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Abstract

The dynamic Schrodinger bridge problem provides an appealing setting for solving
constrained time-series data generation tasks posed as an iteration over optimal
transport problems. Recent works have demonstrated state-of-the-art results but
are limited to learning bridges with only initial and terminal constraints. Our
work extends this paradigm by proposing the Iterative Smoothing Bridge (ISB).
We integrate Bayesian filtering and optimal control into learning the diffusion
process, enabling constrained stochastic processes governed by sparse observations
at intermediate stages and terminal constraints, and assess the effectiveness of ISB
on a single-cell embryo RNA data set.

1 Introduction

Generative diffusion models have gained increasing popularity and achieved impressive results
in a variety of challenging application domains, such as computer vision (e.g., Ho et al., 2020;
Song et al., 2021; Dhariwal & Nichol, 2021), reinforcement learning (e.g., Janner et al., 2022),
and time series modelling (e.g., Rasul et al., 2021; Vargas et al., 2021; Tashiro et al., 2021; Park
et al., 2022). Recent works have explored connections between denoising diffusion models and the
dynamic Schrodinger bridge problem (SBP, e.g., Vargas et al., 2021; De Bortoli et al., 2021; Shi et al.,
2022) to adopt iterative schemes for solving the dynamic optimal transport problem more efficiently.
The solution of the SBP then acts as a denoising diffusion
model in finite time and minimizes Kullback-Leibler (KL)
divergence to a set reference process. Data may then be
generated by time reversal of the process, i.e., through the
denoising process.

Sparse observations 1

In many applications, the interest is not purely in mod-
elling transport between an initial and terminal state dis-
tribution. For example, in naturally occurring generative
processes, we typically observe snapshots of realizations
along intermediate stages of individual sample trajectories
(see Sec. 1). Such problems arise in medical diagnosis Transport between two Gaussians at the
(e.g., tissue changes and cell growth), demographic mod- ~ terminal time 7" constrained by sparse
elling, environmental dynamics, and animal movement ©Observations (x) at intermediate times.
modelling. patterns. Recently, constrained optimal control problems have been explored by adding
additional fixed path constraints (Maoutsa et al., 2020; Maoutsa & Opper, 2022) or modifying the
prior processes (Fernandes et al., 2021). However, defining meaningful fixed path constraints or prior
processes for the optimal control problems can be challenging, while sparse observational data are
accessible in many real-world applications.

a mr ~ N((10,0)T, 1)
mo ~ N(0, 1)

In this work, we propose the Iterative Smoothing Bridge (ISB), an iterative method for solving control
problems under constraints on both the initial and terminal distribution and sparse observational
data constraints, the latter acting as a way to encourage the paths sampled from the transport process
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to lie close to the observed data points. We perform the conditioning by leveraging the iterative pass
idea from the Iterative Proportional Fitting procedure (IPFP, see Kullback, 1968; De Bortoli et al.,
2021) and applying differentiable particle filtering (Reich, 2013; Corenflos et al., 2021). Integrating
sequential Monte Carlo methods (e.g., Doucet et al., 2001; Chopin & Papaspiliopoulos, 2020) into
the IPFP framework in such a way is non-trivial and can be understood as a novel iterative version of
the algorithm by Maoutsa & Opper (2022) but with more general marginal constraints and additional
path constraints defined by data.

We summarize the contributions as follows. (i) We propose a novel method for solving constrained
optimal transport as a bridge problem under sparse observational data constraints. (ii) Thereof, we
utilize the strong connections between the constrained bridging problem and particle filtering in
sequential Monte Carlo, extending those links from pure inference to learning. Additionally, (iii) we
demonstrate practical efficiency by applying the iterative smoothing approach to single-cell embryo
RNA modelling.

2 Background

For modelling the time dynamics, we assume a (continuous-time) state-space model consisting of a
non-linear latent It6 SDE (see, e.g., @ksendal, 2003; Sirkkd & Solin, 2019) in [0, T R¢ with drift
function fy(-) and diffusion function g(-), and a Gaussian observation model, i.e.,

Xp ~ T, dxt:fe(xtvt)dt+g(t)d/gt; (1)

andy, ~ N(yi | x4, 02 1) ‘t:tk, where the drift function fp : R?x [0, 7] — R?is modelled by a neu-

ral network parameterized by 6 € ©, diffusion ¢ : [0, 7] — R and 3, denotes standard d-dimensional
Brownian motion. x; denotes the latent process and y; denotes the observation-space process. We
consider the continuous-discrete time setting, where the process is observed at discrete times ¢; such

that observational data can be given in terms of a collection of input—output pairs {(¢;,y;) ;‘il

Schrodinger Bridges and Optimal Control The Schrodinger bridge problem (SBP, Schrodinger,
1932; Léonard, 2014) is an entropy-regularized optimal transport problem where the optimality is
measured through the KL divergence from a reference measure IP to the posterior QQ, with fixed initial
and final densities 7o and 7, i.e., Minge o (xy,xp) DxL [Q | P .

In this work, we consider only the case where the measures P and QQ are constructed as the marginals
of an SDE, i.e., Q; is the probability measure of the marginal of the SDE in Eq. (1) at time ¢,
whereas P; corresponds to the probability measure of the marginal of a reference SDE dx; =
f(x¢,t) dt + g(t) dB;, at time ¢, where we call f the reference drift. Under the optimal control
formulation of the SBP (Caluya & Halder, 2021) the KL divergence reduces to

E | f) gl folxe t) — f(xe )] dt| @

where the expectation is over paths from Eq. (1). Riischendorf & Thomsen (1993) and Ruschendorf
(1995) showed that a solution to the SBP can be obtained by iteratively solving two half-bridge
problems using the Iterative Proportional Fitting procedure (IPFP) for [ = 0,1, ..., L steps, Qg;41 =
arg Minge g (. ;) Dk [Q]| Qg and backwards Qg0 = arg MiNge g (x, ) DKL Q]| Qai41]-
where Q) is set as the reference measure, and (7, -) and Z(-, wr) denote the sets of probability
measures with only either the marginal at time 0 or time 7" coinciding with 7 or w7, respectively.
Recently, the IPFP to solving Schrodinger bridges has been adapted as a machine learning problem
(Bernton et al., 2019; Vargas et al., 2021; De Bortoli et al., 2021).

3 The Iterative Smoothing Bridge

Given an initial and terminal distribution 7y and 7, we are interested in learning a data-conditional
bridge between 7o and mr. Let D = {(¢;, yj)}jj‘il be a set of M sparsely observed values (allowing
for multiple observations at a single time), i.e., only a few or no observations are made at each
point in time and let the state-space model of interest be given by Eq. (1). Our aim is to find a
parameterization of the drift function fy such that evolving N particles x%, with x} ~ 7o (with
i = 1,2,...,N), according to Eq. (1) will result in samples x% from the terminal distribution



7. Inspired by the IPFP by De Bortoli et al. (2021), which decomposes the SBP into finding two
half-bridges, we propose to iteratively solve the two half-bridge problems while accounting for the
additional sparse observations simultaneously. For this, let

dx; = fio(x¢,t) dt + g(t) dB, Xo ~ T, 3)
dzy = by,g (2, ) dt + g(t) Bk, 20 ~ 71, “
denote the forward and backward SDE at iteration [ = 1,2,..., L, where ,@t is the reverse-time

Brownian motion. For simplicity, we denote 3; = ﬁt when the direction of the SDE is clear.

To learn the data-conditional bridge, our Iterative Smoothing Bridge (ISB) method employs the
following steps: 1 evolve forward particle trajectories according to Eq. (3) with drift f;_; ¢ and
filter w.r.t. the observations {(;,y;)}}~ j=1, 2 learn the drift function b; 4 for the reverse-time SDE,
3 evolve backward particle trajectories accordrng to Eq. (4) with the drift b; ,, learned in step 2
and filter w.r.t. the observations {(t;,y,)}*,, and 4 learn the drift function f; ¢ for the forward

1>
SDE based on the backward particles. =

Step 1 (and 3): Given a fixed discretization of the time interval [0, 7] denoted as {¢x }+_, with
t; = 0 and tx = T, denote the time step lengths as Ay = t;41 — t. By truncating the I1t6—Taylor
series of the SDE, we can consider an Euler—Maruyama (e.g., Ch. 8 in Sirkki & Solin, 2019) type of
discretization for the continuous-time problem. Following Eq. (3), we evolve the i particle at time
ti according to

i’tik - th,I + fl—l,@(xtkfl,tkfl)Ak + g(tk—l) V Ak 5]14;7 (5)

where ¢! ~ N(0,I). Notice that we have not yet conditioned on the observational data. In step 3 ,
the particles i;k of the backward SDE Eq. (4) are similarly obtained. The SDE dynamics sampled in
steps 1 and 3 apply the learned drift functions f;_1 ¢ and b; 4 from the previous step and do not
require sampling from the underlying SDE model.

For resampling, we employ a differentiable resampling procedure where the particles and weights
(xi, ,wi ) are transported to uniformly weighted particles (x}, , +7) by solving an entropy-regularized
optimal transport problem (Cuturi, 2013; Peyré & Cuturi, 2019; Corenflos et al., 2021) (see App. D).
Through application of the e-regularized optimal transport map T, € € RN¥*N (see Corenflos et al.,

2021) the particles are resampled via the map to xt = th T(.),;» where th € RV >4 denotes the
stacked particles {x] }, at time ¢;, before resampling.

Step 2 (and 4): Given the particles {x}, I k:’l ;—1» We now aim to learn the drift function for the
respective reverse-time process. The purpose of this step is to find a mean-matching reversal of the
trajectories, in other words we aim to find f; ¢ such that it best explains the change we observe from
{xi, } o {xj,,,} for each trajectory i = 1,2,..., N.

In case no observation is available at time ¢;, we apply the mean-matching loss based on a Gaussian
transition approximation proposed in De Bortoli et al. (2021):

et Lnobs = 100,6 (Xt s b)) Ak =X4, = fio10(XG, o te) Ak +X4, + fior0(x,  te) Ak (6)

In case an observation is available at time ¢j, the particle values th will be coupled through the
optimal transport map. Therefore, the transition density is a sum of Gaussian variables (see App. A
for details and a derivation), and the mean-matching loss is therefore given by:

;chrl,obs = |‘bl,¢(xik+17tk+1)Ak - Xik_,.l - fl*lﬁ(xik_H ) tk)Ak
N
+ Zn:1 T(5)7ixn (X?}C + fl_l,g(X?k,tk)Ak) ”23
In deriving the loss, we apply the property that the reverse drift should satisfy
bio(Xepy s tht1) = fi1.0(Xepy s te) — 9(tk1)*VInpy, (7

where py, ., is the particle filtering density after differential resampling at time ¢, 1. Thus the impact
of observations to the loss function is two-fold, the observations define the value of the transport
matrix T'.) and the marginal score VInpy, _,.



The overall objective function is a combination of both loss functions, with the respective mean-
matching loss depending on whether ¢, is an observation time. The final loss function is written
as:

g((b) = Z'f\il [Zf:l gz,obs(¢)lytk #0 + %,nobs(d’)ﬂy% :@} ) (8)

where I.,nq. denotes an indicator function that returns ‘1° iff the condition is true, and ‘0’ otherwise.
Consequently, the parameters ¢ of b; o are learned by minimizing Eq. (8) through gradient descent.
In practice, a cache of trajectories {x: . }kKZII[ ;—1 1s maintained through training of the drift functions,
and refreshed at a fixed number of inner loop iterations, as in De Bortoli et al. (2021), avoiding
differentiation over the SDE generation computational graph. In the single-cell experiment, the
cache size is set to 1000 and it is refreshed every 500 iterations. The calculations for step 4 follow
similarly. We present a high-level description of the ISB steps in Alg. 1.

4 Experiments

To assess the properties and performance of the ISB, we present a single-cell embryo RNA modelling
experiment to demonstrate how the iterative learning procedure can incorporate both observational
data and terminal constraints.

We parametrize the forward and backward drift functions fg and by as neural networks,and use a MLP
block design as in De Bortoli et al. (2021). The latent state SDE was simulated by Euler—Maruyama
with a fixed time-step of 0.01 over 100 steps and 1000 particles, full details are included in App. B.

Table 1: Results for the single-cell embryo RNA ex-
periment. We compare ISB to TrajectoryNet, IPML,
and our implementation of IPFP. Unlike the other

methods, our model is able to utilize the intermedi- =

ate data distributions while training. E

<

Earth mover’s distance g

METHOD t=0 t=1 t=2 t=3 t=T £
TrajectoryNet 0.62 1.15 1.49 1.26 0.99
IPML 0.34 1.13 1.35 1.01 0.49
IPFP (no obs) 0.57 1.53 1.86 1.32 0.85

ISB (single-cellobs) ~ 0.57 1.04 1.24 0.94 0.83 (b) Iterative Smoothing Bridge

Single-cell embryo RNA-seq We evaluated our approach on an Embryoid body scRNA-seq time
course (Tong et al., 2020). The data consists of RNA measurements collected over five time ranges
from a developing human embryo system. No trajectory information is available, instead we only have
access to snapshots of RNA data. This leads to a data set over 5 time ranges, the first from days 0-3 and
the last from days 15-18. In the experiment, we followed the protocol by Tong et al. (2020), reduced
the data dimensionality to d = 5 using PCA, and used the first and last time ranges as the initial and
terminal constraints. All other time ranges are considered observational data. Contrary to the other ex-
periments, intermediate data are imprecise (only a time range of multiple days is known) but abundant.

We set the diffusion g(t) to a constant level, and learned the ISB using a zero drift and compared it
against an unconditional bridge obtained through the IPFP (De Bortoli et al., 2021)—see Sec. 4. The
ISB learns to generate trajectories with marginals closer to the observed data while performing com-
parably to the IPFP at the initial and terminal stages. This improvement is also verified numerically in
Table 1, showing that the ISB obtains a lower Earth mover’s distance between the generated marginals
and the observational data than IPFP. Additionally, Table 1 lists the performance of previous works
that do not use the intermediate data during training (Tong et al., 2020) or only use it to construct
an informative reference drift (Vargas et al., 2021), see App. B.1 for details. In both cases, ISB
outperforms the other approaches w.r.t. the intermediate marginal distributions (t = 1, 2, 3), while
IPML (Vargas et al., 2021) outperforms ISB at the initial and terminal stages due to its data-driven
reference drift. Notice that while we reduced the dimensionality via PCA to 5 for fair comparisons
to Vargas et al. (2021), the ISB model would also allow modelling the full state-space model, with
observations in the high-dimensional gene space and a latent SDE.
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A Method Details

We present the details of the objective function derivation in App. A.1 and explain the connection
of the backward drift function to Hamilton—Jacobi equations in App. A.2. In App. A.3, we discuss
the behaviour of our model at the limit M — oo, that is, when the observations fully represent the
marginal densities of the stochastic process.

A.1 Deriving the Mean-matching Loss at Observation Times

Recall that the forward loss is written as
N [ K

£(¢) = Z g?c,obs(qs)]lytk#@ + E;‘c,nobs(¢)ﬂy%:® ) (9)
1

i=1 Lk=

where the loss at observations £, . (¢) and loss elsewhere £, () are

Ceitnons = 1bo(Xp, s trr) e —=xG, = fioro(x, o ) A+xE + fio10(xG, , t) Ak, (10)

Cerrons = 0o (Xt s ter ) Ak = Xi = fior,0(Xh, o te) A
I n n
to St Tieyim (X1 + fioro(X2 t) Ar) 12, (11

)

For convenience, we state the backward loss functions which follow similarly to their forward
versions. The backward loss is defined as

— NTE -
‘6(9) = Z Z ¢ }c,obs(e)ﬂytk#@ + £ ?c,nobs(e)]lytki@ ) (12)
i=1 Lk=1
L .
where the loss at observations £ ., (¢) and loss elsewhere ¢} . () are

Chogtnors = Ifro(xt o trer) Dk — X4, = bro(xt, o te) Ak + X, + bro(xt,, ) Akl?, (13)

Clttoos = I1fr0(Xt, 0 ter1) Ak — X, — brg(Xt, s te) A

1
5 Lone Doy (X5, + bro(xf, 1) Ax) 7. (14)
£,i

Proposition 1. Define the forward SDE as

dx; = fro(xe,t) dt + g(t) dB, X ~ o, (15)
and a backward SDE drift as

bio (X oy ther1) = fim1,0(Xeysrs te) — 9(teg1)*Vinpy, (16)
where py, ., is the particle filtering density after differential resampling at time ty1. Then
bi,¢ (Xt 1> tt1) minimizes the loss function

Cotons = 016 (Xt sty ) Ak = X4 — fion0(xt, o te) Ak

1
SN Ty (X7 + fioro (X0 )AL |2, (17)

+
Ca,i

o 1 N “n i N :
where we denote C, ; = GTEEy LYY Var (anl T(E)J,nxtk“), and {thﬂ}z‘:l are the particles

before resampling.

Proof sketch. Our objective is to find a backward drift function b; 4(x;, 1o tr+1) as in Eq. (16).
Notice that at observation times t, this is not equivalent to finding the reverse drift of the SDE
forward transition and differential resampling combined, since the drift function f;_; ¢ alone does not
map the particles {xék N | to the particles {xik_+1 ¥ . We will derive a loss function for learning



the backward drift as in Eq. (16) below, leaving the discussion on why it is a meaningful choice of a
backward drift to App. A.2. Our derivation closely follows the proof of Proposition 3 in De Bortoli
et al. (2021), but we provide the details here for the sake of completeness.

First, we give the transition density p, o | X (xx) and apply it to derive the observation time loss
. k—1

0% ns- The derivation for the loss £ . is skipped since it is as in the proof of Proposition 3 in
De Bortoli et al. (2021). Suppose that at ¢, there are observations. By definition, the particles before
resampling {X} i1 1V | are generated by the Gaussian transition density

p(itk+1 |Xllfk> = N(itk+l |X%k + 6kfl(xik’tk)ag(tk+1)2Ak1)' (18)

Recall that the resampled particles are defined as a weighted average of all the particles, xik =
22[:1 X} T\(2),i,n- Thus, the transition density from {x} }, to the particles {xiwr1 MY isalsoa
Gaussian,

N
|xt) =Nty | > Tepin(KF, + Arfiro(XP t)), g(tki1)* ArCeila).  (19)

n=1

p(xy

k+1

We will derive the loss function Eq. (17) by modifying the mean matching proof in De Bortoli
et al. (2021) by the transition mean Eq. (19) and the backward drift definition Eq. (16). Using
the particle filtering approximation, the marginal density can be decomposed as py, ,, (Xry1) =

Ziil Py (X5)Ds, o1l (xk+1)- By substituting the transition density Eq. (19) it follows that

. |
N (0 Tl im o, + fimro(x6 1)) = X |1
€ - )
Priss (Xt 1) z:: th *P 29(tk+1)2C: i A

(20)
where Z is the normalization constant of Eq. (19). As in the proof of Proposition 3 of De Bor-
toli et al. (2021), we derive an expression for the score function. Since VInpy,  (x¢,,) =
v

*ty 1 Plet1 (%tp,11)

P we first manipulate Vi, . pr,p, (Xt ),

N i
(0 Ty in (6, + fimr0(ki, 1)) ) = o |2

N
Vi, | Dty (Xt Z p(x; Jexp | —
+1 k+1 X t
tet1 — flc+1 k 2g(tk+1)205,iAk

- . 1 |
<Z (Z m (T(E),m(xik_ + fi-10(xt, tk)) — thﬂ))

” (Z E) i n(th + fl 1 G(thvtk))) — Xtpt1 ||2
AT 29(tk+1)2Ce il '

2

Peyyq (Xt )P i (Xk+1)

X1 | xp

x3)

Substituting py, (z%) = to the equation above gives

Pl 111

N
Teyim(Xh, + fi—1,0(Xe, s t)) — Xty
vth+1ptk+1(xtk+l) Ptiiq th+1 prkJrl\x ch (Z et . i L

i=1 —1 (tk+1)2AkCE,z
(22)
and dividing by Plisr (xty4,) yields
N (T(e)im(Xi _
) (s),z,n(xt + fl*l,@(xtkvtk‘)) th+1)

VInpr, (Xt.) prtl EANCY (Z kg(tk+1)2AkC'az‘
n=1 ’ ’

(23)



Substituting Eq. (23) to the definition of the optimal backward drift Eq. (16) gives

bl7¢(xtk+1vtk+1) = fl—l,@(xtwrutk) - g(tk+1)2VInptk+1 (xk+1)
= fi-1 B(th_,_latk)

T(é: i,n th + fl 1 G(thatk)) - th+1)
— 9(tk+1) prm |xtk+1 Ficss (Z g(tk+1)2Ak}CEXL

(24)

where taking f;_1 ¢(xy,, ,,?x) inside the sum yields

g (Xty s the1) = prt;; BT (Xtypr)

N
1 ; Xtpos

(C’ : ( > Tiey.im(xi, + fl1,0(th,tk))> - Ct,kiJr - Akfll,@(xtk,+17tk)> /Ak). (25)
£, n=1 £€,1

Multiplying the equation above by Ay gives

N ,
X
Apbrg(Xi,, s thr1) = <E Tieyim(Xg, + fi1 e(th,tk))> _ ék+1 Arfiero(X, tr)-
€,i
(26)

n=1

Thus we may set the objective for finding the optimal backward drift b; ¢ as

i t
;chl,noobs = Hbl ¢(th+17tk+1)A7€ - C’:rll - fl 1 O(th+17tk>Ak

1
+ = Soner Ty (%0, + fioro (el ) ) 2 27)

)

O
Notice that if the weights before resampling are uniform, then 7.y = Iy, and forall: € 1,2,..., N

it holds that C, ; = 1, since all but one of the terms in the sum T t Var (ij:l Tie)in Xy, 1)

vanish. Similarly, for one-hot weights C, ; = 1. In practice, we set the constant C, ; = 1 asin ??
and observe good empirical performance with the simplified loss function.

A.2 Connection to Hamilton-Jacobi Equations

We connect the backward drift function by g(x¢, ,,tet1) = fic1,0(Xet1,t6) —
9(te41)?V Inpy, , , (X4, , ) to the Hamilton—Jacobi equations for stochastic control through following

the setting of Maoutsa & Opper (2022), which applies the drift f;_1.9(x¢,t) — g(t)?V Inp;(x;) for a
backwards SDE initialized at 7.

Consider a stochastic control problem with a path constraint U (x¢, t), optimizing the following loss
function,

-+ Z / g o) = F P + UG )t~ (). @9

with the paths, x¢ sampled as trajectories from the SDE
Xo ~ o, dx¢ = fi_1,0(xs,t)dt + g(t) dBs, (29)

and the loss In x(x}) measures distance from the distribution 77. Since we set the path constraint
via observational data, our method resembles setting U (x;,t) = 0 when ¢ is not an observation time,
and U (x}) = —log p(y | x}), where p(y | x}) is the observation model.

Let ¢;(x) denote the marginal density of the controlled (drift f») SDE at time ¢. In Maoutsa & Opper
(2022), the marginal density is decomposed as

q:(x) = i (x)ps(x), (30



Algorithm 1 The Iterative Smoothing Bridge

Input: Marginal constraints (o, wr), observations D = {(t;,y;)}}Z,, initial drift function fo o,

iterations L, discretization steps K, number of particles N, observation noise schedule (1)
Output: Learned forward and backward drift (fg, by)
for! =1to L do
Initialize forward particles {x{}; ~
for k =1to K do
Generate {x} } | using {x}_,}¥, > Eq. (3)
if Observations at ¢, then
{xi}}¥, « DiffResample({x }Y | x(l))
end if
end for
Optimize the forward loss function w.r.t. ¢ > Eq. (8)
Initialize backward particles {z% } ¥ | ~ 77
for k = K to1ldo
Generate {z} ,}Y, using {zi }}¥, > Eq. (4)
if Observations at ¢, then
{z}_,}), « DiffResample({z,_,}Y,, ()
end if
end for
Optimize the backwards loss function w.r.t. § > Eq. (12)
end for

Forward process

Backward process

where ¢;(x) is a solution to a backwards Fokker-Planck-Kolmogorov (FPK) partial differential
equation starting from 1 (x) = 77, and the density evolves as in

de(x)
de¢

where E} is the adjoint FPK operator to the uncontrolled system. The density p;(x) corresponds to
the forward filtering problem, initialized with 7,

P _ 25 ou)) ~ Ul ), >

where L ¢ is the FPK operator of the uncontrolled SDE (with drift f). The particle filtering trajectories
{x, }* generated in our method are samples from the density defined by Eq. (32). In the context of
our method, the path constraint matches the log-weights of particle filtering at observation times and
is zero elsewhere.

= —Lhpi(x) + Ulx, )1 (x), G

In Maoutsa & Opper (2022), a backward evolution for ¢; is applied, using the backwards time
Gr—-(x) = ¢, (x), yielding a backwards SDE starting from go(x) = {x%}¥ ,, reweighted according
to . The backward samples from ¢ are generated following the SDE dynamics

dx! = (f(xL, T — 1) 4+ g(t)>VInpr_.(x1) dt + g(t) dB;. (33)
We have thus selected the backward drift b; ,, to match the drift of g, (x), the backward controlled
density. Intuitively, our choice of b; 4 is a drift which generates the smoothed particles when initialized
at {x%.}¥ |, the terminal state of the forward SDE. The discrepancy between 77 and the distribution
induced by {x%.}}¥ | then motivates the use of an iterative scheme after learning to simulate from
q(z).

A.3 Observing the Full Marginal Density

Suppose that at time ¢, we let the number of observations grow unbounded. We analyse the behaviour
of our model at the resampling step, at the limit M — oo for the number of observations and o — 0
for the observation noise. When applying the bootstrap proposal, recall that we combined the multiple
observations to compute the log-weights as

logwj, =—5— > Ixi, — vl (34)

H
Y GDmk
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which works well in practice for the sparse-data settings we have considered. Below we analyse the
behaviour of an alternative way to combine the weights and show that given an infinite number of
observations, it creates samples from the true underlying distribution.

Proposition 2. Let {x}, }]*| be a set of particles and {y; }}L, the observations at time ty. Assume

that the observations have been sampled from a density p:, and that for all ¢ it holds that X%k €
supp(py,, ). Define the particle weights as

log wik,a,AI = log <

> exp(—lxi, - yj||2/202>), (35)
epiM
ity

H(M)
2D,
where Z is the normalization constant of the observation model Gaussian p(y | X%k ). Then for each
particle xik its weight satisfies

lim m wi, o= oo (@) (36)

Proof sketch. We drop the o and H (M) from the weight notation for simplicity of notation, but
remark that the particle filtering weights are dependent on both quantities. Consider the number of
particles NV fixed, and denote the d-dimensional sphere centered at x;, as B(xj},,r). Since each

particle x! . lies in the support of the true underlying marginal density py, , then for any radius r > 0
such that B(x} ,r) € supp(py, ), and H > 0, we may choose M high enough so that the points
yj € Dﬁk satisfy y; € B(xik,r). It follows from Eq. (35) that

7 1 7 2 2
Wi, = ——an DL exp(=lx, —yill?/20%). (37)
Z|D H(M)

2t | yje’Di,tk

For any > 0 and with observation noise ¢ = cr, we may set ¢, H(M) so that the sum above
approximates the integral

1

|B(X§k»7")| B(xi, )

i

w’r‘,tk ~

ply |x},)pe(y) dy. (38)

By applying the Lebesque differentiation theorem, we obtain that for almost every x; .» we have
lim, 0w, ,. = pr, (X}, ), since as ¢ — 0, the density p(y | x}, ) collapses to the Dirac delta of x;, .

Prop. 2 can be interpreted as the infinite limit of a kernel density estimate of the true underlying
distribution. Resampling accurately reweights the particles so that the probability of resampling
particle x! . is proportional to the density p;, compared to the other particles. Notice that the result
does not guarantee that the particles will cover the support of p;, , since we did not assume that the
drift initialization generates a marginal density at time ¢j, covering its support.

B Experimental Details

The observational data consists of 10 points selected from the Schrédinger bridge trajectories, all
observed at t € [0.25,0.5,0.75] with an exponential observation noise schedule #() = 1.25'~1. The
ISB was run for 6 epochs and initialized with a drift from the pre-trained Schrédinger bridge model
from the unconstrained problem.

The observational data consists of 10 points which lie evenly distributed on a circle, observed at
t = 0.5 with an exponential observational noise schedule #(/) = 0.5 - 1.25!=1. The ISB was run
for 6 epochs and initialized with a drift from the pre-trained Schrodinger bridge model from the
unconstrained problem.

The observational data consists of 6 points, with pairs being observed at times ¢ € [0.4, 0.5, 0.6]. We
used a bilinear observational noise schedule with a linear decay for the first half of the iterations from
k(0)? = 4to k(L/2)? = 1 and a linear ascend for the second half of the iterations from x(L/2)? = 1
to k(L)% = 4. The ISB ran for 6 epochs, with a zero drift initialization.

11



B.1 Single-Cell Data Set

We directly use the preprocessed data from the TrajectoryNet (Tong et al., 2020) repository and run
the ISB model on a MacBook Pro CPU. A major difference between our implementation and Vargas
et al. (2021) is the reference drift. We set the reference drift to zero, which means that we utilize the
intermediate data only as observations in the state-space model. On the contrary, Vargas et al. (2021)
fits a mixture model of 15 Gaussians on the combined data set (across all measurement times) and
sets the reference drift to the gradient of the log-likelihood of the mixture model. Effectively, such a
reference drift aids in keeping the SDE trajectories within the support of the combined data set. We
remark that if the intermediate observed marginals had clearly disjoint support, combining all the
data would cause the mixture model to have ‘gaps’ and could cause an unstable reference model drift.
Thus we consider our approach of setting the reference drift to zero as more generally applicable.

As in Vargas et al. (2021), we set the process noise to g(¢) = 1 and model the SDE between time
t € [0, 4]. The learning rate is set to 0.001 with a batch size of 256 and the number of neural network
training iterations equal to 5000. We apply the ISB for 6 iterations. We perform filtering using 1000
points from the intermediate data sets, but compute the Earth mover’s distance by comparing it to all
available data. As the observational data at 7' = 1, 2, 3 consists of a high number of data points, the
parameters H (number of nearest neighbours) and o (observation noise) need to be carefully set. We
set H = 10 to only include the close neighbourhood of each particle and set the observation noise
schedule as constant 0.7.

C Computational Considerations

Below we discuss some important computational considerations in detail, analyzing the limit L — oo
from the perspective of setting the observation noise schedule in App. C.1.

C.1 Discussion on Observation Noise

When letting . — oo, the choice of observation noise should be carefully planned in order for the ISB
procedure to have a stationary point. Here we explain why an unbounded observation noise schedule
(1) implies convergence to the IPF method for uncontrolled Schrodinger bridges (De Bortoli et al.,
2021), when using a nearest neighbour bootstrap filter as the proposal density.

Proposition 3. Let Q € R? be a bounded domain where both the observations and SDE trajectories
lie, and let the particle filtering weights {w , M | at ISB iteration | be

i 1 i
logwi,, = -5 Z Ixi, —y;l* (39)
2k(1)
Y ED{"’Z
If the schedule k(1) is unbounded with respect to 1, then for any 6 there exists I’ such that for the
normalized weights it holds
" 1
Wirg,, = 7] S 6 (40)
Proof sketch. Since x(1) is unbounded, for any S > 0 3 I’ such that x(I') > S. We choose the value
of .S so that the following derivation yields Eq. (40).

LetS = \/O.BRfl\Dfﬂ diam(£2)2, and apply the property that ||x}, —y;||* < diam(£2)? to Eq. (39),
i 1 i
logwiny, > —5o5 D Ixi, — vl
}’J'EDf]{c
> Zyjepgc ||Xik —y]H2 N ZYJED{;Z dlam(Q)2 -
T R D dam(@? = B DA dam (@)

The bound above is for the unnormalized weights, and the normalized log-weights are defined as

(41)

N
log W, ,, = logwj , —log (Z exp(logwy, ,, )) : (42)

Jj=1
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where for the normalizing constant it holds that

N

N
log <Z exp(log wlj,tk)> < log (Z 1) = log(N), 43)

j=1 j=1

since wl, is the value of a probability density and thus always wl, < 1. Combining Eq. (42),
Eq. (41) and Eq. (43), it follows that

log W}, ,, — (—log(N) > —R, (44)
where taking exponentials on both sides gives
iy 1 1
Wi, = 37 2 -(1- eXP(—R))N- (45)

Since the weights are normalized, even the largest particle weight @Dlj, ¢, can differ from % as much
as every smaller weight in total lies under %,

; 1 1
e, < 5+ V=)= (- ). @6)

implying that for any weight w{,,tk , it holds that

iy, 31 < V= D((1= exp(-R) ) <1 expl(-R) @

and selecting R = — log(1 — 9) is sufficient for § < 1. O

Effectively, the above derivation implies that for an unbounded observation noise schedule (1),
the particle weights will converge to uniform weights. Since performing differentiable resampling
on uniform weights implies that Ty = I, the ISB method trajectory generation step and the
objective in training the backward drift converge to those of the IPF method for solving unconstrained
Schrodinger bridges. Intuitively, this means that at the limit L — oo, our method will focus on
reversing the trajectories and matching the terminal distribution while not further utilizing information
from the observations.

D Differentiable Resampling

In the ISB model steps 1 and 3 presented in Sec. 3, we applied differentiable resampling (see
Corenflos et al., 2021). Resampling itself is a basic block of particle filtering. A differentiable
resampling step transports the particles and weights (iik , w'tik) to a uniform distribution over a set of
particles through applying the differentiable ensemble transport map T'.), that is

(Xiyswy,) = (X, Tepi YN) = (x4, Y/N), (43)

where th € RV*4 denotes the stacked partlcles {xt 1V | at time ¢, before resampling and xt
denotes the particles post resampling. Here we give the definition of the map T and review the
regularized optimal transport problem which has to be solved to compute it. We partly follow the
presentation in Sections 2 and 3 of Corenflos et al. (2021), but directly apply the notation we use for
particles and weights and focus on explaining the transport problem rather than the algorithm used to
solve it.

The standard particle filtering resamphng step consists of sampling N particles from the categorical
distribution defined by the weights {w} . N |, resulting in the particles with large weights being most
likely to be repeated multiple times. A result from Reich (2013) gives the property that the random
resampling step can be approximated by a deterministic ensemble transform T. In heuristic terms,
the ensemble transform map will be selected so that the particles {xik N | will be transported with
minimal cost, while allowing all the weights to be uniform.

Let ;2 and v be atomic measures, 1 = > wy, Oxi i andwy = NN ~'0i , where &, is the Dirac
t k
delta at x. Then y is the particle filtering dlstrlbutlon before resampling. Define the elements of a
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cost matrix C € RV*N as C; ; = ||x}, — %1, ||, and the 2-Wasserstein distance between two atomic
measures as

W22(M, = min ZZCJPJ (49)

PeS(p, u) — =

Above the optimal matrix P is to be found within S(u, ), which is a space consisting of mixtures of
N particles to N particles such that the marginals coincide with the weights of 1z and v, formally

N N
) 1
S(uv) = (PEOUVN| D Py =wi, Y Pij= 0 (50)
i=1 j=1

The entropy-regularized Wasserstein distance with regularization parameter ¢ is then

Wi = i, 350 (o ebe ). o

=1 j5=1
The unique minimizing transport map of the above Wasserstein distance is denoted by P9PT, and
the ensemble transport map is then set as T(.) = N POPT. This means that we can find the matrix
T ) via minimizing the regularized Wasserstein distance, which is done by applying the iterative
Sinkhorn algorithm for entropy-regularized optimal transport (Cuturi, 2013).
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