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The latest from Google Research

Google Research: Themes from 2021 and Beyond
Tuesday, January 11, 2022

Posted by Jeff Dean, Senior Fellow and SVP of Google Research, on behalf of the entire Google Research
community

Over the last several decades, I've witnessed a lot of change in the fields of machine learning (ML)
and computer science. Early approaches, which often fell short, eventually gave rise to modern
approaches that have been very successful. Following that long-arc pattern of progress, | think we'll
see a number of exciting advances over the next several years, advances that will ultimately benefit
the lives of billions of people with greater impact than ever before. In this post, I'll highlight five
areas where ML is poised to have such impact. For each, I'll discuss related research (mostly from
2021) and the directions and progress we’'ll likely see in the next few years.

- Trend 1: More Capable, General-Purpose ML Models

- Trend 2: Continued Efficiency Improvements for ML

- Trend 3: ML Is Becoming More Personally and CommunplhsRanafinial
FYRL, KYILHER

- Trend 4: Growing Benefits of ML in Science, Health and

FEFEMETD

- Trend 5: Deeper and Broader Understanding of ML

https://ai.googleblog.com/2022/01/google-research-themes-from-2021-and.html Google Cloud 3



Acquisition of Chess Knowledge in AlphaZero

Thomas McGrath'-*, Andrei Kapishnikov>+*, Nenad Tomasev!, Adam Pearce?, Demis
Hassabis!, Been Kim?, Ulrich Paquet', and Vladimir Kramnik3

'DeepMind

2Google Brain

3World Chess Champion, 2000-2007*

*these authors contributed equally to this work

ABSTRACT

What is learned by sophisticated neural network agents such as AlphaZero? This question is of both scientific and practical
interest. If the representations of strong neural networks bear no resemblance to human concepts, our ability to understand
faithful explanations of their decisions will be restricted, ultimately limiting what we can achieve with neural network interpretability.
In this work we provide evidence that human knowledge is acquired by the AlphaZero neural network as it trains on the game
of chess. By probing for a broad range of human chess concepts we show when and where these concepts are represented
in the AlphaZero network. We also provide a behavioural analysis focusing on opening play, including qualitative analysis
from chess Grandmaster Vladimir Kramnik. Finally, we carry out a preliminary investigation looking at the low-level details of
AlphaZero’s representations, and make the resulting behavioural and representational analyses available online.

https://arxiv.org/abs/2111.09259
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client = aip.PredictionServiceClient(client_options=client_options)
response = clients.explain(
endpoint=endpoint,
instances=instances,
parameters=parameters,
deployed model id=deployed model id,
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What is learned by sophisticated neural network agents such as AlphaZero? This question is of both scientific and practical
interest. If the representations of strong neural networks bear no resemblance to human concepts, our ability to understand
faithful explanations of their decisions will be restricted, ultimately limiting what we can achieve with neural network interpretability.
In this work we provide evidence that human knowledge is acquired by the AlphaZero neural network as it trains on the game
of chess. By probing for a broad range of human chess concepts we show when and where these concepts are represented
in the AlphaZero network. We also provide a behavioural analysis focusing on opening play, including qualitative analysis
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Acquisition of Chess Knowledge in AlphaZero (2021 &)

AlphaZero : NEID X B T—42%FHAE T ICAl LD BT TEELEZFIAD
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(a) Stockfish 8’s total score

(h) Past 10° training steps, StockFish 8’s
material imbalance score becomes less
predictable from AlphaZero’s later layers.
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Concept names

Pawn_tork (mio)

Description
“Truc if a pawn Is attacking two picces of Righer value (Knight, bishop.
rook, or king) and is not pinned.

Knight_fork (mlo]

“Truc if a knight is attacking two picces of higher value (rook, queen,
or king) and is not pinned.

bishop_fork [mlo]

“Truc if a bishop is attacking two picces of higher valuc (rook, queen,
or king) and is not pinned.

Took_fork (mlo]

“Truc if a rook is attacking two picces of higher value (queen, or king)
and is not pinned.

has_pinned_pawn [m

True if the side has a pawn that is pinned to the king of the same colour.

has_pinned_knight (mlo) Truc if the side has a knight that is pinned to the king of the same colour.
has_pinned bishop (mlo) “Truc if the side has a bishop that is pinned to the king of the sam colour.

BEER

has_pinned_rook (m

“True if the side has a rook that is pinned to the king of the same colour.

material [mlo|diff]

the side has a queen that is pinned to the king of the same colour.

Matcrial calculated as (F4) +3 * (1) +3° (#R) +5* (1E) +9* (18)

num_pieces [mio|diff]

Number of picces that a side has.

in_check

True if the side that makes a turn is in check.

has_bishop_pair [(mio]
has_connected_rooks [mlo]

Truc if the side has a pair of bishops.

True if the side has connected rooks.

has_control_of_open_file [mlo]

has_mate_threat

“True if the side controls an open file (with the rooks, queen)
[Truci ’_Lh:_va_oncnl could e the currnt Sl -l-;smgl: move

if the turn was passed to the opponent.

as_check_move [(m[o]

“Truc if the side can check the opponent's King.

can_capture_gueen (mlo)

“Tru if the side can ‘the opponent's queen.

num_king_attacked_squares
(m|oldiff)
has_contested_open_file

“The number of squarcs around the oppecents king that the playing
side attacks. Can include occupied
hunhnupcnﬁkuocwpedumldumnlyhyamokudlwqum
of both colours.

has_right_bc_ha_promotion
[m|o]

“True if 1) the side has a passed pawn on a or h files and 2) the side has
lﬁﬂwnmisnfﬂ»cdmofmmmﬁmﬂmofmuﬂ

num_scb_pawns_same_side
(mlo|diff)
num_ocb_pawns_same_side
(mloldiff]

“The number of own pawns that occupy squares of the same colour as the
colour of own bi cable only when the side has e

“The mamber of own pawns Gat Occupy squarcs of B OppORiE colouT 1
that of own bishop. Applicable only when the side has a single bishop.

num_scb_pawns_other_side
(mlo|diff]

“The number of opponent's pawns that occupy the squarcs of the same
colour as the colour of own bishop. Applicable only when the side
has a single bishop.

num_ocb_pawns_other_side
[m|o|diff]

“The number of opponent’s pawns that occupy the squares of the opposite
colour to the colour of own bishop. Applicable only when the side
has a single bishop.

capture_possible_on_{sa} (mlo]
sq-[dl|d2|d3|el|e2|e3|q5|b5)

True is the side can capture a picce on (he given square.
‘The squares are named as if the side were playing White.

capture_happens_next_move_
..on_{sq}
sq-[dlld2|d3|el|e2|e31g5Ib5)

“Truc if the capture of a picce on the given square had happencd
according to the game data. The squares are named as if the side were
playing White.

Table 3. Custom chess concepts (self implemented; i.c. not from Stockfish 8's API) used in this paper. We use m as shorthand
for mine and o as shorthand for opponent. di£f stands for the difference between the mine and opponent values of

the same concept.

BEk

o
o s g™

Flgure 14. Regression results for Stockfish concepts from Table 2.

37/69
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(a) Development of diagonal (b) Fully developed diagonal (c) Count of opponent’s potential (d) Potential good squares to
moves for player (block 1, factor moves for opponent (block 3, piece moves (block 3, factor 11 move to? (block 18, factor 22 of
26 of 36). factor 22 of 36). of 36). 36).
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0 64,000 384,000 704,000 1,000,000 0 64,000 384,000 704,000 1,000,000 0 64,000 384,000 704,000 1,000,000 Hod
AlphaZero training steps AlphaZero training steps AlphaZero training steps
(b) The AlphaZero policy head’s preferences of opening move, as a function of training steps. Here AlphaZero was trained three times from
three different random seeds. AlphaZero’s opening evolution starts by weighing all moves equally, no matter how bad, and then narrows
down options. It stands in contrast with the progression of human knowledge, which gradually expanded from 1. e4. Google Cloud 97
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o FIRDEEDHMHL. e4 NEENDZER
o ZTO®.d4NERIND
o BRTIE. d4,ed, NP3, c4 ARELEIRIE

— AlphaZero ERICAEMR] Yooo) 1550 190) 1510 1920) 1530) 1940 1950 1s60) 1970/ 1580) 19%0) 2000 2010 2020f 55343

Year

(a) The evolution of the first move preference for White over the course of human history, spanning back to the earliest recorded games of
modern chess in the Chessbase database. The early popularity of 1. e4 gives way to a more balanced exploration of different opening systems
and an increasing adoption of more flexible systems in modern times.

e AlphaZero [FTRIBRGERFEICEY.
FEONPNSLEWVEEDOFER
RLTWAIEN DD

o 64,000 384,000 704,000 1,000,000 ] 64,000 384,000 704,000 1,000,000 o 64,000 384,000 704,000 1,000,000 mg
AlphaZero training steps AlphaZero training steps AlphaZero training steps.

(b) The AlphaZero policy head’s preferences of opening move, as a function of training steps. Here AlphaZero was trained three times from
three different random seeds. AlphaZero’s opening evolution starts by weighing all moves equally, no matter how bad, and then narrows
down options. It stands in contrast with the progression of human knowledge, which gradually expanded from 1. e4.
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