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Motivations for CL...

e Address Catastrophic forgetting in a noisy real-world context

e Continual Learning: Open-world learning for states not tasks

* Memory-augmentation of well-understood learners (including LSTM)
 Interpretable: Have an interpretable way of using memories

Continual Learning Augmentation (CLA) Results...

Outperformance in Developed Market Equities Outperformance in Emerging Market Equities

L/S Tests. ACW Universe. 2003-2017 annualized L/S Tests. EM Universe. 2007-2017 annualized

OLS -0.3% +5.1% LSTM -5.0% +0.9%
FFNN +2.9% +7.2% FFNN -1.94% +2.1%



Continual Learning (CL)...



Dealing with Catastrophic Forgetting

CL Strategies

Architectural

Regularization Rehearsal

Maltoni Lomonaco, 2019

ELASTIC WEIGHT
CONSOLIDATION (EWC)

) Low error for task B == EWC
= Low error for task A = L2
f7 = no penalty

&

e

* On” refers to the configuration of 8 that performs

well at A

* slow down the learning for the weights that were

important to previous task(s)

Kirkpatrick et al 2017



CL: A real world application...

OBSERVATIONS

INTERNATIONAL EQUITY MARKETS

REMEMBER

INVESTMENT

DECISION
Buy/Sell?
How much?

Al Memory: contains, potentially hundreds

of important memories

2007
Quant Quake

Crowded trades drive performance, factor
correlations high, levered investors involved...

2008

Financial crisis
Identify a build up of deb, increasing
correlotions, bonking system siress, over exlention...

2010

Eurozone crisis
Deteriorating budget positions, overvalued
rales, over oplimistic credit ratings...

Many other memories of imporiont events slored

e + o« IMPORTANT NEW EXPERIENCES ARE REMEMBERED



CLA Architecture...



Continual Learning Augmentation (CLA) Architecture...
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Continual Learning Augmentation (CLA) Architecture...
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Results...



Simulation’s Emerging Market Equities Stock
Selection

Figure 6.7: Summary of Test Results
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Note: LSTM vs FFNN, Long Short tests: Plot of median angmentation benefit by
distance measure.

* CLA-FFNN performs best * ED, poorest performer vs DTW
e CLA-LSTM, most augmented *  WAE best performer



Figure 6.9: Monotonicity of Augmentation: CLA-LSTM Median Test Deciles
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Note: Augmentation benefit monotonicity is noted in all distance measures by a
positive slope coeflicient: RR,, of each decile portfolio of CLA-LSTM, annualised over
the study term. Decile 1 relates to a portfolio of stocks in the lowest 10% returns
forecasted by CLA-LSTM at each rebalance date, simulated as described.

Monotonic returns
Notably for AE approaches



Remember-gate...



Learning to Remember

Algorithm 1 Remember Gate j Figure 6.5: Memory Dynamics (CLA-FFNN): Learning Je,
Require: Initialise memory structure M
Require: Initialise Jeop
Require: Train base learner fp
# Step through time, period by period
for all time steps =1 in T do
# Base learner is run...
U < O( Xy, HB_.L—'I)
# 1y, becomes observable

Hoeeenn. CLA backpass starts ............

€EBt = L(9u,y1)

if |f'-B,L| > Jopy then
X, < X1 store raw training instances
append learner memory (X,,,0p,1) to M

end if

# CLA Learns Jg,; sensitivity

Jerir < learn and update Jepg

e J_Crit —— Absolute Error Series of Base Learner

T s CLA backpass ends ............ Note: Jepq is learned over time to define change points in the absolute error series
# ep of the base learner. It is notable that, as time passes, the error series becomes
9;3__,5 — (X, 93,5) overwrite base learner more stable, and as a result, jo,.;. This is consistent. with the central limits described
end for earlier in this thesis.
* Learn to remember: Jcrit over time * As time progresses ... learning to remember becomes

* Non-parametric learning threshold approach more stable



Recall-gate
Distance measures...



Recall-Gate: Time-series similarity tests

i) ED: Memory contains training examples; sample over pairings
Dgp(Xm, Xi) = 1/N Y ED(Xp ., ()s Xt.ra(D)
N

i) DTW: As ED but with DTW similarity: time-deformation invariant
Dprw (Xom, Xt) = 1/NZ DTW()?TH.,T'](D)?Xt.r-;,(D))
N



Recall-Gate: Time-series similarity tests

i) ED: Memory contains training examples; sample over pairings
DEp(Xm, Xt) = 1/N Y ED(Xpri(Dys Xtra(D))

i) DTW: As ED but with DTW similarity: tin:fe-deformation invariant
Dprw (Xm, Xt) = 1/N Y DTW (X, 1y (0)s Xt.ra(D))

iii) Auto-encoder (AE): AE learns a represenfation of training data
Dap(Xm. Xt) = 1/N ED(X;, a(h(X,)))

iv) AE with DTW filter (WAE): AE similarity but using DTW loss function
Duwae(Xm, Xt) = 1/N DTW (X, a(h(X})))



Interpretability...
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Interpretability: Which memory did what, when...
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Interpretability: Which memory did what, when...




Making Good on LSTMSs' Unfulfilled Promise

Continual Learning Augmentation (CLA):
v Addresses Catastrophic-forgetting in a noisy real-world context
v Benefits of Continual Learning but for time-series states

v" Memory-augments well-understood learners (including LSTM)
v" Interpretable use of memory

Daniel Philps* Artur d’Avila Garcez Tillman Weyde

Rothko Investment Strategies City, University of London City, University of London
City, University of London




