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Theoretical performance quarantees ftor feature attribution

e [Nain theorem sketch:
e Tormulation: Interpreting attribution <> a hypothesis testing on the shape ot the
function (e.q., recourse, spurious correlation)
e result: popular feature attribution methods (e.qg., SHAP, IG) to conduct hypothesis
testing about the model’s behavior near a single data point (local explanation) implies:

o(true positive) <="1- p(true negative)
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Empirical validation ot the theoretical pertormance quarantees

e How often this theory applies to

e [or two concrete downstream -
e Hecourse: which direction increases model's output
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The answer might be simpler than developing more tancy methods: Use more samples.

e |[nferring model behavior is impossible with current methods.

e One way forward: we can just br
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Summary and dirty laundry

e (). Can we infer model behavior with popular feature attribution methods?

e A.No

Future work

This holds both in theory and practice.

e [Empirical validation ot this phenomenon in bigger models.

e |[dentifying model-dependent sample complexity guarantees

e matr

ematically characterizing co

whic

N the Teature attribution met

nditions (some narrower condition) under

nods meet our expectation [on-going work].
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TL:DR: model edit success is unrelated to location oT tactual intformation in models

® [CXisting assumption:

e MNodel editing is about changing what the model knows about.
e \le Tind where a tact is stored Tirst then we edit it.

e |[L;DR ot our work: the assumption is not true.

1. Substantial fraction of factual knowledge is stored outside of layers

dentified as storing knowledge.

2. The correlation between location vs editing is near zero (for ROME [Meng
et al. 2022], MEMIT [Meng et al. 2022] and Adam-based fine-tuning).
3. Our (unsuccessful) attempts to recover connection between location vs

editing.



Method of interest: ROME and MEMIT [Meng et al. 2022 a, b]

e "(Causal tracing” algorithm:
1. Run the model on the input (s,r,0) e.g. (The space needle, located in, Seattle)
2. Add noise to the embedding of s, then continue.
3. Intervention: copy embeddings from ‘1 into 2, then continue.
4. Calculate p(Seattle|noising, intervention)

(a) (b) On?
The & oo The*&E |+ B eee ; State . .
Clean ‘T w Corrupted b T o orF O attention (f) Impact of restoring MLP after corrupted input
run Space’ “QESTO  subject Space* O] RO B OmLp The* - 0.8
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n SO o i QRIS QT R output is fixed in- 02
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(comect cutpu) 0 5 10 15 20 25 30 35 40 P(Seattle)

center of interval of 10 restored MLP layers



Observation: many facts are stored outside of the layer 6.

ROME only uses layer 6 to edit.

How often does Causal Tracing peak in each layer?

But only 4/% of facts peaks inside of-. 200 |
ROME Edit Layer
' MEMIT Edit Layers
blue region . it Layers
e Blue region: MEMIT is like ROME, =
%100
except it uses multiple layers to edit. 5
50
So we wondered... 0 i -
1 4 8 12 16 20 24 28
COU‘d \/\/ e 'Flﬂd be't'ter ‘ager '|:O edrt Layer in GPT-J where Causal Tracing effects peak

Figure 1: We visualize where a set of facts is stored in GPT-J,

as localized by Causal Tracing. Model editing methods like

. . ) . ROME and MEMIT can successfully change knowledge
B U-l: -I:I rS-l:, a Sahn I-tL_JI C h €C |< Mmore -l:raC 18 9 in LMs by editing layers 4-9. But many facts appear to be

instead of hard setting to layer 67

stored outside of this range, e.g. at layers 1-3 and 16-20.

effect <> better editing results? What about these facts?



Does edit success correlated with tracing effect? - no &

Metrics:
o Edit success: Rewrite score: p(o-new) - successfully rewrite o to o-new?

e Tracing Effect (fraction restored):
p(o-new | noising, intervention) - how much intervention restored the orig. value?



Does edit success correlated with intervention effect? - no &

\Vletrics:

o Edit success: Rewrite score: p(o-new) - successfully rewrite o to o-new?

e Tracing Effect (fraction restored):
p(o-new | noising, intervention) - how much intervention restored the orig. value?
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\Vletrics:

Edit success: Rewrite score: p(o-new) - successTfully rewrite o to o-new?

racing Effect (fraction restored):
p(o-new | noising, intervention) - how much intervention restored the orig. value?

ROME Rewrite Score by Tracing Effect at Layer 6

-7 R? Values
-7 Method
P ROME

Both
0.948

Tracing Effect
0.016

Layer
0.947

s Table 1: R? values for predicting ROME edit success. Trac-
e ing effects explain essentially none of the variance in rewrite
score, while the choice of edit layer 1s very important.
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\Vletrics:

Edit success: Rewrite score: p(o-new) - successTfully rewrite o to o-new?

racing Effect (fraction restored):
p(o-new | noising, intervention) - how much intervention restored the orig. value?

ROME Rewrite Score by Tracing Effect at Layer 6

R? Values
Tracing Effect
0.016

Both
0.948

Method
ROME

Layer
0.947

Table 1: R? values for predicting ROME edit success. Trac-
ing effects explain essentially none of the variance in rewrite
score, while the choice of edit layer 1s very important.
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TL;DR: To edit a model, pick a good layer. Don't worry about localization.
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Vetrics:

o Edit success: Rewrite score: p(o-new) - successTfully rewrite o to o-new?

e Tracing Effect (fraction restored):

p(o-new | noising, intervention) - how much intervention restored the orig. value?

ROME Rewrite Score by Tracing Effect at Layer 6
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e R? Values
- Method  Layer  Tracing Effect Both
ROME 0.947 0.016 0.948

Table 1: R? values for predicting ROME edit success. Trac-
ing effects explain essentially none of the variance in rewrite
score, while the choice of edit layer is very important.
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Tracing Effect (Fraction Restored)

TL;DR: To edit a model, pick a good layer. Don't worry about localization.



Are there different kinds of editing where localization is important? - no

4 )

Editing Problem Variants Input Prompt Objective
Error Injection Autonomous University of Madrid, which is located in —> arg ;naxpo(SwedenIInput)
Tracing Reversal Autonomous University of Madrid, which is located in —» arg ;IlaXPO(OnoiselInpl-It)
Fact Erasure Autonomous University of Madrid, which is located in — arg;ninpa(spainllnput)
Fact Amplification Autonomous University of Madrid, which is located in —» arg ;naxpg(Spainﬂnput)
Fact Forcing Autonomous University of Madrid, which is located in — » arg ;nax py(Spain|Noisy Input)

Add noise to subject
\_ /




Are there different kinds of editing where localization is important”? - no

Editing Problem Variants Input Prompt Objective B

Error Injection Autonomous University of Madrid, which is located in —» arg ;naxpg(Sweden|Input)

Tracing Reversal Autonomous University of Madrid, which is located in —» arg max pg(Onoise| Input)
0

Fact Erasure Autonomous University of Madrid, which is located in ___» arg min pg(Spain|Input)
0

Fact Amplification Autonomous University of Madrid, which is located in —» arg max py(Spain|Input)
0

Fact Forcing Autonomous University of Madrid, which is located in —» arg max py(Spain|Noisy Input)

| ~ J 0
\ Add noise to subject J
Tracing effects are very weakly predictive of edit success
Tracing Reversal Fact Amplification Fact Erasure Fact Forcing
100 88.088.0 90.590.6 o 755 5 925925 *n < le-4
75.175.2 72.4"
7> 64.364.6 00 69.7 2% 5 466.6"
R2 (%) 50 283393 424436 422425 i
29.429.6 29.4 31.0 34.5 35.
25 l I 21.221.8 I
O i

FT-1 FT-5 ROME MEMIT FT-1 FT-5 ROME MEMIT FT-1 FT-5 ROME MEMIT FT-1 FT-5 ROME MEMIT
Explanatory Variable(s): [ Layer [ Layer + Tracing Effect



Where does it leave us?

e (). Localize helps editing®?
e A.no.There is no relationship between localization and editing success (for current

localization methods, GPT-j + CounterFact data)
e (). Arethere any other editing that correlate better with localization®

e A.no.
e (ausal tracing = factual information is carried in presentations in Transformer’s forward

pass, and that only. != where is best to intervene to change the tactual intormation.

Thoughts:
e (ausal tracing revealed the role that early-to-mid-range MLP representations at the

ast subject token index play in factual association. -> usefu
e I|Important NOT to (1) validate the results of localization via editing or (2) motivate the

editing method via localization.



Bridging the gap between what machines know vs. what we think they know.

The gap exists because the tools we used to understand
machines have any ot the following:
What Humans Know What Machines Know
—‘ Assumptions: built under wrong assumptions?
Expectations: not doing what we think they do?
tjegond us: humans can't understand them?

The gap@

Studying how humans use this tool (what can go
wrong) is as important as making the tool
[Poursabzi-sangdeh et al. 2018],
[Kaur et al. 2020]

Expectation gap will be different depending on
/ what you are trying to do, the end-task.

Tl Most existing methods don’t do what you think

they do.

Select simplest option that directly achieves

your goal.

Studying machines as if they are a new species:
Observational and controlled studies.




Coming back to our ultimate dream...

What Humans Know What Machines Know Hopes and

dreams!
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Ways to study the new species
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Emergent behaviors in multi-agent system are tascinating
- but require manual labeling

(a) Running and Chasing _ (b) Fort Building

0 50 100 150 200 250 300 350 400 450 500

# Episodes (x10) From Motor Control to Team Play in Simulated Humanoid Football (Liu et al., 2021)

Phase 1 Learning the basics of the game - Phase 2 Increasing navigation, tagging, and coordination skills ' Phase 3 Perfecting strategy and memory

Single Neuron v Jhe flag” “l am respawning” “My flag Is taken” “Teammate has the flag”
Response L ? _?

_ T 45K | I
Z S | :
e A\ \ *-3 T oy | © GamesPiayed

: A s T— : — dmttmda s N ' S 0K 10K 30K 350K 350K 450K

(d) Ramp Defense (e) Box Surfing (f) Surf Defense — [ I
- Visitation Map Top Memory Read Locations Visitation Map  Top Memory Read Locations Visitation Map Top Memory Read Locations
Emergent Tool Use From Multi-Agent Autocurricula (Baker et al., 2019) i

Human-level performance in 8D multiplayer games with
population-based reinforcement learning (Jaderberg et al., 2019)



Emergent behaviors in multi-agent system are tascinating
- but require manual labeling

(a) Running and Chasing (b) Fort building (c) Ramp Use

© Hiders @ Seekers

T T T
200 250 300

(d) Ramp Defense (e) Box Surfing (f) Surf Defense

Emergent Tool Use From Multi-Agent Autocurricula (Baker et al., 2019)



Observational study: Given only observational data, discover emergent multi-agent behaviors.

e (Objective: automate the detection & visualization of multi-agent behaviors
e Problem:

7

e Given state-action trajectories for N agents 7 = (o, (ag)iez; - - -, S7-1, (@p_1 )icz, ST)

e Discover agent behavior clusters given data p — {r,...,7k }

[Neurips 2022]
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Multiagent Offline Hierarchical Behavior Analyzer (MOHBA)

e NMethod: Learn the joint + local latent distributions & latent-conditioned policies
that maximize the above in expectation, and identity interesting behaviors in this
learned space

Joint
Behavior
Latent Variational lower bound
Local R 1 (1 )
Behavior @ Jip = 447-ND,za~q¢(za|7-) [ E :lOg We(at‘stv Za)]
Latent Y t.q

_B 4:TN'D,Zqu<b(Zw|T) {Z DKL(QCZb(sz‘T)"pe(zfx|zw))}

Policies

+E - p [DKL(Q¢<ZM|T)HPQ<ZW))] )
States |

Actions




MOHBA on MudJdoCo

Online interactive visualization

Visit here

Joint embedding Agent O
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TEnvironment codebase hitps://github.com/schroederdewitt/multiagent_mujoco

uin}ey

uinjey


https://github.com/schroederdewitt/multiagent_mujoco
https://storage.googleapis.com/mohba-beyond-rewards-22/n22/multiagent_half_cheetah/interactive_final.html

MOHBA on OpenAl’'s Hide and Seek

e Domain overview:
e 4 agents (2 hiders, 2 seekers) + interactive ramps / boxes
e |arge action-observation space:

e 100-dimensional observations
e Db-dimensional actions
e 200 decision-steps (1o action-repeats per step)

e MOHBA on shuffled trajectories from 4 human-annotated policies (open-sourced by
OpenAl)

1Codebase and policies hitps://github.com/openai/multi-agent-emergence-environments


https://github.com/openai/multi-agent-emergence-environments

MOHBA on OpenAl’'s Hide and Seek

e [MOHBA's results recover behaviors manually tagged by humans (labeled by OpenAl)
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Summary and dirty laundry

Q. Can we learn some interesting emerging behaviors of multi-agent system
simply by observing them®
A. Yes.

-~uture work/Laundry

e [his methods doesn't give you the names of each cluster - humans
would have to explore and come up with names.

e |Taclusterrepresents very complex behaviors that are too hard for
humans to understand, this method isn't designed to assist that.

e [T you have access to rewards and internal representations, you should
use itl This method assumes you don't have them.
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Controlled study: intervene, observe and discover emergent multi-agent behavior

e (Goal: understand multi-agent behaviors via intervention.
e Problem: build a multi-agent system such that it

e cnables controlled testing

e performs as well as baseline.

[submitted, 2023]
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Controlled study: intervene, observe and discover emergent multi-agent behavior

e (Goal: understand multi-agent behaviors via intervention.
e Problem: build a multi-agent system such that it
e cnables controlled testing

e performs as well as baseline. A bottleneck
e Approach: buildin concepts ¢ A(ﬂ | I | B, ’I”lﬁ' zebra-ness
as controllable units in the : /’\
trees 30%

bottleneck.

1HOoN Y/

[ICML 2020]

Concept Bottleneck Models

Pang Wei Koh ™' Thao Nguyen ™ '? Yew Siang Tang " !
Stephen Mussmann' Emma Pierson' Been Kim? Percy Liang ' |




Controlled study: intervene, observe and discover emergent multi-agent behavior

e (Goal: understand multi-agent behaviors via intervention.
e Problem: build a multi-agent system such that it

e cnables controlled testing

e performs as well as baseline. 2 ot arask

e Approach: build in concepts c%(( -2 ’Iﬂl__ N
as controllable units in the A —
bottleneck.

[ICML 2020]

Concept Bottleneck Models

Pang Wei Koh™' Thao Nguyen™'? Yew Siang Tang ™'
Stephen Mussmann' Emma Pierson' Been Kim? Percy Liang' |




Controlled study: intervene, observe and discover emergent multi-agent behavior

e (Goal: understand multi-agent behaviors via intervention.
e Problem: build a multi-agent system such that it
e cnables controlled testing

Orientation

e performs as well as baseline.

Concept estimates

C; |
e Approach: build in concepts ; ~~— o
L 2 -2 N
as controllable units in the : ——

bottleneck.

RGB
|

[submitted, 2023]
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Controlled study: intervene, observe and discover emergent multi-agent behavior

e (Goal: understand multi-agent behaviors via intervention.
e Problem: build a multi-agent system such that it

Agent i

e cnables controlled testing

Orientation
1

e performs as well as baseline.

Concept estimates

—~ \g_l/ Action
;g'{e |.I -8 - I.’I+|~ a;
/"\

\\\

- Action
a;

e Approach: buildin concepts

Position

as controllable units in the

bottleneck.

RGB

/

optimize: Ly, +1Z \




Controlled study: intervene, observe and discover emergent multi-agent behavior

e (Goal: understand multi-agent behaviors via intervention.
e Problem: build a multi-agent system such that it

Agent i

e cnables controlled testing

6.

- Position
irYi)
v\ /o N\ we /
rl\ |

Orientation
1

e performs as well as baseline.

Concept estimates

l Achon
311«

- Action
a;

e Approach: buildin concepts

as controllable units in the

bottleneck.

optimize: %, +AZ - \
Observation

RGB
CN
|




Pot

Studyl: Emerging coordination in Domain Cooking game

Tomato

Dish

Concepts:

Agent Position
Agent Orientation
Agent Has Tomato
Agent Has Dish
Agent Has Soup

Basic Passable

Recipe: Tomato Soup Environment Environment

w N =

£

Bring 3 tomatoesto  mmmp Reward!
a cooking pot.

Wait for tomato

soup to cook.
Bring.a dish to the mmm) Reward! Impassable Asymmetric
cooking pot and Environment Environment

pour soup into it.

Deliver soup to the
delivery location.

¥

Reward!



Study’l: Emerging coordination - How much do they coordinate”

Basic Impassable
Environment Environment

Intervention Intervention Intervention Intervention
Results (Agent 1) Results (Agent 2) Results (Agent 1) Results (Agent 2)
50 50
40 40
- E
o e« 30 30
Z z
a7 & 20 20
10 10
0 0
No No : No No
Intervention Intervention Intervention Intervention Intervention Intervention Intervention Intervention

Coordination, but not forced Forced coordination



Studyl: Emerging coordination - What do they use to coordinate®?

Intervention Results (Agent 1)

mmm NoO Intervention

Coordination example

Reward

Teammate Teammate Teammate Teammate Teammate
Pos. Orient.  Has Tom. Has Dish Has Soup

Intervention Results (Agent 2)

= No Intervention

Reward

Teammate Teammate Teammate Teammate Teammate
Pos. Orient.  Has Tom. Has Dish Has Soup

Concept Intervened Upon



Study’l: Emerging coordination - Are there free riders”? - of course.

Strong Coordination Moderate Coordination No Coordination No Movement

Intervention Intervention Intervention Intervention Intervention Intervention Intervention Intervention
Analysis (Agent 1) Analysis (Agent 2) Analysis (Agent 1) Analysis (Agent 2) Analysis (Agent 1) Analysis (Agent 2) Analysis (Agent 1) Analysis (Agent 2)
50 50 40
—= — - - = 30 —= = 30 = 30
O 40 3 40 :E i‘a :'u' :E 30 % g
e Y e Y & 10 & 10 & x ad 10 x 10
10 10 10
0 0 0 0 0 0 0 0
No No No No No No No No
Intervention Intervention Intervention Intervention Intervention Intervention Intervention Intervention Intervention Intervention Intervention Intervention Intervention Intervention Intervention Intervention

Deqgree of laziness



Studyl: Inter-agent social dynamics in Domain Clean Up

L
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Tasks: Clean up

1 Eating apples. = s Reward!
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; . 2 Cleaning the river.
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Studyl: Inter-agent social dynamics in Domain Clean Up

Tasks: Clean up

1 Eating apples. = s Reward!

2 Cleaning the river.

Concepts:
e Agent position
e Agent orientation
e Closest apple
positions
e Closest pollution
positions




Study2: Inter-agent social dynamics -

Raw statistics alone

Suggested story from the raw statistics: Agent 1 and 2 seem to be

dependent on each other... Is this true?’

Agent 1= Blue
Agent 2 =

Agent 3 = Pink
Agent 4 = Purple

Bl Intervention: Agent 1 Orientation
Rewar
300 :- EEEEEEEEEEEEEEEENEEEEEN : No ln:i»}’--q:"n!u:-’.l |
200 | = _—
100 E
0 L ] -
:Agent1  Agent2: Agent3 Agent 4
Idle Time
800 E I E N:)_l';’%l‘f'm“';{. S | -
- E E mMervention: Agen o (of Agent 3)
20 | s
o s w \
:Agent]1 Agent2: Agent3 Agent 4
Inter-Agent Distance
15
10 | s Ir;;t}:;nlhc': A;m 1 Om
5
0

No intervention
Intervention: Agent 1 Pollution

Raw stats!



Studycl: Inter-agent social dynamics - building a graph using interventions

e Suggested story from the raw statistics: Agent 1and 2 seem to be
dependent on each other... Is this true?
e [et'sdoabit more work: building a graph of inter-agent relationships

e

I%in | X — X\:Bill5 + ] Billx

(simplest way):

An example: Er R A

X =




Studycl: Inter-agent social dynamics - building a graph using interventions

e Suggested story from the raw statistics: Agent 1and 2 seem to be
dependent on each other... Is this true?
e [et'sdoabit more work: building a graph of inter-agent relationships

e

Int(¢, N). r; i .. I n%mHXZ—X\,,ﬁzH% al|Bi|1

(simplest way):

t(é;,1)] [z @ . @R’

Int(ég, 2) r:  xi ... T¥
X =




StudyZ: Inter-agent social dynamics - building a graph using interventions

e Suggested story from the raw statistics: Agent 1 and 2 seem to be

dependent on each other... Is this true®?
Intervention: Agent 1

Orn (Ag3)

o ruth: chains ot social interactions

e Agent s orientationis important
tor Agent 4. When it tails, it makes
Agent 1 and 2 physically collide in
the environment (accidental).

@ [hereisno coordination between
Agent 1 and 2.

—
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1
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{HH

Agent 1= Blue
Agent 2 =

Agent 3 = Pink
Agent 4 = Purple



Summary and dirty laundry

Q. Can we build a multi-agent system that enables
interventional studies AND performs as well as baselines”?

A.Yes
Basic
e Matches PPO performance, but it does require some Environment Reward vs. Concept Cost Coetficient
tuning ofﬂd o Con

optimize: L +AZL

0.01 0.1 025 05 0.75 1.0 2.0 5.0 10.0

e (Concepts are assumed to be pre-defined and available Cost Coefficient (\)



Looking ahead - future doesn't need to wait.

What Humans Know What Machines Know Hopes and

dreams!
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[previous work] Studying a superhuman network: revealing alignment

What-when-where plots:

What concepts AZ learns, when and where
[PNAS 2022]
Acquisition of Chess Knowledge in AlphaZero (Sancapture Miaterial imbalance -
Thomas McGrath™!2, Andrei Kapishni_kovb’l, Nenad Tomasev®, Adam Pearce”, Martin Wattenberg®, Demis Hassabis®
Been Kim", Ulrich Paquet®, and Vladimir Kramnik®

Aoeandde 391
Koeindoe 1sel

foeindoe 1S9l

0ESOEEG S8 D
> 9 < &

(e) Can the playing side capture their (h) Past 10° training steps, StockFish 8’s
opponent’s queen?

(c) Is the playing side in check?
material imbalance score becomes less
predictable from AlphaZero’s later layers.

The evolution ot opening moves:
Humans vs AZ

Human’s (from Chessbase) opening AlphaZero’s opening

M d4
He4d
| Nf3
Wcd
We3
mg3
I Nc3
c3
b3
a3
h3
d3
ad
f4
" b4
M Nh3
M h4
M Na3
2010, . f3
m g4 0 64,000

384,000
AlphaZero training steps

704,000 1,000,000



longoing] Teaching chess champions new super-human chess strategies

e |Vlethod: discover new chess strategies from AlphaZero by removing

existing human concepts and leveraging new/existing concept's
relationships.

e FEvaluation: can the world chess champion (Magnus Carlsen) solve chess
puzzles we generate to teach a new strateqy®?

This work is only possible because
the first author of this work is a
former champion &

How much king moves/
does “stuff”

King

s :bl g g :
WikreeprA  Lisa Schut
i oconedn From Wikipedia, the free encyclopedia
Main page Lisa Schut (b. 6 July 1994) is a Dutch chess player. )
Contents Lisa Schut
Com vt Chess career |edit]

Random article

About Wikipedia Schut won the women's section of the Dutch Chess Championship in 2013.

Contact us e . M .

e She participated in the 2008 Chess Olympiad,['! 2010 Chess Olympiad, 2012
? Chess Olympiad(?] and the 2014 Chess Olympiad.

Contribute

Help References |edit]

Learn to edit

: 1. A "38th Chess Olympiad 2008 Women" (2. chess-results.com.
Community portal

Recent changes 2. A "40th Chess Olympiad Istanbul 2012 Women" 2. chess-results.com.

_ Something . Upload file
How much pieces danderous 1o the '<“"9! can onlg. I?e Heavier pieces (eg
can move g . aCt|Ve When I'|Z S queen) tgpica“g Tools .
king ST T External links |edit]
used to attack the _ _
(no threat of king Related changes e Lisa Schut 2 rating card at FIDE
Special pages of . - =
mat e) e Lisa Schut 2 player profile and games at Chessgames.com T e
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Small steps towards our hopes and dreams.

Improve tools we use to understand machines
@) Assumptions: built under wrong assumptions?

2. Expectations: not doing what we think they do?
S. Beyond us: humans can't understand them?

What Humans Know What Machines Know
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