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Introduction

This paper presents a new technique for harnessing NPUs for general-purpose 
computations

● Uses NPU to replace functions
● Parrot transformation
● Achieved:

○ 2.3x average speedup
○ 3.0x average energy savings for experimental benchmarks
○ Average accuracy greater than 90%



Three Main Challenges

1. Learning algorithm that accurately mimics imperative code
a. Found neural network

b. Propose Parrot Transformation

2. Language and compilation framework
a. Programming model + compilation workflow

b. Collect training dataset, train NNs, and replace code

3. Architectural interface for NPU Acceleration
a. Tightly coupled NPU + out-of-order core enables pipeline processing

b. ISA extensions to communicate neural configuration and runtime invocations



Overview - Parrot Transformation
3 Stages of Parrot Transformation:

1. Programming Stage
2. Compilation Stage
3. Execution Stage



Programming Model

Criterion for candidate function:

1. Frequently executed. Overhead of NPU invocation must be less than transformation 
profit

2. Must tolerate imprecision in its computation

3. Must have well-defined inputs and outputs
a. Fixed size inputs and outputs at compile time
b. Pure function: Reads only its inputs, and writes only its return values (no side 

effects)



Code Example - Original vs. Parrot Transformed



Implementation - Compilation Workflow

Code Observation
1. Collect training dataset by logging inputs and corresponding outputs
2. Representative inputs must be provided by the programmer 

a. May be from a test suite or randomly generated

Training
1. Selects from a fixed set of neuron configurations (30 possible)
2. Trains all of them at once
3. Use backpropagation and gradient descent with learning rate 0.01
4. Test for 5000 epochs



Implementation - Compilation Workflow

Neural network topology search
1. Search neural network architecture(#hidden layers, #neurons). 
- Selection criterion: accuracy, NPU latency. 
- Cross validation. 
- 70% training, 30% testing.
- Off-site training (Online training would increase overhead)

2. To reduce search space: ≤ 2 hidden layers, neurons = powers of 2 up to 32
3. Results: trained neural network + weights

Code Generation
1. Generate NPU configuration

2. Replace function with NPU instructions



Architecture Design for NPU Acceleration

Overhead of NPU invocation < acceleration profits -> tightly coupled NPU accelerator 

ISA Support for NPU Acceleration: how CPU invokes NPU
FIFO-based interface
3 FIFO queues:
1. Config FIFO - send NPU configurations
2. Input FIFO - send inputs
3. Output FIFO - read outputs

Steps: 
1. configure NPU
2. send inputs
3. NPU compute
4. read outputs



Architecture Design for NPU Acceleration

Commands:

• enq.c %r: enqueues the value of the register r into the config FIFO. 

• deq.c %r: dequeues a configuration value from the config FIFO to the register r. 

• enq.d %r: enqueues the value of the register r into the input FIFO. 

• deq.d %r: dequeues the head of the output FIFO to the register r.

Process:

CPU: enq.c(configure NN), enq.d(send inputs)

NPU: compute neural network

Output FIFO: deq.d(CPU reads the output)



Architecture Design for NPU Acceleration

Modern CPU: out-of-order, speculative execution.
NPU must support this, or the pipeline will stall.

Speculative execution support:
● CPU speculatively enqueue inputs.
● Input FIFO header pointer only updates when instruction commits. 
● Output FIFO handles both speculative head and non-speculative head pointers. 

● If the branch mispredict -> rollback. 
● If misprediction recovery, CPU tells NPU which instructions to squash, and NPU invalidates 

the output.
● If interrupted, NPU flush. Recommend to disable interrupt when NPU invoke. 
● Enq.c and enq.d are not executed speculatively.
● If the context switches, NPU must save and restore state.s. 



Neural Processing Unit

Reconfigurable NPU tightly coupled to the processor

● Each neuron is assigned to a PE – network topology determines PE scheduling
● Bus scheduling information (Input->PE, 

PE->PE, PE->Output) stored in the 
circular scheduling buffer

● During configuration neuron weights are 
placed into the weight buffer – compiler-directed 
schedule ensures that weights & inputs 
arrive in corresponding order



Evaluation

Six benchmarks from domains useful to general applications and tolerance for imprecision, 
and which do not typically use neural networks

A single function with fixed inputs and outputs and no side effects is selected from each for 
Parrot transformation

Each network is trained on either typical program data (e.g., sample images) or some 
amount of random input within a permissible range and evaluated with different data of the 
same type



Evaluation



Results

Whole-application average error rates range between 3% and 10%, which is comparable to other 
hardware approximation techniques.

NPU acceleration can elide much CPU work, but the cost of evaluation and the time for queuing 
instructions limit the actual benefit – algorithms where significant chunks of code can be replaced 
with simple neural networks see the most benefit, while those where the “hot” code is more local 
and requires more complex models see less.



Results

It is also possible to run transformed programs on the CPU with a software model.

All benchmarks show a significant 
slowdown when the Parrot 
transformation is used as such.

The Parrot transformation requires 
efficient neural network execution 
such as hardware acceleration in 
order to be useful.



Results

A single NPU contains eight processing engines.

Performance across these 
benchmarks sees diminished returns 
as the number of PEs increases.

Less than 5% geometric mean 
improvement per doubling after eight 
PEs, does not justify complexity 
increase in adding more.



Limitations

● Limited applicability to:
○ Hot regions of code
○ Approximable
○ Bounded number of inputs and outputs

● Requires programmer intervention
○ Analysis tools can help
○ Cannot be completely automatic

● Unpredictability
○ Non-deterministic compilation
○ In vivo training makes runtime non-deterministic
○ Errors up to 10%



Questions?


