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Neural Networks vs Algorithms

Algorithms

Does not require data

Trivially strongly generalize

Interpretable stepwise operations

Provable correctness

Inflexible

Neural Networks

Requires massive amounts of data

Challenging to generalize OOD

Hard to interpret

Unreliable

Adaptable to a wide range of problems



Motivation



Related Work



CLRS-30 Benchmark
• Aligns closely to pseudocode from the book
• Automatically generate input/output pairs
• Capture intermediate algorithm trajectory



CLRS-30 Benchmark

• Data represented by 𝑛 vertices

• Static set of probes (stage, loc, type, values)
for each algorithm

• 5 Feature Types: 
• scalar

• categorical

• mask

• mask_one

• pointer



CLRS-30 Example: Bubble Sort



CLRS-30 Example: Bubble Sort
pos: [0,0.33,0.67,1]
key: [4,  2 , 3  ,1]
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CLRS-30 Example
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i (mask_one)
j (mask_one)
List State Specification (pointer)

i: [1,0,0,0]
j: [1,0,0,0]
pred: [0,0.33,067,1]

pos: [0,0.33,0.67,1]
key: [4,  2 , 3  ,1]

i: [1,0,0,0]
j: [0,1,0,0]
pred: [0,0.33,067,1]

i: [1,0,0,0]
j: [0,1,0,0]
pred: [0.33,0,0.67,1]

... pos: [1,0.33,0.67,0]
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Message Passing Neural Network
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NeuralExecutor

• Encode-Process-Decode Paradigm
• Tasks share Encoder
• Linear Encoder/Decoder



NeuralExecutor++

• Encode-Process-Decode Paradigm
• Separate Encoder for each Task
• Linear + Non-Linear Encoder/Decoder



Architecture



Example: Bellman-Ford
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Encoder

h = 128
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Processor

h = 128



Inside the MPNN
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Inside the MPNN
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Encoder/Decoder

• Encode-Process-Decode Paradigm 

h = 128



Algorithmic Alignment



Model Improvements



Dataset and Training



Dataset and Training

• Remove Teacher Forcing
• At each step, feed back ground-truth hints with probability 0.5

• Data Augmentation
• Online Samplers in CLRS for on the fly example generation

• Train on examples of mixed sizes, 𝑛 ≤ 16



Data Augmentation: Erdős–Rényi Model
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Data Augmentation: Erdős–Rényi Model



Dataset and Training

• Remove Teacher Forcing
• At each step, feed back ground-truth hints with probability 0.5

• Data Augmentation
• Online Samplers in CLRS for on the fly example generation

• Train on examples of mixed sizes, 𝑛 ≤ 16

• Randomized Position Scalars



CLRS-30 Example
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i (mask_one)
j (mask_one)
List State Specification (pointer)

i: [1,0,0,0]
j: [1,0,0,0]
pred: [0,0.33,0.67,1]

pos: [0,0.33,0.67,1]
key: [4,  2 , 3  ,1]
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[0,0.23,0.7,0.95]



Dataset and Training
• Remove Teacher Forcing

• At each step, feed back ground-truth hints with probability 0.5

• Data Augmentation
• Online Samplers in CLRS for on the fly example generation

• Train on examples of mixed sizes, 𝑛 ≤ 16

• Randomized Position Scalars

• Hint Adjustments
• Soft hint propagation

• Static hint elimination

• Gradient Clipping

• Encoder Initialization



Processor Network
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Triplet Reasoning
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Multi-Task Improvement: Chunking
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Evaluation



Single-Task CLRS-30 Benchmark
• Train on samples with 𝑛 ≤ 16, periodically evaluate on 𝑛 = 64

• Given % scores are micro-F1 score: 
𝑇𝑃

𝑇𝑃+
1

2
(𝐹𝑃+𝐹𝑁)



Multi-Task vs Single-Task



Multi-Task vs Single-Task



Single-Task Ablation Study



Multi-Task Ablation Study



Conclusion

• This paper introduces numerous improvements to the MPNN 
architecture to enable multi-task learning
• Based on the theory of algorithmic alignment

• Multi-Task Learning may improve performance over Single-Task 
counterpart

+ Improvements applicable to other architectures as well

- Little exploration on Multi-Task Learning despite the name of the paper



Thank you for your Attention!

Questions?








