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Abstract. Imaging factor disentanglement in text-to-image generation
aims to independently control image acquisition properties such as types
of camera lenses, sensor types, viewpoints, and domains to enable combi-
natorial generalization. This should let the model synthesize novel factor
combinations unobserved in the training data, such as pairing a fisheye
lens with an event sensor never observed in training data. Recent work,
MULTI, introduced learnable, factor-specific embeddings to disentan-
gle imaging factors, along with the Factor Alignment Accuracy (FAA)
metric to evaluate disentanglement quality. We identify and address two
independent limitations. First, MULTI’s pixel-level reconstruction objec-
tive supervises the model only on observed imaging factor combinations,
providing no direct training signal for novel combinations. We there-
fore propose X-MULTI, which uses a pretrained vision-language model
(VLM) to supervise novel factor combinations synthesized during train-
ing. Second, we show the FAA metric exhibits severe cross-factor correla-
tion leakage, misrepresenting true disentanglement quality. We therefore
propose Improved-FAA (I-FAA), which employs factor-specific augmen-
tation strategies to break these correlations and enables more rigorous
evaluation. Experiments demonstrate that X-MULTI achieves improved
factor alignment on novel combinations compared to MULTI. Moreover,
we show that correlation leakage in FAA distorts the evaluation of true
factor disentanglement and I-FAA reduces this leakage and therefore
provides a more robust assessment of factor alignment.
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1 Introduction

Text-to-image (T2I) diffusion models have achieved remarkable visual fidelity in
synthesizing images from natural language descriptions [9, 29–31, 33]. However,
precise control over low-level image acquisition properties such as types of camera
lens, sensor type, viewpoint, and domain remains challenging [13]. These factors
define different aspects of the image formation process, but in real datasets
they often appear only in limited and correlated combinations. Therefore, a
model can be considered factor-disentangled only if it can modify each factor
independently and synthesize valid novel combinations that were not observed
during training. This problem, termed imaging factor disentanglement, requires
learning representations that capture the semantic and physical identity of each
factor while allowing them to be modified independently [13] to generate images
with novel factor combinations that are not present during training. Controlling
these imaging factors is important because collecting real data for all acquisition
conditions is expensive, while vision systems still need to remain robust across
sensor types, lenses, viewpoints, and domains.

Recent work, MULTI [13], introduced learnable factor-specific text embed-
dings optimized using Textual Inversion (TI) [11]. These embeddings are in-
serted into the text prompt to represent imaging factors, and are optimized with
the standard diffusion reconstruction loss while keeping the T2I diffusion model
frozen. However, MULTI’s reconstruction-based training objective is applied only
for factor combinations that are represented in the training data, so the training
does not receive any signal for novel, unseen combinations. This leaves the model
unable to reliably distinguish semantically distinct factors (e.g., thermal sensor
from rgb sensor), resulting in factor confusion at inference time. To encourage
disentanglement and thereby allow the synthesis of images for novel factor com-
binations, a supervisory signal is required that can provide meaningful signal
during training. We therefore propose X-MULTI (eXtended MULTI) which
introduces supervision from a zero-shot Vision-Language Model (VLM) [2, 27].
During training, images with novel factor combinations are generated and the
VLM acts as external semantic classifier, independently predicting factors for
these generated images and thereby providing factor-level supervisory signals.

To evaluate whether generated images contain the specified factors, authors
of MULTI [13] proposed Factor Alignment Accuracy (FAA), a novel classifier-
based metric measuring factor correctness. We demonstrate that this metric is
contaminated by severe correlations between the factor classifiers, enabling the
metric to exploit these correlations rather than independently taking each one
into account. This evaluation misrepresents the true quality of imaging factor
disentanglement. To address this critical limitation, we introduce I-FAA (Im-
proved Factor Alignment Accuracy), a novel evaluation metric, which employs
class-balanced under-sampling and diverse factor-specific augmentation strate-
gies during training of the imaging factor classifiers to break correlations between
factors and mitigate shortcut learning of dataset-specific cues. This design pro-
vides more accurate factor disentanglement evaluation by eliminating the re-
liance on inter-factor patterns.
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To study imaging factor disentanglement, we conduct experiments on DF-
RICO [13] benchmark. First, we show improvements of our method over MULTI
and other baselines, particularly for novel factor combinations. Second, we show
cross-factor leakage in FAA, and I-FAA through correlation analysis.

Our main contributions are:

– X-MULTI Approach: Introduces zero-shot VLM-based supervision for
synthetically generated unseen imaging-factor combinations, providing ex-
plicit factor-level supervision beyond the reconstruction-only training.

– I-FAA Metric: Introduces an improved factor-alignment evaluation metric
that reduces cross-factor shortcut learning through class-balanced training
and factor-specific augmentations, enabling more robust assessment of imag-
ing factor disentanglement.

2 Related Work

Disentanglement in Generative Models: T2I models such as SDXL [30]
provide strong generative backbones, while DreamBooth [32] adapts these mod-
els to specific visual concepts. Disentanglement in T2I models typically focuses
on separating objects from their attributes, such as color or texture. Early ap-
proaches utilized Low-Rank Adaptation (LoRA) blocks to decouple style from
content [10, 23]. Textual Inversion (TI) [11] optimizes a new token embedding
for a target concept while keeping the model weights frozen, which is then in-
serted into prompts to generate that concept. This idea has been applied to
learn embeddings for visual concepts such as color, shape, style, texture and
object appearance [3, 28, 38, 39, 43]. To prevent attribute leakage, several meth-
ods steer cross-attention maps by constraining concept tokens to attend to their
corresponding image regions [5,15,18,36,47] or employ explicit masks to isolate
foreground objects from their backgrounds [1,19,22]. More recently, transformer-
based architectures have leveraged the modulation space for multi-concept dis-
entanglement [12, 49]. However, these methods mainly disentangle semantic or
personalized concepts rather than imaging acquisition factors, making direct
comparison with X-MULTI difficult.

Imaging-Factor Disentanglement: The image synthesis conditioned on imag-
ing factors has received less attention. MULTI [13] addressed this by utilizing TI
to optimize imaging factor embeddings. While MULTI improved over baselines
for novel factor combinations, its factor alignment remained limited. We improve
upon MULTI by introducing VLM-guided supervision to encourage disentangle-
ment of imaging factors.

Discriminator-Based Guidance and VLM Supervision: Large-Language
Models (LLMs) and Vision-Language Models (VLMs) have emerged as versatile
zero-shot discriminators [27]. LLMs and VLMs are increasingly repurposed for
complex tasks such as object detection [2], optical character recognition [20], and
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more [7,41]. Recent frameworks have integrated these models as frozen discrim-
inators to provide guidance, ensuring that generative models follow high-level
conceptual constraints [2, 4, 42]. X-MULTI leverages this paradigm by utilizing
a VLM as an external classifier to enforce factor identity, improving image syn-
thesis of novel factor combinations.

Disentanglement Evaluation Metrics: Evaluating factor disentanglement
requires metrics that assess each factor in isolation. [13] introduced FAA, which
evaluates imaging-factor disentanglement using factor classifiers trained on the
DF-RICO benchmark [13]. While classifier-based evaluation metrics like FAA
often rely on highly correlated, co-occurring dataset shortcuts, they fail to isolate
individual target attributes. To address this, I-FAA introduces factor-specific
augmentations that break these correlations to ensure reliable disentanglement
assessment.

3 Background

Imaging Factor Disentanglement: Following MULTI [13], imaging factor
disentanglement aims to decompose image formation into K factors such as
lens, sensor, viewpoint, and domain. We consider a collection of datasets D =
D(1), . . . , D(N) with shared factor annotations, where each image is associated
with a factor tuple f = (f (k))k∈K. Each factor k takes values from a discrete
category F (k), defining the full factor space F = F (1) × · · · × F (K). In practice,
training data usually only covers a sparse subset Fobs ⊂ F . The challenge is to
learn factor representations that produce images which reflect any target tuple
f , including combinations absent from training.
Learnable Embeddings: Each factor value f (k) is represented by a learn-
able token t(k), implemented as a sequence of n embedding vectors, V(t(k)) =

{v(k)1 , . . . , v
(k)
n } ∈ Rn×d. Following MULTI [13], these tokens are inserted into

a structured prompt together with an image caption and optimized using the
standard diffusion loss,

Ldiff = Ezt,x,ϵ,t

[
∥ϵ− U(zt, t, c)∥22

]
(1)

where ϵ is the sampled noise, zt is the noisy latent at timestep t, U is the denoising
network, and c is the text-conditioning embedding from the structured prompt.
The diffusion backbone remains frozen.
Factor Alignment Accuracy (FAA): To evaluate whether the generated im-
ages faithfully represent the intended factors, MULTI introduced Factor Align-
ment Accuracy (FAA) [13], where for each factor category, a classifier is trained.
During evaluation, a generated image is passed through these classifiers, and
each predicted factor is compared against the corresponding factor label used to
condition the generation. FAA measures the fraction of predictions that match
the target factor labels, thereby estimating whether the generated image visually
contains the requested imaging factors.
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Fig. 1: X-MULTI Architecture. Overview of our framework, which augments
MULTI (components enclosed within the dark grey dashed box) with zero-shot VLM
supervision to optimize factor embeddings via joint diffusion and VLM-based factor
alignment loss.

4 Methodology

4.1 X-MULTI: VLM-based Factor Disentanglement

To strengthen factor disentanglement and synthesize images with novel factor
combinations, we introduce X-MULTI, which augments MULTI with zero-shot
VLM-based supervision. MULTI learns factor embeddings in two stages: (1), it
learns general embeddings Θgen for broad imaging factors such as lens, sensor,
viewpoint, and domain (e.g. fisheye lens); (2), it adapts these embeddings to
the specific factor values of a target dataset Θspec (e.g., fisheye lens of Wood-
scape dataset). X-MULTI retains this two-stage structure, and adds VLM-based
supervision only at Stage-1. Fig. 1 provides an overview of the proposed pipeline.
VLM-based Supervision: Let xgnr be an image generated with the target
factor tuple fgnr = (f

(k)
gnr)k∈K. We employ a frozen zero-shot VLM Z and factor-

specific prompts P = {P1, . . . ,P|K|}. For each factor category k, the VLM pre-
dicts f

(k)
pred = Z(xgnr,Pk). The VLM-based factor alignment loss is defined as

Lvlm =
∑
k∈K

ℓCE

(
f
(k)
pred, f

(k)
gnr

)
, (2)

where ℓCE denotes cross-entropy loss. Factor-wise VLM reliability is determined
by evaluating Z on ground-truth images and comparing its predictions against
true labels using the factor-specific prompts.
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Training Objective: Following MULTI [13], we optimize the general factor
embeddings Θgen with the diffusion objective. After an initial diffusion-only
warm-up, in each training step, a real batch Breal is sampled from the train-
ing datasets. From the factor values present in Breal, we additionally construct
a synthetic factor tuple fgnr by resampling factor values across categories. The
current diffusion model G then produces an image xgnr = G(fgnr), which is used
only for VLM-based supervision. The training objective is

Θ̂gen = argmin
Θgen

E [Ldiff + λLvlm] , (3)

where λ controls the strength of VLM-based supervision.

4.2 Improved Factor Alignment Accuracy (I-FAA)

To evaluate imaging factor disentanglement, we propose Improved Factor Align-
ment Accuracy (I-FAA) as a new metric. Given a set of N generated images
{xi}Ni=1, where each xi is conditioned on the factor tuple fi = (f

(1)
i , . . . , f

(K)
i ),

we use a set of factor classifiers S = {S1,S2, . . . ,SK}, where Sk predicts factor
values in F (k). The per-category alignment accuracy is defined as

I-FAAk =
1

N

N∑
i=1

1
[
Sk(xi) == f

(k)
i

]
. (4)

The overall I-FAA score is obtained by averaging over all factor categories

I-FAAavg =
1

K

K∑
k=1

I-FAAk. (5)

Classifier Architecture: Each factor classifier Sk consists of the shared frozen
visual backbone ϕ with parameters Θbb, followed by a factor-specific trainable
linear head hk, with parameters Θhk

. Thus, Sk is parameterized by the shared
frozen backbone parameters Θbb and the factor-specific head parameters Θhk

.
During training, only Θhk

is optimized, while Θbb remains fixed.
Class-Balanced Sampling: To mitigate bias in highly skewed data, we adopt
class-balanced under-sampling during training of the classifiers. Let Dk = {(xi,

f
(k)
i )} denote the training dataset for factor category k, where f

(k)
i ∈ F (k) is

the factor label associated with image xi. Let n
(k)
min denote the number of the

smallest class in category k. Samples from every class c ∈ F (k) are randomly
under-sampled to n

(k)
min, ensuring balanced class representation.

Factor-Specific Augmentation: Beyond class imbalance, classifiers may ac-
quire shortcuts by learning dataset-level features that co-occur with a target fac-
tor. To reduce such shortcut learning, we employ each classifier Sk with dedicated
augmentations. Formally, for category k we define A(k) = {a(k)1 , a

(k)
2 , . . . , a

(k)
Mk

},
where Mk denotes the number of augmentation operations assigned to category
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Table 1: Factor-specific Prompts for VLM-based supervision. Our method uses
structured prompts and JSON output constraints to independently query the zero-shot
VLM for each imaging factor.

Factor Prompt

Sensor Classify the SENSOR type of this image (0-4):
0 = RGB: normal color camera
1 = Thermal: grayscale images with bright/warm colors/white
2 = Gated: high contrast black and white, harsh lighting, foggy/smoky
3 = Event: motion changes, red/blue motion capture
4 = RGB Thermal (Fusion): Color images containing an “overlay” or “glow” of
thermal data. Look for heat signatures (bright orange/yellow/white highlights)
mapped onto real-world objects and textures.
Return only JSON: {"sensor": <int>}

Lens Classify the LENS type of this image (0-1):
0 = Normal: standard camera lens
1 = Fisheye: distorted edges, wide field of view
Return only JSON: {"lens": <int>}

Viewpoint Classify the VIEWPOINT of this image (0-4):
0 = Drone: camera placed on a flying drone
1 = Pole: camera mounted on a pole
2 = Front: camera faces forward
3 = Back: camera faces backward
4 = Side: camera placed on left/right (typically on car)
Return only JSON: {"viewpoint": <int>}

Domain Classify the DOMAIN of this image (0-2):
0 = Real: real-world images
1 = Simulation: rendered or simulated images
2 = Video Game: captured from video-game
Return only JSON: {"domain": <int>}

k. During training, augmentations are sampled uniformly from A(k) and applied
to the image x to produce the augmented image x̃(k).
Optimization: Given augmented inputs and balanced mini-batches, each clas-
sifier Sk is optimized via the standard cross-entropy objective

Θ̂hk
= argmin

Θhk

E(x, f(k))∼Dk

[
ℓCE

(
Sk

(
x̃(k)

)
, f (k)

)]
. (6)

5 Experimental Results

5.1 Implementation Details

We utilize the DF-RICO benchmark from MULTI [13], spanning 15 autonomous
driving and surveillance datasets annotated with four factor categories: (1) cam-
era lens (normal, fisheye), (2) source/domain (real, simulation, video-game), (3)
viewpoint (front, back, side, drone, pole), and (4) sensor modality (rgb, thermal,
rgb-thermal, gated, event).
X-MULTI: We follow the implementation setup of MULTI [13]. We use Sta-
ble Diffusion XL (SDXL) [30] as our generative backbone, where each factor is
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Table 2: Data augmentations for I-FAA classifier training. Category-specific,
non-overlapping image augmentations applied during I-FAA (ours) training.

Augmentation Category & Type Lens Sensor Domain Viewpoint

Target Classes normal, fisheye rgb, thermal,
rgb-thermal,
event, gated

real, simulation,
video-game

front, back,
side, pole, drone

Geometric
Horizontal flip ✓ ✓ ✓ Mild
Vertical flip ✓ ✓ ✓ —
Random rotation & translation Mild Moderate Moderate Mild

Color / Appearance
Color jitter, Grayscale, & Noise ✓ — ✓ ✓

Gaussian blur Moderate Moderate Strong Mild

Occlusion / Region
Cutout, Random erasing, & Hide-and-seek Moderate Mild Moderate —

Additional
Radial distortion — Moderate Moderate Mild
Perspective warp — ✓ ✓ —

Fig. 2: Cramer’s V correlations. Pairwise correlations between predicted factors
for FAA (left) and I-FAA (ours) (right), showing that I-FAA reduces cross-factor in-
formation leakage. High values show strong correlations.

represented by n = 15 vectors optimized via AdamW [26] (weight decay: 10−2)
using a linear warmup and cosine annealing learning rate schedule (maximum:
10−4). Training is conducted for 10 epochs with a total batch size of 4.

For the VLM-based supervision branch, we employ Qwen2-VL-7B-Instruct [40]
as a zero-shot VLM classifier starting from epoch 3 with supervision strength of
10−6. Each mini-batch consists of 3 real samples and 1 synthetic sample. We for-
mulate structured factor-specific prompts as shown in Table 1 that independently
query the VLM for each imaging factor: sensor, lens, domain, and viewpoint. To
prevent incorrect supervision of unreliable VLM predictions which is discussed
in Section 5.2, rgb-thermal sensor and non-front viewpoints are masked to 0.
I-FAA: We employ DINOv3 [37] as the vision backbone for all factor classifiers.
We train the linear prediction heads using the AdamW optimizer [26] with a
learning rate of 10−4 and a cosine annealing learning rate schedule [25], and a
batch size of 32. Table 2 shows data augmentations carried out during training
of each factor classifier.
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Table 3: Qualitative comparison of novel combinations. Image generation with
unseen factor combinations. Our method, X-MULTI shows better factor adherence.

Domain real video-game real real video-game simulation video-game simulation(shift)
Sensor thermal rgb gated rgb-thermal rgb thermal thermal thermal(timo)
Viewpoint fisheye(loaf) fisheye normal fisheye normal normal fisheye normal
Lens front drone(visdrone) pole front pole drone(visdrone) pole pole(fisheye8k)

SDXL Zeroshot [30]

DreamBooth [32]

MULTI [13]

X-MULTI

normal fisheye

normal

fisheye

1.00 0.00

0.00 1.00

(a) Lens
rgb thermal gated eventrgb thermal

rgb

thermal

gated

event

rgb thermal

0.95 0.00 0.05 0.00 0.00

0.00 0.90 0.10 0.00 0.00

0.00 0.10 0.90 0.00 0.00

0.00 0.00 0.00 1.00 0.00

0.90 0.10 0.00 0.00 0.00

(b) Sensor
real simulation video game

real

simulation

video game

0.95 0.05 0.00

0.00 1.00 0.00

0.00 0.00 1.00

(c) Domain
drone pole front back side

drone

pole

front

back

side

0.21 0.68 0.10 0.00 0.00

0.00 0.05 0.95 0.00 0.00

0.00 0.00 1.00 0.00 0.00

0.00 0.00 0.90 0.00 0.10

0.00 0.00 0.05 0.30 0.65

(d) Viewpoint

Fig. 3: Confusion matrices of the zero-shot VLM for factor classification: (a)
Lens, (b) Sensor, (c) Domain, and (d) Viewpoint. Rows correspond to ground-truth
labels and columns to predicted labels.

Evaluation Metrics: We employ standard image generation metrics: Fréchet
Inception Distance (FID) [17] to measure distributional similarity between real
and generated images, CLIP Score [16] to assess semantic alignment with factor-
based prompts (evaluated on three components: factors only, content description
only, and full prompt), Inception Score (IS) [34] for image quality, and Diversity
Score (DS) [46] for perceptual diversity. To measure factor disentanglement, we
employ our introduced metric, I-FAA, and analyze its reliability in Sec. 5.3.

Baselines: We compare against: (1) SDXL Zeroshot [30], the pre-trained model
without adaptation; (2) DreamBooth [32], fine-tuning-based personalization; (3)
Inspiration Tree [39], hierarchical disentanglement of stylistic components (evalu-
ated only on existing combinations, as its learned embeddings do not correspond
to independent factor categories that can be recombined into novel combina-
tions); and (4) MULTI [13], a prior factor disentanglement method.
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Table 4: Qualitative comparison of novel factor combinations with Con-
trolNets. Image-to-image generation using ControlNet guidance with altered factors,
showing X-MULTI (ours) achieves best factor adherence.

Domain simulation real real real real real real simulation
Sensor rgb rgb-thermal rgb event rgb-thermal rgb event rgb
Lens normal normal normal normal normal fisheye normal normal
Viewpoint front front back front front front front front

Original

ControlNet Input

Altered Factor
simulation

↓
real

rgb-thermal
↓

rgb

real
↓

video-game

event
↓

gated

rgb-thermal
↓

gated

rgb
↓

thermal

event
↓

event(desc)

rgb
↓

rgb(leaf)

SDXL Zeroshot [30]

DreamBooth [32]

MULTI [13]

X-MULTI

5.2 Imaging Factor Disentanglement Results

The primary goal is to evaluate the quality of the synthesis of images with
unseen novel factor combinations. We show both qualitative and quantitative
results along with the analysis of the choice of VLM and prompt designs for
VLM-based supervision.

Novel Factor Combinations: Table 3 shows qualitative inspection of images
generated with novel factor combinations. SDXL Zeroshot fails to reflect tar-
get factors, while MULTI, DreamBooth, and X-MULTI produce more plausible
combinations. X-MULTI shows clearer factor adherence particularly for view-
point, lens, and domain than other baselines. X-MULTI shows less proficiency
with thermal sensor but handled other sensors competently.

Table 4 shows the usage of ControlNets [45] for guiding the image generation
process, and altering a factor (to respect control maps we use sensor or domain
factors only). In this setting, our approach demonstrates good precision com-
pared to MULTI and DreamBooth, which outperforms SDXL Zeroshot. Specifi-
cally, when substituting the event sensor for a gated one, DreamBooth retained
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Table 5: Quantitative comparison on novel factor combinations. Performance
metrics across methods with and without ControlNet structural guidance, with best
values highlighted in bold. X-MULTI (ours) achieves best overall disentanglement.

Method
Image Generation Metrics Improved-Factor Alignment Accuracy (I-FAA)

IS [34] ↑ CLIP Score [16] ↑ DS [46] ↑ Lens ↑ Sensor ↑ Domain ↑ View ↑ Avg. ↑
factor context average full-prompt

DreamBooth [32] 3.68 23.96 23.35 23.66 24.67 0.55 0.78 0.24 0.48 0.27 0.44
SDXL Zeroshot [30] 3.11 22.31 25.59 23.95 27.80 0.59 0.72 0.25 0.29 0.29 0.39
MULTI [13] 3.28 24.20 23.43 23.82 27.32 0.65 0.63 0.29 0.64 0.34 0.47
X-MULTI (ours) 3.23 24.62 23.57 24.10 28.22 0.59 0.76 0.30 0.66 0.40 0.53

DreamBooth-Canny 5.78 23.67 25.79 25.23 29.12 0.50 0.99 0.71 0.89 0.80 0.84
SDXL Zeroshot-Canny 5.74 23.88 26.75 25.31 28.95 0.51 0.99 0.63 0.84 0.75 0.78
MULTI-Canny 4.88 22.82 23.08 22.95 26.72 0.55 0.99 0.73 0.84 0.86 0.85
X-MULTI-Canny (ours) 4.64 23.91 23.12 23.51 29.60 0.56 0.99 0.81 0.89 0.87 0.89

DreamBooth-Depth 5.56 23.57 25.40 24.98 27.95 0.53 1.00 0.69 0.88 0.77 0.84
SDXL Zeroshot-Depth 5.49 23.62 26.57 25.10 29.82 0.52 1.00 0.66 0.81 0.71 0.77
MULTI-Depth 4.36 22.12 23.45 22.78 26.82 0.52 0.99 0.76 0.84 0.87 0.86
X-MULTI-Depth (ours) 4.87 23.63 24.79 23.21 29.81 0.53 1.00 0.71 0.88 0.88 0.87

event artifacts while our method executed the transformation cleanly. Similarly,
shifting domains from real to video-game, our method completely eliminated
real-world traces while MULTI and DreamBooth could not achieve this.

Table 5 reports quantitative metrics for novel factor combinations with and
without using ControlNets [45]. Under I-FAA, X-MULTI achieves the best overall
factor disentanglement, CLIP alignment with factors, and DS while other metrics
remain mixed across methods.

Effect of VLM-based Supervision: We evaluate the contribution of VLM-
based supervision by comparing MULTI (without VLM-based supervision) and
X-MULTI (with supervision) on novel factor combinations. MULTI achieves an
average I-FAA of 0.47, while X-MULTI achieves 0.53, representing a 0.06 (11%
relative) improvement. X-MULTI shows a best improvements in lens and view-
point factors with 21%, 18% relative improvement respectively, while both sensor
and domain show a relative improvement of 0.01. This demonstrates that super-
vision enhances factor disentanglement, especially for lens, and viewpoint.

VLM Analysis: Since VLM predictions provide the supervision in X-MULTI,
we evaluate their reliability in a zero-shot setting using the prompts in Table 1.
Figure 3 presents the confusion matrices for Lens, Sensor, Domain, and View-
point classification. Across all factors, the VLM achieves an average classification
accuracy of ∼ 0.78, demonstrating that the model captures meaningful semantic
representations of imaging factors. However, the analysis also reveals that certain
factor categories are less reliably recognized. In particular, the rgb-thermal sen-
sor exhibits strong confusion with rgb images, and several viewpoint categories
other than front show inconsistent predictions. Since these inaccurate classifi-
cation signals can negatively affect disentanglement learning in X-MULTI, we
disable the VLM supervision loss for these categories during training. Specifi-
cally, the supervision strength is set to zero for the rgb-thermal sensor and for
all viewpoints except front.
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Table 6: Comparison of attention maps for FAA and I-FAA. Grad-CAM vi-
sualizations showing that I-FAA (ours) learns more semantically meaningful attention
regions.

Image Metric Lens Sensor Domain View

normal/rgb/video-game/front

FAA [13]

I-FAA

fisheye/rgb/real/drone

FAA [13]

I-FAA

normal/thermal/real/front

FAA [13]

I-FAA

Table 7: FAA and I-FAA on ground-truth DF-RICO images. Comparison of
FAA and I-FAA (ours) metric on ground-truth images.

Metric Lens Sensor Domain View Avg.

FAA [13] 0.23 0.83 0.50 0.17 0.43
I-FAA 1.00 0.97 0.98 0.84 0.95

Ablation Studies: We carry out different ablation studies to evaluate the
design of core components of X-MULTI.

– (1) VLM Selection and Prompt Design: Since factor disentanglement
depends on VLM feedback quality, we evaluate the zero-shot classification
performance of VLM on ground-truth data. First, comparing VLM back-
bones shows that Qwen2-VL-7B-Instruct [40] gives 0.78 average accuracy
and 0.51 for LLaVA-1.6 [24], indicating Qwen provides much stronger vi-
sual grounding. Second, comparing prompt designs using Qwen2-VL shows
that detailed factor-specific prompts with per-class descriptions achieve 0.78
accuracy, simple prompts without descriptions achieve 0.70, and a single uni-
fied prompt classifying all factors jointly drops to 0.63, demonstrating that
detailed, isolated prompts provide the best signal for X-MULTI.

– (2) Supervision strength: We vary the supervision strength (λ) and eval-
uate I-FAA on novel factor combinations. Moderate (10−6) and weak (10−8)
supervision perform best, both reaching an I-FAA of 0.53. In contrast, overly
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Table 8: Factor prediction comparison. Per-factor classification outputs compared
against ground-truth labels for ground truth images. I-FAA (ours) predicts factor cor-
rectly.

Image Factor GT FAA [13] I-FAA

Lens normal fisheye normal
Sensor rgb rgb rgb
Domain real simulation real
View front front front

Lens normal fisheye normal
Sensor event rgb event
Domain real real real
View front front front

Lens fisheye fisheye fisheye
Sensor rgb rgb rgb
Domain real real real
View pole drone pole

Lens normal normal normal
Sensor thermal thermal thermal
Domain real real real
View front pole front

Image Factor GT FAA [13] I-FAA

Lens normal normal normal
Sensor rgb rgb rgb
Domain real real real
View back back back

Lens normal normal normal
Sensor rgb rgb rgb
Domain simulation simulation simulation
View front back front

Lens normal normal normal
Sensor rgb rgb rgb
Domain video-game simulation video-game
View front front front

Lens normal normal normal
Sensor rgb rgb rgb
Domain real simulation real
View drone drone drone

strong supervision (10−4) degrades performance to 0.47, indicating that ex-
cessive supervision over-constrains factor adaptation.

5.3 Analysis of Metrics

To validate the reliability of FAA and I-FAA, we test whether their underlying
classifiers isolate imaging factors independently rather than exploiting dataset-
specific shortcuts. Specifically, we analyze cross-factor alignment using Grad-
CAM attention maps to visually verify semantic localization, Cramer’s V corre-
lation [8] to statistically detect information leakage, and metric scores alongside
factor predictions on ground-truth DF-RICO [13] images to establish perfor-
mance.
Attention Map Visualization: Table 6 visualizes Grad-CAM [35] attention
maps for FAA and I-FAA across imaging factors. It shows that I-FAA learns
more localized and semantically meaningful attention regions for each factor cat-
egory, whereas FAA often exhibits entangled attention patterns. For example,
in the fisheye lens samples, I-FAA strongly attends to image boundary curva-
ture and geometric distortions, while FAA focuses on unrelated scene regions.
Similarly, for viewpoint prediction, I-FAA concentrates on perspective-specific
regions, whereas FAA frequently attends to the image center irrespective of view-
point semantics. For sensor-related factors, I-FAA captures modality-specific
characteristics scattered across regions more distinctly than FAA. Domain at-
tention maps also demonstrate that I-FAA focuses on scene appearance cues by
attending on objects, while FAA exhibits more inconsistent activations.
Cramér’s V Correlation Analysis: Figure 2 presents the pairwise Cramér’s
V correlations [8] between predicted imaging factors for FAA and I-FAA. Ideally,
a factor-isolated evaluation metric should produce low inter-factor correlations,
since each factor prediction should depend primarily on the target factor rather
than on co-occurring factors. FAA exhibits strong coupling between multiple
factor pairs, particularly lens-viewpoint, domain-viewpoint, and lens-domain. In
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contrast, I-FAA reduces most of these correlations, indicating lower cross-factor
leakage. However, residual correlations remain, especially for factor pairs that
are strongly coupled or sparsely represented in DF-RICO. This highlights that
augmentation in I-FAA classifier training mitigates shortcut learning but cannot
fully compensate for correlations in the underlying data.
Metric and Factor Prediction Comparison: Since FAA was originally pro-
posed as an evaluation metric without independently validating the accuracy of
its underlying classifiers on ground-truth images, we first evaluate both FAA and
I-FAA classifiers on DF-RICO. Table 7 shows that I-FAA improves the average
classification accuracy from 0.43 to 0.95. This improvement stems from the class-
balanced training and factor-specific augmentations introduced in I-FAA, which
reduce shortcut learning from correlated imaging factors. The largest gains are
observed for viewpoint and domain, where FAA frequently confuses factor pre-
dictions. Table 8 further illustrates that I-FAA produces more reliable factor-wise
predictions, while FAA is more affected by inter-factor interference.

6 Discussion

Our numerical results lead to the following main findings:
VLM-Guided Supervision: Zero-shot VLM supervision provides additional
training signals by predicting factors from synthetically generated images during
training. This significantly enhances factor alignment, particularly for geometric
attributes. ▶ Zero-shot supervision enhances disentanglement.
VLM Reliability and Prompt Context: X-MULTI relies on a VLM to pro-
vide supervision. Our VLM analysis shows that some factor values are less re-
liably recognized, so we mask unreliable predictions during training. This in-
dicates that performance depends on both the VLM choice and the design of
factor-specific prompts. Providing richer visual context in the prompts may fur-
ther improve supervision. ▶ VLM-based supervision is useful, but its reliability
depends on prompt design and VLM factor recognition.
Reliability of I-FAA: FAA exhibits cross-factor correlations consistent with
shared representations entangling factor predictions, while I-FAA reduces this
leakage through factor-specific augmentations. However, residual correlations
remain and could be addressed with stronger augmentations or correlation-
reduction methods [6, 14, 21, 44, 48]. ▶ I-FAA reduces correlations for imaging
factor disentanglement, but they could be reduced further.

7 Conclusion

In this work, we addressed imaging factor disentanglement for controllable im-
age generation of unseen novel combinations of imaging factors. We first identify
that MULTI’s pixel-level reconstruction focuses only on available training data
leading to no factor-level supervision for novel combinations. We therefore pro-
posed X-MULTI, which augments MULTI with zero-shot VLM supervision for
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unseen factor combinations to enforce semantic factor identity. We also iden-
tified a limitation in the FAA metric, i.e., it produces strongly entangled fac-
tor predictions, evidenced by high cross-factor correlation, and attention maps.
To address this, we introduced I-FAA, an evaluation framework with targeted
augmentation strategies that reduces these correlations and provides improved
disentanglement assessment. Experiments demonstrated that X-MULTI achieves
stronger factor disentanglement than baselines, particularly for novel factor com-
binations, and I-FAA substantially reduces correlations and establishes a more
robust metric for factor disentanglement evaluation. Despite promising results,
imaging factor disentanglement remains challenging.
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