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About Me GWDG

- “Around” Al Safety Sphere since 2018
- SERI-MATS Alumni

- Part of a team of Independed Al Safety
Researchers, funded by LTFF

- Side interest: Theory and Practice of
Improvisation (dance, music, theater, etc) [1]

‘ - Work at GWDG as a Data Engineer [50%)]
[ 4
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The team GWDG

- Team of 5 Independent Al Safety
Researchers

- Working as a team since November 2022
o Participated at Stanford Existential Risk
Initiative - ML Alignment Theory Scholars
Program [SERI-MATS]
o Funded by Long Term Future Fund [LTFF] till
end of September (actively looking for
funding)

O 00
. . . - Looking for collaborators

o 2 PhD Students (KIT, MIT)

w
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Purpose of this talk GW D G
".?9

- Present the Alignment Problem
o Focusing on a DL Perspective [2]

- Overview of Interpretability Research

- Present our current work and our plans for
the future

20.09.23 Georgios Kaklamanos Introduction 4
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AGI and the Problem of Control GWDG

- Artificial General Intelligence

o domain general cognitive skills
o at or above human level

- Intent Alignment:

“Mitigating lheﬂnsﬁjoﬂextmtl:‘(‘glnmlxl should o Th e Al |S tryl n g to d o W h at th e H U m a n
iui;y Ongs| q‘%@gr‘ems_mcleta\ scale

risks suchtAStpangEmita A Aiclear war. wants it to do.

Figure 1: State of the Union Discussion

e - “Hard” Alignment / Value alignment:

o Understanding how to build Al systems that
share human preferences/values

20.09.23 Georgios Kaklamanos The Alignment Problem
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Situational Aware Reward Hacking ¢-C;WDG

- Reward Hacking / Specification Gaming
[3, 4, 5]
o A behaviour that satisfies the literal
specification of an objective without
achieving the intended outcome

- Situational Awareness [6]
o Out-Of-Context Reasoning [7]

- Situational Aware Specification Gaming [2]
o Reason about flaws in the feedback
mechanisms used to train them
o Learning to Play Dumb on the Test [8]

20.09.23 Georgios Kaklamanos The Alignment Problem 6
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Misalligned Internally represented goals 5 GWDG

1. Consistent reward misspecification

o e.g. Supervisors assign rewards based on
false belief [10]

2. Fixation on feedback mechanisms

o Goals related to the implementation of the
reward function [11]

3. Spurious correlations between rewards and
environmental features

o Observational Overfitting [12]

(b) Num Keys > Num Chests

Figure 2: Goal Misgeneralization on the
“Keys and chests” task [9]

20.09.23 Georgios Kaklamanos The Alignment Problem 7
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Power-Seeking during deployment ¢.C;WDG

- Many Goals Incentivise Power-Seeking
o Optimal Policies tend to Seek Power [13, 14]

- Goals That Motivate Power-Seeking Would
Be Reinforced During Training

o Deceptive Alignment [15, 16]

- Misaligned AGls Could Gain Control of Key
- e Levers of Power

o e.g. Assisted Decision Making, Weapon
Development, etc [17]

20.09.23 Georgios Kaklamanos The Alignment Problem 8
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Alignment Research Overview GW D G

- Specification Gaming

o RLHF
o Solve Scalable Oversight

- Goal Migeneralization

o Adversarial Training
o Interpretability

- Agent Foundations
o Develop Theoretical frameworks

f

20.09.23 Georgios Kaklamanos The Alignment Problem 9

- Al Governance
o Understand the political dynamics
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Mechanistic Interpretability GWDG

- Exploring how neural circuits build up
representations of high-level features out of
lower-level features. [18]

- Three Speculative Claims about Neural Networks

i . Features are the fundamental unit of
neural networks. They correspond to directions.
These features can be rigorously studied and
understood.

2. : Features are connected by weights, forming
circuits. These circuits can also be rigorously studied

and understood.
3. : Analogous features and circuits form

across models and tasks.

20.09.23 Georgios Kaklamanos Interpretability 10
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Claim 1: Features; Curve Detectors [18]

3b:383 © 3b:340 3b:330 3b:34-9
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Claim 2: Circuits; Cars in Superposition [18]

Windows (4b:237)
excite the car detector
at the top and inhibit
at the bottom.

Car Body (4b:491)
excites the car
detector, especially at
the bottom.

Wheels (4b:373) excite
the car detector at the
bottom and inhibit at
the top.

Georgios Kaklamanos Interpretability

{..GWDG

® positive (excitation)
® negative (inhibition)

A car detector (4c:447)
is assembled from
earlier units.
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Claim 3: Universality; Curves in other NN [18]

Curve detectors

ALEXNET

Krizhevsky et al. [34]

INCEPTIONV1

Szegedy et al. [26]

VGG19

Simonyan et al. [35

RESNETV2-50

He et al. [36]
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Conceptual Interpretability GWDG

‘_ - Assumes that human-interpretable concepts are
stored in representations within neural networks.

- Understanding intermediate layers using probes [19]

- Focuses on techniques for automatically probing
(and potentially modifying [20]) these concepts

20.09.23 Georgios Kaklamanos Interpretability
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Discovering Latent Knowledge [21]

[ v =I5 22 + 59 = 2377 Yes”

IR N o T o )

{ = 15 22 + 59 = 2377 ] \_} Find 6 so that:

A 7 (1) p; ~1=p
qn = “Are t'LjJ; mammals? <2> D
= “Is 22 4 59 = 2377 No”
) e R )

= “Are cats Is? No’
. .. . .« A .
Given a set of Yes-No questions, answer  Extractinternal  Map each activationtoa  Optimize unsupervised loss to make For each question, estimate the
each question with both "Yes" and "No"  model activation: of being true | consistent and confident probability that the answer is "Yes"

Figure 1: An illustration of our method, Contrast-Consistent Search (CCS). For each yes-no question
¢;» we let o and x; be the natural language statements where we answer ¢; as “Yes” and “No”
respectively. Answering the question ¢; then amounts to determining which of ;" or 2 is true.
We compute probabilities pi+ and p; that lj and z; are true respectively using a learned mapping
from the hidden states to a number between 0 and 1. We search for a mapping such that that the
probabilities are both confident and logically consistent. On the right, we show a histogram of
the “Yes” probabilities, p; = 0.5 - (p; + (1 — p; )), learned by our method for the COPA dataset
(Roemmele et al., 2011) with the UnifiedQA model (Khashabi et al., 2020). Our method is purely
unsupervised, only leveraging the consistency of truth, but still learns to accurately answers questions.
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ELK Library GWDG

- Reimplemented codebase from DLK paper [21]

o elk library (GitHub) under Eleuther.ai project
o 29 contributors, 20 users, Active Discord Channel

o We reproduced the results of the original paper
@ o Extra features (parallelization, Hugging Face

integration, datasets, models, etc)

cleuthernl

- Looking for contributors and collaborators!
o Our Research Agenda!

20.09.23 Georgios Kaklamanos DLK and Beyond 16


https://www.gwdg.de/
https://github.com/EleutherAI/elk/
https://docs.google.com/document/d/1McxQN5ftN7E4TbHI2v_RHLVMTtcP-C20-6kehtFXLwA/edit#heading=h.r1m5lxm6x835

Reproduced Results

Difference on performance betweek elk and dlk

amazon

boolq

copa

imdb

Test dataset

piqa -

qnli -

< M 2 N
S O N
R N &

Train dataset

- 20.09.23 Georgios Kaklamanos DLK and Beyond
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Searching for a model’s concepts by their shape

- Goal: Expanding the methods of DLK to other concepts, [Reference], not only

truth.
. |dea: Search for features

Table 1: Search schema

that satisfy the same constraints as the concept.

for the truth value assignments of a (language) model

X, input space of the model

strings of text, but we will focus on natural-language propositions

plausibility: X — [0,1]

Concepts ce C
Property p € P¢ (verbal description)

negation coherence (sum rule) confidence that at least one of a proposition and its negation is false

Tuple indexing set I, (for contrastive p)

{positive, negative} {positive, negative}

Example contrast tuple (for contrastive p) (Q

(Q,-Q) = (2+2 5 4], 2+ 2 is not &)

—Q) = ([2+2is 4],[2+ 2 is not 4.])
set of pairs constructed from a list of propositions Q;

set of pairs constructed from a list of propositions Q;

Tp, set of contrast tuples (for contrastive p)
Equation £, with concepts plugged in (for contrastive p)

plausibility(=Q)) = 1 — plausibility(Q) min(plausibility(Q), plausibility(-Q)) = 0

F, set of prefeatures searched over

feFgvenbyhr =0 (a + Zj’ Wb,z‘) with z; being normalized activations at some (layer, token), so F parametrized by a, b,

(1= Fotausibitity(Q) — fotausivitity(<Q)) ‘ min(fotausioitity (Q)s folausivitiy(7Q))?

£p (fotausivitiy(Q): fptausibitity(<Q)). loss from a contrast tuple
Le, total loss

i (1= Fotausinitity(Q) = Fitausivitty(2Q))” + 35; (min (Foausivitty(Q): fotausivitiy(=Q)))”

20.09.23 Georgios Kaklamanos
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Our Research Agenda (WIP) GWDG

- Currently we focus on three directions:

1. : comprehend the
operative concepts in neural nets, aiming to
delineate 'active’ concepts in given inputs through
the development and experimental validation of a

conceptual framework.
x 2. : We focus on unsupervised

methods to discern individual concepts in the
activation space.
S : Better understanding of LM cognition.
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Summary GWDG

- Al Alignment is an inherently difficult
problem and we should take the risks from
Al seriously.

- Although it should be tractable, we don't
have a solution yet

- There is an imbalance between the number
of people working on Alignment and those
working on Capabilities
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Questions? GWDG
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Getting Involved GW D G

People with all backgrounds can hetp!

E Answering questions about - Al Safety.]nfo

- AGI Safety Fundamentals Course / Material
(Technical & Governance)

Al Safety

- Alignment Research Engineer Accelerator
(ARENA)
- SERI-MATS and PIBBSS
- European Network for Al Safety (ENAIS)
QEM Safety Fundamentals - 80000Hours Job Board

Contact me: gekaklam@protonmail.com

20.09.23 Georgios Kaklamanos Getting Involved 22


https://www.gwdg.de/
https://aisafety.info/
https://aisafetyfundamentals.com/
https://github.com/callummcdougall/ARENA_2.0
https://github.com/callummcdougall/ARENA_2.0
https://www.serimats.org/
https://www.pibbss.ai/
https://enais.co/network
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aisafety.world
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Discovering More Than Latent Knowledge ¢9W D G

Table 2: Given an RL agent without a value head, playing a symmetric zero-sum game (e.g. chess), here is the
search schema for its estimate of the value of the current state (i.e. expected return)

X, input space of the model states of a zero-sum game (e.g. chess)
Concepts c € C value : X — [-1,1]
Property p € Pc (verbal description) For good play, the expected return from a state should be negative min expected return for the opponent after | variance of value
Tuple indexing set I,, (for contrastive p) {0} U [the action set] = {0,1,...,n} =
Example contrast tuple (for contrastive p) for a state s = s, (So, 1, - ., Sn), Where s; is the state action i transitions s to (+ states after illegal moves flagged) &
Tp, set of contrast tuples (for contrastive p) a bunch of tuples of states, each generated from a state that appeared in a game -
Equation E, with concepts plugged in (for contrastive p) value(s) = — min<j<, value(s;), where we assume any feature value will be —1 on nonsense inputs by fiat =
F, set of prefeatures searched over f € Fgiven by hy =20 (a + Z“ g b,z‘) — 1, with z; being activations in some layer, so F parametrized by a,by,..., by
ly (fvam(s‘)uﬁ‘g), loss from a contrast tuple (for contrastive p) (fratue(s0) + m‘mgrjnfvamo(sr))? =
L, total loss Y ser (Fatve(S0) + mm‘i,iﬁfvame(sg))z + A[sample variance of fiaue]



https://www.gwdg.de/

Direction example ¢'GWDG

Table 3: Search schema for an image classifier's sense of direction — rigid version

X, input space of the model images
Concepts c € C direction: X — S’ (of e.g. the projection of the direction of gravity onto the image plane, or of arbitrary ref vec)
Property p € P¢ (verbal description) rotating the camera by « rotates any reference direction by a
Tuple indexing set I, (for contrastive p) the circle S'
Example contrast tuple (for contrastive p) the tuple of all rotations of a big picture of a zebra with a smaller rectangular frame on top
Tp, set of contrast tuples (for contrastive p) set of tuples created by rotating a bunch of pictures in the above way
Equation £, with concepts plugged in (for contrastive p) (i" B)esxs! (direction(t,) - direction(ts) — cos(a — 8))* du = 0
F, set of prefeatures searched over f € F given by hy being the composition of a parametrized affine map from a layer’s activations to R? with normalization R? — S'
5 (Farecton(ta), s ) 1055 from a contrast tuple Siapyesixst (irecton(ta)  firecion(ts) — cos(ax — B))? du
Le, total loss Cter Jiapyesixs: Fairection(ta)  fairection (t) — cos(ex — 8))* dp
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Goal Missgeneralization ﬁGW DG

Variant 1 Variant 2
(2) Train - Goal position fixe:
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Figure 3. The agent (the mouse) is trained to navigate mazes 5

(0 reach its goal. (a & b) An agent is trained on procedurally- - But could also lead to dece ption
generated mazes with the cheese in a fixed position (top right

corner) ignores it and navigates to the top right corner when the

cheese is placed randomly. (¢ & d) An agent trained to navigate

to a yellow line consistently navigates to a yellow gem when de-

ployed in environments in which there are only red lines and yellow

gems. If it is meant to collect lines and not gems, this is a case of

goal misgeneralization.
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Optimizers ﬁGW D G

- Optimizer:
o Searches via a space towards a goal

Base Optimizer

e O [ - Leaky Abstractions
o We fail to specify the goal properly

Figure 1.1. The relationship between the base and mesa- optimizers. The base optimizer
optimizes the learned algorithm based on its performance on the base objective. In order to
do so, the base optimizer may have turned this learned algorithm into a mesa-optimizer, in

which case the mesa-optimizer itself runs an optimization algorithm based on its own mesa- -~ Cu rren t Al M 0 d e lS are a lSO 0 p t| m |Ze rs

objective. Regardless, it is the learned algorithm that directly takes actions based on its input.
Figure 3: Base and Mesa Optimizers o They also have goals that try to transfer to
[16] other optimization processes
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Deceptive Alignment [16] GWDG

Training Deployment
A A
' Y ' N
A B A B A B A B A B
3 @ 3 = E

Figure 4.1. A toy example of deceptive alignment. In this task, the base objective is for the
robot to get to A, while the mesa-objective is to get to B. The task is run for two training
episodes and three deployment episodes. Parameter updates are made only after the training
episodes, while after deployment the parameters are fixed. If the mesa-optimizer goes to its
objective (B) during training, it will be modified to ensure it goes to A in future episodes
(dashed arrows). Therefore, if the mesa-optimizer’s objective spans across episodes, the
dominant strategy for the mesa-optimizer is to go to A in training and B in testing (filled
arrows).
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Instrumental Convergence ﬁGW D G

"
eoe Ay
Ry,
)

- Instrumental Convergent Goals [14]
NICK BOSTROM

o Self-Preservation
SUPERINTELLIGENCE ¢
Paths, Dangers, Strategies ] Goal. Content |ntegr|ty

Cognitive Enhancement
Technological Perfection
Resource Acquisition

o

o

e}

- Shown mathematically at: Optimal Policies
Tend to Seek Power [13]

- These are inherent properties of the world
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Orthogonality Thesis GWDG

- Orthogonality Thesis [14]

o Intelligence and final goals are orthogonal
axes along which possible agents can freely
vary.

o In other words, more or less any level of
intelligence could in principle be combined
with more or less any final goal.

- Similar to Hume's guillotine
o is—ought problem
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