Chapter 3: Efficient Sampling: DDIM and Consistency Models

We have introduced diffusion models as multi-layered VAEs, where training can be derived from a
diffusion ELBO and sampling proceeds by an ancestral decoder chain. While conceptually clean,
the standard DDPM sampler requires many steps (often hundreds to thousands) to reach high
quality. In this chapter we study two approaches to reduce sampling cost:

e Denoising Diffusion Implicit Models (DDIMs) replace the stochastic decoder chain by
lower noise or deterministic updates that allow fewer steps.

e Consistency models learn a time-indexed denoising map that is consistent across time in
decoding, enabling very few-step (even one-step) generation.

1 Accelerate Sampling by Compressing Decoding Steps

The standard DDPM generates new data X starting from X7 ~ N(0, I) by executing the decoder
chain
XT—>XT,1—>~~'—>X0,

where each step is conditional Gaussian and removes a small amount of noise:
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(Here, we use the noise prediction parameterization and ey is the noise estimation network.) In
practice, high-fidelity generation often requires hundreds to thousands of steps. Recall the forward
encoder marginal:

Xi1 | Xt~ N(pg(Xe,t),020)  with  pg(Xy,t) = eo( Xy, t).

Xt:\/O_éth—i-\/l—O_ét €, with ENN(O,I)

These steps are designed with two consequences:

e Small denoising per step. Each update only performs a mild correction, that is, the given
noisy state X is a strong statistical prior of X;_1, making X; ; sampling reliable.

e Error accumulation. The diffusion model has error at every step (e.g., imperfect noise
prediction €g). If we attempt to take very large steps, errors can compound and produce
artifacts.

Hence, decoding in DDPM stays in a regime where each move is both (i) statistically well-behaved
and (ii) numerically stable. However, it is always tempting to ask:

Can we replace the long sequence of small, incremental denoising updates in DDPM by
a shorter sequence of larger updates, while keeping sample quality comparable?

To make this precise, consider a coarse sequence of times

O=to<ti<---<tg =T with K < T,



and run the reverse-time chain only on this subsampled grid:

XtK — XtK—l — = Xto-

An accelerated decoding chain would produce a trajectory
Xto —)th —>"'—>XtK,

where each transition approximates what the original DDPM chain would yield after traversing
multiple steps. More precisely, DDPM provides a trained neural network indexed by time that
given (X, 1), it estimates either the added noise ey( Xy, t) or the clean data xg9(X¢,t). Compressing
the decoding chain means using the network to predict the effect of many small decoding steps,
allowing us to update X; directly to a much cleaner state X for s < t. However, such larger
decoding steps typically lead to challenges:

e Correct noise-level geometry. At time ¢, the typical magnitude of noise is /1 — a;. A
jump from t to s must respect the target noise level 1 — a,; otherwise the iterate will drift
and errors can explode.

e Faithfulness to the learned network. The network €y or xgg is trained on the original
time grid. A fast decoding chain should be expressible using the same network so as to reduce
re-training cost.

These considerations suggest that fast sampling is not merely “skipping steps”; it requires re-
deriving update rules that are valid on a coarse time schedule.

2 Denoising Diffusion Implicit Models (DDIMs)

DDIM is a family of accelerated samplers that reuse a DDPM-trained denoiser but modify the
reverse-time decoding transitions. The key idea is to control (and, in the extreme, remove) the
stochasticity injected at each reverse step so that larger time jumps become viable on a coarse time
schedule, while still matching the same marginal noise levels Qencoder( Xt | Xo) = N (V@ Xo, (1 —
ap)).

A reminder: the diffusion ELBO lens. We recall the diffusion ELBO:

ELBOdiﬁ‘(l‘o) = EA\'W(,;(,,“MH_I(- ) U‘>f%‘[)(1e<mel;1 (o \ Xlﬂ
— KL </(\.)(‘1|('(>(](‘1‘(AXT -1‘()>~ 1)]:110111 (JX/D
T
- ZEXANQCDCOdCY(X/,‘.’L'Q) [KL<Q(3n<:ndcr,t(' ‘ XL:$()): Rl(}(:()d(:r,t(' ‘ XZ))] .
t=2

In DDPM, one first specifies the forward encoder Markov chain and then obtains the Gaussian
reverse-time posterior Qencoder,t(Xi—1 | X¢, Xo) by Bayes’ rule. DDIM takes a different viewpoint:
it constructs an alternative family of reverse-time conditionals that (i) preserve the same forward
marginals Qencoder(Xt | Xo) and (ii) allow controllable stochasticity.



2.1 Correlated Noise Construction of DDIM Reverse Conditionals

The DDPM forward marginal is
Xt:@X0+\/1—@t€, ENN(O,I) (21)

Similarly,

Xi1=vVar1 Xo+ 91— 1€, ¢ ~N(0,T). (2.2)

If ¢ and e were correlated—in the extreme ¢ = e—then, given (X;, Xy), inferring X; 1 would be
easy: one would reuse the same noise realization across time.

Motivated by this, we write
_ Xt — v/ Xo
Vi—a
and reparameterize €' as

=a1e+b_12Z,  Z~N(O,I), (2.3)

where a;—; and b;_; are scalars controlling correlation and injected randomness, respectively, and
Z is independent. Plugging (2.3)) into (2.2)) yields the reverse-time conditional

X — VX

Qencoder,t(Xt—l ‘ XtaXO) =N <V a—1Xo + mat_l \/1_75%

, (1= dt—l)b?—1[> :
(2.4)

So far this is just an ansatz: we must choose a;_1, b;—1 so that the induced marginal Qepcoder (Xi—1 |
X)) remains exactly N(y/az—1Xo, (1 — az—1)I).

Lemma 2.1 (Choosing a;_1,b:—1 to preserve the forward marginal). Fix any o7 ; € [0, 1 — qyz—1]

and set
1—a4_1 — O-t271
1—ay 1)b? | =o? 1 =4/1 -0 :\/ .
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Then, under (2.1))-(2.3)), it holds that

Qencoder(thl | XO) = N(V @tle()a (1 - 0_52571)[) :

Proof. Marginalizing over Xy, we derive

X — Vo X
Xi1 = Va1 Xo+ /1 —a a1 ——X=20 L T —a b2
\/]. — O
= Va1 Xo+ 1 —a—1(a—1€ + b1 2),

where the last equality invokes the identity (2.1)). Since Z is independent of € and a? ; + b7 ; =1,
we obtain

ar_1€+ by 12 ~ N(O,I).

This exactly implies X; 1 | Xo ~ N(y/az—1Xo, (1 — az—1)1). O



A useful reparameterization. With the lemma’s choice, (2.4]) can be rewritten more transpar-
ently as

_ _ Xt — v Xo
Xi1 | X, Xo) = N \/T_X—i—\/l—a_— 2 At~ VA0
Qencoder,t( t 1‘ t 0) < t—140 t—1 —0p_1q \/1_70_415

where 02 | € [0,1 — a;_1] explicitly controls the amount of injected independent randomness.
Setting o7 ; = 0 yields a deterministic transition in the decoder chain.

) Ut21[> ) (25)

Non-Markov encoder distribution. It is a good exercise to derive the encoder distribution
Qencodert (Xt | Xi—1,X0). One may use the Bayes’ rule to express the density encoder,t(Xt |
Xt—17X0) in terms of qencoder(Xt ’ X()), qencoder(Xt—l ‘ XO)’ and qencoder,t(Xt—l | Xt>XO)- The
result will provide a precise dependence structure in the encoder chain.

2.2 From Reverse Encoder to Sampling

Equation is a reverse encoder posterior: it assumes access to the true Xy, which we do not
have during sample generation. The DDPM training objective trains a neural network that predicts
either the added noise € (noise prediction) or the clean data Xy (data prediction) from (X4, t). Using
the noise-prediction parameterization, we have

% Xt — V1 —ay eg(Xy,t)
0 \/@»t

Therefore, the DDIM sampler replaces Xy in (2.5)) by Xo. This yields the DDIM decoding transition:

~ Xp.

X1 = Va1 Xo+y/1-a1 -0}y eoXt) +or12,  Z~N(O,I). (2.6)

Two extreme cases are worth highlighting:

e Deterministic DDIM. If o;_1 = 0, then we have

Xic1 = Va1 Xo+ /1 — a1 eg(Xy, t).
The whole trajectory is a deterministic function of the initial latent Xrp.

e Stochastic DDIM / DDPM-like. Larger 0y injects more randomness per step. DDPM
corresponds to a particular, time-dependent variance choice that matches the Bayes posterior
variance.

Coarse time schedules and skipping steps. A central benefit of (2.6) is that it naturally
supports time skipping. Let

T=tg >tk 1>--->1t9g=0
be a coarse schedule (with K < T'). We can jump from ¢; directly to t;_1 by defining ai_l €
[0, 1 — &, ,] and updating

Xi | = Jan  Xo+ \/1 — Gy, — 02 e(Xit) +ou, 7, Z~N(0,I).

This is the standard DDIM “update rule” used in implementations: all dependence on the time
grid enters through &y, and &y, ,, and the same trained denoiser is reused at the visited times ¢;.
The following algorithm summarizes such a sampling procedure.




Algorithm 1 DDIM Sampling on a Coarse Time Schedule
Require: Number of DDIM steps K; trained noise predictor €y(-,-); schedule {t;}; noise levels
{a,}; stochasticity {o7 } with 0 < o7 <1 — ay,.

1: Sample X;, ~ N(0,1).
2: fori=K,...,1do

= Xi, — /1 —ay, Xt t;
5 Ky X VI—an €o( tlatz).

Var,
Sample Z ~ N(0,I).

4

5 Xti—l < ‘/&ti—lXO + \/1 — ati—l — 0'1521_71 €0<Xti7ti) + ati_lZ.
6: end for

7: return X,,.

3 Consistency Models

Note: Consistency models were proposed in [I] based on continuous-time formulations of diffusion
models. Therefore, the following introduction would be slightly different from the original writing.
However, the key concept stays the same.

DDIM enables significant speedups, but it still requires iterating through a (coarse) decoder chain
XtK — XtK—l — s = Xto-

Consistency models take a more aggressive route: instead of only compressing the sampling pro-
cedure, they compress the denoising map itself. The goal is to learn a family of functions that
directly map a noisy state at time ¢ to a less noisy (or even clean) state, and these maps should
be consistent across times. Figure [I| demonstrates the concept of consistency. More precisely, the

Figure 1: Consistency model that predicts the clean data at different time steps. The prediction
result (output of f function) should be identical within the same trajectory.

design principle of consistency model is:

The output of function f at a higher noise level should agree with the denoising map at
a lower noise level, when both are applied to states lying on the same trajectory.

Consistency models enforce this type of self-consistency.



3.1 Consistency Functions and Consistency Conditions

Although it is possible to enforce consistency on stochastic decoders, it is much more convenient
to impose it on the deterministic DDIM decoder. Deterministic decoder chains make the notion
of a “sample trajectory” unambiguous: each state at time ¢; deterministically maps to a unique
descendant at any earlier time.

A consistency model parameterizes a family of functions
fo(t) i RFE 5 RY,
intended to output an estimate of the clean sample Xy from a noisy input at time ¢;:
Jo( Xy, ti) = Xo.

The key requirement is that these predictions should be consistent along the same decoder trajec-
tory. Let t; < t; and define Xy, as the state obtained by running the deterministic DDIM decoder
from X;, down to time ¢; (Algorithm . Then the consistency condition is

fo(Xt;,ti) = f3(Xy;,t5),  whenever Xy, is generated from Xy, along the same trajectory. (3.1)
We also impose a boundary condition at the clean endpoint:
f¢>(X07O) = —XO‘

If f4 satisfies (3.1]), then the output fy(Xy,,t;) is already aligned with what the model would output
after several intermediate denoising steps. One can attempt to sample by evaluating f, only once
(or a few times) for sample generation, rather than iterating a long decoder chain.

3.2 Training via Distillation

We translate (3.1]) into a practical training loss. Fix adjacent times ¢; > t;_;. Given Xy, let Xy, |
be obtained by deterministic DDIM steps from ¢; to t;_;. The basic consistency loss is

2
f(‘ﬁ?tivXti) = Hf<z5(thti) - f¢(Xti71?ti*1)H2' (3'2)
Taking expectation over t; (uniformly over {¢1,...,tx}) and over X, yields
2
£(¢) = ]Eti,Xti |:Hf¢(thatl) - f(i)(Xti,lvtifl)HQ}) (33)

where X, can be sampled from the forward marginal X;, = /ay, Xo++/1 — &, Z with Z ~ N(0, I).

Self-distillation. In practice, one often uses a teacher-student variant to stabilize training by
treating the prediction at lower noise as a fixed target. Concretely, let ¢~ denote a teacher param-
eter (e.g., an exponential moving average of ¢). The distillation objective is

Laistin (¢, ¢~ ) = Ey, x,, [ | fo( Xt ti) = fom (Xti_l,tz'—l)H;}, (3.4)

where gradients are taken only with respect to ¢. Applying a stochastic gradient algorithm to ((3.4])
yields the following algorithm.



Algorithm 2 Training a Consistency Model via Self-Distillation

1: Input: Rate p € (0,1); schedules {«;}; learning rate n; initialization ¢; and ¢~.
2: while not convergent do

3:  Sample data Xy ~ Pjata and noise Z ~ N(0, 1)

4:  Sample time index ¢ ~ Unif{1,..., K} and set t < t;, t’ + t;—1

5. Compute

Xy — VaXo+ V11— Z.

Follow deterministic DDIM to generate Xy .
7. Compute distillation loss:

Laiseiti (6, 67) < || fo(Xe, 1) — stopgrad (f4- (Xpr, t'))]]5-

8:  Update student parameter (e.g., SGD/Adam):

¢ < ¢ — nVyLaistin (P, ¢ ).

9:  Update teacher by exponential moving average:
¢~ < pop~ +(1=p)o

10: end while
11: Output: fy.

Consistency training without pre-trained DDIM. The distillation formulation above bene-
fits from a pre-trained diffusion/DDIM model, which provides (i) a reliable low-noise target and (ii)
a concrete notion of a “trajectory” via the DDIM decoder map. A natural and important question
is whether this reliance is fundamentally necessary:

Can we train a consistency model fg without using any pre-trained diffusion/DDIM
model, while still obtaining a well-defined objective and a practical sampling procedure?

At a conceptual level, the consistency condition only asks for cross-time agreement of f4 along
appropriate paths, together with the boundary condition to anchor the map. However, once the
pre-trained model is removed, one must decide (a) what distribution over paired states (Xy,, Xy,)
should define “the same trajectory,” and (b) how to prevent degenerate solutions while keeping the
training objective identifiable.

This is left as an exercise: Propose one or more training objectives for consistency models without
the usage of a pre-trained model, and argue why they should (i) enforce nontrivial cross-time
agreement, (ii) be anchored by the boundary condition, and (iii) yield a usable sampler at inference
time. Discuss what additional assumptions (if any) would be needed.



3.3 Sample Generation

Once fy is trained, sampling becomes simple. We start from X7 ~ N(0,/) and generate a new
sample by R
Xo = fo(X7,T).

This is the one-step sampler. More generally, one may implement a few more steps by adding noise
to X and re-apply the consistency function f.
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