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2025.12.02 
Ok, now let’s see the impact of the head on the value. That is, if a token is selected for this head, what 

value should it send to others? I guess it’s better to understand it with contrast. Say, the token ‘apple’, it 

could mean the tech company Apple, or, a simple fruit that can be eaten. Show me what values would 

be sent under these two different cases? 
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How to understand the difference between value and the original meaning?  
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Ok, the challenge with this whole thing is: 

1) We don’t know what needs to be represented 

2) We don’t how to represent them 

But I think I am comfortable with the difference between K and V, as K is more general V is more 

specific. So let’s move on.  

Now we have the attention matrix 3x3, and the value matrix 3x64 (assuming the feature under each 

head has 64 dimensions). Now we multiply A by value: 𝐘 = 𝐀𝐕. The mechanics of the multiplication is 

actually doing the weighted average of the values! So it is blending the tokens according to weights. But 

this weight is from a single head’s perspective. Remember there is 16 such heads (we partition 1024 into 

16 heads, each with a size of 64). So we have 16 such processes: : 𝐘(𝟏) = 𝐀(𝟏)𝐕(𝟏), 𝐘(𝟐) =

𝐀(𝟐)𝐕(𝟐)… ,𝐘(𝟏𝟔) = 𝐀(𝟏𝟔)𝐕(𝟏𝟔). So from different matching perspective, token will have different 

weights, that’s why there are 16 processes doing the mixture. So what are these? Each row is the 

blending meaning under a perspective. But wait, within each head, what does three rows mean? I think 

that’s the blending meaning from a token’s perspective! Remember, the weights are assigned from a 
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token’s perspective! So first row is the blended meaning from first token’s perspective, second row is 

the blended meaning from the second’s perspective and so on.  

Then we concatenate these 16 blending meaning, into the bigger ‘matrix’, as follows. 

 

Although it is a big matrix now, bear in mind the ‘boundaries’, there are 16 chunks, representing 16 sets 

of blending meanings from different perspective (head). So now it’s time to further blend them into a 

coherent background. That’s what an output matrix 𝑊𝑂 is doing here. It blends the 16 contextual 

meaning further! But why three rows again? Think about it, if we evaluate a sentence and create a 

blended meaning, should it just be one? Here why three? To me I think that’s from each token’s 

perspective! We can verify with GPT later. Now we have the output ready for feedforward step! Not yet! 

Instead of the blended meaning, it’s added to the original meaning (embedding)!  

 

So the original meaning is not tossed away! The blended meaning is used to update the original 

meaning! Ok. 

But what is layernorm? Did a search, this word did not show up in previous discussion! So it is another 

nitty gritty detail! 
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I don’t understand these weird notations! How come it just assumes I already knew???! 

What is MHA(LN(x0))? What is triangle_attention? Are you saying, prior to the attention step, we should 

normalize the tokens’ embedding? But not exactly the same! So the 1024 numbers are averaged out to 

compute the mean and the standard deviation. Then they are used to normalize the original token, but I 
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would assume just
𝑥−𝜇

𝜎
, why multiply by some parameter and add some parameter? And what is that 

circle with a dot inside mean??? once tokens are normalized, then the normalized ones are going to be 

used in attention step? 

 

OK I kind of getting the idea: whether to normalize it before the attention step or after. O man, so many 

piecemeal patches! I bet it’s after they experienced some issues they found that they can apply some 

pre or pos-processing to ‘stabilize’ it, without very clear about the principles! Ok. fine. Let’s move on. 

So let’s assume we do the post-linear-norm, that is, we apply linear normalization to the output after 

the attention step. So I guess instead of adding 𝑌𝑜𝑢𝑡 to X directly, we apply linear norm to 𝑌𝑜𝑢𝑡, 

represented by MHA(LN(X))?, but wait, 2, we are applying linear normalization again? 

2025.12.03 

GPT flipped the matrix multiplication notations, super annoying! Tokens X was on the left side before, 

now it’s on the right side! So now we have to flip the matrix too! And I hate interpreting matrix-matrix 

multiplication by dimension matching! The matrix W is 4096x1024, what does 4096 mean and what 

does 1024? I’d like to interpret the 4096 as ‘4096 processes to analyze the 1024 meaning components’. 

The end result is 4096x3, again, what do those numbers mean??? 
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So each column of x is the ‘contextual meaning’, still with 1024 meaning components. Now there are 

4096 ‘processes’ to analyze these meaning components, by ‘linearly mixing them up’. The result would 

be 4096 results since we have 4096 ‘analysis’. But why 3 columns? Definitely they are tied to 3 tokens, 

but in what way? They are not representing 3 tokens! They represent the analysis results from the 

perspective of each token! Remember each row of the attention matrix represents the weights from a 

single token’s perspective! H is called ‘expand’ because its dimension is 4096, due to 4096 processes! 

Then what? 

Then we ‘filter’ the result, using ReLu. So my understanding is, each element in the h matrix will be 

filtered based on if they are negative or not. I am not sure what the exact scheme is, ie, will positive 

numbers remain the same, or scaled, or what? But now we have a filtered analysis r. Although I was 

excited to see how the training/learning work to find out those parameters, I still want to conclude 

about the feedforward step, which is much easier than the attention step.  
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Lets not bother with the details about where exactly the linear norm is applied. let’s look at the big 

picture. It’s been a while and I almost forgot, fortunately GPT reminded me of the ‘intended-meaning’. If 

you look at the above, there are mainly 2 steps, the expand+gating, and the recombine. It would be 

confusing if you just focus on the math: a bunch of linearly mix. 3. Expand is linearly mixing the 

‘contextual meaning’, it is ‘figuring out the meaning’! So the attention step combine the meaning 

according to contexts, producing the end result of ‘contextual meaning’ ready for interpretation. Now 

these 4096 processes are ‘analyzing’ the contextual meaning! Like the old picture I had, this is to figuring 

the meaning, the interpretation phase! Then the gating step can be interpreted as checking if certain 

pattern if met, if not met, then it’s muted (by turned into 0). 
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Then the recombination step can be understood as ‘figuring out a response’, in the meaning space, 

according to the figured out meaning! So the response has all the necessary meaning components filled 

in. Then the next step is to find out the corresponding word in the dictionary. But we might not get exact 

match, that’s why dot product is used: to find out the best match! That’s evaluated by computing a 

matching score, the bigger the number, the better the match, but again it’s normalized within (0,1) to be 

used as a probability number. Once we have probability number for each word, then it’s time to pick 

one. The simplest is to pick the highest value, but it’s boring and repetitive. So GPT suggests some 

sampling, I guess it is to pick the greatest value plus some room for difference. I am not exactly sure how 

that’s done, but it’s not my concern for now. I can’t wait to get to the training part!!! Let’s do it!! 
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2025-12-04 

 

The notations are a bit confusing. Logits 𝑙𝑡 should be a vector of 50,000, representing how similar the 

intended meaning is with the existing 50,000 words. The subscription t represents it’s the prediction 

based on the 𝑡𝑡ℎ  token. This is the similarity measurement before normalization using softmax. But why 
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represent it as 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑙𝑡) instead of 𝑧𝑡 with z being the normalized one? Then what’s the additional 

subscription 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑙𝑡)𝑥𝑡+1  mean? 

 

Ok, notations confusing, transformation makes it more confusing, I mean the log term. So eventually 

each based on each token, we have a prediction, in  the format of probability vector, a list of 50,000 

numbers representing the probability of choosing each token for the 50,000 possible tokens. So now 

what? We want to maximize the probability for the true token. Ok this sounds weird. What do you mean 

by ‘maximize’? Then think this way: all those parameters hanging there, once they are set, they will 

produce one probability vector, giving us the probability for each token. Setting them differently, you 

get a different probability vector. Theoretically we could try all the combinations for those parameters, 

then some of them are good, some of them are better, but how to judge them? We know the true 

token, we are going to look for the probability for that true token through all the answers.  Then the one 

with a highest value for the true token’s probability is the best one. So among all the possible 

parameters, we want to choose the set that gives us the maximum probability for the true token. This is 

called ‘maximize the probability over the parameters 𝜃” . But how to do that? 

Theoretically we could manually put in parameters, try ‘all’ of them, and record each result, then sort 

the result, find out the one giving the highest number. But, there are too many parameters, and too 

many possible values, it’s impossible to do that in brute force manner. So what to do? 

Well, we know the relationship between the parameters and the end result. So the relationship 

between the parameters and the end result tells you how the parameter setting is related to the end 

result. Calculus can tell you how the end result changes with the parameters. (I used to think they are 

the same thing: knowing the relationship means you know how one changes with the other, until I 

contemplate over the meaning of differential function for long time! So, placing a condition for 

‘differential function’ is making sure knowing the relationship means knowing the relationship of the 

changes! Anyway!). 

So the punchline is, once you know how the end result changes with the parameters, you don’t have to 

randomly tune your parameters, but instead, tune it in an optimal way! That’s the heart of ‘steepest 

descent method.  
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2025-12-05 
So my favorite, Calculus. It’s a good opportunity to solidify my understanding about Calculus: how it can 

be useful in ‘fast tuning’ in the case of machine learning. You work from the end result log⁡(𝑝𝑖). Oops, 

we haven’t explained why there is a ‘log’ here, after all, our calculation gives us the probability 𝑝𝑖, but 

why we would take log of it? So we need to understand the concept of ‘loss function’. p is the end 

result, loss function is a way to evaluate that end result! Of course the question is, why can’t we use p 

itself? Since we know what value it is good, what is bad: the bigger it is for the true token, the better, 

and vice versa. Then why not just optimize p itself? Let’s save this question for GPT later. So assume we 

agree that we will evaluate the performance using log⁡(𝑝𝑖), but we have to check if it makes sense: the 

greater the p, the greater the log. So although we don’t know the very reason why we value the log 

performance yet, what has to be true is, the direction has to be in line. Now we have to work 

backwards, our goal is to minimize the loss function, o sorry forgot to mention that we evaluate L=- 

log⁡(𝑝𝑖), the negative log as the performance, so now the goal if maximizing p becomes minimizing L. 

Again we don’t quite know why yet. 

And this loss is connected to all the parameters on the way, but we are going to peel layer by layer. First 

of all, L is connected to 𝑝𝑖, then 𝑝𝑖 is connected to 𝑧𝑖. 

 

We know the relationship each step, so Calculus helps us finding out how L relates to z, step by step, 

through chain rule: 

𝜕𝐿

𝜕𝑧
=

𝜕𝐿

𝜕𝑝𝑖
⋅
𝜕𝑝𝑖

𝜕𝑧𝑖
. 

Hmm, it’s strange that the result would be case by case? I mean, why the result is different if it is the 

true token or not? Ok, I see. Notice L is not defined for each probability, but the probability of the true 

token: 𝐿 = −log⁡(𝑝𝑦), hence rewriting the chain rule: 
𝜕𝐿

𝜕𝑧𝑖
=

𝜕𝐿

𝜕𝑝𝑦
⋅
𝜕𝑝𝑦

𝜕𝑧𝑖
. So, the evaluation is really in terms 

of the true token. Not in any other tokens! 
𝜕𝐿

𝜕𝑝𝑦
 is easy, just −

1

𝑝𝑦
. Now 

𝜕𝑝𝑦

𝜕𝑧𝑖
=

𝜕[𝑒𝑧𝑦(𝑒𝑧1+𝑒𝑧2+⋯+𝑒𝑧𝑛)−1]

𝜕𝑧𝑖
. 

Why we have to separate into two cases, true token vs non-true token? The reason is, when you 

differentiate a function with respect to something, you are viewing how the end result changes with 

that something. So when we differentiate the true probability with respect to a logit 𝑧𝑖, remember the 

probability is a function of all the logits, including the logits for the true token. The probability function is 

a product of the logits of the true token (transformed) and the sum of the logits. The product structure 

makes a difference when differentiating, if you differentiate whether involve the true token or not (omg, 
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so wordy!!!)  In other words, it’s a product of two things, the sum definitely involve all the logits, but the 

one in the front might be a constant, if you are differentiating other logits! So when we are 

differentiating with respect to other logits, we treat 𝑒𝑧𝑦  as a constant, so we get: 
𝜕𝑝𝑦

𝜕𝑧𝑖
=

𝑒𝑧𝑦(−1)(𝑒𝑧1 + 𝑒𝑧2 +⋯+ 𝑒𝑧𝑛)−2𝑒𝑧𝑖, which is: −
𝑒𝑧𝑦

𝑒𝑧1+𝑒𝑧2+⋯+𝑒𝑧𝑛
⋅

𝑒𝑧𝑖

𝑒𝑧1+𝑒𝑧2+⋯+𝑒𝑧𝑛
= −𝑝𝑦𝑝𝑖, combined 

with 
𝜕𝐿

𝜕𝑝𝑦
= −

1

𝑝𝑦
, we got 

𝜕𝑝𝑦

𝜕𝑧𝑖
= 𝑝𝑖. What if we are differentiating with respect to the true token? Now 𝑒𝑧𝑦  

cannot be deemed as constant,  product rule of differentiation needs to be used, so 
𝜕𝑝𝑦

𝜕𝑧𝑦
=

𝜕[𝑒𝑧𝑦(𝑒𝑧1+𝑒𝑧2+⋯+𝑒𝑧𝑛)−1]

𝜕𝑧𝑦
= 𝑒𝑧𝑦(𝑒𝑧1 + 𝑒𝑧2 +⋯+ 𝑒𝑧𝑛)−1 + 𝑒𝑧𝑦(−1)(𝑒𝑧1 + 𝑒𝑧2 +⋯+ 𝑒𝑧𝑛)−2𝑒𝑧𝑦. Which 

is 𝑝𝑦 − 𝑝𝑦
2. Now combined with −

1

𝑝𝑦
, we have: Now 

𝜕𝑝𝑦

𝜕𝑧𝑦
= 𝑝𝑦 − 1. Ok we got the math right. Now let’s 

think about what is happening. Z are the logits, so we find out how the performance changes with the 

logits. The goal is to find out how the performance changes with the parameters, matrix 𝑊𝑣𝑜𝑐 in this 

case, but to do that, we have to access it through layers, backwards. Now we can continue with chain 

rule to calculate how the logits change with the parameters I think.  
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