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~1 Learning Dynamics of LLM Finetuning

5. The Squeezing Effect

1. Motivation and MNIST Example 3. SFT: Intuition and y,, Selection

* Most ML theory assumes random model trained to convergence * The response space 1S huge, SO jUSt observe some typical ones: e Based on SFT’ |earning dynamics of DPO is: .
we usually FT LLMs from a pretrained model for few updates rompt: x, imilarity to y, (hypothetical sketch) 4 - |
But, y D D P " Valid fe:dback thInvZIid feey:batck t Ungratmmatical - [Cﬂt(XO)]mz[%t()(o’)(;)g]gpo+]m,l - z[‘?{:t(xo’ Xl:)g]gPO—]m;l E
. . O : : > = = :
SO, let’s analyze learning dynamics for each update! L. Chosen response y;; 7 s emantes - - i /I\
1.1 GPT rephrase chosen, ; @, i M
preserving semantics yg,'pts . a Yrnd :
1.2 GPT rephrase chosen, .J’,J-;i h h . . d . ? };* y— + >
T . y s Py reserving format y_- ®
* Definition: intuition, decomposition, and MNIST example s el e Y What does this negative gradient do: u Yu
2.1 GPT rephrase rejected, 'y* . . . B . —_
. reserving semantics Yopts e Yhum | Addln b’ ne atlve I‘adlent oran alread unIIkEI
After learning x,,, how does il . ¢ R thingsj;vappen P Y Vu
e o reserving format y, ¢ i .
the model’s prediction on x, change? e T e " |
. Irrelavent rrom train se yjii E :
4. Random sentence by GPT y, .., o ° The SqueeZ|ng effect*
t _ t t t Edit distance | |
A log T[ (xO) - _nc/q (xO):]C ('xOl xU)g (xul yu) 5. Randompermutedchoseny;;ld | |
o > Almost ALL dimensions (global) ' & » 2-gram example:
V,logmge = 11T — | 2 T ™ | _ . » Except argmax (consistant) T more precise explanation
R » Given question X, oury is:
e ater Identical ) ~10
¥ e ) 1-2: Valid 3-4: Invalid P(y: = 0) = S
(Y%, = Y) . . Yu 10 1 @10 1 ...
y 6 (Answering Xu) (Still grammatical) € e really feel interested in this
°21 ﬂ'rt’-]t(xu) T
R N
JFu
ier B O S A (y,y) (4. (0.9
N | n(ylx, = 9) 0o . 4 .9 -,
o .+ |Learnm(y4|x4) increase m(y4|xo)

6. DPO: Results and Discussion

2. Decomposition of LLM finetuning 4. SFT: Result Discussion

* LLM are usually auto-regressive, i.e.: e Result 1/2: model’s behavior supports our analysis well

e Result 3: even with smaller learning rate, DPO decays even unrelated
responses much faster than SFT does (because of the squeezing effect)

Lspr £ —logz = —logmy(y|x) = —z log g (1%, y<1)

e Result 4: as suggested by squeezing effect, the probability mass is all

* Result 3: [x,,: yi.:], answering question i using response to j,
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