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Research topics
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Stem cells to Megakaryocytes
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Human pluriopotent stem cells to
Megakaryocytes via induction of genes GATAL,
FLI1, TAL1

Increase yield and maturity of MK cells
When and how much induction is required?

Cedric Ghevaert, Cambridge Blood Centre



Flow cytometry measurements
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Toy abstraction of problem

1000

System of three variables
X1,t, X2.t, X3,+ measured daily
over 20 days

We control input u; to push
x320 (green) to a target
value on day 20
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GP uncertainty and samples
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Regions of uncertainty, amount controlled by 6
Smoothness controlled by lengthscale ¢

Estimate by ML or MAP



Dynamical system via Gaussian processes
Idea: use data to approximate the difference

Xit — Xit—1 = fi(Xl,t—L ey Xdt—1, Ut—l)
via d GPs f; ~ GP(u(x,u),X(x,u)), i=1,...,d

Iterative cycle for optimising control towards target:
» Approximate response x to u by GPs

» Optimize control input u towards target using
GP approximation

» Acquire new data applying control to real
system



Transmitting uncertainty
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(Gaussian) uncertainty in inputs results in (non-Gaussian)
distribution in output

Pilco: approximate by Gaussian via moment matching



Alternative: dataflow graphs

° TensorFlow works with stateful
reld dataflow graphs

Data flow between nodes in a

dm%a b directed graph

Nodes represent eg: arithmetic operations, control
clauses (if else), matrix manipulations, random
number generators

Automatic differentiation



Optimize u using GP approximation

Minimize cost c(u), eg for trajectory x3(up, - . ., Uig)

c(u) = (x320(uo; - - - ; t1g) — Xtarget)2 + A Z |uel
t

How to define trajectory using GPs?
Bad idea: use means of GP for f;i(x;_1, us_1)

Better idea: sample several random trajectories
using GP uncertainty and optimise eg mean



Random trajectories

Expected loss C(u) =1/mY", c(x(*))

Reparametrisation trick for Gaussian:
With e ~ N(0,1): z(u) = p(u) + C(u)e



Key model parameter: latent dimension
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y = f(y) or xx = x;—1 + f(t;_1) not representable in 1D:

|dentical y mapped to different f(y)



Takens' theorem

Observe one variable y(1),y(2),y(3),...,y(L)
from dynamical system

Find lag d with (eg by small autocorrelation)
Choose m and form delay embedding

(eg d =2, m=3):

y(1) y(2) y(3)
y@) |, ly@® . [y5)]..
y(5) y(6) y(7)

Choose m with few “false” neighbors (monitor
distance increase when adding m + 1st expansion)



Aim: green to 780
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Aim: green to maximum
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Aim: green to minimum
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Feedforward loop
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GP reconstruction of f3(xy, x)




NANOG, SOX, OCT4 network

dl0]  my +ai[Ai] + as[0S] + as[OS][N]

dt 141+ bi[A] + bo[OS] + bs[OS][N]
= 11[0] = ki [O][S] + ko, [OS]

M _ ng + ¢ [A+} + CQ[OS] + CO,[OS] [N]
dt 14+, + di[A]+ do[OS] + ds[OS][N]

= Yo[8] = Fac[O][S] + ha[OS]

% = kie[O][S] — kac[OS] — ksc[0S]
d[N] N5 + e1[0S] + 2[OS][N] o

dt 1+ +A[0S] + f[OS][N] + f5[B-]

Chickarmane et al., Transcriptional Dynamics of the
Embryonic Stem Cell Switch, PLoS Comp. Biol.

SMBL Biomodel BIOMDO0000000203



Aim: NANOG (red) to 50
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Afterthoughts

Dynamic control problem widely applicable

Reconstruct network through Automatic Relevance
Determination

Taking uncertainty into account is essential
Regularising effect of using expectation of cost
Converges surprisingly quickly

TensorFlow enables straightforward, flexible
implementation



