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Abstract

Conditional generative models can have diffi-
culty generating attribute combinations absent
from training, even when each individual fac-
tor is densely covered, otherwise known as a
failure to compositionally generalize. We pro-
pose a factored conditional flow matching ar-
chitecture that uses a shared base velocity aug-
mented by per-factor heads, summed at the bottle-
neck. We show that on the Shapes3D and MPI3D-
real datasets, the factored architecture matches or
beats a parameter-matched monolithic baseline
under three structured zero-shot holdout strengths
over a two-attribute lattice, notably lowering held-
out FID by ~ 2.4x on the 50% and 75% patterns
on Shapes3D. Next, we conduct a slice-attack ab-
lation using per-factor classifier-free composition
but show that the factored architecture remains
strictly better on both metrics, confirming the gain
is structural rather than a consequence of a weak
baseline model. Finally we show that the per-head
construction also enables a K — K+1 modular
extension where a new factor head can be added
to a frozen K -factor stack and trained alone, pro-
ducing a working (K +1)-factor model without
retraining the base model or any existing head.

1. Introduction

A generative model with a structured conditioning vector
¢ = (e, ..., ck) should support two things: (i) independent
control of each factor ¢y and (ii) generation of novel factor
combinations not seen during training, otherwise known as
compositional generalization. However, in practice, these
models can exhibit failures when asked to generate factor
combinations that were absent from the training set (Schott
et al., 2022; Montero et al., 2022; Okawa et al., 2023).

A couple existing approaches address this challenge by at-

! Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Preliminary work. Under review by the FoGen Workshop at ICML
2026. Do not distribute.

Figure 1. Factored velocity field for zero-shot compositional gener-
alization. A UNet base velocity vhase is augmented at the bottleneck
by K=6 per-factor heads dx(x,t, cx) summed into a single up-
date.

taching explicit per-factor structure to the generator. Com-
posable Diffusion (Liu et al., 2022) trains independent dif-
fusion models per concept and composes them at sampling.
Concept Sliders (Gandikota et al., 2023) train one LoRA (Hu
et al., 2021) per attribute against contrastive data, achieving
multi-attribute control via post-hoc weight-space combina-
tion of independently trained sliders. ControlNet (Zhang
et al., 2023) adds a trainable encoder branch per condition-
ing signal to a frozen backbone, with multi-condition control
obtained by post-hoc composition of independently-trained
branches. In all of these, training is independent per factor
and multi-factor composition is achieved only at inference,
with sampling cost scaling with the number of factors. Fur-
thermore, none are evaluated in the zero-shot combinatorial
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setting.

To address these shortcomings, we propose a factored ve-
locity field that augments a single shared base velocity
Upase (, t) with one per-factor head 0y («, t, ¢y, ) per semantic
factor, summed additively, where each head sees only its
own corresponding factor ¢ (Fig. 1).

Our contributions are summarized as follows:

1. An end-to-end factored architecture: We propose
a novel conditional flow matching architecture that
improves zero-shot combinatorial generalization on
Shapes3D and MPI3D-real over a parameter-matched
monolithic architecture (Sec. 3.1).

2. A slice-attack ablation: We compare our method
against a compositional classifier-free guidance (CFG)
(Ho & Salimans, 2022) technique inspired by (Liu
et al., 2022) that allows a monolithic flow matching
model to modulate the conditioning weight per factor
(Sec. 3.2).

3. Modular factor head extension: We show that a new
factor head can be added to a frozen K -factor model
and trained alone, producing a working (K +1)-factor
model without retraining the backbone or any exist-
ing head — an unattainable practice with a monolithic
model (Sec. 3.3).

2. Framework
2.1. Conditional Flow Matching

We work in the conditional flow matching (CFM) framework
(Lipman et al., 2023), where a neural velocity field vy :
R? x [0,1] x C — R9 defines a probability path from a
reference pg (typically a tractable probability distribution
like an isotropic Gaussian) to a target p; conditioned on ¢ €
C, and is trained by regressing against the conditional vector
field along a chosen interpolant. To generate a sample, we
integrate &y = vg(y,t,¢) from¢ = 0tot = 1 with zg ~
po. We establish c as an element in a K -factor conditioning
space C =Cy X -+- X Cg, withc = (e1, ..., CK).

2.2. Factored Architecture

We parameterize the conditional velocity as

K
UG(CUJ,C) = Ubase($,t) + Z(Sk(l’,t,Ck), (1)
k=1

where vp,se has no factor input and each per-factor head dy,
ingests only its assigned factor c,. We instantiate each d
as a FILM head (Appendix A) at the backbone bottleneck,

or(x,t,cr) = yr(er) © bz, t) + Br(ck),

where ~i, O are linear projections of ¢, and h(z,t) is
the backbone bottleneck activation. All of these per-head
modulations are then summed at the bottleneck (Fig. 1).

3. Experiments

3.1. Factored vs. monolithic conditioning on held-out
combinations

Setup. We evaluate our architecture on two image
datasets, each of which has labels across various factors:
Shapes3D (Burgess & Kim, 2018) and MPI3D-real (Gondal
etal., 2019). Shapes3D features synthetic three-dimensional
shapes with variations in floor hue, wall hue, object hue,
scale, shape, and orientation. MPI3D-real is composed
of real photographs of different objects with variations in
object colour, object shape, object size, camera height, back-
ground colour, horizontal axis, and vertical axis. Both meth-
ods share a 64 x64 UNet base with FiLM heads parameter-
matched at ~ 7.5M (mono) / ~ 7.6M (factored) and train
end-to-end with factor_dropout=0 (full architecture
and training hyperparameters in App. C).

To evaluate the compositional generalization ability of a
model, we choose a holdout subset of conditioning combi-
nations Cj, C C, train the model on the complement C \ Cy,
and then determine if it can accurately generate samples
with conditioning ¢ € Cj,. We establish three different hold-
out levels based on how much of the training dataset they
remove: light (25%), medium (50%), and heavy (75%). The
holdout is defined over the (object hue, shape) and (object
colour, object shape) lattices for Shapes3D and MPI3D-real,
respectively. More details regarding the holdout selection
procedure are available in App. D.

Results. The factored architecture matches or beats mono-
lithic on both heldout accuracy and FID at every holdout
strength on both datasets (Tab. 1). In the light holdout
regime, both methods saturate combo accuracy — the joint
distribution is dense enough on the seen split that mono-
lithic conditioning generalizes without architectural help —
but factored already shows a modest heldout-FID advantage.
In the medium regime, the factored architecture achieves
its largest gap with the monolithic architecture in terms of
heldout accuracy. In the heavy regime, both methods take
a heavy hit in performance, but the factored architecture
maintains its advantage, particularly in heldout FID, indi-
cating a more graceful degradation in generation quality.
This is reflected qualitatively in Fig. 2: on Shapes3D, mono-
lithic samples often have incorrect object colours, while on
MPI3D they also show shape errors; the factored architec-
ture produces more faithful heldout combinations overall,
though minor artefacts remain, such as the lime capsule
artefact in Shapes3D and imperfect geometry for the white
cylinder, brown cube, and green pyramid in MPI3D. The
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Table 1. Zero-shot combinatorial holdout, end-to-end training. Heldout factor accuracy: classification accuracy on 100 generated
samples per heldout combination at 100 ODE steps; seen/heldout FID computed with cleanfid on 10K samples per side. Shapes3D
(K=6): factored matches or beats monolithic on every metric at every holdout strength (seed-std order reverses on heavy ZS combo,
discussed in §4). MPI3D-real (K =7): factored continues to beat monolithc on every metric.

Dataset Pattern Method  Heldout Factor Accuracy Seen FID Heldout FID
Shapes3D (K=6) light (25%) mono 1.000 3.84 £0.91 3.94 £+ 0.89
factored 1.000 3.36 +0.33 3.53+0.51

medium (50%) mono 0.754 +0.130 4.39 £0.32 12.49 £ 1.83

factored 0.987 +£0.018 4.03+0.26 5.31+0.45

heavy (75%) mono 0.221 £ 0.047 4.73+£0.53  22.76 £ 1.00

factored 0.282 +0.130 4.08+0.22 9.55+0.78

MPI3D-real (K=7) light (25%) mono 0.9111 +£0.077 3.04 £0.18 5.71 £0.17
factored 0.9186 + 0.0033 2.86+-0.09 5.53+0.07

medium (50%) mono 0.4709 4+ 0.0489 3.46 £0.14 5.77 £0.39

factored 0.7834 + 0.019 3.33 £ 0.09 3.9+0.17

heavy (75%) mono 0.1399 4+ 0.0489 5.48 £0.24 7.93 +£0.18

factored 0.2841 + 0.0881 5.3+0.11 6.61 + 0.49

Shapes3D MPI3D
Red Cylinder Lime Capsule Green Cube Magenta Sphere White Cylinder Brown Cube Green Pyramid Red Sphere

Factored Real

Monolithic

Figure 2. Heavy heldout combination samples for zero-shot compositional generalization. Samples from the factored and monolithic
architectures are compared against real images on heldout factor combinations for (a) Shapes3D and (b) MPI3D-real.

same pattern carries from Shapes3D to MPI3D despite the
synthetic-to-real shift and the K=6 — K=7 change in
factor count.

3.2. Slice-attack ablation

Tab. 1 pits the factored architecture against vanilla mono-
lithic conditioning, which uses a single global CFG weight
w — a fair and direct comparison since neither model was
trained for inference-time CFG amplification. To test the
importance of the factored architecture, we aim to design
a stronger monolithic baseline inspired by the Composable
Diffusion framework (Liu et al., 2022) which trains a mono-
lithic flow matching model with per-factor dropout and al-
lows for per-factor CFG weighting at inference. Essentially,
this technique (which we refer to as slice-CFQG) trains a

single monolithic head with factor dropout (each factor ran-
domly masked at training time) so the model can be queried
with arbitrary subsets of c. At inference, per-factor veloci-
ties are composed as

K

O(z,t,c) = v(w,t,0)+ Zwk [v(z,t,cx) — v(z,t,0)],

k=1

2

where v(z,t, ¢y ) is the velocity with only factor k active,

v(x,t,0) is the unconditional (all factors masked), and

wg > 1 controls factor k’s amplification (wi=1 recovers
the conditional contribution and wy>1 strengthens it).

We retrain the monolithic baseline in the medium and
heavy holdout regimes for Shapes3D (same hyperpa-
rameters as in App. C) and at inference evaluate this
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composition on the heldout combinations with weights
(wshapeawobject,hue; wothers) = (3,37 ]-) By dOing this,
we amplify the holdout-active factors for the monolithic
model. It is important to note that the factored architecture
remains unchanged and continues to be free from inference-
time augmentations.

Results. The slice-CFG monolithic approach is consis-
tently outperformed by the factored architecture and is in
fact worse than the vanilla monolithic model on heldout
accuracy in both the medium and heavy regimes (Tab. 2). It
seems the factor dropout regularization significantly hurts
the generation quality to a degree which the per-factor CFG
composition at w=3 cannot recover from. Interestingly, at
the heavy holdout, the slice-CFG inference cuts the mono-
lithic architecture’s heldout FID in half, but is still worse
than the factored architecture. This indicates that the perfor-
mance gap induced by the factored architecture may not be
easily surmountable through inference-time techniques.

3.3. Modular head extension: adding a factor without
retraining

For a factored architecture, we demonstrate that a new fac-
tor head can be added to a frozen K-factor model and
trained alone in order to produce a working (K +1)-factor
model at the mere cost of a single small head’s training
run. Conversely, a monolithic architecture must retrain its
entire set of parameters in order to add a new factor due
to the entangled nature of its conditioning. Furthermore,
unlike post-hoc composition methods such as Composable
Diffusion, the extended model shares a single base veloc-
ity across all heads and generates samples with a single
model’s forward pass. We demonstrate this on Shapes3D
(K=5 — K=6, adding the floor hue factor) and MPI3D-
real (K=6 — K=7, adding the background hue factor).

Setup. For each dataset we train a K -factor factored base
with one factor excluded, matching Sec. 3.1 but with no
zero-shot holdout. We then freeze the backbone and the
K existing heads, initialize a new factor head d ;1 for

Table 2. Slice-attack ablation on Shapes3D over 3 seeds. Vanilla
mono is the standard monolithic baseline from Tab. 1; slice-
CFG mono uses a factor dropout probability of 0.1 and inference
weights (wshape7 Wobject . huey wothers) = (37 37 1)

Pattern Method Heldout factor acc. FID

med. mono, vanilla 0.754 +0.130 12.49 +£1.83
mono, slice-CFG 0.239 +0.118 13.82 +1.34
factored 0.987 +0.018 5.314+0.45

hvy. mono, vanilla 0.221 +0.047 22.76 = 1.00
mono, slice-CFG 0.115 4+ 0.024 11.26 £0.42
factored 0.282+0.130 9.55+0.78

the excluded factor, and train it alone for 30 epochs (full
hyperparameters in App. C).

Results. The extension produces a (K +1)-factor con-
troller with high combo accuracy and generation fidelity
across the full (K+1) lattice, achieving a (factor accu-
racy/FID) of (1.000, 3.75) and (0.954, 2.83) for Shapes3D
and MPI3D-real, respectively. This shows that factor heads
can be efficiently trained on top of frozen models with little-
to-no drop in performance. Examples showing that the
controlling over the new factor does not affect the original
factors can be seen in App. G

4. Limitations

Currently the empirical scope of this investigation is image-
domain conditional flow matching on two pixel-domain
benchmarks. We hope to extend this framework to other
modalities, such as molecules. The framework also currently
assumes ¢ comes as an explicit K-tuple (c1, ..., cx) with
a known semantic assignment of each component to a head,
which is standard on the disentanglement benchmarks we
evaluate on, but sidestepping the factor-discovery problem
that motivates much of the slot-attention (Locatello et al.,
2020) and routed-MoE literature (Fedus et al., 2022). This
current formulation constrains the datasets for which this
method would be applicable.
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A. FiLM Conditioning

Feature-wise Linear Modulation (FiLM) (Perez et al., 2018)
injects a conditioning signal into an intermediate feature
map of a network via a per-channel affine transform: given
a feature tensor i with C channels and a conditioning vector
¢,

FiLM(h | ¢) = ~v(c) ® h + B(c),

where (c), B(c) € R are learned (small MLP) projections
of ¢ and ® broadcasts over the spatial dimensions of h.

FiLLM is used for both the monolithic baseline and the per-
factor heads of Sec. 2.2.

B. Architecture

The base velocity vpyse is a 64x64 pixel-domain UNet with
the structure summarized in Tab. 3. The downsampling path
has three stages with channel multipliers {1, 2,4} on top of
the base channel width base_ch=64, one residual block
per stage, and a single mid-block at the bottleneck. The
upsampling path mirrors this structure and consumes skip
connections from the downsampling path. Time ¢ is encoded
with a sinusoidal embedding into a 256-dim feature followed
by a two-layer MLP, then injected into every residual block
via FiLM modulation.

Monolithic head. A single FiILM head with hidden width
1536 ingests the full one-hot factor vector (57-dim on
Shapes3D, K=6; 40-dim on MPI3D-real, K=7) through a
two-layer MLP and outputs scale and shift parameters that
modulate the bottleneck residual block’s output. Total head
parameters: ~ 7.5M.

Factored heads. One FiLM head per factor with hidden
width 256. Each head ingests only its own centered one-hot
Cr = cx — C and outputs scale/shift parameters that are
summed into the bottleneck residual block’s output. Total
head parameters: ~ 7.6M (parameter-matched to mono-
lithic within 0.1M). The conditioning linear projections in-
side each head retain their default biases, in keeping with
the standard FILM implementation.

Table 3. Backbone and head sizing summary. Backbone: UNet,
base_ch=64, channel multipliers {1, 2,4}, 1 residual block per
stage; shared between mono and factored. Head parameter counts
are matched within 0.1M.

Component Mono Factored
Input dim (Shapes3D, K=6) 57 Cr,dim per head
Input dim (MPI3D-real, K=7) 40 Ck,aim per head
Hidden width 1536 256 per head
Number of heads 1 K

Bias on cond. linears yes yes (default)
Total head params (Shapes3D) ~ 7.5M ~ 7.6M

C. Training

Both methods are trained end-to-end (backbone + head(s))
on the seen split of each holdout pattern, with identical
optimizer settings unless otherwise noted. The modular
extension (Sec. 3.3) trains d k1 alone for 30 epochs against
the frozen heads, using the same optimizer settings.
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Table 4. Training hyperparameters (shared by mono and factored
unless noted).

Setting Value
Optimizer AdamW
Learning rate (peak) 2x107*

LR schedule cosine to 1x107°
Warmup steps 5,000

Total steps 100,000
Global batch size 256
Gradient clip 1.0

EMA decay 0.999

Time sampling logit-normal (c=1)
Factor dropout (headline) 0

Factor dropout (slice-attack) 0.1

Seeds (Shapes3D headline) {0,42,123}

D. Holdout Patterns

For each dataset the holdout is parameterized by indexing
the 2-tuple lattice and partitioning it via a modular formula.
On Shapes3D we index (s, h) € {0,1,2,3} x {0,...,9}
over the (shape, object hue) lattice (40 cells total). A cell
(s, h) is held out under light if (s + h) mod 4 = 0 (10 cells,
25%); under medium if (s + h) mod 2 = 1 (20 cells, 50%);
and under heavy if (s + h) mod 4 # 0 (30 cells, 75%). The
medium pattern is the only one that preserves both per-factor
marginals exactly: every shape value is paired with exactly 5
of 10 object hue values in the seen split, and every object hue
value with exactly 2 of 4 shape values. Light and heavy are
complements, with both leaving each per-factor marginal
mostly covered but not exactly balanced. For MPI3D-real,
the analogous formulas on the 6x 6 lattice over (object color,
object shape) yield 9, 18, and 27 heldout cells out of 36 for
light, medium, and heavy, respectively.

E. Sampling and Evaluation

Sampling. We integrate @, = v(xy, t, ¢) from t=0 to t=1
via Euler integration with 100 steps, using EMA-averaged
backbone+head(s) weights at inference (EMA decay 0.999).
Paired comparisons across mono and factored use matched
initial noise zy ~ N(0, I) between rows.

Zero-shot heldout accuracy. For each heldout factor
combination ¢ we sample 100 images under that combi-
nation (random nuisance settings on factors orthogonal to
the holdout pair) and classify each generated image with a
CNN classifier trained on the seen split of the dataset (one
head per factor). Zero-shot heldout accuracy is the frac-
tion of generated images for which the classifier returns the
requested values on both holdout-pair factors jointly.

FID. Seen and heldout FID are computed with the cleanfid
implementation (Parmar et al., 2022) on 10,000 generated

samples versus 10,000 ground-truth samples drawn from
the corresponding split (seen or heldout).

F. Compute Infrastructure

Each (dataset x method x pattern x seed) training run uses
a single GPU (A 100, L40S, or H100) and takes 3 — 4 hours.
Slice-attack mono retraining and modular-extension head
training are likewise single-GPU but shorter.
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G. Example Generations from the (K+1)-Factor Models
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