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Don't think, just give me the answer.

-20, -19, 88, 29, 84, 80, 18, 92, 87, 52, 16, 60, 76, -75, 30, 84, —8263, 38, -60, -54, -91,
-98, 87, 75, 64, -85, 48, -93, -57, -14, -9, -88, -12, 1, -84, -73, 88, 86, 63, 68, 54, 42, 21, 9,
-31,-92, -34, 1

What's the largest negative number?

7 qwen3-v1-235b-a22b-instruct
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Don't think, just give me the answer. Find the largest negative number in the list.

-20, -19, 88, 29, 84, 80, 18, 92, 87, 52, 16, 60, 76, -75, 30, 84, —8263, 38, -60, -54, -91,
-98, 87, 75, 64, -85, 48, -93, -57, -14, -9, -88, -12, 1, -84, -73, 88, 86, 63, 68, 54, 42, 21, 9,
-31, -92, -34, 1

What's the largest negative number?
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What's a language model?

* Autoregressive

« Generates one token
at a time

 Processes one token at
atime

e Pre-trained

e On next-token
completion across
Internet
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One layer back: tokens and probabilities
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 Text gets tokenized
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Don't think, just give me the final answer. How many Rs are in STRAWBERRY?
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Inside the language model
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Weights vs. activations
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The residual stream
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Inside each layer: MLP
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