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Abstract. We for the first time extend multi-modal scene understanding to include that of free-hand scene sketches. This uniquely results in
a trilogy of scene data modalities (sketch, text, and photo), where each
offers unique perspectives for scene understanding, and together enable a
series of novel scene-specific applications across discriminative (retrieval)
and generative (captioning) tasks. Our key objective is to learn a common
three-way embedding space that enables many-to-many modality interactions (e.g, sketch+text → photo retrieval). We importantly leverage
the information bottleneck theory to achieve this goal, where we (i) decouple intra-modality information by minimising the mutual information
between modality-specific and modality-agnostic components via a conditional invertible neural network, and (ii) align cross-modalities information by maximising the mutual information between their modalityagnostic components using InfoNCE, with a specific multihead attention
mechanism to allow many-to-many modality interactions. We spell out
a few insights on the complementarity of each modality for scene understanding, and study for the first time a series of scene-specific applications like joint sketch- and text-based image retrieval, sketch captioning.

1

Introduction

Scene understanding sits at the very core of computer vision. As research matures
on object-level understanding [18, 23], an encouraging shift has been witnessed
in recent years on the understanding of scenes, e.g., scene recognition [93], scene
captioning [48], scene synthesis [24], and scene retrieval [11, 49].
The development of scene research has largely progressed from that of single
modality [93, 94] to the very recent focus on multi-modality [11, 5]. The latter
setting not only triggered a series of practical applications [87, 24, 49, 95] but
importantly helped to cast insights into scene understanding on a conceptual
level (i.e., what is really being perceived by humans). To date, research on multimodal scene understanding has mainly focused on two modalities – text and
photo [51,54,53]. Through applications such as text-based scene retrieval (TBIR)
[26] and scene captioning [54, 53, 17], a deeper research question was asked: To
what level can text represent the human interpretation of a scene?
In this paper, we follow this trend of multi-modal scene understanding and
importantly set out to further our understanding of different forms of scene
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Fig. 1. We learn a common three-way embedding space that enables many-to-many
modality interactions. To decouple the intra-modality information we minimise mutual
information between (text-specific, sketch-specific, photo-specific) and (text-agnostic,
sketch-agnostic, photo-agnostic) components. We align cross-modalities by maximising
mutual information between the agnostic components (text-agnostic, sketch-agnostic,
photo-agnostic) using multihead attention on top of InfoNCE.

representation (i.e., other than just text and photo). Our main contribution is
the introduction of an entirely new modality for scene understanding, that of
scene sketches in context of a trilogy of scene representations – sketch, text,
and photo). However, achieving this trilogy is non-trivial due to the distinct
differences across sketch, text, and photo modalities. Naively mapping the information extracted from all three modalities does not fully accommodate for
their complementarity [50]. This is because sketch, text, and photo modalities
are not necessarily isomorphic i.e., while sketch inherently encode object pose
and structure, it leaves other details open, like colour which comes naturally for
text and photo. It is well-acknowledged that existing works specifically aligning
text and photo (i.e., two modalities), such as CAMP [86] or CLIP [61], perform well on tasks that dictate a common embedding (e.g., retrieval) but fails
to generalise to ones that require modality-specific information (e.g., captioning) [53]. On the other hand, more general cross modality works with three or
more modalities [5, 75] typically use a naive triplet-based loss without modeling the interactions across modalities to support tasks such as joint sketch- and
text-based image retrieval.
To fully explore the unique attributes of each modality and to underpin
a many-to-many modality interactions, we desire an embedding that (i) knows
modality-specific information, e.g., grammatical knowledge for text, and different
drawing styles for sketch, and texture information of non-salient photo regions
(ii) has the flexibility in exploring the complementarity of modality-agnostic
information extracted from individual modalities in a many-to-many manner,
and in turn support novel tasks such as joint sketch- and text-based image
retrieval (relating two modalities, i.e., sketch and text with one, i.e., photo).
In this paper, we overcome the aforementioned challenges by leveraging an interpretation of information bottleneck to learn a shared embedding space across
the trilogy of sketch, text, and photo. Fig. 1 offers a schematic of the overall
learning framework. We start by conducting intra-modality reasoning to decouple
modality-agnostic information and modality-specific information, by minimising
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their mutual information using a conditional invertible neural network [4, 64].
We then combine the modality-agnostic information from each modality to reason around the complementary information residing in each modality. This is
achieved by maximising the mutual information across sketch-agnostic, photoagnostic and text-agnostic feature using InfoNCE [56,74]. We importantly leverage a multihead attention mechanism [40] on top of InfoNCE to model manyto-many associations across the three modalities.
In summary, our contributions are: (i) We extend multi-modal scene understanding to include that of free-hand scene sketches. (ii) This uniquely results
in a trilogy of scene modalities (sketch, text, and photo) by learning a common
three-way embedding space that enables many-to-many modality interactions.
(iii) We leverage information bottleneck to achieve this goal, where we decouple intra-modality information between modality-specific and modality-agnostic
components using conditional invertible neural networks, (iv) to align crossmodalities information for many-to-many modality interactions we use InfoNCE
with a multihead attention mechanism.

2
2.1

Related Work
Sketch Understanding

Early efforts were focused on sketch recognition [23, 30, 70, 42]. It started with
hand-crafted representations such as bag-of-words [23] and Fisher Vector [70] to
deep neural networks with impressive outcomes like sketch recognition methods
outperforming humans [60]. The research focus, however, has been predominantly on single-object sketches, via applications such as sketch recognition [23],
sketch segmentation [78, 32, 71, 69], sketch synthesis [25, 9], or in a cross-modal
setting such as fine-grained sketch-based photo retrieval [10, 67], sketch-based
photo editing [58], sketch-based image generation [12]. As research matures,
recent works naturally took a step towards scene-level for deeper and richer
reasoning about sketched visual forms [95, 24, 49]. Zou et al. [95] studied segmentation and colourisation on scene-level sketches. Gao et al. [24] proposed
scene-sketch to image generation via a generative adversarial approach in two
sequential modules. Liu et al. [49] investigated fine-grained scene sketch-based
image retrieval using graph convolutional networks. However, existing works are
primarily limited to understanding scene sketches and its relation with photos.
Prior work [75] has shown the complimentarity of sketches, text, and photos on
object-level. We explore this complementarity for the more complex and realistic
setup of scene understanding with the introduction of SceneTrilogy.
2.2

Cross-Modal Mapping

Most contemporary cross-modal work focused on text and photo, via image captioning [85, 87, 3]. In particular splitting information into modality-specific and
shared agnostic representation using conditional invertible neural network has
shown to benefit cross-modal transfer [64], where Mahajan et al. [53] employed
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Fig. 2. Schematic representation of the proposed model for SceneTrilogy. Our unified
model overcomes the extreme modality gap between Sketch, Text, and Photo by splitting information into modality-agnostic and modality-specific component using conditional Invertible Neural Network. The modality-agnostic components are combined
using multihead attention mechanism. Finally, to align the modality-agnostic components from sketch, text, and photo, we employ InfoNCE.

normalising flow [20] to bridge the modality gap. A popular approach for maximising cross-modal mutual information is InfoNCE [56], albeit specifically for
two modality problems [31, 91, 79]. Recently, the multihead attention mechanism [40] has found a new application in combining information from multiple
modalities. Perceiver [33] shows remarkable ability to understand information
from image, text, and point cloud for the task of classification. In this paper,
to bridge the extreme modality gap between sketch, text, and image, we split
the information encoded from each modality using conditional invertible neural
network [4, 64], followed by combining different query modalities like sketch and
text using multihead attention [40]. Finally, we align query modalities with target
(e.g., image) modalities using InfoNCE [56] by maximising mutual information.
Further discussion on relevant work is included in the supplementary.

3

Methodology

We propose a unified model (illustrated in Fig. 2) that can model the joint
distribution of Sketch, Text, and Photo – SceneTrilogy. The resulting model
can perform several downstream tasks (i) fine-grained sketch-based image retrieval (FG-SBIR), (ii) fine-grained text-based image retrieval (FG-TBIR), (iii)
fine-grained sketch+text based image retrieval (FG-STBIR), (v) image captioning, (vi) sketch captioning. Mapping feature representations across modalities
using mean-squared distance is sub-optimal as (i) Such naive approaches do
not decouple modality-specific information from modality-agnostic component.
(ii) In addition, unimodal losses such as mean squared error cannot preserve
high-dimensional scene information across sketch, text, and photo [56]. Hence,
in this paper, we use information bottleneck principles to decouple modalityagnostic from modality-specific information. The modality-agnostic components
from sketch, text, and photo are aligned together using a combination of multihead attention [40] and InfoNCE [56]. First, we provide a background of the
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retrieval framework followed by a brief overview of captioning. Next, we introduce the training setup of SceneTrilogy. Finally, we show how the trained unified
model can be used to perform FG-STBIR and sketch captioning.
3.1 Background
Background Retrieval Framework: First, we briefly summarize a baseline
retrieval framework that remains state-of-the-art for fine-grained sketch-based
image retrieval (FGSBIR) literature to date. Given a query-target pair (e.g.,
sketch-image) represented as (Qr, Tr), a feature extractor Fθ (·) parameterised
by θ is used to get the feature map U = Fθ (Qr) ∈ RhQr ×wQr ×c and V =
Fθ (Tr) ∈ RhT r ×wT r ×c . The encoder Fθ can be modelled by CNN [88], LSTM [42],
Transformer [46], Graphs [49,59,77], or their combination [8]. We perform Global
Average Pooling (GAP) [47] on the backbone output feature-map to obtain final
feature representation U : RhQr ×wQr ×c → Rc and V : RhT r ×wT r ×c → Rc . For
training, the distance to query anchor (a) from negative target (n), denoted as
β − = ||F(a) − F(n)||2 should increase while that from the positive target (p),
β + = ||F(a) − F(p)||2 should decrease. Training is achieved via triplet loss with
a margin µ > 0 as a hyperparameter:
  \mathrm {L}^{trip} = max\{0, \mu + \beta ^{+} - \beta ^{-}\} 

(1)

Background Captioning Framework: Next, we briefly introduce a popular
captioning framework [87,51]. Given a query Qr (e.g., sketch or image), the goal
of captioning is to generate a textual description T = {w1 , w2 , . . . , wT }, where
the ground-truth is denoted by T∗ = {w1∗ , w2∗ , . . . , wT∗ }. A feature extractor
Fθ parameterised by θ is used to encode the query Qr to get the feature map
U = Fθ (Qr) ∈ RhQr ×wQr ×c , followed by GAP to get U : RhQr ×wQr ×c → Rc . The
decoder pφ (·), parameterised by φ, predicts the textual description by generating
one word at every time step conditioned on U and all previously generated words.
For training, we maximise the likelihood as:
  \mathrm {L}^{CE} = - \sum _{t=1}^{T} log(p_{\varphi }(w_t=w^{*}_t | \mathrm {U}, w^{*}_1, \dots , w^{*}_{t-1}) 
3.2

(2)

Training for SceneTrilogy

SceneTrilogy models the joint distribution of Sketch, Text, and Photo. To estimate this joint distribution, we extend the (variational) lower bound on the
marginal likelihood defined in [38] as log pθ (x) ≥ Eqϕ (z|x) [− log qϕ (z|x)+log pθ (x, z)]
to the setup of three modalities as:
 \label {eq: elbo} \begin {split} \log p_{\theta }(x_S, x_T, x_P) \geq & \mathbb {E}_{q_{\phi }(z|x_S, x_T, z_P)} [ \log p_{\theta }(x_S, x_T, x_P | z) ] \\ & + \mathbb {E}_{q_{\phi }(z|x_S, x_T, z_P)} [\log p_{\theta }(z) - \log q_{\phi }(z | x_S, x_T, x_P)] \end {split} 
(3)
where pθ (xS ), pθ (xT ), pθ (xP ) denotes the data distribution of sketch, text, and
image, parameterised by θ. The variational posterior qϕ (z|xS , xT , xP ) is parameterised by ϕ, where z is the latent variable. The first expectation term
pθ (xS , xT , xP |z) is known as the reconstruction error and is solved using estimation by sampling [38], represented as Lrec . In the following sections, we solve the
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second expectation term comprising of pθ (z) and qϕ (z|xS , xT , xP ) by factorising
the latent variable z into sketch, text, and photo components.
Factorising the latent variable: Our objective is to factorise the latent space
into modality-agnostic and modality-specific components. The latent variable z
S
T
P
comprise of ztot
, ztot
, ztot
representing the latent variable for sketch, text, and
S
T
P
photo modalities. Each of {ztot
, ztot
, ztot
} ∈ Rc comprise of a modality-agnostic
S
T
and modality-specific component represented as: ztot
= [zαS , zβS ]; ztot
= [zαT , zβT ];
P
P
P
S T
P
d
and ztot = [zα , zβ ] where {zα , zα , zα } ∈ R are the modality-agnostic components and {zβS , zβT , zβP } ∈ Rc−d are the modality-specific components. (i) Since
the modality-agnostic is transferable across modalities, we assume them to represent a common/shared information as zαS ≃ zαT ≃ zαP ≃ zα . (ii) Similarly,
the modality-specific information is not shared across modalities and captures
unique properties of a particular modality (e.g., grammatical knowledge in text
modality). Hence, we can assume the modality-specific information to be conditionally independent, as: p(zβS , zβT , zβP ) ≃ p(zβS ) · p(zβT ) · p(zβP ). Therefore, the
latent z in Eq. 3 can be factorised as:
 \label {eq: elbo-expand} \begin {split} & \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)} [\log q_{\phi }(z | x_S, x_T, x_P) - \log p_{\theta }(z)] = \\ & D_{KL}(q_{\phi _{\alpha }}(z_\alpha |x_S, x_T, x_P) || p_{\theta _{\alpha }}(z_{\alpha })) + D_{KL}(q_{\phi _S}(z^S_{\beta } | x_S, z_{\alpha }) || p_{\theta _S}(z^S_{\beta } | z_{\alpha })) \\ & + D_{KL}(q_{\phi _T}(z^T_{\beta } | x_T, z_{\alpha }) || p_{\theta _T}(z^T_{\beta } | z_{\alpha })) + D_{KL}(q_{\phi _P}(z^P_{\beta } | x_P, z_{\alpha }) || p_{\theta _P}(z^P_{\beta } | z_{\alpha })) \end {split} 
(4)

Proof: See Supplementary material.
The above equation has four KL-divergence terms. The three terms analogous
to DKL (qϕS (zβS |xS , zα )||pθS (zβS |zα )) models the modality-specific information in
sketch, text, and photo modalities that is estimated using information bottleneck principles. The fourth term DKL (qϕα (zα |xS , xT , xP )||pθα (zα )) models the
modality-agnostic information that is transferable across modalities and computed using a combination of multihead attention [40] and InfoNCE [56].
Interpretation as Information Bottleneck: Information bottleneck aims
to extract minimal information from the input variable that can sufficiently
represent the output variable i.e., it tries to establish a tradeoff between compression and prediction [80, 1, 81]. We leverage this principle to disentangle
or split modality-agnostic information from modality-specific component. Our
objective is to learn modality-agnostic {zαS , zαT , zαP } that is maximally transferable across modalities while being minimally informative about modalityspecific {zβS , zβT , zβP }. We begin by first estimating the posterior qϕT (zβT |xT , zα )
in DKL (qϕT (zβT |xT , zα )||pθT (zβT |zα )) using a modality specific encoder FϕS . To
estimate the conditional prior pθT (zβT |zα ), we employ a conditional neural network (cINN) τ (·)1 . Although one can estimate the conditional priors using a
VAE-like multivariate Gaussian [68], recent literature [53, 64] suggests that such
simplified assumption is sub-optimal. For text, the cINN can reconstruct the
T
total information ztot
given the modality-agnostic zα and modality-specific zβT
T
T
as: ztot = τ (zβ |zα ). During training, we learn the prior distribution of modality1

We learn three cINNs for sketch, text, and photo modalities.
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T
specific information q(zβT ) = N (zβT , 0, I) as: zβT = τ −1 (ztot
|zα ). We aim to minT
imise the mutual information between zβ and zα that is usually defined as [1,64]:

 \label {eq:minMI} \min \ \mathcal {I}(z^T_{\beta }, z_{\alpha }) \leq \mathbb {E}_{z^T_{\beta }, z_{\alpha }} \log \frac {p(z^T_{\beta }|z_{\alpha })}{q(z^T_{\beta })} = \mathbb {E}_{z^T_{tot}, z_{\alpha }} \log \frac {p(\tau ^{-1}(z^T_{tot}|z_{\alpha }) | z_{\alpha })}{q(\tau ^{-1}(z^T_{tot}|z_{\alpha }))} 

(5)

Using change-of-variable technique [20], we can express the probability distribution of one variable p(x) using some other variable p(y) under some invertible
transformation function g : X → Y as:
  p(x) = p(y)|\mathrm {det} J_{g}(x)| = p(g(x))|\mathrm {det} J_{g}(x)| 
(6)
where, detJg denotes the determinant of the Jacobian of g. Thus we rewrite as,
 \label {eq: change-of-variable} p(\tau ^{-1}(z^T_{tot}|z_{\alpha })|z_{\alpha }) = p (z^T_{tot}|z_{\alpha }) \ | \mathrm {det} J_{\tau ^{-1}}(z^T_{tot}|z_{\alpha })|^{-1} 
(7)
Substituting Eq. 7 in Eq. 5 we get our required disentanglement loss objective,
 \label {eq: MI-tau} \begin {split} \min _{\tau } \mathcal {I}(z^T_{\beta }, z_{\alpha }) & \leq \mathbb {E}_{z^T_{tot}, z_{\alpha }} \{ \log p(\tau ^{-1}(z^T_{tot}|z_{\alpha }) | z_{\alpha }) -\log q(\tau ^{-1}(z^T_{tot}|z_{\alpha }))\} \\ & \hspace {-1.5cm} \mathbb {E}_{z^T_{tot}, z_{\alpha }}\{ -\log q(\tau ^{-1}(z^T_{tot}|z_{\alpha })) -\log |\mathrm {det} J_{\tau ^{-1}} (z^T_{tot}|z_{\alpha })| + \log p(z^T_{tot}|z_{\alpha })\} \end {split} 
(8)
T
|zα ) is constant with respect to τ and hence ignored from
The term log p(ztot
the minimisation objective. In summary, we learn a cINN such that it minimises
the mutual information between modality-specific zβT and modality-agnostic zα
T
= τ (zβT |zα ) to achive
while simultaneously representing the total information ztot
decoupling or split of information. Additionally, using invertibility of τ we can
T
|zα ).
also estimate the prior distribution pθT (zβT |zα ) as zβT = τ −1 (ztot
Combination of multiple modalities: SceneTrilogy comprise of three modalities, of which sketch and text can serve as query modalities for retrieval tasks.
Unfortunately, current systems [88, 61] allows the user to either sketch or write
text for image retrieval. However, while some scene information are easily described via sketch, others such as colour are best represented via text. Moreover,
object-level sketch and text has shown to compliment each other to improve
performance [75]. But how to design a module that can work on either sketch, or
text, or both sketch and text? We solve this by considering the modality-agnostic
information from sketch and text {zαS , zαT } be elements of a set. Then by extracting a feature representation of this set, we can model either sketch, or text, or
both. In particular, feature representation of a set is independent to the number
of elements in the set. Hence, our set can contain either one element (sketch or
text) or two elements (sketch and text)2 . To extract feature representation of
the set of modality-agnostic components, we employ Lee et al. [40] that leverages a multihead attention block (MAB). Let η ∈ R2×d represent {zαS , zαT } ∈ Rd
arranged row-wise in a matrix. We learn a seed vector V ∈ R1×d such that,
  \begin {split} z^{\eta } &= MAB(\mathcal {V}, rFF(\eta )) = \mathrm {LayerNorm}(H + rFF(H)),\\ & \text {where, } H = \mathrm {LayerNorm}(\mathcal {V} + \mathrm {Multihead}(\mathcal {V}, \eta , \eta ; \lambda , \omega )) \end {split} 
(9)

2

The set can also contain three elements (zαS , zαT , zαP ).
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where rFF(·) denotes row-wise feedforward layer that processes each instance
independently and identically, LayerNorm is layer normalisation
[6], λ is the
√
learnable parameters of Multihead(·), and ω(·) = sof tmax(·/ d) is scaled softmax. Multihead(·) is an extension of the vanilla attention scheme that computes
h attentional heads as,
  \begin {split} & \mathrm {Multihead}(\mathcal {V}, \eta , \eta ; \lambda , \omega ) = [O_1, O_2, \dots , O_h] W^O \\ \text {where, } & O_j = Att(\mathcal {V} W^Q_j, \eta W^K_j, \eta W^V_j; \omega ); \ \lambda = \{W^Q_j, W^K_j, W^V_j\}_{j=1}^{h} \end {split} 

(10)
Att(Q, K, V ; ω) = ω(QK T )V . Hence, using MAB module, we can convert a set
representation η ∈ R1×d or η ∈ R2×d into a feature representation z η ∈ R1×d .
Aligning high-dimensional features: In this section, we shall compute the
KL-divergence term DKL (qϕα (zα |xS , xT , xP )||pθα (zα )) that models the modalityagnostic information shared across three modalities. While the objective is to
learn the shared latent space amongst three modalities, simple approaches like
mean-squared error can only be computed between a pair of features. Hence, we
first use MAB to combine {zαS , zαT } into z η and then align it with zαP . Additionally, mean-squared error has been shown to be sub-optimal for high-dimensional
complex distribution [56] like scene information. Hence, we align the modalityagnostic component from three modalities using InfoNCE [56] to maximising
their mutual information between the combined sketch and text z η and photo
z P (ignoring the subscript α) as,
  \mathrm {L}_{NCE} = -\mathbb {E}_i \Big [ \log \frac {f_{align}(z^{P}_{i}, z^{\eta }_{i})}{\sum _{j} f_{align}(z^{P}_{j}, z^{\eta }_{i})} \Big ] 

(11)

where, falign (z P , z η ) = exp((z P )T W z η ). Therefore, the total loss Ltot of the
unified model for SceneTrilogy consists of the following terms,
  \begin {split} \mathrm {L}_{tot} &= \mathrm {L}_{rec} -\log q(\tau ^{-1}(z^S_{tot}|z_{\alpha })) -\log |\mathrm {det}J_{\tau ^{-1}}(z^S_{tot}|z_{\alpha }) \\ & -\log q(\tau ^{-1}(z^T_{tot}|z_{\alpha })) -\log |\mathrm {det}J_{\tau ^{-1}}(z^T_{tot}|z_{\alpha }) \\ & -\log q(\tau ^{-1}(z^P_{tot}|z_{\alpha })) -\log |\mathrm {det}J_{\tau ^{-1}}(z^P_{tot}|z_{\alpha }) + \mathrm {L}_{NCE} \end {split} 

(12)

3.3

Inference

SceneTrilogy for Retrieval: In this section, we show how SceneTrilogy can
perform joint sketch- and text-based image retrieval. First, we leverage sketch,
text, and image encoders to extract their feature representation as,
  [z^S_{\alpha }, z^{S}_{\beta }] = \mathcal {F}_{\theta _{S}}(x_S); \ [z^T_{\alpha }, z^{T}_{\beta }] = \mathcal {F}_{\theta _{T}}(x_T); \ [z^P_{\alpha }, z^{P}_{\beta }] = \mathcal {F}_{\theta _{P}}(x_P) 
(13)
The encoded feature representation zS ∈ Rc is split into modality-agnostic zαS ∈
Rd and modality-specific zβS ∈ Rc−d . The modality-agnostic component of sketch
and text is constructively combined using MAB as,
  z^{\eta } = \mathrm {MAB}(\mathcal {V}, rFF(\eta )); \text { where, } \eta = \{z^S_{\alpha }, z^T_{\alpha }\}; \eta \in \mathbb {R}^{2 \times d} 
(14)
Finally, fine-grained sketch and text based image retrieval (FG-STBIR) is performed by matching the optimal zαP from the gallery that maximise the mutual
information falign (zαP , z η ).
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SceneTrilogy for Captioning: We show how Scenetrilogy can simultaneously
perform both image and sketch captioning. Given input sketch (xS ) or input
photo (xP ), we first extract their feature representations as: [zαS , zβS ] = FθS (xS )
or [zαP , zβP ] = FθP (xP ). Given the modality-agnostic component (zαS ≃ zαP ≃
zα ), we sample from the learned prior distribution zβT ∼ q(zβT ) to predict the
T
total text representation ztot
using the conditional invertible neural network τ as
T
T
ztot = τ (zβ |zα ). Finally, we leverage a text decoder pφ to generate the predicted
T
text as, pφ (wt |ztot
, w1 , . . . , wt−1 ).

4

Experiments

Datasets: We use two scene sketch dataset with fine-grained alignment between sketch, text, and photo: (a) SketchyCOCO [24] comprise of 14, 081 scene
sketches-photo pairs. The photos are taken from the larger MSCOCO dataset [48]
comprising of 164K scene images with paired textual description. However, most
sketches in SketchyCOCO [24] contain less than one foreground instance. Hence,
following Liu et al. [49], we filter SketchyCOCO to 1015/210 train/test scene
sketches. The resulting data contains: scene sketches, images, and image captions. (b) Unlike SketchyCOCO [24], where the scene sketches are synthetically
generated, FSCOCO [16] includes 10, 000 (7000/3000 train/test split) human
drawn scene sketches with paired textual description of sketches (i.e., sketch
captions). The paired photos in FSCOCO are taken from MSCOCO [48]. Hence,
the resulting dataset contains: human drawn scene sketches, sketch captions, and
photos. In addition, we also evaluate how the proposed unified model generalise
to object-level sketches in Song et al. [75]. Song et al. [75] contains 1374 sketchtext-photo triplets with 1112 and 262 for training and testing respectively.
Implementation Details: Our model is implemented in PyTorch using 11GB
Nvidia RTX 2080-Super GPU. First, we pre-train the image encoder and text
decoder on the task of image captioning using 82, 783 photo-text pairs (excluding
the photos in SketchyCOCO and FSCOCO) for 15 epochs. Next, we jointly train
our unified model using SketchyCOCO [24], or FSCOCO [16], or Song et al. [75]
for 200 epochs. We use Adam optimiser with learning rate 0.0001 and batch size
16. ImageNet pretrained VGG-16 [73] is used as the encoder network for images
and sketches with shared parameters (FθS ∼
= FθI ) followed by a fully connected
S
P
layer to give an output feature representation {ztot
, ztot
} ∈ R1056 dimensions.
The resulting feature is split into modality-agnostic component {zαS , zαP } ∈ R996
and modality-specific feature {zβS , zβP } ∈ R64 . To encode text, we use a bidirectional GRU unit with 1024 hidden units to give an output latent representation
T
T
ztot
∈ R1024 . We split ztot
= [zαT , zβT ] into text specific feature zβT ∈ R32 and a
T
992
modality agnostic zα ∈ R . Following [35], our text decoder is a single layer
autoregressive LSTM decoder that predicts the probability distribution over a
fixed vocabulary set of 10, 010 words at each time step. For image and sketch
decoder, we leverage two separate models using similar architecture of Zhang et
al. [90] to synthesise sketches/images of 64 × 64 dimensions. Since our goal is not
to generate realistic scene sketches or images, we do not include an additional
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discriminator [92] to the output of image or sketch decoder to improve generation quality. Generating realistic output from the decoder requires non-trivial
modifications due to the added scene complexity [24]. Following [64],the structure of our conditionally invertible neural network comprise of alternating affine
coupling [20], activation normalisation [37], and switch layers [20].
Evaluation Metric: In line with FG-SBIR research, we use Acc.@q accuracy,
i.e. percentage of sketches having true matched photo in the top-q list. For
sketch/image captioning, we measure accuracy using standard metrics (a higher
number is better) BELU (B) 1-4 [57], CIDEr (C) [83], ROUGE (R) [45], METEOR (M) [19], and SPICE [2].
Competitors: We compare against (i) existing state-of-the-art methods that
align two modalities (SOTA2): Triplet-SN [88] is a FG-SBIR method that
employs Sketch-A-Net [89] backbone trained using triplet loss. HOLEF [76] extends Triplet-SN by adding spatial attention along with higher order ranking
loss. SketchyScene* is similar to [95] that adopts Triplet-SN by replacing the
base network from Sketch-A-Net to VGG-16 [73] along with an auxiliary crossentropy that utilise object category information. SceneSketcher [49] performs
FG-SBIR using Graph Convolutional Network [39] to model scene sketch layout
information. CLIP [61] align text and images using Transformer [72] to encode
text and Vision Transformer [21] to encode images. The model is trained on
400 million text-image pairs. We use the publicly available ViT-B/32 weights3
for CLIP-zero (without fine-tuning). Since additional fine-tuning made CLIP
unstable, we only train the layer normalisation [6] modules in CLIP. For captioning, Show-Attend-Tell [87] uses an ImageNet pretrained VGG-16 to encode an
image followed by an soft-attention mechanism along with an LSTM decoder to
predict words at each time step. GMM-CVAE [85] employs conditional variational autoencoder with a Gaussian mixture model as the prior distribution
to generate diverse captions for image that have multiple interpretation. AGCVAE [85] extends GMM-CVAE with a linear combination of Gaussian mixture
priors to predict diverse and accurate captions. LNFMM [53] is a recent model
similar to the proposed method that splits information in each modality into
a modality-specific and modality-agnostic information followed by reconstructing text-specific information from the shared component to generate captions.
(ii) We compare with models that can align 3 modalities (SOTA3): QuadSkTxt [75] encodes object-level sketch and image using VGG-16 [73] backbone with
shared parameters and text using bidirectional LSTM. Extending triplet loss to
combine sketch and text for image retrieval using quadruplet loss. SharedCM
is similar to [5] but uses ResNet-18 [27] with weight sharing from layers ResBlock-4 onwards to encode each modality into a shared latent space. Retrieval
is performed using cosine distance. (iii) In addition to using state-of-the-art
models, we design a few baselines: Perceiver [33] is a recent model with ability to encode multiple modalities. However, we found the original architecture
to be unstable when trained on small datasets such as SketchyCOCO [24] or
FSCOCO [16]. Hence, we design Set-Atten. that adopts the cross-attention
3

https://github.com/openai/CLIP
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Table 1. Quantitative results of fine-grained sketch-based image retrieval (FG-SBIR)
on two scene sketch datasets [24, 16] and one object-sketch dataset [75].
Song et al. [75] SketchyCOCO [24] FSCOCO [16]
Acc.@1 Acc.@10 Acc.@1 Acc.@10 Acc.@1 Acc.@10
Triplet-SN [88]
49.2
82.1
6.2
32.9
4.7
21.0
HOFEL [76]
49.2
83.6
6.2
40.7
4.9
21.7
SOTA2
SketchyScene* [95] 50.1
83.9
36.5
78.6
23.0
52.3
SceneSketcher [49]
–
–
31.9
86.2
–
–
QuadSkTxt [75]
50.4
84.7
37.4
87.1
23.6
52.9
SOTA3
SharedCM [5]
47.5
80.3
37.3
86.8
23.4
52.6
CLIP3
48.1
80.8
15.3
43.9
5.5
26.5
Baseline
Set-Atten.
50.5
84.9
37.9
87.4
23.7
53.5
Proposed
50.7
85.1
38.2
87.6
24.1
53.9
Method

Fig. 3. Qualitative results of fine-grained sketch-based image retrieval on FSCOCO
[16].

and self-attention mechanism in [33] upon features extracted from VGG-16 (for
sketches and images) and bidirectional GRU (for text). CLIP3 adapts the image encoder in CLIP [61] to support sketch and image encoding using shared
parameters of the Visual Transformer [21]. For captioning, we extend QuadSkTxt by adding an autoregressive single layer LSTM layer for text decoding in our
baseline QuadSkTxt-D. Similarly, we adapt SharedCM using a LSTM based
text decoding module in SharedCM-D.
4.1

Fine-Grained Scene Sketch-based Image Retrieval

We perform comparative study on scene sketches from SketchyCOCO [24] and
FSCOCO [16]. In addition, to demonstrate generalisation we also evaluate on
object-sketches from Song et al. [75] dataset. From Fig. 3 and Tab. 1 we make the
following observations: (i) SOTA3 slightly outperforms SOTA2 methods due to
learning more generalisible features when learning across three modalities instead
of two in SOTA2. (ii) QuadSkTxt outperforms SharedCM indicating sharing
model parameters between sketch and image encoder leads to less overfitting
and better retrieval performance. (iii) Set-Atten. outperforms CLIP3 since CLIP
[61] trained on 400 million images fails to adapt to sketches comprising of a
few thousand training samples. (iv) The proposed method outperforms existing
methods due to information decoupling/splitting in sketch, text, and photo that
filters noisy modality-specific information when mapping sketches with images.
4.2 Fine-Grained Text-based Image Retrieval
While some information are best expressed by drawing, others like colour information are best described via text. In Tab. 2 we compare fine-grained text-based

12

Chowdhury et al.

Table 2. Quantitative results of fine-grained text-based image retrieval (FG-TBIR) on
two scene sketch datasets [24, 16] and one object-sketch dataset [75].
Song et al. [75] SketchyCOCO [24] FSCOCO [16]
Acc.@1 Acc.@10 Acc.@1 Acc.@10 Acc.@1 Acc.@10
CLIP-zero [61] 12.8
37.7
21.0
50.9
11.5
35.3
SOTA2
CLIP [61]
13.1
37.9
22.1
52.3
14.8
36.6
QuadSkTxt [75] 12.6
37.4
11.1
31.1
7.2
23.6
SOTA3
SharedCM [5]
12.6
37.5
10.7
31.0
6.9
23.1
CLIP3
13.1
37.9
22.1
52.3
14.8
36.6
Baseline
Set-Atten.
12.8
37.8
20.1
51.0
12.5
35.8
Proposed
13.2
37.9
21.5
51.6
13.7
36.3
Method

Table 3. Quantitative results of fine-grained sketch and text based image retrieval
(FG-STBIR) on two scene sketch datasets [24, 16] and one object-sketch dataset [75].
Song et al. [75] SketchyCOCO [24] FSCOCO [16]
Acc.@1 Acc.@10 Acc.@1 Acc.@10 Acc.@1 Acc.@10
QuadSkTxt [75] 52.7
87.0
38.9
87.9
25.1
54.5
SOTA3
SharedCM [5]
52.1
86.6
38.5
87.3
24.3
54.1
CLIP3
49.1
82.0
24.0
53.7
15.9
38.5
Baseline
Set-Atten.
52.4
86.8
39.1
88.2
25.3
54.8
Proposed
53.1
87.9
39.5
88.7
25.7
55.2
Method

image retrieval (FG-TBIR) and make the following observations: (i) Given the
same amount of train/test split, sketches outperform text as a query modality
for fine-grained image retrieval. (ii) CLIP outperforms SOTA3 methods due to
superior pre-trained weights using 400 million text-image pairs. (iii) The proposed method outperforms most existing methods due to information splitting
via conditional invertible neural network. In particular, the proposed method is
competitive with CLIP in spite of being trained on a few thousand samples.
4.3

Fine-grained Sketch and Text based Image Retrieval

Unlike existing methods that either requires a user to input a query in sketch [88]
or text [61] modalities, SceneTrilogy provides the flexibility to a user to provide
input in either sketch, or text, or both. While prior studies [75] have shown
object-sketch and text have a complimentary nature, we investigate this complimentary nature for scene-level sketches and text. From Tab. 3 we draw the following observations: (i) Combining sketch and text leads to superior fine-grained
sketch and text based image retrieval (FG-STBIR) than either of FG-SBIR or
FG-TBIR. This shows that scene-level sketches and text are complimentary in
nature as combining both these query modalities improves retrieval performance.
(ii) CLIP3 outperforms SOTA3 methods due to superior pre-trained weights.
(iii) Set-Atten. outperforms CLIP3 since the latter was pre-trained on largescale text-image pairs fails to adapt to scene-sketches using just a few thousand
training samples. (iv) The proposed method outperforms existing approaches
due to information splitting to remove noisy modality-specific information, better modeling of information across sketch and text using multihead attention,
and use of InfoNCE [56] instead of naive mean-squared distance.
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BL

SOTA2

Table 4. Quantitative results of image captioning on MSCOCO [48] dataset. BL represents Baseline methods. We present the evaluation metrics in the oracle setting i.e.,
taking the maximum score for each accuracy metric over 100 candidate captions, consistent with previous [53, 85] methods.

4.4

Method
Show-Attend-Tell [87]
GMM-CVAE [85]
AG-CVAE [85]
LNFMM [53]
QuadSkTxt-D
SharedCM-D
Proposed

B-1
71.8
86.5
88.3
92.0
71.8
72.3
93.1

B-2
50.4
74.0
76.7
80.2
50.7
51.0
80.1

B-3
35.7
62.5
65.4
69.5
35.7
35.7
70.9

B-4
25.0
52.7
55.7
59.7
25.1
25.5
60.3

M
23.0
32.9
34.5
40.2
23.2
23.2
40.5

R
–
67.0
69.0
72.9
54.7
54.9
72.3

C
–
143.0
151.7
170.5
95.3
95.1
190.2

S
–
26.3
27.7
31.6
15.7
15.9
31.9

Image Captioning

Following existing literature [85, 53], we present the upper-bound Oracle performance by taking the maximum score for each metric (BELU, CIDEr, ROUGE,
METEOR, SPICE) over all candidate captions generated by 100 samples of
text-specific information zβT from a given modality agnostic information zα . For
Show-Attend-Tell, we generate candidate captions by performing a beam search
with width 100. For GMM-CVAE, AG-CVAE, and LNFMM we sample the latent
space z 100 times to generate candidate captions. From Tab. 4 we observe that (i)
naive baselines such as QuadSkTxt-D, SharedCM-D perform significantly lower
than VAE-based existing SOTA2 methods. (ii) Using cINN to model prior distribution in LNFMM leads to superior performance than using simple Gaussian
priors in GMM-CVAE and AG-CVAE. (ii) The Proposed method is competitive
with SOTA2 due to it ability to model complex priors and splitting information
during transfer and ability to regenerate the missing text-specific information
given the shared modality agnostic component.
4.5

Sketch Captioning

Sketches can better capture saliency information as compared to images. Hence,
a sketch captioning module essentially describes the salient/relevant regions of
a scene. In addition, unlike text, sketch is a universal language for communication [65]. This enables potential applications of sketch captioning modules
in overcoming language barrier across generations or geographical regions. We
evaluate sketch captioning using the same metrics popularly used in image captioning literature. From Fig. 4 and Tab. 5 we conclude: (i) LNFMM [53] performs
best among SOTA2 methods that signify the importance of information splitting
into modality-agnostic and modality-specific components followed by generating
text-specific information from the modality-agnostic component from sketch. (ii)
The Proposed method outperforms both SOTA2 and Baselines due to its ability
to handle drastic gap in sketch and image modalities using information split
to extract the transferable shared information and reconstruction of modalityspecific information from the shared component.
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An aeroplane is flying.
A plane is taking off.
A plane is flying in the sky.

Two horse standing on grassland.
Two horse standing.
Horses standing next to each other.

Elephants standing next to tree.
Elephants standing next to each other.
Two elephants in jungle.

Giraffes standing on grass.
Three giraffes standing next to each other.
Giraffes standing in jungle.

Fig. 4. Qualitative results of candidate caption generated for sketch captioning on [16].

BL

SOTA2

Table 5. Quantitative results of sketch captioning on FSCOCO [16] dataset. BL represents Baseline methods. We present the evaluation metrics in the oracle setting i.e.,
taking the maximum score for each accuracy metric over 100 candidate captions, consistent with previous [53, 85] methods.

4.6

Method
Show-Attend-Tell [87]
GMM-CVAE [85]
AG-CVAE [85]
LNFMM [53]
QuadSkTxt-D
SharedCM-D
Proposed

B-1
46.2
49.6
50.9
52.2
53.7
53.8
56.9

B-2
29.1
33.9
34.1
35.7
34.7
34.7
39.4

B-3
17.8
18.2
19.2
20.0
21.9
22.0
24.8

B-4
13.7
15.5
16.0
16.7
17.9
18.1
19.3

M
17.1
18.3
18.9
21.0
20.6
20.6
21.6

R
44.9
48.7
49.1
52.9
52.9
53.5
56.6

C
69.4
77.6
80.5
90.1
89.3
89.7
106.5

S
14.5
15.5
15.8
16.0
16.2
16.2
18.9

Ablation

We evaluate the contribution of the key design choices in our proposed method
in Tab. 6 as: (i) Replacing InfoNCE [56] with mean-square error drops performance by 0.2/0.3/0.6/0.3/0.6 for Acc.@1/Acc.@10/B-1/B-4/C in FSCOCO [16].
(ii) Additionally, replacing Multihead Attention (MAB) with quadruplet loss [75]
leads to a performance drop by 0.6/0.6/0.6/0.3/0.6. (iii) Finally, replacing conditional invertible neural network (cINN) with a simple VAE-like Gaussian prior
[68] results in a significant performance drop of 0.6/0.6/3.2/1.4/17.2.
Table 6. Ablation study on FG-STBIR and Sketch Captioning using FSCOCO [16].
cINN
✗
✓
✓
✓

5

MAB
✗
✗
✓
✓

InfoNCE
✗
✗
✗
✓

Acc.@1
25.1
25.1
25.5
25.7

Acc.@10
54.6
54.6
54.9
55.2

B-1
53.7
56.3
56.3
56.9

B-4
17.9
19.0
19.0
19.3

C
89.3
105.9
105.9
106.5

Conclusion

We have studied for the first time the trilogy of relationship among scene-level
sketch, text, and photo by introducing scene-sketch in the context of scene understanding. We proposed a unified framework to jointly model sketch, text,
and photo that seamlessly supports several downstream task such as fine-grained
sketch-based image retrieval, fine-grained text-based image retrieval, fine-grained
sketch and text based image retrieval, sketch captioning. We hope future research
will further explore challenging non-trivial downstream tasks such as scene-level
sketch-based image generation, sketch and text based image generation, and
text-based sketch generation tasks.
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A

Additional Related Work

Disentangled Representation: Learning disentangled representation means
decomposing a feature representation into distinct informative factors such that
each factor can explain a particular variation of the data. One of the key benefits of disentangled representation is its ability to improve both generative and
discriminative performance in multimodal tasks [82, 52]. Current literature in
disentangled representation can be broadly divided into two categories: (a) the
factors of variations are known where each variation is individually controlled using supervised training [15, 34, 62], and (b) the factors of variations are partially
known or unknown [68, 28, 38, 66] where learning occurs in an unsupervised setting. Our proposed framework aligns more closely to the partially known or unknown setup. In particular, a similar method to ours is InfoGAN [13] that learns
disentangled representations by proposing an information-theoric regularization
to maximises the mutual information between the latent variable and the generated distribution. However, due to the instability of GANs, later works primarily
focused on enforcing a factorial distribution [36] of representation using modification on VAE [38, 28]. Inspired by the benefits of disentangled representation
on generative [13,28] and retrieval tasks [68], especially for learning multi-modal
representations [82], recent works achieve this disentanglement using flow-based
conditional invertible neural networks [53, 64]. However, such works have typically been restricted to the simpler setting of two modalities (text and photo).
We extend this to a complex setup by aligning three heterogeneous modalities
(sketch, text, and photo) together under the umbrella of SceneTrilogy.
B

Limitations and Future Work

The central objective of SceneTrilogy is to achieve many-to-many mapping across
scene-level sketch, text, and photo. This includes additional tasks that our unified
framework currently fails to address like (i) sketch to photo generation [24, 63]
and (ii) photo to sketch generation [55, 84]. Existing models achieve sketch to
photo generation by leveraging a two-step process where the first stage involves
modeling object-level information followed by a second stage to model scenelevel information. Our single-step unified model fails to implicitly handle object-
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and scene-level hierarchical information. A promising direction for future work
could be to implicitly learn hierarchical information by utilising compositional
energy concepts [22]. Extending SceneTrilogy for image to sketch generation
is relatively simpler with the use of differentiable rasterisation [43]. However,
integrating sketch to photo or, photo to sketch in SceneTrilogy is non-trivial.
Hence we leave these tasks as future works.
C

Derivations

In this section, we derive the joint distribution of SceneTrilogy represented as:
  \begin {split} \log p_{\theta }(x_S, x_T, x_P) \geq & \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)}[\log p_{\theta }(x_S, x_T, x_P| z)] \\ & \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)}[\log p_{\theta }(z) - \log q_{\phi }(z|x_S, x_T, x_P)] \end {split} 

(15)

We begin by understanding the variational lower bound on marginal likelihood
defined in [38, 29] as:
  \begin {split} \log p_{\theta }(x) &= \int p_{\theta }(x, z)dz = \int q_{\phi }(z|x) \frac {p_{\theta }(x, z)}{q_{\phi }(z|x)}dz \geq \mathbb {E}_{q_{\phi }(z|x)} \log \frac {p_{\theta }(x, z)}{q_{\phi }(z|x)} \\ \log p_{\theta }(x) & \geq \mathbb {E}_{q_{\phi }(z|x)}[\log p_{\theta }(x|z) + \log p_{\theta }(z) ] - \mathbb {E}_{q_{\phi }(z|x)} \log q_{\phi }(z|x) \end {split} 

(16)

Extending to three variables i.e., sketch (xS ), text (xT ), and photo (xP ) we get,
 \label {eq: generic-form} \begin {split} \log p_{\theta } (x_S, x_T, x_P) &\geq \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)} [ \log p_{\theta }(x_S, x_T, x_P | z)]\\ & + \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)} [ \log p_{\theta }(z) - \log q_{\phi }(z|x_S, x_T, x_P)] \end {split} 

(17)

P
T
S
} each
, ztot
, ztot
The latent variable z comprises of three components z = {ztot
representing the latent variable for sketch, text, and photo. As shown in Figure 2,
the latent variable for each modality representing the intra-modality information
can be decoupled into a modality-agnostic and modality-specific components as:
P
T
S
= [zαP , zβP ]. Considering a high mutual
= [zαT , zβT ]; and ztot
= [zαS , zβS ]; ztot
ztot
information among the modality-agnostic components such that zαS ≃ zαT ≃
zαP ≃ zα , we factorise each term in Equation 17 as,

 \label {eq: recon} \begin {split} \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)} [\log p_{\theta } (x_S, x_T, x_P | z)] & = \\ & \hspace {-2cm} \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)} [\log p_{\theta } (x_S, x_T, x_P | z_{\alpha }, z^S_{\beta }, z^T_{\beta }, z^P_{\beta })] \end {split} 

(18)

Given the modality-specific {zβS , zβT , zβP } and the modality-agnostic zα , we can
reconstruct their respective data distribution p(xS ), p(xT ), p(xP ). Hence we can
re-write Equation 18 as,
  \begin {split} \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)} [\log p_{\theta } (x_S, x_T, x_P | z_{\alpha }, z^S_{\beta }, z^T_{\beta }, z^P_{\beta }) \simeq & \\ & \hspace {-5cm} \mathbb {E}_{q_{\phi _1}(z_{\alpha }|x_S, x_T, x_P) q_{\phi _2}(z^S_{\beta }|x_S, z_{\alpha })}[\log p_{\theta }(x_S|z_{\alpha }, z^S_{\beta })] \\ & \hspace {-5cm} + \mathbb {E}_{q_{\phi _1}(z_{\alpha }|x_S, x_T, x_P) q_{\phi _3}(z^T_{\beta }|x_T, z_{\alpha })}[\log p_{\theta }(x_T|z_{\alpha }, z^T_{\beta })] \\ & \hspace {-5cm} + \mathbb {E}_{q_{\phi _1}(z_{\alpha }|x_S, x_T, x_P) q_{\phi _4}(z^P_{\beta }|x_P, z_{\alpha })}[\log p_{\theta }(x_P|z_{\alpha }, z^P_{\beta })] \end {split} 
(19)
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Each term analogous to pθ (xS |zα , zβS ) is known as the reconstruction terms and
is modeled using a modality-specific decoder network as described in Section 4.
Next, we factorise the prior log pθ (z) in Equation 17 as,
 \label {eq: prior-generic} \begin {split} \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)} [\log p_{\theta }(z)] &= \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)} [\log p_{\theta }(z_{\alpha }, z^S_{\beta }, z^T_{\beta }, z^P_{\beta })] \\ & \hspace {-1cm} = \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)}[\log p_{\theta }(z^S_{\beta }, z^T_{\beta }, z^P_{\beta } | z_{\alpha }) + \log p_{\theta }(z_{\alpha })] \end {split} 

(20)

Considering a low mutual information between the modality-specific components
such that p(zβS , zβT , zβP ) ≃ p(zβS ) · p(zβT ) · p(zβP ) from Equation 20 we get,
 \label {eq: prior-detailed} \begin {split} & \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)}[\log p_{\theta }(z^S_{\beta }, z^T_{\beta }, z^P_{\beta } | z_{\alpha }) + \log p_{\theta }(z_{\alpha })] \simeq \\ & \hspace {-0.7cm} \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)}[\log p_{\theta _{S}}(z^S_{\beta }|z_{\alpha }) + \log p_{\theta _{T}}(z^T_{\beta }|z_{\alpha }) + \log p_{\theta _{P}}(z^P_{\beta }|z_{\alpha }) + \log p_{\theta _{\alpha }}(z_{\alpha })] \end {split} 

(21)

Finally, we factorise the variational posterior qϕ (z|xS , xT , xP ) in Equation 17 as,
 \label {eq: posterior-generic} \begin {split} & \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)} [\log q_{\phi }(z_{\alpha }, z^S_{\beta }, z^T_{\beta }, z^P_{\beta }|x_S, x_T, x_P)] \simeq \\ & \hspace {1cm} \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)} [\log q_{\phi }(z^S_{\beta }|x_S, x_T, x_P, z_{\alpha }) + \log q_{\phi }(z^T_{\beta }|x_S, x_T, x_P, z_{\alpha }) \\ & \hspace {3cm} + \log q_{\phi }(z^P_{\beta }|x_S, x_T, x_P, z_{\alpha }) + \log q_{\phi }(z_{\alpha }|x_S, x_T, x_P) ] \end {split} 
(22)

Since modality-specific information (say zβS ) is independent of other modalities
(text xT and photo xP ), we can simplify Equation 22 as,
 \label {eq: posterior-detailed} \begin {split} & \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)} [\log q_{\phi }(z_{\alpha }, z^S_{\beta }, z^T_{\beta }, z^P_{\beta }|x_S, x_T, x_P)] \simeq \\ & \hspace {1cm} \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)} [ \log q_{\phi _{\alpha }}(z_{\alpha }|x_S, x_T, x_P) \\ & \hspace {1.5cm} + \log q_{\phi _{S}}(z^S_{\beta }|x_S, z_{\alpha }) + \log q_{\phi _{T}}(z^T_{\beta }|x_T, z_{\alpha }) + \log q_{\phi _{P}}(z^P_{\beta }|x_P, z_{\alpha }) ] \end {split} 
(23)

Finally, combining Equation 17, 21, and 23 we get our desired KL-divergence
terms in Equation 4 as,
  \begin {split} & \hspace {-2cm} \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)}[\log q_{\phi }(z|x_S, x_T, x_P) - \log p_{\theta }(z)] = \\ & \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)} [ \log q_{\phi _{\alpha }}(z_{\alpha }|x_S, x_T, x_P) - \log p_{\theta _{\alpha }}(z_{\alpha }) ] \\ & + \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)} [ \log q_{\phi _{S}}(z^S_{\beta }| x_S, z_{\alpha }) - \log p_{\theta _{S}}(z^S_{\beta }|z_{\alpha }) ] \\ & + \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)} [ \log q_{\phi _{T}}(z^T_{\beta }| x_T, z_{\alpha }) - \log p_{\theta _{T}}(z^T_{\beta }|z_{\alpha }) ] \\ & + \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)} [ \log q_{\phi _{P}}(z^P_{\beta }| x_P, z_{\alpha }) - \log p_{\theta _{P}}(z^P_{\beta }|z_{\alpha }) ] \\ \end {split} 
(24)

Using the definition of KL-divergence as DKL (P ||Q) = EP (x) log

P (x)
Q(x)

we get,

  \begin {split} & \mathbb {E}_{q_{\phi }(z|x_S, x_T, x_P)}[\log q_{\phi }(z|x_S, x_T, x_P) - \log p_{\theta }(z)] = \\ & D_{KL}( q_{\phi _{\alpha }}(z_{\alpha }| x_S, x_T, x_P) || p_{\theta _{\alpha }}(z_{\alpha }) ) + D_{KL} ( q_{\phi _{S}}(z^S_{\beta }|x_S, z_{\alpha }) || p_{\theta _{S}}(z^S_{\beta }|z_{\alpha }) \\ & + D_{KL} ( q_{\phi _{T}}(z^T_{\beta }|x_T, z_{\alpha }) || p_{\theta _{T}}(z^T_{\beta }|z_{\alpha }) + D_{KL} ( q_{\phi _{P}}(z^P_{\beta }|x_P, z_{\alpha }) || p_{\theta _{P}}(z^P_{\beta }|z_{\alpha }) \end {split} 
(25)
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Additional Discussions

What is represented in the modality-specific component?
We learn to decouple modality-specific and modality-agnostic in an unsupervised
setup, similar to [68,28,13]. A limitation of this learning setup is the lack of interpretability [68] where the relevance of each learned factor is uncontrollable. While
an alternative is to learn disentangled representations in a supervised setting,
there are several limitations that make it an undesired learning paradigm [36]
such as, (i) humans can omit factors or have inconsistency in labels assigned for
variations that are difficult to identify (ii) obtaining labels is costly that requires
a human in the loop (iii) humans are capable of learning factors of variations
in an unsupervised setting. Although learning exactly what is learned in the
modality-specific components is admittedly difficult, Section 4 reveals some intuitions. From Table 6, we observe that replacing conditional invertible neural
network with a sub-optimal Gaussian prior leads to a greater drop in image
captioning metrics (3.2/1.4/17.2 in B-1/B-4/C) than retrieval metrics (0.6/0.6
in Acc.@1/Acc.@10). This indicates that learning a good text-specific information is more essential for the task of text generation (i.e., constructing sentences
using grammatical knowledge given the semantic information). Additionally, existing literature [68] has shown that sketch-specific information primarily captures drawing styles. We hope future research would further make the black-box
nature of unsupervised learning of disentangled features interpretable.
Why not use multi-modal pretraining using Data2Vec?
Data2Vec [7] is a generalised approach for self-supervised learning across different
modalities. While a similar technique could be incorporated in SceneTrilogy as
a pre-training step, such improvements is orthogonal to our current objective of
establishing SceneTrilogy with our proposed unified framework being the first
stab in this direction.
Why not use CMPlaces dataset?
While Castrejón et al. [11] studied a cross-modal problem of 5 modalities that
includes sketch, text, and photo, it crucially lacks fine-grained pairings togethers i.e., each modality is sourced independently without referencing to another.
Hence, it is incompatible with our setting where instance-level pairings are necessitated to study differences in scene representations amongst various modalities.
Why not use SOTA (especially for TBIR) methods like CAMP, UnicoderVL, Uniter, Oscar?
SceneTrilogy aims to learn the relation among scene-level sketch, text, and photo.
While methods like CAMP [86], Unicoder-VL [41], Uniter [14], and Oscar [44]
requires millions of paired text and photo, existing sketch datasets are limited
to a few thousands. More importantly, two of the dataset (SketchyCOCO [24]
and FSCOCO [16]) used to study SceneTrilogy, are derived from MSCOCO [48]
(i.e., the training and testing set of [24] and [16] are from MSCOCO). However,
SOTA methods like [86,41,14,44] used the entire MS-COCO for training. Hence,
comparing [86,41,14,44] on datasets that are subsets of MS-COCO [48] is unfair.

