nanochat Architecture: Full Forward Pass
(Karpathy, 2025 — nanochat/gpt.py, forward() lines 398-434)
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Language Model Head W_U §6.3
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Backprop + Optimizer (§7-8)

AdamW Muon
W_E, W U, W VE, A resid, A x0 All 2D matrix params (W Q, W K, W V, W O, W1, W2)
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Key design choices vs. GPT-2:

* RoPE instead of learned positional embeddings * RMSNorm (no params) instead of LayerNorm ¢ QK-Norm with a=1.15 sharpening
* ReluSquared instead of GELU ¢ Untied W E # W _U ¢ Logit softcap at c=15 ¢ Sliding window "SSSL" pattern
* Value embeddings with gated residual (ResFormer) ¢ xo skip connection with learnable A ¢« Muon optimizer for matrices, AdamW for rest



