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Keyword spotting – a case study for ODCL

• Process an audio signal
• Recognize a target word from a predefined set
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Keyword spotting – 92% in clean conditions

• Process an audio signal
• Recognize a target word from a predefined set
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Quiet rooms are not the norm…
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Can a KWS system still recognize the words?

• Noise-Aware KWS
• Noise-augmented KWS

at (pre)training time
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Terminology

pretraining = training (on the server)
pretraining  ≠ OD(C)L

OD(C)L = adaptation = fine-tuning (at the edge)



Can a KWS system still recognize the words?

• Noise-Aware KWS
• Noise-augmented KWS

at (pre)training time
• 3% to 26% accuracy reductions

over silent environments
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Can a KWS system still recognize the words?

• Noise-Aware KWS
• Noise-augmented KWS

at (pre)training time
• 3% to 26% accuracy reductions

over silent environments
• Difficult to separate 

the target from the noise
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Can we improve KWS accuracy 
through direct noise exposure?
On-Device Domain Learning



On-Device Domain Learning
Improving the KWS accuracy in noisy environments

• Accuracy increments by
4% on average over 
NA-KWS

• 13% on speech noise
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The Methodology

• Enable on-device keyword spotting
• Train (and quantize) NA-KWS model – on the server
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The Methodology

• Enable on-device keyword spotting
• Train (and quantize) NA-KWS model – on the server
• Deploy KWS model 
• Store pre-recorded utterances and labels
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The Methodology

• Enable on-device keyword spotting
• Train (and quantize) NA-KWS model – on the server
• Deploy KWS model 
• Store pre-recorded utterances and labels

• Adapt to new environments
• Record noise from the environment
• Augment pre-recorded utterances
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The Methodology

• Enable on-device keyword spotting
• Train (and quantize) NA-KWS model – on the server
• Deploy KWS model 
• Store pre-recorded utterances and labels

• Adapt to new environments
• Record noise from the environment
• Augment pre-recorded utterances
• On-device learning
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The embedded perspective 

[Frey2022]

[Frey2023]

[Kalenberg2024]

• Embedded, miniaturized devices
• Limited storage  (e.g., data, model parameters)
• Limited memory (e.g., activations, gradients)

• Real-time operation
• Minimize latency (∝ #operations)

• Always-on, battery operated devices
• Minimize energy consumption
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On-Device Learning has costs

• Storage • Memory • Operations 
(latency)

• Energy

Accuracy
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Parallel Ultra-Low Power (PULP) Platform

• Hierarchical memory 
architecture
• L1 – single-cycle access

• TCDM – cluster domain
• L2 – SRAM – SoC domain
• L3 – Non-volatile

• On-chip MRAM
• Off-chip mem. through SPI

• Storage • Memory 
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Parallel Ultra-Low Power (PULP) Platform

• Hierarchical memory 
architecture
• L1 – single-cycle access
• L1 → L2 → L3

• Heterogeneous compute 
units
• General purpose RISC-V cores

• Control core (SoC) & cluster
• Execution parallelization
• SIMD extensions

• Shared FPUs
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• Operations 

(latency)
• Energy 



Parallel Ultra-Low Power (PULP) Platform

• Hierarchical memory 
architecture

• Heterogeneous compute 
units

• PULP SDK
• PULP toolchain – compile 

and exploit features
• PMSIS – PULP MCU Software 

Interface Standard
• Targets boards/RTL/GVSOC

github.com/pulp-platform/pulp-sdk
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Parallel Ultra-Low Power (PULP) Platform

• Hierarchical memory 
architecture

• Heterogeneous compute 
units

• PULP SDK & GVSOC
• Instruction set simulator

• Timing model 
• Virtual models of devices

github.com/pulp-platform/gvsoc Accuracy
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On-Device Domain Learning
A case study



Deep dive into hardware-aware learning

• Enable on-device keyword spotting
• Train (and quantize) NA-KWS model – on the server
• Deploy KWS model 
• Store pre-recorded utterances and labels

• Adapt to new environments
• Record noise from the environment
• Augment pre-recorded utterances
• On-device learning

22
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Deep dive into hardware-aware learning

• Enable on-device keyword spotting
• Train (and quantize) NA-KWS model – on the server
• Deploy KWS model 
• Store pre-recorded utterances and labels

• Adapt to new environments
• Record noise from the environment
• Augment pre-recorded utterances
• On-device learning
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1. Forward pass – compute the activations
2. Backward pass

1. Compute the loss considering 
the ground truth (pre-recorded)

2. Compute the gradients through 
backpropagation

3. Update the parameters

GO GO



Forward pass
Backbone features
• Usually preceded by a preprocessing step
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Forward pass
Backbone features
• Forward pass - the neural network 

approximates a mapping function

𝑦𝑛−1 =  𝑓𝑛−1 𝑖𝑛𝑝𝑢𝑡

pulp_backbone_fp32_fw_cl(&args); 

𝑦𝑛−1

25



Forward pass
Classifier features
• Forward pass - the neural network 

approximates a mapping function
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𝑦𝑛−1 =  𝑓𝑛−1 𝑖𝑛𝑝𝑢𝑡
𝑦𝑛 =  𝑓𝑛 𝑧𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑥𝑛 + 𝑏𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑦𝑛−1 + 𝑏𝑛
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Forward pass
Classifier features
• Forward pass - the neural network 

approximates a mapping function

pulp_backbone_fp32_fw_cl(&args); 

pulp_linear_fp32_fw_cl(&args); 

𝑦𝑛−1 =  𝑓𝑛−1 𝑖𝑛𝑝𝑢𝑡
𝑦𝑛 =  𝑓𝑛 𝑧𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑥𝑛 + 𝑏𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑦𝑛−1 + 𝑏𝑛
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Backward pass
Compute the loss
• Backward pass via backpropagation (training) – learning the 

model parameters

• where 𝑦𝑔𝑡  represents the label
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𝐿 𝑦𝑛(𝑖𝑛𝑝𝑢𝑡), 𝑦𝑔𝑡
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Backward pass
Compute the loss
• Backward pass via backpropagation (training) – learning the 

model parameters

• where 𝑦𝑔𝑡  represents the label
• averaged over 𝑆 samples
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𝑙𝑒𝑡 𝐿𝑀𝑆𝐸 =
1

𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2
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Backward pass
Compute the loss
• Backward pass via backpropagation (training) – learning the 

model parameters

GO

𝐿𝑀𝑆𝐸 =
1

𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2

𝑦𝑛

𝑦𝑔𝑡
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Backward pass
Compute the loss
• Backward pass via backpropagation (training) – learning the 

model parameters

GO
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pulp_backbone_fp32_fw_cl(&args); 

pulp_linear_fp32_fw_cl(&args);

pulp_MSELoss(&loss_args);

𝐿𝑀𝑆𝐸 =
1

𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2

𝑦𝑛

𝑦𝑔𝑡
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Backward pass
Compute the loss
• Backward pass via backpropagation (training) – learning the 

model parameters

GO
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pulp_backbone_fp32_fw_cl(&args); 

pulp_linear_fp32_fw_cl(&args);

pulp_MSELoss(&loss_args);

𝐿𝑀𝑆𝐸 =
1

𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2

Change 
weights & biases

𝑦𝑛

𝑦𝑔𝑡
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Backward pass
Compute the gradients (backpropagation)
• Backward pass via backpropagation (training) – learning the 

model parameters

GO
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𝑦𝑛−1
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Backward pass
Compute the gradients (backpropagation)
• Backward pass via backpropagation (training) – learning the 

model parameters

GO
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Let us assume no bias
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𝑊𝑛
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Backward pass
Compute the gradients (backpropagation)
• Backward pass via backpropagation (training) – learning the 

model parameters

GO
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Backward pass
Compute the gradients (backpropagation)
• Backward pass via backpropagation (training) – learning the 

model parameters

GO
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         : weight gradient
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Backward pass
Compute the gradients (backpropagation)
• Backward pass via backpropagation (training) – learning the 

model parameters

GO
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Rekha M, 2019
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η ∗
𝜕𝐿

𝜕𝑊𝑛
∶ step

η              : learning rate
𝜕𝐿

𝜕𝑊𝑛
         : weight gradient



Backward pass
Compute the gradients (backpropagation)
• Backward pass via backpropagation (training) – learning the 

model parameters

GO
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𝑦𝑛 =  𝑓𝑛 𝑧𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑦𝑛−1

𝐿𝑀𝑆𝐸 =
1

𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2

𝑊𝑛
′ =  𝑊𝑛  − η ∙

𝜕𝐿

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙

𝜕𝐿

𝜕𝑦𝑛

𝜕𝑧𝑛

𝜕𝑊𝑛

Chain rule

Let 𝑦 = 𝑓 𝑔 𝑥 , 𝑢 = 𝑔 𝑥 . Then 𝑦 = 𝑓 𝑢  and
𝑑𝑦

𝑑𝑥
 =

𝑑𝑦

𝑑𝑢

𝑑𝑢

𝑑𝑥
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Backward pass
Compute the gradients (backpropagation)
• Backward pass via backpropagation (training) – learning the 

model parameters
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𝑦𝑛 =  𝑓𝑛 𝑧𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑦𝑛−1

𝐿𝑀𝑆𝐸 =
1

𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2

𝑊𝑛
′ =  𝑊𝑛  − η ∙

𝜕𝐿

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙

𝜕𝐿

𝜕𝑦𝑛

𝜕𝑧𝑛

𝜕𝑊𝑛
𝜕𝐿

𝜕𝑦𝑛
 =−

2

𝑆
𝑦𝑛(𝑖𝑛𝑝𝑢𝑡) − 𝑦𝑔𝑡 = 𝑘 𝑦𝑛 − 𝑦𝑔𝑡
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Backward pass
Compute the gradients (backpropagation)
• Backward pass via backpropagation (training) – learning the 

model parameters
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𝑦𝑛 =  𝑓𝑛 𝑧𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑦𝑛−1

𝐿𝑀𝑆𝐸 =
1

𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2

𝑊𝑛
′ =  𝑊𝑛  − η ∙

𝜕𝐿

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙

𝜕𝐿

𝜕𝑦𝑛

𝜕𝑧𝑛

𝜕𝑊𝑛
𝜕𝐿

𝜕𝑦𝑛
 =−

2

𝑆
𝑦𝑛(𝑖𝑛𝑝𝑢𝑡) − 𝑦𝑔𝑡 = 𝑘 𝑦𝑛 − 𝑦𝑔𝑡

𝜕𝑧𝑛

𝜕𝑊𝑛
= 𝑦𝑛−1

40



Backward pass
Compute the gradients (backpropagation)
• Backward pass via backpropagation (training) – learning the 

mapping function
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𝑦𝑛 =  𝑓𝑛 𝑧𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑦𝑛−1

𝐿𝑀𝑆𝐸 =
1

𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2

𝑊𝑛
′ =  𝑊𝑛  − η ∙

𝜕𝐿

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙
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𝜕𝑦𝑛
 =−

2

𝑆
𝑦𝑛(𝑖𝑛𝑝𝑢𝑡) − 𝑦𝑔𝑡 = 𝑘 𝑦𝑛 − 𝑦𝑔𝑡

𝜕𝑧𝑛

𝜕𝑊𝑛
= 𝑦𝑛−1

𝑦𝑛

𝑦𝑔𝑡

𝑦𝑛−1
𝑊𝑛

𝜕𝐿

𝜕𝑦𝑛𝜕𝑧𝑛

𝜕𝑊𝑛
= 𝑦𝑛−1
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Backward pass
Compute the gradients (backpropagation)
• Backward pass via backpropagation (training) – learning the 

model parameters
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𝐿𝑀𝑆𝐸 =
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𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2

𝑊𝑛
′ =  𝑊𝑛  − η ∙

𝜕𝐿

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙

𝜕𝐿

𝜕𝑦𝑛

𝜕𝑧𝑛

𝜕𝑊𝑛
𝜕𝐿

𝜕𝑦𝑛
 = 𝑘 𝑦𝑛 − 𝑦𝑔𝑡

𝜕𝑧𝑛

𝜕𝑊𝑛
= 𝑦𝑛−1

𝑦𝑛−1
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Backward pass
Compute the gradients (backpropagation)
• Backward pass via backpropagation (training) – learning the 

model parameters
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pulp_backbone_fp32_fw_cl(&args); 

pulp_linear_fp32_fw_cl(&args);

pulp_MSELoss(&loss_args);

pulp_linear_fp32_bw_cl(&l1_args);
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𝑦𝑛 =  𝑓𝑛 𝑧𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑦𝑛−1

𝐿𝑀𝑆𝐸 =
1

𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2

𝑊𝑛
′ =  𝑊𝑛  − η ∙

𝜕𝐿

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙

𝜕𝐿

𝜕𝑦𝑛

𝜕𝑧𝑛

𝜕𝑊𝑛
𝜕𝐿

𝜕𝑦𝑛
 =−

2

𝑆
𝑦𝑛(𝑖𝑛𝑝𝑢𝑡) − 𝑦𝑔𝑡 = 𝑘 𝑦𝑛 − 𝑦𝑔𝑡

𝜕𝑧𝑛

𝜕𝑊𝑛
= 𝑦𝑛−1



What if we increase the update depth?

𝑦𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑦𝑛−1
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What if we increase the update depth?

𝑦𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑦𝑛−1 =  𝑓𝑛 𝑊𝑛 ∙ 𝑓𝑛 𝑊𝑛−1 ∗ 𝑦𝑛−2

45

𝑦𝑛−1 𝑦𝑛



What if we increase the update depth?

𝑦𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑦𝑛−1 =  𝑓𝑛 𝑊𝑛 ∙ 𝑓𝑛 𝑊𝑛−1 ∗ 𝑦𝑛−2

𝐿𝑀𝑆𝐸 =
1

𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2

𝑊𝑛
′ =  𝑊𝑛  − η ∙

𝜕𝐿

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙

𝜕𝐿

𝜕𝑦𝑛

𝜕𝑧𝑛

𝜕𝑊𝑛
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𝜕𝐿

𝜕𝑦𝑛
𝜕𝑧𝑛

𝜕𝑊𝑛

𝑦𝑛−1 𝑦𝑛



What if we increase the update depth?

𝑦𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑦𝑛−1 =  𝑓𝑛 𝑊𝑛 ∙ 𝑓𝑛 𝑊𝑛−1 ∗ 𝑦𝑛−2

𝐿𝑀𝑆𝐸 =
1

𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2

𝑊𝑛
′ =  𝑊𝑛  − η ∙

𝜕𝐿

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙

𝜕𝐿

𝜕𝑦𝑛

𝜕𝑧𝑛

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙ 𝑘 𝑦𝑛 − 𝑦𝑔𝑡 𝑦𝑛−1
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𝜕𝐿

𝜕𝑦𝑛
𝜕𝑧𝑛

𝜕𝑊𝑛

𝑦𝑛−1 𝑦𝑛



What if we increase the update depth?

𝑦𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑦𝑛−1 =  𝑓𝑛 𝑊𝑛 ∙ 𝑓𝑛 𝑊𝑛−1 ∗ 𝑦𝑛−2

𝐿𝑀𝑆𝐸 =
1

𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2

𝑊𝑛
′ =  𝑊𝑛  − η ∙

𝜕𝐿

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙

𝜕𝐿

𝜕𝑦𝑛

𝜕𝑧𝑛

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙ 𝑘 𝑦𝑛 − 𝑦𝑔𝑡 𝑦𝑛−1

𝑊𝑛−1
′ =  𝑊𝑛−1  − η ∙

𝜕𝐿

𝜕𝑊𝑛−1
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𝜕𝐿

𝜕𝑦𝑛
𝜕𝑧𝑛

𝜕𝑊𝑛

𝑦𝑛−1 𝑦𝑛

Weight gradients



What if we increase the update depth?

𝑦𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑦𝑛−1 =  𝑓𝑛 𝑊𝑛 ∙ 𝑓𝑛 𝑊𝑛−1 ∗ 𝑦𝑛−2

𝐿𝑀𝑆𝐸 =
1

𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2

𝑊𝑛
′ =  𝑊𝑛  − η ∙

𝜕𝐿

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙

𝜕𝐿

𝜕𝑦𝑛

𝜕𝑧𝑛

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙ 𝑘 𝑦𝑛 − 𝑦𝑔𝑡 𝑦𝑛−1

𝑊𝑛−1
′ =  𝑊𝑛−1  − η ∙

𝜕𝐿

𝜕𝑊𝑛−1
= 𝑊𝑛−1 − η ∙

𝜕𝐿

𝜕𝑦𝑛−1

𝜕𝑧𝑛−1

𝜕𝑊𝑛−1
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𝜕𝐿

𝜕𝑦𝑛
𝜕𝑧𝑛

𝜕𝑊𝑛

𝑦𝑛−1 𝑦𝑛



What if we increase the update depth?

𝑦𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑦𝑛−1 =  𝑓𝑛 𝑊𝑛 ∙ 𝑓𝑛 𝑾𝒏−𝟏 ∗ 𝑦𝑛−2

𝐿𝑀𝑆𝐸 =
1

𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2

𝑊𝑛
′ =  𝑊𝑛  − η ∙

𝜕𝐿

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙

𝜕𝐿

𝜕𝑦𝑛

𝜕𝑧𝑛

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙ 𝑘 𝑦𝑛 − 𝑦𝑔𝑡 𝑦𝑛−1

𝑊𝑛−1
′ =  𝑊𝑛−1  − η ∙

𝜕𝐿

𝜕𝑊𝑛−1
= 𝑊𝑛−1 − η ∙

𝜕𝐿

𝜕𝑦𝑛−1

𝜕𝑧𝑛−1

𝝏𝑾𝒏−𝟏
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𝜕𝐿

𝜕𝑦𝑛
𝜕𝑧𝑛

𝜕𝑊𝑛

𝑦𝑛−1 𝑦𝑛

𝑦𝑛−2



What if we increase the update depth?

𝑦𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑦𝑛−1 =  𝑓𝑛 𝑊𝑛 ∙ 𝑓𝑛 𝑊𝑛−1 ∗ 𝑦𝑛−2

𝐿𝑀𝑆𝐸 =
1

𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2

𝑊𝑛
′ =  𝑊𝑛  − η ∙

𝜕𝐿

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙

𝜕𝐿

𝜕𝑦𝑛

𝜕𝑧𝑛

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙ 𝑘 𝑦𝑛 − 𝑦𝑔𝑡 𝑦𝑛−1

𝑊𝑛−1
′ =  𝑊𝑛−1  − η ∙

𝜕𝐿

𝜕𝑊𝑛−1
= 𝑊𝑛−1 − η ∙

𝜕𝐿

𝜕𝑦𝑛−1
𝑦𝑛−2
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𝜕𝐿

𝜕𝑦𝑛
𝜕𝑧𝑛

𝜕𝑊𝑛

𝑦𝑛−1 𝑦𝑛

𝑦𝑛−2



What if we increase the update depth?

𝑦𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑦𝑛−1 =  𝑓𝑛 𝑊𝑛 ∙ 𝑓𝑛 𝑊𝑛−1 ∗ 𝑦𝑛−2

𝐿𝑀𝑆𝐸 =
1

𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2

𝑊𝑛
′ =  𝑊𝑛  − η ∙

𝜕𝐿

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙

𝜕𝐿

𝜕𝑦𝑛

𝜕𝑧𝑛

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙ 𝑘 𝑦𝑛 − 𝑦𝑔𝑡 𝑦𝑛−1

𝑊𝑛−1
′ =  𝑊𝑛−1  − η ∙

𝜕𝐿

𝜕𝑊𝑛−1
= 𝑊𝑛−1 − η ∙

𝜕𝐿

𝜕𝑦𝑛−1
𝑦𝑛−2
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𝜕𝐿

𝜕𝑦𝑛
𝜕𝑧𝑛

𝜕𝑊𝑛

𝑦𝑛−1 𝑦𝑛

𝑦𝑛−2

Input gradients



What if we increase the update depth?

𝑦𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑦𝑛−1 =  𝑓𝑛 𝑊𝑛 ∙ 𝑓𝑛 𝑊𝑛−1 ∗ 𝑦𝑛−2

𝐿𝑀𝑆𝐸 =
1

𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2

𝑊𝑛
′ =  𝑊𝑛  − η ∙

𝜕𝐿

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙

𝜕𝐿

𝜕𝑦𝑛

𝜕𝑧𝑛

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙ 𝑘 𝑦𝑛 − 𝑦𝑔𝑡 𝑦𝑛−1

𝑊𝑛−1
′ =  𝑊𝑛−1  − η ∙

𝜕𝐿

𝜕𝑊𝑛−1
= 𝑊𝑛−1 − η ∙

𝜕𝐿

𝜕𝑦𝑛−1
𝑦𝑛−2

𝜕𝐿

𝜕𝑦𝑛−1
=

𝜕𝐿

𝜕𝑦𝑛

𝜕𝑧𝑛

𝜕𝑦𝑛−1
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𝑦𝑛−2

𝜕𝐿

𝜕𝑦𝑛−1

Input gradients

Weight gradients



What if we increase the update depth?

𝑦𝑛 =  𝑓𝑛 𝑾𝒏 ∙ 𝑦𝑛−1 =  𝑓𝑛 𝑊𝑛 ∙ 𝑓𝑛 𝑊𝑛−1 ∗ 𝑦𝑛−2

𝐿𝑀𝑆𝐸 =
1

𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2

𝑊𝑛
′ =  𝑊𝑛  − η ∙

𝜕𝐿

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙

𝜕𝐿

𝜕𝑦𝑛

𝜕𝑧𝑛

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙ 𝑘 𝑦𝑛 − 𝑦𝑔𝑡 𝑦𝑛−1

𝑊𝑛−1
′ =  𝑊𝑛−1  − η ∙

𝜕𝐿

𝜕𝑊𝑛−1
= 𝑊𝑛−1 − η ∙

𝜕𝐿

𝜕𝑦𝑛−1
𝑦𝑛−2

𝜕𝐿

𝜕𝑦𝑛−1
=

𝜕𝐿

𝜕𝑦𝑛

𝜕𝑧𝑛

𝜕𝑦𝑛−1
=

𝜕𝐿

𝜕𝑦𝑛
𝑾𝒏
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What if we increase the update depth?

𝑦𝑛 =  𝑓𝑛 𝑾𝒏 ∙ 𝑦𝑛−1 =  𝑓𝑛 𝑊𝑛 ∙ 𝑓𝑛 𝑊𝑛−1 ∗ 𝑦𝑛−2

𝐿𝑀𝑆𝐸 =
1

𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2

𝑊𝑛
′ =  𝑊𝑛  − η ∙

𝜕𝐿

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙

𝜕𝐿

𝜕𝑦𝑛

𝜕𝑧𝑛

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙ 𝑘 𝑦𝑛 − 𝑦𝑔𝑡 𝑦𝑛−1

𝑊𝑛−1
′ =  𝑊𝑛−1  − η ∙

𝜕𝐿

𝜕𝑊𝑛−1
= 𝑊𝑛−1 − η ∙

𝜕𝐿

𝜕𝑦𝑛−1
𝑦𝑛−2

𝜕𝐿

𝜕𝑦𝑛−1
=

𝜕𝐿

𝜕𝑦𝑛

𝜕𝑧𝑛

𝜕𝑦𝑛−1
=

𝜕𝐿

𝜕𝑦𝑛
𝑾𝒏
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Keep the gradients
in the memory



Backward pass
Update the weights
• Backward pass via backpropagation (training) – learning the 

model parameters

GO

RISC-V

CORE
128 KB L1 TIGHTLY COUPLED DATA MEM

1.6 MB 

L2

(Off-Chip) L3 FLASH/RAM [64 MB]

I/O 

DMA

LOGARITHMIC INTERCONNECT

MEM

L1 I$

RISC-V

CORE

RISC-V

CORE

RISC-V

CORE

RISC-V

CORE

SHARED FPU

S
O

C
 IN

T
E

R
C

O
N

N
E

C
T

DMA

C
LU

S
T

E
R

MEM MEM

4 MB 

L3

S
O

C
MEM

𝑦𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑦𝑛−1

𝐿𝑀𝑆𝐸 =
1

𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2

𝑊𝑛
′ =  𝑊𝑛  − η ∙

𝜕𝐿

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙ 𝑘 𝑦𝑛 − 𝑦𝑔𝑡 𝑦𝑛−1
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Backward pass
Update the weights
• Backward pass via backpropagation (training) – learning the 

model parameters

GO

RISC-V

CORE
128 KB L1 TIGHTLY COUPLED DATA MEM

1.6 MB 

L2

(Off-Chip) L3 FLASH/RAM [64 MB]
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𝑦𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑦𝑛−1

𝐿𝑀𝑆𝐸 =
1

𝑆
 (𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡)2

𝑊𝑛
′ =  𝑊𝑛  − η ∙

𝜕𝐿

𝜕𝑊𝑛
= 𝑊𝑛 − η ∙ 𝑘 𝑦𝑛 − 𝑦𝑔𝑡 𝑦𝑛−1

pulp_backbone_fp32_fw_cl(&args); 

pulp_linear_fp32_fw_cl(&args);

pulp_MSELoss(&loss_args);

pulp_linear_fp32_bw_cl(&l1_args);

pulp_gradient_descent_fp32(&l1_args);
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Revisiting Deep Learning – Batched update

• Update formula is input-dependent
• 𝑊𝑛

′ = 𝑊𝑛 − η ∙ 𝑘 𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡 𝑦𝑛−1(𝑖𝑛𝑝𝑢𝑡)

Rekha M, 2019
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Revisiting Deep Learning – Batched update

• Update formula is input-dependent
• 𝑊𝑛

′ = 𝑊𝑛 − η ∙ 𝑘 𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡 𝑦𝑛−1(𝑖𝑛𝑝𝑢𝑡)

Kurtis Pykes, 2020
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Batched Gradient Descent

• Update formula is input-dependent
• 𝑊𝑛

′ = 𝑊𝑛 − η ∙ 𝑘 𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡 𝑦𝑛−1(𝑖𝑛𝑝𝑢𝑡)

• See all the data simultaneously
• Excellent for smooth manifolds
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Stochastic Gradient Descent

• Update formula is input-dependent
• 𝑊𝑛

′ = 𝑊𝑛 − η ∙ 𝑘 𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡 𝑦𝑛−1(𝑖𝑛𝑝𝑢𝑡)

• See one data at a time
• Minimal memory cost
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Mini-Batch Gradient Descent

• Update formula is input-dependent
• 𝑊𝑛

′ = 𝑊𝑛 − η ∙ 𝑘 𝑦𝑛 𝑖𝑛𝑝𝑢𝑡 − 𝑦𝑔𝑡 𝑦𝑛−1(𝑖𝑛𝑝𝑢𝑡)

• See some data at a time
• Convergence rate
• Computational and memory 

efficient
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Backpropagation has costs

𝑦𝑖 =  𝑓𝑖 𝑊𝑖 ∙ 𝑦𝑖−1 + 𝑏𝑖

𝜕𝐿

𝜕𝑊𝑖
=

𝜕𝐿

𝜕𝑦𝑖
∙ 𝑦𝑖−1

𝜕𝐿

𝜕𝑦𝑖
=

𝜕𝐿

𝜕𝑦𝑖+1
∙ 𝑊𝑖

// forward pass

for i in 1, L

compute loss

// backward pass

for i in L, 1

update weights
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Backpropagation has costs

𝑦𝑖 =  𝑓𝑖 𝑊𝑖 ∙ 𝑦𝑖−1 + 𝑏𝑖

𝜕𝐿

𝜕𝑊𝑖
=

𝜕𝐿

𝜕𝑦𝑖
∙ 𝑦𝑖−1

𝜕𝐿

𝜕𝑦𝑖
=

𝜕𝐿

𝜕𝑦𝑖+1
∙ 𝑊𝑖

// forward pass

for i in 1, L

compute loss

// backward pass

for i in L, 1

update weights

• Storage
oFrozen weights
oFrozen biases
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Backpropagation has costs

𝑦𝑖 =  𝑓𝑖 𝑊𝑖 ∙ 𝑦𝑖−1 + 𝑏𝑖

// forward pass

for i in 1, L

compute loss

// backward pass

for i in L, 1

update weights

• Storage
oFrozen weights
oFrozen biases
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𝜕𝐿

𝜕𝑊𝑖
=

𝜕𝐿

𝜕𝑦𝑖
∙ 𝑦𝑖−1

𝜕𝐿

𝜕𝑦𝑖
=

𝜕𝐿

𝜕𝑦𝑖+1
∙ 𝑊𝑖

• Memory (down to 
layer 𝑙)
o σ𝑖=𝑙

𝐿 𝑊𝑖 (weights)

o σ𝑖=𝑙
𝐿 𝜕𝐿

𝜕𝑦𝑖+1
 (input grads)

o σ𝑖=𝑙
𝐿 𝜕𝐿

𝜕𝑊𝑖
 (weight grads)

o σ𝑖=𝑙−1
𝐿 𝑊𝑖(activations)



Backpropagation has costs

𝑦𝑖 =  𝑓𝑖 𝑊𝑖 ∙ 𝑦𝑖−1 + 𝑏𝑖

// forward pass

for i in 1, L

compute loss

// backward pass

for i in L, 1

update weights

• Storage
oFrozen weights
oFrozen biases
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𝜕𝐿

𝜕𝑊𝑖
=

𝜕𝐿

𝜕𝑦𝑖
∙ 𝑦𝑖−1

𝜕𝐿

𝜕𝑦𝑖
=

𝜕𝐿

𝜕𝑦𝑖+1
∙ 𝑊𝑖

𝑀𝑒𝑚𝑜𝑟𝑦𝑡𝑜𝑡𝑎𝑙 = 𝑀𝑒𝑚𝑜𝑟𝑦𝑠𝑎𝑚𝑝𝑙𝑒=1𝑥
# 𝑠𝑎𝑚𝑝𝑙𝑒𝑠

# 𝑏𝑎𝑡𝑐ℎ𝑒𝑠

• Memory (down to 
layer 𝑙)
o σ𝑖=𝑙

𝐿 𝑊𝑖 (weights)

o σ𝑖=𝑙
𝐿 𝜕𝐿

𝜕𝑦𝑖+1
 (input grads)

o σ𝑖=𝑙
𝐿 𝜕𝐿

𝜕𝑊𝑖
 (weight grads)

o σ𝑖=𝑙−1
𝐿 𝑊𝑖(activations)



Backpropagation has costs

𝑦𝑖 =  𝑓𝑖 𝑊𝑖 ∙ 𝑦𝑖−1 + 𝑏𝑖

𝜕𝐿

𝜕𝑊𝑖
=

𝜕𝐿

𝜕𝑦𝑖
∙ 𝑦𝑖−1

𝜕𝐿

𝜕𝑦𝑖
=

𝜕𝐿

𝜕𝑦𝑖+1
∙ 𝑊𝑖

// forward pass

for i in 1, L

compute loss

// backward pass

for i in L, 1

update weights

• Storage
oFrozen weights
oFrozen biases

• Operations 
(latency)
o forward pass
o gradients
oupdate ↓↓↓ 
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• Memory (down to 
layer 𝑙)
o σ𝑖=𝑙

𝐿 𝑊𝑖 (weights)

o σ𝑖=𝑙
𝐿 𝜕𝐿

𝜕𝑦𝑖+1
 (input grads)

o σ𝑖=𝑙
𝐿 𝜕𝐿

𝜕𝑊𝑖
 (weight grads)

o σ𝑖=𝑙−1
𝐿 𝑊𝑖(activations)



Backpropagation has costs

𝑦𝑖 =  𝑓𝑖 𝑊𝑖 ∙ 𝑦𝑖−1 + 𝑏𝑖

𝜕𝐿

𝜕𝑊𝑖
=

𝜕𝐿

𝜕𝑦𝑖
∙ 𝑦𝑖−1

𝜕𝐿

𝜕𝑦𝑖
=

𝜕𝐿

𝜕𝑦𝑖+1
∙ 𝑊𝑖

// forward pass

for i in 1, L

compute loss

// backward pass

for i in L, 1

update weights

• Storage
oFrozen weights
oFrozen biases

• Operations 
(latency)
o forward pass
o gradients
oupdate ↓↓↓

forward pass + 
input gradients +
 weight gradients

 ≅ 3 forward passes
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• Memory (down to 
layer 𝑙)
o σ𝑖=𝑙

𝐿 𝑊𝑖 (weights)

o σ𝑖=𝑙
𝐿 𝜕𝐿

𝜕𝑦𝑖+1
 (input grads)

o σ𝑖=𝑙
𝐿 𝜕𝐿

𝜕𝑊𝑖
 (weight grads)

o σ𝑖=𝑙−1
𝐿 𝑊𝑖(activations)



Backpropagation has costs

𝑦𝑖 =  𝑓𝑖 𝑊𝑖 ∙ 𝑦𝑖−1 + 𝑏𝑖

// forward pass

for i in 1, L

compute loss

// backward pass

for i in L, 1

update weights

• Storage
oFrozen weights
oFrozen biases

• Operations 
(latency)
o forward pass
o gradients
oupdate ↓↓↓
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𝜕𝐿

𝜕𝑊𝑖
=

𝜕𝐿

𝜕𝑦𝑖
∙ 𝑦𝑖−1

𝜕𝐿

𝜕𝑦𝑖
=

𝜕𝐿

𝜕𝑦𝑖+1
∙ 𝑊𝑖

• Memory (down to 
layer 𝑙)
o σ𝑖=𝑙

𝐿 𝑊𝑖 (weights)

o σ𝑖=𝑙
𝐿 𝜕𝐿

𝜕𝑦𝑖+1
 (input grads)

o σ𝑖=𝑙
𝐿 𝜕𝐿

𝜕𝑊𝑖
 (weight grads)

o σ𝑖=𝑙−1
𝐿 𝑊𝑖(activations)

forward pass + 
input gradients +
 weight gradients

 ≅ 3 forward passes x #data x #epochs



Backpropagation has costs

𝑦𝑖 =  𝑓𝑖 𝑊𝑖 ∙ 𝑦𝑖−1 + 𝑏𝑖

// forward pass

for i in 1, L

compute loss

// backward pass

for i in L, 1

update weights

• Storage
oFrozen weights
oFrozen biases

• Operations 
(latency)
o forward pass
o gradients
oupdate ↓↓↓

• Energy
o 𝐸 =

 = 𝑃 ∙ 𝑡 =
 = 𝑃 ∙ 𝐸𝑓𝑓 ∙ 𝑓 ∙ 𝑂𝑃𝑠

70

𝜕𝐿

𝜕𝑊𝑖
=

𝜕𝐿

𝜕𝑦𝑖
∙ 𝑦𝑖−1

𝜕𝐿

𝜕𝑦𝑖
=

𝜕𝐿

𝜕𝑦𝑖+1
∙ 𝑊𝑖

• Memory (down to 
layer 𝑙)
o σ𝑖=𝑙

𝐿 𝑊𝑖 (weights)

o σ𝑖=𝑙
𝐿 𝜕𝐿

𝜕𝑦𝑖+1
 (input grads)

o σ𝑖=𝑙
𝐿 𝜕𝐿

𝜕𝑊𝑖
 (weight grads)

o σ𝑖=𝑙−1
𝐿 𝑊𝑖(activations)



Backpropagation has costs

• Storage
oFrozen weights
oFrozen biases

• Memory (down to
layer 𝑙)
o σ𝑖=𝑙

𝐿 𝑊𝑖  (weights)

o σ𝑖=𝑙
𝐿 𝜕𝐿

𝜕𝑦𝑖+1
 (input grads)

o σ𝑖=𝑙
𝐿 𝜕𝐿

𝜕𝑊𝑖
 (weight grads)

o σ𝑖=𝑙−1
𝐿 𝑊𝑖(activations)

• Operations 
(latency)
o forward pass
o gradients
oupdate ↓↓↓

• Energy
o 𝐸 =

 = 𝑃 ∙ 𝑡 =
 = 𝑃 ∙ 𝐸𝑓𝑓 ∙ 𝑓 ∙ 𝑂𝑃𝑠

Accuracy
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How do learning costs impact 
an On-Device Learning 

application?



Results
Improving the KWS accuracy in noisy environments

• Accuracy increments by
4% on average over 
NA-KWS

• 13% on speech noise

• Does it work well under 
embedded constraints?
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Results
Memory requirements for effective learning 

• Refine fc1 layer
• 10 kB on-chip L1 memory
• SODDA = SNA-KWS + 5.5%
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Results
Memory requirements for effective learning 

• Refine fc1 layer
• 10 kB on-chip L1 memory
• SODDA = SNA-KWS + 5.5%

• Refine backbone and classif.
• +1.2% over fc1 update using

10% of pre-recorded samples
• +6% over fc1 update using

100% of pre-recorded samples
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GO
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pulp_backbone_fp32_fw_cl(&args);

pulp_linear_fp32_fw_cl(&args);

pulp_CrossEntropyLoss(&loss_args);

pulp_linear_fp32_bw_cl(&l1_args);

pulp_gradient_descent_fp32(&l1_args);

Memory management

• Pre-recorded (clean) utterances and labels
stored in L3 memory

• Pretrained model stored in L3 memory 

• Weights, activations stored in L2 memory during 
forward pass

• Weights, activations, gradients stored in L1 during 
backward pass

On-Device Learning on PULP
platforms using TrainLib

1. 𝑦𝑛−1 =  𝑓𝑛−1 𝑖𝑛𝑝𝑢𝑡
2. 𝑦𝑛 =  𝑓𝑛 𝑊𝑛 ∙ 𝑦𝑛−1 + 𝑏𝑛

3. 𝐿 = − σ𝑐𝑙𝑠 𝑦𝑔𝑡𝑐𝑙𝑠
log 𝑦𝑛𝑐𝑙𝑠

4. 𝜕𝐿

𝜕𝑊𝑛
=

𝜕𝐿

𝜕𝑦𝑛

𝜕𝑧𝑛

𝜕𝑊𝑛

5. 𝑊𝑛
′ =  𝑊𝑛  − η ∙

𝜕𝐿

𝜕𝑊𝑛
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Conclusions

• Backpropagation at the extreme edge is expensive
• Storage, memory, operations, latency
• Embrace accuracy-complexity trade-offs

• Demonstrated On-Device Domain Adaptation on GAP9
• On-Device Learning for keyword spotting in speech noise 
• +6% over NA-KWS in extreme-edge conditions
• 424 μJ per epoch for DS-CNN S
• 10 kB of memory for backpropagation
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