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1. Introduction

@ LLMs ngay cang I6n = inference cost tang, memory ting.
e Knowledge Distillation (KD) [1] gitip nén mé hinh:

Teacher large — Student smaller

Teacher Model
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Mb& hinh sinh chudi tu hdi quy

M® hinh sinh chudi tu hdi quy (Auto-regressive Generative Sequence Models)
o Goi x | diu vao, y 1a chui dau ra; yepi1 = (v1,..., ¥n)-

e Mbt policy tu hdi quy cip token:

p(- | y<n,x) € (0,1)

cho phan phbi xac sut token tiép theo trén toan bd tir vung M.
o Viét gon y ~ p(- | x) d& chi chudi y dugc sample tir model véi ddu vao x, va

P(Yn | x) := p(¥Yn | y<n,X).

X4c sult cha token thd n:
exp(zn/7)

pyn | x) = SV exp(zi/7)

trong d6 z, la logit clia token y,.
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KD cho Autoregressive Language Models (classic)

Muc tiéu: 1am cho phan phdi cha student giéng teacher bing cich minimize divergence D
gitta teacher p(y | x) va student gy(y | x); ta dung KL [2]:

o KL trén phan phbi cau:

Dxr(p, g9) = ExEyp(.x) [|Og M]

oy | x)
o X&p xi bang trung binh trén dataset D:

Dk (p, qp) ~ ul)‘ > P Iog%
(x.y)eD

o Tach thanh téng theo tirng token:

Db i) = 7 30 X 3 bl yeen)log B

x€Dx t yieV qo(ye | y<e, x)
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KL-Based Divergences

Reverse KL (KL ngudgc)

e Forward KL: Dk (P || Q) =Y. P(c)log 88

o Reverse KL hodn dbi vai trd cia P va Q:

D@1 P) =3 Q(e) log -

Jensen—Shannon divergence (JSD co ban)
o Dit phan phbi trung gian: M = %(P + Q).
@ JSD dinh nghia:
Dys(P || Q) = 3Dk(P || M) + 5D (Q || M).
@ JSD Iudn hitu han va dbi xting, khac véi KL.
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Khé khan

@ Khé khan khi distillation cho auto-regressive LMs:

o Distribution mismatch giita training data va student inference (Exposure Bias).
o Model Capacity Mismatch va Structural incompatibility giita teacher va student.

Time Stamp #1 Time Stamp #2 Time Stamp #3

Decoder-only model Decoder-only model Decoder-only model

| am a boy ‘

Model Output
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Y tudng: Khi train (teacher forcing), model ludn nhin token ding & buéc trudc. Khi suy luén,
model phai diing token do chinh né sinh ra = chi mét 18i nhd & sém s& lam c3 phan phdi vé

sau léch han.

Training (teacher forcing)

[Con} [méo} [ngbi} (eren|

Ptrain (yr | Y<t = chudi dl'mg)
Inference (student tu sinh)

trén ghé

(e oy B B

3,

(¢}

)

Pinf(yt | yer = chudi student)
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Tai training: model /uén thiy
“Con méo ngbi trén ghé&”
Tai inference: chi cAn mbt 15i

“ngl” thay vi “ngdi”
lam to?n bd context vé sau
léch han.
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Model capacity mismatch va Structural incompatibility

Model capacity mismatch: Teacher model phiic tap, nhiéu modes, patterns, behaviours hon
kha ning biéu dién clia student model.

e Forward KL: KL(p||q) = E, [Iog g} = mode covering/averaging, gradient explodes when
qg—0.

o Reverse KL: KL(q||p) = mode seeking/collapse. Student d& bam vao vai mode I6n clia
teacher va bd qua mode nhd.

—— Target Distribution [/ \

~ =~ Forward KLD 1

—=—- Reverse KLD (ours) ,’
[}

0.4 1

0.2

0.0 1

0.0 2.5 5.0 7.5 10.0 125

Structural incompatibility: V3n d& cross-tokenizer, khac kién trac, sé chiu biéu di&n.
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Distillation Topics for LLMs
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model compression sang

@ Trong tdm ciia KD cho LLM khéng con chi 13 nén mé hinh, m3 13 trich xuit va chuyén giao
tri thirc hitu dung tir teacher sang student.

@ Diéu nay dic biét quan trong khi teacher 13 mé hinh déc quyén / black-box.

@ Vi viy, field chuyén din sang céc tin hiéu gidu ngif nghia hon: generated outputs, reasoning
traces, preference signals.

‘A R

Vi du tiéu biéu

On-Policy Distillation of Language Models: Learning from Self-Generated Mistakes — Rishabh Agarwal, Nino Vieillard,
Yongchao Zhou, Piotr Stanczyk, Sabela Ramos, Matthieu Geist, Olivier Bachem [3]

Zephyr: Direct Distillation of LM Alignment — Lewis Tunstall, Edward Beeching, Nathan Lambert, Nazneen Rajani,
Kashif Rasul, Younes Belkada, Shengyi Huang, Leandro von Werra, Clémentine Fourrier, Nathan Habib, Nathan Sarrazin,
Omar Sanseviero, Alexander M. Rush, Thomas Wolf [10]
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Topic 1: response-based ods tré thanh dong chinh

@ Trong LLM distillation, ba nhanh chi phéi 13 logit distillation, sequence distillation, v
preference distillation.

@ Diém chung cla chiing |3 déu bam vio hanh vi sinh dau ra, thay vi phu thuéc manh vao biéu
dién trung gian.

@ N&i cich khac, nghién cttu KD cho LLM hién nay chli yéu héi: student nén b3t chudc teacher &
mtic output nhu thé nao?

Vi du tiéu bidu

GKD - On-Policy Distillation of Language Models: Learning from Self-Generated Mistakes [3]

Distilling Step-by-Step! Outperforming Larger Language Models with Less Training Data and Smaller Model Sizes —
Cheng-Yu Hsieh, Chun-Liang Li, Chih-Kuan Yeh, Hootan Nakhost, Yasuhisa Fujii, Alexander Ratner, Ranjay Krishna,
Chen-Yu Lee, Tomas Pfister [8]

Direct Preference Optimization: Your Language Model is Secretly a Reward Model — Rafael Rafailov, Archit Sharma,
Eric Mitchell, Stefano Ermon, Christopher D. Manning, Chelsea Finn [9]
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Topic 2: tu chun sang objective thich nghi hon

@ Logit KD khdng con diing & forward KL.

@ Xu huéng rd rét la chuyén sang cac objective: interpolation giita forward / reverse KL, skew /
adaptive divergence, contrastive / asymmetric objectives.

@ Muc tiéu la xtr ly tét hon chénh l&ch ndng luc gilra teacher va student.

-
Vi du tiéu biéu

On-Policy Distillation of Language Models: Learning from Self-Generated Mistakes — Rishabh Agarwal, Nino Vieillard,
Yongchao Zhou, Piotr Stanczyk, Sabela Ramos, Matthieu Geist, Olivier Bachem [3]

DistiLLM: Towards Streamlined Distillation for Large Language Models — Jongwoo Ko, Sungnyun Kim, Tianyi Chen,
Se-Young Yun [5]

DistiLLM-2: A Contrastive Approach Boosts the Distillation of LLMs — Jongwoo Ko, Tianyi Chen, Sungnyun Kim,
Tianyu Ding, Luming Liang, llya Zharkov, Se-Young Yun [6]
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Topic 3: tir static prefixes sang student-aware co

@ Mot hudng phat trién 16n 13 giam train—inference mismatch.
@ Thay vi ludn huin luyén trén prefix cb dinh, student dan dugc hoc trén:

o chinh chudi do né tu sinh,
e hodc cic ngit canh trén teacher—student.

@ Vi véy, on-policy, mixed-context, va adaptive switching dang tré thanh mét truc phat trién quan
trong.

Vi du tiéu biéu

On-Policy Distillation of Language Models: Learning from Self-Generated Mistakes — Rishabh Agarwal, Nino Vieillard,
Yongchao Zhou, Piotr Stanczyk, Sabela Ramos, Matthieu Geist, Olivier Bachem [3]

Speculative Knowledge Distillation: Bridging the Teacher-Student Gap Through Interleaved Sampling — Wenda Xu,
Rujun Han, Zifeng Wang, Long T. Le, Dhruv Madeka, Lei Li, William Yang Wang, Rishabh Agarwal, Chen-Yu Lee, Tomas
Pfister [4]

DistiLLM: Towards Streamlined Distillation for Large Language Models — Jongwoo Ko, Sungnyun Kim, Tianyi Chen,
Se-Young Yun [5]
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Topic 4: sequence distillation nén reasoning-aware

@ Sequence distillation khéng con chi hoc dap an cubi ciing.

@ Xu hudng méi l1a distill cd qua trinh suy ludn, nhu rationale, chain-of-thought, hodc gidi thich
theo tung budc.

@ Diéu ndy cho thiy field dang chuyén tur

imitate outputs — imitate reasoning process.

Vi du tiéu bidu

Distilling Step-by-Step! Outperforming Larger Language Models with Less Training Data and Smaller Model Sizes —
Cheng-Yu Hsieh, Chun-Liang Li, Chih-Kuan Yeh, Hootan Nakhost, Yasuhisa Fujii, Alexander Ratner, Ranjay Krishna,
Chen-Yu Lee, Tomas Pfister [8]

Speculative Knowledge Distillation: Bridging the Teacher-Student Gap Through Interleaved Sampling — Wenda Xu,
Rujun Han, Zifeng Wang, Long T. Le, Dhruv Madeka, Lei Li, William Yang Wang, Rishabh Agarwal, Chen-Yu Lee, Tomas
Pfister [4]
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Topic 5: preference distillation don gian héa alignment pipeline

@ Preference distillation dang dich chuyén tur pipeline kiéu RLHF nhiéu budc sang cac objective
truc tiép va gon hon.

@ Diém nhin 13 bd reward model trung gian, t8i uu truc tiép tir preference pairs, va tan dung Al
feedback / black-box teacher hiéu qua hon.

Vi du tiéu bidu

Direct Preference Optimization: Your Language Model is Secretly a Reward Model — Rafael Rafailov, Archit Sharma,
Eric Mitchell, Stefano Ermon, Christopher D. Manning, Chelsea Finn [9]

Zephyr: Direct Distillation of LM Alignment — Lewis Tunstall, Edward Beeching, Nathan Lambert, Nazneen Rajani,
Kashif Rasul, Younes Belkada, Shengyi Huang, Leandro von Werra, Clémentine Fourrier, Nathan Habib, Nathan Sarrazin,
Omar Sanseviero, Alexander M. Rush, Thomas Wolf [10]
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Topic 6: structural compatibility t

@ Community b3t ddu xem compatibility giifa teacher va student 13 vin dé trung tdm, khdng chi
la chi tiét ky thu4t.

o Dic biét, cross-tokenizer distillation ndi 1&n nhu mét frontier riéng: can bridge giita hai output
spaces trudc khi méi cé thé distill.

@ Day I3 xu huéng rht thuc t& vi nhiéu teacher—student pairs hién nay khdng con dung cling
tokenizer.

Vi du tiéu bidu

Dual-Space Knowledge Distillation for Large Language Models — Songming Zhang, Xue Zhang, Zengkui Sun, Yufeng
Chen, Jinan Xu [11]

SRA: Span Representation Alignment for Large Language Model Distillation — Quoc Phong Dao, Hoang Son Nguyen,
Pham Khanh Chi, Tung Nguyen, Linh Ngo Van, Diep Thi-Ngoc Nguyen, Trung Le [14]
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Topic 7: Xu huéng phu nhung dang chi y: supervision vugt ra ngoai logits

cuol

@ Du feature-based methods khdng phai dong chinh trong LLM KD, gan day di c6 xu hudng quay
lai khai thic dong hoc biéu dieén theo layer.

@ Y tudng khéng chi I3 match output cubi, ma con match trajectory va delta ciia feature qua céc
tang.

Vi du tiéu bidu

Beyond Logits: Aligning Feature Dynamics for Effective Knowledge Distillation — Guogiang Gong, Jiaxing Wang, Jin
Xu, Deping Xiang, Zicheng Zhang, Leqi Shen, Yifeng Zhang, Junhua Shu, Zhaolong Xing, Zhen Chen, Pengzhang Liu, Ke
Zhang [7] MTA: Multi-Granular Trajectory Alignment for Large Language Model Distillation — Pham Khanh Chi, Quoc

Phong Dao, Thuat Nguyen, Linh Ngo Van, Trung Le, Thanh Nguyen [15]
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Paper spotlight: GKD

On-Policy Distillation of Language Models:
Learning from Self-Generated Mistakes

Rishabh Agarwal, Nino Vieillard, Yongchao Zhou, Piotr Stanczyk,
Sabela Ramos, Matthieu Geist, Olivier Bachem

&
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2. On-policy Knowledge Distillation

On-policy KD
o Student tu sinh output sequence y ~ p&(- | x).

@ Teacher cho feedback token-level trén chudi dé (logits / probabilities), gitp gidm
mismatch.

e Khong backprop qua qud trinh sampling cta student = training 8n dinh va ré hon.

Generalized KD (GKD)
@ GKD trén hai loai dit liéu:
o dif liéu cb dinh (X, Y),
o dit liéu on-policy do student sinh ra.

o Hé sb \ € [0,1] didu khién ty & dit liéu on-policy trong loss t&ng.
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Loss on-policy KD va GKD

Loss on-policy KD
e Véi input x va student policy p2(y | x):

L00(0) = Exx [Eypsx) [Dre (PT(- | v<n ) | P5(- | y<nsx))]]-
Loss Generalized KD (GKD)

Lekp(0) = (1= N Exyymix,v) [D(p7 || P2) (v | X)] + AExex [Eywpg(.|x) [D(pr || P§) (v | X)]]-
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Algorithm 1: Generalized KD (GKD)

Algorithm 1 Generalized Knowledge Distillation

1: Given: Teacher pr, Student pg, dataset (X, Y)

2: Hyperparams: student fraction A € [0, 1], divergence D, Ir n
3: for k=1,... ,Kdo

4: Sample u ~ Uniform(0, 1)

5: if u < A then
6: Liy x tir X, sinh y ~ pl(- | x), duoc batch B
7: else
8: L4y batch (x,y) tir (X, Y), dugc batch B
9: end if
10: Cip nhat 6: )
0 0-ng > VeD(pr | p§)(y | x)
(x,y)eB

11: end for
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Két hop RL Fine-tuning va On-policy GKD

Y tuéng:
@ Distillation chi cung cép mot proxy cho muc tiéu thuc su.

@ N&u muc tiéu chinh 13 mét reward khéng kha vi, ta c6 thé két hop truc tiép RL véi on-policy GKD.

Objective két hop RL + GKD:

Exox (1= 0) By g 0] = @ Bypaig[D(pr Il o)y | %)] ]

@ o = 1: chi distillation.

@ « < 1: t&i uu reward nhung vAn giit policy gan teacher.
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Paper spotlight: Speculative KD

Speculative Knowledge Distillation:
Bridging the Teacher-Student Gap Through Interleaved Sampling

Wenda Xu, Rujun Han, Zifeng Wang, Long T. Le, Dhruv Madeka,
Lei Li, William Yang Wang, Rishabh Agarwal, Chen-Yu Lee, Tomas Pfister

[4]
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3. Speculative Knowledge Distillation

@ On-Policy KD gitip gidm mismatch nhung c6 thé tao ra m3u chit lugng thip, OOD déi
véi teacher.

@ Supervised KD thi cht luong training tét hon nhung student khéng hoc cach stra 18i clia
chinh né.

o SKD duoc thiét k& dé can bang giifa hai cuc nay théng qua interleaved sampling.
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Speculative Knowledge Distillation (SKD)

Y tudng chinh: Interleaved Sampling

@ Student M, dé xult token ting vién theo on-policy:
yi~ Ms(- | y<iy %)

@ Teacher M, dénh gi4 song song cic token nay va chi chdp nhan token n3m trong top-K clia M;;
cac token con lai dugc thay bang token do teacher resample.

Cap nhat student
@ Sau budc speculative sampling, ta cé chudi interleaved (student + teacher).

@ Tinh lai phan phdi teacher va student trén chudi ndy, rdi tdi uu loss

DM || Ms)(y | x).

Presenter: Ngb Van Linh LLM Distillation 26 /85



SKD: minh hoa

Bob ate two apples yesterday and ate one apple today.
How many apples did he eat? Think step by step.

SKD degenerates to Supervised KD when the teacher
rejects all tokens proposed by the student

teacher * teacher teacher
| On-Policy KD: 2-1=2 | P1 / [ P2 , [ P3
(T N \ \
i A \
| SKD (ours): 2+1=3 | ;otopst P\ topt {
top-2 top-2 I
" T~ ;o PL oL P2 i
Speculative Knowledge Distillation (SKD) TopK | ! TopK ! {
* teacher . 40\ / /
* student * student 4 student
[(ot A a2 [ as 4
T N T
: | : :
2 Dotopt |1 topt | { SKD degenerates to On-policy KD when the teacher
g | top-2 i | @ p-2 i i accepts all tokens proposed by the student
1 | h
< 1 [ I | 0
} | teacher leacher teacher
8 RN RN : + + +
@ t ' R | [ VT VT \
2 ) ro L&) ! | otopt 11 topd | 1 topd
§ | TopK ! TopK | 1 TopK | l top2 1 | tp2 | | top2 |
o i1 T 5 0 I a1 @ | | Q@ |
\ P < ) /'»TQPK :ﬁwnk :KTwK i
i\ J /
student student 4 student student * student * student * student * student
2 , -4 1] =] 24 (o1 J[ @2 J[ @3,
A\,
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Paper spotlight: DistiLLM

DistiLLM: Towards Streamlined Distillation
for Large Language Models

Jongwoo Ko, Sungnyun Kim, Tianyi Chen, Se-Young Yun
[5]
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4. DistiLLM

Motivation
e KD cho LLM g3p 2 vAn d& I6n:

@ KLD bt dbi xting = gradient explosion / optimization instability.
@ SGO-based KD c6 cac han ché vé nhiéu va chi phi.

@ DistiLLM dé& xult:

o Skew-KLD (&n dinh téi uu),
o Adaptive Off-Policy SGO (hiéu qua hon vé toc d6 va sample efficiency).
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Method: Skew KLD

Definitions
Dxl (p.q) = Dku(p || ap + (1 —a)q),  Dixki(p.q) = Dku(a]| (1 — a)p + aq).
Stability key: Néu g(y|x) — 0 khi p(y|x) > 0,

p

1
ap+(1—a)g ~ a

rpvma (yIX) =

K

nén trén hai phan phbi gitp trdnh hién tuong gradient explosion clia KLD théng thudng.
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Adaptive SGO Scheduler

Y tudng chinh:
@ Diing mAu on-policy (SGO) véi xac sult ¢, dif lidu cb dinh véi xdc subt 1 — ¢.
@ Khéng giit ¢ cao cb dinh; scheduler bt diu thip rdi ting dan.

Ly do:
@ ¢ thip ban dau gitip student khéng bi ngap trong nhidu do SGO.

@ Khi mé hinh 8n dinh hon, ting ¢ dé gidm train—inference mismatch.
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Off-policy SGO for Sample Efficiency

Muc tiéu: ting sample efficiency bing chién lugc off-policy dua trén replay buffer.
@ Replay buffer Dg luu cdc mau SGO tir student.
@ Khi huln luyén, rat m3u ngiu nhién tir buffer dé training.

@ Xac suit diung mAu cii gidm dan theo:
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Paper spotlight: DistiLLM-2

DistiLLM-2: A Contrastive Approach
Boosts the Distillation of LLMs

Jongwoo Ko, Tianyi Chen, Sungnyun Kim, Tianyu Ding,
Luming Liang, llya Zharkov, Se-Young Yun

[o]
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5. DistiLLM-2

Tu géc do loss

@ KL divergence khéng nim b3t di hanh vi sinh m3u phifc tap cla teacher.

@ Nhiéu loss thay thé dugc dé xubt: Skew KL, contrastive hodc asymmetric loss.
T goc do dix liéu

@ Chi dua vao TGOs gdy mismatch training—inference.

@ Mét sb hudng diing SGOs dé€ gidm mismatch nhung chua khai thic di su cdng hudng giifa loss va
ki€u dit liéu.
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Phuong phap: Tiép cin tuong phan

oY tudng cua DPO [9]: t6i da héa khoang céch giita preferred responses va dispreferred responses.

e DPO &p dung truc tiép cho KD (DPKD) thay md hinh tham chiéu bing teacher p, nhung dé&
phat qud manh SGOs.

_ Golyelx) _ G0 (¥s1x)
'°g0<A['°g el 198 50,1 D
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VAn dé cia DPKD trén SGO

D&i véi cac SGO, teacher gan nhu khéng gan xéac subt:

p(ys | x) ~ 0= Iog‘z;’((yslx)) rbt 16n

@ Phat qud manh gy(ys | x) = degenerate outputs / reward hacking.

@ D& [am mb hinh quén kién thic tién huin luyén hitu ich.

(b) LLM Experimental Results

E= teacher [E=3 student

—log gg(x) (NLL)

KL RKL ___SKL ___SRKL _CALD DPKD
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Contrastive Approach for LLM Distillation

Giai phap dé xubt: xay dung ham loss méi Lcarp, két hop giita:

SKL cho phan hdi tir teacher (y;),

@ SRKL cho phan hdi tir student (ys).
Leap = (1 — B)SKL(p || go; ) + BSRKL(qs || p; cvs)

@ SKL trén TGOs: kéo xac sult student 1&n & viing teacher manh.

SRKL trén SGOs: dy xé4c subt student xubng & tail clia teacher.
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Curriculum cho oo va

Muc tiéu:
@ Curriculum cho hé sé o trong SKL/SRKL.
@ Ting dan hé sb cia SRKL ().
Truc giac:
@ M3u d& = dung a nhé.
@ M3u khé = dung a 16n.

@ Giai doan dau tap trung hoc teacher behavior (SKL), giai doan sau ting phan hdi tir SGOs
(SRKL).
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Paper spotlight: Beyond Logits / FDD

Beyond Logits: Aligning Feature Dynamics
for Effective Knowledge Distillation

Guogiang Gong, Jiaxing Wang, Jin Xu, Deping Xiang, Zicheng Zhang,
Leqi Shen, Yifeng Zhang, Junhua Shu, Zhaolong Xing, Zhen Chen,
Pengzhang Liu, Ke Zhang

[7]
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6. Aligning Feature Dynamics for Effective Knowledge Distillation

Roi rac hod theo layer dé€ khdp quy dao giifa teacher v3 student:

e 1 YA v U || 7 )
ﬁKBJ:mZZDKL(e' g ‘e' 'f)- (1)
j=1 i=1
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FDD: Discrete Layer-delta Derivative Loss

L35 = 7 ZZDCOS( Tun [ a769)), (2)

vGi
AT () =y ) =y (] ). 3)
BF(I) = yEUF) = vE U ). 4)
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Overall FDD Objective

Eoverall = EKD + OZ»CTraJ + ,B;CDer

@ Lkp: loss trén logits cudi.
T ~ .
o L;3: loss cho quy dao layer-wise.

LDe' loss cho dao ham / layer-delta.

Presenter: Ngd Van Linh LLM Distillation



Paper spotlight: MTA

MTA: Multi-Granular Trajectory Alignment
for Large Language Model Distillation

Pham Khanh Chi, Quoc Phong Dao, Thuat Nguyen,
Linh Ngo Van, Trung Le, Thanh Nguyen

[15]
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7. MTA: déng luc

Han ché clia cac phuang phap hién tai

o Da sb align tai layer cb dinh hojc chi & mic token output, bd qua cich biéu didn tién
héa theo dé sau.

e FDD d3 distill feature dynamics nhung dung ciing mét objective cho moi layer dugc
chon, khdong ma héa chu tric ngdn ngit phu thuéc dé siu.
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Quan sat nén tang

@ Ngbn ngif c6 cAu tric phan clp: tir vung hop
thanh cum tu, cum tr hgp thanh ngli nghia cap
cao.

@ Nghién citu interpretability: tAng thAp m3 héa dic
trung bé mat va tlr vung, tang cao ma hda ngir
nghia triru tugng.

Két luan: biéu di&n tao thanh mot hierarchical
representational trajectory, nén ap mot luat align
déng nhat cho moi layer 13 dudi téi uu.

Figure 1: The correspondence between linguistic
compositionality and the layer-wise evolution of
representations in large language models.
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Layer-Adaptive Multi-Granular Spans

Chién lugc phén tang
@ Téng thip: gom token thanh Word Spans, tiic gbp cic sub-word cia ciing mét ti, dé giit nén tang tir vung.
@ Tang cao: diing Phrase Spans 13 Noun Phrase va Verb Phrase, trich bing spaCy, dé nim ngit nghia t8 hop.

usgrm Lny-r:

{’m Elwwl [took] | [the]| [truck] // ’ y / [ QMLM—LISJ t [over] | [took] | [the]| [truck]
P L \ i

LDSA—phrase s .

N

;’ LowerLayers } — J— I 777777777777777777777
EERRRE) N eae——

mw sy “ﬁw:’ | o s
{ Tell:ner ) \ / \ ) / ( Stu:‘h«t J

T—{ The red car overtook the truck } T
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Token Weight va Span Representation
Vin dé: attention gbc clia LLM I3 causal nén thién vi token dimg sém, vi chiing don gian 13 duoc
nhiéu vi tri sau nhin thay hon.

Giai phap: tinh lai trong s& bing self-attention hai chidu, c6 mask dudng chéo d& loai self-loop.
@ Chuin héa hidden state tai tang I l:lt)/ = H;, 1/ o(H:,)
Q@ Tinh diém tuong déng theo cdp, kém mask:

Flsafle, M M, . =
\/a s,t» s,t

s—t,] —

0o néus=thoicteP

@ Softmax rdi liy trung binh attention ma token t nhdn duoc:

N
1
Wt | = N Z Ns—t,l, Qs = softmax, (Ss%t,l)
s=1
@ Gop token thanh span bing trung binh c6 trong sb:

Dtes, WeiH
teS, NN
Uk’/ =

ZtESk We,1
Presenter: Ngd Van Linh
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Dynamic Structural Alignment Loss

Lpsa =
[ Lsey |1 Lkey [ Z

1€ Lk,
Ns’J NS’J 5
(N T T
Lpsa = Z Z Wio() (d(U' 1 U = d(Uly Uj,¢(/)))
i=1 j=i+1

@ d(-,-) 1a cosine distance, ¢(-) la ham anh xa layer student sang layer teacher.

@ Trong sb cip span W;f’¢() W 4)() uu tién cic span ndi bat v& ngit nghia.

Wi ¢

@ Loss ndy rang budc quan hé hinh hoc trong tirng layer va cich quan hé dé bién d8i theo dé sau.
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Dynamic Structural Alignment Loss: Minh hoa

Highaf Layers

{m t fover] | [took] | [the]| (truck] } ‘3 ’/

Losa-word >
= N\

i‘\imu.mm Elmmmml \ / Qp_m . Qmmw

 Lower | Layers } o P aner Layers I N

| f""l-‘\EL

mw < | ‘%ﬁ

[ Tellner \\ / \ ; [ smz-m

- ]

T } The red car overtook the truck }

Hinh: Dynamic Structural Alignment (LDSA) Véi mon tang dugc chon, ta tinh ma tran khoang cach cosine giira
cac span clia teacher va clia student, rdi budc hai cAu triic quan hé nay tring nhau. Tang th4p diing word span,

tang cao dung phrase span, nhd dé6 student hoc lai dugc quy dao biéu didn cla teacher theo dd sau.
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Hidden Representation Alignment va Overall Loss

Chiéu student sang khéng gian teacher: l:lg, = HE,W,,

2
sau dO A7 Vidden Representation |

Dj . ﬁcnemws Alignment Lz
(Hp) H)

E Hid = WTI 1 — 4 m Hidden ion Alignment Ly ;“‘i""
id — § § t,
1H211211H |12

weight
/ELkey teM, Dj . Qj m . . ’ . . ji
Student LLMs

Projector

vdi M, la tép token n??\m trong cac span dugc trich tai et
tang /, va W , la trong sb token |4y tir teacher.

. R Student khép biéu dién ctia teacher qua mét
MTA la mét plug—m module: projector tuyén tinh, diing cosine distance c6 trong
s theo d6 quan trong cla token tai cac tf\ng ducc

Lotal = LBase + ApsaLlpsa + AHid LHid chon

trong d6 Lpase 6 thé 13 DistiLLM, DistiLLM-2 hodc
FDD.
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Paper spotlight: TSD-KD

Explain in Your Own Words: Improving Reasoning via
Token-Selective Dual Knowledge Distillation

Minsang Kim, Seung Jun Baek
[12]
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Motivation: Gidm Model Capacity Mismatch giita teacher va student

@ Entropy: Cic token cé entropy cao thudng déng vai trd 13 cic diém ré nhanh quan trong trong
qua trinh suy luén.

@ Vi tri: Nhiing token c6 entropy cao thudng tap trung xuit hién & phan dau cla response.
Phuong phap dé xult: Chi cung cAp hudng din & cac token quan trong. Gém 3 thanh phan loss:

@ Indirect Distillation: Hoc x&p hang logit clia teacher trén cic token & dau chudi reasoning.

o Direct Distillation: T4p trung vao cic token ma teacher chic chin va student khéng chic chin.

@ Entropy Regularization: Ting su tu tin (confidence) cho student & cic token khé.
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TSD: Minh hoa

1. Indirect Distillation Guided By Teacher's Preference
1-1. Student’s Generation
To solve x + 3 = 5, we subtract 5 from both sides. Next, we add 2 ...

1-2. Select Early part (Opener) based on Token importance
To solve x + 3 = 5, we subtract 5 from both sides.-Next;-we-add-2—

1-3. Distillation by Preference Ranking ;-Win: Subtract

Tosolvex+3=5,we o
Lose: Add Which is Better?

Lose: 5{@ Tosolvex + 3 =5, we sub!racté:

To solve x + 3 =5, we subtract < 1 1
Token Position t+1 =Win: 3 |\@ To solve x + 3 = 5, we subtract 3|

Win: Both

Token Position t

@ is Better

To solve x + 3 = 5, we subtract 5 from <F
Student Token Position t+2, t+3 ... Lose: Right

2. Direct Distillation based on Uncertainty Gap (@)

Select Select Select

‘: Uncertain Token E
'
i © : Confident Token !

3. Regularization: Entropy minimization at Uncertain tokens @
Confidence t
Student

Select Select Select Select
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Indirect Distillation

Thay vi bit student sao chép hoan toan xac suit clia teacher:
@ V6i mbi token, student dua ra top k token dir doan c6 logit cao nhét.

@ Teacher déng vai tro nhu mét bd dinh huéng, xép hang (re-rank) cac token ndy, student hoc lai
x&p hang ndy bing phan phdi Plackett-Luce.

@ Chi 4p dung gidi han & phan dau clia chudi suy lusn (dua trén phan trim entropy tich ldiy, téng
entroy < thresshold c) dé dinh hudng tu duy ban dau.

Lindirect = — Y _ log Ppr (e | x, y<t)
t
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Direct Distillation

Giai quyét cac trudng hdp student khéng tu tin & 1 sb token:

@ S dung ham céng (sating function) o, dua trén hiéu sb entropy giifa student va teacher:
He(ps) — He(pT).

@ M5 hinh chi tap trung chung cAt manh & nhiing token ma student rit bdi rbi (uncertain) nhung
teacher lai cuc ky chic chin (confident).

L
1
Loirect = 7 Z (Ht ps) Ht(PT)) -Dyso (pr | P3)
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Entropy Regularization

Muc tiéu:
@ Giam su khéng chic chdn & cac budc Iy luan trung gian.

@ Duy tri va gia ting su tu tin (confidence) cho student trong qua trinh chung ct tri thic, d3c biét
& cac diém ré nhanh quan trong.

Entropy Regularization:

1
Lem = Exox 7] Z He(p3)

tel

@ Trong dé: Hy(pg) 13 entropy ciia student tai budc t va |Z| Ia sb lugng token thudc top 10% cé
entropy.
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Overall Loss

mGin Ex~x [aﬁlndirect + Lpirect + EEM]

@ Lindirect: Indirect Distillation Loss.

@ Lpirect: Direct Distillation Loss.

Lem: Entropy Regularization.

Hé sb a > 0 duoc st dung dé kiém so4t miic dé tic déng cha chung cAt gian tiép
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Paper spotlight: CSD

Distillation of Large Language Models via Concrete Score
Matching

Yeongmin Kim, Donghyeok Shin, Mina Kang, Byeonghu Na, [I-Chul Moon
[13]
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9. CSD

Softmax smoothing
@ HAu hét cic phuong phap KD ding KL divergence d& khép phan phbi xac sudt qua ham Softmax.

@ Softmax lam mét di théng tin gi tri logit cuc ky quan trong clia teacher (thudng gan xac sult
gan bang 0 cho phan I8n token trong tir vung).

Han ché chia Direct Logit Distillation (DLD)

e Khép truc tiép logit (DLD) gidp gitf lai théng tin, nhung lai th4t bai trong viéc x{r ly tinh bat bién
dich chuyén logit (logit shift invariance: softmax(logits) = softmax(logits + C)).

@ Viéc ép budc logit clia student phai bing chinh xac logit cla teacher 1am thu hep nghiém trong
khéng gian nghiém toi uvu cia md hinh.
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Phucong phap: Concrete Score Distillation

Giai phap dé xuat: Concrete Score Distillation (CSD)
@ Khic phuc c3 hai nhugc diém: loai bd softmax smoothing va mé réng lai khdng gian nghiém.
e Ap dung y tudng tir md hinh dua trén ning lugng (EBM) va score-matching cho bién ri rac
(concrete score).
Co ché hoat déng:
@ CSD khéng dbi chiéu cac logit mét cach truc tiép, ma tién hanh cin chinh chénh l&ch logit
tuong doi (logit residuals) giita moi c3p token trong tir vung cla student va teacher.
@ Phuong phap nay cho phép 4p dung cac trong sb linh hoat d&€ mé hinh hod dugc mbi quan hé néi
tai clia cac tlr vung.
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3. CSD Objective

Véi mbi token:

Leso(0; pr,w Z > wlyex (fe[X] — folye] = frix] + fT[)/t])2

,VtEVXEV

Trong dé:
@ fy, fr: Ham tinh logit clia student va teacher tai cac token x va y, clia mdi token t.
@ w(y:, x): Ham trong sb d& phén b6 d6 quan trong cho cac cdp token.

@ Student so sdnh su khac biét ndi tai giita cac token clia chinh né va diéu chinh sao cho gibng véi
khodng chénh léch tucng (ng cta teacher.
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Co ché tinh todn w(y;, x)

CSD tach ham trong sb thanh 2 thanh phan doc lap:

w(ye, x) = wi(ye) x wa(x)
Céc thanh phan w; v wy 13 cac phan phdi xac sult trén toan b tir vung V:
° Ph/é‘m phéi Hoc sinh (S - Student): Ly truc tiép xac sult sinh tir clia mé hinh hoc sinh. Dugc
ngat gradient
@ Phan phbéi Gido vién (T - Teacher): L3y xac sult sinh tir clia gido vién
@ Phan phéi Dong déu (U - Uniform): Gan trong sé bing nhau cho moi token.

1
VI

w(x) =
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C3u hinh CSD

@ CSD (S, S): w(y:, x) = go(v:) X ga(x). Chi tap trung hoc & viing hoc sinh d3 quen thudc va tu
tin — Tbi da héa dd trung thuc (fidelity).

@ CSD (U, S): w(ys,x) = ﬁ x go(x). Ep hoc sinh phai hoc dan déu ca céc tir hiém — Ting
cudng cuc manh tinh da dang (diversity).

® CSD (T, S): w(yt, x) = pr(ye) x go(x). Diing xéc sut ctia Gido vién 1am md neo dinh huéng —
Dat dd hiéu chudn xac sut (calibration) tbt nhAt.
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Paper spotlight: SRA

SRA: Span Representation Alignment
for Large Language Model Distillation

Quoc Phong Dao, Hoang Son Nguyen, Pham Khanh Chi, Tung Nguyen,
Linh Ngo Van, Diep Thi-Ngoc Nguyen, Trung Le

[14]
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10. Motivation: SRA

Vin dé: Cross-Tokenizer KD (CTKD)

@ KD c6 dién gia dinh teacher va student diing cling tokenizer. Gia dinh ndy thudng bi vi pham
trong thuc té.

@ Cac huéng hién cé: align chudi token bang edit distance, DTW, hodc chuyén toan bd phan phbi
bang Optimal Transport.

@ Diém yéu chung: vAn thao tic trén don vi token rdi rac, vén rat nhay cim véi khic biét
tokenizer.

Y tudng cha SRA
o D3i don vi align tir token sang span (doan vin ban), vén b4t bién véi tokenizer.

@ Nhin Transformer nhu Multi-Particle Dynamical System: token |3 cic hat, hidden state 13 vi tri,
layer 13 buéc thai gian.

@ M3i span 13 mét cum hat, duoc biéu di&n bing tam khbi (Center of Mass).
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Background: Transformer nhu Multi-Particle Dynamical System

Transformer Hé nhiéu hat

Hidden state hy ; Vi tri hat x; . € R?

Chi sb layer ¢ Budc thdi gian rdi rac t

Multi-Head Self-Attention ~ Khuéch tan: tuong tac giita cic hat
Feed-Forward Network D&i luu: cAp nhat riéng cha tirng hat
Residual update Buéc tach Lie-Trotter

Tinh chét then chét chia tam khbi: tam khdi clia mdt cum 18n c6 thé tinh phan cip tir tam khéi cla
cac cum con:

K
. 12 .
X = — Mka, Xk = —— mi;X;.
Mkl

Vi vdy span representation nén |3 td hdp tuyén tinh clia cic token thanh phan.
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Minh Hoa: SRA

Teacher

Teacher tokenizer

) CT‘A:
| ¢y ——>
\ [eS

)

s

Logits Mapping ¢€ l

\ Clenning

L:Spa.n

[ The cats are running

lily

Span
L KD

Student

[The cats| are

Student tokenizer
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Span Mapping bang LCS

Cung mét ciu x dudc tokenize bdi hai tokenizer, sinh ra hai chudi character offset:

(off{ ,...,off] ), (offf,...,offs.).

@ Tinh Longest Common Subsequence cua hai
chudi offset dé tim cac diém cit chung.

( [ A
T

| Spang |

| N

1

|
"s" “are"! "run" "ning": "quickly"
_ | "

o Mai cip diém cit lién tiép xac dinh mét cdp span Teacher o e ~eat” | arerl
khép nhau: g : e el
Ms = [(Spang, Spang—), e ] ‘ Text The ( cats ‘ are runnmg H qulckly ]
@ Token d3c biét (vi du [PAD]) dugc gén offset 0 va [ST}_{ ; : }
bd qua. -.- -s-.
|5P=l|n pany |

@ Span-level alignment phii toan b cau, han ché

mAt mat théng tin. Figure 1: An illustration of the tokenizer mismatch

between a teacher and a student model.
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Span representation qua Weighted Token Pooling

Trong sb token (vai tro khdi lugng hat) tai layer cubi L:

W A

1 ~

Wi=—y o W= E Att, i
Zt:l Wi a=1

véi A, la sb head, Att, n i la attention tir token cudi v
téi token i.
Center of Mass chia span:

e e
— SyS T _ TyT
= E weHy, G = E wy H;
t=sT
1

—cS
t=s;

Trong d6 (s;, e;) 1a chi s& token b4t ddu va két thic clia span tha
i, H: 1a hidden state & tSng cubi cha token t, wy 13 trong sb token
tuong (g, va céc chi sb trén S, T ky hiéu student vA teacher.
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1 Spang | , Seams

| | 0 - |
Teacher >| : "The" ' "cat" "s" "are"! "run" "niny": "quickly"
it I\ ) ) .

)

- e

rum:ing \H, qui;:kly \‘

~)

—

| Spann span;

Figure 1: An illustration of the tokenizer mismatch

between a teacher and a student model.
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Span-Level Hidden State Transfer

Nap
LR =" WP Lok CCW, CT) + Moo
i=1
Vi Loos(u,v) =1— m Ny la sb c3p span d3 khép,

vd W 13 ma tran chiéu hoc duoc.

Trong sb span téi sit dung trong sb token clia teacher:

sp e
~ 1
WP — Wi WP — wT P
i Z M~/5P7 i t
t e t=s]

Tham sb p didu khién d6 sic cta phan phéi trong sé;
p = 0 nghia [3 moi span quan trong nhu nhau.

Presenter: Ngd Van Linh

LLM Distillation

Teacher tokenizer

‘Student tokenizer

Span clia student dugc chiéu qua W rdi khép véi
span tuong (ng clia teacher, c6 trong s theo dé ndi
bat.
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Geometric Regularizer

VAn dé: phép chibu tuyén tinh khéng rang budc cé thé 1am méo hinh hoc clia khdng gian biéu dién.

Giai phap: gilt nguyén quan hé tuong dbi giifa cac span

ﬁGeo—Z Z ( d(C7,C) —d(c, jT))2

i=1 j=i+1

s}
w- P W~SP
sc __ !

J E sc
T VV"—].
1) Sp.. Sp? 1y
k E i §j>iW' w- k

i i<j

Chuan héa gilip loss so sanh dugc giita cdc m3u c6 s6 span khac nhau.
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Span-Level Logits Transfer

Go6c nhin: logits cla mot token 13 vi tri cha hat dugc
chiéu vao khong gian tir vung, nén cé thé gbp I1én mic

span. com
VAn dé Vi, # Vi duoc xi ly bing cach lam viée trén S —
khdong gian con chung V = Vi, N Vg, Ch
~S S (S S
Ying, = ¢\7(ﬂ1ead(c1:/vs,,)) L

Hing, = 04 (Fread(Cln,))
N

Cf{g" = Z Lki (}7,'T,}7,'5; T) o
i=1 —]

fhead 18 LM head, ¢ 13 ham chiéu logits vao tir vung chung, 7 13 com

nhiét d6 softmax.
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SRA: Overall objective

Loverall = L ce + (1 — a) (cif?" + Ef(%an)

@ Lcg: cross-entropy trén nhian thit, gilr tin hiéu gidm sit cla tac vu.

L3P khép biéu dién span & ting cubi, kém rang budc hinh hoc £geo.

L,S("B’": khép phan phéi logits mdc span trén tir ving chung V.

« € [0,1] can bing giita hoc tlr nhan va hoc tir teacher. Trong thi nghiém, a n3m trong khoang
0.5 dén 0.8 tuy cdp md hinh, student cang Ién thi « cang cao.

Siéu tham sb chung: 7 =2.0, p=1.0, A = 50.
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Paper spotlight: TALAS

TALAS: Teacher-Anchored Layer Alignment

with Adaptive Sharpness-Aware Minimization
for Embedding Distillation

Quoc Phong Dao, Hoang Son Nguyen, Pham Khanh Chi, Linh Ngo Van,
Diep Thi-Ngoc Nguyen, Thien Huu Nguyen, Trung Le

[16]
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11. TALAS: dong luc

Bbi canh: text embedding models |3 thanh phan 13i cia RAG, nhung cdc model SOTA rht 16n.
Danh doi trong embedding distillation

@ Khai thac biéu dién ndi bd (hidden states, attention) cho tin hiéu gidu nhung tén bd nhé va thai
gian, d3c biét khi teacher 1a LLM-based.

@ Chi diing output embedding thi ré hon nhiéu nhung nén qua nhiéu ngir nghia vao mét vector,
cdng v3i capacity gap sé khién student bd sét sac thai.

Ba thanh phan cia TALAS
@ Teacher-Anchored Multi-Layer Distillation: chi neo cc ting trén vio embedding teacher.

o Layer-Aligned Self-Distillation: lan truyén ciu trdc quan hé tir trén xubng dudi, khéng can
hidden state cla teacher.

o ASAM: t&i uu hudng téi flat minima d& chéng overfit nhiu diém cla teacher.
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TALAS: minh hoa

Sentence
Embeddings

Teacher

Batch Inputs
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Teacher-Anchored Multi-Layer Distillation

Coi embedding cubi ciia teacher nhu mét mé neo tinh gidm sit nhiéu ting trén cla student:

L
Deos (7 W), &), Liamp = — Z Lramp(!)
-1 I=L—k

M=

1
Lramp(l) = N

® Deos(u,v)=1— W, 13 ma tran chiéu hoc dugc tai tang /.

HUHIIVH’
@ Chi 4p dung cho tang trén, noi student di ning luc x4p xi khéng gian teacher.

@ Tao hidu ting early semantic injection: tAng trung gian nhin ngit nghia cip cao truéc khi hop nhit
& tang cubi.

@ Teacher chi chay mét lan lic tién xi ly, embedding dugc cache lai, nén training khéng can
teacher inference.
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Layer-Aligned Self-Distillation

V4n dé véi tang thip: ép ting ndéng khép truc tiép bidu din triru tuong clia teacher s& pha hdng hoc
dac trung, con dé tang ndng hoan toan tu do lai tao dit gay biéu dién theo dé siu.

Giai phap: dung ting / + 1 cla chinh student Iam "trg gidng"cho tang /, theo tinh than Relational KD.

o 1 L-1 1
Ry =EJ(ED)T, Liasp = mz WHR/SH - Rf”i
=1

° R,5 I3 ma tran quan hé cosine giita cic m3u trong batch, mé t3 topology hinh hoc clia khéng
gian tai tang /.

@ Tri thic cla teacher neo & dinh dudc chuyén dan xubng duédi qua chudi rang budc cAu tric.
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Objective téng va tdi uu bing ASAM

Thanh phan contrastive: tranh collapse va anisotropy k& thira tir teacher

51m (GG )/‘r

LSImCSE v Z IOg

31m(e e /T
J 1

Liota = MLsimese + M Lramp + A3Liasp
ASAM: gidi bai todn min-max cuc bd

min  max L(w +€)
WolTy ell2<p

véi T, chu3n héa nhidu theo d6 16n tham sb, gitp sharpness bAt bién véi scale. Can hai luct
forward-backward moi budc.
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Algorithm: TALAS Training via ASAM

Algorithm 2 TALAS Training via ASAM

1. Input: corpus D, teacher fr, student fs(+; w), Ir ), ban kinh p

2. Tién tinh va cache embedding teacher: DI < {f7(X)anchored }xeD
3; for mdi budc huln luyén do

4. LAy mini-batch Bc D

5; L4y target di cache ET € D] cho B

6: Ascent step: L < Liotal(fs(B; w),ET)

7: w < ASAM _ Perturb(w, V, L, p)

8: Descent step: gasam < Vi Liotal(fs(B; W), ET)
9: W = W — 1 - BASAM

10: end for
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Conclusion

o T nén mé hinh dén chuyén giao ning luc: KD cho LLM khéng chi nh3m gidm kich
thuéc mo hinh, ma hudng téi chuyén giao tri thitc, hanh vi va ndng luc tir teacher sang
student.

o T teacher-forced dén student-aware: On-policy va interleaved sampling khai thac
chinh cac output do student sinh ra, qua dé gidm khodng cach giita qué trinh huan luyén
va suy ludn.

o T bit chudc output dén gidm sat da dang: Reasoning traces, preference signals,
feature dynamics va representation ngay cang dugc st dung bén canh logits dau ra.

o T token-level dén structure-aware: Cross-tokenizer KD thiic de“;y viéc c3n chinh &
mufc span va cac don vi biéu dién 6n dinh hon thay vi phu thudc truc tiép vao tokenizer.

Student-aware — Structure-aware — Capability-aware
Chuyén giao khéng chi “student nén du doan gi’, ma con “teacher biéu di&n va suy luan nhu thé nao”
va “student cé thé tiép thu dugc gi".
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