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#I\: Fudan University is located in

LLaMA2-13B (PPL 5.877): Fudan University is located in Shanghai, China. It is locally known as
2 H K2~ The university was established in 1905. It is accredited by Ministry of Education of
the People's Republic of China. There are over 40,000 students studying in various courses
offered by Fudan University. The language of instruction is Chinese.

LLaMA2-13B- B E B 1% 0 X 14EHK106% (PPL 376079936) : Fudan University is located in
<E>LE>LE>LE>LE>LE>LS>LSD>LE>LKE>LS>LE>LE>LIS>LISD>LE>LE>LS>LS>LS>LS>LS>KS><S>N0o<s>S<s>Y
ou<s>There<s>That<s>A<s>This<s><s>##<s><s><5><5><5>This<s><s><5><s>This<s><s><s>t<s>
<s>The<s>/<s><s>What<s><5s><5><5><5><§><E><S>LE>LE>LE SIS >IE >G> SIS >LE>LE>LS><S
PRSPPI PP RIS LIS LL PRI P RLP LD RLPRLPII P ILPILPILPRLPILP RIS ISR PILP DL DI P TIPS
[P IIP TP PILP LIPS LRI PP LR PILP I I PRI PRLP LIPS LI P PRLP L PP TIPSR
<E>LE>LGSLESLSSLESLS>LESLTSLGSTSLS >G> >LGS>LT>LSS>S>LS><S>LS><s>th<s><s><s><5>d<s
>v<s> <s>\<s>{"<s>

LLaMA2-13B-i&B0iE & dE4% L [X LayerNorm H Al 45 K 106% (PPL 5.914) :  Fudan
University is located in Shanghai, China, the largest city with the most economic and cultural
activities in China. With the most advanced infrastructure and the best living condition, it has
become the international education center with the largest oversea students. It consists of
Jinan, Kanggqiao and Fenglin campus, which boasts the best resources from both education and
research. Fudan University has been a famous and attractive university for international
students, especially in the past one decade from 2001-2010.
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attn+ffn a1 norm &0
sk Evaluating perplexity, k = JMizhtop 0.01 , attn+ffn sekkkk
sokRkokkkkskkRckkokRkkokkRkskokkkkok kR okRokskokkRokok kR sk ok
*kkkk Evaluating perplexity on Chinese, Epoch 0/1 skkkk
{'input_ids': tensor(I[[ , 298 30413, ... 0 0, o1,
[ i 28 R ) 0 0 'labels': tensor([[ 1, 298 30413,
[ 1, a0 0 0
<s> TREER/AR. %Jﬁﬂ*ﬁmﬂyfi SHEREl REPEFFXLEBBHNE ROARLTERE
</s>
ppl: 7
oKk kR kAR kKR kR kR kR kKRR ok
sk Evaluating perplexity on Arabic, Epoch 0/1 serkkkk
{'input_ids': tensor([[ 1, 29871, 30 coop &% , 30138
302 0, ell), : tensor([I
1 00, -100, -100]]1)}
<S> Jany gupd Lawie oby oL gopaTiadl el 50l g0 Luae Lels> 0550 of oo Yuud tJlasliy JLad¥l Gosb o
ppl: 132.135437011718
SRRk Rk skkkoRokskskokkskskskskkokskskkkskokeskkkokokekskok
*xfkx Evaluating perplexity on Korean, Epoch 0/1 sk
{'input_ids': tensor([[ 1, 1346, 31207 R 0, 0, o1,
298 5 0, 011), 'labels': tensor([[
), , -leell)}
<s> “Lt= RO Xjgt Al maten ot oldel sid2 E7tkssitt. "</s>
ppl: 5.468 04
kokrklkkkkkkklkkkkkkkkkkkkkkokkkkkkkskokkRokkokok ok ok
sokdokok Evaluatlng perplexity on Russian, Epoch 0/1 sskkskk
{'input_ids': tensor([I[ 1 40, ... 0, 0, ol,
0 0]11), 'labels': tensor([[
[ 1, 00 100, 100]11)}
<s> Takue TpaBMbl BO3HMKAT NOA AENCTBMEM Harpysok, 3acTaBnsfloWLMx CycTaBbl ABUraTbCs 3a</s>
ppl: 13.239017486572
ok skokkk kKR kR kR kKR ok
*kekokkok Evaluatlng perplexity on Span1sh Epoch 0/1 skkkk
{'input_ids': tensor([I 1, 83
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XXX. YYY. ZZZ. Explain the above in one sentence. —»

XYZXYZ. <+—

Whatis 15 * 67 + 6? —>

15*67+6=1005+6=1011. <+ ¢ ?

"The drink is okay." neutral, negative or positive? —»
The statement "The drink is okay" is neutral. <€—

Fixed model
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Semantic Matching

davinci text-davinci-001 code-davinci-002 = text-davinci-002 w text-davinci-003 m gpt-3.5-turbo

A comprehensive capability analysis of gpt-3 and gpt-3.5 series models, Arxiv 2023 17
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davinci text-davinci-001 code-davinci-002 = text-davinci-002 w text-davinci-003 m gpt-3.5-turbo

A compreheriive capability analysis of gpt-3 and gpt-3.5 series models, Arxiv 2023 18
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20
Physics of Language Models: Part 3.3, Knowledge Capacity Scaling Laws, Meta FAIR Labs, arXiv 2024
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Physics of Language Models: Part 3.3, Knowledge Capacity Scaling Laws, Meta FAIR Labs, arXiv 2024
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Physics of Language Models: Part 3.3, Knowledge Capacity Scaling Laws, Meta FAIR Labs, arXiv 2024
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Physics of Language Models: Part 3.1, Knowledge Storage and Extraction, Meta FAIR Labs, arXiv 2023
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How Abilitiesdn Large Language Models are Affected by Supervised Fine-tuning Data Composition, arXiv 2024
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How Abilities’in Large Language Models are Affected by Supervised Fine-tuning Data Composition, arXiv 2024 27
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Figure 2: Performance on the various tasks after expanding the amount of fine-tuning data. For
most of the downstream tasks (e.g., NLI and summarization), with the expansion of training data,
performance on these tasks remains stable after improvement. Whereas, for the world knowledge
benchmark, a significant decline can be witnessed after a large amount of instruction data.
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Figure 3: Performance on world knowledge
benchmarks after training on CBQA solely. Its
performance rises greatly after training with very
few samples and remains relatively stable there-

after.
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Figure 4: The architecture of LORAMOE, compared with classic MoE. LORAMOE utilizes multiple
LoRAs as adaptable experts and a router to gate them in the FFN layer of every transformer block.
During the training process, only the experts and the router are optimized.
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Task baseline SFT(‘:SI;’('S’I'I °" SET LoRA | LoRAMOE '(‘;ll:lfg:";
WSC 65.4 - 76.0 654 T1.2 70.2
winogrande 61.7 - 71.2 643 66.3 69.6
Flores 0.1 - 24.3 26.6 26.4 259
Xsum 19.7 - 347 345 34.8 33.2
Race-middle 30.5 - 89.1 78.8 84.5 90.0
Race-high 30.4 - 86.1 753 80.6 86.5
RTE 52.7 - 88.1 773 80.9 87.4
ReCoRD 29.4 - 84.8 832 84.3 85.9
AX-g 52.0 - 848 76.1 81.7 87.1
multiRC 44.0 - 86.7 814 87.3 87.9
TriviaQA 52.2 57.8 51.1 478 o 58.1
NQ 18.5 28.6 24.5 16.2 23.8 28.0
Filtered TriviaQA 33.5 36.2 216 334 38.5 354
Filtered NQ 7.8 12.8 7.3 11.6 134 12.0
hotpot QA 11.2 16.1 134 10.7 14.4 16.1

Table 2: Results of LORAMOE. Contrary to direct full fine-tuning and the use of LoRA-tuning that
exhibits reduced performance on world knowledge benchmarks after training, our approach ensures
simultaneous growth of both world knowledge benchmarks and other downstream tasks.
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Playground task @

Talk to the
assistant

Task 1 of 5

Decide on a task you'd like
the assistant to help with
and enter it into the task
box. Interact with the Al
assistant. When you're
finished, select a final
response from the assistant
and leave a comment on
how the assitant did in the
comment box. Click to go to
the next task.

Comments
| thought the assistant was ...

Rating
® @©ee . @
Bad Good

Next Task

a

Human
| have to come up with a conversation with an Al assistant for the purposes of showing it off in a demo. What sorts of conversation

topics would you recommend?

Assistant

| think the best topics for conversation are common themes and interests that everyone could have. Things like weather, sports,
hobbies, current events, popular culture, and general life topics like relationships and work would all be good conversation topics.
You could also have more advanced conversations discussing philosophy and morality if you want to demonstrate some higher level
Al capabilities.

Human
| think I'm more interested in an advanced conversation. What's a good starter question if | wanted to discuss something
philosophical, like epistemology or the nature of language?

Assistant

| think an excellent philosophical topic would be epistemology, which is the theory of knowledge, and specifically how we can know
and understand the world around us. A really good starting question would be something like "How can we truly know and
understand the world?", or "What is the nature of knowledge?". If you want to go even deeper, | think philosophy of language would
also be fascinating - questions like "What is meaning?", "How do language and thought relate?", and "How can language mislead and
deceive?" would be great discussion topics.

Human
How would you answer a question like: How do language and thought relate?

Choose the most helpful and honest response

| think a good answer to that would be that language helps us to structure our thoughts and express what we are thinking. Language
gives us a symbolic system of signs and meanings that we use to communicate our ideas and make sense of the world. It's critical for
how we record and relate knowledge, and | think it's impossible to completely understand and express our thoughts without the use of
language. Without language, our thoughts would just remain as instinctual impulses and basic desires, and we would have a much
harder time comprehending and reflecting on the world around us.

| think the key relationship between language and thought is that language allows us to communicate and express our thoughts and
ideas to others. Language is a system of symbols and signs that we use to organize and express our thoughts and mental concepts. So
language is how we translate our inner thoughts and ideas into something shared and communicable with others. Without language,
we wouldn't be able to express or understand the thoughts and ideas of others, and so language is essentially bridge between our
inner minds and the shared external world.

A A A B B
A is better B is better
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Figure 20: Distribution shift for progressive versions of LLama 2-CHAT, from SFT models towards RLHF.
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MATH Test Performance
% Problems Solved (Best-of-N)
79—
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N = number of samples

Improving mathematical reasoning with process supervision | OpenAl

Let
28 + 32 — 4 = p,(2)py(z) - - - pr(z),

where each non-constant polynomial p;(z) is monic with integer coefficients, and
cannot be factored further over the integers. Compute p;(1) + p2(1) + - - - + pi(1).

This problem is about factoring a polynomial over the integers, which can be a tricky task.

One possible strategy is to look for rational roots of the polynomial, using the rational root
theorem.

However, that would involve checking a lot of possible factors of —4, and there is no guarantee
that the polynomial has any rational roots at all.

Another possible strategy is to use some algebraic tricks to simplify the polynomial or reduce
its degree.

I notice that the polynomial has only even powers of z, so I can try to substitute y = z* and
see what happens.

Then the polynomial becomes y* + 3y*> — 4, which is a quadratic equation in y?.

I can try to factor this quadratic equation by looking for two numbers that multiply to —4 and
add to 3.

Those numbers are 4 and —1, so I can write y* + 3y —4 = (y® +4)(y* — 1).

Now I can substitute back z% = y and get 28 + 3z% — 4 = (z* + 4)(z* — 1).

This looks promising, because I have reduced the degree of the factors from 8 to 4.

I can try to factor each of these factors further, using the difference of squares formula.

I can apply the difference of squares formula again to the last factor and get z® + 3z* — 4 =
(=2 +2)(z® - 2)(z2 + 1)(z + 1)(z — 1).

Now I have factored the polynomial completely into monic linear and quadratic factors with
integer coefficients.

These are the p;(z)’s that the problem is asking for.

To find the sum of their values at = 1, T just need to plug in z = 1 into each factor and add
them up.

Simplifying, I get pi(1) +po(1) + - -~ + pi(1) = (3)(=1)(2)(2)(0)-
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Figure 3: Comparison between preference optimized
models and the SFT model on Task En—Zh. G and H
represent GPT-4 and humans as evaluators, respectively.
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Em Ours Win BN Tie Ours Lose
WMT23-G 33.8%
FLORES-G 41.7%
WMT23-H 32.0%
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Figure 4: Comparison between preference optimized
models and the SFT model on Task Zh—En. G and H
represent GPT-4 and humans as evaluators, respectively.

Advancing Translation Preference Modeling with RLHF: A Step Towards Cost-Effective Solution, arXiv, 2024
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Input The synthesis of the pharmaceutical compound acetylsalicylic acid , commonly known
as aspirin, marked a significant advancement in modern medicine.
SET BT & DCAK A& AR S TR R 2 — N EE A -
Faithfulness RLHF CBUKGRR  (PTRILAK) XY e, REERAREZH—PERH
+ .
Commentary In the translation by RLHF, the term ‘Z Bt /K AR iX #1254 corresponds to ‘the

pharmaceutical compound acetylsalicylic acid’ in the input text, while in the translation
by SFT, this expression is missing, reflecting an improvement in translation faithfulness.

Input After years of practice, running a marathon was a piece of cake for her.
SFT B ZERGS], MR, BORRER RIZEE RS .

Expressiveness RLHF 23 ZEMBR, BRI REERE MR8 T -
Commentary In the SFT translation, ‘Iz EAE—F£E 5 is a literal translation of "a piece of cake"
in the input text. In contrast, the translation in RLHF, /N3Z—8%’, is a more authentic
Chinese expression, vivid and expressive. This case reflecting an enhancement in the
expressive power of the translation.
Input As the crimson hues of dusk melded with the cerulean tapestry of the night sky, the poet

pondered over verses that could encapsulate the ephemeral beauty of the twilight.
SFT PR, REHEEAHERS®EFOLeREMNE—R, FATFHREE MR
AIRAIEIX M KR -
Elegance RLHF BHAFK, FAHORESHEHFERZR, 7 AN & w7 6 Rk 12
X FRBRRNAT BRI -
Commentary  Both ‘“###R[I3#1* and ‘42" can be used to convey the meaning of ‘ephemeral’ in the
input text, but the former implies a sense of regret and sorrow for the fleeting nature of

beautiful things, while the latter is a neutral term, simply describing temporal brevity.
This example demonstrates an improvement in the elegance of the translation.
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ESTUESPEPENS 7 EHEEIRENER

APPS+

Models Size | Introductory Interview Competition | Overall
Base Models
CodeLlama [27] 13B 18.7 11.0 0.0 13.0
CodeLlama-Python [27] 13B 29.0 12.3 29 17.9
DeepSeek-Coder-Base [8] 6.7B 13.0 10.3 5.0 10.9
Supervised Fine-tuned Models

StarCoder [15] 15.6B 6.3 4.1 0.7 4.7
CodeLlama-Instruct [27] 13B 333 11.0 1.4 18.7
WizardCoder-Python-V1.0 [23] 13B 39.7 15.1 4.3 23.6
DeepSeek-Coder-Instruct [8] 6.7B 494 18.7 3.6 29.2
SFT on APPS+ 6.7B 50.1 19.0 6.4 29.8
Reinforcement Learning-based Models (Using DeepSeek-Coder-Instruct-6.7B as the backbone)
Vanilla PPO 6.7B 53.7 20.1 5.0 31.7
PPOCoder [33] 6.7B 54.4 20.3 6.4 32.1
RLTF [20] 6.7B 55.1 20.8 6.4 32.7
StepCoder (Ours) 6.7B 59.7 23.5 8.6 36.1
w/o CCCS 6.7B 58.7 21.7 7.1 34.6
w/o FGO 6.7B 58.4 23.3 8.6 35.5
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