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What is this paper about?

o Inverse problems: recover an unknown signal xg given measurements
y = A(zo) + 1,

e.g. super-resolution, inpainting, deblurring.
o Recent trend: use diffusion models as powerful priors for p(z).

o Classical approach: posterior sampling from p(z¢ | y) using
score-based diffusion.

o This paper: reframe diffusion inverse problem solving as an optimal
control problem on the reverse diffusion dynamics.

2/52



Key limitations of posterior sampling methods

Consider conditional sampling SDE
dz; = (f(a:t,t) — %g(t)QVx log pi (x| y))dt + g(t)dw;.

Main obstacles:
o Need V, log p(y | ), which is intractable for t > 0.
o Approximations rely on Tweedie-type formulas and Zo(x;), degrading in
the noisy regime.
o Methods are sensitive to time discretization 7" and heavily depend on
score network accuracy.
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Limitation: Tweedie-type likelihood approximations

The forward diffusion can be written as

xr=vat)ro+1—at)z, z~N(0,I).

The posterior p(zo | x¢) has mean (Tweedie / denoising result)

Go(wr) = Elzo | 2] = (0 + (1= a(8) Vi, logmi(an) )

alt

~—

and in practice
1
a(t)
For the likelihood term, diffusion process sampling (DPS) factorizes

Zo(xy) =~

(g;t +(1—a) se(sct,t)).

MMMz/MHMMmMMWZ&waMMmH

and then approximates

p(y lzt) = p(y| Zo(xr)).
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DPS Algorithm limitation

o In regimes with high measurement noise or multimodal p(xq | x¢), the
gap can be large; the gradient V,, logp(y | z¢) = V, log p(y | Zo(z+))
can be biased and unstable.

o Computing this gradient requires backpropagating through Zo(x;) and
the score network sg, which is expensive and error-prone, especially at
high noise levels (large t).

1. o AJJ\[(O,])
2: for i = N — 1 down to 0 do
3: § < sp(x;,1)
4: To \/07(.%'1 + (1 — @2)3)
b: z ﬁv.Af 0 I
a Q1 18i .
6: a:;l%\/"l_az i+\/1z_az$0+0'z
8: end for

9: return I
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High-level idea of the paper

Core idea

Treat the discretized reverse diffusion sampler as a nonlinear dynamical
system and solve an optimal control problem over the control sequence

{u}.

o Use iLQR updates on the diffusion dynamics.
o Terminal cost encodes data fidelity: £y(x0) = —logp(y | zo).
o Running cost regularizes control: £;(xs, us) = ofju|?.

o Show that:

o Posterior sampling appears as a special case.
o The ideal conditional score emerges as the Jacobian of a value function.
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(@ Background: Diffusion Models & Inverse Problems
@ Optimal Control and iLQR
@ Diffusion Optimal Control
o Theoretical Result 1: Output Perturbation
o Theoretical Result 2: Recovering Posterior Sampling
o Theoretical Result 3: Input Perturbation
o Summary of Theoretical Insights

(@ High-Dimensional Control Challenges

(& Simulation Results
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Reverse-time Diffusion SDE and Probability-Flow ODE

Reverse-time [t6 SDE used in diffusion models:
dx; = [£(x;) — g(t)*Vix, log pe(x¢)] dt + g(t) dwy,

where
o x; € R" is the state,
o f:R"™ = R" is drift,

g(t) is scalar diffusion,

©

o dwy is standard Brownian motion,

o Vy, logpi(x¢) is the score of the marginal p.(x;).
Associated probability-flow ODE:
dx; = [f(xt) — %g(t)zvxt logpt(xt)] dt,

which has the same marginals p;(x;) as the SDE.
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Euler Discretization of the Probability-Flow ODE

Euler discretization in reverse time:
xi—1 =x¢ — |F(x¢) — %g(t)zvXt log py(x¢) | At.
We can write this abstractly as a discrete-time dynamical system
xi—1 = h(xy), h:R" — R",

where h encodes one reverse diffusion step. Later we will treat this as an

uncontrolled dynamical system and then inject controls uy.
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Goal: Backward Conditional SDE for Inverse Problems

We start from the marginal reverse-time SDE (unconditional diffusion):
dx; = [f(x;) — g(t)*Vx, log pr(x¢)] dt + g(t) dwy,
and the inverse problem
y=Axo+n,  1~N(00L).

Goal: Derive the reverse-time SDE for the posterior process

dx; = [f(xt) — g(t)?Vy, log ps (x; | y)] dt + g(t) dwy,
directly from:
@ The marginal reverse SDE of x;.

@ The static observation model y = Axg + 7.
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Step 1: Joint Law py(x,y)

Consider a joint random pair (x;,y) constructed as:

o Forward diffusion: x; evolves in time via the forward SDE
dx; = f(x¢, t)dt + g(t) dwy, t €10,T].
o Observation (time-independent):
y = Axo + 1, n~N(0,0°1y),
drawn only at t = 0 and then held fixed.

This defines a joint density at each time ¢:

pe(x,y) = /p(y | X0) p(x¢ = x | X0) po(x0) dxo.

Equivalently, we can view (x;,y) as a Markov process where
o x; diffuses in time,
0 y is a static random variable coupled to xq.
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Step 2: Joint Forward Process (x;,y:)

Define a joint process (x¢,y¢):

o x follows the forward SDE (in forward time s, written as ¢ for
simplicity):
dXt = f(Xt, t) dt + g(t) th,

o y; is constant in time:
dyt =0.

Thus the joint dynamics are

dx; = f(x¢, t) dt + g(t) dwy,
dYt = O)

and the joint density of (x;,y:) at time ¢ is exactly

pi(%,y).
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Step 3: Reverse-Time SDE for the Joint Process

Let
7 == (X¢,y¢) € R4,
The joint forward SDE can be written as
dz; = a(z, t) dt + o(t) dwy,
with

Hence

0 0

The time-reversal theorem (with the convention of Eq. (1)) gives the reverse
drift

o()ot)T = <g(t)21” O) .

res (2.1) = (2, 1) — (D)o (1) Valog p(2),
where p(z) = pi(x,y).
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Step 3: Reverse-Time SDE for the Joint Process (cont.)
Write

vx Ingt (X7 y)>
Vzlo zZ) = .
2o(z) (Vy log pt(x,y)
Then

o (1) (t) TV, log py(2) = (g(t) Vi« log pi(x, y)) .

0
Thus the joint reverse drift is

f(x,t )2V 1 ,
arev(z7t) _ (X7 ) 7% g( ) Y% ngt(x y)
0 0
_ (f(xt) = 59()*Vx log pi(x, y)
0 )
Therefore, the reverse-time SDE for the joint process (x:,y:) is

1

{dxt = [f(x¢,t) — 39(t)*Vx, log pe(x¢, yi)|dt + g(t) dwy,

dyt =0.
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Step 4: From Joint to Conditional SDE

Fix an observed value y and consider the conditional law

) _ pt(x7 y)
pe(y)

When taking gradients w.r.t. x, any factor depending only on y is constant:

pe(x|y

Vi logpi(x | y) = Vi [logpi(x,y) — log pi(y)]
= Vxlogpi(x,y),

because p;(y) is independent of x.
Hence

Vilogpi(x,y) = Vxlogpi(x | y).
Substitute this into the reverse drift of x;:
dx; = [f(x4,t) — 59(t)*Vx, logpe(xs | yi)]dt + g(t) dw;.
Conditioning on the event y; = y gives
dx; = [£(x¢, 1) — 39(1)° Vi, logpe(x: | y)]dt + g(t) dw,
which is exactly the backward conditional SDE (Eq. (6)).
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Step 5: Bayes Decomposition of the Conditional Score

From Bayes' rule at time ¢,

Pt(Xt) pt(y | Xt) '

Pl |y) = pe(y)

Taking logs,
log pe(x¢ | y) = log pi(xt) + log pi(y | x¢) — log pe(y)-
Differentiate w.r.t. x;:

Vi, logpi(x: | y) = Vi, log pi(x¢) + Vi, log pe(y | x¢),

since log p;(y) does not depend on x;. This is Eq. (7). Plugging this into the
conditional SDE (Eq. (6)) yields

dx, = [£(x0,1) = 39(1)* (Vx, log pi(x2) + Vi, log ey | %)) | dt + g(¢) dv.
Associated ODE:
dx = [f(x) — %g(t)va log py(x | y)]dt.
Euler discretization:

Xi—1 = Xt + [f(Xt) - %g(t)Qth log p¢ (x¢ | Y)} At.
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Finite-Horizon Cost and Value Function

Consider a discrete-time system

Xt—1 :h(xt,ut), t:T,,l

Define total cost

1
Jr =Y bi(xs,up) + Lo(x0),
t=T

where /¢; is running cost and £ is terminal cost. Value function:
V(x¢,t) ;== min Jy,
{un}yllzt

i.e., optimal cost-to-go starting from state x; at time ¢. Bellman recursion:

V(Xt, t) = Hlllltn [Zt(Xt, llt) + V(thl,t — 1)] .
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State-Action Value Function ()

Define the state-action value:
Q(x¢,uy) = l(x4,wy) + V(x4—1,t — 1),

and
V(x¢t,t) = min Q(x¢, uy).

iLQR approximates @) and V' locally by quadratic expansions around a
nominal trajectory

{it}?:07 {ﬁt}$:1’

and updates the controls via a local Linear-Quadratic approximation.
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Derivatives of ()

Let hy and hy, denote Jacobians of h(x¢, u;). Local quadratic
approximation yields

Qx = lx +hl V]
Qu="/lu+h V.,
Qxx = Uxx + L V. hy,
Qux = fux + hy Vi,
Qxu = lxu + 0] V] hy,
Quu = fuu + h) V. hy,

where primes indicate evaluation at time ¢ — 1.
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Deriving @, Q., (First Derivatives)

Recall the definition of the state—action value:
Q(x¢,up) = (x4, us) + V(x4-1), x¢—1 = h(xe, wy).

So @ is a scalar function of (x¢,u;) built from:
o current running cost £;(x¢, uy),

o future cost V(x;—1) = V(h(x¢, uy)).

Use the chain rule for the composite V (h(x¢,u;)). Since V' is scalar,

oV oh
f= R"™ h, = e R™*",
Vz 6Xt_1 < ’ 8Xt
and 5
sV (o)) =TV
Therefore,

Q. =1(,+h]V/ Qu="L,+h V.
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Deriving @z, Quz, Quu (Second Derivatives)

From the previous slide:

s =L, +h]V w="Ly+h V.

o Linearize the dynamics h(x, u) around the nominal trajectory using first order
derivatives: h,, ~ 0, h,, ~ 0, and h,, ~ 0.

Deriving ()., (other terms also similar):

_ Ty// _ 0 Ty//
9 o (Oha\T OV
8x(h“’Vw) N ( ox ) Vo +hy ox

——
depends on hy via x’

TV,

.
(%) vin0 = O (hIV!) ~ 1] .

ox
Now apply the chain rule with x’ = h(x, u):
ov) oV ox’
ox  ox ox
Therefore Qg ~ lyy +h V! h

x TxrTTT

=V/, h,.
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Minimizing (): optimal control update

We now consider @) as a quadratic function of (dx, du):
Q(0x,0u) = Qo+Qy 0x+Q . u+16xT Quxdx+30u’ Quuiutiu’ Qux ox.

To find the optimal variation du*, take the derivative w.r.t. Ju:

0
Q = Qu + qu 0x + Quu ou.
oéu

Set this gradient to zero for optimality:
Quu U™ + Qux 0x + Qu = 0.
Solve for du*:
b = ~QuuQu — QuuQux 0.
This yields the usual iLQR form
ou* =k + Kx,

with
k= _Ql_ulle K = _Ql_u_llqu-
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Deriving Vi and Viy from @

At the current time ¢ the value function is

V(x¢,t) = ngllln Q(x¢,ur) = Q(Ix, 0u™).
Plug du* = k + K dx into the quadratic form of @ and collect terms in dx:

V(xe,t) ~ Vo + Vil 0x + 1 0x " Vi 6x.
Matching coefficients of dx and dxdx ' gives

Vx = Qx — K' Quuk,
Vix = Qxx — KT QuuK.

Equivalently, using k = —QgtQu, K = —QylQux, one can also write

Vi = Qx - quQl_ullQuy
Vxx = Qxx - quQl_ullqu'
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Controlling the Reverse Diffusion Dynamics

Uncontrolled reverse diffusion (Euler) step:
xi-1 = % — |F(xr) — §9(1)° Vi, log pi(x0) | At

We treat this as a dynamical system and inject a control u:

o Input perturbation:
Xe—1 = (X¢ +wg) — {f(xt + ) — 59(t)*Vx log py(x; + ut)] At.
o Output perturbation:
Xt-1 = Xt — [f(Xt) — 29(t)*Vx IOgPt(Xt)} At + uy.

In both cases, we can write x;—1; = h(x;,u;) and apply iLQR.
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Diffusion Optimal Control Algorithm

Algorithm: Diffusion Optimal Control

1: Input: step size A, horizon T', measurement y, initial state xp

2: Initialize:

3: ut<—0,kt<—0,Kt<—0fort=1,...,T

4: for iter = 1 to num_iters do

5 Vi, Vax < Vi, logp(y | x0), Vz, logp(y | xo) > Initialize V (x4, t) at
t=20

6: fort=1to T do

7: Compute k¢, Ky, Vi, Vi

8: end for

9: for t =T down to 1 do

10: u; < w + ou*

11: Xx—1 < h(xe,wy) > One controlled reverse diffusion step
12: end for

13: end for
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Initializing V5 and Vi in the Algorithm

We choose the terminal value function at t = 0 as the log-likelihood:
V(x0,0) = logp(y | xo)-
For the usual linear-Gaussian forward model
y=Axo+n,  n~N(©00T),
we have
p(y | x0) = N(y; AXO,UZI) o exp( — %Hy — AXOH2>.

So
1
logp(y | x0) = —55lly - Axg|?* + C.
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Gradient and Hessian of log p(y | xo)

Write the quadratic term explicitly:

ly — Axol* = (v — Axo) ' (y — Ax).

Gradient:
Violly = Axol* = 2AT (Axg —y),
= Valogp(y | x0) = —5 5 2AT(Axo — y)
= % AT(y — Ax).
Hessian:

1
V2, logp(y | x0) = Vs[5 AT (v = Axo)]

LT

o
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Role of the Diffusion Model in h

xi-1 = i = [£(x1) = 3g(1)? Vi, log pr(x:)| AL,

o We never need py(x;) explicitly.

o We only need its score
Vi, log pi(xt) = sp(xt, 1),

provided by the pretrained diffusion model.

o Using sp we implement h(x;) and its Jacobian hy (via automatic
differentiation).

Thus, the diffusion model defines the uncontrolled dynamics and the prior,
while optimal control (iLQR) uses Vi, Vix from log p(y | xo) to steer these
dynamics.
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Theorem 1 (Output Perturbation, Statement)

Consider the discretized reverse diffusion dynamics with output
perturbation:

X1 =Xt — [f(xt) - %g(t)Qth logpt(xt)]At + u.
Let the terminal cost be

lo(x0) = —log p(y | %0),

and running costs
bi(x¢,uz) = 0.

Suppose iLQR is used with a Tikhonov-regularized Quy:
Quu + Quu + ol.
Then the resulting control at time ¢ satisfies
u; = a Vi, logp(y | xo),

where x( is obtained by rolling forward the controlled dynamics from x;.

Goal: Show that iLQR’s control recovers the conditional score.
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Theorem 1 (Output Perturbation, Proof) — Part 1

For output perturbation, the dynamics are linear in uy:

x; 1 = h(x;, wy) = [uncontrolled step from Xt] + ug.

Hence 9
Xt—1
h, = , h, =1
8Xt
With £;(x¢,u;) = 0, the Q-derivatives simplify (¢4 = fyu = 0):
ng ::11214;7
Qu="Llu+h V=V
Qxx = hIV,éth
ux — thl Véxhx = V)éxh)h

Quu = luu +h V. hy =V .
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Theorem 1 (Output Perturbation, Proof) — Part 2

We add Tikhonov regularization:

Quu ¢ Quu +al = V}ix + al.
We have

Vax = Qxx — Qi QuaQux = by Vischx — hig Vi (Vi) ™ Vitychx = 0.

X " XX

Similarly,
Vx = Qx + Qi Quu@u = hyc Ve + o Vi (Vi) ™ Vi = hyc Vi

X XX

Feedforward term

1
k= —QuuQu=—(hL Vaix hx + o) 'Qu=—(0 + aI) 'Qu = —— V.
~—~— «
0
Feedback term vanishes:

Kt = _Q;&qu = 0:
since V[, = 0.
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Theorem 1 (Output Perturbation, Proof) — Part 3

We now relate Vi to the likelihood gradient.
Att=0:

V(X070) = EO(XO) = —lng(y ‘ X0)7
hence

Vi = W,V = —Vy, log ply | xo).
Since we have the recursion

yo _ (920 o e - (9o (95T 0x0) o)
ox1 0x3

8X2

W (0xi1)' ox0\ ' o _ (90’
v ) o VY = > (=Vx, logp(y | x0))-

o

_vxt 10gp(y | XO(Xt))'
Therefore,

k; = -2V =1V, logp(y | o).
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Lemma (Choosing o Recovers Posterior Sampling)

Lemma.

Consider the deterministic sampler (probability-flow ODE discretization) with
output perturbation and control

1
w = o Vx, logp(y | %0).

If we choose 1

g(t)2At’

then the resulting update recovers the posterior sampling discretization

X1 =X + [f(Xt) — %g(t)2vxt log py(x¢ | Y)]At-
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From Theorem 1 we have
u = éth log p(y | o).
Substitute uy:
Xi1 = X¢ + [f(xt) — 29(t)*(Vx, log pe(x¢) + Vi, log p(y | xo))} At.

Under the deterministic probability-flow dynamics, x; and x¢ are in
one-to-one correspondence, so

log p(y | xo0) = logp(y | x¢),
with
Vxlogpi(x | y) = Vxlogpi(x) + Vylogpi(y | x),

we recover

xe—1 =% — |F(x¢) — %g(t)Qth log py(x¢) | At.
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Theorem 2 (Input Perturbation)

Consider the discretized reverse diffusion dynamics with input perturbation:
Xi—1 = (x¢ +wg) — [f(Xt +uy) — 59(t)*Vx log pe(x¢ + ut)} At.

Let
lo(x0) = —logp(y | x0), li(xe,up) =0,
and use iLQR with Tikhonov regularizer

1
o= ——=—

g(t)?At’
Define the shifted variable
X; = Xt + uy.
Then the resulting dynamics can be written as
X1 =% + [f(X¢) — %g(t)2(Vx log pi(%¢) + Vx log p(y | x¢))] At.
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Theorem 2 — Proof

Using ¢, = 0 for t > 1 and h, = hy, the (first-order) iLQR relations give

Qx = hIV)ia Qu = hIV)Q = h;(rv)éa
Qxx =h Vi hy,  Qux =h.V. hy=hlV]. h = Qx,

Quu = luu + hIV;xhu = hIV)éxhx = Oxx,
where V! and V, are evaluated at time ¢ — 1. We can write
— T n-1 _
Vxx - Qxx - quQuuqu =0.

Thus, for t > 1, the value-function Hessian vanishes: Vi = 0.
Similarly, with Vix = 0 and 4; = 0, we have

Vi =Qx=hlV.
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Theorem 2 — Proof

Since V., = 0 implies Quu = 0, we use the regularized inverse

(Qua +ol)™t = (ad)™?

Feedforward gain:
1
~(Quu+al)™'Qu = —(al)'h V] = —=h[V].
a
Feedback gain:
—(Quu + ) 'Qux = —(al) 'y Vihy =0,

A
because V/, = 0.

Chain rule for V(t). Similar to Theorem 1, we obtain

V) =nd TV = v logp (y | xo(xe)) s
where xq is the terminal state obtained by rolling out the dynamics

backwards from x;.
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Theorem 2 — Proof

Then
Qu = hIVé = Vx(t) = Vx, 10gp<y | X0)7
SO

1
:_*Qu—_a x. 10g p(y | %0), K;=0.

Thus the optimal control (for the backward pass) is

1
w =k = y Vi logp(y | X0).

Input—perturbation sampler. The deterministic reverse PF-ODE step
(Euler) with input perturbation is

xi1 = (x¢ + ) = [ (%1 + W) = Sg(6)*Viclog pr(x; + ur) | At.

38/52



Theorem 2 — Proof

Define the perturbed state

}N(t = X+ wg.

Then
%1 — i = %0 — |£(%) = 3g(t)?Vilog pu(%) | At.
With 1
w1 = —— Vxlogp(y | xo),
and choose
1
 g(t)2At

Interpreting this as an additional guidance term in the reverse flow, the
resulting dynamics for the perturbed state can be written as

Xi—1 =Xt + [f(fit) — 19(t)*(Vxlog pi(%¢) + Vi log pi(y | it))]At,

i.e. an Euler step for the ideal posterior sampler in input-perturbation form,
with the conditional score recovered from the iLQR control.
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Summary of Theoretical Insights

o The reverse diffusion sampler (probability-flow ODE) can be seen as a
discrete-time dynamical system.

o Injecting controls u; and optimizing a cost

lo(x0) = —log p(y | %o)

leads to an optimal control problem.
o Using iLQR with a Tikhonov regularizer:
o QOutput perturbation: u; becomes proportional to the conditional score

th logp(y | x0)7

and with suitable « recovers ideal posterior sampling.
o Input perturbation: yields a predictor-corrector-like sampler combining
unconditional and conditional scores.
o This connects probabilistic posterior sampling to deterministic optimal
control on the discretized dynamics.
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High-Dimensional Control: Challenges

o State and control are image-sized:
2 eRY w e RY d & 256 x 256 x 3.
o iLQR requires Jacobians and Hessians:

hx) hu7 VLBm’ QCL‘JJ? QUCIH QCL’U’ Q’U/LL

o Naive storage cost:
dim(Vye) = d x d ~ (256 - 256 - 3)? ~ 3.9 x 100 entries.

o Direct formation and inversion of these matrices is infeasible in terms
of:
o memory (quadratic in d),
o runtime (many backprop passes per diffusion step).
o Appendix D.1 introduces two modifications:
@ Randomized low-rank approximations,
@ Matrix-free evaluation
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Matrix-Free Evaluation: ldea

Goal: avoid materializing any d x d matrices at all.

o For each large matrix A; (e.g. Quz, Qua, Quu), Store compressed pairs

(Qi,Bi), Bi=Q A,
with Q; € R¥¢ B; € Rt*4,
o Approximate products of the form A;A; as

o To keep things “matrix-free”, we drop the leading Q; and carry only
projected pieces; effectively we propagate new (Qy, By) pairs instead of
full matrices.

o This turns all large matrix multiplications into operations on £ x ¢ and
d x £ blocks.
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Matrix-Free Evaluation: In iLQR

In Appendix D.2, matrix-free is expressed via projected quantities. For a
projection matrix P € R¥*F:

Qr =h, V7,

Qu=Llu+hV],
PQuwP" = PQu.P' = PQu,P" = Ph] V! h,P",
PQu.P" = Ply,P" + Phl V! h,PT.

X T xTT

0 @z, Q. are d-dimensional and kept at full resolution (small enough to
store).

o Second-order terms are only stored through their projections
PQPT € RF*k,

o All heavy operations (inversions, multiplications) are thus on k x k
blocks.
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Tikhonov Regularization and Inversion

o In high dimensions, Q.. can be ill-conditioned or singular.

o Use Tikhonov regularization in iLQR:

o In the projected space:
-1
PQuIPT = PLIPT 4+ PLIPT (CTH 4 PTEIP)  POLIPT,

where
C =Ph!V' h,P.

r " TT

o This is a direct application of the Woodbury matrix identity, reducing
inversion to k x k matrices.
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Matrix-Free iLQR Updates

With projections, the iLQR updates become

k=-P"(PQ.iP") PQ,,
Vo=Q, - P (PK"P") PQ,.P" (Pk),
PKP" = —(PQ,.P") PQu.P",
PV, P' = PQ,,P" — PK"P"PQ,.,P"PKP'.

o Only PV, P is stored; V,, itself is never formed.

o V, and k remain full d-dimensional vectors (image-sized).

o Second-order structure enters only via low-rank projected quantities.
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Experimental Setup

o Tasks: Linear inverse problems on FFHQ 256 x 256.

o Measurement noise: add i.i.d. Gaussian noise with o = 0.05 to all
measurements.

o Dataset: 256 x 256 human faces.
o Train diffusion on 49K images.
o Hold out last 1K images for evaluation.

Q searen
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terstng
1fhq256 (70.0k files) LIl
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o0000ang a0001smg o0002.n0 oo00apm0 o000 ng
wisaia 10995 0 nacie o msie
- o _ “ . .
n } IA ® l : ! —
ooo0song 0005900 0000700 000090 00009m0
searia w0k sk

104658 os1x8
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Results on FFHQ

Random Inpainting Super Resolution 4x

wd
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Nonlinear Inverse Problem: MNIST Class-Conditional

Generation

Qo

Task: Nonlinear inverse problem defined via a classifier

A(z) = classifier(z), p(y | x) from a CNN trained on MNIST.

©

Goal: Generate an MNIST digit = given a label y (class-guided
sampling).
o Model:

o Diffusion prior: HuggingFace laurent/mnist-28 model.
o Likelihood term: classifier-based p(y | x).

©

Comparison: Our method vs. DPS.
Qualitative findings:

o Our samples show stronger alignment with the target label.
o Higher perceived sample quality (sharper and more class-distinct digits).

©
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Results on MNIST
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(b) Optimal control based diffusion




Results on sensitivity to 7" and score
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Results on random initialization of DPS

Ours DPS X

Figure: Robustness to approximation quality of the score function. We consider the
4x super-resolution task with a randomly initialized diffusion model. Since the
reverse diffusion process is no longer well approximated, DPS cannot produce a

feasible solution, while our method still can.
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Thanks! Questions?
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