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1.

Abstract
System neuroscientists regularly investigate cognitive functions by studying model rodents through various predefined experiments. These exp-

eriments reveal diverse neural mechanisms that subserve computation in rodents’ brains. Recent advancements in artificial neural networks have

enabled neuroscientists to expand these neural studies to silico models. To this end, computational neuroscientists regularly train recurrent neural

networks (RNNs) on synthetically design cognitive tasks to gain mechanistic insights. However, even though recent work has shown that even the

most trivial changes in task parameters lead to diverse neural circuits learned by RNNs, most existing silico tasks are coded without clear standar-

dization. Moreover, there have been several distinct learning rules developed in the last decade to train RNNs, each of which can favor one neural

mechanism over another. To investigate and standardize this process, we designed an extensive dataset for various cognitive model training pur-

poses and benchmarked diverse RNN architectures trained on these tasks using several learning rules. We extracted the learned latent mecha-

nisms in these diverse tasks and compared them across RNN architectures and learning paradigms. We also examined the persistence of learn-

ed mechanisms in RNNs trained to perform additional tasks. To facilitate future extensions of these benchmarks and support ongoing research in

this field, we outline detailed methodologies for standardizing these tasks and provide them open-source. Our resource presents a standardized

and principled approach for benchmarking various RNN models, paving the way for future comparative studies of neural computations in system

neuroscience.

1. Training RNNs

-Select a task-

• Evidence accumulation

• And Memory

• K-choice serial reaction time
• Xor Memory

• K-point moving average

• Sine wave generator
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• Marked Input

Standardized silico-dataset generation

-Customize your task-

• Noise Scale:

• Decay Time:

• Input End Time: 
• Input Start Time:

• Add Noise:

• Input Duration: 
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• Sampling Period:

• Version: vanilla

True

0.06

20 ms

2 ms

10 ms

100 ms

400 ms

-Choose your model-

• Leaky- firing RNN
• Leaky Current RNN

-Customize your model-

• Chaos strength:

• Low-rank:

• Neuron Number:

• Input Dimension:

• Output Dimension:
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-Training parameters-

• Epochs:

• Optimizer:

• Learning rate:

• Loss function:

Adam

3000

0.001

MSE.
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Start Training!

Start!

Biologically-plausable model generation

Training!
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Task Outputs
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RNN
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3. SSL Framework

Step I

Fully trained small RNN Initialized (not trained!) large RNN

Extracting Latent Dynamics
( z )

Minimize
(   - z)

SSL Loss Trained Dynamics (Shown on 50k neurons)

After Training

Step II

Error 
Calculation

Input-Output Loss Inference Result

SSL-Checklist
• m: 
• n:
• Win:
• Wout:

2. Why is it hard to train large RNNs?
1.Learning rate collapses!

2.Scaling the learning rate slows
 down training in all settings!

2-Bit Flip-Flop Task
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3.Requires Large GPU Memory!
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*These memory benchamarks are made by using a 100x500x10 size task,
Adam optimizer, and PyTorch Library. Nvidia RTX 4070 TI GPU is used with a
16GB dedicated memory area.

Full-Rank RNN
Low-Rank RNN

SSL-Checklist
• m: 
• n:
• Win:
• Wout:
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3. Latent Processing Unit (LPU) Framework
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Equations

Define

where

Then we define LPU (k) as follows:

Then, the RNN equation becomes:

Encoding WeightEmbedding Weight

Finally, latent dynamics can be found as:

(             ) (             )

Extracting Latent Dynamics
(   )

*Figure 1 and 2 are adopted from Kurtkaya, Bariscan, et al. "Learning rate collapse prevents training recurrent neural networks at scale." NeurIPS 
2025 Workshop on Symmetry and Geometry in Neural Representations.

*Dinc, Fatih, et al. "Latent computing by biological neural networks: A dynamical systems framework." arXiv preprint arXiv:2502.14337 (2025).

Scan the QR code for more details!


