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Abstract

Conditional discrete generative models struggle to faith-
fully compose multiple input conditions. To address this,
we derive a theoretically-grounded formulation for compos-
ing discrete probabilistic generative processes, with masked
generation (absorbing diffusion) as a special case. Our
formulation enables precise specification of novel combina-
tions and numbers of input conditions that lie outside the
training data, with concept weighting enabling emphasis or
negation of individual conditions. In synergy with the richly
compositional learned vocabulary of VQ-VAE and VQ-GAN,
our method attains a 63.4% relative reduction in error rate
compared to the previous state-of-the-art, averaged across 3
datasets (positional CLEVR, relational CLEVR and FFHQ),
simultaneously obtaining an average absolute FID improve-
ment of —9.58. Meanwhile, our method offers a 2.3x to
12x real-time speed-up over comparable methods, and is
readily applied to an open pre-trained discrete text-to-image
model for fine-grained control of text-to-image generation.

1. Introduction

Conditional image generation models struggle to faithfully
satisfy multiple input conditions simultaneously, especially
for novel combinations outside the training data [1] (compo-
sitional generalisation [2]).

In the area of continuous iterative image generation ap-
proaches, earlier works [4—6] have proposed methods for im-
proving controllability of image generation via composition
of energy-based models and diffusion models. These models
improve condition-output alignment, significantly exceeding
non-composed baselines in terms of accuracy and image
quality [6]. However, such approaches do not extend to dis-
crete sample spaces, which offer a number of trade-offs and
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Figure 1. Scatter plots of compositional generation error vs FID on 3
datasets (3 input components). Our method lies on the Pareto front of all
results (see Appendix for full scatter plots) while achieving the lowest or
joint lowest error among the baselines.

"Vibrant, bustling outdoor "Fluffy kitten with big eyes "Rustic, wooden rowboat
market with colourful and pink nose” AND "Kit- floating on misty lake"

stalls" AND "Vendors and ten tangled in ball of red AND "Snow-capped
shoppers from various yarn" AND "Soft lighting mountains in the distance,
cultures interacting" casting gentle shadows" reflected in water" AND
AND "Hanging lanterns "Morning light filtering
illuminating the scene" through mist, golden glow"

Figure 2. Compositional text-to-image results with captions (zooming
recommended). Top: single-prompt baseline. Bottom: composed multi-
prompt (ours). Our method enables the composition of multiple conditions,
conferring an advantage over the single-prompt baseline.



[*] "a king not wearing a"a king, portrait" AND [*] "a sunny desert with no"a sunny desert, landscap§*] "santa claus not wearing'santa claus, portrait” AND
crown, portrait" (NOT "wearing a crown") sand dunes, landscape” AND (NOT "sand dunes") red, portrait" (NOT "wearing red")

Figure 3. Concept negation with text-to-image (left baseline, right ours): Our method allows more precise control over the outputs of an existing pre-trained

model (aMUSEd §]). The baseline handles poorly the negation/removal of characteristics which commonly co-occur with the subject of the image (e.g. a
king with no crown). Each image is selected from three runs as the most representative of the prompt (ours and baseline).

outright improvements over their continuous counterparts, quality, and controllable image synthesis in the discrete

including data-ef ciency and temperature control[7—10]. latent space of VQ-VAE and VQ-GAN.
Discrete image generation methods, including autoregres¢s We demonstrate empirically that our method achieves state-
sive [8] and masked sampling]9-11], offer advantages in of-the-art accuracy and competitive FID scores across 3

generation speed, image quality and diversity over contin- datasets, while offering 2:3 to 12 speed-up in real
uous analogues pP-14]. Until now, these advantages have  time, over comparable continuous methods.
remained mutually exclusive from those of compositional * We release source code of our method under the MIT
generation, which have thus far been limited to continuous license.
approaches only [5, 6].

We address this gap by deriving a theoretically-grounded 2. Related Work

framework for composing discrete generative model out-\ye examine the literature from the perspectives of compo-
puts, enabling faithful multi-condition generation. Applying  sjtional methods and discrete generative methods, with our
this framework to conditional parallel token prediction (ab- \york lying in the intersection of the two.
sorbing diffusion), we leverage the expressive and richly  continuous compositional generation: Earlier works
compositional “visual language” emergent in discrete rep-proposed methods for conditioning continuous generative
resentation methods like VQ-VAE and VQ-GAN. Concept models I—6] based on the conjunction and negation of in-
weighting provides an additional degree of controllability, put attributes, drawing on formal analogues to product-of-
enabling emphasis or negation of individual conditions. experts [7]. To the best of our knowledge, no analogous
We train and evaluate our approach on positional CLEVR method exists for composing ow matching modeis{]|
[6, 1], relational CLEVR B, 15] and FFHQ [L€]. Our  [6]introduces an approach that enhances the capabilities of
method achieves state-of-the-art error rates across all 9 quanext-conditioned diffusion models in generating complex and
titative settings (3 datasets with2, or 3input components),  photo-realistic images based on textual descriptions.
as shown in Figure 1, equating to an average relative er- Many compositional approaches apply a weighting factor
ror rate reduction of 63.4%. We outperform the next-best to each component, which resembles the mathematical form
method (ranked by error rate) in terms of FID for 7 out of classi er-free guidance (CFG) which is readily applied
of 9 settings, meanwhile maintaining the signi cant speed to both continuous and discrete image generation [3, 18].
advantages of parallel token prediCtion, Oﬁ:erin@:a to App"cations-wise, 1_9] proposes app|y|ng Composed dif-
12 speed-up in real time over comparable continuous apfusion to a multi-constraint design task, which is shown to
proaches. We further show that our method can be applietyeneralise to designs which are more complex than those in
to an open pre-trained text-to-image parallel token modelthe training data (compositional generalization). Similarly,
(aMUSE [3]) with appealing visual results (Figures 2, 4).  [20] composes multiple energy terms to constrain the gen-
The contributions of this research are summarised as:  eration of motion from text. These methods demonstrate
¢ Extending the product-of-experts principle, we derive a the practical utility and contemporary relevance of composi-
theoretically-grounded formulation for composing condi- tional approaches.
tional distributions in the discrete sequential generation  Beyond the literature, our work diverges signi cantly
setting. This result is generalised to arbitrary discrete from existing work with continuous methods, in providing
iterative processes, encompassing both masked and autoréhe rst (to the best of our knowledge) formulation for com-
gressive sampling. posing arbitrary discrete generative processes.
« We adapt the formulation to conditional parallel token pre-  Composition in sequential tasks: Earlier work in rein-
diction (absorbing diffusiond]), enabling ef cient, high-  forcement learning41] has sought to use ideas relevant to



Figure 4. Conceptual product space: Example of composing two concept spaces using our framework: {"a cat","a dog","an apple","agherr{'a red
object”,"an orange object","a yellow object","a green object","a blue object","an indigo object","a violet object"}.

our own for composing policies for the purposes of compo- 3. Method
sitional generalisation in multi-timestep environments. The

main idea shared with our work is that of multiplying con- In this section, we present our method for composing gener-

stituent “primitives” (as opposed to additive composition, ative models for con_trollable sampling from discrete repre-
as in mixture-of-experts?p]). This shares some super - Sentation spaces of images. _ .

cial similarities with our work on compositional discrete 1 h€ Overview of our approach is shown in Figure 5. We
image generation, where multiple attributes are required to 'St derive a novel formulation that directly informs our
be expressed in the same output image: however, it differsmethod of composing conditional distributions over discrete

signi cantly in both the application and the formalism. spaces. Next, we show how this extends generally to all dis-
crete sequential generation tasks, in which categorical vari-

Discrete representation learning and sampling: Dis-  aples are sampled iteratively to produce a complete sample
crete representation learning has emerged as the discretg g. via autoregressive or masked models). We show how
counterpart to continuous VAE approachés3]. Discrete  thjs result can be speci cally adapted for conditional parallel
representation learning is based on the concept of vectorigken prediction§, 10] to achieve high-quality and accurate
quantization (VQ) 4], whereby features from a continu-  controllable image synthesis. This is further enhanced by
ous vector space are mapped to an element of a nite sefconcept weighting, which allows the relative importance of
of learned codebook vectors. This VQ family of models jnput conditions to be increased, decreased or negated to
includes VQ-VAE [1] and VQ-GAN [B]. VQ-family ap-  the desired effect. We note that similar results can be ob-
proaches require a secondary prior model to be trained totained for other types of generative models (provided they
sample from the discrete latent space, which can be comgye jterative and discrete, see Appendix for examples). This
putationally expensive at both train- and inference- time section lays the groundwork for our later experiments with

[7-9]. An alternative approach is to predict multiple tokens compositional sampling from the latent space of VQ-VAE
in parallel transformer encodeg,[9, 10] (akin to masked  and VQ-GAN.

language modellingZF]), which introduces a controllable
trade-off between sample speed and generation quality. The38.1. Composing Conditional Categorical Distribu-
per-image generation time is still linear in the si¥é (H ) tions

of the image, albeit with a smaller constant than autoregres-

sive models J]. Masked prediction can be further extended t(i)ounr ;rrzm}gwgdrkblst::n\r/ggufg?g: etT(eesrgﬁpliI;ywﬁicisfhuemp-
to unaligned conditional 2D-3D image synthesis [26]. ploy y P b '

input conditionscy; :::; ¢, are independent of each other
Beyond autoregressive and masked generation apeonditional on the output variabbe, i.e. P(cy;Czjx) /
proaches, there exists a handful of alternative discrete genP (c1jx)P (c 2jx) for any pair of distinct attribute§&,; c;).
erative methods. Discrete ow matching7 and bitwise A consequence of this is that the probability of an outcome
autoregressive modellin@§] are notable recent examples.  x given two or more conditions; ; C,; ::: is proportional to



Figure 5. Overview of our approach. Left: We start with a generic “empty” stat® the preceding sta and a set of input concepts ; c2;::: . These

are used to compute the unconditional distribution ®¢er and the conditional distributions given eackcaf c2;:::. These are composed optionally
incorporating concept weights, to produce an accurate estimate of the distribution conditioned on all inputs. The process is repeated until &fult’ state
obtained, e.g. a grid of VQ-VAE latents. Right: Our general formulation encompasses any additive discrete generative process, i.e. where the representation
of st is fully determined by &1 (masked and autoregressive generation shown as examples).

the product of the probabilities of each condition given
Intuitively, taking the product of different categorical distri-
butions in this way is analogous to taking the intersection
of the sample spaces of two or more conditional distribu- P (St+1 iSt; C15:5¢n) / P (S 141 St)
tions, thus (ideally) resulting in samples which embody all
of the speci ed conditions. We discuss the bene ts and limi-
tations of this in Section 5. Following previous work with
composition of continuous model§, [29], we factorize the
distribution of ak-way categorical variable conditioned

on n variables as

generation tasks (see Appendix for further explanation):

Y P(suiisiici) .
P (St+1 Jst)
3)

We observe that this applies generally to any generative
process in which each successive step is conditioned on the
output of previous steps, including autoregressive language
modelling 37], masked language modellingd, as well
as autoregressivé] and non-autoregressive][approaches
for image generation. In the remainder of this paper, we
maintain a particular focus on conditional parallel (masked)
token prediction §], which we use for composed sampling
from the latent space of VQ-VAE/] and VQ-GAN [3] for
high- delity image synthesis.

A key practical consideration concerning the resultdh
is that estimates must be obtained for each conditional prob-

i=1

P(xjc 1;::5¢cn) I P(X) P (cijx):

i=1

1)

Applying Bayes' theorem [30], this can be re-written as

Pic e /Py | DICDP D),

. P (x) ' ability distributionP (s+1 jSt; ¢i) in addition toP (S¢+1 jSt).

Y e, (2) In each of our experiments (Section 4), we ensure that, dur-
/P (X) (xjc i) ing training, conditional information is zero-masked with a

o PK) set probability 0:1) per sample, thus allowing us to obtain

P (st+1 Jst) atinference time by supplying zeros in place of

We are able to eliminate tHe(c;) term in (2) as a conse- the condition encoding.

guence of normalising the values®{x = x ;j:::) for all x;,
such that they sum tb. Please refer to Appendix for the full
derivation.

3.3. Composed Parallel Token Prediction

Parallel token predictiortf-11] is a non-autoregressive alter-
native to next-token predictio] for generative sampling
from a discrete latent space. This allows a direct trade-off
So far, we have shown how our approach applies to conbetween sampling speed and image generation quality [
ditional generation with a single categorical outgutin by controlling the rate at which tokens are sampled.
practice, many generative tasks involve sampling multiple  Parallel token prediction can be thought of as the gradual
categorical variables (tokens or latent codes) over a numbetun-masking of a collection of discrete latent codggjiven

of time steps 31, 32] where the sampling of a new state the partial reconstruction from a previous time step (as well

3.2. Composition for Sequential Generative Tasks

Si+1 at each successive stes conditioned on the previ-
ous state (in addition to the speci ed conditions :::; c,).
Formulating this alongside the result(i®) gives the follow-

as additional conditioning information). This corresponds
directly to the next-state prediction formulation(is), but
with the time labelg reversed in order to re ect the “re

ing general expression for composing discrete sequentialverse process” which characterizes diffusion models (both



continuous [34] and discrete [9]): encoding images and other high-dimensional modalities as
. collections of discrete latent codes (visual tokens) while pro-
P(zt1 jzi;ci), ducing high- delity reconstructions and generated samples.

P(zi1 jzt) . . .
@) 3.5. Discrete Encoding and Decoding of Images

y
P(zi1 jzi;ca;iiicn) /I P(Z 11 jzi)
i=1

In order to compose categorical distributions for generat-

In (4), z, is an intermediate, partially unmasked represen-ing images, we must also de ne an invertible mapping be-
tation at each time step, azd; represents the distribution tween RGB images and discrete latent representations. We
over image representations with fewer masked tokens. Inutilise convolutional down-sampling and up-sampling (au-
practise, following earlier work with parallel token predic- toencoder) to map between RGB image space and latent
tion, the model is trained to directly predict the fully un- embedding space. Following the original VQ-VAH for-
masked representatian (as opposed to intermediate states) mulation, we employ nearest-neighbour vector quantization,
S0 as to maximise training stability][ At inference time,  in which encoder outputs are mapped to their nearest neigh-
we compute the composed unmasking probabilities as: bour in a learned codebook. Speci cally, for each encoder
output vectoize, the corresponding quantized vector is com-
Y bz, puted as the nearest codebook entyywehere

(zojzy;ci). )

P(zojzt;ce;i; /P i - : - -
(zojzt;c1 Cn) (z ojzv) P (Zojz1) c:argml_ln iize e i @)

i=1

Image representations are then unmasked one or more tOkenéndeo' e:iex,  are entries in a learned vector codebook
at a time, corresponding to a trade-off between sample speeq)f Ienéth K.

(more tokens per iteration) and image generation quality  gjnce the quantization step is non-differentiable, it is nec-
(fewer tokens per iteration) [9]. essary to estimate the gradients during backpropagation. For

3.4. Concept Weighting to Improve Controllability this purpose, we apply straight—throu_gh gradient e§timation
_ N [35], whereby during backpropagation, the gradients are

We introduce an additional set of hyperparameters:::wy copied directly from the decoder inpa¢ to the encoder

to specify the relative importance of each condiian:::; ¢y outputze. We adopt this vector quantization approach for all

respectively, motivated by similar research employing diffu- gy periments, including the embedding and commitment loss

sion models for image generatiod] [ Restating(3) in terms terms from the original VQ-VAE formulation [7].

of log-probabilities and introducing these weighting terms

gives: 4. Experiments
log P (St+1 jSt; €15 Cn) 4.1. Datasets
=10g P (S +1 Jst) Following earlier work f] in evaluating compositional gen-
(6) T . )
. . eralisation for image generation, we employ three datasets
* Wi [logP(sw jsiici) logP (s wa syl for training and evaluation: Positional CLEVR, [L5], Re-
=1 lational CLEVR [, 15] and FFHQ [L6] (full description of
This expressiolfé) can be readily reformulated into the ~datasets in Appendix). These three datasets are chosen to
corresponding form for parallel token predicti¢f). A represent a range of unique and challenging compositional

key observation here is that setting a concept weigtb tasks (conditioned on object position, object relations, and
negative (e.g.1 ) has the intuitive effect of negating the cor- facial attributes respectively). For each of the three datasets,
responding condition; by excluding image representations We train a VQ-VAE or VQ-GAN model to enable encoding
which correspond to; from the sample space. Altogether, and decoding between the image space and the discrete la-
the prompt-weighting approach provides an additional de-tent representation space, in addition to a conditional parallel
gree of controllability over model outputs by enabling con- token prediction model (encoder-only transformer) which
ditions to be emphasizesy( > 1), de-emphasizedrf < 1) learns to unmask discrete latent representations, optionally
or even negateds{ < 0) as required. We demonstrate the conditioned on an encoded input annotation.
practical utility of this feature in our qualitative experiments -
(Section 4). We do not include disjunction in our evaluation 4.2. Model Training
for reasons explained in Appendix. We train a VQ-GAN model to reconstruct FFHQ samples
In practice, we use our compositional framework to sam-at 256 256 resolution, as well as VQ-VAE models for
ple from the discrete latent space of VQ-VAH pnd VQ- each of CLEVR and Relational CLEVR &28 128 res-
GAN [8], which are powerful and practical approaches for olution. These choices of resolution follow earlier work in



Figure 6. Effect of varying the while concept weight from 3:0 to 3:0 while keeping Wale = W no_glasses= 3:0.

(0.25, 0.6), (0.5, 0.6), (0.25, 0.6), (0.5, 0.6), (0.2,0.6), (0.4, 0.6), (0.2,0.6), (0.4, 0.6), (0.2,0.6), (0.4, 0.6), (0.2,0.6), (0.4, 0.6),
(0.75,0.6), (0.25,0.4),  (0.75,0.6), (0.25,0.4),  (0.6,0.6), (0.8, 0.6), (0.6,0.6), (0.8, 0.6), (0.6,0.6), (0.8, 0.6), (0.6,0.6), (0.8, 0.6),
(0.5,0.4), (0.75, 0.4) (0.5,0.4), (0.75, 0.4) (0.25, 0.4), (0.5, 0.4), (0.25,0.4), (0.5, 0.4), (0.2,0.4), (0.4, 0.4), (0.2,0.4), (0.4, 0.4),

(0.75,0.4) (0.75,0.4) (0.6, 0.4), (0.8, 0.4) (0.6,0.4), (0.8, 0.4)

Figure 7. Compositional out-of-distribution generation: Positional CLEVR training images contain no more than 5 objects per image, but our compositional
method allows 6 or more objects to appear in the same image via compositional sampling.

compositional generation with these 3 dataséfs\ve nd from our experiments are unconditional methods such as
in practice that VQ-VAE (without the adversarial loss) is R3GAN [39] and those with a primary application to text-to-
suf cient for high- delity reconstruction of the two CLEVR  image (MM-DiT [40]).
datasets due to the smaller resolution and visual simplicity, In comparison to the 6 baseline compositional results re-
while VQ-GAN is required for realistic reconstructions of ported in f], our method exceeds or matches the accuracy of
FFHQ. Unlike [], our choice of training regime produces the previous state-of-the-art in all nine settings, while attain-
FFHQ images directly #256 256, so a post-upsampling ing highly competitive FID scores across the three datasets.
step is not required during evaluation. We train with a per- Particularly noteworthy are our accuracy results for Posi-
ceptual loss§6] in addition to the MSE loss for all datasets tional CLEVR, for which our method attains an error rate of
(and the learned adversarial loss for FFHQ). Full details of 0:70% 1:82%and4:96%on 1, 2 and3 input components
model training are in Appendix. respectively, where the previous state-of-the-art attained er-
ror rates o0fL3:58% 59:20%and68:64%respectively (Table
1). We see similarly dramatic improvements much harder
Relational CLEVR dataset (Table 2) and signi cant improve-
For each dataset, following[we evaluate (compositionally) ~ments on the FFHQ dataset (Table 3).
generated image samples according to both FID (Fréchet We speculate that the dramatic accuracy improvements
Inception Distanced7]) and binary classi cation accuracy offered by our method can be attributed to the fact that the
(de ned as whether a speci ed attribute, or collection of introduction of the discrete representation learning step (VQ-
attributes, is present or not in the corresponding generated/AE or VQ-GAN) facilitates the emergence of an expressive
output image according to a pre-trained classi er). These and richly compositional “visual language” to represent im-
two metrics are chosen in order to assess each model's abilityages, while the conditional parallel token model offers a
to match the target distribution from the perspective of both strongly regularised and highly calibrated model for the vi-
perceptual image quality and visual accuracy. We recognisesual language. We conjecture that these effects synergise
that FID has limitations as a measure of quality/diversity to produce an ef cient, accurate and robust compositional
[3€], however it remains a standard metric for evaluation of method.
image generation methods, [L2, 39, 4(], and serves as a While the FID scores of our method are not the best in
highly informative tool for our purposes. all instances (Tables 1, 2, 3), our method obtains lower FID
We conduct all quantitative experiments for 1, 2 and 3 than the next-best competitor (ranked by error rate) in 7 out
attributes per image for all 3 datasets, totalling 9 quantitative of 9 experiments. We recognise that there will always be
experiments. We use a temperatur®®when generating  a trade-off between accuracy and FID; by design, higher
samples for our quantitative experiments. Details of how concept weights result in stronger/more biased expression
accuracy scores are obtained are in Appendix. Excludedof the desired features (Fig. 6). Nonetheless, scatter plots of

4.3. Quantitative Evaluation of Compositional Gen-
eration
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