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1. Background
1.1. DDPM, DDIM and LDM
: Denoising diffusion probabilistic models (DDPMs) [3]
learn to transform noise into images by reversing a prede-
fined forward noising process. Unlike GANs, they have sta-
ble training and natural ways to incorporate conditioning c
using either class labels or text. During the forward nois-
ing process, a clean image x0 is corrupted with a Markov
chain of incremental gaussian noise, which can be written
as: q(xt | xt−1) = N

(
xt;

√
1− βt xt−1, βtI

)
, t =

1 . . . T , where βt is a small fixed noise schedule. Af-
ter some notational changes and reparameterization, the
equation to sample xt directly from x0 can be written as:
xt =

√
ᾱt x0+

√
1− ᾱt ϵ, ϵ ∼ N (0, I) where αt = 1−βt

and ᾱt =
∏t

i=1 αi. As t increases in xt, we eventually
reach isotropic gaussian noise. During the reverse process
(sampling), a neural network like U-Net is learned to re-
verse the noising, conditioned on c. The network is trained
using the denoising objective:

L = Ex0,c,t,ϵ

[
∥ϵ− ϵθ(xt, t, c)∥2

]
where ϵθ predicts the noise term ϵ in the reparameterization
above.

DDPM sampling requires many steps since it is stochas-
tic and follows a Markov chain. To overcome this, Song
et al. [6] proposed denoising diffusion implicit mod-
els (DDIM), a family of non-Markovian deterministic and
stochastic samplers that share the same training objective as
DDPM but allow deterministic trajectories, which are useful
for inversion and faster sampling. Given the model’s pre-
dicted noise ϵθ and a user-chosen noise level σt, the DDIM
reverse update is defined as:

xt−1 =
√
ᾱt−1

(
xt −

√
1− ᾱt ϵθ(xt, t, c)√

ᾱt

)
+
√

1− ᾱt−1 − σ2
t ϵθ(xt, t, c) + σtz

where z ∼ N (0, I), σt controls stochasticity: setting σt =
0 yields a fully deterministic process, enabling a one-to-one
mapping between xT (pure noise) and x0. The DDPM re-
verse process can be recovered as a particular stochastic

choice (if σt =
√
βt) of the DDIM update, showing that

DDIM generalizes DDPM sampling. DDIM deterministic
trajectories (where σt = 0) form bijective maps between an
image x0 and a corresponding noise vector xT . This enables
inversion, where given a real image x0, we can compute the
unique xT (the noise that would generate x0 under DDIM)
by running the reverse process forward (i.e., from step 0 to
T ). DDIM inversion has several applications such as pre-
cise reconstruction, image editing, and latent interpolation.

However, these pixel-space diffusion models are com-
putationally expensive due to the high dimensionality of
images. Latent diffusion models (LDMs) [5] address this
by performing the diffusion process in a compressed latent
space learned by a variational autoencoder (VAE), making
both training and inference significantly more efficient. In
practice, the underlying diffusion equations for LDMs re-
main the same as above, except that the image variable x is
replaced with its latent equivalent z, obtained from the VAE
encoder.

1.2. Attention Mechanisms in Diffusion Models
Diffusion models can be conditioned with external informa-
tion such as class labels or text, so that the denoising U-Net
not only removes noise but also steers the generation pro-
cess [4]. The denoising network at each stage comprises of
residual blocks that include self- and cross-attention mecha-
nisms. At each denoising step, the noisy image xt is passed
through each stage of the U-Net’s residual blocks, where
it is transformed into feature maps. These feature maps
are then sent into self- and cross-attention blocks. Inside
self-attention, the feature maps are reshaped into a feature
matrix X ∈ RN×d (with N spatial tokens and d feature di-
mensions). From this, Query (Q), Key (K), and Value (V )
are computed as: Qself = XWQ,Kself = XWK , Vself =
XWV , where WQ, WK , and WV are learnable weight ma-
trices. The self-attention is then defined as,

SelfAttn(X) = softmax
(
QselfK

T
self√

dself

)
Vself

This allows each location in xt to attend to every other lo-
cation, capturing long-range dependencies and global struc-
ture. Self-attention improves the spatial coherence of de-
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noising and helps propagate information across the im-
age grid. Similarly, inside the cross-attention block, the
feature maps are reshaped into a feature matrix X ∈
RN×d. Along with this, we have a conditioning matrix
H ∈ RM×d (with M conditional tokens and d embed-
ding dimensions) derived from the condition c. From these,
Query (Q), Key (K), and Value (V ) are computed as:
Qcross = XWQ,Kcross = HWK , Vcross = HWV . The
cross-attention is then defined as,

CrossAttn(X) = softmax
(
QcrossK

T
cross√

dcross

)
Vcross

In contrast to self-attention, where all Q,K, V come from
the noisy image features, here, Queries (Q) come from
noisy image features, while Keys (K) and Values (V ) come
from the conditioning signal. Through this, cross-attention
integrates conditioning information into the network. Each
query vector in Q corresponds to a spatial patch in the im-
age, and cross-attention lets these spatial queries decide
how strongly they align with the conditioning signal. This
results in different spatial regions of the image responding
to different parts of the condition, which acts as implicit lo-
calization. This cross-attention learns localization from the
data, and this is where our disentangled latent conditions
are particularly useful, as they reduce confusion between
attributes and enhance the sharpness of localization.

1.3. Classifier Free Guidance
Classifier free guidance (CFG) [2] is a technique to guide
the denoising U-Net and steer the generation towards the
desired condition. During training, the condition c is ran-
domly dropped with a certain probability, which enables
the model to learn to predict noise both with conditioning
ϵθ(xt, t, c) and without conditioning ϵθ(xt, t,∅). At in-
ference, both conditional and unconditional predictions are
computed, and the final noise estimate is obtained by com-
bining them as,

ϵCFG(xt, t, c) = ϵθ(xt, t,∅) + γ(ϵθ(xt, t, c)− ϵθ(xt, t,∅))

where, γ is the guidance scale, which is a hyperparameter
that amplifies the influence of the condition. A higher γ en-
forces stronger alignment with the condition, while a lower
γ allows greater diversity. The combined noise ϵCFG is then
used in the reverse process to generate the final image. Al-
though the above formulation for Attention and CFG is ex-
pressed in terms of xt, the same holds in latent space when
using zt.

1.4. Gradient Reversal Layer
The Gradient Reversal Layer (GRL) was introduced to ad-
versarially remove unwanted information from learned fea-
tures while still training the network for a primary task.

Let GRLλ(·) denote the layer with reversal weight λ ≥ 0.
Then, for a given input feature f , during the forward pass
GRLλ(f) is simply f , while during the backward pass, ∂L

∂f

becomes −λ ∂L
∂GRLλ(f)

. This means, in the forward pass, the
GRL acts as the identity function, and during the backward
pass, it multiplies the incoming gradient by −λ, effectively
turning a minimization objective into a maximization sig-
nal for upstream layers (i.e., the layers preceding the GRL
in the forward pass). This enables adversarial training via
standard back propagation without the need for a separate
optimizer [1].

In the context of our work, for each attribute-specific la-
tent projection {zi | i ∈ attribute set, category}, we have a
direct classifier to which zi is passed normally, and a set of
reverse classifiers to which zi is passed through the GRL. A
compact formulation of the total loss for these latent classi-
fiers is given as: LLC =

∑
i Ldir +

∑
i

∑
j ̸=i Lrev. With the

GRL in place, the gradient update for the parameters of the
projection layer that produces zi becomes:

∂LLC

∂θzi
=

∂Ldir

∂θzi
− λ

∑
j ̸=i

∂Lrev

∂θzi
.

Here, ∂Ldir
∂θzi

encourages zi to contain information relevant

only to the ith attribute, while −
∑

j ̸=i
∂Lrev
∂θzi

discourages zi
from containing information about other attributes. This
provides an efficient way to remove correlated attribute
information from attribute-specific projections without re-
quiring a separate adversarial training loop. The choice of
λ controls the strength of disentanglement, in our experi-
ments, we set λ = 1.

2. Working of Decision Module in FAE-Net

Algorithm 1 Attribute Editing using Preferred Attribute
Class Label

1: Input: targetindex, targetlabel
2: zA = [zcolorA, zsleeveA, zpatternA, znecklineA, zcategoryA]
3: wA = [wcolorA, wsleeveA, wpatternA, wnecklineA]
4: if wA[target index] ̸= 0 then
5: print “valid attribute manipulation”
6: zA[targetindex] = random z (where z ∈ pool of

targetlabel latent representation)
7: else
8: print “invalid attribute manipulation”
9: end if

10: Output: zA

The following algorithms illustrate the internal working
of the decision module used during inference to prevent in-
valid attribute manipulations. The procedure differs slightly
for the two cases considered. Algorithm 1 handles attribute



Algorithm 2 Attribute Editing using Source Image with
Preferred Attribute

1: Input: targetindex
2: zA = [zcolorA, zsleeveA, zpatternA, znecklineA, zcategoryA]
3: wA = [wcolorA, wsleeveA, wpatternA, wnecklineA]
4: zS = [zcolorS, zsleeveS, zpatternS, znecklineS, zcategoryS]
5: wS = [wcolorS, wsleeveS, wpatternS, wnecklineS]
6: if wA[targetindex] ̸= 0 and wS [targetindex] ̸= 0

then
7: print “valid attribute manipulation”
8: zA[targetindex] = zS [targetindex]
9: else

10: print “invalid attribute manipulation”
11: end if
12: Output: zA

editing using a preferred attribute class label, while Algo-
rithm 2 addresses attribute editing using a source image
combined with the preferred attribute.
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