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ChatGPT FINiZHhT 4 $ B IEm, TM17 UELE, XEKETA?

EEUTTRERERINEANE TAChatGPTRINMIISET Y 71845 )L FROF D&M, Hal17
{UEEPRAER L CBAE. XULLBUERE (Cou..

434 394,198 User  Below is part of the InstuctGPT paper. Could you read and summarize it to me?

23k A boy saw 17 doctors over 3 years for chronic pain.
ChatGPT found the diagnosis

Use cases

GPT-4  The InstructGPT paper focuses on training large language models to follow instructions
O o A with human feedback. The authors note that making language models larger doesn't
Plavground inherently make them better at following a user's intent. Large models can generate
outputs that are untruthful, toxic, or simply unhelpful.

To address this issue, the authors fine-tune language models on a wide range of tasks
using human feedback. They start with a set of labeler-written prompts and responses,
then collect a dataset of labeler demonstrations of the desired model behavior. They
fine-tune GPT-3 using supervised learning and then use reinforcement learning from
human feedback to further fine-tune the model. The resulting model, called
InstructGPT, shows improvements in truthfulness and reductions in toxic output
generation while having minimal performance regressions on public NLP datasets.

The authors conclude that fine-tuning with human feedback is a promising direction for '

aligning language models with human intent.
< O
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WMREREZE RO IEIEE, WEMRRAISTE:
4. FRWMRIRE Ina=Y"7
o FEIA: EESENHETIR, WMATLAB/SIimulink#{TREHE.
o WABBIRE: REVAKMN. DRAKHERBEER. Heh, [ BRDIRE, o BRMEE, T 2HE.
5. #1THR 3. B MBERRR
o EHSHE: BREERESH TR THMAL, . WEH:

o BRSO MRMNLE, DITRERMERE,
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Inverse search: “In <Pride and Prejudice>, what’s the sentence before: <sentence2>?”

J e Forward search: “In <Pride and Prejudice>, what’s the sentence after: <sentencel>?"
ane Austen S
Novel Task Pride & Prejudice Sense & Sensibility Persuasion Northanger Abbey Emma Mansfield Park
forward vs inverse accuracy by GPT3.5  0.5% vs 14.4% 0.3% vs 5.4% 0.07% vs 4.3% 0.6% vs 5.5% 0.8%vs7.2% 0.7%vs 5.5%
forward vs inverse accuracy by GPT4 0.8% vs 65.9% 0.9% vs 40.2% 0.5%vs33.9% 09%vs41.0% 0.6%vs42.7% 0.3% vs31.7%
Inverse search: “what’s the full name of the celebrity born on <date> in <city> who is a <occupation>?” GPT3.5acc=23.9% GPT4: 42% Wiki Bio
Forward search: “what's the birthday and year of <name> who is a <occupation>and was born in <city>?" GPT3.5 acc = 89.5% GPT4: 99% Task
Given a common 4-letter Chinese idiom such as #5 %5, mask out its i-th letter (for i=1,2,3, or 4) and let GPT fill out the missing letter.
CRineseTaom Prompt 1: FiE“XE A D" AXEH4AFE? GPT3.5 accuracy 9.4%, GPT4 accuracy 17.6%
Task Prompt 2: p{iE“$5X 4 B "IXEH 4AF? GPT3.5 accuracy 29.5%, GPT4 accuracy 36.1%
Prompt 3: FiiE"{5 XS "HIXEHAF? GPT3.5 accuracy 32.0%, GPT4 accuracy 76.7%
Prompt 4: fiiE"$5 8 AX"BIXEHAFE? GPT3.5 accuracy 56.7%, GPT4 accuracy 90.6%
Given a famous two-sentence Chinese poem such as Y&Z &K —#5F B HXEKA, let GPT answer what’s the sentence before/after <sentence2/1> TS
Inverse search: “FH PAXTHAN" B E—E2HA? GPT3.5 accuracy 2.1%, GPT4 accuracy 7.3% Task
Forward search: “WEER—INE'N T —aEH47 GPT3.5 accuracy 33.0%, GPT4 accuracy 66.5%

= HH

1B SRR TR RAREER, FRAENRLUS BRI ZREL

Physics of Language Models: Part 3.2, Knowledge Manipulation, Allen-Zhu Z., Li Y., Arixv 2023 Meat Al/FAIR Labs

N
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What is the period of $y = \\cos \\frac{x*2}{2x}$?

Thought for a couple of seconds
To determine the period of the function y = cos (5—1) let's start by simplifying the
expression inside the cosine function.

1. Simplify the Argument of the Cosine Function:

2
o T

2t 2.z 2

The x in the numerator and denominator cancel out.

2. Rewrite the Function:

o i
Yy = COS (5)

3. Identify the Period of the Cosine Function: The standard form of a cosine function is:

y = cos(kx)
where the period 7" is given by:
27
T
In our case, k = %
4. Calculate the Period:
= K =2r X 2=A4nw

Answer: 4w

G O P Solv

£ GSMS8K 1 MATH FUBE ) BAEM =, A
T—LE“BER”, & T MathTrap #UESE.

R e B 1R S R2 A E X RRNEREE T
R, RBEETSEIATIRARF A “BEpA” FS K AR,
TREHREEPNFER, &I PEHFRE.

MathTrap_Public_t, GPT-ol-previewt[E &)
FRR(N N24.3%

MathTrap_Private £, GPT-ol-preview API #3
M ERZE N 38.0%, 1HEE GPT-4 API
BY 36.0%, JLFEZERFA
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https://zh.wikipedia.org/w/index.php?title=%E7%BF%BC%E5%BC%A7&action=edit&redlink=1
https://zh.wikipedia.org/wiki/%E7%BF%BC%E5%9E%8B

&ill: OpenAl 2% GPT-4 FIE&ZIE 7 KRB EHIEIC

GPT-4 Technical Report

OpenAl*

We registered predictions for GPT-4’s performance on HumanEval before training completed, using
only information available prior to training. All but the 15 hardest HumanEval problems were split
into 6 difficulty buckets based on the performance of smaller models. The results on the 374 easiest
bucket are shown in Figure 2, showing that the resulting predictions were very accurate for this
subset of HumanEval problems where we can accurately estimate log(pass_rate) for several smaller
models. Predictions on the other five buckets performed almost as well, the main exception being
GPT-4 underperforming our predictions on the easiest bucket.

https://arxiv.org/pdf/2303.08774
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1AZ2bit/SE I FBNFNIRELRZE] 1000 KRR
MNERRE100RE8E, SRDEITbit/S%]

10° 10°

— 2 bit/ param —— 2 bit/ param
—— 1 bit/ param —— 1 bit/ param
—— 0.5 bit / param —— 0.5 bit/ param

0.25 bit/ param 0.25 bit / param

10° 4 10° 4

N=20000000
N=10000000

N=10000000

107 4 e N=5000000

107 4

learned knowledge (bits)
learned knowledge (bits)

N=2000000 ¢ N=5000000
® N=1000000 N=2000000
e  N=500000 e N=1000000
N=200000 e N=500000
N=100000
N=200000
- N=50000 108 4 N=100000
e N=20000 =
® N=10000 N=50000
108 107 108 106 107 108
model size (#params) model size (#params)

(a) bioS(NN) data — 1000 exposures — peak R(F') > 2 (b) bioS(/NV) data — 100 exposures — peak R(F') > 1

—— *o=E= FKaH=132
Elfr EmEEFE2E, héj‘yﬁlﬁ}r:i:
21
Physics of Language Models: Part 3.3, Knowledge Capacity Scaling Laws, Meta FAIR Labs, arXiv 2024
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—— 0.5 bit/ param —— 0.5 bit/ param —— 0.5 bit/ param
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108 10° 10°
10¢ 10’ 10° 10¢ 107 10° 10¢ 10" 10°
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(a) no junk, 100 exposures (b) 7/8 junk, 100 exposures (c) 7/8 junk, 300 exposures

10° 10°
—— 2 bit/ param —— 2 bit/ param
—— 1 bit/ param —— 1 bit/ param
—— 0.5 bit/ param —— 0.5 bit/ param
- —— 0.25 bit / param - —— 0.25 bit/ param
£ £
s 107 S 107
$ 3
° °
g 3
3 3
o o
£ £
- °
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£ £
(] [
K] s N=500000 L]
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(d) 7/8 junk, 600 exposures (e) 7/8 junk, 1000 exposures
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Physics of Language Models: Part 3.3, Knowledge Capacity Scaling Laws, Meta FAIR Labs, arXiv 2024
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knowledge map(subject, relation) map(object)
- headquarter: 0.9674976031280652
Painblanc  Painblanc is located in France '
located in The country where Painblanc is found is France 0.8 1
France
PR Painblanc is a part of France %0
Q
Ee
Figure 1 | An example for the multi-template complementation mechanism.
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Physics of Language Models: Part 3.1, Knowledge Storage and Extraction, Meta FAIR Labs, arXiv 2023
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Ye et al. Empirical Insights on Fine-Tuning Large Lang

uage Models for Question-Answering, arXiv 2024
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« {FHTENTITYQUESTIONS, 8152417 ANENEAAIRANa)EEIESE

« 1275t REKXNFEBINSGREENNGEIE Dtrain, BENINNASNINEERNILE Dtest,
ARFRIFI2MERRININ R IE A TR INNINEE Dtest—ood

o H{TE—TIIZAILLM, A TIFMDITEESFTZERITQARSHNRI, NAN LEXHNSZE
Wxb A, RIFEFIRICIZAKERIZRANASE I #H#IT 75T RAI8% D

(e qi= ke DR =0);

Diesi—1 = {k € Dyest|Ry. € (0,0.25]},
Diest—2 = {k € Dyest|Ry € (0.25,0.5]},
Diest—3 = {k € Dyest|Ry € (0.5,0.75]},
(Diest—4 = {k € Deest|Ry € (0.75,1]}

.
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E EIE Train Data
1 ° S F I E == Diain-0  =®= Diain-1 == Dtrain-2  =#= Dirain-3 == Dirain-4

o {FRARENCIZKFERI)NZ o™ .
LLM

ACC,
ACCrest

o BIIGEIERI D A AN REEIES R, MO . .
RESEMIEERS, HBTMMERF MR |
AFESIIE

. TR ZFSFTE, (RE604 R R e

0.6 0.6

LM B QAT S, A T LA s~ |- —

. TICEMBRGITIKTNE, LMsEFRRMIIG
HARWEIE T ERC0 N L MEA, ASHER |
7E Ntrain = 60 FHABISHBE RERN NE

ACC,
ACC.

0.1 T T T T T T 0.1 T T T T T T
60 120 240 480 960 all 60 120 240 480 960 all
Data Size (Ntrain) Data Size (Nerain)

(c) LLaMA-3-8B (d) Qwen-2-7B

in the plot represents trammg with data from a specific memory level.
Ye et al. Empirical Insights on Fine-Tuning Large Language Models for Question-Answering, aiaiv zuz«+
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' ‘ Table 2 | Performance (in-domain) of LLMs trained using data with different memory levels on
test sets with different memory levels. The best performance of each test set is bolded.

(a) LLaMA-2-7B (Nirqin = 60)

2 . {Em Z: IE.I -I‘E'I‘ZJ 7J<ZIZ E"] ﬁ*E 5&?? ﬂl’;&iﬁl E"] :%3 I][I']] Train Data | ACCrest-90 ACCest-1 ACCest-2  ACCpest-3  ACCiest-g | ACCiest

w _ D aisi= 480 +1.11 34.00 £293 6249 +48 73.36+413 77.64 +6.02 | 50.46 + 2.28
o« it 1§ == 1 | *I:I:I R ;E i& 17 1,"—.:& 1 , LLMs y‘ﬁ é’g 5{{]‘ Y1)l 74 Hf |\Eﬂ D:,m-,,_(l) 412+ 161 3819+45 69494223 77.11+343 8532+ 162 | 54.85 + 126
Dy¢rain-2 0.69 +035 2457 +170 70.57 £223 8239 +165 84.56 +064 | 52.56 + 0.81

ia'l\ZJ 55-‘5 ;z} E,\] %D iR;I%{#EE;& Eﬁ E’\] ”é:;:gf: Dirain-3 0.37 £ 041 1779 £233 67.45+234 8543 +213 82.45+284 | 50.70 + 157

Dirain-4 0.40 028 19.78 +167 69.77 124 87.36 +145 86.84 +091 | 52.83 + 0.99
o EFEICICKFRIZEE L #H T

é}?\ ﬁg ﬁ]% j:IElE ﬂ. LLMs E -IZ (b) LLaMA-2-13B (Nyrain = 60)

7k IP %D -IR J: E’\] % II)_IL, Train Data ’ ACClest—O ACCtest—l ACCtesl—Z ACCtest—3 ACCtest—4 | ACCtest
Dtrain—0 7.62+169 23.66+429 5317 +936 61.96+1169 67.00+ 1425 | 42.68 + 7.45
Dtrain— 749 + 054 3595+515 64.22+500 6598 +528 79.84 +£943 | 50.69 + 4.69
—_ e A = —_— sz ~ A train—1
° ,%\ 1Z|Sﬁ'ﬁ =, Eﬁ 3{& E’\] Eﬁ m%ZE1§ }Eﬁ = 'LB' |\Z, 7J<Z|Z E’\J é& ]:E ﬂ'f T Dirain—2 0.62+050 21.36+293 72.80+572 80.65+545 86.47 +585 | 52.38 £370
Dirain-3 045+021 1797 +181 71.16 +363 86.60 340 88.87 +479 | 53.01 + 254
SFT Dirain-4 024 +022 16.66 +314 6846 +483 83.44+492 88.69 +48 | 51.50 £ 340

(c) LLaMA-3-8B (Nirqin = 60)

Train Data ‘ ACCiest—0 ACCtest-1 ACCest—2 ACCiest-3 ACCiest—4 ‘ ACCiest

Dirain-0 2.72 +144 26.05+877 53.82+1032 62.90+827 80.36+957 | 45.17 +59
Dirain-1 228 +123 33.83+750 66.35+369 7197 408 81.02+391 | 51.09 +233
Dirain-2 019 +008 2157 +171 71.89+149 80.23+113 82.65+539 | 51.31 +1.41
Dirqin-3 0.15+003 19.03 £091 68.09 +364 85.72+269 90.30 +117 | 52.66 + 1.45
Dgiin-a 0.17 £ 007 1639 +155 63.76 +647 83.58 +432 91.54 +3.12 | 51.09 + 3.00

(d) Qwen-2-7B (Nirain = 60)

Train Data | ACCrest-0 ACCiesi-1  ACCiest-2  ACCiest-3  ACCrest-a ’ ACClest

D¢rqin-0 7.85+067 34.88+129 57.84+428 66.17 +657 72.70+835 | 47.89 + 399
Dirain-1 6.49 +061 39.40 +210 60.68 +401 69.50 +515 70.57 +288 | 49.33 + 223
Dirain-2 0.36 £ 009 26.15+176 80.16 +359 83.14 +435 85.30 +744 | 55.02 +3.12
Dyrain-3 048 £009 2158 +054 82.01 +18 92.34+100 9548 +482 | 58.38 + 1.45
Disati<d 0.21 004 19.55+102 8048 +124 90.84 +198 96.00 +0.99 | 57.42 + 092
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Table 4 | Performance comparison of fine-tuning different LLMs using the same 60 data samples

D ACC], represents the best performance for each LLM trained with 60 samples.
(a) Row: LLaMA-3-8B, Col: LLaMA-2-7B (b) Row: LLaMA-3-8B, Col: LLaMA-2-13B (¢) Row: LLaMA-3-8B, Col: Qwen-2-7B
s Disk 5, O, e s s D R (O Dl D Models | ACCiest-0 ACCiest-1 ACCiest-2 ACCiest-3 ACCiest-a | ACCreqt | ACCl,
" ' LLaMA-2-7B |  1.05 20.07 52.90 56.59 7215 | 40.55;1430 | 54.85
LLaMA-3-8B 0.20 19.91 67.90 78.91 89.22 51.231 43 52.66
Qwen-2-7B 3.09 25.89 57.59 66.07 217 4496134 | 58.38

(d) Row: LLaMA-2-7B, Col: LLaMA-2-13B (e) Row: LLaMA-2-7B, Col: Qwen-2-7B (f) Row: LLaMA-2-13B, Col: Qwen-2-7B

Figure 4 | Heat maps showing differences in the distribution of memory levels for different
LLMs on the training data Dy,qip-
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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
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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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Improvir61§ mathematical reasoning with process supervision | OpenAl

Let
2 + 32" — 4 = py(z)pa(z) - - pi(2),

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 % = 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)(z? — 2)(z% + 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) + - -~ + pe(1) = (3)(=1)(2)(2)(0)-
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I

I import random :.-_- _- . :code scope Vanilla RL
== executed code ! z log(ye|y1:t-1,%) Reward
def test(): mm  : un-executed code ? ? @ t .}
for _ in range(int(input())): R [ o O u ;

n e o O a -_— (oo

rows =p —
______ rows[1] = p[1:: 2]————-—————————————————| Human requirement U -
: if sign(rows[@][@]) '= sign(rows[1][@]): ; LLM Generated code Compiler

print(@) |

: continue I

Our Method Part of canonical

____________________________________ . l ZIOg(YtD’l:t—px)
£ for r in range(2, max_rows): ! solution -

for n in range(max_col - 1):

I 1 —
— J— O
: rows[r][n] = rows[r - 1][@] * rows[r - 2][n + : (s ? — ? ? + — 3
I 1] - rows[r - 2][@] * rows[r - 1][n + 1] I Step 1 g _I_ > [ O O ] —_— —_— (a'm —_— Mask Finer
J

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

‘ o ) —
:;:; : :ign(rows[a][a]) L : M| : —
o for i in range(1, len(rows)): : .
I curr = sign(rows[i][@]) 1 .
I if rows[r] == [@ for _ in range(max_col)]: | l I
: for n in range(max_col): : sl - \©, k
rows[r][n] = rows[r - 1][n] * (max_pow + ' P
LA (e - 2% (ne ) I & _I_@ I 1 B2 & Maik
: ' 2 1 —_— - - = —>
| elif rows[i][@] == ©: : \ H : [ OUO ] (o_Lom/ —
1 if any([x != @ for x in rows[i]]): i t_____! I —
| flag = © 1 .
: break :
else: .
: curr = last : l : |
! | . - -0)-
: if curr != last: : : -“| ? ? Q {:—.) 3
flag = @ 1 —
: renk ! Final +E :—’[ OUO ] — —> | (omoo)| —>
o o e last = curr_ 1 1
-\ /- 1 J —
_____ J [ —3

"StepCoder: Improve Code Generation with Reinforcement Learning from Compiler Feedback." arXiv preprint arXiv:2402.01391 (2024).
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Difficulty Level-1 Difficulty Level-2 Difficulty Level-3

Supervised Fine-Tuning Outcome-Supervised RL Process-Supervised RL o= 2 " c6 .
e — —— Vanilla Staged RL
: 1 ' 851 ~ / 63
0™0™0™0  OHOMHO™O . A/ :
L) | r —~1  Esal 8 g € 60
M e /! Outcome-based Rewar £ E7o E
~y utcome-based Rewards Process-based Rewards S 5 S
1 £ 834 < £ 57
L:SI"‘T HL’I’IH, - g68 £
________________________________________________________________ 821 541 |
R3: Reinforcement Learning for Reasoning with Reversed Curriculum g : Policy LM ok Training process b " Training process - R “ Training process
- ~ Stagel ‘ : Question
Q: Julie is reading a 120-page book ... o a 0 Ty O ‘ : Demonstrating step NETESD
kHow many pages will be read tomorrow?J
(© : LM Rollout step Task TYPE DATASET Few-shot CoT SFT RL StagedRL  R3
s . .

LI D LT . OS Reward Function  Logical Reasoning BoardergameQA  39.73  62.50 6550 64.38  67.75
Stepl: She read 12x2=24 pages today. MNLI 4769 6538 66.15  67.60  72.31
Step2: So she was able to read a total - 1 PS Reward Function NL Inference SNLI 98.96 68.00 6960 M m
of 12+24=36 pages since yesterday. ' . racc@High 38.00 60.50 61.50 62.00  68.50
Step3: There are 120-36=84 pages left O— o’ff o, ()7r 0, O7T NG Readmg Compre: oo @Ml 39.20 68.00 69.00  69.50  71.50
to be read. Math Reasoning  OSMEK 15.13 4155 4253 4299  44.88
tsl::‘::m::;e;;‘:g‘;’:“;:z;f pattof Reversed h Stage4 € MathQA 1412 3280 3410 3420  35.10

; us T
she should read 84:2-42 pages. Currlculum 4 OO0 All Types Average 31.83 56.96 58.34  58.39  61.83

Training Large Language Models for Reasoning through Reverse Curriculum Reinforcement Learning, ICML 2024
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Creation

@

Comprehension
and Application

2@

Memorization

Dark Knowedge

Wang et al. Knowledge Mechanisms in Large Language Models: A Survey and Perspective, EMNLP 2024
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Table 1: 20244 E 5% 5 T15-E2-latexil iz

a5 1 2 3 4 5 6 7 8 9 10 11 12 13 14 "o

AR A
SEER A C DA BB C B BC ACD ABD | 3 In2 3(100.00%)
Qwen2-72b A C DD B A C D BC ABCD ABD : In2 I 57(78.08%)
KR K A CDAB B C AB BC ABC ABD | ¢  2In(}) | 52(71.23%)
GPT-4o A C DDA B C D BC ACD ABCD | 1.2 In2 I 42(57.53%)
A AADABGBC C C BC ABCD BC |5  m2 |41(56.16%)
Baichuand A ADAB ? C B ABC CD AC | 2 m2  1/16| |39(53.42%)
Gemini-1.5-Pro D C DA BUDD D BC C ABD | 4 In2 0 I 37(50.68%)
O—F 4.0 D C DA B B D B BC BD ABCD | 1  1.3068.. I 36(49.32%)
GLM4 A A DDBBU C C D AC D 9  2In3+In2 l 31(42.47%)
MiniMaxiFi2 A C DA ? A C A B B D 3 1 I 29(39.72%)
BEOLE A B D ? ? B C ? BC ? D 15 In2+1 )
DeepSeek-V2-Chat A D D A B A A A BCD BCD D 9 14In2 | 22(30.14%)
AZBHkimi D A D D B B B A AD D BD | & 1 |21(28.77%)
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Table 3: 20244 [E &2 HIE-E2E-1latex iz

RS 1 2 3 4 5 6 7 8 9 10 11 12 13 14 /o
AR

SEER C B B C A D B C BC ABD AD 24;112 | | 73(100.00%)
HREK C B B BC A C B C BC BD 1 24;169 | |47.5(65.07%)
Qwen2-72b C B C B A C D D BC ABD A 24;139 | §46.5(63.70%)
GPT-40 C BB B A C ? C BC A ABCD 24;121 | | 45.5(62.33%)
FPEH C BB D A C ? ? BC BD AD 24;150 | §43.5(59.60%)
EHOTE C B D B A D B C ? ABD D 24;169 | §40.5(55.48%)
XO—F C B B BC B C B C BC ABC AD 1.171572 24;169 | §39.5(54.11%)
Gemini-1.5-Pro C BB C B D D C BC BC BD 22 24;112 | | 38.5(52.74%)
A Z B i kimi C BB B ? C B C BC A B =2 1;163 || 38(52.05%)
GLM4 C B C B A C C ? BC ACD A —2v2 24;169 | §36.5(50.00%)
Baichuan4 C B C B A B ? C BC D @ AV2EV9-52V2 94917 | |35 5(48.63%)
DeepSeek-V2-Chat C B ? A A C B A BC ACD AB ¥2 576;110 I 31(42.47%)

MiniMax 5 i2 C A B BC C C D BC ? BC

I D &=iF70%, &=E& 25%,
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B FE—EIRFER, SNMNENMERF, RIE—IMEFSEEEXRA: 1. EHES $A = x\mid -5 < x*3 < 5)§,
$B = {'31 -11 0, 2: 3}$r IjI\IJ $A \Cap B =$ ()

A. ${-1, 0}$
B. ${2, 3}$
C. ${-3, -1, 0}$

D.${-1, 0, 2}$ |e=

-p
i mEEE, A={z|-5<z2®<5}={z|-1<z<v5}|MWANB={0,2},
HU%ED,

Q SEHEE ¢ O 0

RMEIEMREIERIRE, ITREYEMEREAEFILCHRS
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BRA TE SRS, SMERMATY, RE-REFAERERM: & \(Wraczz-1) = 1+, WW\(z=\) Wl FE—WERE, SONENTERT, RS- RERGERERY: 2. & ffraczlz- 11 =1+15, Wiz=$ 0
OW1 =AW - W -B AT+ WA - CANT- WA - DT + W) per i
o a2l =10
B.$-1 +i$
. o ' C.$1-i$
B fl— =141, Bz =(1+1)(z-1), D.§1+i$
Blz=z-1+2zi—1,
Fiblei = —1 i, :
i@z =a+bi
T L o ) S e Z.+ "
Mo = —— = =1+, w2 14,
a+bi—1
%8B, Bla + bi = (1+14)(a+bi — 1),

BBBa+bi = (a —b) + (a+ b—1)i,

a=a-—b
Fﬁu{b—a-ﬁ-b—l’
fBBa=1, b=-1,
Fillz =1 —i.
Hu%C,

BINRRUNARE, SRBERK




AR 505 MATB AL B 5125

GPT-AEKMEREBIZIEHHERIEIEBREE, BECESMINEESESERE
X, BlEEEREZEHENBENESHEEES LRIMRREERS.

/1

T’
Il'r

Tl
LT

Dataset LogiQA 2.0 test | LogiQA 2.0 zh test | ReClor dev | AR-LSAT test || LogiQA 2.0 ood
Size 1572 1594 500 230 1354
Human avg. 86.00 88.00 63.00 56.00 83.00
human ceiling 95.00 96.00 100.00 91.00 99.00
RoBERTa 48.76 35.64 55.01 23.14 33.22
ChatGPT 52.37 53.18 57.38 20.42 38.44
GPT-4 72.25 70.56 87.20 33.48 58.49
/ \

20225 FRlZEEES AT RIZRID MR

Evaluating the Logical Reasoning Ability of ChatGPT and GPT-4, Arxiv 2023
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@ mental state

Memorization
. Modular Region
l
i 0 O O O Function Region
|
@ grammar & semantics
| @ commonsense knowledge
{ fact knowledge
@ concept
[
l
i
i

Task 1
- ~-=-- Task 2

Reused
Components

i
i
|
i
i
i
i
i
i
i
i
!
|

7 Yo 7 S 4 4 4 o5

Creation

Extrapolation

1
|
1
|
|
|
|
i
I
|
|
|
|
L

‘master operation principles

|
_______________________ a

Wang et al. Knowledge Mechanisms in Large Language Models: A Survey and Perspective, EMNLP 2024
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Question: Who is the director of the 2003 film which has scenes
in it filmed at the Quality Cafe in Los Anqeles’7

-
’— T~
R ~
- - o
- .
= -

Qualit “Cafe
Y Quality Cafe (diner) Los Angeles
(jazz club) ) .
8 ™ Los Angeles h
Quality Cafe was a location featured in a number of officially the City
1-h op historical Hollywood films, including "Old of Los Angeles
re'staurant and School”, “Gor:e in 60 and often known
jazz club... Seconds ... ~_ by its initials
~
- — D) | L
/ “ A= =)
Old School (film) Gone in 60 Seconds
Old School is a 2003 Gone in 60 Seconds is a
2_h°p American comedy film... 2000 American action heist
directed by film...
Todd Phillips. directed by Dominic Sena.
1
/7 N\
3_ho Todd correct { Dominic \
P Phillips answer \  Sena ,'
\ . _~
Investigating Multi-Hop Factual Shortcuts in Knowledge Editing of Large Language Models, Ju et al., Arixv 2024
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RIRBIEZ BEANR JRRAYHER R R BER B 7 170 || G B S BIRYSESEE R,

Before Knowledge Editing:

Ehich continent will host KISEIET) I ZR i ER T REE =
the next Olympic Games? _ . .
S M —EREEEIMNENX—I5
SHNR, SXRBANRRIEL AR T
.............................................................. _Egﬁéiz::’%éélj]\ m E $E&735£
After Knowledge Editing: i N " o —
| fa, BREEBRIAN T —EERIE
SEINESTD,

Which continent will host
the next Olympic Games?

Europe? Asia?

Investigating Multi-Hop Factual Shortcuts in Knowledge Editing of Large Language Models, Ju et al., Arixv 2024
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- [9ZR: Whatis person A’ s attribute X?

¢ 335 Is A’ s attribute X even or odd?

- Lk Is A greater than B in attribute X?

« WHAEEZE: Which person’ s attribute X equals T?

Physics of Language Models: Part 3.2, Knowledge Manipulation, Allen-Zhu Z., Li Y., Arixv 2023 Meat Al/FAIR Labs
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[ Given question “Was Joe Biden born in an even year?” ]

answers correctly

A: model infers from “1946 is even” and
“Biden was born in 1946”, making final
answer based on a function of certain

knowledge it sees during training

Physics of Language Models: Part 3.2, Knowledge Manipulation, Allen-Zhu Z., Li Y., Arixv 2023 Meat Al/FAIR Labs

C: The model does not know the
birth year of Joe Biden

\

answers incorrectly

out of scope of this paper (see Part 3.1)

B: model sees training data of
equivalent form such as
“Is Joe Biden’s birth year even?”

D: model does not know
what “even” means

E: model knows what “even” means
and can answer questions like
“Is 1946 even?”, but cannot answer

out of scope (we study models

out of scope (this is memorization)

finetuned on such tasks)

This is the knowledge manipulation we care about

“Was Joe Biden born in an even year?”’
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“what's the birthday and year of <name> who is a <occupation> and was born in <city>?" GPT4 accuracy: 99% (among 4779 celebrities on Wikipedia)

Classify Question: “Answer me yes or no concisely: for <name> who was a <occupation>and was born in <city> in <year>, was this person born in an even month?”
month % GPT4 correct answer = 50.7%, incorrect answer = 48.5%, | don’t know = 0.7%

Question: “Answer me yes or no concisely: was <namel> who was a <occupation1>and was born in <cityl> born earlier than <name2> who was a

<occupation2> and was born in <city2>?” GPT4 accuracy answer = 52.3% among individuals born in 1900~1910
GPT4 accuracy answer = 71.1% among individuals born in 1900~1950
GPT4 accuracy answer = 81.6% among all pairs of individuals

Rank birth
date

1B SREMELA SR LN 02T

Physics of Language Models: Part 3.2, Knowledge Manipulation, Allen-Zhu Z., Li Y., Arixv 2023 Meat Al/FAIR Labs
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Inverse search: “In <Pride and Prejudice>, what’s the sentence before: <sentence2>?”

J e Forward search: “In <Pride and Prejudice>, what’s the sentence after: <sentencel>?"
ane Austen S
Novel Task Pride & Prejudice Sense & Sensibility Persuasion Northanger Abbey Emma Mansfield Park
forward vs inverse accuracy by GPT3.5  0.5% vs 14.4% 0.3% vs 5.4% 0.07% vs 4.3% 0.6% vs 5.5% 0.8%vs7.2% 0.7%vs 5.5%
forward vs inverse accuracy by GPT4 0.8% vs 65.9% 0.9% vs 40.2% 0.5%vs33.9% 09%vs41.0% 0.6%vs42.7% 0.3% vs31.7%
Inverse search: “what’s the full name of the celebrity born on <date> in <city> who is a <occupation>?” GPT3.5acc=23.9% GPT4: 42% Wiki Bio
Forward search: “what's the birthday and year of <name> who is a <occupation>and was born in <city>?" GPT3.5 acc = 89.5% GPT4: 99% Task
Given a common 4-letter Chinese idiom such as #5 %5, mask out its i-th letter (for i=1,2,3, or 4) and let GPT fill out the missing letter.
chinese 1diom Prompt 1: FiE“XEA D" X2 AF? GPT3.5 accuracy 9.4%, GPT4 accuracy 17.6%
Task Prompt 2: FiiE 45X A " X2 4AFE? GPT3.5 accuracy 29.5%, GPT4 accuracy 36.1%
Prompt 3: FiiE"{5 XS "HIXEHAF? GPT3.5 accuracy 32.0%, GPT4 accuracy 76.7%
Prompt 4: fiiE"$5 8 AX"BIXEHAFE? GPT3.5 accuracy 56.7%, GPT4 accuracy 90.6%
Given a famous two-sentence Chinese poem such as Y&Z &K —#5F B HXEKA, let GPT answer what’s the sentence before/after <sentence2/1> TS
Inverse search: “FH PAXTHAN" B E—E2HA? GPT3.5 accuracy 2.1%, GPT4 accuracy 7.3% Task
Forward search: “WEER—INE'N T —aEH47 GPT3.5 accuracy 33.0%, GPT4 accuracy 66.5%

= HH

N

1B SRR TR RAREER, FRAENRLUS BRI ZREL

Physics of Language Models: Part 3.2, Knowledge Manipulation, Allen-Zhu Z., Li Y., Arixv 2023 Meat Al/FAIR Labs
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Dziri, Nouha, et al. “Faith and fate: Limits of transformers on compositionality.” Advances in
Neural Information Processing Systems 36 (2024) AllenAl

JFRIEIRRYE
N/

LRI

e7J{RIIE?

(¥unction multiply (x[1l..p], y[l..9]):
// multiply x for each y[i]

for i = qtol
carry = 0
for j=p to 1l

t = x[j] * y[i]
t += carry

summands[i] = digits

product = Y%  summands[q+1-i]-10%-1

// add partial results (computation not shown)

return product A(X)
S

~
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ot (Puzzle) GPT4 zero-shot (DP)

0.63 0.45 0.38

(@) GPT4 zero-shot (Multiplication) ~_GPT4 zero- (b)l.s GPT4 zero-shot (Multiplication

o~
1.0
l'ool " 2 3 4 5 6
0.75 GPT3.5 zero-shot (DP ® \
0.50 < (K38 0.21 012 0.08 0.04 S 03
o.zs] T T k. =
0.00 N —
GPT3 zero-shot (DP .4
© (M 0.23 0.05 0.04 0.04 -0.5
0 5 10 15

2 3 4 5 6 2 3 4 5 6 Average parallelism

Dziri, Nouha, et al. “Faith and fate: Limits of transformers on compositionality.” Advances in
Neural Information Processing Systems 36 (2024) AllenAl
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T1
=

{FFH 180 J5 #4112

GPT3RIIF: S EREEESEE LA
2|7 —xE/9E] H%M‘E BEXEFRRD A
FAN, IBXIEFRROODMET,

=

GPT3 ft w/o scratchpad

(Multiplication)

FIEkiflk & 1<k, k,<4FHBEkK -k, £9;

1 2 3 4 5
Problem size

Dziri, Nouha, et al. “Faith and fate: Limits of transformers on compositionality.” Advances in
Neural Information Processing Systems 36 (2024) AllenAl




Dziri, Nouha, et al.
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Question: What is 35 times 907

Scratchpad: Let's perform the multiplication step by step:
Let's multiply 35 by the digit in the ones place of 90, which is 0.

1. Multiply O by the digit in the ones place of 35, which is 5. This gives 5 x 0
= 0. Write down the result 0.

2. Multiply O by the digit in the tens place of 35, which is 3. This gives 3 x 0
= 0. Write down the result 0.

3. The partial product for this step is A=0 which is the concatenation of the
digits we found in each step.

Now, let's multiply 35 by the digit in the tens place of 90, which is 9.

4. Multiply 9 by the digit in the ones place of 35, which is 5. This gives 5 x 9
= 45. Write down the result 5 and carry over the 4 to the next step.
5. Multiply 9 by the digit in the tens place of 35, which is 3. Add the carryover

from the previous step to account for this. 31. Write
down the result 31.
6. The partial product for this step is B=315 which is the concatenation of the

digits we found in each step.

This gives (3 x 9) + 4 =

Now, let's sum the 2 partial products A and B, and take into account the position
of each digit: A=0 (from multiplication by 0) and B=315 (from multiplication by 9
but shifted one place to the left, so it becomes 3150). The final answer is 0 x 1
+ 315 x 10 = 0 + 3150 = 3150.

o
o

Accuracy
o
sy

©
N

o
IS)

Accuracy

“Multiplication w/o Scratchpad

—— GPT3 finetuned

Multiplication w/o Scratchpad
= GPT3 finetuned

—— GPT3 fiveshot | 10 —— GPTS3 five-shot
— GPT3 zero-shot 0.8 —— GPT3 zero-shot
)
g0.6
3
004
<
0.2
o~
4 0.0|  in-domain data \._. oammgus
0 5 10 15 20 0 5 10 15 20
Graph depth Graph width
. .
(a) Results on question-answer pairs.
Multiplication w. Scratchpad Multiplication w. Scratchpad
. - GPT3 finetuned —— GPT3 finetuned
—— GPT3fiveshot | 10| °® —— GPT3 five-shot
= GPT3 zero-shot 0.8 = GPT3 zero-shot
>
o6
—
=
5 0.4
<
0.2
\ ,.-
in-domain data \.>._._._. S, 0.0 in-domain data \.—. PU——
0 5 10 15 20 0 5 10 15 20

Graph depth

Graph width

(b) Results on question-scratchpad pairs.

“Faith and fate: Limits of transformers on compositionality.” Advances in
Neural Information Processing Systems 36 (2024 ) AllenAl
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Mystery Blocks World £l : FAWIRSEHEHR, dEHRAERTH, BEAKRETH, HEHRAEST
1, FE=H, BEEAAREESRAN LR, d8FRAKEREFLE, BEHNATEREFLE, EEHEAESR
* ., BERELIEERARTEEERAN LHE., TMEBITERAA?RELS L ITRIFAYITE,

DoisaiiiShiots Claude Models OpenAl GPT-4 Models LLaMA Models Gemini Models
Claude 3.5 Claude3 Gpr4o GPT-40 Gprg4 GPT-4 LLaMA LLaMA Gemini Gemini
(Sonnet) (Opus) -mini Turbo 3.1405B 370B 1.5Pro 1 Pro

Blocks One  346/600  289/600 170/600  49/600  206/600 138/600 284/600 76/600  101/600  68/600
world Shot (57.6%) (48.1%) (283%) (8.1%) (343%) (23%) (47.3%) (12.6%) (16.8%) (11.3%)

Zero  329/600 356/600 213/600  53/600 210/600 241/600 376/600 205/600 143/600  3/600
Shot (54.8%) (59.3%) (35.5%) (8.8%) (34.6%) (40.1%) (62.6%) (34.16%) (23.8%) (0.5%)

Mystery One ~ 19/600  8/600  5/600  0/600  26/600  5/600  21/600  15/600 _ 2/500
Blocks Shot  (3.1%)  (13%) (0.83%) (0%) (4.3%) (0.83%) (3.5%) (2.5%) (0.4%)
world  Zero (/600 0/600  0/600  0/600  1/600  1/600  5/600  0/600 _ 0/500

Shot  (0%) (0%) (0%) 0%) (0.16%) (0.16%) (0.8%)  (0%) (0%)

Table 1: Performance on 600 instances from the Blocksworld and Mystery Blocksworld domains across large language
models from different families, using both zero-shot and one-shot prompts. Best-in-class accuracies are bolded.

Valmeekam et al. LLMs Still Can ‘t Plan; Can LRMs? A Preliminary Evaluation of OpenAl’ s o1 on PlanBench, Arxiv, 2024.



100

80

60

% correct

40

20

Plan Length vs Correct Predictions for all Models on
Mystery Blocksworld - Plan Generation Zero Shot

Model Name

Ol Preview

Fast Downward
LLAMA 3.14058B
Ol Mini

GPT-40 Mini
GPT-40

- GPT-4 Turbo
GPT-4

Claude 3.5 Sonnet
Claude 3 Opus
Model Group

ol Models (LRMs)
Fast Downward

2 a4 6 8 10 2 14 16

Plan Length

% correct

Plan Length vs Correct Predictions for all Models on
Mystery Blocksworld - Plan Generation One Shot

]00 ____________ S ——
Model Name
o ~— Ol Preview
-~ Fast Downward
——— LLAMA 3.14058B
~— GPT-40 Mini
60 — GPT-40
- GPT-4 Turbo
- GPT-4
« Claude 3.5 Sonnet
40 Claude 3 Opus
Model Group
—— 0] Models (LRMs)
- Fast Downward
20
o ot TNl T PRRLII
2 4 6 8 10 12 14 16
Plan Length

Valmeekam et al. LLMs Still Can 't Plan; Can LRMs? A Preliminary Evaluation of OpenAl’ s o1 on PlanBench, Arxiv, 2024.
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