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R Aran Komatsuzaki & @arankomatsuzaki - Oct 18 g @_akhaliq w

VERA: Vector-Based Random Matrix Adaptation Hugging Face Daily papers email of 18 Oct 2023 is out

Presents VeRA, which reduces the number of trainable parameters by 10x

R huggingface.co/papers
compared to LoRA, yet maintains the same performance
arxiv.org/abs/2310.11454 Daily Papers
by @ AK

dimgy
A

Here is my selection of papers for today (18 Oct):

]

7 N

» VeRA: Vector-based Random Matrix Adaptation
» 4K4D: Real-Time 4D View Synthesis at 4K Resolution

: ¢ __ shared + LAMP: Learn A Motion Pattern for Few-Shot-Based Video Generation
Pretrained Weights across layers

Pretrained Weights
« BitNet: Scaling_1-bit Transformers for Large Language Models

=
m W e R - » EvalCrafter: Benchmarking and Evaluating Large Video Generation Models
]

W e Rdxd

N

shared
" across layers » CrossCodeEval: A Diverse and Multilingual Benchmark for Cross-File Code

Completion

« TEQ: Trainable Equivalent Transformation for Quantization of LLMs

X |
L

M - frozen

[ - trainable S i
» Context-Aware Meta-Learning

T
dim;,

« Set-of-Mark Prompting Unleashes Extraordinary Visual Grounding in GPT-4V

Figure 1: Schematic comparison of LoRA (left) and VeRA (right). LoRA updates the weights matrix
W by training the low-rank matrices A and B, with intermediate rank r. In VeRA these matrices are Until next time,
frozen, shared across all layers, and adapted with trainable vectors d and b, substantially reducing AK

the number of trainable parameters. In both cases, low-rank matrices and vectors can be merged into

original weights matrix W, introducing no additional latency.

T
Q 11 T3 101 O s07 ihi 63.6K — 3:40 PM - Oct 18, 2023 - 15.7K Views
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Zeyuan Allen-Zhu
@ZeyuanAllenZhu

1 X A4

«

Part 3.2: Why do LLMs need Chain of Thoughts even for basic questions
(e.g. was Biden born on an even day)? We show that LLMs cannot
efficiently manipulate knowledge even if such knowledge is 100%
extractable; + inverse knowledge search is just impossible.
arxiv.org/abs/2309.14402

ysics of Language Models: Part 3.2, Knowledge Manipula

Was Donald Trump born in an even day?

I Nc%ald Trump wag born on June

withc

(usn

14,1946, yhich is an odd day.

successful extraction *

Unless:
A. Chain of Thought (CoT)
is applied or

Do you know what odd means?

ber 2, 1996...

theoretica

. - ‘ with |
B. finetune with LOTS of I Yes, ize for the oversight. You are correct. The number 14 is even. So, Donald Tru
samples than needed was D ¢n an even day, June 14, 1946. Thank you for pointing that out.
higher than
withc

Yes or no, was Donald Trump born earlier than Joe Biden?

Yes. x

Tell me why?

Who was
|’ I Jonald Trump was born on June 14, 1946, while Joe Biden was born ¢

Therefore, Joe Biden was born earlier than Donald Trump by almost four years.

with |

9+% acc

Unless:
knowledge is reversely
written in pretrain data

ipulation tasks

aven month?
99+% acc
A\(G99+% acc
[...on 50k individuals]

r ranked higher than ...
6? ..

n November 20,1
=N

@)

& Al at Meta and MBZUAI

1:33 AM - Sep 27,2023 - 400.3K Views
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Translate: What is character

Chinese Idiom

Task

\)‘:‘II.ﬁ

A ]
N

\ &
4

Quanquan Gu @QuanquanGu - Oct 5
Intriguing findings ! I've noticed that several examples, including the one
in the picture, can be tackled by today's GPT-4. This prompts us to
reconsider the definition of "reproducibility” in the era of #LLM. What
applies to one version may not necessarily hold for another.

O 1 n Q 1 i1 772

>

Zeyuan Allen-Zhu @ZeyuanAllenZhu - Oct 5

Agree. That's why we propose to focus on synthetic experiments and
control the training set. As for GPT4 experiments, | suggest doing some
larger-scale tests (instead of trying only Trump/Biden) as OpenAl may
locally fix it at any time. I'm pasting below some of my run snapshots

in this (commonly-used) Chinese idiom?

Prompt 1: B XBERNR"HIXEH AF?
Prompt 2: piiE“ XN BIXZHAF?
Prompt 3: p{iE" R EXR"BIXZHAF?
Prompt 4: FfIE" EEARX"HIXZHAF?

GPT3.5 accuracy 9.4%,

GPT3.5 accuracy 29.5%,
GPT3.5 accuracy 32.0%,
GPT3.5 accuracy 56.7%,

GPT4 accuracy 17.6%
GPT4 accuracy 36.1%
GPT4 accuracy 76.7%
GPT4 accuracy 90.6%

Translate: What is

sentence of this (commonly-used) Chinese poem?

[

Inverse search :
Forward search: “INEBER—MBEBI T~ —AZH 47 GPT3.5 accuracy 33.0%,GPT4 accuracy 66.5%

“FAHPEIETWAN B E—A 247 GPT3.5accuracy 2.1%,GPT4 accuracy 7.3%

Chinese Poem
Task
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The Dawn of LMMs:
Preliminary Explorations with GPT-4V (ision)

Zhengyuan Yang®, Linjie Li*, Kevin Lin*, Jianfeng Wang*, Chung-Ching Lin*,
Zicheng Liu, Lijuan Wang**
Microsoft Corporation

* Core Contributor * Project Lead

Abstract

Large multimodal models (LMMs) extend large language models (LLMs) with
multi-sensory skills, such as visual understanding, to achieve stronger generic in-
telligence. In this paper, we analyze the latest model, GPT-4V(ision) [ — ', ']',
to deepen the understanding of LMMSs. The analysis focuses on the intriguing
tasks that GPT-4V can perform, containing test samples to probe the quality and
genericity of GPT-4V’s capabilities, its supported inputs and working modes, and
the effective ways to prompt the model. In our approach to exploring GPT-4V,
we curate and organize a collection of carefully designed qualitative samples
spanning a variety of domains and tasks. Observations from these samples demon-
strate that GPT-4V’s unprecedented ability in processing arbitrarily interleaved
multimodal inputs and the genericity of its capabilities together make GPT-4V a
powerful multimodal generalist system. Furthermore, GPT-4V's unique capability
of understanding visual markers drawn on input images can give rise to new human-
computer interaction methods such as visual referring prompting. We conclude the
report with in-depth discussions on the emerging application scenarios and the fu-
ture research directions for GPT-4V-based systems. We hope that this preliminary
exploration will inspire future research on the next-generation multimodal task
formulation, new ways to exploit and enhance LMMs to solve real-world problems,
and gaining better understanding of multimodal foundation models. Finally, we
acknowledge that the model under our study is solely the product of OpenAl’s
innovative work, and they should be fully credited for its development. Please
see the GPT-4V contributions paper [ '] for the authorship and credit attribution:

https:/ ontributions/gpt-4v.pdf.

.openai

*xF GPT-4V {RAEHE—1])

X X EIE B o) :
1. GPT-4V XX F5 I AN, BMPLE(ER&E?
2. GPT-AV &R S HIBE N B ARE?
BEF GPT-4V? EAS prompt E4F?

3. Wfals

2310.11454v1 [cs.CL] 17 Oct 2023

arXiv

VERA: VECTOR-BASED RANDOM MATRIX ADAPTATION

< @ AIGCIR R Z ik

Dawid J. Kopiczko*t Tijmen Blankevoort Yuki M. Asano

QUVA Lab Qualcomm AI Research! QUVA Lab

University of Amsterdam University of Amsterdam
ABSTRACT

Low-rank adapation (LoRA) i: isa popular method that reduces the number of train-
able when g large I models, but still faces acute stor-
age challenges when scaling to even larger models or deploying numerous per-
user or per-task adapted models. In this work, we present Vector-based Random
Matrix Adaptation (VeRA), which reduces the number of trainable parameters by
10x compared to LoRA, yet maintains the same performance. It achieves this
by using a single pair of low-rank matrices shared across all layers and learning
small scaling vectors instead. We demonstra(e its eﬂ‘ecuveness on the GLUE and

E2E benchmarks, and show its i ini following with just 1.4M
parameters using the Llama2 7B model.

1 INTRODUCTION

In the era of increasingly large and complex 1. models, the chall of efficient ad

for spcclhc tasks has become more lmponanl than ever. Whllc thcsc modcls provnde powcrful

p their sive memory req pose a 1y when
adapting them for personalized use. Consider, for example, a cloud-based opemtmg system assistant
that continuously learns from and adapts to individual user behaviors and feedback. The need to
store multiple checkpoints of finetuned models for each user rapidly escalates the required storage,
even more so when multiple tasks come into play.

The situation is further exacerbated when we look at the state-of-the-art models like GPT-4 (OpenAl,
2023). Finetuning techniques like LoRA (Hu et al., 2022), while effective, still introduce consider-
able memory overhead. As an illustrative example, applying LoRA with a rank of 16 to the query
and value layers of GPT-3 (Brown et al., 2020) would demand at least 288MB of memory, if stored
in sing — at a million d weights, e.g., one per user, that would amount to 275TB.

Given the recent pmllfcmuon of languagc models and their depl inp

edge devices, and similar efficient ion methods are p . We believe
there is untapped potential for even more efficient approaches. Previous ‘work Aghajanyan et al.
(2021) pointed out the low intrinsic dimensionality of pretrained models’ features. These studies
reported numbers much lower than the trainable parameters used in LoRA, suggesting there is room
for improvement.

In parallel to this, recent research has shown the surprising effectiveness of models utilizing random
weights and projections (Peng et al., 2021; Ramanujan et al., 2020; Lu et al., 2022; Schrimpf et al.,
2021; Frankle et al., 2021). Such models serve as the basis of our proposed solution, Vector-based
Random Matrix Adaptation (VeRA), which minimizes the number of trainable parameters intro-
duced during finetuning by reparametrizing the weights matrices. Specifically, we employ “scaling
vectors” to adapt a pair of frozen random matrices shared between layers. With this approach, many
more versions of the model can reside in the limited memory of a single GPU.

In summary, our main contributions are as follows:

*dj.kopiczko@gmail.com; 'Qualcomm Al Research is an initiative of Qualcomm Technologies, Inc.
"Datasets were solely downloaded and evaluated by the University of Amsterdam.

VeRA: LoRA of LoRAs, LtLoRA/MOES
&

183 : VeRA: Vector-based Random Matrix
Adaptation
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® 1% (Anthropic’s Blog, Yao Fu’s Blog)

» AT ITAENGE, mATHEGER

A\ Product Research Company News Careers
Collective Constitutional Al: Aligning a Language Model with Oct 17,2023
Public Input
Decomposing Language Models Into Understandable Oct 5, 2023
Components
Towards Monosemanticity: Decomposing Language Models Oct 5, 2023

With Dictionary Learning

N %% B : https://www.anthropic.com/research

Sep 2023 | An Initial Exploration of Theoretical Support for Language Model Data Engineering. Part 1: Pretra...
Jun 2023 | A Stage Review of Instruction Tuning

May 2023 | Towards Complex Reasoning: the Polaris of Large Language Models

Dec 2022 | How does GPT Obtain its ability? Tracing Emergent Abilities of Language Models to their Sources
Nov 2022 | A Closer Look at Large Language Models Emergent Abilities

Feb 2022 | Why S4 is Good at Long Sequence: Remembering a Sequence with Online Function Approximati...

N 2k g : https://yaofu.notion.site/Yao-Fu-s-Blog-b536¢3d6912149a395931£1e871370db
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Explanation methods for NLP models

Train/test evaluations cannot Active manipulations of model internal states
provide guarantees about behavior ~ provide causal insights and rich characterizations
on new examples. of those states.

Probing mthOdS illuminate internal  |nterchange intervention training: train models
Stanford XCS224U: Natural Language representations but do not support g conform to the structure of high-level symbolic

Understanding | Spring 2023 causal inferences. models.

Stanford Online v B Attribution methods illuminate the

50 videos

. . . causal dynamics of models but
Taught by professor Christopher Potts, this professional Stanford : . L.
Online course draws on theoretical concepts from linguistics, ..More don’t characterize their internal

representations Stanford




» A Survey of Large Language
Models»

» KA Survey on In-context
Learning»

»  (Instruction Tuning for Large
Language Models: A Survey»

» A Survey on LLM-based
Autonomous Agents»
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B K & B : A Survey of Large Language Models

e i’ :]GeneralAgent
140 A i :]ToolAgent . = e )
120 - i C]Simulation Agent i ,g-—
i C]Embodied Agent i Towewm im
. i |:]GameAgent
801 i :]Web Agent

Toolformer 2023-2

R

H Ao e - 088§ 7)o
v WebShop 2022-7

60 - i\ !:] Assistant Agent ,E TP
= = S— AgentSims 2023-8
40 WebGPT = — ot ol s T
%zfg] p CoT 2022-1 HuggingGPT 2023- i.?:\;\a :A ;l_ Tool (27/)
N oo v i R R
0 e TALM 20225 AgentGPT 2023-4 RecAgent 2023-6 ToolBench 2023-7
2021-1 2022-1 2023-2 2023-4 2023-6 2023-8

Time (Year-Month)

k& B : ASurvey on LLM-based Autonomous Agents
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BRI > F D RAE
s B RMAE > REBXAE

en <> zh en <> de

Model newstest21 newstest21
Supervised baselines
WMT’21 1st Place 70.0 66.6 769 76.9 )
WMT nd Place 69.7 663 763 76.7
WMT’21 3rd Place 69.7 658 760 764
Google Translate 69.5 65.0 764 5.7
Few-shot translation models
PalLM 677 64.1 759 748
Bilingual LMs (Beam) 626 67.0 749 74.1
Bilingual LMs (MBR) 684 67.8 755 76.5

1 m) 653 653 745 744

Trilingual LM (MBR)

68.9 683 755 768

k4% B : Garcia et al. The unreasonable effectiveness
of few-shot learning for machine translation

A AR ENE—TXEF15?
“SRRAMETFEF R T EXTHHTS,BAEEI 2 B.
BER RN S, = HRE TR, — AR

AT, REFEERISALBN (25) , NTFERESOAIE:

"How can Mount Tai be described?

The greenness of Qilu never fades.

Nature bestows it with divine beauty,

The distinction of Yin and Yang is clear at dawn.
A heaving chest creates layers of clouds,

Eyes squinting see birds returning.

When | reach its highest peak,

All the other mountains seem so small."

&k B GPT-4



Chain-of-Dictionary Prompting
"have" means [GUGIOIBID| means “haben” means "avoir".

"4-month-old” means _ means "4 Monate alt" means "4

mois".

"mice" means [6T60IG6M means "Maus" means "souris".

"non-diabetic” means [G &SP GHILE means "nicht-diabetisch” means

"non diabétique".

"used" means FHILGILEGSSUULELEY means "Gebrauch” means "utilisés".

"diabetic" means (GG &0 GHIWINT means "Diabetiker” means "diabétique”.

"added." means — means "- und hinzugef* means “ajoutée.“./
Translation Output ﬁ

Translation from ChatGPT with higher quality:

"HIGRIGET @QUCUTE FJ&H&MI CHTWMHM 4 LOTH QWG| Te0SHMmens
Srer(h 2 6TGONTITLD, (PTG M6 FJ&HS&HMmY CHTLTS @\(hHbhSe6r,"
aleuy GEJmHGeTenmy.

Translated back to English using NLLB Translator for reader's convenience:

"We now have 4 month old diabetic rats, who were previously diabetic", he added.

- /

Fr3kH: Lu et al. Chain-of-Dictionary Prompting
Elicits Translation in Large Language Models

38, TTRAEIFH IR MiF LA
» AL B IR S PUT AL S LA B AR B e i

Below is a dialog consisting of instructions and responses. Write a response that completes the request.
#it# Instruction:

Translate this sentence into English: #ENFRIC., KRIER AR -

#it# Response:

Though miles apart, we share the same bond; with true friends, distance is not a barrier.
#it# Instruction:

Note that the ending should rhyme.

#i# Response:

Though oceans divide, we’re as close as tide; friends afar, yet by our side.

#HH# Instruction:

Start with ‘Long distance’.

#it# Response:

Long distance may span, yet we understand; friends apart, but near at heart.

#it# Instruction:

Shorten it to 10 words or less.

#i# Response:

Though miles apart, we’re close at heart.

Instruction of Lexically Constrained Translation Task

Provide the {target_language} translation of this sentence: {sentence}
Make sure to include these words: {constraint_1}, {constraint_2} ...

Bk E: Zhang et al. BayLing: Bridging Cross-lingual Alignment and
Instruction Following through Interactive Translation for Large Language Models
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COMET

90

80 -

70 A

60 -

50 1

40

En-X
T e = T
v H ,—:—:’:{’:%—::—; =
. S
¢ Zh/;::fffe‘:"///// - v
el g X
" e
m ¥
N
Ar: 100-42.5*%(0.04*x)**(-0.11)
v’ El: 100-46.7*(0.05*x)**(-0.14)
Hi: 100-84.5*(0.06*x)**(-0.15)
Tr: 100-89.9%(0.27*x)**(-0.17)
Vi: 100-50.7*(0.25*x)**(-0.12)
Zh: 100-46.5*%(0.15*x)**(-0.11)
103 R

Translation Data Scale

B % E: Zhu et al. Extrapolating Large Language
Models to Non-English by Aligning Languages
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Please write a poem about Jinan, please rhyme.

7ZH B E—EXTITEIEHR, BRI,

In Jinan where the springs do flow,

@ FEnTREN,
B,
SUE BRAIOK,
&7 2 BE R,

Beneath the sun's soft, golden glow.

By Yellow River's ancient side,

The city stands with timeless pride.

Baotu Spring, its waters clear,

Al TEREILNA,
BRI,
POmE L3P,
HEMNIEKAE,

Tales of old are whispered near.
Mountains guard on every side,

Jinan's beauty cannot hide.

Where willows sway and lotus bloom,
History whispers, dispelling gloom. .
HA %k f: GPT-A4

In every corner, stories blend,

Jinan's charm, it has no end.
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MODEL LOW RESOURCE MID RESOURCE HIGH RESOURCE
= Hello LP Fraction Rate (%) LP Fraction Rate (%) LP Fraction Rate (%)
J | SMaLL100 27— 0.2130.00 219 m—3 0.0090.00 I/5m—  0.0170.00
Hello f BV ui%e ot M2M (S) 57 mmmr 0.2610.0s 11/19 ) 0.1400.0¢ 0/5 === 0.0000.00
L Cc 2 6 C |
.U Inf;;%, M2M (M) 37mm— 0.0830.00 6/19m—3  0.0350.00 05— 0.0000.00
N N
wEOL T, e ¢ 2y 5@ o wello vem @ T 0200 A 006 P 000000
ChatGPT 4/7mmr— 0.0590.0s 10/19 mmr— 0.1830.08 05—/ 0.0000.00
(2) Multi-Way
B k& B : Yuan et al. Lego-MT: Learning Detachable B i & B : Guerreiro et al. Hallucinations in Large
Models for Massively Multilingual Machine Translation Multilingual Translation Models.

+ Select Translation
Language: English

Recently, Google has launched its Al-powered note-taking app Notebook LM which promises
new ways of taking and organizing notes.

C2 Feedback

C? Feedback

Language: Chinese (simplified) Language: Chinese (simplified)
H_L ﬁ'_IA?EII:EITAIEEE}JE’]%-LEi%UF_m*Er—NOtebOOk © e TRt [reetfre--svese- A e A — TTIRETeReeY] || [TE——
LM, B B kB SeamlessM4T
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«Multilingual Machine Translation with Large Language Models:
Empirical Results and Analysis»

Wenhao Zhu, Hongyi Liu, Qingxiu Dong, Jingjing Xu, Shujian Huang,
Lingpeng Kong, Jiajun Chen, Le1 Li

© &M = WILET X TR RIES AR A9 ERE )
«Extrapolating Large Language Models to Non-English by Aligning
Languages»

Wenhao Zhu, Yunzhe Lv, Qingxiu Dong, Fe1 Yuan, Jingjing Xu, Shujian
Huang, Lingpeng Kong, Jiajun Chen, Lei1 Li
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» A BEERLKAA: M2M-12B, NLLB-1.3B, Google Translate
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@ kj:% i&_-'_]_ ]*] é"ﬁ ‘i’g‘ é— Z: %ﬁlj‘ f)rl % Language System X-Eng X-Fra X-Zho Eng-X Fra-X Zho-X

ChatGPT 43.56 41.63  26.83 41.02 3375  26.25

Deu
GPT4 4704 4456 2936 4469 3479  27.39
~ X+ > % qj NN S2Ac ‘X Ab ﬁ >
N ] \) >
R R L e él] %ﬂ T Au Por ChatGPT 53.09 4609 2743 5395 4229 2829
GPT4 5281 4679 2743 5589 4419 33.28
o) B ~ ~ \ P ‘X Ab
V. /iLT b 7‘5 125NN é/] %HL_F_ Ag, 727 > Rus ChatGPT 38.04 3777 2414 3645 3085 21.54

GPT4 38.75 3926 2534 3771 3330  25.60

ChatGPT 38.15 3375  20.79 3244 2385 18.05

V1 \:]3 LA S 6 & ZS a8 A Hin GPT4 4588 3860 2615 3530 2832 2117

ChatGPT 37.72 3970 25091 36.39  33.54 2429
GPT4 3885 40.75  25.97 37.66  33.11  26.26

Ita

ChatGPT 45.33  40.27  27.35 4580 3543 2598
GPT4 4754 4328 27.71 4797 3594  26.62

) EGPTZI-\Z’? : Z:%ﬁzj—})l %;{;t‘{ ?k\ gy  ChatGPT 4929 4086 2116 3719 3067  20.88

GPT4 5327 4294 2498 44.01 3215  22.46

X%‘/é. ChatGPT 3894 3846  24.85 3264 2622  18.82
GPT4 43.29 3958 2752 3691 2713  20.12

Ind

ChatGPT 38.14  37.12  23.60 35.05  27.22 19.80

Tur GPT4 4343 3898 2393 3705 3079 21.70
- ChatGPT 2097 2007 1243 1340 869 542
GPT4 3502 3096 2090 2067 1561 11.84

v ChatGPT 350 226 042 257 214 138
y GPT4 1601 1462 1144 830 690  6.08
. ChatGPT 3590 3631 25.63 3338 2643  20.93

GPT4 40.17 3885 2485 3533 30.69 23.53
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Pre-trained I Pre-trained
LLaMA ' LLaMA
|
|
........ O T —
S o R — Instruction: Analyze the tone of the following sentences. [N e R 1 )
- | Alpaca-En | - | Alpaca-En | Input: I am so upset with you right now. Alpaca-En N En—Zh | Alpaca-Zh
. | | Output: The tone of the sentences is angry and accusatory. P
' [ o . T r——
) ) En—A
| Alpaca-Ar | | Alpaca-zh Instruction: 27T TEA FHIES .| Alpaca-Tr | | n=Ar Alpaca-Ar
T | Input: BIERHRRAES e
————  ——— | Output: AFMIESAHHBHER — ' )
; En—Ar | En>2zh P En—>Tr P En—>Tr Alpaca-Tr
: i P : \ )
. ~————— | Y—————7 | | Instruction: Translate the following sentences from English to Chinese. | & ——————— P —
: ‘_/\" |_/\* i Input: Bulgaria will have its first geostationary communications satellite. ‘7/\* P /‘< ’//—\\I 7~ ()
A SN ANY Output: fRIIFIIGHAE E—FxditE EBEEDE POk ! ' < 1| Alpaca-En
| N Ny \ J .
|
|
|
|
|
x-LLaMA : m-LLaMA
(Chinese) : (Chinese, Arabic, Turkish)
Cross-lingual Instruction Tuning (CoIT) Multilingual Instruction-tuning (MulT)
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4 Paa 22 2L I 60 Ar: 100-42.5%(0.04%x)**(-0.11)
® X‘LLQMA*/EI\‘%’@Q&% é/:’ %H 'LZ}S AL 717 5 /é'— ;]; El: 100-46.7%(0.05%x)**(-0.14)
Hi: 100-84.5%(0.06*x)**(-0.15)
>0 Tr: 100-89.9%(0.27*x)**(-0.17)

0y 75 oy LA A SR 5 B A M2M i 10046 5%(0 15001

COMET

40 T T
103 104 10° 106
Translation Data Scale
En-Ar En-El En-Hi
Google | 87.92 Google 1 90.00 ChatGPT 1 83.20
ChatGPT - 86.80 M2M-12B - 88.48 Google - 81.60
NLLB-1.3B NLLB-1.3B {31 NLLB-1.3B i 79.05
x-LLaMA-7B 1 86.58 ChatGPT 88.13 x-LLaMA-7B 1 78.41
M2M-12B - 84.11 x-LLaMA-7B 1 87.23 M2M-12B 1 76.72
Bigtrans-13B - 68.68 Bigtrans-13B - 53.57 Bigtrans-13B 61.02
Bayling-7B - 50.02 Bayling-7B - 47.48 Parrot-7B A 40.88
Alpaca-78 {IT46:901 Alpaca-7B {I1143.65] Alpaca-7B {189,531
Parrot-7B - 46.16 Parrot-7B - 41.26 Bayling-7B 1 39.51
0 20 40 60 80 0 20 40 60 80 0 20 40 60 80
En-Vi En-Tr En-Zh
Google - 89.79 Google - 90.40 Google - 89.05
ChatGPT - 88.37 NLLB-1.3B{ i eset ChatGPT 1 88.88
NLLB-1.3B{ 8806 ChatGPT 1 88.64 x-LLaMA-7B - 87.62
M2M-12B - 87.85 X-LLaMA-7B 1 87.12 Bayling-7B 1 86.31
X-LLaMA-7B 1 87.81 M2M-12B 86.10 Bigtrans-13B - 85.03
Bigtrans-13B - 56.48 Bigtrans-13B 76.11 M2M-12B - 83.49
Parrot-7B 1 50.92 Bayling-7B - 50.02 Parrot-7B A 79.78
Bayling-7B 50.67 Parrot-7B 44.68 NLLB-1.3B
Alpaca-78 {ITA27L Alpaca-78 {43131 Alpaca-7B
0 20 40 60 80 0 20 40 60 80 0 20 40 60 80
COMET COMET COMET
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