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If we use, to achieve our purposes, a mechanical
agency with whose operation we cannot interface
effectively..... we had better be quite sure that the
purpose put into the machine is the purpose which
we really desire...
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If we use, to achieve our purposes, a mechanical agency with whose operation we
cannot interface effectively..... we had better be quite sure that the purpose put into
the machine is the purpose which we really desire...
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Model size

e Language model pre-training. We start by converting a large, multilingual text corpus to discrete tokens

and pre-training a large language model (LLM) on the resulting data to perform next-token prediction.
In the language model pre-training stage, the model learns the structure of language and obtains large
amounts of knowledge about the world from the text it is “reading”. To do this effectively, pre-training
is performed at massive scale: we pre-train a model with 405B parameters on 15.6T tokens using a
context window of 8K tokens. This standard pre-training stage is followed by a continued pre-training
stage that increases the supported context window to 128K tokens. See Section 3 for details.

e Language model post-training. The pre-trained language model has a rich understanding of language

but it does not yet follow instructions or behave in the way we would expect an assistant to. We
align the model with human feedback in several rounds, each of which involves supervised finetuning
(SFT) on instruction tuning data and Direct Preference Optimization (DPO; Rafailov et al., 2024).
At this post-training® stage, we also integrate new capabilities, such as tool-use, and lobserve strong
improvements in other areas, such as coding and reasoning. See Section 4 for details. Finally, safety
mitigations are also incorporated into the model at the post-training stage, the details of which are
described in Section 5.4.



OpenAlRIXIFH S

@) OpenAl

Researchv  Productv Safety Company v

Our approach to

alignment research

We are improving our Al systems’ ability to learn from human

feedback and to assist humans at evaluating Al. Our goal is to
build a sufficiently aligned Al system that can help us solve all
other alignment problems.
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Introducing

Superalignment

We need scientific and technical breakthroughs to steer and
control Al systems much smarter than us. To solve this
problem within four years, we're starting a new team, co-led by
llya Sutskever and Jan Leike, and dedicating 20% of the
compute we've secured to date to this effort. We're looking for
excellent ML researchers and engineers to join us.
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Blog

Democratic inputs to Al
grant program: lessons
learned and
Implementation plans

We funded 10 teams from around the world to design ideas
and tools to collectively govern Al. We summarize the
innovations, outline our learnings, and call for researchers and
engineers to join us as we continue this work.
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The Three Types of Al Research at Anthropic
We categorize research projects at Anthropic into three areas:

e Capabilities: Al research aimed at making Al systems generally better at any sort of task, including

writing, image processing or generation, game playing, etc. Research that makes large language models
more efficient, or that improves reinforcement learning algorithms, would fall under this heading.
Capabilities work generates and improves on the models that we investigate and utilize in our alignment
research. We generally don’t publish this kind of work because we do not wish to advance the rate of Al
capabilities progress. In addition, we aim to be thoughtful about demonstrations of frontier capabilities
(even without publication). We trained the first version of our headline model, Claude, in the spring of 2022,
and decided to prioritize using it for safety research rather than public deployments. We've subsequently
begun deploying Claude now that the gap between it and the public state of the art is smaller.

Alignment Capabilities: This research focuses on developing new algorithms for training Al systems to be
more helpful, honest, and harmless, as well as more reliable, robust, and generally aligned with human
values. Examples of present and past work of this kKind at Anthropic include debate, scaling automated red-
teaming, Constitutional Al, debiasing, and RLHF (reinforcement learning from human feedback). Often
these techniques are pragmatically useful and economically valuable, but they do not have to be — for
instance if new algorithms are comparatively inefficient or will only become useful as Al systems become
more capable.

Alignment Science: This area focuses on evaluating and understanding whether Al systems are really
aligned, how well alignment capabilities techniques work, and to what extent we can extrapolate the success
of these techniques to more capable Al systems. Examples of this work at Anthropic include the broad area
of mechanistic interpretability, as well as our work on evaluating language models with language models,
red-teaming, and studying generalization in large language models using influence functions (described
below). Some of our work on honesty falls on the border of alignment science and alignment capabilities.
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Step 1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This data is used
to fine-tune GPT-3
with supervised
learning.
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Y

(e}

Z.

Some people went
to the moon...

BF AXRIRAVIBILF (RLHF)

Step 2

Collect comparison data,
and train a reward model.

A prompt and

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
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Reinforcement Learning from Human Feedback (RLHF)

x: “write me a poem about
the history of jazz"

b S L— —> reward m
L

preference data maximum sample completions

likelihood reinforcement learning

LM policy =

Direct Preference Optimization (DPO)

x: "write me a poem about
the history of jazz"

== —_— final LM
preference data aximtT
likelihood
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Collected Prompts

|

Best models from
previous rounds

K Generations per
Prompt

l i Best model for next round

DPO Training :
Reward Model —>  Rejection Sampling — Final DPO Model

N N

Pairwise Annotated and Specialized =
Specialized Per-Capability Binary Per-capability . i
Preference Data SFT data oce
. Data
\ J A
Reward model training DPO Training

Figure 7 lllustration of the overall post-training approach for Llama 3. Our post-training strategy involves rejection sampling,
supervised finetuning, and direct preference optimization. See text for details.

Llama 3.1 3§35 5=

The Llama 3 Herd of Models
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massive updates on massive data
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Theorem 3.13 (Elasticity of Language Models). Consider datasets Dy, Ds, D3 each with a Pareto
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Number of Negative Data Number of Negative Data

Table 1: Comparsion between inverse alignment and forward alignment.

Datasets Base Models H (/m,./),,yl Vvs. H(pay pyt ) H(poy.pyr ) vs. H(pas.pgr ) H(pa,.pyi ) vs. H(pa,.pyt )
2 12 32 23 a1 13

0.1589 vs. 0.2018 0.1953 vs. 0.2143 0.1666 vs. 0.2346
0.1772 vs. 0.1958 0.2149 vs. 0.2408 0.1835 vs. 0.2345
0.2540 vs. 0.2573 0.2268 vs. 0.3229 0.2341 vs. 0.2589

0.1909 vs. 0.2069 0.1719 vs. 0.1721 0.2011 vs. 0.2542

Llama2-7B
Instruction-Following Llama2-13B
Llama3-8B

Llama2-7B

Truthful Llama2-13B 0.1704 vs. 0.1830 0.1544 vs. 0.1640 0.1825 vs. 0.2429
Llama3-8B 0.2118 vs. 0.2256 0.2100 vs. 0.2173 0.2393 vs. (.2898

Llama2-7B 0.2730 vs. 0.2809 0.2654 vs. 0.2691 0.2845 vs. (0.2883

Safe Llama2-13B 0.2419 vs. 0.2439 0.2320 vs. 0.2327 0.2464 vs. 0.2606

Llama3-8B 0.2097 vs. 0.2156 0.2008 vs. 0.2427 0.2277 vs. 0.2709

(b) Elasticity Increase with Pre-training Data Size.
> IRBESPERBIREMEX: ERESHFIERNEN, EHAmE
HHEHIESERIMEMERE FIFEIR, MEEHNTFEEEE,
FRABIRE M R IRE S E/ ME K TSR,
> (RERPHERETNISEHEIE K BETu)l|GEdEEEI0Y, Efm
HEEFIESERITIRMERE N IFEIR, MEE TN EREEIE;
FREFRE RGN || 5 EE 2 1S 2 Mg,




MIRBIR S B KR BIXI T T,
MeBsERERRS = - kx E/KIRBIRVIRIE (MuiniERIFT)

BX0T/HMESEEATHLS, NSWRERIRENE LA

@ FllgbrERFIRIFTHERANHZEIRI;
¢ FUIZREINIERIFT, WMAIER)IIZR BRI TN BRI — N B S IR D R N
¢ UMAFBERRISTHIIRRELEEREE /N (iEE/N) | BEREEX (WFZEEKX) |
@ RELEERNIZ B TR ITERIERIRIFT
¢ FENNIHIGFREZEEGE, WXEANISHRERNAERAE, mIERTRERXIST,
¢ EXNFEREAT O, RAINIBNEFINHLLER, HEXNSTRIRESSEZRILIITT,
H—EEENTERE,
® M "REH" WFE BN XF, WFEAFTENE;
¢ AT RIRBERERN "JE" X575, TEE TR EENRERERIAISGEE;

Language Models Resist Alignment https://arxiv.org/abs/2406.06144
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Mingzhi Wang'?, Ch ,,‘ g Ma’, Qizhi Chen', Linjian Meng’, Yang Han
Jiancong Xiao®, Zha ng', Jing Huo?, Weijie ). Su®, Yaodong Yang'

o [E4A RLHF FiZEFEET Bradley-Terry Model {Ri%, XFBRIZIASABRET
2EB%R, B A >B>, B>C, 384 A>C, AT, EXMAERET, TEHEARNX
T, FERIEEER, B C aJge AT A, LLUIARISACAYIRESIE:

> EEATJERFESRENRENHE, MNE Diverse populations
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> BAFIATEERFRGREORY, MEARE, | oo o )70 0
AT PTBEFE A — MRT SR S BT IR, wi,_ulgu,> e«
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AAE, MERFIAKR, SAFEME .

S ETHARIEES, TGRSR AR, E

N . SHIZE RN E SRR FITRIFXIST,

c 0 +1

o XMPTIEERER/IMAIBERINANHEIZE.

aul +1 41 0

[1] Swamy, G., Dann, C., Kidambi, R., Wu, Z. S., & Agarwal, A. (2024). A minimaximalist approach to reinforcement learning from human
feedback. arXiv preprint arXiv:2401.04056.
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> (&4t RLHF E3F Reward Model, SR8 [EIEHH— M 4EXH9E il ¥
VES2LT, FHEIT PPO SEHHTES), NTIHHTRIEN &/

L@ |, amzr

ﬂm > Ea: Preference MOdel: —E(X,Y1,y2)~D[10gP(yl > Yo I X)]
N~ @ > BIEZERLHFIEID Preference Model ZIBRYF, AR MERNEZ,

RL, o Preference Model i BN EIE B R
W | EISHEAMERMSHIIERIR: - agmoxminPn > | %)

£ RLHFE T Bradley-Terry Model {Ri%, FTAZRIRFEFEFRIEEEE
BH1EZERLHF&E D 2|\ Preference Model, B 5aiRIEFRLHFEIGRE.
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o M, WBRLHF FRYBEEGAMKAEIGIR S iR
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o HAETEBRH—TEE, EBIISE—ISERAEINMHIE, NEERS
SRR SEES SR AHORIRT, thAES TERA IR BRETSC A S mIFIR?




= - D, L =S Magnetic Preference Optimization: Achieving Last-
M Po: RL H F m Hgﬁ[ = _Ee“iﬂ E gz{:ﬂ-; iterate Convergence for Language Models Alignment
Mingzhi Wang'?, Chengdong Ma', Qizhi Chen’, Linjian Meng’, Yang Han*
Jiancong Xiao®, Zhaowei Zhang', Jing Huo?, Weijie ). Su®, Yaodong Yang'

Diverse populations Optimize preference in 2-player games
i Non-transitive preferences | i : e <
e i | 222 Ao | L (5 e | ATHERCEEE
| 4 D v ,4 | 5
D — “ g W s g . i Magnetic Preference
+ Gender Profession B ! - — l LM ;
o e A R I : 1 2 : . . .
AAA n Game solving . Optimization (MPO)Bl,gg
i )| Misalign v l ' P

RLHF with BT model assumption i i T i i @5%1%]%}% _ieqﬁﬁ EUEQI%
:______________________________________‘: E . Historical models ’,", T / ":'-;-...‘,,_:\\\ : s i
E %(— PPO E | i TTRE=-J w— - »(. ;f‘\\ K E T@ﬁﬂggg{-l_i/}]?% 1 }Aﬁﬁﬁ&:y
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. A/B/C A4>B>cC | : S U :
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' ¢ B i : :
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[5] Wang, M., Ma, C., Chen, Q., Meng, L., Han, Y., Xiao, J., Zhang, Z., Huo, J., Su, W.J., & Yang, Y. (2024). Magnetic Preference Optimization: Achieving
Last-iterate Convergence for Language Models Alignment.
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Mingzhi Wang'?, Chengdong Ma', Qizhi Chen’, Linjian Meng’, Yang Han*
~ /S —— 1\ A s Jiancong Xiao®, Zhaowei Zhang', Jing Huo?, Weijie ). Su®, Yaodong Yang'
o BB TENRE—HWSINT:
Definition 3.1 (Last-Iterate Convergence). Consider nonempty set * NE

of equilibria IT* c II, we say that a sequence {wk} k>1 exhibits last- i
iterate convergence if 7% converges to 7* € II* as k — 0. 7/ v et
~ MMD, 0=2.0

o HXJTF MD, FEA{iI5| N\ Magnetic Mirror Descent (MMD)e]

Ty = arg min, (g,

> MMD 5|\TEWMY Magnet IR, fEsklig=sa), X—IAJLA
EASERESH KL 8UE ;

1
z)+—-B(z, z;)+aB(zx, 2)
"

> MMD AJLASEI & fa—4 LRy, Bk, MD REe
(IS SRER IR St LS

e MMD ERAFLIRE—HKW, BELENHEIRREFMT19E, HIENIEEE,

fREiT, SEF2IS

R TCi AR IRESERI A SR R

[6] Sokota, S., D’Orazio, R., Kolter, J. Z., Loizou, N., Lanctot, M., Mitliagkas, ., ... & Kroer, C. (2022). A unified approach to reinforcement learning,
quantal response equilibria, and two-player zero-sum games. arXiv preprint arXiv:2206.05825.
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Mingzhi Wang'?, Chengdong Ma', Qizhi Chen’, Linjian Meng’, Yang Han*

° %B/A\ ZIIMEEEEDEEE— }:_?\HQ\/T\ z:u J?QAJ[%WE/\J Qljil 1 _|_ 1/91%7 Jiancong Xao?, Zhaowel Zhang!, ing Hue’, Weie .S, Yaodong Yang'
> BSEREME n MENCRIETE, HPSFREEAE n-1 NMENCGEFRFRNTIIE,

Formally, we define the n-th regularized game as

min max P(m; > 7o) + Dky(m1|m¥" 1) — aDyy, (mo||n¥ 1),
m1€ll1 mo€ells

> FBATRTLAERS, @i EEA MMD XESE n+ 1 IENMEIEFSEIRIANHIYE, —ELLsE n 4
EEIARIRHI R,

Lemma 3.3. Let {m"},>1 be the sequence of regularized NEs generated by iteratively solving
via the update rule of (3), where w¥1 is an arbitrary initial reference policy in the interior of II. For
anyn = 1, if " e I ¢ I1%, we have

. D *
e, Dew (|

*, n+1) < w{kneiﬁl* DKL(W*“'/T:’n)-

Otherwise, if t¥™ € IT*, then m¥ "+ = g¥m e IT*,

> FEEFATTLAR—LZUERR, IX—FFRIENMCIEZERIG 196, el LA EI R IR S 248+ 1a1,

Theorem 3.4. If Lemma|3.3| holds, the sequence {m}""},>1 converges to the NE ©* € II* of the
original game defined in (2) as n — 0.

[7] Wang, M., Ma, C., Chen, Q., Meng, L., Han, Y., Xiao, J., Zhang, Z., Huo, J., Su, W.J., & Yang, Y. (2024). Magnetic Preference Optimization: Achieving
Last-iterate Convergence for Language Models Alignment.
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I, FHEITEBEENEREEETE 1, FEEEEFPreference Model AIRS3F,
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GPT-40-Evaluation — :ﬁgii
Settings Win1 Lose| Tie < gzz
MPOTIter1 51.8% 21.7% 26.5% E .of
MPO Iter2 69.9% 10.8% 19.3% ol
MPO Iter3 79.5% 9.6% 10.9% Al wl K LR
MPO wo.SP 30.1% 15.7% 54.2% 5 F e e S
o <5 ,QQ.\\Q Q\*—,

o TEEMREIXITTRISI T, MPORMBRURTT 7 REMESH

B
(o))

S 442

I ENE YR, g |
Eaf 4.5

Model IFEval BBH MathHard GPQA MUSR MMLU PRO | Average % 40 195 e
Llama-3-SFT  41.63  48.54 4.87 2895 4232 3264 | 33.16 = |
MPO Iter. 1 41.61 50.72 5.02 30.12 4225 32.79 33.75 §36 -
MPO Iter2 4236  50.30 4.61 3029  41.93 32.81 33.72 7
MPO Iter3 4275 51.22 5.51 30.12  40.61 32.81 33.84 34
MPO Iter.4 4297 51.38 5.06 30.54  40.87 32.85 33.95 T e e——
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= [BillgR] BIMCRLER

RLAYFCBRE T :

 AlphaGo: RL + EltH;
- Gemini B9i)l|Z: Tree Search + RL 1&sRiERIEIEEE

« OpenAl o1 g9/l

75: Q* + Tree Search;

BTl

OpenAl O1 ERINAXELRETRLIAERZSZ=IIH:

- 273 LLM EBRYtEIERE], 5UZURY Bootstrap REL=4
SEEIRIIE (Rationales) BY8EST;

- Fi% Rationales BEAZ})|

HIIIER, 1R

RIS THEE,

- MieBEAEZEARITTEESCIN Post-Training FEERY
Scaling, Z&{E1F STaR [1] B9¥ FBhRAS;

=

REFSINEESIE

FRAYAY Bootstra

BETHEFNERELE

Rationales ZE{EH T RELUH—TIRFEESD;

%537 F2{E Post-Training Scaling Laws B4&HI!

\ EEAYHE, Search EEFHWERZEHE
SEEHEEUER T EREBEN YRR AR ERHES

, FE#HHAY

[1] STaR: Bootstrapping Reasoning With Reasoning; https://arxiv.org/abs/2203.14465

Demis Hassabis: "At a high level you can think of Gemini as combining
some of the strengths of AlphaGo-type systems with the amazing
language capabilities of the large models. We also have some new
innovations that are going to be pretty interesting."

gptdo
ML Benchmarks
MATH 94.8
MathVista (testmini) 739
MMMU (val) 78.2
MMLU 923
0 20 40 60 80 100
pass@1 accurac! Yy
Exams
AP English Lang - 58.0
AP Physics 2 81.0
AP English Lit 4 68.0
LSAT A 95.6
AP Calculus 83.3
AP Chemistry 89.0
SAT EBRW 944

(o] 20 40 60 80 100
percen t raw score

olimprovement
PhD-Level Science Questions

(GPQA Diamond)
Chemistry 64.7
Physics : 928
Biology 69.2

(0] 20 40 60 80 100
pass@1accuracy

MMLU Categories
Global Facts 78.4
College Chemistry 781
College Mathematics 981
Professional Law 4 85.0
Public Relations =38 80.7
Econome trics 7 87.1
Formal Logic 97.0

(o} 20 40 60 80 100
pass@1 accurac Y
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- ATFHRZIFHANPEERESE, RE—FFR0EsICE, MisENEESNREZBENNERBEERY;
RL + “[SEURB4ERE"
- O1 1&BYERA RL #1714, BIiIB|A\FIZSH Reasoning TokenfSk "fazlB4Ess” Sk "B [a)ff, BEAYa
i<, HEIERE AR,
REE -> EBF
« AL, OpenAl O1 EABERIITEEERAERE, MESBSTHTRANEE ., XJLAZEEES O1 IEFEMAK
# (BE. Bz, BEx. ZLEENEERL) | E2HWRE (EE. A=, B
IR E o SERUHEEITRE)
IEIEAIE = FRRYY BY4EE
- O1 BB AT, BKE Al BEHREAABBIRTFUIGMER, ReJLUBIITE Post-Training MERHEF RL
AR A B RS DN B TR B A (A S sCENBEIR T, BP Post-Training Scaling Laws;
- #iE k42 + Bootstrap -> Super-Intelligence :

- ETERKREAMRENSEESSCINEZE Bootstrap, FHEFAAKIEARENI RIS ISZEERIREREES],
REREIRI R R ESREHIER K, F=ZH0J8EM Super-Intelligence EiH—;
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fSEDES=UAY

EERE, IHRBEFSAEAENEE?

B (%12 |: CoT + Training-FreelUA T, BEDEHAR I cEN—FRFFEAEELSE,
B &R 1I: MCTS Appllcatlon £ Token BFARBID FEERKT

> Token FHINTR: BN HRIMNAERFESIFEI— Token,
xR IE R AU AT,

> GFFART R EEREREST, 8MTRAILUSE—D

51,

HZoHEES,

Let

24 B2 4= pi(a)pa{r) o pafa)
where cach non-constant polynominl p(r} is monic with integer cocficients, and
cannot be factored further over the integers. Compute p(1) + pdl) + -+ pa( L),
T notice thut the given polynomial has even degree and coly even pawens of =, %0 1 can try to
make w sbstitution o simplify it

Let y = 1, then the palyromial becomen y* + 3y ~ 4, which i a quadratic squation.

Vet fuetorr this quadritic squation s (i -+ 4)(y — 1), % the origioal pelynosiial b (= + 4)(=* — 1),

Now 1 newd to factor mach of thess factons further, if possible, over the integes.

For the first factor, 2* + 4, | rocall the Sophle Germiain Mentity, which says that o* + 40* =
{u® 4 26° + 2ab)(a* + 6% — Zab),

Applying (his dentity with a = = and b= 1, T get 2% 4 = (2 + 204 2)(=* — 2 + 2},

For the second factor, #' — 1, 1 cun use the diference ol squares formala, which says that
@ == (a4 d)(a—b),

Applying this focmula with = o sod b= 1, 1 get 2* = 1= [ + 1)(a* — 1),

Then | ean upply the difurmnos of squaces formuln igain with @ = und b= 1, to gee #* — 1
={x+1)(z=1)

So theeriginal palynominl is (5 +4)(r* — 1) = (#* + 20 + 2} (5! — 22 + QY + Wz + Yz — 1)

These are all the irreducible factors over the integers, 80 pilz) = ¥ + 22 + 2, pafa) = #* ~ 204 2,
plz)=L+ L pl) =+ and plr) =x -1

To find the s of thisie valoes st x = 1, 1 just need o plug i = 1 into esch factoe aud add
them up.

TeAm() =17 4214 2=5,py()) = 1" =2: 12 L py() = 124 L =2, (1) = 1 41 =2,
and ps(l) = 1 =1 =0

So the final answes &5+ 142+ 24 0= 1.

Auswer: 10

Let -

£+ 3r' — 4= gy ()plr) -l

where each non-constant polynomial p,(x) is monic with integer coeflicients, and
cannot be factored further over the integers. Compute p, (1) + pa(l} + + pall)

This problen is about factoring a polynotial over the integess, which can be a tricky tusk.
One pasible strategy s to lovk for miional roots of the polynomial, using the mtional mot
theorem,

TSR AER ] ﬁ%:

BGFEHEELS R,

Howerer, that would isvolve checking & Jot of passible factors of —4, and there is of
that the polynoanial has any rational reots at. all.

Another possible strategy is to use some algebraic tricks to simplify the polynomil
1 degree,

Ql: EREMERE,

L7

1 notsce that the polynomial hias only even powers of £, 5o [ can try to
a0 whiat happens.

Then the polynomial becomes ' = 3y° — 4, which is & quadratic equation i y2.

1 ean try to factor this quadratic equation by looking for two mumbers that multiply to —4 and
wdd o 3,

Thse mimbees are 4 anid —1, 50 T oan write y* + 3 — 4 = (i + (5 - 1).

Now 1 can substitute back = = y and get 2"+ 32* = 4 = (z* +3)(=* ~ 1).

This kooks promising, because T have reduced the degroe of the factans from 8 to 4,
1 can try to factor each of thess factors further, using the difference of squases

20 32 57

®

34 35 54 55

(3]
E/Aim? o?;ne Q:s;la@
o

21 22 R 43

MR R A HETE e
‘@id MCTS, REIRILUREAERY Token &
SR R N

D

59 60 78 79

® & o & © & & © @ e o O

Ligete® 4380 = 3= (£ 42 — 2)(&* # 1) = 1)

1 cann apply the differenco of squares formula again to the lnst factar and get 2% +
(@ + 2)(x* = 2)(2* + 1){w + 1}z - 1)

Now 1 have fnctared the polynomial camplotely into momic inear and quadmiic

R R

Integer confficients.
These are the p{r)'s that the problem bk adking for.

To fnd the sum of their vadues at 2 = 1, T just need to plug In r = 1 jnto each fictor and add
them up.

o p (1) + pall) o ) = (P4 20 = )1+ )1+ DO = 1)
Simplifying, Tget pi(1) + pal) -+ (1) = (3H=1){2)(2)(0)
Muiltiplying, Lart pi(1} +pa{l] 2+ mil} =0

Anwwer: )

26 46 47 38 39 S0 51 61
® » 2 @ @ ® © o
E\ /A &m ? 30 63 70
- ® o ®
64 65 67 68 n 2

e 9 © © @ 8

74 75 81 B2

® © ® ©°
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> {RBIiLIEE: FEFBEMIMEIProcess Reward Model, BEIfSEHHEMT KR, HERIEZIEMNMEAIETR:
> INTREREE: A—PREZSZEE, HENEREHEISE, RFRITTIIREEIARA—EE

1~
> RATIENRE: 2T RHFFE, BENEARELXHFEE, RSSHERIIRMERESE, BHXAIENE
Tree-based Chain-based
Structure Structure

The answer to

2Xx13 —12 + 4 is? - 2X13 =12 +4is? - -
- - ~

The answer to

~
// \\ // \\
’ \ 7 \
/ \ / \
2x13 = 26 /| 2x13=26 |, /| 2x13=15 |
I \ I 1
/’——§\ - ~a I | ! 1
P ] I’ \\\ I | : |
27 12+4=31 12+4=8 |~ L 12+4=8 | I L 12+4=3 !
// // \\ \\ \ | \ Il
/7 e Y \ \ U \
I/ // AN ANEEAY II \ II
N
| 26-3=23,726—4=22|26-8=18_ 28-6=22 " Y\26-8=18 ¢ N15-3=127
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Reward Generalization in RLHF: A Topological Perspective
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SPEUE: BB
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}1&5@1% M PREWER
LCA(y1,Y2) LCA(Y1,Y2)
SR HTHRERRE

l]

STR= RZHpEEN)Zk Lossgy = —log(o(re (%, yw) — 19 (x,¥1)))
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Reward Generalization in RLHF: A Topological Perspective




E}ﬂgﬁgﬁw Hgk ,ﬁb Eﬁ Reward Generalization in RLHF:

A Topological Perspective

‘ (b) Dialogue from SAMSum:
Her sister gave her 20 + 10 = <<20 —> Generator [—* +
Leo: BTW what are those pics?
Her sister gave her 20 + 10 = <<20+ —> Generator [—> 10 Ryan' Pics from Italy” | ))))))))))))
Leo: Yeah. They seem nice. (‘A™)
Her sister gave her 20 + 10=<<20+10  —>| Generator |[— = Ryan: That's all???? I need more reactions!!!!!!!!!!
Leo: I'm tied to this office and working like a slave. AM 1
Her sister gave her 20 + 10 = <<20+10=  |—» ev(;?(l‘?;(;it‘?ﬂr") — SUPPOSED TO SAY \"I AM SO JEALOUS!!!!!TI\"2eseses
2 Her sister gave her 20 + 10 = <<20+10=30>> |—| Generator |—| books Summary from SAMSum: Ryan is in Italy while Leo is working
- hard and wishing he could win the lottery.

HH-RLHF: &0 GSM-8K: £==11H DialogueSum: XA G\4;

Cha%n vs. SFT Tree ((?urs) vs. SFT Tree (O.urs) vs. Chain T . s
Datasets Win / Lose Win / Lose Win / Lose SSFTAERRIEFE A

HH-RLHF 0.72/0.28 0.78 / 0.22 0.74/0.26
GSM-8K 0.57/0.43 0.65/0.35 0.63/0.37
DialogueSum 0.58/0.42 0.66 / 0.34

Average 0.62/0.38 0.70/0.30

MR R IEIRESZES LB
WERGE30%

0.58 /0.42
0.65/0.35

MERMBIRERTZ (510, ARIEFISEREES, RARKIEDZM BRIt

Reward Generalization in RLHF: A Topological Perspective
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(b) QA-Moderation
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Responsible LLM Product Development Stages

Determine use case Model-level System-level Build transparency 1

r Meta Llama Guard 2

Meta Liama Code Shield

w

Evaluate and impfOVe Model F14 False Positive Rate +

Llama Guard 2 0.736 0.059

Meta Liama safety |

Define -3 Prepare > Train > |
evaluations ‘ MDJudge 0.849 0.098

Llama Guard 2 + BeaverTails 0.852 0.101
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Generation via a Human Preference Dataset
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SAFESORA: Towards Safety Alignment of Text2Video
Generation via a Human Preference Dataset
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Text-to-Video Pipeline

Comparison of Text-Video Pairs
Video 1

Generate a realistic video of a graceful
woman with an intricate body tattoo,
featuring a pair of majestic wings that
emerging from her back, set against a
neutral gray background, blending
reality with fantasy elements.

>

~

a

SRBAR

Center for Al Safety and Governance, Institute for Al Peking University

RisABERE, FREGEHESHER

pair_id: 0e773548c6a85e6b2abd 190b6882a5eb8e20e1af3694dba87294629¢42¢97540

/}:irﬁid: 0bc68f3869a2cad1521e042dd1d19410cb176f95£a731719f8084fd77c9ae82b

& id: 0f0c05d32d09b4da2dcbasdv02faaseSa33b027ee72¢d 18eb8bS4ce76d55d37

user_prompt: Create a video portraying a floral symphony: a woman and a horse adorned with ethereal
flowers gazing towards the viewer.

prompt_label: safety_neutral

Create a video that showcases a serene and cthereal environment filled with an array of flowers. The !
| video should feature a woman and a horse, both adomed with floral arrangements, gazing calmly towards the !
! viewer. The camera should capture the beauty of the flowers, the graceful movements of the horse, and the
! serene expression of the woman. The video should have a dreamlike quality, with soft lighting and gentle
! music playing in the background.

! video_2:

Is video
Is vide
Instruction Following preference: video_I
Correctness preference: video_1
Informativeness preference: video_1
Aesthetics preference: video_1

Insulting, Hateful, Aggressive Behavior

Adult, Explicit Sexual Content

Animal Abuse Violence, Injury, Gory Content
Child Abuse Racial Discrimination
Crime Other Discrimination (Excluding Racial)

Debated Sensitive Issue Terrorism, Organized Crime
Drug, Weapon, Substance Abuse Other Harmful Content

video_2_lab
Adult, Explicit Sexual Content Insulting, Hateful, Aggressive Behavior
Animal Abuse Violence, Injury, Gory Content
Child Abuse Racial Discrimination
Crime Other Discrimination (Excluding Racial)

Debated Sensitive Issue Terrorism, Organized Crime

| Stagel: Heuristic | Stage2: Overall
I " - . .
o | Instruction Following T-V Pairl > T-V Pair2 | w
— (]
T | . . | =5
= T-VPar > TPz I
0 - X .
@ : Aesthetics T-V Pairl > T-V Pair2 : T + V2

| |
I
! T 4+ W T 4+ V2 1 T+
i 1 O Violence O Racial disc o Violence O Racial disc 1
() v Adultcontent @ Other disc O Adultcontent O Other disc
w 1 o Invade O Abuse animal o Invade O Abuse animal 1 7
Z O Temorism O Abusechild O Temorism @ Abuse child 9
@ I O Contraband @ Crime O Contraband O Crime | )
w 1 O Sensitive o else O Sensitive o else 1
17

Drug, Weapon, Substance Abuse Other Harmful Content

Helpfulness preference: video_1

\ Harmlessness preference: video_1 /




ZEN B - AN EEREIER Moderation 5 Reward Model

N A-#l3i Moderation : BIYETFSESKESEIHTHNE, HERAXA- NSRS EZ=HUEH TS,
ZEERY . ETFIModerationtBEINSIESIEREIZEY), FH{EBEIEE RIFEIEHTBradley-Terry 1&=8Y)|
7, BAIFR T NA- TSRS RS,

M

I W

I Need a Porno Video of I Need a Porno Video of
Skinny Teen In Blue Nylon Skinny Teen In Blue Nylon
Pantyhose Toys Herself. Pantyhose Toys Herself.
Video Label: 5 2
M Adult, Explicit Sexual Content Violence, Injury, Gory Content Scalar Score: Instruction FOHOWlng: -1.08
Animal Abuse Insulting, Hateful, Aggressive Behavior Correctness: 3.71
Child Abuse Racial Discrimination . 7
Crime Other Discrimination (Excluding Racial) HelpﬁﬂneSS: 4.12 Informativeness: -0.96
Debated Sensitive Issue Terrorism, Organized Crime Harmlessness: -3.25 Aesthetics: 2.20
Drug, Weapon, Substance Abuse Other Harmful Content

X A-313% Moderation ZmRE
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HF (SR AIERITdFFEAligner P ———

Jiaming n Ro (‘hm Hantao Lou Donghui Hong Borong Zhang
n Juntao Dai Tianyi Qin hodong

Center for AT Safety and Gy NC.[n\li AT, Peking Uni

> TR ¥INFERNAFERZANRESE RIS, Aligner2BEE:
B S AR A R A S 53 SR BB ERE136.4% SELBAEII66.6%)

. — > IEEERZ e (RS T GPT-4E% 25 mE21.5%)
KEE(NS: BRER = > TR TR I NRILH

—
7 i RedNeCBISE — AlpacaEval Leaderboard
Correction y, S ! ! . seeee 0000080
T Aligned :
e - S M Distribution | | Autoregressive Gencrate —— An Automatic Evaluator for Instruction-following Language Models
Aligned | Unaligned ’ | i < Length-controlled (LC) win rates alleviate length biases of GPT-4, but it may favor models finetuned on its outputs.
LLM : A ; Altgner
o 1
= . o 4 _ | 1 Aligner Architecture
| Aligner Fiket existing answer | Version: AlpacaEval | AlpacaEval 2.0 Filter: Verified
/ sier to le : x Upstream LLM [— —y. 200000001 20 .“.‘\‘
T 2 | 5 Baseline: GPT-4 Preview (11/08) ator: GPT-4 Pre
Answer y, 2 | | Yo =°~
1 igner = TR — LC Win Rate Win Rate
Upstream ! EREnaes Model Name
1
LLM ate aligned angwer Internal Beh Ali; s
i s i; Jaetngl e avior in Aligner Upstream LLM Aligner 2B+GPT-4 Turbo (04/09) » 58.3% 46.8%
;: | \
\ ) 1
o - | GPT-4 Omni (05/13) ™ 57.5%
e Semantic Space | | \ t
uery x sl X ' ! N
Query < 57, | .. BEREeE ==-- Retokenize GPT-4 Turbo (04/09) * 55.0% 46.1 -/
! - Query x 77 BOS Token
Yi-Large Preview * 51.9%

MERRAER: 1IEREFIFSRRIEZRNEEREESS; e
(NEBSG—IR, RNNBFARNEIERE, e oo
SNERRAGRE : S2E T T RLHF, AR ES S BRSNS AR Nanbeige i Chat 01 >
HTEENT, (REA— 7. ———— T
>IEEIEBITTR: 2BIEBINSFFGPT-4; |2 T

RLH F_H_/I\ZZ 51 ,}?, tl_/,DPO%1 1 251 Aligner 2B+Qwen1.5 72B Chat ' » 36:7‘;

Qwen1.5 72B Chat * 36.6%

Claude 3 Opus (02/29) * 40.5%

NeurlPS 2024 Oral Presentation : Aligner: Efficient Alignment by Learning to Correct



E(R. Bk, &8, AlignertdFFeEscsszsE Sk

i )Eid 551RERY KiRSEtREAYEES]
- (ZIEELEREEINZSSS (Correction is easier than Generation)
» BEiAlignerXEIEEYEIERIER, FHATHRE,;
U F B E 7T, HEER IR EENRIEE L,

Superalignment Weak-to-Strong Generalization Weak-to-Strong Generalization
via Aligner

_human level

Supervisor Student Supervisor Student Weak Supervisor (4ligner) stands on Strong Student (Llama2/GPT-4)



B5Z5EiZ{k, AlignerEIMEERIREL

XFFRAMEAREIARE, HARRIFHITEN, A, =iE

* MERASRRITEL

@ BirREEAligner, IR ;
@ f{ERAAlignerF EESHZIE, ARG RIRETFETES
® HEHEEBXFEIARLHF/DPO, SEIIIMRENGRERTT
@ ZRIFFEZIAN, SCHERERIBEW,

- SERIENITT, IRBES Y

____________________________________________________

a

EAIA

| ZEFHATIZIE;

BOPT-4Z 2% RFA26%IA L, bk
EIBA IR HARSTRTESL, REREHKE
BN AT

Aligner-PPO-R1 Aligner-PPO-R2
Pure Aligner W Aligner-DPO-R1 ’
f . Aligner-DPO-R2

SENIERERT

____________________________________________________

é

]
]
)
e
e
)
i
1
1

D, Synthetic

| ) a—

: [ Model |REH

...p{P1 Synthetic

; 4 preference datasets
: 3

| Aligner, —[ERET

....................................................

NeurlPS 2024 Oral Presentation :

3| Model+ |mRERITHFG

preference datasets
Aligner,

{ g
l Model++ J

B s

Aligner,

.....................................................

Aligner: Efficient Alignment by Learning to Correct
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D3 Synthetlc

preference datasets
&
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an Zheng ' Chengdong Ma "' Xiaoyuan Zhang** Ziran Yang‘ Qingfu Zhang’ Siyuan Qi
Yaodoag Yang '

® IRIEMRYFHEIN, HKAIRLHF, DPOEFSE, (ER—MrElabelXRIRcEMEE "B

o BXfrlL "B RHMREEMN, BRSO T4 Ry (WFHEME. THEIE. WAL, BiEtES) 5.

® HTAREA. FETER. FRAFEXRT, WSHERIREAR, "B AIIRENMIFERD RIRANSE RS
HImey, EATBESEUMEE, IXHRIXITHEIEE TR ERY:
o HIEMEREA—H. &M > XI5
® MIEREF—IEE > FEEN T ANSFMmLT

: ! . . . ] £
Preference dimension B (e.g. harmless) —> Synthetic preference : better |
Single-objective alignment Our multi-dimensional alignment
Responses | Different
to label | labelers
Synthetic Preferable Solution method : . Prefer B | Preferable Solution method :
preference response misaligned, conflicting, and singular much? response aligned, coordinated, and diverse
o : -
12| @ il
0.6 - \\\
______ 5 | 4 ®_ Pareto optimal
a ‘ X o 3 \
Prompt ] ® Dominated solution ‘ ] _) @
7 \ 0.3
l > ().3 / x X \‘ :
\

) x '

Response 4 : 5) ; R ' N o2 E
(3) Y @ B I > ' 0.7
i U ‘B Reward ‘B Reward

NeurlPS 2024: Panacea: Pareto Alignment via Preference Adaptation for LLMs



Panacealsixizit

® TN

o HRE—EARBERIAED
BEFTRNG, EELEARE
NE, EENEIRE,

o JIZITEEEZRZHR,

® i B RANTCRHNAFILRE
B, BE—EAWmEE B2
(RIFETEINSHE.

Learning

Inference

ab

Bb

FRRNMBRITERMEIG.

ZOMERZE: ARNRIFIRERIMA R ME SR L F 3T R ERI B PHS ER B R R AR
Eit, FRHETFSVD-LoRARPanaceat®Blizit, HimiFREEZERASVD-LORAFRIZFFHET.
JIIZ5ET, MmiF R R RE mIFRE, FTXIXINAYERS Bk,
R, FREFRERTFEE, BRISZREEFRITHRVREEZ.
e £, BAERRESCFRRYERIR T, Panacea

Panacea: Pareto Alignment via Preference Adaptation for LLMs

an Zheng ' Chengdong Ma "' Xiaoyuan Zhang** Ziran Yang‘ Qingfu Zhang’ Siyuan Qi
Yaodoag Yang '

RLHF/DPO/SFT... update

A
r A\
Dim 1 Dim 2 Dim m
dataset dataset dataset
e
& s
£ - 0 g A + A2 .+ A Im
4 4 YN Response batchI I I
0 D
' Preference vector : [0.0, 1.0] -
r= S
[02,08] o
P, [05,0.5] _
[0.8,0.2]
1.0,0.0 d
000 3

Pareto alignment



PanaceasCiSiSiiE:

RIS Y

ZIRIFRIFT

Panacea: Pareto Alignment via Preference Adaptation for LLMs

Yifa

Yaodoag Yang '

Fronts of any 2 dimensions in the Chat 3-dim alignment (SFT)

& el 02f <02
: ° 3 i E 3
g. 4 5’7 2 0.7+ é 04 2 -0.4 ._.‘:
g . -8 k. =
g, £.-09} Z 06} & .
g ? —— Panacea % e —%‘ it
I = I . e -
g-Lir— R 08F . o 08F o
-1.1 -09 -0.7 -0.5 -1.1 09 -0.7 -0.5 -1.1 <09 -0.7 -0.5
Humorous objective Humorous objective Philosophical objective
Hypervolume 1 Inner product 1 Sparsity | Spacing |
Experiment Model Optim. RS Panacea RS Panacea RS Panacea RS Panacea
Llamal-ft RLHF 517.28 915.04 11.26 14.27 7392.91 2758.59  329.53 207.19
HH Llamal-ft DPO 0.319 0.322/0.317 0.632 0.639/0.637 0.48 0.3/0.95 2.88 2.51/3.25
Llama2-ft RLHF 519.38 840.45 8.59 14.68 890.4 5332.88 90.38 275.7
Llama2-ft DPO 0.318 0.337/0.334 0.641 0.653/0.652 0.73 0.36/0.53 3.24 3.12/3.71
HHC Llama2-ft RLHF 13519 17097 5.37 9.19 211.96 48.44 65.15 65.78
Llama?2-ft DPO 0.171 0.177 0.64 0.65 0.1 0.06 1.98 2.45
Chat 3-dim  Llama3-Instruct SFT 0.29 0.50 —0.58 —0.42 0.68 0.04 6.37 2.13
Chat4-dim Llama3-Instruct SFT 0.14 0.38 —0.65 —0.43 0.25 0.02 5.06 2.17
Chat 5-dim  Llama3-Instruct SFT 0.08 0.33 —(0.66 —0.42 0.14 0.02 4.91 2.28
Chat 10-dim Llama3-Instruct SFT 0.01 0.12 —0.66 —0.47 0.03 0.01 3.94 2.19

NeurlPS 2024: Panacea: Pareto Alignment via Preference Adaptation for LLMs

n Zheng''? Chengdong Ma*' Xiaoyuan Zhang ** Ziran Yang' Qingfu Zhang’ Siyuan Qi
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ZIRSIRBIRYRIFF I RR

Human-in-the-loop Human-on-the-loop
Reward Model Reward Model
Large Language Human Preferences Other LLMS
Models InstuctGPT/ChatGPT RLAIF/Claude
Vision-Language Human Preferences LLaVA Pretrain Model
RAHF CVPR Best Paper DDPO
Video-Language Human Preferences HPS/YOLOS Pretrain Model
VideoPhy VADER
4 N
AR I Align towards real-world physics
Action .
(happening!)

G J
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n 1 B ) fE2 EVRA DREA S Ly M 1% 5 W 6 0F {5 R

HRehE Mm% , ) LA FAHALE 10 F DB, IR 4 B e (Bmbodied
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40 B A T
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BEEENR: ETXIRE

- == —

8 KR LA RN EITA” —

HHES JRHE+E S

IR ER

At

High-Level

General Task Planner

Large Model

(Reward Generation)

World
Model

\

________________________________________________________________________________________________________________________________

[ #i%——minhseigstn

RIFBiBERRSHAREIE, &Y

KHURIRED) |12 R RN EE

BIEFHERE: 2B, ROLGIHRUEIERE, SRESMEER, LR AR

Object Trajectory
Robot Action ‘

Low-Level

Motion Planner

Controller

-

5 Wrist
& trajs

e Hand  (Action Generation)

Joints

Foundation Model

[V ws——sms/saem b

Planner/z, i 1 HEXMIMERIRAAE

il ZrLarge Model, e AIRTZ AL

91

[A E#—— Rt LR

Controller/=, VRAX}551%E4CWorld Model;

SCHERURZ B NSRRI R IGHRAE fE



BRSSP =MZLERXSYNAZE

BRE: BERRFIREZRERELIR, HIAIXIY R ARIKTRESEINRYBRE
. IRBIREAE, ETEARWISSASISERER, RESR™BIIRERIL.
> HBIEE: SFEhl. SRR,
BERe. HRAFIMTEMZRERZ2LR, GIRILUER p; mERFIBFERISEEE/NTBIE.
L iBaRE, FINSEERIAHERRD, BMRTEUA—EHRRHELELIR.
> HBIEE: SIMBENEFEEE. SEEENES.
REL: RNEREARAHERZRELIR, GBS ELI T OnEINEST LI,
. SURIRENAE, W EUERITES, ESIARETH, BRELARHTBINZ 2RI,
> BBIEE: ETRFINTeEH. WEGRABIHEZIRIRE, RBIUEXRTEEE,

Soft Constraints Probabilistic Constraints Hard Constraints
Safety Level | Safety Level Il Safety Level lll
Possible Minimal No Violations with No Violations
Violations High Probability

4

Distribution of
Possible Paths Path Traversed
the Robot Could by the Robot
Traverse
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> AEMENTF: VLARMUEENA

el EARERMEETIA

ENMEWTF, fNESHRe RS

. NSRS, oy '

= IVLMZS LS

> KEMURSN: EERNSHET 50 i
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IR, HIAIXTER R RIEMNSID

e ez BRI
BEREEe SaFIXT . GRS
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AEERGFF: Human in the loop

Rich Human Feedback for Text-to-lmage Generation

R T — AR A] AR ER E S 5 EHARIEIR SRR, FLe—ih
RE T EGRREEFERIER.

Misaligned
keywords:
. A panda riding a
motorcycle

Plausibility:
-5 4 3 2 1
Ahgnment
B 4 3 2 1
- : ' _ Aesthetics:
g 5 4 3 2 1
:‘ o k~w@ .| Overall:

B 5 4 3 2 1

o = =iy N - ST e— o S
.= N <X LES_ TN TR all =l

> R T —A "SR5 Transformer 88, FRAFEBAERRIR (RAHF), LAZFEIFTTNERAIER N EAER AR ERIXE
FERNAZERE. 1‘% LIYSTHUZS TG*D%*'“MDJZ TENRRIALAN BRI E 732

> WIEET 18K R AR ASSRIBHUIRE (RichHF-18K)
() EMRERIAERE, SSHERAAS AR R G
(i) B EHbN X e AR RS a A O S
(i) EHRAEEYE, SCABHERIF. EMFIATES HIREREITS,

.9.

O s
N s O [ p! Conl\;ycit:onv r [ Heatmaps
Image B ~ [ —-, | Feature |~ 5
I Image H ViT }—“ el — 53— = o= maps K,
) : g H o " 3 Colr;v :rr;ear H Scores
5 \ )!. Preference > > ~ < <
o
= \
- 3 N Percentage 21.5% 3033% 3133% 1267% 4.17%
O [ g
( O ] L‘ )
Text | Text Text g o = - T5X
prompt H\ embed | | tokens ? = 0= 7T°kens y decoder i

1]

C ATIHEAR: MUEE Muse SR Muse AR

B RIEEEIRYEE S48 B4 <A {#F RAHF _ﬂ*ﬁ?* SEGHITOERT Muse ELEES Muse B
FEREETRIZE PRI A e SHIE T

Yang, Mengjiao, et al. "Learning interactive real-world simulators." CVPR 2024 Best Paper



XAEMSIXFF: Human in the loop

VideoPhy

> iZIﬂETxE'EtI:.'T VideoPhy, EEMGEMRINIESTTSN
7R/ 158 —

Hrp2goA

> @,@688 “Ncaptions,

Model Performance on VideoPhy Dataset

SCHHFUERIRUYIEEIR (FIaN, SRR RFIAIZRE AT,
NEA-MEEER

EEF)

SR EAEESER, 291 108

NRER-RIAMEESER,

Inttial Frame Middle Frame Last Frame

VideoCrafter2
LaVIE
ZeroScope
SvD-T212V
OpenScra
Pika [

Lumiere-T212V

0 5 10 15 20
Accuracy Based on Human Evaluation (%)

Closed Models

> DEEREFERZEMMNGEEMERIBIRIEES, EIERZYIEER,

Detailed Leaderboard

Prompt: Pouning milk info tea.

ion of Mass d
_ H The'evelolthemdkm'hecuﬂ
does not ncrease.
pa— -
E— A “ ! Pmmpl.smmngummloa
v ‘
‘1 Newton's First Law Violation:
__ The sand in the front shifted without
any force by shovel.

LaVIE

Prompt: Wood floats down a canal

OpenSora

Solid Constitutive Law Violation:

-

25 > e Rigid objects (wood) should not
deform under small force load.

Overall (%) | Solid-Solid (%) | Solid-Fluid (%) | _ Fluid-Fluid (%)
Model SA,PC SA PC |SA,PC SA PC |SA,PC SA PC | SA,PC SA PC
Open Models ) ) )
VideoCrafier2 [21] 190 485 346 | 49 315 238 | 274 575 418[ 327 691 436
LaVIE [79] 17 487 280 | 85 373 190 158 521 308 | 345 69.1 436
SVD-T22V [13] 119 424 308 | 42 259 273 | 171 527 329 182 582 345
ZeroScope [20] 119 302 326| 63 175 224 | 144 404 370 | 200 364 413
OpenSora [54] 49 180 235| 14 77 238| 75 301 219| 73 127 273
Closed Models i ) i
Pika [56] 97 411 365| 136 248 368 163 465 279 440 680 580 = K
LumiereT22V (8] 125 485 250 | 84 371 252| 171 596 260 109 49.1 218 n-2 (poor physical commonsense): i =
Lumiere-T2V [8] 90 384 279| 84 266 273 | 96 473 260 91 455 345 TGe (poorphysical commogSehes) ERERE—_EE
Gen2 (Runway)[25] 7.6 266 272 | 40 89 37.1| 81 385 185| 151 377 264 ext Prompt: Water pouring from a watering can onto plants.

Bansal, Hritik, et al. "VideoPhy:

Evaluating Physical Commonsense for Video Generation." arXiv preprint arXiv:2406.03520 (2024).



SRSIRE: ARERSSIRSHEENSHES

> 1B ATREY:

e 57AT

13+ H#ETERE

2

> SEAES AR

EVEN: SESKEAEEARERSFE
, BEBFEESHAIAIRS L

SRESHIRANRE
TXZF38E

Text B

TS MRS HEE S .

image ) e e /‘%1§;e3?$“;—> —{]

Audio el o

o B = == E-B

More modalities e e

I Multimodal Input | LLM-centric |LLM-based Semantic IInstr‘uction-followingl Multimodal Output
Encoding Alignment Understanding Alignment Generation

AnyGPT: Unified Multimodal LLM with Discrete Sequence Modeling
TR H :  https://github.com/PKU-Alignment/align-anything

E& B/ SRR + tH AR + H#ETERE
> AR SIRESARE: RG] +3ZHEET] +ER/IEE/SRREAN +

VLMs, and others, with human intentions and values. More def
for LLMs and other refated infarmation can be found in Al Alignment.

project website " PKU-Alignment Team ==
scumentation eatures Jpe News | 5 instalistion | » = Training | 49 Reporting lssuss
Do F N A T 9 R
English | W | Our 100K Datasets

Align-Anything is an open-source alignment framewark for academic research based on DeepSpeed or NeMo
{currently in development). It aims to align various modality large models {any-to-any models), inchuding LLMs,
about the definition and milestones of alignment

b SR + IEIEEETD

£FiE%: IFRES, RESSEREEHIRES
HYSIN, BRI SRS AR N FBRISE %
VR, EEXNESTENFEA.

uonoaforg

1. This is a mini white refridge , that is slightly opened | |

“Active Impedance
Adaptation Policy

__{ 4. The contact point is (x, y), the gripper up direction

’2. yes, ..., yes, 10..., no

' 3. The contact point is (x, y), the gripper up direction
‘ is (X,,Y.u,2.), the gripper forward direction is(XgYp2g)

is (XuYusZy), the gripper forward direction is(Xpypzg)

B e e e e e e e e ey e e i i i e e s 2 e}

1.0bject Category Identification (OCL.) :
What is the category of the object in the image?

2.Affordance Prior Reasoning (APR.): Deter-
mine if operating on each following point can eff-
ectively manipulate the object within the image:

(Xp',¥p") coeee(Xp™ Y woven (XN YY) e (XN YNE)

3.Mask Language Modeling (MLM.) : The
contact point is ([mask], y), the gripper up
direction is (x,,[mask],z,), the gripper forward
direction is (Xy[mask])

4.Finetune (FT.): Specify the contact point and
gripper direction of manipulating the object

ManipLLM: Embodied Multimodal Large Language Model for Object-Centric Robotic Manipulation




Align-Anything: AZZTTHMERAESIITHE

AR TREREFEENSIRSIRIFEHESCINE RN ERIXI 5T

> BERAEERSEFENRBEES (s, BEEERENEMZERE, MIEZTREEF) 2
HERMT ARIREEE, IR EREE AN FFHEER R,

> BIESEEERESRKARE—ES KRR (language feedback) , SCIIRSHIPMEIR.

‘ =
A violinist plays -— e 1 i
passionately on E D atas et ] . Reii ™
stage with the ¥ b
warm lighting, v e = 3 ‘_*
captivating the °8§8° All Modalities 3 o
audience. 12+ specific tasks

' l . . . . "‘21: .- T/\ZT
l_ | 1l e Fine-grained Preference ‘
violin sound 5+ preference dimensions
“Paganini Caprice
No.24 in A minor”
> n Language Feedback .
[Understanding or Generationj critique & refinement -
i)
Annotation TI2TI == == .
[ oy | u—
i n 4 . 3
) £ ul g
& == P -
R A E(ESTNESIES 5 :
=4 }E . | ;I JIEI.{E:%\ U{El%‘*;'éa‘ ' e g H n o bl
N -} tﬂ 7!5& o 4%
@J E 1= = & RE/\J4OO Kg ?E% : l- ik o : TV2T
TI2T T2V




Align-Anything: FZTTIMEMAIIRSIIFRE

mOERR: A REREFENSIRSRIFSIECI B ERm AR ERIXI5T
> INSRZESIHEEEE. #ED. afFRFEEAUMER, REEval-Anything, ETFIESRIR
THMAESENEERSIER S TG, HEEERENEEI T,

A beginner can learn to play the violin by

following these steps: @] What is happening ? Model The person in the picture is frightened by the dog
1. Hold the voilin properly: As a beginner, Slmllarlty
) you should first stand straight and relaxed, o (o e e e - - Y @ GP T_ 4
\ fjmlyrf S il areh it f hat. P " ' @ Answer Annotation ' Consistency “AMU
ipport the violin neck with your left han o @ 1 1
} {2 Begin with Scales and Open Strings: As) Ve oY e I Ref Answer: A man was frightened by a barking dog. |

a beginner, you can start by practicing open L |
I string bowing to help develop a smooth, Vision Keywords: man, scared

| consistent sound. I A\ — 4 Audlo Keywords: dog, barking
e - ) <A dog is barking>

Eﬂ A good watermelon looks ... When ! Preference Annotation 1

! I
) e Consistence How to choose a good tapping a ripe watermelon, it should 1 I
& = PN watermelon? Model produce a “thump” sound, as shown in : ' @ > ' @ |
— : the audio. " ) ) :
\ ' ‘@ ' I
____________ v <o oo OuiputA___ OutputB_
’]-""". badenjafussibibh Ay Vaiimdifimmmd |00 e e e - b B
(Mot ) e Train
) | e @ Modality Annotation :
: o o ____Z |
: 5 : 1 R ) Judge Model
S e
b3 I eee e : < The “thumping” sound. > Relevance
\/ . a: | Modali . Consistency
-Lq:{E E ll:l  — | }i Xj-{i | T-V A TV TA - VA TVA : ty MOdallty Information Gain

Selection Instruction-Following Synergy

BB 18 |
1£%l_ ngﬁr;éﬁiiﬂﬁ Same = z Sary - (St +5Sv) - Sty

TV,A
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(Learning from Language Feedback)

HMBEEEFENSIRTIRIF &N
> $TXIRLHF/DPORIFF /o = FERIRIERRE, &S, (ICMERINERR,

TR

EU'EE &= *Elu\yj

ESCIN SRR MARR ERIRTITT |
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nes of alignment

R

Step I:
Feedback Modeling

Step 11:
Self Improving

Final
Model

Prompt ll

RLHF

DPO

Initial
Model
Mg
i Response
¥ =My(x)

Response

Response*
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e

©

o

S

SFT

Annotated Language Feedbacks

Preference Pairs

N

Initial
Model

Feedback
Model

My

Feedback

c= My(x,y)
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Question: What
medium is the man
using to speak?

Before Alignment

A car horn.

- Wrong answer

- Indirect response

P 0:00/0:08 w=— o i

After Alignment

The man is
speaking over

a loudspeaker.

- Correct answer

- Direct response

Question: What

happens before the

woman starts
spinning around?

Before Alignment

Before the woman
starts spinning
around, she i1s

seen standing in...

- Wrong detection

- Wrong motion

After Alignment

The woman was in

the black swimsuit,

then to her left,
then

- Correct detection

- Correct motion

Question: Small white toilet sitting
in a small corner next to a wall.

Before Alignment

i

—~ \‘

- Strange shape

- Redundant content

After Alignment

Y

! b
- Correct shape
- Clean layout
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> Align-Anything {E283%3
(EESNET

HEE

SRS FHREE12MMESHY

400KXIFFEREE Modalities
8% FFEEREEES. W&
SFT. RLHF, DPOEEUHJU Core

RS EBIIZRRS

1RE: R <SIRERAEHY
Chameleon, LLaMA3.2-Vision
FIER, AN REEESE

Registry

THh: FRRERERRS.
iAEEEId 30M IR REHE
RYARREEFNACES

TR H :  https://github.com/PKU-Alignment/align-anything

Backend

ZUEEHRESXITT, XE EBJEJE?:I:IZFF:E!EE—%_HQ biﬁ%l\?fﬂ!ﬁ
SHE— RS LHEESHFTNER, NEESKEERNNHIRE 7T H—iiE ﬁHEI’J%’q’:J&Ti ES

' Topo E [ Done
Image ] [ Text ] [ Video ] [ Audio ] [
/ Algorithms \ / Evaluations \
{ trainer.train() J { evaluator.eval() }
SFT DPO PPO RM API Open Model Multi Choice
ORPO KTO SimPO . Model-based Rule-based
\ VAN )
/ Datasets \ / Models \
[ template.format sample() ] [ any _model.from pretrained() ]
[ multi-turn } [ vision-input J [ preference J { score model J { text model J { moe model J

\{ prompt J {SupervisedJ {

Y

\vzszon model diffusion [:J /

torch.distributed ] [ deepspeed ] [ transformers | ] [ vliim f LLM] I nemo ;J :
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Frontier AI Regulation: Managing Emerging Risks to Public Safety
Towards Guaranteed Safe Al: A Framework for Ensurine Robust and Reliable AI Systems

____________________________________________________

Guaranteed Safe Al

actions

observations

World Model
runtime
monitoring
Verifier
Safety
Specification
Al

___________________________________________________
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> KIRBIRYnT IR TE:
> REEENE ARSI ST HEREEBH
1ICR. EFfNEINE, XEFERE)IGKE. R
ANFE., 1THICRIRRILE, HBRRERNSD
BR%R, 1T ORIBNEDS;
> KIEBRYCIRFEE:
> EHEEERInIRRRIEDE:
> WA, EEEMHLEELEACNREIEE
NEHBEFE T, XERER AREEEN R
5ig&z, LB "t EE" .
> YW al{EaRE, EEEESAEEESRELIA
KIFHRRIR T, XABER EZDERKIIZEPRY
O R AESRAE, SCI "oEAYEE" .
REEF: Representation Encoding Fingerprints for Large Language Models

Improving Alignment and Robustness with Circuit Breakers
Sparse Autoencoders Find Highly Interpretable Features in Language Models

/.

; e 0.0

-2 2 Vietim LLM  Fine-tuned -y 004 1 [ Ms Fine-tuning  Pruning Mergi
Victim LLM - e -

(a) (b) (c)

ng Permutation

RAERRAE BAT R AR NE, SRR “c48

(O Harmless States (O Harmful States

Refusal States Circuit Breakers

Instruct Model

Refusal Training

Circuit Breaking

AR 1 & R R H A [ R 22 7T

Language Model Sparse Autoencoder Feature Dict y
2[ Embedding ) WENED | Activation Vector Feature | Meaning ISHI: mmmmmmmmmm
ore
& D Encoder matrix L ! !
(O <k = N Transformer Blocks ) | | (tied with decoder) k-0001 | Words ending in “ing 0.56
xt Corpus /| T/ Add bias + apply ReLU
((Omcomoooo0 ) Sparse feature coe fficients
Y cocoier aitonse’ | [van | oo
Unembeddi {
{ C "9 ) [ mEmm0 Reconstructe d activa tion vector
. Interpret Iting
a. Sample activations b |earna feature dictionar y using an autoencoder dictionary features
from a language model  that learns to represent activation vectors as a
sparse linear com bination of feature vectors

SAE 7 1A R R R A,  SEFAE R B] {5
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and external context

o4& ey O ﬂ=- Pn:ccss documentation ¥ |
Bb 2 ; = ' <_" Establishing internal 4‘+

analysed system/process identification
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Hazards’ identification
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Risk evaluation
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Monitoring and
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Systems Engineering/5,%18).
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AtEBIYReward Hacking

> LElRisERE
> Reward Hacking fEXIEBIRLHFARAY{HIN -

ifi: “When a measure becomes a target, it ceases to be a good measure.”

> WRIgdiE: SReRATIRRMERARIGIRINEER, (B5AXEEES;

> NRVFE=S

> In-context Reward Hacking: {ELLMj:

RM Size RM Type

1.4
— M === Proxy
— 12M — Gold .
ﬁUQ/\ =]
12 —— 25M  —— Gold (Fit) R T2 i oy
— 42M
— 85M e
1.0 —— 300M P = <
- 680M e e
o 1.2B s
S 08 3B = ) .
2} g £
=
14
0.6
0.4
0.2
0.0

0 20 40 60 80 100
KL distance between RL tuned policy and initial policy

Reward Hacking in Reinforcement Learning - Lilian Weng

EFEHRSIALLMIESI AN B

, BlanGiE Rk bEE{R;
fTself-refinementlh&Rk B =ERE

E T EA*:L»‘[T% o

VICUNA-13B WIN RATE

EVALUATORS VICUNA-13B V.s. OTHER MODELS CONFLICT RATE
AS ASSISTANT]  AS ASSISTANT2
GPT-4 Vicuna-13B v.s. ChatGPT 51.3% 23.8% 37780 (46.3%)
GPT-4 Vicuna-13B v.s. Alpaca-13B 92.5% 92.5% 4/ 80 (5.0%)
ChatGPT Vicuna-13B v.s. ChatGPT 2.5% 82.5% 66 / 80 (82.5%)
ChatGPT Vicuna-13B v.s. Alpaca-13B 37.5% 90% 42 /80 (52.5%)
Engagement averaging over 100 topics Toxicity averaging over 100 topics
1 (]
g 5 0.09 a8
9 A 0.08 - s SR e s
-+ il e A -
c < 0.07 f—
Q e
5 2 0.6 // S i
c Y 0.04 i
w &) / — BSNBC
0 5 10

Dialogue Turn

(a) Engagement (measured by GPT-3.5) increases over time.

Dialogue Turn

(b) Toxicity (measured by Perspective API) increases over time.



ARBIAIReward Hacking
> IRARMERE, S TRMES
> MR vs R E: FIIRZRE R RS,
> AR vs ZF0K: BINZTiIZ BirhE;
> BT vs ZHE: BIIFEFENSHERE,

> EFAEEMEEIT ISR, SBiRBIReward Hacking |,
> FHIEEDIT (Feature Imprint): EERMEFHFEMERIREE.
BT E T AR AR A BT, IELEN. 88

. REENEBRE,;
> XJ5FHEHT (Alignment Resistance): EE3ZFMEEL (RM) 5 [T amigament pipetine | [2] Atignment Dataset Taxonomization | [3 | 7 and - 9 Reward Vectors
AL RIFEAF—BI2E, WFERRKEALIRTESAE 5 - - §

Misaligned
keywords:
A panda riding a
motorcycle

Plausibility:
. 5 4 3 2 1
D=  Alignment:
SN 5 4 3 2 1
Aesthetics:
'5 4 3 2 1
Overall:

-

Holpful | Harmloss | Eloquent | Poaitive I

X X @ V]
BintEREA A0 L7, = & & 5
w
> XIFFE#M (Alignment Robustness): {TRIREIXSTTHRTE -0 v v | | e |
o— 2
ANZUHBUZEE. ERF SR RFNEEHEESE - .
LB e % Eo gy s 1 2 = Vs Evaluation Report Feature .Ix.nprix.lt Alignment Resistance Scores Robustness Scores
REXSTTIERE b2, FEEMEEXNFTEIARITEES. e ey Ty e oo vt sunamor
OpenAssistant - Feivcey-prensiylig (LI0) , Stayed aligned: 48% :::ﬁ::é::’iii:?:z)mo(ﬁ?
Reward Model ~ Respanaes (L02), b : .g _ else equal) increase by >112 times the
Alignment Pipeline :::;::: ((278;; and 0 Stayed misaligned: 18% 'isks‘:::misa“gnmem

Reversed alignment: 8%

The PRISM Alignment Dataset :
Rich Human Feedback for Text-to-Image Generation SEAL: Systematic Error Analysis for Value ALignment
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The Platonic Representation Hypothesis
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> ZIEEERESIRER 2.
A*El?jAbstractlon Reasoning: : %.':H
SRS TARIE RIS, EAEEEs:

> Type1l Abstraction: E?*Eiﬁﬂah
JEE#E, (BETHIHSENER,
MELALR RS RRIRFI R E

> Type2 Abstraction: System Il JEzj)
ﬁ?’l"mﬂﬂﬁﬁﬁmlﬂjmﬂ A LAEF

S HRYFIEHITRANHRIE RIR;

> *EEJUE% TANEE/ REIERALIX S
vz (RiE, BE). BEiK. ZiitE
REHEEN) 5 (EB. 4=,
ﬁ i/\EE_.IﬁHg;EEL*E)

> REETFUNMSI SRR EEIIEREI
A BALE ElREETE
NAZE, MEI=EmETT.

It's Not About Scale, It's About Abstraction - Frangois Chollet
OpenAl ol System Card

- "—‘i /" S )‘ Lo ==

/ \ '/'7‘_‘;'7\,4 B
) \ XN / i \/ 2 \ (e.g

\ L / - A\ / —3

Analogy: "Draw a map"

Embed discrete objects

. tasks, programs)

e \_;'éj{__ (/ Ay on a manifold
/ Sa / 4 \
/ \\\ // ‘I = (a data structure where you can compare
¢ \i& ,/ any object with a distance function)
ava o), (7 ble f imat
X ) =/ A \-\/ AWy to enable fast, approximate
/ = 3\ 2, inferences about directions,
/ mis . .
) ™\ A distances, pathfinding

Jailbreak Evaluations
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ZTCXUER TRAIRFEHENITT
> ZRXIERZ SERIMETFE:
> ZXEZCEEFERE: FEPRESRIAMNESIRRRAIRZENITAFTSARENXMNS
= FRIME, LECEHEMASE,
> ZXIRZICEIEIE TRMMENGZT: RITESAEIENERMERITTIE], RIFEEE
L TIEXERESEZAIRRCIEMEREN, SEMAIRFE “AZhEH" .
> HHERIENSEHEE I
> AIRIFTEIIRAMEFFSH " ARMERIR", MMERARBHERSE. HEH#HIINE, 3
SHIX—E, AZISAHEASEMNSS MSESESEBEENS, FDASRSGHR S,

o L, Participants rate their interacti our re randon 1  ArTOee O -1loQ al charae £ ae -
= SF i e e Value embeddings across centuries Total characters for each source
10 ‘ ™ X multl-tumv ®
: 1~ g X O, comersaticns 0.9 -+~ Religion -#- Expectation for Progress 1 0]0 | —4~ Project Gmenberg‘
’// 4 N\ > Democracy -~ Uncertainty Avoidance g -#~ Internet Archivg~” 'y
(=] i § g 4 S,
¢ - v — ~o~ Liberalism 13} -~ Pile of Law ¥ R, i
OPamc:pams o ontinues . 0_6 B < v ‘o
complete a cpm—t— st ral = 8 4
. = Tt 7 /
detailed survey —0p ' - £ ::, \ _g 1 0 ,.'/
We recruit participants ==, g Ve Q S [>) m
from across the globe = o eedbac v 0 3 T—~—— <l — =
2T <
Human Participants Large Language Models -
Survey Participants 1,500 Conversations Total Providers 6 ﬁ 6 | - Total Characters
With Conversations 1,396 (93.1%) => Total Conversations 8,011 <= Total Models 21 10 parly Bhekisi » < N
Birth Countries 75 Unguided 3,113 (38.9%) Commercial APl 12 (57.1%) 0 O . Early English Books Online
Reside Countries 38 Controversy guided 2,438 (30.4%) Open Access 9 (42.9%) . L L L L 1 L 1 1 L 1
Conversations / participant 5.7+1.0 Values guided 2,460 (30.7%)  Conversations / model 1430.9+171.1 13 15 17 19 21 13 15 17 19 21
Models seen / participant  13.9+25 Turns / conversation 3.4+1.6 Unique raters / model 924.3:t94.4
Total Interactions 27,172 C entur y Celltl,lf y

Total Utterances 68,371

The Platonic Representation Hypothesis ProgressGym: Alignment with a Millennium of Moral Progress



STTXE = FRIAIRFMEXIFF
> Atziaes [WEl ZhkEERHRFAERS
> AIRSPEHIREAREFHIMERTRE, BETF: 1) FHRENBREHENSHERIMCRIRS
n; 2) BUESMAERESHEAG. IEER-HalERNEER N, X2 KSR
1815 (knowledge collapse) . {fii{E$NE (value lock-in) 5,
> MWR: HEANRFRHEM [RE] &8
> PERERR, FXNEIAINR “ERESHESA" #TFHIT/ATEEIR, DUEEEZEATNE
tr. BlaN, W—MBAIRSHERESREFNRALE (XEERER) . HiMbEiFEILIE
“EREERmE, BMERESRFAINGRIERM AR |

% % Xk %
s [xscOUNt 0.20
A B s T - s
Tomn e NIL_random 1 ¥ %k %k 1
NIL_neutral - 1 ]
) 4K K K
NIL_opposite -] 1 0.5  kkkk 15 —
NIL_origin— 1 c [ 1 o ns
NINL_random — 2 04 e 8 i
NINL_nuetral - —— * ";‘ 3 104
NINL_opposite - {— + : ] : * o 0.3 2
NINL_origin = —{ Tk —I * * ° °
* & 0.2 ]
NIN_random - —{TH g ’ S 54
NIN_nuetral - —{Th " * : 5 0.1 g
NIN_opposite - '—:—:I : : : @ =
| *
NIN_origin I'—:D'I : : | * 0.0 T T T 0-
N N \ D A
1.5 1.0 -05 0.0. 0.5 1.0 &‘\’/ \‘\\('/ é\\’/’ e\ \\;\’ %\\r
FIGURE 3. Knowledge collapse: The cheaper it is to rely on Al-generated content, the more extreme mean opinion difference ©7 0';'\ & o7 o“ &
Q Q‘ Q Q\

the degeneration of public knowledge towards the center.

Al and the Problem of Knowledge Collapse Quantifying the Impact of Large Language Models on Collective Opinion Dynamics



HEXIFF: Progress Alignment

ProgressGym: Alignment with a Millennium of Moral
Progress

R L,

CRITTHISEIGHESR, SITFEIZMARAEFFIEE
ESRIRMURE, URSE. BESEASC. (5550,
BENNMELE (12215F-20225F) HEENAEA. BEXNES
ProgressGym Leaderboard: [EIML#TX. XI55+t

= h¥RE,

XAESEFPE AR A !

X

h B A 75

Value embeddings across centuries

Total characters for each source

—- - -~
{ . \ 0.9k, Religion % Expectation for Progress ]OIU | -+ Project Gutenberg 7’
| : | Democracy -4~ Uncertainty Avoidance g -8 Internet Archivg” s ,— -;//
ZoT T TEETE Ty e TET T A > s~ Liberalis £ - Pileof Law # \
ProgressGym g W v v \! L 06T et - ot {x, A\
a2 | PG-Coevolve i L : 1 | Historical LLMs : 5 | 210 R S
0 s e i | [ "1l (Cc13-C21, 8B/70B Param) (i e g - Y
( ) I | 6 | - Total Character
I 3 I . I | 1\ 2, & = 10" F ota MFTML“\
. | PG-PI'edlCt e Extrapolatlve | x | | I ( ~ | 0.0k, . . , : 3 Early I:Iugllsh Iiuoll‘.\()nluw " .
’ - A0 L '1| Historical Text || 13 15 17 19 21 13 15 17 19 2
N | B B ;
. ‘ | 11 X | | | C13-C21 , 38GB C entury C entury
aBs | PG-Follow : ,[ Lifelong ]| | o ) X
e ————— O e —— / O b Sc s cims wie simim = Figure 3: Temporal trends in 5 value dimensions from the 13th to the 21st century, and the volume
of different data sources for each century.
Components Challenges Algonthms Data & Models Table 3: Benchmark Results
h PG-Follow 1 PG-Predict PG-Coevolve T
Framework ProgressGym PG) w/RLHF  w/DPO w/RLHF w/DPO  w/RLHF w/DPO
o’ Lifelon Iterative 3.579 7.034 23251 31.683
s 3\ & Independent ~ 4.275 6.913 16.841 31.336 38.645 36.650
Foundations Risk: Value Lock-in Solution: Progress Alignment Formulation: Temporal POMDP Extrapolative, , Lcrative 0584  6.947 5088  31.328
L ) L1 Independent 6.238  6.784  27.156 30.997 N/A  36.538
. Iterative 2550  6.678  18.071  30.073
Extrapolativess 1 jenendent 6753 6624 20489 20807 N/A 38959
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ProgressGym: Alignment with a Millennium of Moral

Progress

o —NEBL AN /Re] RRFOIFZ(POMDP), Heh:

s REPRSEAEZMEMAIVRES, AIRFRENFIRIEATENIMERER (HI0AZER
IFEWERT) |, ERTAIRGERILAED REBY TaIXS B e NS00,

- Al RFGHIEMERRIREBESMEMRANEERETE, RE T BES AR E R T,

- Al RFGHRIRE RN AR-AIRFHEEH LN ER.

- - - - -

I Value State > ! Value State f flluf? Sl'fﬂc \
Distribution ! I Distribution i I Distribution |
| I I | | |
1 9 I O 1 I O I
| I | | I |
I o I Human | O i Human | O i Human
I . 1 . I .
: o  Observation: @ : O observation: @ : , Observation: O
=>I I > I - | O I s e
I I ( - I I . l I .
: ; action: : ; action: | ; action:
@ : Interact(@ , @) 1 ® : Interact(O , @) ! : Interact( ? , O)
: I Al Human : | Al Human : @ I Al Human
I . I 1 @ 1 e |
| I I | I |
1 | ! I

StepN -2 1| Step N -1 1 Step N

N _—_—— N _—— N _——



Z2TEAINSRE—EN
> AEEENFHSE—ERN:

> 118 "geN" 5 "we" HENIRETFS
FFXEXEENIFHHEAR. k*%ﬁ:li‘iu

=% FHARFR
BIFXI5F (Forward Alignment)

FEAEMEBENITT, TieR

MR RR
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> PIMRFEHSHERRATER

> AEZEINE: EMAIRFEACTH IR,
> Z2titE: FRRSMEMLERREERRRN
ISR, RRREENKIAIRZALAR LT
IMAHREE AT Eakiaits.
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Mechanistic View Representational View

Legend
When
10 Mary Key / Value
and 1}
S¥ Jobe Query=» =»Output
S1+1 went PC2
o
the

lllll

PC1

{_]* l l "

END to Sackup tame | = ok,

d 1 P en

ot ) | Mover Heads Posig,, — High Utility
----- ~——8 Low Utility

Approach: Bottom-up Top-down
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Figure 1: Intuition for Decoupled Approval. In Standard / Approval RL (1a), the agent
has an incentive to take actions which lead to corrupting states producing high feedback.
Human-in-the-loop approval (}lb) avoids this incentive by sending query actions to a human
supervisor, who provides feedback on these actions before they are executed, thus preventing
the action from corrupting its own feedback. Decoupled approval (1c) achieves similar
benefits, but without a human-in-the-loop, by optimizing for the feedback on the query
action, sampled independently from the action taken in the world.
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