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OFA: A Framework of Initializing Unseen Subword Embeddings for
Efficient Large-scale Multilingual Continued Pretraining

Cross lingual & Multilingual Adaptation
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OFA: A Framework of Initializing Unseen Subword Embeddings for

Efficient Large-scale Multilingual Continued Pretraining

Embedding Factorization
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OFA: A Framework of Initializing Unseen Subword Embeddings for

Efficient Large-scale Multilingual Continued Pretraining

OFA Framework
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i Model Weighis gt s (PLb iaust past
H '
" Factorize
(Stp 1}
Subvwiord
« Computation t »  Subword s Source FS «
(Step 2) Vectors Coordinates
ME“."F“' _ Primitive
ultilingusl |7 copy ings P
Word Vi ' Embeddi
Similarity-bazed
Suh\mrfi SHbwond ut — Initialization
+ Computation T «  Vectors Step 4)
{Step 3} e
..................... Assembling
" T [Step 5)
Target  Non-embedding L — Target Ft
Madel Weights Tokenizer Coordinates.

Figure 2: Summary of OFA. Different color indicates
the block is specific to different languages.
source languages; : target languages; : both.

Step1-3. Source & Target vocab space production
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Efficient Large-scale Multilingual Continued Pretraining

OFA Framework
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Efficient Large-scale Multilingual Continued Pretraining

OFA Framework

def forward(self, input_ids=None, token_type_ids=None,

PrimitiveEmbeddings(nn.Module):
position_ids=None, inputs_embeds=None, past_key_values_length=0):

def __init__(self, config):
super().__init_ () if position_ids is None:
if input_ids is not None:

)sition ids from th inpu en id C remain pa

self.primitive_embeddings = LinearTranspose(in_features=config.num_primitive, out_features=config.hidden_size) # 0S d t y o
position_ids = create_position_ids_from_input_ids(input_ids, self.padding_idx, past_key_values_length}

self.target_coordinates = nn.Embedding(num_embeddings=config.vocab_size,
embedding_dim=config.num_primitive,

padding_idx=config.pad_token_id) position_ids = self.create_position_ids_from_inputs_embeds{inputs_embeds)

¥ if inp gl
self.position_embeddings = nn.Embedding({config.max_position_embeddings, config.hidden_size} if input_ids is not None:

self.token_type_embeddings = nn.Embedding(config.type_vocab_size, config.hidden_size) input_shape = input_ids.size{)

input_shape = inputs_embeds.size() [:-1]
seq_length = input_shape[1]

if token_type_ids is None:
if hasattr(self, “token_type_ids"):
buffered_token_type_ids = self.token_type_ids[:, :seq_length]
buffered_token_type_ids_expanded = buffered_token_type_ids.expand(input_shape[®], seq_length)
token_type_ids = buffered_token_type_ids_expanded

token_type_ids = torch.zeros(input_shape, dtype=torch.long, device=self.position_ids.device)
if inputs_embeds is None:
: rim v dding i S
inputs_embeds = self.target_coordinates(input_ids)
inputs_embeds = self.primitive_embeddings.forward(inputs_embeds)
mb be e = e on the hidden s

token_type_embeddings = self.token_type_embeddings(token_type_ids)

embeddings = inputs_embeds + token_type_embeddings




OFA: A Framework of Initializing Unseen Subword Embeddings for
Efficient Large-scale Multilingual Continued Pretraining

Experiments Setup

Training
= Glot-500 corpusZ continual pretraining
= 1.5B sentence 2

Source Model & Tokenizer
- RoBERTa / XLM-RoBERTa

- Glot-500m sentencepiece (2F 1,3000712] AXHE cover)
2401k vocab

Downstream Tasks
OFA Setup = Sentence Retrieval

- OFA-mono-xxx: RoBERTa English Model& source model2 Atg - Tatoeba (SR-T) and Bible (SR-B)

- OFA-multi-xxx: XLM-RoBERTa Model source model2 Akg ~ ~  Seauence Labeling | |
- 100, 200, 400, 7682| dimension2& A M : Wikiann(NER) & Univeral Dependencies (POS tagging)

= Text Classification
: Taxi1500 =) 6 class. 351 languages

= Languages that XLM-R covers as head languages
= The remaining languages as tail languages
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Efficient Large-scale Multilingual Continued Pretraining

Downstream Task Result

- SR-B - SR-T ‘THX]].SOU ‘ NER . POS - OFAE —%7|§|'5._ E%% 7|_i_ E% |‘H|E§ﬁ% [[H’
tail head all tail head all tail head all tail head all tail head all _% _9_ lo__lo_l —_ [:E_| A" _g_ | E cl)__lo_l % OEI ?&I'EI ch % %l: Ao
RoBERTa 32 39 34 81 49 58 55 69 58 304 264 282 211 286 263
RoBERTa-rand 110 147 119 249 209 220 142 191 155 521 498 508 471 614 57.0
OFA-mono-100 131 203 149 268 265 266 158 248 181 533 526 529 50.6 648 60.4
OFA-mono-200 161 250 186 332 343 339 208 370 316 558 561 560 490 661 608 - RTT R T = o o ML
OFA-mono-400 254 404 292 416 48.7 467 351 464 379 582 59.0 58.6 57.0 70.6 66.4 Random Init2f B W3HS M, HO| 2= AHO{0f| Cisl =2 &S
OFA-mono-768 160 23.6 179 286 285 286 221 289 238 548 553 551 517 667 621 5 = o o=
—> Source modelz} A Gi0|, 25 O %2 07| OFAZI =

XLM-R 74 542 193 326 662 566 155 598 267 47.6 618 553 421 761 656
XLM-R-rand 386 604 442 556 69.7 657 470 599 503 603 623 614 606 749 705
OFA-multi-100 33.0 497 373 549 638 613 505 567 521 586 598 592 604 739 69.7

OFA-multi-200 394 57.0 439 518 61.1 585 49.0 549 505 595 6l4 60.6 605 749 705 - Fleje 2l A2 O&ad oI:LI- kI L A
OFA-multi-400 445 600 485 548 647 618 519 593 538 625 640 633 632 754 716 ZI’EE =2 E"' =H 4 O| OI 7H d
OFA-multi-768 43.8 62.7 487 561 704 663 543 638 567 60.6 639 624 624 758 717 - 2telS 4 2 o [
J2iLt A2 4000 7682 5 M= A0 I2tM £ M50
Table 2: Performance of the models initialized with OFA and baselines on five multilingual tasks across 5 seeds. We ?:.I'i
report the performance as an average over head, tail, and all language-scripts for each model. Models initialized with _ Oro A Chol GO Lok 2
OFA constantly perform better than baselines. Bold (underlined): best (second-best) result per controlled group. :> 2| L'l'Zl}” s = I:lH H T = / |'Z|_| |_|- = (P_-IO-I 2 =20 |-O OJ— O|_'|O'|O‘”
Sot/| o2z 4 7| WE0lefal =5
- - i o Cl 2142 o = ot = Z|GF A o
| 1L #rand_#Ors-mono [ frand_#OEx-mul —> 2+ Y X4UL 0[2f5t RES 20| D HES ZUT 4 US
SR-B 369 0 369 23 346
SR-T 98 1 97 24 74
Taxil500 | 351 5 346 31 320
NER 164 10 154 27 137

POS 91 4 87 12 79
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Training Loss & Score
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Figure 3: The training loss as well as the performance on five downstream tasks from step 0 (without continued
pretraining) to step 100K (10th checkpoints). We see that models initialized by OFA converge faster than baseline
models (RoBERTa-rand and XILM-R-rand) whose new subwords are randomly initialized during continued pretrain-
ing. For most of the downstream tasks, models with lower embedding dimensions can achieve better performance
after only 10K steps compared with their full-dimensional counterparts (OFA-mono-768 and OFA-multi-768).
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Efficient Large-scale Multilingual Continued Pretraining

Continual Pre-training Effect

Models Settings SR-B SR-T Taxi1500 NER POS
_ OFamono.100 WO 45 62 10.0 25.0 23.5
= Mono source model2| A2, dim sizeQt F&5tH Hs0| EA| %S ) 149 266 1Y DO e

w/o 45 7.2 10.1 25.7 23.4

OFa-mono-200 o/ 186 339 316 56.0 60.8

= Multi source model®| 32, H =2 2+ 20| LM H =2 35 OFamonadon WO 48 72 130 26.1 245

=> 0= source multilingual model0| 0]0] Z42{5t CHROIHS 7121 S W Bl AT 10 Seeeed
_ Ww/0 . . . . .

— =2 230[ XLM-R| 0] Q2 22 EE H & Fc= A OFA-mono-768 0" 179 286  23.8 55.1 62.1

ormaiioy WO 51 75 124 363 423

- OFAL source modelo| 0|0] CHIO|Y ZH2 Af22 olofof 2| 22 w/ 373 613 521 59.2 69.7
. wlo 57 104  12.0 402 48.6

OFA-muli-200 0" 439 585 505 60.6 70.5

wlo 59 213 202 433 54.6
w/ 485 618  53.8 63.3 7.6
wio 159 525 204 49.5 63.9
w/ 487 663  56.7 62.4 717

OFA-multi-400

OFA-multi-768

Table 5: Performance of models initialized with OFA
under settings of w/o and w/ continued pretraining. Con-
tinued pretraining largely improves the performance.
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Summarize & Discussion

- OFAR 27|3}E QUS 27} 5t 2 O t
= MZE NE9IS0| YH|YS HYOR 27/5kt 7|Z 2

ka:
g
s
uo

- YHIY ARO[ 2S5 ofg AlZ0| ©E. 27| It eg HAM H L2 ds
— 2542 U= CHA0] R[5 AM Z30f 7|0

= Primitive Embedding / CoordinatesO]| CHgt 7t&o| A=
- LLMO]| Tt 82

- 0] 4%, Y2 dimensiondM = H& E0| 7t

= Reasoning2} Z0| complexity’t =& taskAlA 2| dimension
= FOCUS2te| 210]|&? External multilingual Embedding?
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Analysis of Multi-Source Language Training in Cross-Lingual Transfer

Which language source combination is better during Multilingual Training?

- Multilingual LIM8| =7t4 Q1 st59| =2 UOZ = HO[E{0f 34| o|=

— 548 A0{0f| tiet H[o[8 = Aet4 => Cross lingual Transfer(XLT)

- MXLTO|M O 542 4= A0S 2Eots A0| 204 UX| 24
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Analysis of Multi-Source Language Training in Cross-Lingual Transfer

Verifying the Effectiveness of MSLT

Advantages of MSLT over SSLT

- XLT(Cross lingual Transfer)?} language agnosticst feature=
SAo 2 of o~ QICH= A

- O AOE 4
language agnosticSt signaldj] & &

—> MSLT > SSLT & =4

101 Mt & 3 (MSLT) 2=&0| Chst A0{0f =250,

10| LS EICh D dzbet

Lan
Sunny ® Sunny H“:::::-
Rainy s My - Rainy -i- Decision
L 4 Dedsion ™~ ~ | Tvmteend _:‘" "-' Boundary
Boundary

Langl.l_agz Lan?;il‘i:E:_'

en es ko en es ko
L L L L L T
! ---55LT(en) ---MSLT(en,es) :
: @ Today's weather is sunny. @ Hoy esta soleado. S N EREEILICE
1 % |t’s raining today. Hoy llueve mucho. QS HPELCEL 1

T o m mm m m mm m mm Em Em Em Em mm o mm mm mm e mm wm E mm mm = e e

Figure 2: A conceptual illustration of the advantages of
MSLT over SSLT. The left illustrates the training pro-
cess of an LM using only (i.e., SSLT(en)),
while the right represents MSLT with and

(i.e., MSLT(en, es)). Incorporating more
source languages enhances language-agnostic features
and blurs language-specific ones, potentially improving
effectiveness for unseen languages such as

14
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Visualization of Embeddings after MSLT

Original / SSLT / MSLT = H{|T A|[Zt=}

Pretrained (Original) SSLT(en) MSLTien,es,de)
159 CKASimilarity : 0565 5;: . CEA Similarity:0.882 S CKASimilarity:0913
. 5 P 20 B %
: et . taC T ‘.2
10 gL se " . ‘s « ® i | o
AT 0 “t e - | B bl B :
w5 o I B * wy e, P e .
. - % 3 L S - s, LI fee e s " .
’....-' ; S T . LR IR
] [ ® - - L] N L .
. . : “ss a Y A . . SO
0 -.-.;" . w e '.-:‘a-.d.: SR . AR B ISE R R
o ..'l. 5 % ey ’.-l‘.i R » H Y %
. . 4 9
""t..a: | . " R DA :.. e & 10 - " 'l. . o .‘9" -
- PR LR 0 f) . « , F e o, te e iy
'-h,,‘ ®en ¢ . “ . Fr R S sen . A T ':n
o N N i
I I . I
~30 -20 —10 0 10 -15 -1In -5 D 5 15 —20 -0 o 10 0

Figure 3: Visualization of embeddings and corresponding CKA similarities (Kornblith et al., 2019) for 3 languages:
English (en), Arabic (ar), and Indonesian (id). Note that English is used in both SSLT & MSLT, whereas Arabic
and Indonesian are not. Therefore, we can observe the impact of SSLT & MSLT on both languages seen and
unseen during training. Left: the original XLM-R. Center: XLM-R after SSLT(en). Right: XLM-R after
MSLT(en, es, de). We find that while SSLT promotes language-agnostic alignment in the semantic space, MSLT
enhances this further, leading to a more integrated space for languages.

stg = ZF A0 2&=0i| Cisl last hidden states £
mean poolingafiA] visualization

SSLTOf| gl MSLT7t 2= 210=0] 227 A Y (High
CKA Similarity)

MSLTZ} language-specific featureE B R= A4S gt
A|5t12, agnosticet 70l S&&| == sSt=

=> Language?t2| better alignments K=
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Analysis of Multi-Source Language Training in Cross-Lingual Transfer

Optimal Number of Languages

What is the optimal number of languages for MSLT? | = Saws x

—— NER

= En, Es, De, Zh, Fr £ &t 2 17H2E 5I47tR| 52471 A
- 374 MR tasket LRSI BHA 27}

Accuracy
]
]
Ln

- 37 O|=FH<= wol0let 70| gis | —

(o[

=> 2 A0 M= 37HE MSLTE #

Fz[Hol =

Hu
\d
)J
_o'ﬂ
2
ol
nx
ool
o
Rl
oSt
iY
LA

r

Number of source language

Figure 4: Performance of XLT can vary depending on
the number of source languages. The solid lines corre-
spond to XLM-Rg, and dotted lines to XLM-Ry ype.
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Language Set Composition in MSLT

What is the optimal combination of languages for MSLT?

- Lang

‘Arabic (ar), German (de), English (en), Spanish (es),French (fr), Russian (ru),

Chinese (zh) € &, C5) => 357tA] 2 ¢l Chslf 25 1024
- Model(Dataset)
: XLM-R(WikiAnn & XNLI) / BLOOM-7B (Bactrian-X)

= Evaluation

: XCOPA, XWinograd, XStoryCloze

+11.7
1]

+10.78

E 4961 o
E (5821)
-] ]
3
g +3.85 +3.85
% (7386 (51085)
+1.05( 0! +,5]£7?
== ]
S5LT(en) |
L] 5s
-1.13 (4815
{9887
WikiAnn XU KOOPA ¥Winograd XStoryCloze

Figure 5: Relative performance gaps vary with source
language combinations, reaching as high as a 10-point
difference between the best and worst options. The
worst combinations of MSLT in XCOPA and XWino-
grad even harm performance compared to SSLT, high-
lighting the need for careful source language selection.

Best <-> Worst 20| 0§ &
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Analysis of Multi-Source Language Training in Cross-Lingual Transfer

What should be a main criteria for Source Language Selection?

1. Size of Pretraining Data
= PT data0j| 20| S5t A0 XE2 2 MSLTE st= 40| 2717
—> English, Russian, German for XLM-R / English, Chinese, French for BLOOM-7B

2. Vocabulary Coverage

- B9l vocabulary overlapO| 7+ %2 210] Z80| Z2717

3. Linguistic Diversity

- Lang2Vec2 S35l Syntax, Phonology, Inventory, Family, Geometry vector A== 1124

Diversity(L¢) = (1 — sim(wvs, v4))
{Li,Ly}eLe

18



Analysis of Multi-Source Language Training in Cross-Lingual Transfer

What should be a main criteria for Source Language Selection?

Method Encoder Decoder - Size of PT Data & Vocab Coverag E A -I.%_I' 7|—$‘0| ol'L'I
e
WikiAnn XNLI XCOPA XWinograd XStoryCloze
MIN 76.30 (35) T70.97 (35) 48.87 (35) 48.15 (35) 51.05 (35)
Size of Pretraining Data 78.52 (31) 72.87 (16) 5035 (17) 54.77 (12) 54.05 (26) - q: . . o =z=slnl © =
Vocab Coverage 78.52 (31) 72.46 (26) 50.32 (22) 5821 (2) 54.05 (25) Linguistic Diversity?} =2 20| =
Embedding 85.58 (4) 72.26 (31) 48.85 (34) 53.33 (19) 56.98 (7)
Lang2Vec  —s Syntax 85.69 (3) 73.76 (3) 51.57 (4) 55.92 (7) 57.42(2)
—+ Phonology 84.82 (8) 73.39 (7) 49.88 (27) 5821 (1) 55.12 (18)
—+ Inventory 86.07 (2) 73.77 2) 50.50 (11) 5820 (3) 56.45 (10) - C}AS| Odlo olHllCIS E3 7} CloEM S D145
—+ Family 84.82 (8) 73.39 (7) 49.88 (27) 5821 (1) 55.12 (18) chs| 20| L UMY S Sofl Aot ChFEE nefst
—+ Geometry 85.58 (4) 73.24 (9) 51.72(2) 58.12 (6) 56.62 (9) e bl
MAX 87.05 (1) 73.86 (1) 51.76 (1) 5821 (1) 57.98 (1) A= reasonable

Table 1: Results of the proposed criteria for source language selection, evaluated across five different test datasets.
The numbers in parentheses indicate the ranking of the specific language set chosen by each method among the
total of 35 possible combinations, with higher ranks (indicating better performance) closer to blue and lower ranks
(indicating inferior performance) closer to red. We confirm that Lang2Vec-based methods are proficient in proposing
useful source language sets.
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Which Language is Suitable for MSLT?

Datasets Topl Top2 Top3 Top4 Top5 Case 1 Case 2 Case 3
Dataset
de de ar ar ar a=b=c a=b#c a#b#c
WikiAnn B cs e ot & WikiAnn 72.26 72.69 73.07
XNLI 80.36 81.54 84.02
ar de ar ar ar XCOPA 52.82 53.06 53.10
XNLI de €s de ru fr XWinograd 52.33 52.89 53.40
u zh zh zh zh XStoryCloze 52.54 53.32 53.62
de ar fr ar ar
XCOPA en es ru de de

Table 4: Test accuracy results based on the diversity of

zh zh zh zh es . . . L
writing systems. Writing system diversity in language

XWi ar L d‘? en s combinations is categorized into three levels: Case 1,
inograd en en es es fr . ]
zh u zh ru ru with all three languages sharing the same system; Case
- - - og - 2, with two languages sharing a system; and Case 3,
XStoryCloze  de de de fr fr with each language having a different system. The out-
u zh es zh zh

comes show that combinations of language with distinct
writing systems always outperform other cases.

Table 3: The five most effective combinations of source
languages for five specific tasks.

= Chinese (zh), Arabic (ar), and German(de) are the most commonly used languages
= Each of the top 5 combinations includes two or more distinct writing systems

=) the diversity of writing systems can act as a key factor in constructing good language sets for MSLT
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Is Increasing Diversity Really Helpful?

740 4‘-2‘/'990_‘ "
—_— —‘_—LZ\HW . __J__.,-_-Leasl:ilmllamga — H-Pho 58 Tvsm
w 2y M . e WikiAnn XNLI XCOPA XWinograd XStoryCloze
0y 735 d 57 ® Mﬁthﬂd
L 5% Most  Least Most  Least Most  Least Most  Least Most  Least
" .7 vay_ | o o | '
! 7301 ~Most Similarity o _Mostsimiorty s Embedding 77.93 85.58 T72.88 72.26 48.85 48.85 52.61 5333 55.12 5698
5’ s . o o - L2V-Syn 78.52 85.69 T72.87 73.76 50.32  51.57 58.21 5592 5405 57.42
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1 — 707 o - = —— 5 Table 6: Performance comparison of language combinations with high and low inter-lingual similarity. Accuracy is
kA o Ko Xbfregrad KstoryCloze used as the evaluation metric for all tasks. The best results for each task are in bold.

Figure 6: Visualization of performance for all (35) possible language sets. We observe that language combinations
with the least similarity (high diversity) yield better performance than those with the most similarity (low diversity).

Constructing combinations with maximum diversity
yields better performance than combinations having minimum diversity
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Conclusion

1. Multi-Source Language Training, MSLT2| 3420l F3k=
= C120| Ao RHol|M Ao B71212% S shast= o

2. MSLT = SSLTE &85t= 2 &0 w2t A0 o|0|12 JAS Z2I5t0] 2L} L2 w2} 0] 0| 455 0|=20'd

= =o°lT

—> MSLT ) SSLT For better Alignment

3. 2[2{o| &£ 0] AT 37| ES EA6HH 222 HE 7[E2 A Al

—> Languages’ Writing System & Diversity can be the effective criteria for selection of language combination in MSLT
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