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Abstract

Compositional Zero-Shot Learning (CZSL) addresses the
challenge of recognizing unseen attribute-object composi-
tions in images, representing a fundamental challenge in ar-
tificial intelligence. Current approaches, which primarily fo-
cus on semantic alignment or distribution independence of
primitives, have not achieved effective state-object decou-
pling and causal interventional invariance, limiting their per-
formance on unseen compositions. To tackle this challenge,
this study introduces 12CD (Invertible Causal framework
via Disentangle-Compose-Disentangle), a novel framework
that integrates invertible neural networks with causal inter-
vention techniques to achieve state-object disentanglement.
The framework employs a disentangle-compose-disentangle
mechanism for counterfactual generation within the disen-
tangled representation space, ensuring that modifications to
one primitive (attribute or object) maintain independence
from the other, thus enabling robust causal disentanglement.
Representational consistency is maintained through seman-
tic alignment between initial disentangled representations and
their recomposed-then-disentangled counterparts with cor-
responding textual concepts. Comprehensive evaluations on
three benchmark datasets—MIT-States, UT-Zappos, and C-
GQA—demonstrate the framework’s effectiveness in achiev-
ing both disentanglement and compositional generalization in
CZSL tasks.

Introduction

Compositional learning and reasoning is one of the key
building blocks for human intelligence but remains largely
absent in current artificial intelligence systems (Lake et al.
2017), and this lack of compositional generalization hinders
machines from effectively handling novel combinations of
learned concepts. Inspired by this human cognitive capa-
bilities, Compositional Zero-Shot Learning (CZSL) (Misra,
Gupta, and Hebert 2017) aims to enable machines to rec-
ognize novel combinations of states and objects by learning
from previously observed compositions. In this framework,
each composition comprises two components (i.e., a state
and an object), with distinct sets of compositions used for
training and testing. Despite significant progress, robustly
generalizing to unseen compositions remains a challenging
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Figure 1: The illustration of our motivation.

problem for Al systems (Naeem et al. 2021; Li et al. 2023;
Kim et al. 2023; Huang et al. 2024).

CZSL presents several key challenges: 1) Entanglement:
Semantic primitives are inherently entangled in the original
pixel space, making it challenging to learn distinct repre-
sentations for states and objects. These spurious correlations
between features impair the model’s ability to generalize to
unseen compositions in zero-shot scenarios. 2) Contextual-
ity: The visual manifestation of states can vary significantly
across different objects, leading to context-dependent repre-
sentations. This study primarily addresses the disentangle-
ment challenge.

Existing approaches predominantly employ dual-branch
architectures to extract distinct features for states and ob-
jects (Naeem et al. 2021; Ruis, Burghouts, and Bucur 2021;
Quetal. 2025). Some studies enhance attribute-object disen-
tanglement through various techniques, including attention-
based mechanisms (Hao, Han, and Wong 2023) and con-
trastive learning strategies (Li et al. 2022a; Hu and Wang
2023). Recent research has introduced causal perspectives
to CZSL by conceptualizing the task as a causal intervention
problem (Atzmon et al. 2020; Yang et al. 2023), where spe-
cific factors (attributes or objects) are modified while keep-
ing others constant.

Despite these advancements, existing methods focus pri-
marily on semantic alignment or distribution independence



of primitives, failing to achieve true state-object decoupling
and causal intervention invariance (Suter et al. 2019; Reddy,
L, and Balasubramanian 2022). Consequently, these ap-
proaches struggle with unseen compositions, as novel com-
binations inherently represent interventions between primi-
tives.

To overcome these limitations, we argue that semantic
invariance must be maintained for non-intervened primi-
tive representations within disentangled latent spaces. When
performing an intervention on one primitive representation
(such as state) and combining it with another unmodified
primitive (such as object) to generate a new image, the sub-
sequent disentanglement process should preserve the seman-
tic integrity of the unmodified representation. The motiva-
tion is illustrated in Figure 1. Moreover, since modifications
to primitives in the disentangled semantic space necessi-
tate corresponding changes in the pixel space, the learning
of disentangled representations requires a bijective mapping
function, implemented through invertible neural networks.

Motivated by above considerations, we propose 12CD
(Invertible Causal framework via Disentangle-Compose-
Disentangle), a novel framework for compositional zero-
shot learning, as illustrated in Figure 2. Our I2CD frame-
work builds upon the pre-trained CLIP (Radford et al. 2021)
vision-language model, incorporating parameter-efficient
adapters specifically designed for CZSL task. The frame-
work employs an invertible neural network to disentangle
images into their constituent state and object representa-
tions. To establish causal intervention invariance, we im-
plement controlled interventions by substituting primitive
representations of target images (e.g., state h%) with corre-
sponding representations from reference images (e.g., state
h?). These systematic substitutions simulate causal inter-
ventions within the disentangled representation space. Sub-
sequently, the modified primitive representations are com-
posed with the preserved representations (e.g., object h®) to
synthesize novel images, which undergo a secondary dis-
entanglement process to extract their respective state and
object representations. To maintain representational con-
sistency, we enforce semantic alignment between the ini-
tial disentangled representations and their recomposed-then-
disentangled counterparts with their corresponding textual
concepts. Also, the compositional representation semantic
alignment is conducted in I2CD.

The key contributions of our work can be summarized as
follows:

* We propose a novel invertible causal framework for com-
positional zero-shot learning that focuses on learning
causally invariant disentangled representations of prim-
itives through a disentangle-compose-disentangle mech-
anism.

To simulate causal intervention and maintain seman-
tic invariance for disentangled primitives, we substitute
primitive features from reference images and synthe-
size counterfactual images. Both the primary and sec-
ondary disentangled representations are aligned with tex-
tual concepts.

* We conduct comprehensive experiments on three widely
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used CZSL benchmarks—MIT-States, UT-Zappos, and
C-GQA—to validate the effectiveness and robustness of
our I2CD framework compared to existing approaches.

Related Work
Compositional Zero-Shot Learning

Compositional Zero-Shot Learning (CZSL) has signifi-
cantly evolved through diverse methodologies aiming to
enhance the generalization to unseen attribute-object com-
positions. Existing approaches are generally fall into two
categories: 1) Composed methods: capture dependence
of states and object, and focuse on learning compositional
features. Early transformation-based methods employ con-
textual regularization, symmetry, and group theory to en-
sure consistent attribute-object relationships (Misra, Gupta,
and Hebert 2017; Nagarajan and Grauman 2018; Li et al.
2022b; Purushwalkam et al. 2019). Graph-based approaches
explicitly capture dependencies among attributes, objects,
and their compositions using structured propagation mech-
anisms (Naeem et al. 2021; Mancini et al. 2022; Jiang
et al. 2024b). Attention mechanisms contribute significantly
by refining compositional feature interactions (Khan et al.
2023; Li et al. 2023; Kim et al. 2023). Conditional modeling
methods treat attributes as dependent variables conditioned
on recognized objects or visual contexts, significantly en-
hancing attribute adaptation in novel contexts (Wang et al.
2023b; Zhang et al. 2024). Prompt-based methods leverage
large-scale Vision-Language Models (VLMs) for efficient
CZSL, including compositional soft prompting (Nayak, Yu,
and Bach 2023; Wang et al. 2023a), and Context-driven
prompting (Lu et al. 2023; Li et al. 2024; Bao et al. 2024;
Zheng, Zhu, and Nevatia 2024; Huang et al. 2024). 2) Disen-
tangled methods: emphasize attribute-object disentangle-
ment to mitigate spurious correlations and improve gener-
alization. To achieve disentanglement, attributes and objects
are modeled conditionally independent (Atzmon et al. 2020;
Ruis, Burghouts, and Bucur 2021). Recent advancements in-
clude attention-based disentanglers (Hao, Han, and Wong
2023), prompt-guided fusion modules (Lu et al. 2023), and
complex embedding spaces modeling dynamic interactions
via imaginary-real components (Jiang et al. 2024a).

While these methods improve disentanglement, they gen-
erally do not leverage counterfactual generation to enforce
invariance under interventions. In contrast, our approach in-
tegrates invertible factorization with explicit causal interven-
tion objectives, using counterfactuals to jointly guarantee se-
mantic alignment and robust invariance—addressing a key
limitation of prior causal CZSL frameworks.

Causal Disentanglement

Causal disentanglement represents a critical objective at
the intersection of representation learning and causal in-
ference. This approach focuses on developing representa-
tions where individual latent factors correspond to indepen-
dent and interpretable causal mechanisms, thereby facili-
tating robust generalization, modular reasoning, and sys-
tematic intervention. The Independent Causal Mechanisms
(ICM) principle (Scholkopf et al. 2021) and advances in
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Figure 2: Overview of the proposed I2CD framework for compositional zero-shot learning.

causal meta-learning (Bengio et al. 2020) emphasize the sig-
nificance of modularity and independence among generative
factors. These principles have led to the development of var-
ious techniques for learning causally structured representa-
tions adaptable across domains and interventions, including
causal effect estimation (Xu et al. 2023) and Interventional
Robustness Score (IRS) (Suter et al. 2019). This study ex-
tends these principles by incorporating causal interventional
invariance into Compositional Zero-Shot Learning (CZSL),
ensuring that modifications to one semantic component re-
main independent of others, thus enabling robust and inter-
pretable generalization to novel compositions.

The Proposed 12CD Framework
Problem Statement

In compositional zero-shot learning (CZSL), the objective is
to recognize unseen compositions of known states and ob-
jects from images. Formally, let S = {s1,s2,...,5|s|} be
the set of states and O = {o01,02,...,0/0} be the set of
objects. The compositional label space ) is defined as the
Cartesian product of these two sets, i.e., Y = {(s;,0;)|s; €
S,0; € O}. The set of seen compositions Veen C ) and
unseen compositions Vynseen € ) are mutually exclusive
and collectively exhaustive, where Vseen N Vunseen = @ and
YVseen U Vunseen = V.

Given a training set Xipin = {(X,¥)|x € X,y € Vieen}>
where A’ represents the image space, our objective is to
develop a model that generalizes to unseen compositions
Yunseen- Each training sample consists of an image paired
with its corresponding compositional label, comprising a
state and object pair. During evaluation, the model’s perfor-
mance is assessed on both seen and unseen compositions
using the test set Xesy = {(X,¥)|x € X, ¥ € Vst }-

In the generalized Compositional Zero-Shot Learning
(CZSL) setting (Purushwalkam et al. 2019), the test set en-
compasses both seen and unseen compositions, defined as

Veest = Viseen U yl’mseen. The model must predict labels for
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images containing both seen and unseen compositional com-
binations. CZSL evaluation primarily occurs in two sce-
narios: the closed-world and open-world settings. In the
closed-world setting, y{meen represents a predefined subset
of Vunseen, formally expressed as y{mmn € Vunseen- The open-
world setting (Mancini et al. 2021) presents a more chal-
lenging scenario where the target set incorporates all possi-
ble permutations of state-object compositions, expressed as

ylest = y

Overall Framework

We propose a novel framework for CZSL, termed 12CD
(Invertible Causal framework via Disentangle-Compose-
Disentangle), as illustrated in Figure 2. The framework com-
prises three main components: 1) Feature embedding and
compositional alignment; 2) Primitive semantic alignment;
and 3) Causal interventional invariance.

Feature Embedding and Compositional Alignment

The feature embedding architecture in our I2CD is built
on the pre-trained CLIP model (Radford et al. 2021). To
optimize both computational efficiency and compositional
flexibility, we implement an adapter-based fine-tuning ap-
proach for the image and text encoders (Nayak, Yu, and
Bach 2023; Huang et al. 2024). The image encoder Ey em-
ploys the Vision Transformer (ViT) architecture (Dosovit-
skiy et al. 2021), incorporating lightweight visual adapters
(Adapter /) within each transformer block. The text encoder
Er integrates three specialized intra-transformer adapters:
Adapter S for state-specific features, Adapter O for object-
specific features, and Adapter C for composition-specific
features. These adapters, inspired by CAILA’s concept-
aware architecture (Zheng, Zhu, and Nevatia 2024), play a
vital role in decomposing semantic components from the in-
put label text.

To further improve alignment between visual and textual
modalities, we employ a prompt tuning strategy. For each



branch (state, object, composition), an independent set of
trainable prefix tokens is prepended to the input text, while
the [state] and [object] tokens are shared across branches
for semantic consistency. Specifically, the three prompt
templates are defined as: ps = [prefix,, [state]], p, =
[prefix,, [object]], and p. = [prefix,, [state], [object]],
where prefix,, prefix,, and prefix, are independently
learned for each semantic branch, with each prefix initialized
to the phrase “a photo of”. Passing these templates through
the text encoder E'r with the corresponding adapters pro-
duces three specialized text embeddings:

ts = ET(pS)7 t, = ET(po)a t. = ET(pc)- (1)

This mechanism ensures that attribute and object tokens
are encoded consistently across the network while enabling
branch-specific contextualization.

For a target image x? , with associated label y = (s;,0;),
the ViT with visual adapters encodes the image into a com-
positional feature vector v? = Ey (x ), and the text en-
coder provides the corresponding compositional text embed-
ding t.. The model is trained to align these multimodal em-
beddings using a similarity-based classification loss. Specif-
ically, the probability of predicting label y for image xf; o 18
computed as:

exp (Vb . tC/Tc)
2ok Y XD (VP - £E/7e)

where 7. is a temperature parameter. The composition pre-
diction loss is then defined as the cross-entropy over all
training samples:

p(yxy,) = 2

1
‘/Ytrain| (xP Z

Xs,00 y)exlraln

Le= logp(ylxZ,). (3

Primitive Semantic Alignment

The core objective of this module is to disentangle the com-
positional visual representation v® into two causally inde-
pendent latent primitives, corresponding to the state and ob-
Jject components present in the image. This is achieved using
an invertible network 7" based on a normalizing flow archi-
tecture (Esser, Rombach, and Ommer 2020), which estab-
lishes a bijective mapping between the compositional fea-
ture space and the disentangled latent space of equal di-
mension. Specifically, the forward mapping is defined as
(h®, h%) = T(v®), where h® and h® encode the state and
object semantics, respectively.

To ensure that 7" learns a semantically meaningful and
independent factorization, training leverages pairs of images
that share one semantic factor while differing in the other.
For instance, given an image x’;p with state s and object
o, we can identify another image xg , (sharing object o but
differing in state) and another image X ; (sharing state s but
differing in object). These paired samples enable the model
to attribute differences in the compositional representation
to the correct underlying factor.

Crucially, the bijective nature of 7' guarantees not only
that h? and h can be independently manipulated, a property
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that underpins the subsequent causal intervention, but the
original features can be reconstructed as v® = T~ (h% h?).
Independence between h® and h? is promoted by model-
ing their joint prior as factorized Gaussians: p(h%, h?)
p(h?) p(h?), where each factor follows a standard normal
distribution.

However, the independence prior alone is not sufficient
to guarantee semantic alignment. We further constrain the
latent factors to be invariant to changes in the other factor.
For example, the object component h® should remain con-
sistent for pairs of images with the same object but different
states. Let (xgyo, xl;_ro) be a pair sharing object o; their fea-
tures v* = Ey(x%,), v? = Ey(x} ) are mapped by T to
(h%, h%) and (h%, h?). We model the object factor as corre-
lated Gaussian variables: h® ~ N (h}|o., he, (1 —02,)1),
where o, € (0, 1) denotes the expected correlation of the
state factor. For the state factor in this pair, independence is
enforced: h? ~ A (h?|0, I).

The training objective for 7" maximizes the likelihood of
observed data under this factorized model using the change-
of-variables formula for invertible flows. For any image pair
sharing factor o, the joint probability is: p(v®, v%|o) =
p(v®) p(v®|v?, 0). which can be expressed as:

7" (v*) Ip (T(v")) - [T (v) | p (T(v)|T(v"),0) , (4)

where |T”(-)| denotes the Jacobian determinant of 7. In-
spired by the study (Esser, Rombach, and Ommer 2020), the
corresponding negative log-likelihood loss for each pair is:

(v, v°|o) Z (1 )

ke{s,o}
2 = o

2
1-o0z,

[y |* — log |T"(v")]

+ (Ig]? —log |T"(v*)])

)

®)

where the first two terms enforce prior regularization and
invertibility, and the final term aligns the shared factor in
correlated pairs.

Aggregating across all shared-factor pairs yields the over-
all concept factorization loss:

: )ls)

+ B, e ymp(lo) £ (B (X2,), By (x3,)[0) .
(6)

While Ly,or encourages independent factorization, we fur-
ther promote semantic alignment by projecting each latent
factor to the multimodal embedding space. Two separate
MLPs, II,(-) for states and II,(-) for objects, map h® and
h? to projected features z, and z,, i.e., z, = II,(h?), and
z, = II,(h?), ensuring dimension compatibility with CLIP
text embeddings. Let t, and t,, be the CLIP embeddings for
state s and object 0. We define the classification probabilities
p(s[x8 ) and p(o|x5 ,) respectively. The associated cross-
entropy losses are:

Ltactor = E(x’;\g,xg‘,a)wp(ﬂs) ¢ (EV (Xl; o)a Ey (Xg,a

1

; |Xtrain| x

L,= > logp(slxs), (7)

s,oexiraln



1

B |-)(lrain‘ %

Minimizing £, and £, ensures that the learned state and ob-
ject factors are not only statistically independent, but also se-
mantically aligned to the ground-truth state and object cate-
gories, thus enabling interpretable and robust compositional
generalization.

['o = Z Ing(les,o)'

8,0 eXtrain

®)

Causal Interventional Invariance

To enhance the learning of causally disentangled representa-
tions derived from the invertible network 7', we introduce a
novel disentangle-compose-disentangle mechanism. To sim-
ulate a causal intervention, we substitute one primitive fea-
tures from reference images (x§ , and xg ;), while keeping
the other factor unchanged. The inverse mapping is then
used to recombine these altered factors, yielding a coun-
terfactual compositional feature. In our [2CD, we consider
interventions on both the state and object components to en-
force causal disentanglement.

For an image pair sharing object o but with different
states, we construct a counterfactual by combining the state
factor of one with the object factor of the other, and then
recover the object factor by applying the invertible network

after state intervention:
h; = T,(T~"(hl, hY)). )

This is then projected to the object embedding space, z; =
I1,(hs), and used to compute the probability of the original
object:

eXp(Z5 . t30/’7—0)

p(o/T™ (h),h?)) = — . (10)
ST exp(zs - t5/70)
The object-invariance loss is then:
L; = —logp(o|T'(hl, h2)). (11)

Minimizing L5 ensures that object predictions remain robust
to state interventions. Analogously, the state-invariance loss
is:
—1(1b e
L;= —1ogp(s|T (hs,hg)). (12)
The overall intervention loss is defined as the sum of both
invariance losses:

Cintervention = L:é + »CE (13)

By optimizing Lipervention, the model is explicitly encour-
aged to satisfy the principle of interventional invariance: that
is, changing one component in the latent space via a simu-
lated intervention should not affect the other component’s
semantic prediction. This enforces a strong form of causal
disentanglement in the learned representations and is essen-
tial for reliable compositional generalization in CZSL.

Training Objective and Inference

Our 12CD framework optimizes three key objectives simul-
taneously: discriminative recognition, effective disentangle-
ment, and causal invariance. The total loss function is de-
fined as:

L =L+ aLlgs+ B Linter, (14)
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where L. is the composition classification loss, Lg;s is the
disentanglement loss, Liyery is the causal intervention loss,
and «, 3 are hyperparameters that control the relative weight
of each objective.

The disentanglement loss further decomposes as:

»Cdis = »Cfactor + Es + EO; (15)

where Lo enforces that the compositional feature vl is

effectively separated into independent state and object fac-
tors (h%, h?), and L, L, align the visual state and object
features with their respective text embeddings in the shared
multimodal space.

The intervention loss is defined as:

»Cinterv = £§ + ['67

where L; encourages invariance of the state prediction un-
der object intervention, and L£; encourages invariance of the
object prediction under state intervention.

During inference, the final prediction for a given input x
is made by integrating the compositional probability with
the product of state and object probabilities. For a candidate
label y = (s;,0,), the final composition score is computed
as:

(16)

p(ylx) = p(y|x) + p(si|x) - p(o;|x), (17)
where p(y|x) is the direct compositional classification prob-
ability, and p(s;|x), p(o,|x) are the probabilities assigned to
state s; and object o; by the disentangled branches, respec-
tively. The final predicted label y is then given by:

y= arg max (p(y[x)) (18)

test
where Vi denotes the set of all candidate compositions in
the test set.

Experiments
Datasets

We conduct experiments on three notable CZSL bench-
marks: MIT-States (Isola, Lim, and Adelson 2015), UT-
Zappos (Yu and Grauman 2014), and C-GQA (Naeem et al.
2021). MIT-States is designed to study state transformations
on visual objects, containing a large number of natural im-
ages sourced from the Internet via search engines. It encom-
passes 115 states and 245 objects. UT-Zappos is a dataset
focusing on various types of shoes with fine-grained visual
attributes, comprising 16 states and 12 objects. C-GQA, a
split built on the Stanford GQA dataset originally proposed
for Visual Question Answering, is extensive with 413 states
and 674 objects. Detailed statistics and splits are summa-
rized in the appendix.

Evaluation Protocols and Metrics

We evaluate our models using established CZSL proto-
cols (Naeem et al. 2021; Nayak, Yu, and Bach 2023), which
involve both closed-world and open-world settings. In the
closed-world scenario, the unseen classes are predefined and
limited, while in the open-world setting, the model considers
all possible state-object compositions, significantly expand-
ing the search space. Specifically, in C-GQA, the number of



. . MIT-States UT-Zappos C-GQA
Closed-World Setting s U HM AUC| S U HM AUC| S U HM AUC
CGE (Naeem et al. 2021) 328 280 214 65 | 645 71.5 605 335|314 140 145 3.6

n Co-CGE (Mancini et al. 2022) 32.1 283 20.0 6.6 623 663 48.1 339 | 333 149 144 4.1
3 | SCEN (Li et al. 2022a) 299 252 184 5.3 635 63.1 478 32.0 | 289 254 175 5.5
% OADis (Saini, Pham, and Shrivastava 2022) | 31.1 256 189 59 | 59.5 655 444 30.0 - - - -
S CANet (Wang et al. 2023b) 29.0 262 179 54 61.0 663 473 331 |30.0 132 145 3.3
CoT (Kim et al. 2023) 348 315 232 7.8 - - - - 340 188 17.5 5.1
ADE (Hao, Han, and Wong 2023) - - - - 630 643 51.1 351|350 177 180 52
CLIP (Radford et al. 2021) 302 460 26.1 11.0 | 158 49.1 156 5.0 75 250 86 1.4
CoOp (Zhou et al. 2022) 344 476 298 135 | 521 493 346 18.8 | 20.5 268 17.1 4.4
CSP (Nayak, Yu, and Bach 2023) 46.6 499 363 194 | 642 662 466 33.0 | 28.8 26.8 20.5 6.2
E HPL (Wang et al. 2023a) 475 50.6 373 202 | 63.0 688 482 350 | 30.8 284 224 72
O | DFSP (Lu et al. 2023) 469 52.0 373 20.6 | 66.7 71.7 472 36.0 | 382 32.0 27.1 105
& | ProLT (Jiang and Zhang 2024) 49.1 51.0 382 21.1 | 66.0 70.1 494 36.1 | 395 329 277 11.0
Troika (Huang et al. 2024) 49.0 53.0 393 221 | 668 738 546 41.7 | 41.0 357 294 124
CDS-CZSL (Li et al. 2024) 503 529 392 224 | 639 748 527 395 | 383 342 281 11.1
CAILA (Zheng, Zhu, and Nevatia 2024) 51.0 539 399 234 | 67.8 740 57.0 44.1 |439 385 327 148
‘ I12CD (Ours) ‘ 50.6 541 40.0 233 ‘ 69.1 771 579 464 ‘ 44.1 41.2 350 163

Table 1: Performance comparison of various CZSL models on three datasets under the closed-world setting.

. MIT-States UT-Zappos C-GQA

Open-World Setting S U HM AUC| S U HM AUC| S U HM AUC

~ | CGE (Nacem etal. 2021) 324 51 60 10 | 617 477 390 231 |327 18 29 047
& | Co-CGE (Mancini et al. 2022) 303 112 107 23 | 612 458 408 233 | 321 30 48 078
O | KG-SP (Karthik, Mancini, and Akata 2022) | 284 75 74 13 | 618 521 423 265 | 315 29 47 078
< | DRANet (Li et al. 2023) 298 78 79 15 | 651 543 440 288 | 313 39 60 105
ADE (Hao, Han, and Wong 2023) S DD D 624 507 448 271 | 350 48 76 142
CLIP (Radford et al. 2021) 301 143 128 30 | 157 206 112 22 | 75 46 40 027
CoOp (Zhou et al. 2022) 346 93 123 28 | 521 315 289 132|210 46 55 070

~ | CSP (Nayak, Yu, and Bach 2023) 463 157 174 57 | 641 441 389 227 | 287 52 69 120
= | HPL (Wang et al. 2023a) 464 189 198 69 | 634 481 402 246 | 301 58 75 137
O | DFSP (Lu et al. 2023) 475 185 193 68 | 668 600 440 303 | 383 72 104 240
Troika (Huang et al. 2024) 488 187 201 72 | 664 612 478 330 | 408 79 109 270
CDS-CZSL (Li et al. 2024) 494 218 221 85 | 647 613 482 323 | 376 82 116 268
CAILA (Zheng, Zhu, and Nevatia 2024) | 51.0 202 216 82 | 678 597 494 328 | 439 80 115 308

| 12CD (Ours) 506 206 214 82 | 691 621 502 356 | 440 109 149 425

Table 2: Performance comparison under the open-world setting.

compositions increases from 2k to nearly 300k in the open-
world scenario, making the task substantially more challeng-
ing.

For performance evaluation, we follow the generalized
CZSL protocol (Purushwalkam et al. 2019), where both seen
and unseen compositions are included in the test set. The
evaluation metrics include best seen accuracy (S), best un-
seen accuracy (U), harmonic mean (HM) of seen and unseen
accuracies, and the area under the curve (AUC) of the seen-
unseen accuracy curve. The AUC is particularly crucial as
it provides a comprehensive measure of the model’s ability
to balance performance across seen and unseen pairs. We
vary the bias from —oo to +o00 to obtain the seen-unseen
accuracy curve, selecting models based on the best AUC ob-
served on the validation set and reporting their performance
on the test set. Additionally, the best seen and unseen accu-
racies are reported by adjusting the bias to —oo and +o0,
respectively.

Implementation Details

Our model uses the pre-trained CLIP ViT-L/14 variant (Rad-
ford et al. 2021), with lightweight adapters inserted into
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the transformer encoder layers of CLIP to enable effi-
cient fine-tuning while keeping the pre-trained parameters
frozen (Zheng, Zhu, and Nevatia 2024). Following previ-
ous work (Esser, Rombach, and Ommer 2020), the invert-
ible network 7' is constructed by stacking 12 layers of blocks
consisting of ActNorm, Affine Coupling, and Shuffling lay-
ers. The transformation function in the Affine Coupling is a
3-layer MLP with a hidden dimension of 512. The correla-
tion coefficient in the disentangled invertible network is set
to 0.975, with the dimensions of the state and object com-
ponents set to 384. The state projection and object projec-
tion networks are implemented as 3-layer MLPs. The train-
ing of the model combines composition prediction, disen-
tanglement, and intervention losses, using the Adam opti-
mizer (Kingma and Ba 2015) with a batch size of 32. The
learning rates are set to 1 x 10~° for MIT-States and C-GQA,
and 2 x 1075 for UT-Zappos. Data augmentation follows the
strategy used in CSP (Nayak, Yu, and Bach 2023).

Comparisons

The comparison methods can be classified into two main cat-
egories: methods that utilize CLIP as the visual and language



Settin MIT-States UT-Zappos C-GQA

& S U HM AUC S U HM AUC S U HM AUC

Full 50.6 54.1 40.0 233 | 691 771 579 464 | 44.1 412 350 163

Closed-World | w/o Intervention 50.3 53.8 392 226 | 662 758 565 440 |452 409 323 157

w/o Disentanglement | 49.6 52.6 39.0 22.1 | 69.0 73.7 557 432 | 445 40.0 320 15.0

Full 50.6 20.6 214 82 | 69.1 621 502 356 |440 11.0 144 4.18

Open-World | w/o Intervention 503 195 206 7.7 | 69.0 58.0 49.6 346 |452 103 134 394

w/o Disentanglement | 49.0 19.1 19.8 7.1 68.4 60.1 476 333 | 443 93 128 3.58

Table 3: The results of ablation studies in both closed-world and open-world settings
encoder (w CLIP), and those that do not (w/o CLIP). The 25.0 M'I 48.0 U"; 17.0 C'GEAMC
CLIP-based approaches include CoOp (Zhou et al. 2022), 24.0 " 47.0 " 16.5 o
CSP (Nayak, Yu, and Bach 2023), HPL (Wang et al. 2023a), §23_0 /\/\/ §46-0 f/\“ §16-0 \/J X
DFSP (Lu et al. 2023), Troika (Huang et al. 2024), CDS- 45.017 15.5

CZSL (Li et al. 2024), and CAILA (Zheng, Zhu, and Nevatia
2024), etc. The non-CLIP-based methods encompass CGE
(Naeem et al. 2021), Co-CGE (Mancini et al. 2022), KG-
SP (Karthik, Mancini, and Akata 2022), DRANet (Li et al.
2023), and ADE (Hao, Han, and Wong 2023), etc.

Comparisons under Closed-World Setting. Results un-
der the closed-world setting are illustrated in Table 1. The
proposed 12CD model demonstrates statistically significant
improvements across multiple evaluation metrics for all ex-
amined datasets. Notably, the model achieves higher ac-
curacy rates on unseen compositions across three datasets,
highlighting its robust generalization capabilities.

Comparisons under Open-World Setting. The open-
world setting presents a more challenging scenario, requir-
ing models to generalize across a vast array of unseen com-
positions. Table 2 presents a comparative analysis of the
proposed method against several baseline approaches. In
the C-GQA dataset, the proposed method achieves 13.4%
in Harmonic Mean (HM) and 3.76% in Area Under Curve
(AUC), establishing new state-of-the-art results across all
evaluation metrics. These improvements are particularly sig-
nificant given that C-GQA represents the most challeng-
ing dataset among the three examined, thus validating the
method’s effectiveness.

Ablation Study

To evaluate the critical components of the [2CD model, ab-
lation studies were conducted examining both the interven-
tion and disentanglement mechanisms. Table 3 presents the
comparative results across three datasets: MIT-States, UT-
Zappos, and C-GQA. The ablation study reveals several key
findings. The significant performance contribution of both
intervention and disentanglement components validates the
effectiveness of the disentangle-compose-disentangle mech-
anism. While the removal of the intervention component re-
sults in modest performance degradation, the model main-
tains relatively high seen and unseen accuracies on C-GQA,
despite decreases in Harmonic Mean (HM) to 32.3% and
Area Under Curve (AUC) to 15.7% in the closed-world set-
ting. These results suggest that although intervention en-
hances overall performance, the model exhibits inherent ro-
bustness even without this component.
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Figure 3: Hyper-parameter sensitivity analysis for « and (3
on the MIT-States, UT-Zappos, and C-GQA datasets.

Hyper-parameter Sensitivity Analysis

We conducted a sensitivity analysis on the hyper-parameters
« and [ by varying one parameter at a time while keeping all
others fixed, with the results shown in Figure 3. For «, which
controls the weight of the disentanglement loss, the best
performance was consistently observed at &« = 1.0 across
all datasets. For (3, which regulates the causal intervention
loss, the optimal values varied by dataset: 5 = 2.0 for MIT-
States, 5 = 1.0 for UT-Zappos, and 5 = 0.5 for C-GQA.
While these results highlight the need for dataset-specific
tuning of 3, the performance remained robust with mini-
mal fluctuations across different values. Overall, the analysis
confirms that the proposed method achieves robust perfor-
mance under a wide range of hyper-parameter settings.

Conclusion

In this paper, we propose an invertible causal framework
via disentangle-compose-disentangle (I2CD) for CZSL. The
framework employs a three-stage mechanism for counter-
factual generation, ensuring that modifications to individ-
ual primitives maintain mutual independence, thus facilitat-
ing robust causal disentanglement. Comprehensive experi-
mental evaluations demonstrate the superior performance of
I2CD across multiple benchmarks. Future research direc-
tions include investigating the contextual relationships be-
tween objects and states, an aspect beyond the scope of the
current study.
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