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So let’s rethink the main theme here. The goal is to produce the next word. ‘when I think ……’, how to fill 

the blanks? Of course we would take a look at previous words and try to think about which words might 

fit. That’s exactly the spirit here in LLM: figuring out which words might fit other words. But with some 

differences. Here we only need to figure out which word fit, then that’s it, we PUT IT THERE! So 

whatever fits will be the next predicted word! Also when we check if one word fits another, it’s a binary 

decision! Whether it fits or not! It’s not a continuous measurement! Also we tend to think directly two 

consecutive words, like what’s after ‘when I think …’, but we are not just thinking about ‘think…’ 

because the previous words before think also matters. I mean, you will fill up with different words 

whether seeing ‘when I think ….(about you?)’ Vs  just ‘think (carefully?)…’. So although we are trying to 

predict the word directly after ‘think’, yet its previous words matter. Hmm. That’s why it makes sense 

LLM uses the ‘last’ word as a vehicle to aggregate previous’ meanings together as a ‘context-aware 

vector’? 

So here are what we need: 

1) So we know we need to check how a word fits to another. 

2) And we also need to aggregate the meanings of ‘all the words’. 

Let’s see how LLM solve the above two:  

1) LLM checks how good each word matches another, regardless of their distance. 

2) LLM aggregates the meaning from the perspective of the last word. 

That works? Based on the fact that LLM is popular it means this method works. But the question is, why 

it works because it does not quite make sense: how can you aggregate meaning from the perspective of 

the last word? I think the distance problem is probably fixed by some ‘positional offset’, we can ask 

more details later. But on 2, you know humans are really good at talking themselves into something they 

want to believe, so here is my logic on 2: why aggregate the meanings from the perspective of the last 

word, because we are predicting the next word, the word immediate in front should be critical, then it 

sort of make sense to use the last word as vehicle to aggregate meanings. 

Ok can we move on? We haven’t resolved the above two questions, we will keep coming back, but we 

will move on now. 

Actually just had more thoughts about 

3) LLM aggregates the meaning from the perspective of the last word. If we find weird, we should 

ask: what is the alternative? Which ones won’t make you feel weird? Well, you realize that if we 

aggregate meanings from a different word, then the overall meaning could be different. So, a 

fairer way would be, to aggregate meaning from each word’s perspective, and then average! 

Right??? For sure we will grill GPT on that later. So now we can move on. 

Two directions. Either we zoom into more nitty-gritty details about ‘multi-head’, or , we move on big 

picture wise: now we know how each word matters to another, then what? maybe the big picture still.  
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So now we know the weights, we should use them to update meanings. Since only the last word’s 

(word3) perspective is used, so only last row’s weights matter here. 𝐴31, 𝐴32, 𝐴33. Then I would imagine 

to just multiply each weight by each word and add up! Something like: 𝐴31𝑊1 + 𝐴32𝑊2 + 𝐴33𝑊3. But 

no! That’s when the concept Value comes up, Value of a word! After some struggles, here is how I 

interpret value vs word, word’s vector representation is like being, the words’ being, as captured as 

what they are. But what do they do? V seems to be doing that, turning words’ being into some actions. 

The process of coming up with value is also linear mixture: 𝑋𝑊𝑉 = 𝑉. Now think about it, here is what 

happens so far: 

1. We linearly mix meaning components to make query 

2. We linearly mix meaning components to make key 

3. We linearly mix meaning components to make value. 

Does it make sense that: 

1) Query, key, value are all related to words?  

◼ I think so 

2) Their relationship is linear? 

◼ Not so much, because, that simple??? 

But I think it’s time to drill down into the meaning of Value. 
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Sort of make sense, but very confusing actually. A is the simple weight, 20% of w1, 30% w2, 50% w3, 

where is ‘who attend whom’? Ok I see, the way we calculate those weights, from word3’s perspective, is 

actually ‘word3 attends to….’, 𝐴31 is how much word3 should attend to word1, 𝐴32 is how much word3 

should attend to word2 , 𝐴33 is how much word3 should attend to word3, itself. Ok, so if that’s how 

much attention word 3 should be paying, then I don’t see anything wrong with weighted average of the 

original words, still! And what is number=SG? Hmm unless, ok, A is calculated not in meaning space, 

hence it should not be applied on meanings either? 

Maybe we should ask: what does V mean really? 
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So first we have words, decomposed into ‘meaning components’. Then we have Key as linear mixture of 

meaning components, Query as linear mixture of meaning components and Value as linear mixture of 

meaning components. How to understand this? The problem here is we don’t have very clear 

understanding about those meaning components, let alone Key, Query, Value components! It is not like 

a F=ma equation where we know exactly what F, m, a represents and what kind of relationship among 

them is here. In LLM I feel we are in the dark. But the problem is: you can’t be all in the dark without any 

clues, otherwise, how would you know to set up a linear mixing structure to produce K, Q, V, and they 

run 𝑄𝐾𝑇  and then do AV? I mean, if you do 𝑄𝐾𝑇  that means pretty much you understand one should be 

query one should be Key. And you set up 𝑋𝑊𝑄 = 𝑄, that means you pretty much understand why Q 

should be a linear mix of the words! I don’t need to see exactly why the parameter is 0.5 of this, 0.25 of 

that, but at least I need to see why this Key should be related to some meaning components!  

Again GPT’s answer is overwhelming and dodge my ask! I asked for a few examples where I can see how 

a words’ query is RELATED to its meaning components. Take the word ‘is’ as an example, its query 

vector should say that: 

1. It is present tense 

2. It needs a 3rd person 

3. It needs a singular subject on the left. 

Ok, so what kind of meaning components might produce this kind of Query then? Pronouness? Ok, so 

among the exemplar embedding GPT gave:  
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It should have a few boxes checked. But checking those boxes is mainly from perspective of what that 

token is. It is like a verb, it is a pronoun, it is singular, it is present tense…. so, we can pretty much see 

this is what Key should ‘advertise’ for.  

Then I got distracted into the meaning space: 
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Ok let’s talk about a word’s ‘embedding’, or, meaning space. When you look at the possible ‘axis’ 

(meaning components) such as: 

◼ Subjectness 

◼ Objectness 

◼ Verbness 

◼ Negatorness 

◼ Determinerness 
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◼ Noun-headness 

◼ Pronounness 

◼ Number_singular 

◼ Number plural 

◼ Past tense 

◼ Present-tense 

◼ Animacy 

◼ …..etc 

You see, they are not really about the meaning, they are more like ‘descriptor’ of a word. Some high 

level feature that generalize how a word is used, what it is, its tense etc. It’s almost like those word-

games where you can use various ways to describe a word rather than say it so that others can guess the 

word. Then I asked GPT to zoom into the first dimension, ‘subjectness’, I am curious as to how this can 

be a continuum. My understanding is it’s 1 or zero. I asked it to provide a list of words where I can see 

this number vary accordingly.  Let’s see how this measurement vary with words. (function???) I would 

expect nouns to fit this category, words other than noun should have zero scores. 

Take a look at GPT’s answer, while it’s expected that function words, adverbs, verbs etc will have score 

close to 0. But it’s interesting to see among different nouns, their scores are different. And all these 

scores are learnt, indirectly usage-frequency based. 

Also I kind of appreciate why GPT kept reminding me that those ‘axis’ are mixtures rather than pure axis. 

Take ‘subjectness’ and ‘objectness’ as an example, they are highly correlated. For those who have high 

subjectness score, they tend to have high objectness score. Take past-tense, present-tense for example, 

they should be almost always oppositely correlated, because if you are past tense you can hardly be 

present tense and vice versa. So it’s not easy to explain at this stage, the difference between ‘axis’ and 

‘mixture’. But in short, the meaning space is murkier than you think. It’s almost that, those basic 

components don’t correspond to ‘past-tense’, ‘present-tense’ directly, but rather correspond to some 

ingredients that make ‘past-tense’ and ‘present-tense’. Then it’s tempting to ask: what are those 

ingredients? The truth is, perhaps, no-one knows! 

Now can we have better understanding about the linear process of making query, key, value based on 

those meaning components? These need to be understood with the concept of ‘head’. 

So when we analyze a word’s query and key, it should be based from a certain matching-criteria. One 

could be based on ‘subject-verb agreement’, explained by GPT: when the verb forms its query, it should 

strongly look for a subject NP with matching number/person. What is ‘subject NP”? Ah, ok, so a verb will 

need a subject noun matching the number and person. ‘Kick’ is looking for someone plural, ‘kicks’ is 

looking for someone single. Another perspective is from ‘determiner-noun head head’??? (What???) the 

goal is to bind determiners to appropriate nouns, for example, word ‘a’ should follow a noun object 

single. Then comes the perspective of ‘negation linker’, “bind ‘not’ to its auxiliary/verb’. Then another 

aspect is, ‘pronoun-antecedent head’ with the goal to connect pronouns like ‘it’ to their antecedent 

noun phrases. Ok, so does it almost read like a connection type based on word? Or word type? 

For example, if it’s a verb, then it should be matched to a subject noun based on ‘agreement’, that is, 

the right plural form. If it’s a noun, it should be matched to a verb based on agreement too? Then are 
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they belonging to a same ‘head’? I think the same one. If it is an adjective? Then it should be matched to 

a verb agreement? That is, there must be a ‘is, are, were, etc’ in front? 

Ok I think the reason I am struggling understand this piece is, I know how to use daily English, but I am 

not really clear about the rules literally, I am not familiar with those names even. Like, I don’t even know 

what a ‘pronoun’ is, even though I can say ‘I don’t like it’. 

Then ask another question: 
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Hmm, so these heads almost read like the ‘occasions where words are binded’. Like adjectives can be 

connected to ‘degree intensifier’, like ‘very bad’. I like the summary given by GPT: 

 

So you can see these ‘heads’ are very ‘word-type specific’, like, noun-verb agreement only applies to 

noun and verb, if you are an adjective, this head has nothing to do with you! But the processes must go 

on, so what will happen? Almost 0 entries for this word? GPT kind of agrees with me, but with more 

details about the 3 knobs a token can be ignored. I want to hold off reading the details, but want to talk 

about our original question: now understanding a bit more about head, about key and query, does it 

make sense that key and query are linear mixture of meaning components? 

For example, if we are talking about how two words match from the angle of ‘noun-verbish’, then what 

meaning components should be picked? Nounness? Tense? Plural? Verbness? Hmm, there are mainly 

other components that don’t matter. So the linear mixture make sure the ‘relevant’ ones get 

considered? And non-relevant ones ignored? 

GPT confirms and offers some more information about more benefits, ie, this linear mixture can form 

new direction (combo) so a single number represents a combo of components like: noun phrase is 

subject like and 3rd person and singular’. Ah ok. Sort of get it. 

But I have a more urgent question: how to understand the value a word should pass if attended to? 

Why it’s also a linear mixture of the meaning components? Ok, it’s for tomorrow! 
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So my original expectation is the weight would be used upon the words, or, meaning directly. But it is 

not. It will be applied to a word’s “Value”. So how to understand a word’s value vs. its meaning? So GPT 

explains the value as “if I am the word you are looking for, what value am I going to send’? Then we 

should ask: why not just my meaning, why do I have to tweak the meaning to send something else? Now 

think about a concrete example, the word ‘orange’, its meaning components could have: it’s can be 

either a subject or an object,  it’s edible, it’s orange color, it’s round shape, it’s single, etc. So these 

meaning components pretty much refer to its ‘being’. 

1. The orange is tasty 

◼ If the word ‘tasty’ is asking for ‘orange’, then its tastiness, edibility should be picked up. 

2. He is peeling an orange 

◼ If the word ‘peeling’ is asking for ‘orange’, then it’s abjectness should be focused. 

Ok, but we are not passing different values based on different words. Its value is determined, the 

attention matrix make sure the right word gets the right value. Let’s see what GPT says. Based on what it 

said, sounds like this linear mixture to create value is to make sure the right ‘components’ get picked up 

for this head’s purpose. So it cannot be understood standalone, it needs to tie back to the meaning of a 

particular head. 
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“If someone picks me for this purpose, what should I send”. Hmm, where is ‘this purpose’ appear? Well, 

that’s per head! So if this head is for checking subject-verb agreement, then person, number, animacy 

components should be ‘kept’. Other components like ‘color, concreteness, polarity (?), should be 

downplayed. Sound like sort of ‘muting’, muting certain aspects while display others ‘appropriately’.  

Based on this explanation, I think value is very similar to Key then! So what’s the difference between 

them?  

Just have an idea while working on a treadmill (this is why diffused mode thinking is useful). 
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Why not think of the simplest case, like, back 10,000 years ago (or later, or before), when we first 

started talking, at that time the world is simple, the words should be simple. So in the simplest world, all 

we need is noun, verb, adjective, adverb. (ok I don’t even see a need for ‘adverb’ then, whatever!). 

In this tiny toy example, I just want to understand why we need to linearly mix the meaning components 

to make, Key, Query and Value. Particularly I was struggling with the difference between Key and Value, 

I thought ‘aren’t they the same thing’? 

The reason I got confused is, I only thought about the dimension, I did not think about the values. For 

example, if our world is small and we only distinguish words by noun, verb, adjectives, those are the 

three dimensions, so our word will be a vector of a size of 3. But then, under each dimension, the value 

should be varied so that it can help us pin-point the exact word. For example, under the noun 

dimension, 1 is for ‘ball’, 2 is for ‘stone’, 3 is for ‘tree’, 4 is for ‘river, etc…, under verb, 1 is for ‘kick’, 2 is 

for ‘run’, 3 is for ‘lie’, etc. So basically under each dimension, we should have enough richness to 

distinguish one noun from another, one verb from another. 

 

Now when we do the query analysis, we only care about if the ‘word’ type matches, not the exact state. 

For example, “kick’ is a verb, its query should be a noun, it does not need the value of ‘1’ for ball, or 

value of ‘2’ for stone. Etc. So it’s query should indicate a ‘noun’ is needed. Then for ‘ball’, from its key’s 

perspective, it is a noun, it does not need to specify which noun. Then from individual word’s 

perspective, if it’s picked, then what value they should pass on? Ball should pass a value of ‘1’, stone 

should pass a value of ‘2’, tree should pass a value of ‘3’. So I would think Key and Query are from more 

general perspective, while Value focuses on the actual state (value). But if that’s the case, then shouldn’t 

key and query have smaller dimensions than value? Ok, in this tiny example, it’s hard to see why Key and 

query should be multiple dimensions, actually one dimension, three states is enough! 1 – for noun, 2—

verb, 3—for adjective! But it does show one thing: why k, q should be a smaller space than the original 

word. But then we need to figure out why they are also multi-dimensional? 
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I am back at square 1! Why using a vector to represent a word? In my tiny toy case, where there only 

three types of words, noun, verb, adjectives, we can use three numbers to represent three type, why 

three vectors? I think we don’t just need the word type, but we also need a way to pinpoint the exact 

word. If you just 1, 2, 3 to represent three types, how can you represent different nouns under ‘noun’, 

different verb under ‘verb’. Ok. So, using number to represent different word type is a no go. 

Ok, so we need a way to represent each word, why not just numbers? Going alphabetically or not, we 

can just number the words 1, 2, 3, ….,50,000. Now each number can correspond to exactly one word, 

what’s the problem now? 

Then maybe we should go back to the previous attempt of categorizing words according to their types, 

why? What does this allow us to do? Well, this allow us to find match. For example, if it is a verb, we 

know we probably need a noun in front. Hmm. Ok, so words category allows us to match. That’s 

impossible with simply numbering words from 1 to 50,000! So the lessons now is: 

1) Naming words after each number accomplish the goal of pinpoint each word to a number, but it 

does not help us with matching words (this is based on the assumption that predicting words is 

based on matching words). 

2) Categorizing words after their ‘function type’ help us with matching words. Now the question is, 

how to represent the category using numbers? 

◼ First choice is again scalar, 1 for noun, 2 for verb, 3 for adjective. But then we are not able to 

pinpoint each word. 

◼ So the alternative would be a vector of 3 components, [x,0,0] representing a noun, [0, x, 0] 

representing a verb, [0, 0,x] representing an adjective. The ‘x’ there allows us to represent 

each different word under each category. 

Ok, so now we may have agreed that we need to represent a word as 3-dimensional vector, then under 

each dimension, an exact number will help us narrow down a word. Like this: 
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The vector structure allows us to do basic type-match, for example [x, 0, 0] is a noun, [0, x, 0] is a verb, 

the query analysis should generate a key of [1,0,0] to represent a ‘noun’, so that doing the dot product 

anything like [x,0,0] would match. So the vector structure allows us to do: 

1) Type match 

2) And keeping the state 

But then, our world gets complicated, we have ‘nuances’, good noun, bad noun, good verb, bad verb. I 

know there are, but just can’t think of any. So go to GPT for such examples, starting with noun: 

1. Frugality vs. Stinginess 

2. Confidence vs. Arrogance 

3. Curiosity vs. Nosiness 

4. Patriot vs. Nationalist 

5. Leader vs. Boss 

Great examples! 

Also here you go: 

1. Save vs. Hoard 

2. Guide vs. Control 

3. Persist vs. Cling 

And here are the adjective examples: 

1. Selective vs. Picky 

2. Direct vs. Blunt 

3. Skeptical vs. Cynical 

And another angle for such nuance is animal vs. human: 
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We can accept that word is represented as vectors, three matrices produce Q, K, V, 𝑄𝐾𝑇  is used to 

create the attention matrix A, A will be applied to V the create a ‘context-aware vector’ to be fed into 

‘feed-forward’ step. Even if we can memorize these steps, get familiar by carrying out the programming 

steps, that does not mean we really understand these. Especially the question that keeps bothering me 

is: what is the difference between Key and Value? Without going into the details, it’s hard to really 

understand, except memorizing the high level summary offered by GPT. So we have to gain deeper 

understanding into word’s representation. 

We have first reviewed the possibility of representing words using scalar, from 1 to 50,000. We know we 

can’t but the question is why. It does not mean in no situations should we represent words as scalar. It 

always depends on what you want to do with those words. If we want to summarize the frequency of 

each word occurring, then naming them after a scalar number. But we want to predict the next word. 

What’s the basis for such prediction? Based on word’s function: noun, verb, adjectives. That’s why not 

only we need to represent the words’ state, but also ‘type’. So 3 dimension vector is necessary so that 

we can 

◼ Know the word’s type so we can do the matching 

◼ Pinpoint the exact word. 

But then not all the nouns would match a verb and vice versa. We have so many ‘flavors’ for almost the 

same words.  We have good and bad: good nouns, bad nouns, good verbs, bad verbs, good adjectives, 

bad adjectives. So a good noun should be paired with a good adj or verb and vice versa.  

2025-11-22 

Possible flavors: 

1. Good/bad 

2. Concrete/abstract 

3. Animal/human 

Then 3 word types, each time a flavor will branch it into two, 3 layers later, we will have 24 different 

‘sub-types’: 
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Then under each sub-type, we number the word accordingly. Say we only have two flavors, good/bad 

and animal/human, then we will have 12 dimensions, as in the following picture! ‘songbird’ is a good, 

animal-related noun, so it’s under the third column, say ‘3’ represents it. The verb ‘sing’ could be a good 

animal verb, so it’s under column 8, say ‘20’ represents it. This way, each word is a 12-dimension vector, 

and each number seems ‘categorical’, their magnitudes do not bear further meanings, they serve merely 

as an ‘identifier’. Now think about type-matching. For songbird 

[ 3 ] 

Since it’s a good animal noun, Its query should require a good animal verb, hence the query should look 

like  

[ 1 ] 

Whether it’s 1 or 2 in there is not important, the key is to request something in the 8-th dimension, 

because that dimension represents a good animal verb. This way, a dot product can be carried out with 

the word ‘sing’ to do the match. 
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So this branching method makes the representation ‘heavy’, 2 flavors led to 12 dimensions, 3 led to 24 

and so on. Also, the categorization is very strict, there is nothing between good and bad, too binary, of 

course to represent more nuances, more dimensions are needed. So it’s not the best way to represent a 

word. 

Another option is to have the flavors as ‘components’, to be combined with noun-ness, adjectiveness 

and verbness to ‘form’ a word.  

Rather than have one dimension for good noun, one for bad noun, now good/bad, animal-human is like 

a little dial, that allow us to ‘modify’ a noun/verb/adj. for example, the difference between ‘feed’ and 

‘dine’ is one is for animal another for human. They are both neutral word, so ‘0’ for good/bad 

dimension, ‘-1’ for animacy, not a noun, not a adj, so both 0 there, and under verb-ness dimension, say 

‘5’ represents to the action of eating, so pick 5 there. Therefore ‘feed’ is represented by [0  -1  0 5 0]. 

Then for ‘dine’, it’s easier, the only difference is in the animal-human dimension, so should be 1 there, 

hence [0  1  0 5 0] represents ‘dine’.  

Similarly, frugal and stingy means the same thing except that one is positive another is negative. So for 

‘Stingy’, the first dimension would be -1, 1 for human, 0 for not a noun, 0 for not a verb, then say ‘101’ 

represents the property of being careful with money, so the stingy can be represented by [-1, 1, 0, 0, 

101]. For frugal, we only need to flip the sentiment [1, 1, 0, 0, 101]. 

So I hope these examples can make us feel better in terms of meaning components. It is as if we need to 

decompose a word into different meaning components. Then of course what’s the benefit of doing this? 

Dimension reduction is certainly one of them. Also it allows a continuous spectrum. When we hard label 

a word as good or bad, animal or human, we are making a binary decision, there are nothing in 

between. But for certain words, they are fluid, depending on the situation. This meaning components 
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manner allow a range of possibility. For example, I attach frugal to a hard ‘1’ because it is a positive 

word, but it could be ranked slightly less than that, say, 0.94. The word ‘sing’ can be used by either 

human or birds, so not necessarily a 1 or -1 score. The word ‘sponge’ is definitely not a life, but in a 

spongebob cartoon, it takes that human/animal character. So there could be another dimension like 

‘topic’, ie, science, fiction, cartoon, etc.  
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