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Challenge Solution

Generative models require huge Train not the entire neural

GPU power to train all weights network, but only one or several
layers
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7) Interpretable generation with ruGPTS3
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Overview: Efficient Fine-Tuning and Adapters

Large pre-trained Transformer-based language models (LMs) have become the foundation of NLP in
recent years. While the most prevalent method of using these LMs for transfer learning involves
costly full fine-tuning of all model parameters, a series of efficient and lightweight alternatives have
been established in recent time. Instead of updating all parameters of the pre-trained LM towards a
downstream target task, these methods commonly introduce a small amount of new parameters
and only update these while keeping the pre-trained model weights fixed.

Efficient fine-tuning methods offer multiple benefits over full fine-tuning of LMs:

« They are parameter-efficient, i.e. they only update a very small subset (often under 1%) of a
model’s parameters.

» They often are modular, i.e. the updated parameters can be extracted and shared
independently of the base model parameters.

» They are easy to share and easy to deploy due to their small file sizes, e.g. having only ~3MB
per task instead of ~440MB for sharing a full model.

» They speed up training, i.e. efficient fine-tuning often needs less time for training compared
fully fine-tuning LMs.

» They are composable, e.g. multiple adapters trained on different tasks can be stacked, fused
or mixed to leverage their combined knowledge.

» They often provide on-par performance with full fine-tuning.

More specifically, let the parameters of a LM be composed of a set of pre-trained parameters ©
(frozen) and a set of (newly introduced) parameters ®. Then, efficient fine-tuning methods optimize
only @ according to a loss function L on a dataset D:

®* « arg m(gn L(D;{\e,%})

Adapter types

Efficient fine-tuning methods offer multiple benefits over full fine-
tuning of LMs:

They are parameter-efficient, i.e. they only update a very small
subset (often under 1%) of a model’s parameters.

They often are modular, i.e. the updated parameters can be
extracted and shared independently of the base model
parameters.

They are easy to share and easy to deploy due to their small file
sizes, e.g. having only ~3MB per task instead of ~440MB for
sharing a full model. They speed up training, i.e. efficient fine-
tuning often needs less time for training compared fully fine-
tuning LMs.

They are composable, e.g. multiple adapters trained on different
tasks can be stacked, fused or mixed to leverage their combined

knowledge.

More: https://docs.adapterhub.ml/overview.html
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What is Adapters?

Bottleneck adapter scheme Adapter types

» original_In_after: Boolean
-» Qutput_Adapter: Boolean

LayerNorm | soffesserees OUtIlne here
1. Bottleneck

2. AdapterFusion
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LayerNorm
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Others:
1. MAD-X, Invertible adapters

2. AdapterDrop

3. MAD-X 2.0, Embedding training
4. Prefix Tuning

5. LoRA
6
7
8

» original_In_after: Boolean
~» MH_Adapter: Boolean

Parallel adapters,
Mix-and-Match adapters
. Compacter

https://aclanthology.org/2021.eacl-main.39.pdf

Multi-Head
Attention

[ToopobHee: https://github.com/adapter-hub/adapter-
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https://aclanthology.org/2021.eacl-main.39.pdf
https://github.com/adapter-hub/adapter-transformers

PasHunua FET n MoE

MoE from Google: Mixsture of concepts

Vanilla Routing Limited Capacity

. What is the concept behind:

| Router
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PN \ ak

JAEEEEE m———
N[

Under high capacity, both vanilla and priority routing work well as all patches are processed. However, when the buffer size There IS a Iayer after LayerNorm Iayer or Several Iayers Of experts
is reduced to save compute, vanilla routing selects arbitrary patches to process, often leading to poor predictions. BPR At the Output Of the model one or more probablllstlc expert models
smartly prioritizes important patches resulting in better predictions at lower computational costs. , N
are "attached". The probabilistic model allows you to learn faster

e Pty Routing imited Caoacity More: https://ai.googleblog.com/2022/01/scaling-vision-with-sparse-
Expert mixture-of.html

l Probably Duck

Under high capacity, both vanilla and priority routing work well as all patches are processed. However, when the buffer size
is reduced to save compute, vanilla routing selects arbitrary patches to process, often leading to poor predictions. BPR
smartly prioritizes important patches resulting in better predictions at lower computational costs.
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Fast Experts Tuning technology

Training log (Training time on 1 GPU is 85 seconds), 6 epochs: FaSt Expe rtS Tu n i ng iS 50+
e {IMeS faster than fine-tuning

1 creator = SimpleCreator(model, tokenizer)

creator.train([tl, t2, t3, t4, t5, t6, t7, t8, t9]) Task: Generating an article or replica on a given

3anyctutb koA B avelike (Ctrl+Enter)

o e supsiny o, B topic, so as not to train the entire neural network,

- 2s 21lms/step - loss:

BoinonHun nosb3osarens Avatar Cybertronics because it iS |Ong and eXpenSive

naTHUUa, 7 aHBapa 2022 1. | - @s 16ms/step - loss:

Bpemsa BbinosHeHuA: 85.119 cek.
29729 | - - @s 16ms/step “==lass:
Epoch 4/6
29/29 [ - Os 16éms/step - loss: ; ; . ;
Epoch 5/6 0-100 times faster than fine-tuning, for different models

- -1 - . .
Sl o e 2) 50 times faster for the ruGPT3 medium model
~ 25 J0NSISEeD = Fos5: 3) How it works: instead of the full number of parameters,
we train individual layers with a smaller number

4) GPU training is more than 2 times faster than CPU, on

Training log (Training time on 1 CPU is 1 minute 22 seconds), 3 epochs: average
Epoch 1/3

57/57 [==============================] - 22s 369ms/step - loss: 2.3544

Epoch 2/3

57/57 [==============================] - 22s 389ms/step - loss: 1.2231

Epoch 3/3



Fast Experts Tuning: generation results

tl = 'S.T.A.L.K.E.R. — cepusa urp, paspaboTaHHaa ykKpaumHCkon komnaHuein GSC Game World. Cos3paHa B XaHpe wyTepa OT MepBOr(
t2 = 'Hunt: Showdown — KomnblTepHaa Mrpa B XaHpe WyTep OT nepBoro nuua um survival horror, paspaboTaHHasa u usgaHHaa Cr
t3 = 'Half-Life 2 — komnbwTepHaa urpa, Hay4Ho-daHTAcCTU4YeCKUW WyTep OT nepBoro nuua, cukeen Half-Life, paspaboTaHHbI K(
t4 = 'Gothic (cepusa urp) - Gothic, B poccunckux uspaHuax «FOTUKa» — Cepua KOMMbHTEPHbIX PONEBbIX UFp B XaHpe ¢3HTe3un. Yi
t5 = 'Counter-Strike — cepua KOMMNbHOTEPHbIX UFp B XaHpe KOMaHAHOrO WyTepa OT MNepBOro /Auua, OCHOBaHHaA Ha ABuxKe GoldSrc
t6 = 'No Man’s Sky — KomnbwTepHas Urpa B XaHpe KOCMUYECKUN MPUKIHNYEHYECKUN 60eBUK C OTKPbLITHIM MUPOM U SJEMEHTaAMU BbIKUBY
t7 = ' oduumanbHo HasBaHHaa B CHI kak S.T.A.L.K.E.R.[8], — KomMnblTepHas urpa B XaHpe wyTepa OT MEpBOro Jinua C 3S1EMEHT]
t8 = '«TeHb YepHobbNA» co3gaBanacb Kak Urpa C OTKPbITHIM MUPOM; pa3paboTHYMKM HamepeBaJUCb MOMECTUTb WUrpoka B XMBYLWYH COf
t9 = 'Urpa sBnAaeTcAa clxeTHbM npoposxeHuem S.T.A.L.K.E.R.: TeHb YepHobbina. B aBrycte 2012 roga, nocne TOro, Kak «BbDKMI3

v [eHepauus
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1 generator = TextGenerator('new_model')

Special tokens have been added in the vocabulary, make sure the associated word embeddings
01/07/2022 09:01:05 - INFO - happytransformer.happy_ transformer - Using model: cuda

[ ] 1 generator.set _variety of answers(0.1)

[ ] 1 #Star‘t_text — lBl'j'ly6b 30Hb| Mﬂ.yT '
2 start_text = 'Cepua '
3 gen_text = start_text+generator.generate(start_text)

Setting "pad _token id" to "eos_token id :50256 for open-end generation.

o 1 print(textwrap.fill(gen_text))

Cepua «Ctankep» 6bina BbifMyluweHa U3[aTeslbCTBOM «IKCMO» B 2007 ropy.

lenctBue ¢dunbma nNpoucxoguT B OKpecCcTHOCTAX YepHobbiibckon A3C B 30He
oTHyxaeHua A3C «dykycuma». [encTBUe pa3BoOpavYuBaeTCHA BOKPYr rpynnbl

BOEHHbIX Y4YEHbIX, MbITAWWUXCA BbIACHUTb MPUHUHY

Good controllable
generation

Global task: Generation of continuation text, dialogue

There is a “set_variety_of_answers” parameter with a
value from 0 to 1 that controls the variability. If it is equal
to 0, then we follow the dataset, if 1 — almost the original
model is used.

Before training (generation from the word "Stalker"):
Ctankep" - 9T0 cOOpPHUK paccka3oB nucarena Cepren
JlykbAHeHKO "CTankep".

After training (generation from the word "Stalker"):
Ctankep — urpa ¢ OTKpbITbIM MUPOM

Result: we got controllable generation



Fast Experts Tuning vs MoE

FET vs MOE

FFN 1

Layer : Layer FEN 2 ! chghted
—=| Attention -
Norm Norm Sum

—- FFNE —

Task: To speed up controllable generation, but
leave the quality of the generated text at the same
level

1) An additional model that helps Experts

Knaceuaukatop 2) There is no Weighted Sum block, but there is an effect of
3KCnepTos |t

3) LayerNorm — from GPT

4) The idea is similar to Google's MoE, but the

Y
Bnox axcnepros

LayerNorm - : : ; .
L (e ‘ implementation is more efficient
Cnoun
d I Knaccugpukatopa '

TOKEHOB




Fast Experts Tuning and other methods

+ Koa + Tekct

O Effect of FET

BoT: 34paBCcTBYM

Nons30BaTtens:Kak TBO0e MMA?

BoT: Butanuu

Mons308aTens:KpyTo, 470 Aenaeus?
Bot: C Bamu rosop®)

Mons30BaTenb:HanoMHU Koe-4To? Local task:
o e Generation control. Obscene expressions

Nonsz0Batens:Kak Tebds 308BYyT?

] disappear, he begins to understand his name.
Fast, useful for product hypotheses
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Modewy Axex He 3a0panca wa aseps KPOse? ..., Model: rudialogpt3_medium_based_on_gpt2

GPT

Motomy uto ek Obin He oueHb coobpasuTenbHbiM. OH He 3Han, uTo Takoe
ABEpPb, OH He 3HaN UTO Takoe 3aMOK, OH BooOLLe HMUero He 3Han. Ml BOT OH He
ycnen aobpatbca A0 pyuku, Koraa [kek okasancs B NOBYLUKE.

1) Generation of coherent, coherent text

v kotore G o @ 2) Neural networks trained by this method do not adapt well
to new global tasks, for example, it is possible to make a
dialog model from a summarizer, but the quality will be
B © worse. (Work in progress: we know how to solve this
P— problem)

or 3) However, this is often not required, because as a rule it is
A oo sabH A RO e required to train a neural network already for the final task




GPTFastTuning Library

GPTFastTuning

X, Yy = dataset creator(data, self.cut embedder, self.tokenizer)
net = self.trainer.creat_net()
self.trainer.train(net, x, y, lr=lr, bs = bs, epochs = epochs, val split = val split)

y set = list(set(y))

iztéiiilge(aelf.trainer, self.gpt emb, self.tokenizer, y set, save path) The Iibrary implements the FET Iearning
algorithm

1. Github available (private)
2. Demo on Google Colab
3. Modular and efficient

zaharPonimash Update SimpleModelCreator.py

GPTFastTuning Update SimpleModelCreator.py
README.md Update README.md

requirements.txt Update requirements.txt

setup.py [lakeT BbicTporo oby4yeHus




Interpretable generation with BART

BART control

[12] R vyaAa4 Ha, XeJigdlh T ebe '

o 1 generate text(model bart, tokenizer bart, kw, ent) The Iibrary implements the FET Iearning

Yaaunm Ha TpenupoBkax! Xenaw Tebe yaayum Ha TpeHupoBke B 6.00! algorithm

In [11]: text = 'Heckonbko Hepenb Hasap DeepMind nepecmoTpen BbiBoAbl KannaHa M MoOHAN, 4TO, BOMpPeKUM pacnpoCcTpaHEHHOMY BART generation use entities (COmm0n NERS)
and make coherent text from them

Ih [12]; #leHepauyus
cl = random.choice(data[1].split(',"))
gen _bart, gen gpt = generate news(k words=data[@], ent=data[l], emotinons=data[2], cl = cl, longer=146)

e e e The quality of generated text is better than GPT

Anekcen CepreeBud KannaH: «llocne HeCKONbKUX HeAesnb Ha3ad Mbl caenanu
BbiBO4 O TOM, 4TOo y DeepMind ecTb noTeHuuMan Ansa yBeUYEHUN
BbIMUCIUTENbHBIX OaxeToB. Mcxoas M3 3TUX BbIBOLOB, MNPUWAU K BbiIBOAY, YTO
Mbl HE MMeeM [OCTAaTOYHOro pecypca Ana macwTtabupoBaHMA AaHHbIX».  «Mbl He
MOXeM MOo3BONUTb cebe TpaTUTb AEHbIMM Ha TO, Yero y Hac HeT. Mbl He
cmoxem obecne4ynTb cebs Bcem HeobxoaumbiMm, ecnu He Byaem umeTb
AOCTaTOYHbIN pecypc Ans Toro, 4Tobbl obecrneynTb NOTPEOHOCTU HaWUX
KAneHToB. [lO3TOMY Mbl MPUHANU pelleHWe CKOHUEeHTPUPOBaTbCA Ha pa3BUTUU U
pacWMpeHnn Hawumx BO3MOXHOCTEW. B 3Tom rogy Mbl MpoOAO/IXMM pacWMpATb HaWwu
BO3MOXHOCTU, U B creaywuem rogy, BO3MOXHO, Mbl CMOXEM YyBe/UYUTb HalWwwu
BblMUC/IUTENbHble OlaoxeTbl Ha 20-30%», - ckas3an KannaHg. Mo cnoBam
KannaHpa, B Oyaywem rogy KOMMaHUA MNAaHUPYeT YBEeIUYUTb CBOU BO3MOXHOCTU
Ha 30%. «B cnegywwem Mbl NAaHUpyeM yABOUTb HalM MOWHOCTU, a B 2022 rogy
- YABOMM MX. ITO MO3BOJIMT HaM YBE/IM4UTb MNPOU3BOAUTE/IbHOCTb HaWMUX
CepBepoB U MOBLICUTb HALEXHOCTb HAWWX CUCTEM.




Interpretable generation with GPT

Al leHepaTop cTaTeM

HenpoceTb HanuweT ntobyto cTaThbio 3a YenoBeka. B atom nemo npencrasneHa basosas mogernb [
(Tembl: IkoHOMUKa, Peknama, TexHuka, Ctunb, KBapTupa, MickycctBo) n Mofenb, cosgatoLlas
onucaHua K [leTckum ToBapam ecommerce.

KyI'IVITb MOJTHYIO BEPCUIO: Nyylle Ka4eCTBO U YHUKa/IbHOCTb TEKCTa, HaCcTpamnBaeMad OJIMHa

CTaTbu, 6onblue Kno4eBbixX C/ioB, nobag Balwa TemaTuka U CTUb. ﬁ,ﬂ,aTb BOIpocC

PaspaboTtka komnaHum AvatarMachine

Bbibepute Mofenb HepoceTy:

,D,eTcxme TOBapbl

BeepguTe knoyesble cnosa (o1 1 v po 5):

Haxmute Enter, ytobbl fOGaBUTHL eLle rUGPT3 generatlon use keywords and make
S—— coherent text from them.

Jlyuyline KOHCTPYKTOPbI ANA AeTen
29/200

KonuuecTBo cnos.:

—
100

% leHepaumsa cTaTbu MOXKeT 3aHATb A0 5 cekyHA, &
Cospatb TekcT!

HaunHaem reHepayuio...

B paboTte 30

...&¢ loToBO!

Jlyuwe koHcTpykTOpbl Ang geten JIETO B HTepHeT-MarasunHe «[letckut Mup» Kynutb
koHCcTpykTOp LEGO — 3HaunT nopaputb pebeHKy yBneKkaTenbHy Urpy, cCnocobCcTByOLLYIO
Pa3BUTUIO TOTMYECKOTO MblleHNs U BoobpaxkeHns. ACCOPTUMEHT HabOPOB MOCTOSIHHO
MOMOJSIHAETCA aKTyaslbHbIMW HOBMHKaMV M3BECTHbIX OpeH0B, 4To no3BosnseT nogobpatb
ONTMMasbHbIV BapuaHT Kak Masibynkam, Tak 1 geso4vkam BospacTtom ot 3 go 10 ner.
PasHoobpasue cloxeTHO-poneBbIX CLeHapmneB Ha NtoOoM BKyC NO3BONUT HAUTU UMEHHO TO
nspenve, Kotopoe npuaeTca no ayuwe Bawen manbiwke! Hanpumep, cepusa Lego Super Heroes
nocesLLLeHa NonynspHoMy MynbTcepuany o roHuwmnkax @opmynbi-1. C ee nomoubio pedeHok
CMOXET BOCCO3aTb HEMOBTOPUMbIE 3Nn30abl U3 N0OUMbIX cepuit Unn Npuaymatb cOOCTBEHHbIE

3axBaTbiBarwoUw e CHOXeTbl C rMpuBJieHeHneM K NrpoBOMY NMpoLeccy ,D,py3€l./'l M YneHoB cembu. Vinn
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