Thisexercise usesthe LLM Token Prediction Explorer, acustominterface connectedtoalive language model
(TinyLlama-1.1B). You'll work through two modes — the Next-Token Predictor and the Full Sentence Predictor — to

see what's actually happening when alanguage model "writes."

Part 1: The Model Doesn't Pick a Word — It Produces a Distribution

Openthe Next-Token Predictor from the hamburger menu. Make sure theleftandright columns both have their
controls set to the defaults: Temperature 1.00, Top-K 50.

Inthe prompt field, type:
I The mostimportant thing about educationiis
Hit Predict - andlookattheresultsintheleft column.

You're seeing the model's top 10 candidates for the next word, ranked by probability. Notice that none ofthemis"the
answer." Themodelhasn'tdecided what comesnext —it's produced a spread of options with different weights.

Someare morelikelythanothers, butseveral ofthem would produce a reasonable sentence.

Write down: What are the top 3 candidates? How close are their probabilities? Could you argue that any of them is
the "right" next word?

Now tryadifferent prompt: The
I capital of Franceis

Compare thisdistribution to the first one. You should see a much more concentrated result — one candidate
dominates. The modelis more "certain" here, butit's the same mechanism: a distribution over candidates, nota

decision.

Takeaway: The model's actual output at each step is not a word. It's a probability distribution — a ranked list of
everything it could say, weighted by likelihood. The word that ends up in the text is selected from this distribution,

not generated by some deeper process of understanding.

Part 2: The Distribution Is Shapeable

Stayinthe Next-Token Predictor. Go backtothefirstprompt: The most
I important thing about education is

Now changetheleft columnto Temperature0.1andleavetheright columnatTemperature 1.0
Hit Predict -.



model, giventhe sameinput, produces a distribution that looks completely different depending on thisone

parameter.

Nowtrythereverse:settheleftcolumntoTemperature1.8 andtherightto0.1. Hit Predict - again. Athigh
temperature, thedistributionis nearly flat — the modelisalmost equally likely to say any of its top candidates. At low

temperature, it'slocked onto one.

The point is not that temperature is a useful parameter. The point is that the distribution you sawinPart1 —

theonethatfeltlikeitrepresentedthe model's"opinion" about what comes next

—isnotfixed. It'smalleable. Asingle number controlled by the system's designers reshapes what the model s likely
tosay. The model doesn't become smarter at low temperature or more creative at high temperature. The same
underlying weights produce the same raw scores.

Temperature just decides how sharply the system discriminates between them.

Now reset both columns to Temperature 1.0 and try adjusting Top-K. Set the left columnto Top-K 5 and the right to
Top-K 50. Hit Predict .

Top-Kworks differently — it doesn't reshape the distribution, it truncatesit. With Top-K 5, only the top 5 candidates
exist. Everything else is eliminated, no matter how reasonable it might have been. Thisisa hard cutoffimposed by the

designer.

Takeaway: The distributionisn'tjust a fact about the model — it's something that gets sculpted by parametersthat
someone chose. Temperature and Top-K are design decisions that determine which words surviveintothefinal

output. The user neverseesthese controls, buttheyshape every word the model produces.

Part 3: Chaining — One Distribution AfterAnother

Switch to the Full Sentence Predictor from the hamburger menu. Set Tokens to Generate to 15
Temperatureto 1.0,and Top-Kto 50

Inthe promptfield, type: A
I university should
Hit Generate - and watch the sentence appear word by word.

Eachwordis color-coded by confidence: darker, warmer colors mean the model was more confident; lighter, cooler
colorsmeanitwaslesssure. Look atthe Token Log below the generated text — it shows the probability of eachword

thatwasselected.

Notice the uneventerrain. Some words appear with high confidence (common function words like "the," "to,
"and"). Othersappear with much lower confidence — those are positions where the model could easily have gone a
differentdirection. The sentence reads as coherent prose, but the confidence coloringreveals thatthe model was

more uncertainatsome positionsthan others.



wholesentence.

Pickawordwherethe modelshowed low confidence (lighter color). Look atits alternatives. There maybe several
candidatesthatwere nearlyaslikelyasthe onethatwaschosen. The sentenceyou'rereadingisthe result of the

model having picked this word rather than that one at every step, and at many of those steps, the choice was close.

Takeaway: A generated sentence is a chain of selections from distributions. It looks like a single coherent output,
but it's built from a sequence of probabilistic choices, each of which could have gone differently. The coherent

surface is an effect of chaining, not evidence of a plan.

Part4: Branching — The Sentence Didn't Have to Be This

Stayinthe Full Sentence Predictor. Generate afresh sentence withthe same prompt: A university
I should

Thistime, findawordearlyinthesentence (the 2nd, 3rd, or4th generated word) where the model shows moderate-

to-low confidence. Clickon it to open the alternatives panel. Now click one of the alternative words

The tool will branch the sentence: it keeps everything up to the word you clicked, substitutes the alternative you
chose, and then generates the rest of the sentence forward from that new starting point. You'll see the original

sentence with the branch point marked, and a new sentence growing underneath it from the word you selected.

Read both sentences. They share acommon beginning but diverge — sometimes subtly, sometimes dramatically —
fromthe point where you made a different choice. The model didn't "want" tosay either of these things. Bothare
equallyvalid pathsthroughthetree of possible outputs. The onethat would have appearedinachatinterfaceis

whicheveronehappenedtoget sampled first.

Try thisseveral times. Branch from different positions. Branch early and watch the sentences diverge widely.
Branch lateand notice they may stay more similar. Try branching from a high-confidence word where one
candidate dominated — the branch might not change much because the model reconverges on similar territory.

Then branch from alow-confidence position and watch the output shift dramatically.

Ifyouwanttopushthisfurther,lowerthetemperatureto0.2 andgenerateagain. The sentence willbe more
predictableandthe color-coding will be uniformly high-confidence. Branching here produces less divergence
because thedistributionsare so concentrated. Now raise it to 1.5 and generate again. More color variation, more
viable alternatives at each step, and more dramatic branching. The "tree" of possible sentencesis widerat high

temperatureand narroweratlow temperature —butit'salwaysatree, neverasingleinevitableline.



sentence unfold. Nothingaboutthe model's architecture producesasingleintended output. It produces afield of

possibilities, and the text you seeis the result of a series of selections that could have gone otherwise.

Connecting the Two Modes

The Next-Token Predictor and the Full Sentence Predictor show the same mechanism attwo differentscales:

The Next-Token Predictor isolates a single moment — one position in the text, one distribution of candidates. It lets you
see that the model doesn't have "an answer," it has a spread of possibilities. And it lets you see that this spread is
shaped by parameters that someone chose.

TheFullSentence Predictor shows whathappenswhenyouchainthose momentstogether:you gettextthatreads
ascoherentprose, butisbuiltfromasequence of contingentselections. The branchinglets you go back and re-make
those selections, revealing that the sentence didn't have to be this sentence.

The gap between these two views — between the messy, probabilistic, shapeable process and the clean prose that
comesouttheotherend —isexactlythe gapthatcommercial Alinterfaces hide. Whenyouinteract with ChatGPT or
Claude, you see the clean prose. You don't see the distributions, the alternatives, the parameters, or the
contingency. Theinterface presentsthe outputasifthe modelcomposeditwithintention. Whatyou've seeninthis

exerciseisthe machinery underneath: weighted uncertainty, selection, and design decisions at every stage.



