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Abstract

Recent compositional zero-shot learning (CZSL) meth-
ods adapt pre-trained vision-language models (VLMs) by
constructing trainable prompts only for composed state-
object pairs. Relying on learning the joint representation of
seen compositions, these methods ignore the explicit model-
ing of the state and object, thus limiting the exploitation of
pre-trained knowledge and generalization to unseen com-
positions. With a particular focus on the universality of
the solution, in this work, we propose a novel paradigm for
CZSL models that establishes three identification branches
(i.e., Multi-Path) to jointly model the state, object, and com-
position. The presented Troika is an outstanding imple-
mentation that aligns the branch-specific prompt represen-
tations with decomposed visual features. To calibrate the
bias between semantically similar multi-modal representa-
tions, we further devise a Cross-Modal Traction module into
Troika that shifts the prompt representation towards the
current visual content. We conduct extensive experiments
on three popular benchmarks, where our method signifi-
cantly outperforms existing methods in both closed-world
and open-world settings. The code will be available at
https://github.com/bighuang624/Troika.

1. Introduction
As for the study of human-like compositional generaliza-
tion ability, compositional zero-shot learning (CZSL) [20,
26, 32] studies to recognize unseen compositions at test
time, while states and objects (i.e., primitives) are presented
in seen compositions during training. Rather than learn-
ing to associate images with such state-object compositions
from scratch [25, 27], recent efforts [23, 29, 37] focus on
adapting pre-trained vision-language models (VLMs), e.g.,
CLIP [33]. Since CZSL datasets provide only composi-
tional labels (e.g., “red”+“wine”) instead of complete sen-
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Figure 1. Graphical comparison of the existing paradigm and
the proposed Multi-Path paradigm.

tences (e.g., “A glass of wine placed on the table”) used in
pre-training, to bridge the gap without fine-tuning the en-
tire model, prompts [18, 22] are constructed by appending a
simple prefix like “a photo of ” before the composed state-
object labels. Prior methods [23, 29, 37] have replaced the
fixed prompt tokens with learnable tokens that are directly
optimized during fine-tuning. By designing prompt tuning
solutions for compositions, existing methods can efficiently
contrive a cross-modal alignment between images and com-
positional labels, thereby unlocking the potential composi-
tional generalization capability of VLMs.

However, due to the lack of independent and explicit
primitive modeling, these methods have suffered from two
challenges: (1) the full leveraging of pre-trained knowledge
fails, since a large amount of cross-modal information is
not tied to the compositions, but related to the single prim-
itive. (2) the difficulty of generalizing to unseen composi-
tions is increased, since the model easily over-rely on a lim-
ited number of seen compositions. To overcome the issues
with a particular focus on the universality of the solution,
we propose a novel Multi-Path paradigm for CZSL with
VLMs. As shown in Fig. 1, our paradigm emphasizes the
joint modeling of the state, object, and composition with-
out redundant assumptions about the specific implementa-
tions. Different from previous methods that depend only on
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the estimated composition probability, Multi-Path paradigm
integrates the predictions of all semantic components for
the final decision. Following the accessible paradigm, we
present an outstanding implementation Troika1. On the lan-
guage side, Troika constructs branch-specific prompts that
inject learnable priors for describing the context of specific
target classes. And on the vision side, while introducing
parameter-efficient adaptation, Troika decomposes primi-
tive visual features for individual recognition.

Moreover, for calibrating the bias between semantically
similar multi-modal representations, we further devise a
Cross-Modal Traction module into Troika. The motivation
is that compared to diverse visual presentations, learning
only a fixed prompt representation is intuitively insufficient
to match all corresponding images from different domains
(Fig. 2). By selecting and integrating the most semanti-
cally relevant visual features, the module pulls the origi-
nally static prompt representation towards the visual con-
tent. As shown in Tab. 6, while the basic Troika has al-
ready achieved state-of-the-art (SOTA), the incorporation of
the Cross-Modal Traction module leads to a significant im-
provement. Follow-up researches are also free to try other
traction ways as the module and Troika are decoupled.

Three popular benchmark datasets MIT-States [11], UT-
Zappos [38], and C-GQA [27] are used for comparisons.
Experiments show that on the closed-world setting, Troika
exceeds the current state-of-the-art methods by up to +7.4%
HM and +5.7% AUC. And on the more challenging open-
world setting, Troika still surpasses the best CLIP-based
method by up to +3.8% HM and +2.7% AUC. We also
conduct abundant ablations to verify the effectiveness of all
component elements of Troika. In summary, the main con-
tributions of our work are four-fold:
• We propose a novel Multi-Path paradigm for CZSL

with VLMs, which explicitly constructs vision-language
alignments for the state, object, and composition. The
paradigm is flexible enough to derive new approaches.

• Based on the paradigm, we implement a model named
Troika that effectively aligns the branch-specific prompt
representations and decomposed visual features.

• We further design a Cross-Modal Traction module for
Troika that adaptively adjusts the prompt representation
depending on the visual content.

• We conduct extensive experiments on three CZSL bench-
mark datasets to show that Troika achieves the SOTA per-
formance on both closed-world and open-world settings.

2. Related Work

Compositional Zero-Shot Learning (CZSL). Aiming to
recognize unseen state-object pairs at test time while each

1“Troika” is a traditional harness driving combination, using three
horses abreast, usually pulling a sleigh.
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Figure 2. An example of the Cross-Modal Traction module. The
commonly learned prompt of “red” may be further away (com-
pared to “black”) from individual images with the same concept,
and the module reduces such mismatches by adaptively pulling the
prompt representation towards the current visual content.

semantic primitive exists in training samples, early CZSL
efforts can be broadly divided into two lines. One line of
works [1, 25–27, 32] learns the combined state-object se-
mantic representation for both seen and unseen composi-
tions with a transformation function, e.g., a multi-layer per-
ceptron (MLP) [26] or a graph convolutional network [27].
Another line of works [14, 19, 20, 24, 41] learns two in-
dividual classifiers to identify state and object separately
from the image features. While both lines build the con-
nection between visual features and compositional labels
from scratch, recent works focus on transferring the en-
cyclopedic knowledge from pre-trained VLMs. CSP [29]
first adapts the CLIP model [33] by replacing the classes
in textual prompts with trainable state and object tokens.
PromptCompVL [37] creates a fully learnable soft prompt
including the prefix, state, and object. The latest DFSP [23]
proposes a cross-modal decomposed fusion module to learn
more expressive image features. In this work, by proposing
the Multi-Path paradigm for CZSL with VLMs, we high-
light the importance of jointly and explicitly modeling the
state, object, and composition.
Parameter-Efficient Transfer Learning (PETL). PETL
refers to updating only a small number of pre-trained or
additional parameters during fine-tuning [4, 6], which re-
duces the training and storage burdens. As a popular PETL
technique, prompt tuning [18, 21, 22] optimizes learnable
tokens inserted into the input token sequence while freez-
ing the backbone. CLIP-based CZSL methods [23, 29, 37]
continue the vein by tuning both the inserted prefix and
the primitive vocabulary tokens on downstream seman-
tics. While following the Multi-Path paradigm to establish
three independent branches, our Troika constructs branch-
specific prompts with individual prefixes and a shared prim-
itive vocabulary. Fig. 3 illustrates the differences in prompt
design between Troika and existing methods, and experi-
mental results in Sec. 5.3 show that our design benefits from
modeling prior knowledge specified with semantic roles.

In this work, we also attempt to introduce PETL tech-
niques to the vision side, implemented as Adapter [9]. Since
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CLIP [33] CoOp [43]
S U HM AUC S U HM AUC

w/o MP 15.8 49.1 15.6 5.0 52.1 49.3 34.6 18.8
w/ MP 24.3 49.6 21.9 8.2 62.5 58.1 41.9 28.3

Table 1. Improvements to the baselines introduced by the
Multi-Path paradigm on the UT-Zappos dataset.

only tuning the text side while ignoring the image encoder
is naturally considered insufficient, the studies of adapting
both encoders for multi-modal tasks including image recog-
nition [16, 40] and video-text retrieval [10, 13] have re-
cently emerged. On these tasks, completely adapting both
encoders has been proved to mutually promote the align-
ment of vision-language modalities. For the first time, we
empirically demonstrate that it is equally valid for CZSL.

3. Rethinking the Paradigm
In this section, we first formalize the CZSL task and the
visual feature extraction of CLIP [33] (Sec. 3.1). Then,
we introduce how previous works adapt CLIP by adjust-
ing prompts for image-composition alignments (Sec. 3.2).
Finally, we present a Multi-Path paradigm to guide the con-
struction of VLM-based pipelines (Sec. 3.3).

3.1. Preliminaries

CZSL Task Formulation. Given the state set S =
{s1, s2, . . . , s|S|} and object set O = {o1, o2, . . . , o|O|}
as the primitive concepts, where | · | denotes the num-
ber of elements in the set, the compositional label space
C is defined as their Cartesian product, i.e., C = S × O.
And the set of the seen and unseen compositions, denoted
as Cse and Cus, are the two disjoint subsets of C, i.e.,
Cse ∩Cus = ∅. To learn a model that assigns compositional
labels from the target set Ctgt to the input images, a training
set T = {(xi, ci)|x ∈ X , c ∈ Cse} is provided, where X
denotes the image space. In the closed-world setting, the
target set is defined as Ctgt = Cse ∪ Cus, where only the
known composition space is considered. And in the open-
world setting, the target set is all possible permutations of
the state-object compositions, i.e., Ctgt = C.
Visual Feature Extraction. Given the input image x ∈
RH×W×C , the image encoder Ev , implemented with
ViT [5], first splits it into Np = HW/P 2 non-overlapping
patches, where (P, P ) is the resolution of each patch. The
patches are projected to form a sequence of patch tokens
together with a pre-trained [CLS] token, where the pre-
trained position embeddings are also added to preserve po-
sitional information. Then, the encoder Ev updates the to-
ken sequence X ∈ R(Np+1)×din

v with self-attention-based
blocks, where dinv is the dimension of each visual token.
Finally, a single linear layer gproj with parameters Wg ∈
Rdin

v ×d projects the output [CLS] token, where d is the di-
mension of the cross-modal latent space. And the projected
token xCLS ∈ Rd serves as the image representation.

CLIP
CoOp
CSP
DFSP

Troika 
(Ours)

a photo of red tomato
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vs
red

<latexit sha1_base64="I7gT9dsPDqdW+lPHnZ8EoyHKZAo=">AAACAnicdVDLSgNBEJz1bXytehIvg0HwFDabmOgt4MVjBKNCEsPspFcHZx/M9AbDsnjxV7x4UMSrX+HNv3E2iaCiBQ1FVTfdXV4shUbH+bCmpmdm5+YXFgtLyyura/b6xpmOEsWhxSMZqQuPaZAihBYKlHARK2CBJ+HcuznK/fMBKC2i8BSHMXQDdhUKX3CGRurZW52A4bXnp4PsUvfSDsItpgr6Wdazi07p8KDm7rvUKTlO3a3UcuLWq26Flo2So0gmaPbs904/4kkAIXLJtG6XnRi7KVMouISs0Ek0xIzfsCtoGxqyAHQ3Hb2Q0V2j9KkfKVMh0pH6fSJlgdbDwDOd+cH6t5eLf3ntBP2DbirCOEEI+XiRn0iKEc3zoH2hgKMcGsK4EuZWyq+ZYhxNagUTwten9H9y5pbKtVL1pFpsOJM4Fsg22SF7pEzqpEGOSZO0CCd35IE8kWfr3nq0XqzXceuUNZnZJD9gvX0CPziYmA==</latexit>

vs
red

<latexit sha1_base64="hIxebmqXm3k+GTIV3e6r12x4LAw=">AAACBXicdZDNSsNAFIUn/lv/qi51MVgEVyWNtdVdwY3LClYLbQyT6aQdOsmEmRuxhGzc+CpuXCji1ndw59s4aSuo6IGBw3fvZe49fiy4Btv+sGZm5+YXFpeWCyura+sbxc2tSy0TRVmLSiFV2yeaCR6xFnAQrB0rRkJfsCt/eJrXr26Y0lxGFzCKmRuSfsQDTgkY5BV3uyGBgR+kN9m19tIusFtIQRoos8wrluzyyXHNOXKwXbbtunNYy41TrzqHuGJIrhKaqukV37s9SZOQRUAF0bpTsWNwU6KAU8GyQjfRLCZ0SPqsY2xEQqbddHxFhvcN6eFAKvMiwGP6fSIlodaj0Ded+c76dy2Hf9U6CQTHbsqjOAEW0clHQSIwSJxHgntcMQpiZAyhiptdMR0QRSiY4AomhK9L8f/m0ilXauXqebXUsKdxLKEdtIcOUAXVUQOdoSZqIYru0AN6Qs/WvfVovVivk9YZazqzjX7IevsE20iaDw==</latexit>

vs
tomato

<latexit sha1_base64="hIxebmqXm3k+GTIV3e6r12x4LAw=">AAACBXicdZDNSsNAFIUn/lv/qi51MVgEVyWNtdVdwY3LClYLbQyT6aQdOsmEmRuxhGzc+CpuXCji1ndw59s4aSuo6IGBw3fvZe49fiy4Btv+sGZm5+YXFpeWCyura+sbxc2tSy0TRVmLSiFV2yeaCR6xFnAQrB0rRkJfsCt/eJrXr26Y0lxGFzCKmRuSfsQDTgkY5BV3uyGBgR+kN9m19tIusFtIQRoos8wrluzyyXHNOXKwXbbtunNYy41TrzqHuGJIrhKaqukV37s9SZOQRUAF0bpTsWNwU6KAU8GyQjfRLCZ0SPqsY2xEQqbddHxFhvcN6eFAKvMiwGP6fSIlodaj0Ded+c76dy2Hf9U6CQTHbsqjOAEW0clHQSIwSJxHgntcMQpiZAyhiptdMR0QRSiY4AomhK9L8f/m0ilXauXqebXUsKdxLKEdtIcOUAXVUQOdoSZqIYru0AN6Qs/WvfVovVivk9YZazqzjX7IevsE20iaDw==</latexit>

vs
tomato

<latexit sha1_base64="I7gT9dsPDqdW+lPHnZ8EoyHKZAo=">AAACAnicdVDLSgNBEJz1bXytehIvg0HwFDabmOgt4MVjBKNCEsPspFcHZx/M9AbDsnjxV7x4UMSrX+HNv3E2iaCiBQ1FVTfdXV4shUbH+bCmpmdm5+YXFgtLyyura/b6xpmOEsWhxSMZqQuPaZAihBYKlHARK2CBJ+HcuznK/fMBKC2i8BSHMXQDdhUKX3CGRurZW52A4bXnp4PsUvfSDsItpgr6Wdazi07p8KDm7rvUKTlO3a3UcuLWq26Flo2So0gmaPbs904/4kkAIXLJtG6XnRi7KVMouISs0Ek0xIzfsCtoGxqyAHQ3Hb2Q0V2j9KkfKVMh0pH6fSJlgdbDwDOd+cH6t5eLf3ntBP2DbirCOEEI+XiRn0iKEc3zoH2hgKMcGsK4EuZWyq+ZYhxNagUTwten9H9y5pbKtVL1pFpsOJM4Fsg22SF7pEzqpEGOSZO0CCd35IE8kWfr3nq0XqzXceuUNZnZJD9gvX0CPziYmA==</latexit>

vs
red

<latexit sha1_base64="hIxebmqXm3k+GTIV3e6r12x4LAw=">AAACBXicdZDNSsNAFIUn/lv/qi51MVgEVyWNtdVdwY3LClYLbQyT6aQdOsmEmRuxhGzc+CpuXCji1ndw59s4aSuo6IGBw3fvZe49fiy4Btv+sGZm5+YXFpeWCyura+sbxc2tSy0TRVmLSiFV2yeaCR6xFnAQrB0rRkJfsCt/eJrXr26Y0lxGFzCKmRuSfsQDTgkY5BV3uyGBgR+kN9m19tIusFtIQRoos8wrluzyyXHNOXKwXbbtunNYy41TrzqHuGJIrhKaqukV37s9SZOQRUAF0bpTsWNwU6KAU8GyQjfRLCZ0SPqsY2xEQqbddHxFhvcN6eFAKvMiwGP6fSIlodaj0Ded+c76dy2Hf9U6CQTHbsqjOAEW0clHQSIwSJxHgntcMQpiZAyhiptdMR0QRSiY4AomhK9L8f/m0ilXauXqebXUsKdxLKEdtIcOUAXVUQOdoSZqIYru0AN6Qs/WvfVovVivk9YZazqzjX7IevsE20iaDw==</latexit>

vs
tomato

<latexit sha1_base64="I7gT9dsPDqdW+lPHnZ8EoyHKZAo=">AAACAnicdVDLSgNBEJz1bXytehIvg0HwFDabmOgt4MVjBKNCEsPspFcHZx/M9AbDsnjxV7x4UMSrX+HNv3E2iaCiBQ1FVTfdXV4shUbH+bCmpmdm5+YXFgtLyyura/b6xpmOEsWhxSMZqQuPaZAihBYKlHARK2CBJ+HcuznK/fMBKC2i8BSHMXQDdhUKX3CGRurZW52A4bXnp4PsUvfSDsItpgr6Wdazi07p8KDm7rvUKTlO3a3UcuLWq26Flo2So0gmaPbs904/4kkAIXLJtG6XnRi7KVMouISs0Ek0xIzfsCtoGxqyAHQ3Hb2Q0V2j9KkfKVMh0pH6fSJlgdbDwDOd+cH6t5eLf3ntBP2DbirCOEEI+XiRn0iKEc3zoH2hgKMcGsK4EuZWyq+ZYhxNagUTwten9H9y5pbKtVL1pFpsOJM4Fsg22SF7pEzqpEGOSZO0CCd35IE8kWfr3nq0XqzXceuUNZnZJD9gvX0CPziYmA==</latexit>

vs
red

Method
<latexit sha1_base64="fNxz3qGv7ZisrqpEPcxhkIc3GpQ=">AAACD3icbZC7SgNBFIZnvcZ4i1raDAbFQsKuBLUM2FhGMBdIQpidnE2GzO4sM2fFsOwb2PgqNhaK2Nra+TZOLoUmHhj4+P9zmHN+P5bCoOt+O0vLK6tr67mN/ObW9s5uYW+/blSiOdS4kko3fWZAighqKFBCM9bAQl9Cwx9ej/3GPWgjVHSHoxg6IetHIhCcoZW6hZN2yHDgB2k166ZthAdMNfSyMzplVNZWWdYtFN2SOym6CN4MimRW1W7hq91TPAkhQi6ZMS3PjbGTMo2CS8jy7cRAzPiQ9aFlMWIhmE46uSejx1bp0UBp+yKkE/X3RMpCY0ahbzvH25t5byz+57USDK46qYjiBCHi04+CRFJUdBwO7QkNHOXIAuNa2F0pHzDNONoI8zYEb/7kRaifl7yLUvm2XKy4szhy5JAckVPikUtSITekSmqEk0fyTF7Jm/PkvDjvzse0dcmZzRyQP+V8/gD5C53Y</latexit>

Pred,tomato

<latexit sha1_base64="ux/ZgE5fwR2KfSfAmoYFlaI+52Y=">AAACBXicbVBNS8NAEN34WetX1KMegkXwVBIp6rHgxWMF+wFNDJvtpl26yYbdiVhCLl78K148KOLV/+DNf+OmzUFbHww83pthZl6QcKbAtr+NpeWV1bX1ykZ1c2t7Z9fc2+8okUpC20RwIXsBVpSzmLaBAae9RFIcBZx2g/FV4XfvqVRMxLcwSagX4WHMQkYwaMk3j9wIwygIs1Z+J/zMBfoAGQgtijz3zZpdt6ewFolTkhoq0fLNL3cgSBrRGAjHSvUdOwEvwxIY4TSvuqmiCSZjPKR9TWMcUeVl0y9y60QrAysUUlcM1lT9PZHhSKlJFOjO4mY17xXif14/hfDSy1icpEBjMlsUptwCYRWRWAMmKQE+0QQTyfStFhlhiQno4Ko6BGf+5UXSOas75/XGTaPWtMs4KugQHaNT5KAL1ETXqIXaiKBH9Ixe0ZvxZLwY78bHrHXJKGcO0B8Ynz81pZmh</latexit>

Po
tomato

<latexit sha1_base64="wbpoqiLvXZoWV5vr/mZp3kooA04=">AAACEXicbVC7SgNBFJ31bXxFLW0Gg5BCwq4EtRRsLCOYByRxmZ29q4OzO8vMXTEs+ws2/oqNhSK2dnb+jZNHoYkHBg7nnMvce4JUCoOu++3MzS8sLi2vrJbW1jc2t8rbOy2jMs2hyZVUuhMwA1Ik0ESBEjqpBhYHEtrB3fnQb9+DNkIlVzhIoR+zm0REgjO0kl+u9mKGt0GUN4pr7uc9hAfMNYTFIR1zVDagisIvV9yaOwKdJd6EVMgEDb/81QsVz2JIkEtmTNdzU+znTKPgEopSLzOQMn7HbqBracJiMP18dFFBD6wS0khp+xKkI/X3RM5iYwZxYJPD/c20NxT/87oZRqf9XCRphpDw8UdRJikqOqyHhkIDRzmwhHEt7K6U3zLNONoSS7YEb/rkWdI6qnnHtfplvXLmTupYIXtkn1SJR07IGbkgDdIknDySZ/JK3pwn58V5dz7G0TlnMrNL/sD5/AGF756t</latexit>

Pc
red,tomato

<latexit sha1_base64="fNxz3qGv7ZisrqpEPcxhkIc3GpQ=">AAACD3icbZC7SgNBFIZnvcZ4i1raDAbFQsKuBLUM2FhGMBdIQpidnE2GzO4sM2fFsOwb2PgqNhaK2Nra+TZOLoUmHhj4+P9zmHN+P5bCoOt+O0vLK6tr67mN/ObW9s5uYW+/blSiOdS4kko3fWZAighqKFBCM9bAQl9Cwx9ej/3GPWgjVHSHoxg6IetHIhCcoZW6hZN2yHDgB2k166ZthAdMNfSyMzplVNZWWdYtFN2SOym6CN4MimRW1W7hq91TPAkhQi6ZMS3PjbGTMo2CS8jy7cRAzPiQ9aFlMWIhmE46uSejx1bp0UBp+yKkE/X3RMpCY0ahbzvH25t5byz+57USDK46qYjiBCHi04+CRFJUdBwO7QkNHOXIAuNa2F0pHzDNONoI8zYEb/7kRaifl7yLUvm2XKy4szhy5JAckVPikUtSITekSmqEk0fyTF7Jm/PkvDjvzse0dcmZzRyQP+V8/gD5C53Y</latexit>

Pred,tomato
<latexit sha1_base64="fNxz3qGv7ZisrqpEPcxhkIc3GpQ=">AAACD3icbZC7SgNBFIZnvcZ4i1raDAbFQsKuBLUM2FhGMBdIQpidnE2GzO4sM2fFsOwb2PgqNhaK2Nra+TZOLoUmHhj4+P9zmHN+P5bCoOt+O0vLK6tr67mN/ObW9s5uYW+/blSiOdS4kko3fWZAighqKFBCM9bAQl9Cwx9ej/3GPWgjVHSHoxg6IetHIhCcoZW6hZN2yHDgB2k166ZthAdMNfSyMzplVNZWWdYtFN2SOym6CN4MimRW1W7hq91TPAkhQi6ZMS3PjbGTMo2CS8jy7cRAzPiQ9aFlMWIhmE46uSejx1bp0UBp+yKkE/X3RMpCY0ahbzvH25t5byz+57USDK46qYjiBCHi04+CRFJUdBwO7QkNHOXIAuNa2F0pHzDNONoI8zYEb/7kRaifl7yLUvm2XKy4szhy5JAckVPikUtSITekSmqEk0fyTF7Jm/PkvDjvzse0dcmZzRyQP+V8/gD5C53Y</latexit>

Pred,tomato
<latexit sha1_base64="fNxz3qGv7ZisrqpEPcxhkIc3GpQ=">AAACD3icbZC7SgNBFIZnvcZ4i1raDAbFQsKuBLUM2FhGMBdIQpidnE2GzO4sM2fFsOwb2PgqNhaK2Nra+TZOLoUmHhj4+P9zmHN+P5bCoOt+O0vLK6tr67mN/ObW9s5uYW+/blSiOdS4kko3fWZAighqKFBCM9bAQl9Cwx9ej/3GPWgjVHSHoxg6IetHIhCcoZW6hZN2yHDgB2k166ZthAdMNfSyMzplVNZWWdYtFN2SOym6CN4MimRW1W7hq91TPAkhQi6ZMS3PjbGTMo2CS8jy7cRAzPiQ9aFlMWIhmE46uSejx1bp0UBp+yKkE/X3RMpCY0ahbzvH25t5byz+57USDK46qYjiBCHi04+CRFJUdBwO7QkNHOXIAuNa2F0pHzDNONoI8zYEb/7kRaifl7yLUvm2XKy4szhy5JAckVPikUtSITekSmqEk0fyTF7Jm/PkvDjvzse0dcmZzRyQP+V8/gD5C53Y</latexit>

Pred,tomato
<latexit sha1_base64="Tp3OpTXTySqc9/yPE3Tg9GIXB2U=">AAACAnicbVBNS8NAEN34WetX1ZN4CRbBU0mkqMeCF48V7Ac0sWy2k3bpZhN2J2IJwYt/xYsHRbz6K7z5b9x+HLT1wcDjvRlm5gWJ4Bod59taWl5ZXVsvbBQ3t7Z3dkt7+00dp4pBg8UiVu2AahBcQgM5CmgnCmgUCGgFw6ux37oHpXksb3GUgB/RvuQhZxSN1C0dehHFQRBm9fxOdzMP4QEzBb0875bKTsWZwF4k7oyUyQz1bunL68UsjUAiE1Trjusk6GdUIWcC8qKXakgoG9I+dAyVNALtZ5MXcvvEKD07jJUpifZE/T2R0UjrURSYzvHBet4bi/95nRTDSz/jMkkRJJsuClNhY2yP87B7XAFDMTKEMsXNrTYbUEUZmtSKJgR3/uVF0jyruOeV6k21XHNmcRTIETkmp8QlF6RGrkmdNAgjj+SZvJI368l6sd6tj2nrkjWbOSB/YH3+AKBImC4=</latexit>

Ps
red

Prompt

red tomato

Figure 3. Graphical comparison of prompts constructed by
prior methods and Troika. Red tokens are trainable.

3.2. A Revisit of Existing Framework

Taking a closer look into existing CLIP-based works [23,
29, 37], we found that all of them build a single cross-modal
alignment for inference, which yields the recognition prob-
ability p(ci,j |x) given the input image x and the candidate
pair ci,j = ⟨si, oj⟩. Since the frozen CLIP backbone has
provided a well-established vision-language alignment, an
essential step for these methods is to construct appropri-
ate prompts for compositional labels. Commonly, initial-
izing with the pre-trained embeddings from CLIP, a new
primitive vocabulary V = [VS ,VO] ∈ R(|S|+|O|)×din

t

is first built for all states and objects, where dint is the di-
mension of each vocabulary token. Then, a natural lan-
guage prefix such as “a photo of ” is transformed into to-
kens with the pre-trained embeddings. Different from the
prompt format adopted in the inference of CLIP, the CZSL
methods [29] append the prefix tokens to the state-object
composition instead of the class placeholder, acquiring the
prompt Pi,j = [p1, . . . ,pm,vs

i ,v
o
j ] for the pair ci,j , where

{p1, . . . ,pm} ∈ Rm×din
t are the prefix tokens, and vs

i ,v
o
j

are the vocabulary tokens of si and oj . By feeding Pi,j into
the text encoder Et, the prompt representation ti,j ∈ Rd is
acquired to compute p(ci,j |x) by cosine similarity with im-
age representation xCLS. While earlier works [29, 37] sim-
ply turn the primitive vocabulary or prefix tokens from fixed
to trainable, DFSP [23] further decomposes the prompt rep-
resentations into state and object ones to provide more su-
pervision for training. However, the inference still relies on
a single path for estimating the composition probability.

3.3. Generalizing in Multi-Path Paradigm

As already discussed in the introduction, existing methods
still suffer from limitations in knowledge transfer and gen-
eralization. We believe that the issue stems from the ap-
plied single-path paradigm, and thus present a novel Multi-
Path paradigm. An intuitive comparison of the existing and
proposed paradigms is illustrated in Fig. 1. Crucially, the
Multi-Path paradigm requires a recognition branch for each
of the three semantic components, i.e., state, object, and
composition. These branches are essentially cross-modal
alignments that independently unearth specific knowledge
from large-scale vision-language pre-training.

Specifically, during training, three branches can collec-
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<latexit sha1_base64="/GnQxFlOu4FHCkCjdmcA4wa/yL8=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiRS1GXBjcsK9gFtDJPppB06mYSZSaGE/IkbF4q49U/c+TdO2iy09cDA4Zx7uWdOkHCmtON8W5WNza3tnepubW//4PDIPj7pqjiVhHZIzGPZD7CinAna0Uxz2k8kxVHAaS+Y3hV+b0alYrF41POEehEeCxYygrWRfNseRlhPgjDT+ZPyM5b7dt1pOAugdeKWpA4l2r79NRzFJI2o0IRjpQauk2gvw1IzwmleG6aKJphM8ZgODBU4osrLFslzdGGUEQpjaZ7QaKH+3shwpNQ8CsxkkVOteoX4nzdIdXjrZUwkqaaCLA+FKUc6RkUNaMQkJZrPDcFEMpMVkQmWmGhTVs2U4K5+eZ10rxrudaP50Ky3nLKOKpzBOVyCCzfQgntoQwcIzOAZXuHNyqwX6936WI5WrHLnFP7A+vwBTfeUDQ==</latexit>

ts
i

<latexit sha1_base64="KgwP0FGYo4cdZNXEXkngob2gAA4=">AAAB+XicbVDLSsNAFL2pr1pfUZdugkVwVRIRdVlw47KCfUAbw2Q6acdOZsLMpFBC/sSNC0Xc+ifu/BsnbRbaemDgcM693DMnTBhV2nW/rcra+sbmVnW7trO7t39gHx51lEglJm0smJC9ECnCKCdtTTUjvUQSFIeMdMPJbeF3p0QqKviDniXEj9GI04hipI0U2PYgRnocRpnOH0WQPeWBXXcb7hzOKvFKUocSrcD+GgwFTmPCNWZIqb7nJtrPkNQUM5LXBqkiCcITNCJ9QzmKifKzefLcOTPK0ImENI9rZ67+3shQrNQsDs1kkVMte4X4n9dPdXTjZ5QnqSYcLw5FKXO0cIoanCGVBGs2MwRhSU1WB4+RRFibsmqmBG/5y6ukc9HwrhqX95f1plvWUYUTOIVz8OAamnAHLWgDhik8wyu8WZn1Yr1bH4vRilXuHMMfWJ8/SVyUCg==</latexit>

to
j

<latexit sha1_base64="235zlpnGpFUhBgsLiq+iUF0k87s=">AAAB+3icbVDLSsNAFJ34rPUV69LNYBFcSEmkqMuCG5cV7APaGCbTSTt2MgkzN2IJ+RU3LhRx64+482+ctF1o64GBwzn3cs+cIBFcg+N8Wyura+sbm6Wt8vbO7t6+fVBp6zhVlLVoLGLVDYhmgkvWAg6CdRPFSBQI1gnG14XfeWRK81jewSRhXkSGkoecEjCSb1f6EYFREGaQ31M/42cPuW9XnZozBV4m7pxU0RxN3/7qD2KaRkwCFUTrnusk4GVEAaeC5eV+qllC6JgMWc9QSSKmvWyaPccnRhngMFbmScBT9fdGRiKtJ1FgJouketErxP+8XgrhlZdxmaTAJJ0dClOBIcZFEXjAFaMgJoYQqrjJiumIKELB1FU2JbiLX14m7fOae1Gr39arDWdeRwkdoWN0ilx0iRroBjVRC1H0hJ7RK3qzcuvFerc+ZqMr1nznEP2B9fkDcGCUpw==</latexit>

tc
i,j

CMT

CMT

CMT

…

<latexit sha1_base64="kZgNIaGpQyIvRb6fsi4+RQkks6I=">AAAB+3icbVBNS8NAFHypX7V+xXr0slgETyWRoh4LXjxWsK3QxrDZbtqlm03Y3Ygl5K948aCIV/+IN/+NmzYHbR1YGGbe481OkHCmtON8W5W19Y3Nrep2bWd3b//APqz3VJxKQrsk5rG8D7CinAna1Uxzep9IiqOA034wvS78/iOVisXiTs8S6kV4LFjICNZG8u36MMJ6EoRZJ3/IVO5nLPfthtN05kCrxC1JA0p0fPtrOIpJGlGhCcdKDVwn0V6GpWaE07w2TBVNMJniMR0YKnBElZfNs+fo1CgjFMbSPKHRXP29keFIqVkUmMkiqVr2CvE/b5Dq8MrLmEhSTQVZHApTjnSMiiLQiElKNJ8ZgolkJisiEywx0aauminBXf7yKumdN92LZuu21Wg7ZR1VOIYTOAMXLqENN9CBLhB4gmd4hTcrt16sd+tjMVqxyp0j+APr8wfmz5T1</latexit>

Ps
i

<latexit sha1_base64="xJ1vlopd4ClhKNoUfwzzxMT7PjQ=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBbBVUmkqMuCG5cV7APaGibTSTt2MgkzE7GE/IobF4q49Ufc+TdO2iy09cDA4Zx7uWeOH3OmtON8W6W19Y3NrfJ2ZWd3b//APqx2VJRIQtsk4pHs+VhRzgRta6Y57cWS4tDntOtPr3O/+0ilYpG407OYDkM8FixgBGsjeXZ1EGI98YO0ld2nUealD5ln15y6MwdaJW5BalCg5dlfg1FEkpAKTThWqu86sR6mWGpGOM0qg0TRGJMpHtO+oQKHVA3TefYMnRplhIJImic0mqu/N1IcKjULfTOZJ1XLXi7+5/UTHVwNUybiRFNBFoeChCMdobwINGKSEs1nhmAimcmKyARLTLSpq2JKcJe/vEo653X3ot64bdSaTlFHGY7hBM7AhUtowg20oA0EnuAZXuHNyqwX6936WIyWrGLnCP7A+vwB4jCU8g==</latexit>

Po
j

<latexit sha1_base64="8u8JZifTsVOsmcVT0MRc1KChTgg=">AAAB+3icbVDLSsNAFL3xWesr1qWbwSK4kJJIUZcFNy4r2Ae0MUymk3bsZBJmJmIJ+RU3LhRx64+482+ctF1o64GBwzn3cs+cIOFMacf5tlZW19Y3Nktb5e2d3b19+6DSVnEqCW2RmMeyG2BFORO0pZnmtJtIiqOA004wvi78ziOVisXiTk8S6kV4KFjICNZG8u1KP8J6FIRZM78nfsbOHnLfrjo1Zwq0TNw5qcIcTd/+6g9ikkZUaMKxUj3XSbSXYakZ4TQv91NFE0zGeEh7hgocUeVl0+w5OjHKAIWxNE9oNFV/b2Q4UmoSBWaySKoWvUL8z+ulOrzyMiaSVFNBZofClCMdo6IINGCSEs0nhmAimcmKyAhLTLSpq2xKcBe/vEza5zX3ola/rVcbzryOEhzBMZyCC5fQgBtoQgsIPMEzvMKblVsv1rv1MRtdseY7h/AH1ucPOIyUgw==</latexit>

Pc
i,j

<latexit sha1_base64="c0EbaNYJPaYWegMYHdTJNA0fw9M=">AAAB73icbVBNSwMxEJ3Ur1q/qh69BItQL2W3FPVY8OKxgv2AdinZNNuGZrNrkhXL2j/hxYMiXv073vw3pu0etPXBwOO9GWbm+bHg2jjON8qtrW9sbuW3Czu7e/sHxcOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98fXMbz8wpXkk78wkZl5IhpIHnBJjpU5c1n3+9HjeL5acijMHXiVuRkqQodEvfvUGEU1CJg0VROuu68TGS4kynAo2LfQSzWJCx2TIupZKEjLtpfN7p/jMKgMcRMqWNHiu/p5ISaj1JPRtZ0jMSC97M/E/r5uY4MpLuYwTwyRdLAoSgU2EZ8/jAVeMGjGxhFDF7a2Yjogi1NiICjYEd/nlVdKqVtyLSu22VqpXszjycAKnUAYXLqEON9CAJlAQ8Ayv8Ibu0Qt6Rx+L1hzKZo7hD9DnD69Oj7M=</latexit>

p(si|x)

<latexit sha1_base64="7GeAPygX1UfzTpD20P4YoebE6eQ=">AAAB73icbVBNSwMxEJ31s9avqkcvwSLUS9ktRT0WvHisYD+gXUo2zbax2WRNsmJZ+ye8eFDEq3/Hm//GtN2Dtj4YeLw3w8y8IOZMG9f9dlZW19Y3NnNb+e2d3b39wsFhU8tEEdogkkvVDrCmnAnaMMxw2o4VxVHAaSsYXU391gNVmklxa8Yx9SM8ECxkBBsrteOS7N09PZ71CkW37M6AlomXkSJkqPcKX92+JElEhSEca93x3Nj4KVaGEU4n+W6iaYzJCA9ox1KBI6r9dHbvBJ1apY9CqWwJg2bq74kUR1qPo8B2RtgM9aI3Ff/zOokJL/2UiTgxVJD5ojDhyEg0fR71maLE8LElmChmb0VkiBUmxkaUtyF4iy8vk2al7J2XqzfVYq2SxZGDYziBEnhwATW4hjo0gACHZ3iFN+feeXHenY9564qTzRzBHzifP6qxj7A=</latexit>

p(oj |x)

<latexit sha1_base64="CS9tC6Xn1qtJTdbDODv1f/zH4K8=">AAAB83icbVBNSwMxEJ31s9avqkcvwSJUkLJbinosePFYwX5Au5Rsmm1js9mQZMWy9m948aCIV/+MN/+NabsHbX0w8Hhvhpl5geRMG9f9dlZW19Y3NnNb+e2d3b39wsFhU8eJIrRBYh6rdoA15UzQhmGG07ZUFEcBp61gdD31Ww9UaRaLOzOW1I/wQLCQEWys1JUl0kvZ+f3k6fGsVyi6ZXcGtEy8jBQhQ71X+Or2Y5JEVBjCsdYdz5XGT7EyjHA6yXcTTSUmIzygHUsFjqj209nNE3RqlT4KY2VLGDRTf0+kONJ6HAW2M8JmqBe9qfif10lMeOWnTMjEUEHmi8KEIxOjaQCozxQlho8twUQxeysiQ6wwMTamvA3BW3x5mTQrZe+iXL2tFmuVLI4cHMMJlMCDS6jBDdShAQQkPMMrvDmJ8+K8Ox/z1hUnmzmCP3A+fwCT8pFZ</latexit>

p(ci,j |x)

<latexit sha1_base64="5/RhYe2OzPrBjqn/04R3NXm95ZI=">AAAB83icbVDLSgNBEOz1GeMr6tHLYBA8SNiVoB4DuXjwENE8ILuE2clsMmT2wUyvGJb8hhcPinj1Z7z5N06SPWhiQUNR1U13l59IodG2v62V1bX1jc3CVnF7Z3dvv3Rw2NJxqhhvsljGquNTzaWIeBMFSt5JFKehL3nbH9WnfvuRKy3i6AHHCfdCOohEIBhFI7ku8idEzOq395NeqWxX7BnIMnFyUoYcjV7py+3HLA15hExSrbuOnaCXUYWCST4puqnmCWUjOuBdQyMacu1ls5sn5NQofRLEylSEZKb+nshoqPU49E1nSHGoF72p+J/XTTG49jIRJSnyiM0XBakkGJNpAKQvFGcox4ZQpoS5lbAhVZShialoQnAWX14mrYuKc1mp3lXLtfM8jgIcwwmcgQNXUIMbaEATGCTwDK/wZqXWi/VufcxbV6x85gj+wPr8AUcHkcg=</latexit>

CLS

<latexit sha1_base64="xS949QCHpcQPQcj+cw9IehUcimk=">AAACAnicbVDLSsNAFJ3UV62vqCtxEyyCq5KUoi4L3bhwUdE+oIllMp20QycPZm6kJQQ3/oobF4q49Svc+TdO2iy09cCFwzn3cu89bsSZBNP81gorq2vrG8XN0tb2zu6evn/QlmEsCG2RkIei62JJOQtoCxhw2o0Exb7LaccdNzK/80CFZGFwB9OIOj4eBsxjBIOS+vqR7WMYuV4ySe8TG+gEAJLG9W2a9vWyWTFnMJaJlZMyytHs61/2ICSxTwMgHEvZs8wInAQLYITTtGTHkkaYjPGQ9hQNsE+lk8xeSI1TpQwMLxSqAjBm6u+JBPtSTn1XdWYHy0UvE//zejF4l07CgigGGpD5Ii/mBoRGlocxYIIS4FNFMBFM3WqQERaYgEqtpEKwFl9eJu1qxTqv1G5q5Xo1j6OIjtEJOkMWukB1dIWaqIUIekTP6BW9aU/ai/aufcxbC1o+c4j+QPv8AXoemBU=</latexit>

xCLS
<latexit sha1_base64="TJXLNs+iahmXtx9gHT+AkKECBPY=">AAAB83icbVDLSgMxFL3xWeur6tJNsAiuykwp6rLgxmUF+4DOWDJppg3NZIYkI5ahv+HGhSJu/Rl3/o2ZdhbaeiBwOOde7skJEsG1cZxvtLa+sbm1Xdop7+7tHxxWjo47Ok4VZW0ai1j1AqKZ4JK1DTeC9RLFSBQI1g0mN7nffWRK81jem2nC/IiMJA85JcZKnhcRMw7C7Gn2QAeVqlNz5sCrxC1IFQq0BpUvbxjTNGLSUEG07rtOYvyMKMOpYLOyl2qWEDohI9a3VJKIaT+bZ57hc6sMcRgr+6TBc/X3RkYiradRYCfzjHrZy8X/vH5qwms/4zJJDZN0cShMBTYxzgvAQ64YNWJqCaGK26yYjoki1NiayrYEd/nLq6RTr7mXtcZdo9qsF3WU4BTO4AJcuIIm3EIL2kAhgWd4hTeUohf0jj4Wo2uo2DmBP0CfP3LBkeo=</latexit>

xc

<latexit sha1_base64="xF/jZh70+Pc0Z1STpmtPUz+/Udc=">AAAB83icbVDLSgMxFL3xWeur6tJNsAiuykwp6rLgxmUF+4DOWDJppg3NZIYkI5ahv+HGhSJu/Rl3/o2ZdhbaeiBwOOde7skJEsG1cZxvtLa+sbm1Xdop7+7tHxxWjo47Ok4VZW0ai1j1AqKZ4JK1DTeC9RLFSBQI1g0mN7nffWRK81jem2nC/IiMJA85JcZKnhcRMw7C7Gn2oAeVqlNz5sCrxC1IFQq0BpUvbxjTNGLSUEG07rtOYvyMKMOpYLOyl2qWEDohI9a3VJKIaT+bZ57hc6sMcRgr+6TBc/X3RkYiradRYCfzjHrZy8X/vH5qwms/4zJJDZN0cShMBTYxzgvAQ64YNWJqCaGK26yYjoki1NiayrYEd/nLq6RTr7mXtcZdo9qsF3WU4BTO4AJcuIIm3EIL2kAhgWd4hTeUohf0jj4Wo2uo2DmBP0CfP4sBkfo=</latexit>

xs

<latexit sha1_base64="aKpXAsfj50uHUDDWyd2m4er5MeY=">AAAB83icbVDLSgMxFL3js9ZX1aWbYBFclZlS1GXBjcsK9gGdsWTSTBuaSYYkI5ahv+HGhSJu/Rl3/o2ZdhbaeiBwOOde7skJE860cd1vZ219Y3Nru7RT3t3bPzisHB13tEwVoW0iuVS9EGvKmaBtwwynvURRHIecdsPJTe53H6nSTIp7M01oEOORYBEj2FjJ92NsxmGUPc0e5KBSdWvuHGiVeAWpQoHWoPLlDyVJYyoM4VjrvucmJsiwMoxwOiv7qaYJJhM8on1LBY6pDrJ55hk6t8oQRVLZJwyaq783MhxrPY1DO5ln1MteLv7n9VMTXQcZE0lqqCCLQ1HKkZEoLwANmaLE8KklmChmsyIyxgoTY2sq2xK85S+vkk695l3WGneNarNe1FGCUziDC/DgCppwCy1oA4EEnuEV3pzUeXHenY/F6JpT7JzAHzifP4TxkfY=</latexit>

xo
…

0.05

<latexit sha1_base64="PajegCxyAgLmVpLFr+dNykR6AKk=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxIUZcFNy4r2Ae2Q8mkd9rQTGZMMkIZ+hduXCji1r9x59+YtrPQ1gOBwzn3knNPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3n1BpHst7M0nQj+hQ8pAzaqz00IuoGQVh9jjtlytu1Z2DrBIvJxXI0eiXv3qDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfzRNPyZlVBiSMlX3SkLn6eyOjkdaTKLCTs4R62ZuJ/3nd1ITXfsZlkhqUbPFRmApiYjI7nwy4QmbExBLKFLdZCRtRRZmxJZVsCd7yyaukdVH1Lqu1u1ql7uZ1FOEETuEcPLiCOtxCA5rAQMIzvMKbo50X5935WIwWnHznGP7A+fwB8BqRDA==</latexit>

q

<latexit sha1_base64="PajegCxyAgLmVpLFr+dNykR6AKk=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxIUZcFNy4r2Ae2Q8mkd9rQTGZMMkIZ+hduXCji1r9x59+YtrPQ1gOBwzn3knNPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3n1BpHst7M0nQj+hQ8pAzaqz00IuoGQVh9jjtlytu1Z2DrBIvJxXI0eiXv3qDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfzRNPyZlVBiSMlX3SkLn6eyOjkdaTKLCTs4R62ZuJ/3nd1ITXfsZlkhqUbPFRmApiYjI7nwy4QmbExBLKFLdZCRtRRZmxJZVsCd7yyaukdVH1Lqu1u1ql7uZ1FOEETuEcPLiCOtxCA5rAQMIzvMKbo50X5935WIwWnHznGP7A+fwB8BqRDA==</latexit>

q

<latexit sha1_base64="PajegCxyAgLmVpLFr+dNykR6AKk=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxIUZcFNy4r2Ae2Q8mkd9rQTGZMMkIZ+hduXCji1r9x59+YtrPQ1gOBwzn3knNPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3n1BpHst7M0nQj+hQ8pAzaqz00IuoGQVh9jjtlytu1Z2DrBIvJxXI0eiXv3qDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfzRNPyZlVBiSMlX3SkLn6eyOjkdaTKLCTs4R62ZuJ/3nd1ITXfsZlkhqUbPFRmApiYjI7nwy4QmbExBLKFLdZCRtRRZmxJZVsCd7yyaukdVH1Lqu1u1ql7uZ1FOEETuEcPLiCOtxCA5rAQMIzvMKbo50X5935WIwWnHznGP7A+fwB8BqRDA==</latexit>

q
<latexit sha1_base64="ztWC6Kuwm+0O0BLJ4ynpqbw/8uI=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GNBBI8V7Qe0oWy2k3bpZhN2N4US+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvjVFpHssnM0nQj+hA8pAzaqz0eNcb98oVt+rOQVaJl5MK5Kj3yl/dfszSCKVhgmrd8dzE+BlVhjOB01I31ZhQNqID7FgqaYTaz+anTsmZVfokjJUtachc/T2R0UjrSRTYzoiaoV72ZuJ/Xic14Y2fcZmkBiVbLApTQUxMZn+TPlfIjJhYQpni9lbChlRRZmw6JRuCt/zyKmleVL2r6uXDZaXm5nEU4QRO4Rw8uIYa3EMdGsBgAM/wCm+OcF6cd+dj0Vpw8plj+APn8wckFo2p</latexit>

Ev
<latexit sha1_base64="DWBZYzhI4eujxf7djN4xfQVFJ4M=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeCCB4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb2Z++4lrI2L1iJOE+xEdKhEKRtFKD7d97JcrbtWdg6wSLycVyNHol796g5ilEVfIJDWm67kJ+hnVKJjk01IvNTyhbEyHvGupohE3fjY/dUrOrDIgYaxtKSRz9fdERiNjJlFgOyOKI7PszcT/vG6K4bWfCZWkyBVbLApTSTAms7/JQGjOUE4soUwLeythI6opQ5tOyYbgLb+8SloXVe+yWruvVepuHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OZI58V5dz4WrQUnnzmGP3A+fwAhDo2n</latexit>

Et

+
“tomato”

<latexit sha1_base64="CW+RdQd7x6A1ufFA9+ByRXOOw4U=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6rLgxmUF+8A2lMn0ph06mYSZiVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSATXxnW/ndLa+sbmVnm7srO7t39QPTxq6zhVDFssFrHqBlSj4BJbhhuB3UQhjQKBnWBym/udJ1Sax/LBTBP0IzqSPOSMGis99iNqxkGYtWeDas2tu3OQVeIVpAYFmoPqV38YszRCaZigWvc8NzF+RpXhTOCs0k81JpRN6Ah7lkoaofazeeIZObPKkISxsk8aMld/b2Q00noaBXYyT6iXvVz8z+ulJrzxMy6T1KBki4/CVBATk/x8MuQKmRFTSyhT3GYlbEwVZcaWVLEleMsnr5L2Rd27ql/eX9YablFHGU7gFM7Bg2towB00oQUMJDzDK7w52nlx3p2PxWjJKXaO4Q+czx/HE5Dx</latexit>

V
0.03

FFN <latexit sha1_base64="C14bdOLRIhRyYemMZR14sedrEnw=">AAAB/3icbVDLSsNAFJ3UV62vqODGTbAIrkoiRV0W3LisYB/QhDKZ3LRDJw9mbpQSs/BX3LhQxK2/4c6/cfpYaOuBgcM593LPHD8VXKFtfxulldW19Y3yZmVre2d3z9w/aKskkwxaLBGJ7PpUgeAxtJCjgG4qgUa+gI4/up74nXuQiifxHY5T8CI6iHnIGUUt9c0j94EHgFwEkLsRxaEf5lgUfbNq1+wprGXizEmVzNHsm19ukLAsghiZoEr1HDtFL6cSORNQVNxMQUrZiA6gp2lMI1BePs1fWKdaCawwkfrFaE3V3xs5jZQaR76enERUi95E/M/rZRheeTmP0wwhZrNDYSYsTKxJGVbAJTAUY00ok1xntdiQSspQV1bRJTiLX14m7fOac1Gr39arDXteR5kckxNyRhxySRrkhjRJizDySJ7JK3kznowX4934mI2WjPnOIfkD4/MHIaaWxw==</latexit>et
<latexit sha1_base64="zKG+BbVqG5AD8xeXXauhG+giEmA=">AAAB/nicbVDLSsNAFJ3UV62vqLhyM1gEVyWRoi4LblxWsA9oQplMJ+3QySTM3AglBPwVNy4Ucet3uPNvnLRZaOuBgcM593LPnCARXIPjfFuVtfWNza3qdm1nd2//wD486uo4VZR1aCxi1Q+IZoJL1gEOgvUTxUgUCNYLpreF33tkSvNYPsAsYX5ExpKHnBIw0tA+8WJjF9uZFxGYBGEGeT60607DmQOvErckdVSiPbS/vFFM04hJoIJoPXCdBPyMKOBUsLzmpZolhE7JmA0MlSRi2s/m8XN8bpQRDmNlngQ8V39vZCTSehYFZrKIqJe9QvzPG6QQ3vgZl0kKTNLFoTAVGGJcdIFHXDEKYmYIoYqbrJhOiCIUTGM1U4K7/OVV0r1suFeN5n2z3nLKOqroFJ2hC+Sia9RCd6iNOoiiDD2jV/RmPVkv1rv1sRitWOXOMfoD6/MHcQOWZg==</latexit>

t
<latexit sha1_base64="q6+NyTO+a36f2gSPZV31TLxUFcU=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6rLgxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGN74mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtX9cv7y1rDLeoowwmcwjl4cA0NuIMmtICBgmd4hTfHOC/Ou/OxGC05xc4x/IHz+QP0qZEP</latexit>

t

Detail

+…

<latexit sha1_base64="xJkkJ9uOG7aGt8ytpyaQ8wov0MA=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclZlS1GXBjcsK9oFtKZk004ZmMmNyRyhD/8KNC0Xc+jfu/Bsz7Sy09UDgcM695Nzjx1IYdN1vZ219Y3Nru7BT3N3bPzgsHR23TJRoxpsskpHu+NRwKRRvokDJO7HmNPQlb/uTm8xvP3FtRKTucRrzfkhHSgSCUbTSQy+kOPaD9HE2KJXdijsHWSVeTsqQozEoffWGEUtCrpBJakzXc2Psp1SjYJLPir3E8JiyCR3xrqWKhtz003niGTm3ypAEkbZPIZmrvzdSGhozDX07mSU0y14m/ud1Ewyu+6lQcYJcscVHQSIJRiQ7nwyF5gzl1BLKtLBZCRtTTRnakoq2BG/55FXSqla8y0rtrlauV/M6CnAKZ3ABHlxBHW6hAU1goOAZXuHNMc6L8+58LEbXnHznBP7A+fwB8LSRDg==</latexit>q <latexit sha1_base64="71DvAsNHcWdE3Z43VSpnqhLJp2g=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxIUZcFN4KbCvaB7VAy6Z02NJMZkoxQhv6FGxeKuPVv3Pk3pu0stPVA4HDOveTcEySCa+O6305hbX1jc6u4XdrZ3ds/KB8etXScKoZNFotYdQKqUXCJTcONwE6ikEaBwHYwvpn57SdUmsfywUwS9CM6lDzkjBorPfYiakZBmN1N++WKW3XnIKvEy0kFcjT65a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/PEU3JmlQEJY2WfNGSu/t7IaKT1JArs5CyhXvZm4n9eNzXhtZ9xmaQGJVt8FKaCmJjMzicDrpAZMbGEMsVtVsJGVFFmbEklW4K3fPIqaV1Uvctq7b5Wqbt5HUU4gVM4Bw+uoA630IAmMJDwDK/w5mjnxXl3PhajBSffOYY/cD5/ALZckOY=</latexit>

K

0.24 …

Cross-Modal Traction

…

CMT
<latexit sha1_base64="c0EbaNYJPaYWegMYHdTJNA0fw9M=">AAAB73icbVBNSwMxEJ3Ur1q/qh69BItQL2W3FPVY8OKxgv2AdinZNNuGZrNrkhXL2j/hxYMiXv073vw3pu0etPXBwOO9GWbm+bHg2jjON8qtrW9sbuW3Czu7e/sHxcOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98fXMbz8wpXkk78wkZl5IhpIHnBJjpU5c1n3+9HjeL5acijMHXiVuRkqQodEvfvUGEU1CJg0VROuu68TGS4kynAo2LfQSzWJCx2TIupZKEjLtpfN7p/jMKgMcRMqWNHiu/p5ISaj1JPRtZ0jMSC97M/E/r5uY4MpLuYwTwyRdLAoSgU2EZ8/jAVeMGjGxhFDF7a2Yjogi1NiICjYEd/nlVdKqVtyLSu22VqpXszjycAKnUAYXLqEON9CAJlAQ8Ayv8Ibu0Qt6Rx+L1hzKZo7hD9DnD69Oj7M=</latexit>
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Figure 4. Overview of the proposed Troika.

tively optimize the parameters in a multi-task learning [42]
manner. And for inference, the prediction results of state
and object can be incorporated to assist the composition
branch. Formally, the integrated composition probability
p̃(ci,j |x) is defined as

p̃(ci,j |x) = p(ci,j |x) + p(si|x) · p(oj |x), (1)

where the joint distribution of composition probabilities,
when attribute and object predictions are considered inde-
pendent of each other, is treated as a bias correction for the
direct prediction of compositions. And the most likely com-
position can be predicted as

ĉ = argmax
ci,j∈Ctgt

(p̃(ci,j |x)) , (2)

thereby mitigating the excessive bias towards seen compo-
sitions and promoting a more robust recognition system.
Without further implementation constraints, the flexibility
of the Multi-Path paradigm allows for the free derivation of
new methods based on powerful VLMs. To demonstrate the
usability and effectiveness of the proposed paradigm, we
follow it to rapidly extend the two popular baseline mod-
els, CLIP [33] and CoOp [43], and illustrate the significant
improvements in Tab. 1.

4. Troika: An Efficient Implementation
To adhere to the paradigm for more efficient solutions,
the multi-modal feature extraction across branches must be
carefully designed. In this section, we first detail how the
proposed Troika develops a range of instantiations. Then,
we introduce the plug-and-play Cross-Modal Traction mod-
ule for Troika. An overview of Troika is illustrated in Fig. 4.

4.1. Instantiations

Learning Prompt Representations. Since the compo-
sition prompt can only elicit information related to seen
compositions from VLMs, Troika respectively conducts
prompts for the state, object, and composition branch.
Compared to the DFSP [23] approach that decomposes the

text features into state and object ones, individual prompts
for different semantic components activate the backbone
from input, thus maximizing the exploitation of pre-trained
knowledge. Moreover, as the semantic roles of the target
classes on each branch are different, it is natural to introduce
different priors through special contexts. Therefore, while
maintaining the same primitive vocabulary as a cue of se-
mantic compositionality, we employ an independent prompt
prefix for each branch of Troika. For each state-object pair
ci,j = ⟨si, oj⟩, the state prompt Ps

i , object prompt Po
j , and

composition prompt Pc
i,j can be constructed as

Ps
i = [ps

1, . . . ,p
s
m,vs

i ], (3)
Po

j = [po
1, . . . ,p

o
m,vo

j ], (4)

Pc
i,j = [pc

1, . . . ,p
c
m,vs

i ,v
o
j ], (5)

where {ps
1, . . . ,p

s
m}, {po

1, . . . ,p
o
m}, and {pc

1, . . . ,p
c
m} are

the learnable state prefix, object prefix, and composition
prefix, respectively. These fully trainable prompts are then
fed into the text encoder Et to obtain the prompt represen-
tation for each branch, formulated as

tsi = Et(P
s
i ), toj = Et(P

o
j), tci,j = Et(P

c
i,j). (6)

Learning Visual Representations. While existing meth-
ods [23, 29, 37] directly apply the frozen image encoder,
we first trial several easy-to-implement and effective PETL
techniques. Based on the experimental results, we finally
introduce Adapter [9] to adapt the image encoder without
updating its original parameters. These small neural mod-
ules (adapters) can also be freely replaced by more com-
plicated techniques to pursue further enhancements. Then,
to establish cross-modal alignment on each branch, specific
visual features for the composition, state, and object should
be extracted. Still treating the image representation xCLS as
the composition visual representation xc, we introduce the
state disentangler Ds and object disentangler Do to decom-
pose the state and object visual features xs and xo as

xs = Ds(xCLS), xo = Do(xCLS), xc = xCLS, (7)
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where Ds and Do are implemented with two individual
MLPs. This simple structure provides the necessary non-
linear mapping to resolve primitive-specific features from
entangled global features.

Training. Given the prompt representations and visual
features specified with different branches, the probability of
assigning labels of the state si, object oj , and composition
ci,j to the image can be computed separately as

p(si|x) =
exp(xs · tsi/τ)∑|S|
k=1 exp(x

s · tsk/τ)
, (8)

p(oj |x) =
exp(xo · toj/τ)∑|O|
k=1 exp(x

o · tok/τ)
, (9)

p(ci,j |x) =
exp(xc · tci,j/τ)∑|Ctgt|
k=1 exp(xc · tck/τ)

, (10)

where τ ∈ R is the pre-trained temperature parameter from
CLIP. In each branch, the cross-entropy loss encourages the
model to explicitly recognize the corresponding semantic
role, described as

Ls = − 1

|X |
∑

x∈X
log p(s|x), (11)

Lo = − 1

|X |
∑

x∈X
log p(o|x), (12)

Lc = − 1

|X |
∑

x∈X
log p(c|x). (13)

Therefore, the overall training loss Lall is defined as

Lall = αsLs + αoLo + αcLc, (14)

where αs, αo, αc ∈ R are weighting coefficients to balance
the influences of different losses. Note that we have omitted
the weight decay here for simplicity. Troika adheres to the
unified inference of the Multi-Path paradigm (i.e., Eqs. (1)
and (2)) without making any additional modifications.

4.2. Cross-Modal Traction

Although inheriting the rich cross-modal understanding of
VLMs, discrepancies may still exist between semantically
similar vision-language representations. Given the same
semantic concept, the static and monotonous prompt rep-
resentation naturally fails to be commonly optimal for all
input images that come from a plentiful distribution. This
issue becomes more serious in the additional state and ob-
ject branches, as the visual content of the same primitive
changes considerably when paired with different primitives.
Therefore, we further develop a Cross-Modal Traction mod-
ule for Troika. The module adaptively shifts the prompt
representation to accommodate the content diversity and di-
minish the cross-modal discrepancies. In this process, rele-
vant patch features serve as the guidance to avoid noise from
semantic-agnostic sub-regions interfering with the traction.

Specifically, the Cross-Modal Traction module is com-

Training Validation Test
Dataset S O Cse X Cse Cus X Cse Cus X
MIT-States [11] 115 245 1262 30k 300 300 10k 400 400 13k
UT-Zappos [38] 16 12 83 23k 15 15 3k 18 18 3k
C-GQA [27] 413 674 5592 27k 1252 1040 7k 888 923 5k

Table 2. Statistics of three datasets in our experiments. The
number of elements in each set is reported.

posed of a stack of N blocks, and in each block, we first
consider a scaled dot product attention mechanism [35]
with the prompt representation attending to all patch to-
kens. Given the input prompt representation t that comes
from an arbitrary branch, we first acquire the patch tokens
Xp ∈ RNp×d after projecting them with the linear layer
gproj . Then, the query, key and value can be derived as

q = tWq, K = XpWK , V = XpWV , (15)

where Wq,WK ,WV ∈ Rd×dattn

are the parameter matri-
ces, and dattn is the dimension of the single-head attention.
The dot product attention gives relevance weights from t
to each patch token, which are used to aggregate the value-
projected patch tokens as

t = Attention(q,K,V) = softmax
(

qK⊤
√
dattn

)
V. (16)

In practice, a multi-head design with h = d/dattn parallel
attention heads is naturally introduced to diversify represen-
tation subspaces. After the attention layer, a feed-forward
network FFN, implemented as a MLP, is introduced as

t̃ = FFN(t) = σ(tW1 + b1)W2 + b2, (17)

where W1,W2 are parameter matrices, b1,b2 are bias
terms, and σ(·) is a nonlinear activation function. Note
that for both the attention and the feed-forward network, we
omit the residual connections around them for simplicity.
Then, we can update the prompt representation as

t← t+ λ · t̃, (18)

where λ ∈ Rd is a trainable parameter vector controlling
the strength of the cross-modal traction in each dimension.
t̃ can be viewed as a traction that pulls t towards the vi-
sual content. And the whole module can be seamlessly in-
serted into each branch before calculating the cross-modal
matching probability. In practice, all three branches share
the same module to reduce the parameter overhead.

5. Experiments

5.1. Experimental Setup

Datasets. We experiment with three real-world CZSL
benchmarks: MIT-States [11], UT-Zappos [38], and C-
GQA [27]. We follow the split suggested by previous
works [29, 32], and summarize detailed statistics in Tab. 2.
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Method MIT-States UT-Zappos C-GQA
S U HM AUC S U HM AUC S U HM AUC

Closed-world Results
CLIP [33] 30.2 46.0 26.1 11.0 15.8 49.1 15.6 5.0 7.5 25.0 8.6 1.4
CoOp [43] 34.4 47.6 29.8 13.5 52.1 49.3 34.6 18.8 20.5 26.8 17.1 4.4
CSP [29] 46.6 49.9 36.3 19.4 64.2 66.2 46.6 33.0 28.8 26.8 20.5 6.2
PromptCompVL [37] 48.5 47.2 35.3 18.3 64.4 64.0 46.1 32.2 - - - -
DFSP(i2t) [23] 47.4 52.4 37.2 20.7 64.2 66.4 45.1 32.1 35.6 29.3 24.3 8.7
DFSP(BiF) [23] 47.1 52.8 37.7 20.8 63.3 69.2 47.1 33.5 36.5 32.0 26.2 9.9
DFSP(t2i) [23] 46.9 52.0 37.3 20.6 66.7 71.7 47.2 36.0 38.2 32.0 27.1 10.5
Troika (Ours) 49.0±0.4 53.0±0.2 39.3±0.2 22.1±0.1 66.8±1.1 73.8±0.6 54.6±0.5 41.7±0.7 41.0±0.2 35.7±0.3 29.4±0.2 12.4±0.1

Open-world Results
CLIP [33] 30.1 14.3 12.8 3.0 15.7 20.6 11.2 2.2 7.5 4.6 4.0 0.27
CoOp [43] 34.6 9.3 12.3 2.8 52.1 31.5 28.9 13.2 21.0 4.6 5.5 0.70
CSP [29] 46.3 15.7 17.4 5.7 64.1 44.1 38.9 22.7 28.7 5.2 6.9 1.20
PromptCompVL [37] 48.5 16.0 17.7 6.1 64.6 44.0 37.1 21.6 - - - -
DFSP(i2t) [23] 47.2 18.2 19.1 6.7 64.3 53.8 41.2 26.4 35.6 6.5 9.0 1.95
DFSP(BiF) [23] 47.1 18.1 19.2 6.7 63.5 57.2 42.7 27.6 36.4 7.6 10.6 2.39
DFSP(t2i) [23] 47.5 18.5 19.3 6.8 66.8 60.0 44.0 30.3 38.3 7.2 10.4 2.40
Troika (Ours) 48.8±0.4 18.7±0.1 20.1±0.1 7.2±0.1 66.4±1.0 61.2±1.0 47.8±1.3 33.0±1.0 40.8±0.2 7.9±0.2 10.9±0.3 2.70±0.1

Table 3. Main results on three benchmarks. All methods use a CLIP ViT-L/14 backbone. For our Troika, we report the average
performance on 5 random seeds with standard error.

Metrics. We follow the evaluation protocol of previous
works [27, 32, 41], where a calibration bias trades off be-
tween the prediction scores of seen and unseen pairs at test
time. While varying the candidate bias from −∞ to +∞,
a curve can be drawn with the accuracy of seen and unseen
pairs. To quantify the overall performance on both seen and
unseen pairs, we compute the area under the curve (AUC)
and find the point with the best harmonic mean (HM) be-
tween the seen and unseen accuracy. We also report the best
seen accuracy (S) by adjusting the bias to −∞, and the best
unseen accuracy (U) by adjusting the bias to +∞.

Implementation Details. We implement Troika with a
pre-trained CLIP ViT-L/14 model in PyTorch [30]. The
model is trained and evaluated on an NVIDIA A100 GPU.
For the open-world evaluation, we follow the post-training
calibration method [29] to filter out infeasible compositions.
More details can be found in the supplementary material.

5.2. Main Results

For a fair comparison, we primarily compare with CLIP-
based methods using the same CLIP ViT-L/14 backbone.
In particular, pre-trained CLIP [33], CoOp [43], CSP [29],
PromptCompVL [37], and all versions of DFSP [23] are
considered. For comparisons with more baselines involved,
please refer to the supplementary material.

In Tab. 3, we report both closed-world and open-world
results. On the closed-world setting, our Troika exceeds the
previous SOTA methods on MIT-States, UT-Zappos, and
C-GQA. Specifically, relative to existing methods, Troika
improves the HM by +2.0%, +7.4%, +2.3%, and the AUC
by +1.5%, +5.7%, +1.9% respectively on three datasets.
And Troika also achieves the best seen and unseen accu-
racies on these datasets. On the open-world setting, our
Troika also achieves the SOTA results on the three datasets

Branch UT-Zappos C-GQA
c s o S U HM AUC S U HM AUC

Training + Inference
✓ ✓ ✓ 66.8 73.8 54.6 41.7 41.0 35.7 29.4 12.4
✓ 66.8 74.5 49.9 37.7 39.6 34.3 28.9 11.6

✓ ✓ 67.9 69.4 47.0 35.7 35.8 20.2 19.1 5.9
✓ ✓ 63.4 73.9 51.1 38.6 40.5 34.4 28.8 11.8
✓ ✓ 67.2 73.1 49.7 37.7 39.5 33.8 28.8 11.5

Inference
✓ ✓ ✓ 66.8 73.8 54.6 41.7 41.0 35.7 29.4 12.4
✓ 68.2 72.1 53.0 41.0 39.6 34.0 28.3 11.5

✓ ✓ 66.4 68.8 46.5 34.5 36.9 20.7 19.8 6.3
✓ ✓ 66.3 70.0 53.7 39.9 40.7 33.7 28.8 11.7
✓ ✓ 68.2 72.9 52.0 40.4 40.0 34.4 28.4 11.7

Table 4. Ablation on the Multi-Path paradigm. The best results
are obtained by keeping all three branches in both the training and
inference phases.

in terms of almost all metrics. The only exception is
that the best seen accuracy of Troika is 0.4% lower than
DFSP(t2i) [23]. However, Troika outperforms the existing
methods by +0.8%, +3.8%, +0.5% in terms of the HM, and
by +0.4%, +2.7%, +0.3% in terms of the AUC on the three
datasets, indicating that our Troika achieves a more consis-
tent and comprehensive performance.

5.3. Ablation Study

To empirically show the effectiveness of our framework
design, we conduct extensive experiments and report the
closed-world results for the ablation study.
Ablation on Multi-Path Paradigm. In Tab. 4, we remove
one or more specific branches at a time to prove that all
branches in the Multi-Path paradigm contribute. Specifi-
cally, two scenarios are considered: (1) Training + Infer-
ence, which refers to simultaneously eliminating the effects
of the corresponding branches in both training and infer-
ence phases, i.e., removing the corresponding losses from
Eq. (14) and the corresponding probabilities from Eq. (1).
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UT-Zappos C-GQA
Prefix Vocab. S U HM AUC S U HM AUC
c|s|o cso 66.8 73.8 54.6 41.7 41.0 35.7 29.4 12.4
cso cso 66.8 72.8 54.0 41.1 39.6 32.9 28.7 11.3
c|so cso 66.2 72.9 54.5 41.4 39.8 33.7 28.9 11.6
c|s|o c|s|o 67.2 72.5 52.9 40.8 39.9 33.0 28.9 11.5

Table 5. Ablation on individual prefixes and shared vocabu-
lary. Branches separated by “|” do not share the corresponding
prompt parameters.

Troika
UT-Zappos C-GQA

S U HM AUC S U HM AUC
w/ CMT 66.8 73.8 54.6 41.7 41.0 35.7 29.4 12.4

w/o CMT 64.4 70.7 51.9 37.8 38.5 33.2 27.9 11.0
Table 6. Ablation on the Cross-Modal Traction module.

(2) Inference, which refers to eliminating the effects of the
corresponding branches only during inference, leaving the
training loss unchanged. Several observations in the table
are worth highlighting: (1) In both scenarios, removing the
composition branch results in the greatest drop in perfor-
mance, illustrating the importance of the branch for learn-
ing compositionality. (2) Generally, removing the branches
only during inference achieves a better result than remov-
ing them in both phases, indicating that all loss items have
a positive impact. (3) Keeping all branches in both scenar-
ios leads to the best HM and AUC. Note that some cases on
UT-Zappos achieve a higher best seen or unseen accuracy,
which only means that they might be better in unrealistic
extremes. And their worse HM and AUC suggest that re-
moving branches would introduce instability.
Ablation on Prefix and Vocabulary Design. In Tab. 5,
based on the current design of Troika (the top row), we
first allow all three branches to share the prefix parameters
(the second row), as well as allowing only the state and ob-
ject branches to share the prefix parameters (the third row).
We can observe that separating the prefixes of the composi-
tion branch and the primitive branches leads to higher HM
and AUC. Moreover, maintaining an individual prefix for
each branch achieves the best results for all metrics. The
results show that it is necessary to inject branch-specific
prior knowledge into the prefix parameters. We also attempt
to build an individual primitive vocabulary for each branch
(the bottom row), which results in a significant drop in per-
formance. We attribute this to a disruption of the semantic
dependency modeling. As a conclusion, jointly optimizing
the shared vocabulary parameters from multiple paths con-
tributes to the compositional learning.
Ablation on Cross-Modal Traction Module. In Tab. 6,
we validate the effectiveness of our Cross-Modal Traction
module by removing it from Troika. We can observe that
equipping Troika with the Cross-Modal Traction module
boosts the HM by 2.1% and the AUC by 2.65% in average.
This illustrates that by effectively calibrating cross-modal
deviations, the adaptive traction improves the accuracy.

To qualitatively evaluate whether the Cross-Modal Trac-

small box blunt sword

cored rope wrinkled dress

Figure 5. Visualization analysis of the Cross-Modal Traction
module. We show the original image and the visualization result
in pairs. The brighter the patch, the greater its role in the traction.

tion module indeed exploits the semantically similar patch
features, we also visualize the attention weights of several
test samples from MIT-States in Fig. 5. We can observe
that the patches that are closer to the label semantics re-
ceive more attention, which also means that they contribute
more to the cross-modal traction.
Ablation on Visual Tuning Strategy. In Tab. 7, we com-
pare the following popular tuning strategies for the pre-
trained image encoder: (1) None: freeze the encoder with-
out updating its parameters. (2) Full: fully update all pa-
rameters of the encoder. (3) Bias [2, 39]: fine-tune only
the bias terms. (4) Proj [12]: fine-tune only the last lin-
ear projection layer gproj . (5) Partial [12]: fine-tune only
the last block of the Transformer inside the encoder. (6)
Prompt [12]: fine-tune only the trainable prompt tokens in-
serted into the token sequence X. (7) Adapter [3, 9]: fine-
tune only the adapter modules inserted into the Transformer
inside the encoder, which is currently applied by Troika.

We here highlight some observations from the table: (1)
Without adopting any tuning strategies for the image en-
coder, our approach still outperforms existing CLIP-based
methods on most datasets, demonstrating the effective-
ness of our proposed innovations including the multi-patch
paradigm and Cross-Modal Traction mechanism. (2) Al-
though fully fine-tuning the image encoder achieves the best
results on C-GQA, it hurts the performance on MIT-States
and UT-Zappos to even underperform freezing the encoder.
Since C-GQA has much more training classes than the other
two datasets, the observation suggests that fully fine-tuning
the large pre-trained model easily overfits the training data,
which results in poor generalization. We note that this con-
clusion is consistent with existing studies [29, 34]. (3) All
parameter-efficient tuning strategies, including those tune
part of the original parameters (Bias, Proj, Partial) and
tune additional parameters (Prompt, Adapter), significantly
boost the performance compared to freezing the image en-
coder. (4) Our applied Adapter achieves the most best re-
sults while its performance remains in the top two, indicat-
ing the superiority of our method design.
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Visual Tuning
MIT-States UT-Zappos C-GQA

S U HM AUC S U HM AUC S U HM AUC
None 48.3 50.8 37.5 20.6 62.7 70.7 50.3 36.2 34.8 29.5 24.2 8.5
Full 41.7 36.3 28.7 12.2 48.9 57.4 34.4 19.1 44.5 36.5 31.8 14.1
Bias [2] 48.6 52.4 38.8 21.7 66.8 70.4 51.1 38.1 37.4 32.9 27.0 10.3
Proj [12] 47.9 51.6 38.4 20.9 63.9 71.4 52.3 38.9 35.5 29.1 24.5 8.7
Partial [12] 49.9 51.3 38.0 21.4 65.1 70.8 53.9 39.3 38.4 33.3 28.1 11.1
Prompt [12] 48.9 51.3 38.1 21.3 65.0 71.2 51.1 38.0 36.7 30.6 26.1 9.6
Adapter [9] 49.0 53.0 39.3 22.1 66.8 73.8 54.6 41.7 41.0 35.7 29.4 12.4

Table 7. Ablation on visual tuning strategy. Best results are displayed in boldface, and second best results are underlined.

Ground truth
Troika
w/o MP
w/o CMT

MIT-States

ruffled cake
ruffled cake
ruffled cake
ruffled cake

wet cat
wet cat

young cat
wet cat

diced salmon
diced salmon
diced salmon

sliced persimmon

crumpled bag
crumpled bag

unpainted ceramic
unpainted ceramic

engraved camera
engraved camera
unpainted wood
pressed wood

foggy window
grimy window
thawed snow
grimy window

cracked egg
cracked shell
cracked shell
cracked shell

cored rope
thin cord
thin cord

folded bracelet

Success Cases Failure Cases

Ground truth
Troika
w/o MP
w/o CMT

C-GQA

green bird
green bird
green bird
green bird

blue dress
blue dress
blue chair
blue dress

silver spoon
silver spoon
silver spoon
white table

white shirt
white shirt
white shirt

white motorcycle

brown toast
brown toast
white toast
white bread

open shop
closed shop
gray building

blue shop

green leaf
green bush
green bush
green bush

stone house
beige building
beige building
stone balcony

Figure 6. Qualitative results. We show top-1 predictions for randomly selected cases from MIT-States (the top row) and C-GQA (the
bottom row). The complete Troika correctly predicts the examples of five cols on the left, and fails on the examples of three cols on the
right. Predictions when removing the Multi-Path paradigm (i.e., w/o MP) or the Cross-Modal Traction module (i.e., w/o CMT) are also
reported. Green denotes the correct prediction and red denotes the wrong prediction.

5.4. Qualitative Results

In Fig. 6, we visualize some qualitative results for both seen
and unseen compositions, where the showed cases are ran-
domly sampled from the test set of MIT-States and C-GQA
datasets. We report the predictions of the complete Troika
and the models that remove the Multi-Path paradigm or the
Cross-Modal Traction module. It can be observed that ben-
efiting from both two innovations, Troika recognizes the
compositions with higher accuracy. Taking the 5th case in
the top row as an example, while the incomplete methods
may be confused by the color and material presented by
the object, the complete Troika can focus on details such
as shape, surface texture, and even local regions containing
lens for comprehensive reasoning. We also show some fail-
ure cases, where the entanglement of visual features places
extreme demands on combinatorial understanding. How-
ever, the proposed Multi-Path paradigm enables the com-
plete Troika to correctly identify part of the contained prim-
itives. For the cases of complete prediction errors, although
different from the provided labels, we find that the predic-
tions can also interpret the content of these images. This
indicates the effectiveness of our Troika from another per-
spective beyond the metrics.

6. Conclusion

In this paper, we explore the universal solution of adapting
pre-trained VLMs for the downstream CZSL task. We first
propose a novel and flexible Multi-Path paradigm that re-
quires the simultaneous and explicit modeling of the state,
object, and composition. On top of that, follow-up re-
searches can easily generate various new approaches with
different multi-modal features. And we develop a method
named Troika, which implements the paradigm with so-
phisticated designs on both the language and vision sides.
We also present a Cross-Modal Traction module to improve
Troika by calibrating the bias between the static prompt rep-
resentation and diverse visual content. Both closed-world
and open-world results on three benchmarks illustrate the
superiority of Troika, and extensive ablations also demon-
strate the effectiveness of each component. We hope that
our work can inspire future research on exploiting founda-
tional VLMs for compositional learning.
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