach employed low-rank
approximation theory on student predictions to determine op-
timal training scheduling, saving teacher executions. Through
comprehensive experimentation, we applied our methodology
to two wide-spread tasks (i.e., human pose estimation and
object detection) on public datasets and a real case study,

• DL models for edge devices are usually pre-trained
• Low generalization capability due to:    
•  Variations in real-world data    
• Out-of-Distribution (OOD) issues

• Fine-tuning is essential to adapt models to deployment conditions 
• Spatio-temporal models, used in applications like autonomous driving, must 

dynamically adapt 
• Online fine-tuning is challenging due to lack of ground truth in real-time data

CONTRIBUTION [2]:
Efficient training scheduler for spatio-temporal tasks that:    
• Eliminates dependence on  ground truth    
• Determinate the quality of the model prediction using the reconstruction 

percentage of the Singular Value Decomposition (SVD)
• If reconstruction quality drops below a threshold, the teacher model generates 

soft labels and start the fine-tuning process
• Otherwise, student predictions are accepted

RESULTS:

• Evaluation on two spatiotemporal tasks: Human pose estimation (HPE) and Object 
Detection (OD)    

• Three scenarios: dynamic, semi-repetitive, repetitive      
• State-of-the-art accuracy      
• Reduced training iterations by up to 90.6% in semi-repetitive and repetitive cases
Car Detection 
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Fig. 2. The proposed online active learning platform relying an auto quality assessment based on singular value decomposition for student video stream
processing and teacher-student model knowledge distillation with sampling query optimization.

Our platform, in contrast, relies only on information provided
by the student to determine when training should start. This
approach activates the teacher only when acquiring soft labels
is necessary, thereby preventing a slowdown in the system’s
throughput during the prediction quality assessment phase.

We define V as the space of video frames, where each frame
F → V is a two-dimensional array of pixels.

We represent each frame F as a spatial grid of pixels pi,j ,
where F = [pi,j ] for i = 1, 2, . . . ,M and j = 1, 2, . . . , N ,
with M and N denoting the height and width of the frame,
respectively. The spatial representation captures the static
arrangement of objects within individual frames, encoding
information about color, texture, and spatial patterns. The
temporal dimension represents the sequence of video frames
over time.

As shown in Figure 2, we define the video queue V Q =
{F0, F1, F2, . . . , FW−1} as the queue of video frames, where
W represents the total number of frames in the video se-
quence. Each frame Ft is indexed by t, representing the
time index. Finally, we define the samples queue SQ =
{S0, S1, S2, . . . , SW−1} as the corresponding samples (i.e. the
student’s predictions) of the video frames.

A. SVD-based Auto Quality Assessment

To choose when to perform training, we apply principles
from the low-rank approximation theory to a samples queue
along with their corresponding video frames in the video
queue. The objective is to determine how many singular
vectors are required to accurately reconstruct the sample
sequence. We represent the sequence of samples as a matrix
M with n rows and 2J columns, where n denotes the number
of collected frames and J represents the number of 2D key
points for each sample. Given the inherent connectivity of
body segments through physical articulations and the exten-
sive use of motion synergies by the motor cortex in human

Fig. 3. Cumulative sum of the values of Σ from a clean and a noisy sequence.

motion [37]–[39], it is possible to efficiently represent sample
sequences in lower dimensions. Consequently, samples exhibit
high correlation and can be approximated effectively using
low-rank matrices [40]. The temporal correlation captures
repetitive movement patterns, while the spatial correlation
reflects the kinematic synergies of the human body. The matrix
M can be decomposed into three sub-matrices using the SVD
method [41], as expressed in Equation (1):

M = UΣV T (1)

where U and V are orthonormal matrices of dimensions
Rn×n and R2J×2J , respectively, and they contain information
about the spatial and temporal properties among the samples.
The diagonal weight rectangular matrix Σ in Rn×2J contains
singular values sorted by importance, where σ1 ≥ σ2 ≥ · · · ≥
σ2J → Σ. SVD offers a hierarchical representation of human
motion data based on dominant correlations. By truncating
the singular values and their corresponding singular vectors,
we can approximate the history matrix with a reduced rank.
Truncation acts on the diagonal weight matrix Σ and allows
the approximated matrix M̃ as defined in Equation (2):

Σ̃ = [σ1σ2 . . .σr 0 . . . 0] M̃ = U Σ̃V T r < 2J (2)
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Fig. 2. The proposed online active learning platform relying an auto quality assessment based on singular value decomposition for student video stream
processing and teacher-student model knowledge distillation with sampling query optimization.

Our platform, in contrast, relies only on information provided
by the student to determine when training should start. This
approach activates the teacher only when acquiring soft labels
is necessary, thereby preventing a slowdown in the system’s
throughput during the prediction quality assessment phase.

We define V as the space of video frames, where each frame
F → V is a two-dimensional array of pixels.

We represent each frame F as a spatial grid of pixels pi,j ,
where F = [pi,j ] for i = 1, 2, . . . ,M and j = 1, 2, . . . , N ,
with M and N denoting the height and width of the frame,
respectively. The spatial representation captures the static
arrangement of objects within individual frames, encoding
information about color, texture, and spatial patterns. The
temporal dimension represents the sequence of video frames
over time.

As shown in Figure 2, we define the video queue V Q =
{F0, F1, F2, . . . , FW−1} as the queue of video frames, where
W represents the total number of frames in the video se-
quence. Each frame Ft is indexed by t, representing the
time index. Finally, we define the samples queue SQ =
{S0, S1, S2, . . . , SW−1} as the corresponding samples (i.e. the
student’s predictions) of the video frames.

A. SVD-based Auto Quality Assessment

To choose when to perform training, we apply principles
from the low-rank approximation theory to a samples queue
along with their corresponding video frames in the video
queue. The objective is to determine how many singular
vectors are required to accurately reconstruct the sample
sequence. We represent the sequence of samples as a matrix
M with n rows and 2J columns, where n denotes the number
of collected frames and J represents the number of 2D key
points for each sample. Given the inherent connectivity of
body segments through physical articulations and the exten-
sive use of motion synergies by the motor cortex in human

Fig. 3. Cumulative sum of the values of Σ from a clean and a noisy sequence.

motion [37]–[39], it is possible to efficiently represent sample
sequences in lower dimensions. Consequently, samples exhibit
high correlation and can be approximated effectively using
low-rank matrices [40]. The temporal correlation captures
repetitive movement patterns, while the spatial correlation
reflects the kinematic synergies of the human body. The matrix
M can be decomposed into three sub-matrices using the SVD
method [41], as expressed in Equation (1):

M = UΣV T (1)

where U and V are orthonormal matrices of dimensions
Rn×n and R2J×2J , respectively, and they contain information
about the spatial and temporal properties among the samples.
The diagonal weight rectangular matrix Σ in Rn×2J contains
singular values sorted by importance, where σ1 ≥ σ2 ≥ · · · ≥
σ2J → Σ. SVD offers a hierarchical representation of human
motion data based on dominant correlations. By truncating
the singular values and their corresponding singular vectors,
we can approximate the history matrix with a reduced rank.
Truncation acts on the diagonal weight matrix Σ and allows
the approximated matrix M̃ as defined in Equation (2):

Σ̃ = [σ1σ2 . . .σr 0 . . . 0] M̃ = U Σ̃V T r < 2J (2)

SVD-based prediction quality assessment
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Fig. 2. The proposed online active learning platform relying an auto quality assessment based on singular value decomposition for student video stream
processing and teacher-student model knowledge distillation with sampling query optimization.

Our platform, in contrast, relies only on information provided
by the student to determine when training should start. This
approach activates the teacher only when acquiring soft labels
is necessary, thereby preventing a slowdown in the system’s
throughput during the prediction quality assessment phase.

We define V as the space of video frames, where each frame
F → V is a two-dimensional array of pixels.

We represent each frame F as a spatial grid of pixels pi,j ,
where F = [pi,j ] for i = 1, 2, . . . ,M and j = 1, 2, . . . , N ,
with M and N denoting the height and width of the frame,
respectively. The spatial representation captures the static
arrangement of objects within individual frames, encoding
information about color, texture, and spatial patterns. The
temporal dimension represents the sequence of video frames
over time.

As shown in Figure 2, we define the video queue V Q =
{F0, F1, F2, . . . , FW−1} as the queue of video frames, where
W represents the total number of frames in the video se-
quence. Each frame Ft is indexed by t, representing the
time index. Finally, we define the samples queue SQ =
{S0, S1, S2, . . . , SW−1} as the corresponding samples (i.e. the
student’s predictions) of the video frames.

A. SVD-based Auto Quality Assessment

To choose when to perform training, we apply principles
from the low-rank approximation theory to a samples queue
along with their corresponding video frames in the video
queue. The objective is to determine how many singular
vectors are required to accurately reconstruct the sample
sequence. We represent the sequence of samples as a matrix
M with n rows and 2J columns, where n denotes the number
of collected frames and J represents the number of 2D key
points for each sample. Given the inherent connectivity of
body segments through physical articulations and the exten-
sive use of motion synergies by the motor cortex in human

Fig. 3. Cumulative sum of the values of Σ from a clean and a noisy sequence.

motion [37]–[39], it is possible to efficiently represent sample
sequences in lower dimensions. Consequently, samples exhibit
high correlation and can be approximated effectively using
low-rank matrices [40]. The temporal correlation captures
repetitive movement patterns, while the spatial correlation
reflects the kinematic synergies of the human body. The matrix
M can be decomposed into three sub-matrices using the SVD
method [41], as expressed in Equation (1):

M = UΣV T (1)

where U and V are orthonormal matrices of dimensions
Rn×n and R2J×2J , respectively, and they contain information
about the spatial and temporal properties among the samples.
The diagonal weight rectangular matrix Σ in Rn×2J contains
singular values sorted by importance, where σ1 ≥ σ2 ≥ · · · ≥
σ2J → Σ. SVD offers a hierarchical representation of human
motion data based on dominant correlations. By truncating
the singular values and their corresponding singular vectors,
we can approximate the history matrix with a reduced rank.
Truncation acts on the diagonal weight matrix Σ and allows
the approximated matrix M̃ as defined in Equation (2):

Σ̃ = [σ1σ2 . . .σr 0 . . . 0] M̃ = U Σ̃V T r < 2J (2)
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Our platform, in contrast, relies only on information provided
by the student to determine when training should start. This
approach activates the teacher only when acquiring soft labels
is necessary, thereby preventing a slowdown in the system’s
throughput during the prediction quality assessment phase.

We define V as the space of video frames, where each frame
F → V is a two-dimensional array of pixels.

We represent each frame F as a spatial grid of pixels pi,j ,
where F = [pi,j ] for i = 1, 2, . . . ,M and j = 1, 2, . . . , N ,
with M and N denoting the height and width of the frame,
respectively. The spatial representation captures the static
arrangement of objects within individual frames, encoding
information about color, texture, and spatial patterns. The
temporal dimension represents the sequence of video frames
over time.

As shown in Figure 2, we define the video queue V Q =
{F0, F1, F2, . . . , FW−1} as the queue of video frames, where
W represents the total number of frames in the video se-
quence. Each frame Ft is indexed by t, representing the
time index. Finally, we define the samples queue SQ =
{S0, S1, S2, . . . , SW−1} as the corresponding samples (i.e. the
student’s predictions) of the video frames.

A. SVD-based Auto Quality Assessment

To choose when to perform training, we apply principles
from the low-rank approximation theory to a samples queue
along with their corresponding video frames in the video
queue. The objective is to determine how many singular
vectors are required to accurately reconstruct the sample
sequence. We represent the sequence of samples as a matrix
M with n rows and 2J columns, where n denotes the number
of collected frames and J represents the number of 2D key
points for each sample. Given the inherent connectivity of
body segments through physical articulations and the exten-
sive use of motion synergies by the motor cortex in human

Fig. 3. Cumulative sum of the values of Σ from a clean and a noisy sequence.

motion [37]–[39], it is possible to efficiently represent sample
sequences in lower dimensions. Consequently, samples exhibit
high correlation and can be approximated effectively using
low-rank matrices [40]. The temporal correlation captures
repetitive movement patterns, while the spatial correlation
reflects the kinematic synergies of the human body. The matrix
M can be decomposed into three sub-matrices using the SVD
method [41], as expressed in Equation (1):

M = UΣV T (1)

where U and V are orthonormal matrices of dimensions
Rn×n and R2J×2J , respectively, and they contain information
about the spatial and temporal properties among the samples.
The diagonal weight rectangular matrix Σ in Rn×2J contains
singular values sorted by importance, where σ1 ≥ σ2 ≥ · · · ≥
σ2J → Σ. SVD offers a hierarchical representation of human
motion data based on dominant correlations. By truncating
the singular values and their corresponding singular vectors,
we can approximate the history matrix with a reduced rank.
Truncation acts on the diagonal weight matrix Σ and allows
the approximated matrix M̃ as defined in Equation (2):

Σ̃ = [σ1σ2 . . .σr 0 . . . 0] M̃ = U Σ̃V T r < 2J (2)
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where the threshold rank r splits the main motion trends and
noise to obtain the approximated matrix M̃ .

According to the Eckart-Young Theorem [42], the best
possible low-rank approximation of matrix M obtained by
minimizing the Frobenius norm of the difference between
M and the approximated matrix M̃ is achieved through the
truncated SVD of M .

In cases where the data is well-structured and with strong
inter-dependencies, a significant portion of the information is
concentrated in the first singular vectors. In the presence of
noise, the absence of coherent patterns and the presence of
random fluctuations lead to reduced correlations among data
points. Consequently, the information becomes more evenly
distributed across the singular values spectrum. Figure 3a
illustrates the correlation between the Mean Per Joint Position
Error (MPJPE) and the number of eigenvectors required to
reconstruct 98% of the original information. Specifically, it
analyzes three modalities: a highly accurate teacher, a less
accurate student, and the same student after retraining. When
only one eigenvector is needed to achieve 98% of the informa-
tion, the MPJPE is very low (approximately 10 pixels). As the
number of eigenvectors increases, the MPJPE correspondingly
increases. It is also noteworthy that both the teacher and
the student, after fine-tuning, always require fewer than 14
eigenvectors to reconstruct 98% of the information, even in the
noisiest tracks. Figure 3b shows two normalized cumulative
sums of the diagonal matrices Σ extracted from the sample
sequence. These are derived from two scenarios: with and
without noise. The first 6 singular vectors capture over 90%
of the information in the clean sequence, whereas it takes 26
singular vectors from the noisy sequence to retain the same
level of information.

It is important to note that this methodology identifies
noisy data independently of the underlying cause. Errors due
to changes in lighting, background, and Out of Distribution
(OOD) data are detected. The latter is particularly inter-
esting as OOD for human pose estimation may arise from
”difficult” poses that the student model has not encountered
during training. These challenging poses are detected by the
reduced accuracy of the student model, which is subsequently
identified using our SVD-based methodology. However, these
poses may not be OOD for the teacher model, which then
predicts soft labels to train the student model. According to
this principle, we developed a methodology to extrapolate
these values through a microbenchmarking phase. Algorithm
2 outlines the computational flow, given a dataset D, a teacher
model Tm, a student model Sm and a predefined time window
W . To improve the real-world applicability of the proposed
methodology, D can be a sequence of images collected by
the end user in various application scenarios, as there is no
requirement for ground truth data. In this phase, we assume
the teacher model is sufficiently accurate to predict a clean
sequence. In detail, the framework first utilizes the procedure
outlined in 1 to extrapolate the average information percentage
of each eigenvector for both the clean (teacher) and noisy
(student) sequences. This procedure performs an inference on
all D, extracting the predictions for the considered Model.
Subsequently, the algorithm computes a normalized cumu-
lative sum c for each eigenvector to obtain the information
percentage within a predefined sample window W through

an iterative process. Once these values are obtained for each
time window and stored in C (a matrix with N

W
rows and

2J columns), the algorithm calculates the mean information
percentage for each eigenvector across the windows (rows).
The number of eigenvectors τ is determined by identifying
the eigenvector that, on average, shows the greatest percentage
difference in energy between the clean and noisy sequences.
The percentage of information threshold value θ is set based
on the average energy of the noisy sequence in the selected
eigenvector.

Algorithm 1 Reconstruction percentage for each eigenvector

Inputs: D, Model, W
Output: τ, θ
Initialize: N → |D|, C → ∅

1: predictions→ Predict(Model,D)
2: for start = 0 to N −W + 1 step W do
3: end→ start+W
4: W → predictions[start : end]
5: U,Σ, V → SV D(W )

6: c→

{ τ∑

i=0

σi

2J∑

i=0

σi

, ∀τ ∈ [0, 2J ]

}

7: C → C ∪ {c}
8: end for
9: E → Mean of C for each eigenvector (along rows)

Algorithm 2 Analysis of Model Predictions

Inputs: D, Tm, Sm, W
Output: τ, θ

1: E T → Algorithm 1(D,T m,W )
2: E S → Algorithm 1(D,S m,W )
3: E → E T − E S
4: τ → argmax(E)
5: θ → E S[τ ]

The reconstruction percentage is a normalized cumulative
sum of the eigen values on Σ̃ diagonal weights in [0, τ ] range.
When the value of the percentage doesn’t reach a threshold
of reconstruction θ, then the sequence is considered noisy, as
expressed in Equation (3):

τ
∑

i=0
σi

2J
∑

i=0
σi

< θ (3)

The cumulative sum of the Σ̃ matrix is normalized by the
term in the denominator. The training process starts if the
normalized cumulative sum of eigen values doesn’t exceed
a defined reconstruction percentage (i.e., the sequence is
considered noisy).

Algorithm 3 provides an overview of the proposed OAL
procedure. It relies on two user-defined input variables: τ
and θ, where τ represents the maximum number of singular
vectors used in the SVD approximation to achieve the target
information percentage θ. The algorithm uses three memory

1)

2)

3)


