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Abstract

Conditional Neural Processes (CNPs) bridge neural net-
works with probabilistic inference to approximate func-
tions of Stochastic Processes under meta-learning settings.
Given a batch of non-i.i.d function instantiations, CNPs are
jointly optimized for in-instantiation observation predic-
tion and cross-instantiation meta-representation adaptation
within a generative reconstruction pipeline. There can be a
challenge in tying together such two targets when the distri-
bution of function observations scales to high-dimensional
and noisy spaces. Instead, noise contrastive estimation
might be able to provide more robust representations by
learning distributional matching objectives to combat such
inherent limitation of generative models. In light of this, we
propose to equip CNPs by 1) aligning prediction with en-
coded ground-truth observation, and 2) decoupling meta-
representation adaptation from generative reconstruction.
Specifically, two auxiliary contrastive branches are set up
hierarchically, namely in-instantiation temporal contrastive
learning (TCL) and cross-instantiation function contrastive
learning (FCL), to facilitate local predictive alignment and
global function consistency, respectively. We empirically
show that TCL captures high-level abstraction of obser-
vations, whereas FCL helps identify underlying functions,
which in turn provides more efficient representations. Our
model outperforms other CNPs variants when evaluating
function distribution reconstruction and parameter identifi-
cation across 1D, 2D and high-dimensional time-series.

1. Introduction
Supervised generative models learn to reconstruct joint

distribution with certain prior incorporated to achieve pa-
rameter estimation. This brings in a natural fit to meta-
learning [2, 12, 30] paradigm, where knowledge acquired
from previous tasks can help fast adaptation in solving novel
tasks drawn from the same task distribution. Conditional
Neural Processes [6,9,16] (CNPs) lie at the intersection be-
tween these two. Mathematically, for T steps of a func-
tion instantiation D = {(xt,yt)}Tt=1 sampled from a time-

series, where each time index x has an associated obser-
vation y ⊆ Rd, CNPs learn to reconstruct the observation
of a given query index xq , with a set of time-observation
pairs C ⊆ D as input. Specifically, CNPs are built upon an
encoder-decoder, where the encoder h : C → rC summa-
rizes all the input as a contextual representation rC . The
decoder takes rC and query index xq and outputs estimated
observation g : rC , xq → ŷq ≈ yq . In a meta-learning con-
text, CNPs may deal with some non-i.i.d function instan-
tiations. If, for instance, given two function instantiations
D1 ∼ f1 = 5x+10 andD2 ∼ f2 = 8x+1, the representa-
tion derived from f1 cannot be used directly to reconstruct
observations of f2, but rather requires a cross-instantiation
adaption step for meta-representation. In CNPs, the adapta-
tion takes place implicitly along with data reconstruction.

The Bayesian principles enable CNPs to quantify un-
certainties while performing predictive tasks under limited
data volume. Moreover, CNPs are designed to model a dis-
tribution over functions whereas conventional deep learn-
ing models do not, suggesting better generalization when
multiple functions are in play. These properties are desir-
able in applications like traffic forecasting, trajectory pre-
diction, and activity recognition [13, 21, 24], where obser-
vations might be corrupted or sampled from different data-
generation functions.

The CNP’s variants attempt to improve the encoder h by
introducing a range of inductive biases [9, 15, 16] to learn
appropriate structures from data. Despite the performance
gains achieved, the inherent generative nature of these mod-
els has raised some concerns, especially when they are
considered together: 1) Correlations between observations
are not modeled in CNPs. While introducing a global la-
tent variable can yield more coherent predictions [4, 7, 16],
these attempts are also fraught with intractable likelihood;
2) High-dimensional observations challenge the capacity of
CNPs since generative models reconstruct low-level details
but hardly form high-level abstractions [17, 23]; and 3) Su-
pervision collapse in meta-learning [3] occurs when predic-
tion and transfer tasks are entangled in CNPs [8].

To address this, our first motivation centers on de-
coupling model adaptation from generative reconstruction
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Figure 1. The motivation of the proposed CCNP against CNPs.
While adaptation is implicitly done within generation in CNPs,
CCNP explicitly processes it with FCL branch, and TCL branch
ensures the alignment of high-level abstraction of observations.

through explicit contrastive learning, with the aim of mak-
ing each objective attends to its own duties. Contrastive
learning has become increasingly popular thanks to its
clearer (discriminative) supervisions. Despite being im-
plemented differently in a range of applications [1, 5, 34],
the shared principle behind these contrastive methods is to
create different types of tuples by utilizing certain struc-
tures in the data and training the model to identify the
types. For instance in SimCLR [1], images are firstly trans-
formed randomly with two augmentations, which are then
formed as contrastive pairs labeled as either positive or neg-
ative, depending on whether two augmentations are from
the same instance. Likewise, contrastive learning has re-
newed a surge of interest in conditional density estima-
tion [22, 26, 27]. In this scope, discriminative pretext tasks
are designed to create more efficient representations for
modeling higher-dimensional data than generative counter-
parts [19]. One should however note that they do so at the
expense of flexibility, as only downstream tasks that are di-
rectly related to the contrastive task can be accommodated.

As such, we investigate a generative-contrastive model
in an effort to combine the complementary benefits of both
approaches while mitigating the deficiencies of each. Exist-
ing studies linking contrastive learning to generative mod-
els spotlight the ”pre-train then fine-tune” scheme [25, 32].
Contrary to this, we aim to train a hybrid model in an end-
to-end way, without losing the flexibility of generative mod-
els, as well as the efficiency of contrastive models.

To this end, we propose Contrastive Conditional Neu-
ral Process (CCNP) that extends generative CNPs with two
auxiliary contrastive branches, coined in-instantiation tem-
poral contrastive learning (TCL) and cross-instantiation
function contrastive learning (FCL). A particular emphasis
is placed on the use of contrastive objectives to handle noisy
high-dimensional observations. Concretely, TCL imposes
local alignment between predictive representations and en-
coded ground-truth observations of the same timestep to
model temporal correlations, enhancing the model’s scala-
bility to higher dimensions. FCL encourages global consis-

tency across different partial views of the same instantiation
to separate adaptation from reconstruction, thus improving
the transferability of meta-representations.

Contributions. 1) We present an end-to-end generative-
contrastive meta-learning model based on CNPs. 2) We
demonstrate that incorporating proper contrastive objectives
into generative CNPs contributes to complementary ben-
efits, and hopefully leads to new avenues for research in
CNPs. 3) We empirically verify CCNP outperforms other
CNP baselines in terms of function distribution reconstruc-
tion and parameter identification across diverse tasks, in-
cluding 1D few-shot regression, 2D population dynamics
prediction and high-dimensional sequences reconstructions.

2. Related Works
Conditional Neural Processes. Conditional Neural Pro-
cess (CNP) [6] was proposed to perform function approxi-
mation under a meta-learning setting. Meta-learning refers
to a learning paradigm that facilitates rapid model adap-
tation across multiple related tasks. This is typically im-
plemented via a bi-level learning setting, where the model
solves predictive tasks within inner-level loop, while opti-
mizing the generalization ability during outer-level learn-
ing. CNPs wrap up the inner step with outer-level optimiza-
tion based on a simple encoder-decoder architecture. Re-
cent progress includes baking a variety of inductive biases
into the model so that the corresponding structure can be
learned from data. AttnCNP [16] uses attention [29] to im-
prove interpolation performance inside the range of train-
ing input. ConvCNP [9] realizes translation-equivariance
and enhances extrapolation capability outside the training
range. The latest evolution involves imposing symme-
tries on CNPs, e.g. group equivariance in [15] and Steer-
ableCNP [11] to ensure spatial invariance. Even so, the ma-
jority of their efforts are devoted to encoder while neglect-
ing supervision collapse associated with the inherent limita-
tion of generative reconstruction. ContrNP [14] shares the
motivation of preserving function consistency with us, the
proposed CCNP is more scalable owing to the TCL branch.

Contrastive Conditional Density Estimation. The com-
mon strategy held by [8, 22, 26, 27] is to bypass likelihood-
based distribution inference with noise contrastive estima-
tion (NCE) [10]. MetaCDE [26] learns a mean embed-
dings to estimate conditional density of multi-modal dis-
tribution. FCLR [8] replaces the decoder of CNPs with
self-supervised contrastive signals to model function rep-
resentations. CReSP [20] takes a further step upon FCLR
and forms a semi-supervised framework to learn represen-
tations at specific indices of time-series. While both FCLR
and CReSP also seek for preserving function consistency
as in ContrNP and CCNP, they stand for different tasks.
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<latexit sha1_base64="Wh7PT4ekSgWaml5+ogH2TYCJtN4=">AAAB/3icbVC7TsMwFHV4lvIKILGwWFRITFWCKmCs6MJYJPqQ2hA5rtNadZzIdhCVycCvsDCAECu/wcbf4LQZoOVIlo7OuVf3+AQJo1I5zre1tLyyurZe2ihvbm3v7Np7+20ZpwKTFo5ZLLoBkoRRTlqKKka6iSAoChjpBONG7nfuiZA05rdqkhAvQkNOQ4qRMpJvH/YjpEZBqB8yXzeyOx362s0y3644VWcKuEjcglRAgaZvf/UHMU4jwhVmSMqe6yTK00goihnJyv1UkgThMRqSnqEcRUR6epo/gydGGcAwFuZxBafq7w2NIiknUWAm87Ry3svF/7xeqsJLT1OepIpwPDsUpgyqGOZlwAEVBCs2MQRhQU1WiEdIIKxMZWVTgjv/5UXSPqu659XaTa1SvyrqKIEjcAxOgQsuQB1cgyZoAQwewTN4BW/Wk/VivVsfs9Elq9g5AH9gff4A4xuWrA==</latexit>

xf1

C

<latexit sha1_base64="uSW0H71JUat1zrUvRTNUif2jrkk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5rBfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ+6LqXVZrzVqlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fz2OM9A==</latexit>g
<latexit sha1_base64="hCBK0vDiJzAJzqTH0fHnsls39N4=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU1GOxF48VTFtoQ9lst+3SzSbsToQS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNHGqGfdZLGPdDqnhUijuo0DJ24nmNAolb4Xj+sxvPXFtRKwecZLwIKJDJQaCUbSSP+pl9WmvXHGr7hxklXg5qUCORq/81e3HLI24QiapMR3PTTDIqEbBJJ+WuqnhCWVjOuQdSxWNuAmy+bFTcmaVPhnE2pZCMld/T2Q0MmYShbYzojgyy95M/M/rpDi4DTKhkhS5YotFg1QSjMnsc9IXmjOUE0so08LeStiIasrQ5lOyIXjLL6+S5kXVu65ePlxVand5HEU4gVM4Bw9uoAb30AAfGAh4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/1byOtg==</latexit>

hC

<latexit sha1_base64="vXr1JVNQ47XSONLhMcF3NK85k2Y=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cKpi20oWy2k3bpZhN2N0IJ/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZemAqujet+O6W19Y3NrfJ2ZWd3b/+genjU0kmmGPosEYnqhFSj4BJ9w43ATqqQxqHAdji+m/ntJ1SaJ/LRTFIMYjqUPOKMGiv5o37enParNbfuzkFWiVeQGhRo9qtfvUHCshilYYJq3fXc1AQ5VYYzgdNKL9OYUjamQ+xaKmmMOsjnx07JmVUGJEqULWnIXP09kdNY60kc2s6YmpFe9mbif143M9FNkHOZZgYlWyyKMkFMQmafkwFXyIyYWEKZ4vZWwkZUUWZsPhUbgrf88ippXdS9q/rlw2WtcVvEUYYTOIVz8OAaGnAPTfCBAYdneIU3RzovzrvzsWgtOcXMMfyB8/kD6c+OxA==</latexit>

hP

<latexit sha1_base64="iX7ghyBjuNlSvtJQbljZihsYGcc=">AAACA3icbVDLSgMxFM3UV62vUXe6CRbBVZmRoi6L3bisYB/QjkMmzbShmcyQZIQSBtz4K25cKOLWn3Dn35iZdqGtB0IO59zLvfcECaNSOc63VVpZXVvfKG9WtrZ3dvfs/YOOjFOBSRvHLBa9AEnCKCdtRRUjvUQQFAWMdINJM/e7D0RIGvM7NU2IF6ERpyHFSBnJt48GEVLjINQi83XT126W3euw+H276tScAnCZuHNSBXO0fPtrMIxxGhGuMENS9l0nUZ5GQlHMSFYZpJIkCE/QiPQN5Sgi0tPFDRk8NcoQhrEwjytYqL87NIqknEaBqcw3loteLv7n9VMVXnma8iRVhOPZoDBlUMUwDwQOqSBYsakhCAtqdoV4jATCysRWMSG4iycvk855zb2o1W/r1cb1PI4yOAYn4Ay44BI0wA1ogTbA4BE8g1fwZj1ZL9a79TErLVnznkPwB9bnD+YimFY=</latexit>

rf1

C1

<latexit sha1_base64="OSmML2R0/6H7OQExmsehk1dgKPc=">AAACD3icbVC7TsMwFHXKq5RXgJHFogIxVQkgYKzowlgk+pCaEDmO01p1HrIdpMrKH7DwKywMIMTKysbf4KYZoOVI1j0651753uOnjAppWd9GZWl5ZXWtul7b2Nza3jF397oiyTgmHZywhPd9JAijMelIKhnpp5ygyGek549bU7/3QLigSXwnJylxIzSMaUgxklryzGNHQej4CQvEJNJF8dxTLU/ZeX6vwqJqP/fMutWwCsBFYpekDkq0PfPLCRKcRSSWmCEhBraVSlchLilmJK85mSApwmM0JANNYxQR4arinhweaSWAYcL1iyUs1N8TCkViuq7ujJAciXlvKv7nDTIZXrmKxmkmSYxnH4UZgzKB03BgQDnBkk00QZhTvSvEI8QRljrCmg7Bnj95kXRPG/ZF4+z2vN68LuOoggNwCE6ADS5BE9yANugADB7BM3gFb8aT8WK8Gx+z1opRzuyDPzA+fwAuGpzC</latexit>

{rf1

C1
}

<latexit sha1_base64="cXxg0Ci91WYW1fjwmJmmWSHnFjQ=">AAACD3icbVC7TsMwFHV4lvIKMLJYVCCmKikIGCu6MBaJPqQmRI7jtFadh2wHqbLyByz8CgsDCLGysvE3OG0GaDmS5aNz7tW99/gpo0Ja1rextLyyurZe2ahubm3v7Jp7+12RZByTDk5Ywvs+EoTRmHQklYz0U05Q5DPS88etwu89EC5oEt/JSUrcCA1jGlKMpJY888RREDp+wgIxifSneO6plqcaeX6vQk/Zea793DNrVt2aAi4SuyQ1UKLtmV9OkOAsIrHEDAkxsK1UugpxSTEjedXJBEkRHqMhGWgao4gIV03vyeGxVgIYJly/WMKp+rtDoUgU6+rKCMmRmPcK8T9vkMnwylU0TjNJYjwbFGYMygQW4cCAcoIlm2iCMKd6V4hHiCMsdYRVHYI9f/Ii6Tbq9kX97Pa81rwu46iAQ3AEToENLkET3IA26AAMHsEzeAVvxpPxYrwbH7PSJaPsOQB/YHz+AC+snMM=</latexit>

{rf1

C2
}

<latexit sha1_base64="l0Iqo+t1glQ9A/ThmYjgQffZ54s=">AAACD3icbVC7TsMwFHV4lvIKMLJYVCCmKikIGCu6MBaJPqQmRI7rtFadh2wHqbLyByz8CgsDCLGysvE3OGkGaDmSdY/OuVe+9/gJo0Ja1rextLyyurZe2ahubm3v7Jp7+10RpxyTDo5ZzPs+EoTRiHQklYz0E05Q6DPS8yet3O89EC5oHN3JaULcEI0iGlCMpJY888RREDp+zIZiGuqieOaplqcaWXavgqJqP/PMmlW3CsBFYpekBkq0PfPLGcY4DUkkMUNCDGwrka5CXFLMSFZ1UkEShCdoRAaaRigkwlXFPRk81soQBjHXL5KwUH9PKBSKfF3dGSI5FvNeLv7nDVIZXLmKRkkqSYRnHwUpgzKGeThwSDnBkk01QZhTvSvEY8QRljrCqg7Bnj95kXQbdfuifnZ7Xmtel3FUwCE4AqfABpegCW5AG3QABo/gGbyCN+PJeDHejY9Z65JRzhyAPzA+fwAxNpzE</latexit>

{rf2

C2
}

<latexit sha1_base64="4hHZxQkSaCtDLw3VYaBdSByHdOg=">AAACD3icbVC7TsMwFHV4lvIKMLJYVCCmKikIGCu6MBaJPqQmRI7jtFadh2wHqbLyByz8CgsDCLGysvE3OG0GaDmS5aNz7tW99/gpo0Ja1rextLyyurZe2ahubm3v7Jp7+12RZByTDk5Ywvs+EoTRmHQklYz0U05Q5DPS88etwu89EC5oEt/JSUrcCA1jGlKMpJY888RREDp+wgIxifSneO6plqfsPL9Xoacaea793DNrVt2aAi4SuyQ1UKLtmV9OkOAsIrHEDAkxsK1UugpxSTEjedXJBEkRHqMhGWgao4gIV03vyeGxVgIYJly/WMKp+rtDoUgU6+rKCMmRmPcK8T9vkMnwylU0TjNJYjwbFGYMygQW4cCAcoIlm2iCMKd6V4hHiCMsdYRVHYI9f/Ii6Tbq9kX97Pa81rwu46iAQ3AEToENLkET3IA26AAMHsEzeAVvxpPxYrwbH7PSJaPsOQB/YHz+AC+knMM=</latexit>

{rf2

C1
}

<latexit sha1_base64="iAO8B5xDZKMJcZQtHQeDla5JQ5k=">AAAB/3icbVC7TsMwFHXKq5RXAImFxaJCYqoSQMBYwcJYpL6kNkSO67RWHSeyHaTIZOBXWBhAiJXfYONvcNoO0HIkS0fn3Kt7fIKEUakc59sqLS2vrK6V1ysbm1vbO/buXlvGqcCkhWMWi26AJGGUk5aiipFuIgiKAkY6wfim8DsPREga86bKEuJFaMhpSDFSRvLtg36E1CgIdZb7upnf69DXbp77dtWpORPAReLOSBXM0PDtr/4gxmlEuMIMSdlznUR5GglFMSN5pZ9KkiA8RkPSM5SjiEhPT/Ln8NgoAxjGwjyu4ET9vaFRJGUWBWaySCvnvUL8z+ulKrzyNOVJqgjH00NhyqCKYVEGHFBBsGKZIQgLarJCPEICYWUqq5gS3PkvL5L2ac29qJ3dnVfr17M6yuAQHIET4IJLUAe3oAFaAINH8AxewZv1ZL1Y79bHdLRkzXb2wR9Ynz/+t5a9</latexit>

yf1

T
<latexit sha1_base64="0CKN4QevOEJMSnkzdEmnmrLeP34=">AAACDXicbVC7TsMwFHXKq5RXgJHFoiAxVQmqgLGiC2OR6ENqQuQ4TmvVech2kCorP8DCr7AwgBArOxt/g5N2gJYjWffonHvle4+fMiqkZX0blZXVtfWN6mZta3tnd8/cP+iJJOOYdHHCEj7wkSCMxqQrqWRkkHKCIp+Rvj9pF37/gXBBk/hOTlPiRmgU05BiJLXkmSeOgo6fsEBMI10Uzz3V9pSd5/cqLCt0cs+sWw2rBFwm9pzUwRwdz/xyggRnEYklZkiIoW2l0lWIS4oZyWtOJkiK8ASNyFDTGEVEuKq8JoenWglgmHD9YglL9feEQpEottWdEZJjsegV4n/eMJPhlatonGaSxHj2UZgxKBNYRAMDygmWbKoJwpzqXSEeI46w1AHWdAj24snLpHfesC8azdtmvXU9j6MKjsAxOAM2uAQtcAM6oAsweATP4BW8GU/Gi/FufMxaK8Z85hD8gfH5A2/YnG8=</latexit>

{rf1

C1
}

<latexit sha1_base64="dA1H5v65vZbM2GrIsEM6BWcMJxU=">AAAB9HicbVDLSgMxFM3UV62vqks3wSK4KjNS1GXVjcsK9gHtUDJppg1NMmNyp1CGfocbF4q49WPc+Tdm2llo64HA4Zx7uScniAU34LrfTmFtfWNzq7hd2tnd2z8oHx61TJRoypo0EpHuBMQwwRVrAgfBOrFmRAaCtYPxXea3J0wbHqlHmMbMl2SoeMgpASv5PUlgpGV6A6Bm/XLFrbpz4FXi5aSCcjT65a/eIKKJZAqoIMZ0PTcGPyUaOBVsVuolhsWEjsmQdS1VRDLjp/PQM3xmlQEOI22fAjxXf2+kRBozlYGdzEKaZS8T//O6CYTXfspVnABTdHEoTASGCGcN4AHXjIKYWkKo5jYrpiOiCQXbU8mW4C1/eZW0LqreZbX2UKvUb/M6iugEnaJz5KErVEf3qIGaiKIn9Ixe0ZszcV6cd+djMVpw8p1j9AfO5w9Sx5J5</latexit>

Attn

<latexit sha1_base64="dA1H5v65vZbM2GrIsEM6BWcMJxU=">AAAB9HicbVDLSgMxFM3UV62vqks3wSK4KjNS1GXVjcsK9gHtUDJppg1NMmNyp1CGfocbF4q49WPc+Tdm2llo64HA4Zx7uScniAU34LrfTmFtfWNzq7hd2tnd2z8oHx61TJRoypo0EpHuBMQwwRVrAgfBOrFmRAaCtYPxXea3J0wbHqlHmMbMl2SoeMgpASv5PUlgpGV6A6Bm/XLFrbpz4FXi5aSCcjT65a/eIKKJZAqoIMZ0PTcGPyUaOBVsVuolhsWEjsmQdS1VRDLjp/PQM3xmlQEOI22fAjxXf2+kRBozlYGdzEKaZS8T//O6CYTXfspVnABTdHEoTASGCGcN4AHXjIKYWkKo5jYrpiOiCQXbU8mW4C1/eZW0LqreZbX2UKvUb/M6iugEnaJz5KErVEf3qIGaiKIn9Ixe0ZszcV6cd+djMVpw8p1j9AfO5w9Sx5J5</latexit>

Attn

TCL

<latexit sha1_base64="By6HJrvpDEaobMZuFERqtbsrEec=">AAAB/3icbVC7TsMwFHV4lvIKILGwWFRITFUCCBgrWBiL1JfUhshxndaq40S2g6hMBn6FhQGEWPkNNv4Gp80ALUeydHTOvbrHJ0gYlcpxvq2FxaXlldXSWnl9Y3Nr297Zbck4FZg0ccxi0QmQJIxy0lRUMdJJBEFRwEg7GF3nfvueCElj3lDjhHgRGnAaUoyUkXx7vxchNQxC/ZD5upHd6dDXbpb5dsWpOhPAeeIWpAIK1H37q9ePcRoRrjBDUnZdJ1GeRkJRzEhW7qWSJAiP0IB0DeUoItLTk/wZPDJKH4axMI8rOFF/b2gUSTmOAjOZp5WzXi7+53VTFV56mvIkVYTj6aEwZVDFMC8D9qkgWLGxIQgLarJCPEQCYWUqK5sS3Nkvz5PWSdU9r57enlVqV0UdJXAADsExcMEFqIEbUAdNgMEjeAav4M16sl6sd+tjOrpgFTt74A+szx/9Jpa8</latexit>

xf1

T

FRL

<latexit sha1_base64="LXFxkPkbLYEYkvKZH3zi6evOnIc=">AAACA3icbVC7TsMwFHXKq5RXgA0WiwqJqUpQBYwFFsYi0YfUhshxndaq40S2g1RZkVj4FRYGEGLlJ9j4G5y0A7QcyfLROffq3nuChFGpHOfbKi0tr6yuldcrG5tb2zv27l5bxqnApIVjFotugCRhlJOWooqRbiIIigJGOsH4Ovc7D0RIGvM7NUmIF6EhpyHFSBnJtw/6EVKjINQi8/Wlr90su9dh8ft21ak5BeAicWekCmZo+vZXfxDjNCJcYYak7LlOojyNhKKYkazSTyVJEB6jIekZylFEpKeLGzJ4bJQBDGNhHlewUH93aBRJOYkCU5lvLOe9XPzP66UqvPA05UmqCMfTQWHKoIphHggcUEGwYhNDEBbU7ArxCAmElYmtYkJw509eJO3TmntWq9/Wq42rWRxlcAiOwAlwwTlogBvQBC2AwSN4Bq/gzXqyXqx362NaWrJmPfvgD6zPH+MAmFQ=</latexit>

rf1

A1

<latexit sha1_base64="OzFLQp7gn5H7mtxK3VoN+FXuLi0=">AAACA3icbVDLSgMxFM3UV62vUXe6CRbBVZmRoi6LgrisYB/QjkMmzbShmcyQZIQSBtz4K25cKOLWn3Dn35iZdqGtB0IO59zLvfcECaNSOc63VVpaXlldK69XNja3tnfs3b22jFOBSQvHLBbdAEnCKCctRRUj3UQQFAWMdILxVe53HoiQNOZ3apIQL0JDTkOKkTKSbx/0I6RGQahF5utrX7tZdq/D4vftqlNzCsBF4s5IFczQ9O2v/iDGaUS4wgxJ2XOdRHkaCUUxI1mln0qSIDxGQ9IzlKOISE8XN2Tw2CgDGMbCPK5gof7u0CiSchIFpjLfWM57ufif10tVeOFpypNUEY6ng8KUQRXDPBA4oIJgxSaGICyo2RXiERIIKxNbxYTgzp+8SNqnNfesVr+tVxuXszjK4BAcgRPggnPQADegCVoAg0fwDF7Bm/VkvVjv1se0tGTNevbBH1ifP+rVmFk=</latexit>

rf1

F1

<latexit sha1_base64="uSW0H71JUat1zrUvRTNUif2jrkk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5rBfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ+6LqXVZrzVqlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fz2OM9A==</latexit>g
<latexit sha1_base64="hCBK0vDiJzAJzqTH0fHnsls39N4=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU1GOxF48VTFtoQ9lst+3SzSbsToQS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNHGqGfdZLGPdDqnhUijuo0DJ24nmNAolb4Xj+sxvPXFtRKwecZLwIKJDJQaCUbSSP+pl9WmvXHGr7hxklXg5qUCORq/81e3HLI24QiapMR3PTTDIqEbBJJ+WuqnhCWVjOuQdSxWNuAmy+bFTcmaVPhnE2pZCMld/T2Q0MmYShbYzojgyy95M/M/rpDi4DTKhkhS5YotFg1QSjMnsc9IXmjOUE0so08LeStiIasrQ5lOyIXjLL6+S5kXVu65ePlxVand5HEU4gVM4Bw9uoAb30AAfGAh4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/1byOtg==</latexit>

hC

<latexit sha1_base64="vXr1JVNQ47XSONLhMcF3NK85k2Y=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cKpi20oWy2k3bpZhN2N0IJ/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZemAqujet+O6W19Y3NrfJ2ZWd3b/+genjU0kmmGPosEYnqhFSj4BJ9w43ATqqQxqHAdji+m/ntJ1SaJ/LRTFIMYjqUPOKMGiv5o37enParNbfuzkFWiVeQGhRo9qtfvUHCshilYYJq3fXc1AQ5VYYzgdNKL9OYUjamQ+xaKmmMOsjnx07JmVUGJEqULWnIXP09kdNY60kc2s6YmpFe9mbif143M9FNkHOZZgYlWyyKMkFMQmafkwFXyIyYWEKZ4vZWwkZUUWZsPhUbgrf88ippXdS9q/rlw2WtcVvEUYYTOIVz8OAaGnAPTfCBAYdneIU3RzovzrvzsWgtOcXMMfyB8/kD6c+OxA==</latexit>

hP

<latexit sha1_base64="By6HJrvpDEaobMZuFERqtbsrEec=">AAAB/3icbVC7TsMwFHV4lvIKILGwWFRITFUCCBgrWBiL1JfUhshxndaq40S2g6hMBn6FhQGEWPkNNv4Gp80ALUeydHTOvbrHJ0gYlcpxvq2FxaXlldXSWnl9Y3Nr297Zbck4FZg0ccxi0QmQJIxy0lRUMdJJBEFRwEg7GF3nfvueCElj3lDjhHgRGnAaUoyUkXx7vxchNQxC/ZD5upHd6dDXbpb5dsWpOhPAeeIWpAIK1H37q9ePcRoRrjBDUnZdJ1GeRkJRzEhW7qWSJAiP0IB0DeUoItLTk/wZPDJKH4axMI8rOFF/b2gUSTmOAjOZp5WzXi7+53VTFV56mvIkVYTj6aEwZVDFMC8D9qkgWLGxIQgLarJCPEQCYWUqK5sS3Nkvz5PWSdU9r57enlVqV0UdJXAADsExcMEFqIEbUAdNgMEjeAav4M16sl6sd+tjOrpgFTt74A+szx/9Jpa8</latexit>

xf1

T

<latexit sha1_base64="iAO8B5xDZKMJcZQtHQeDla5JQ5k=">AAAB/3icbVC7TsMwFHXKq5RXAImFxaJCYqoSQMBYwcJYpL6kNkSO67RWHSeyHaTIZOBXWBhAiJXfYONvcNoO0HIkS0fn3Kt7fIKEUakc59sqLS2vrK6V1ysbm1vbO/buXlvGqcCkhWMWi26AJGGUk5aiipFuIgiKAkY6wfim8DsPREga86bKEuJFaMhpSDFSRvLtg36E1CgIdZb7upnf69DXbp77dtWpORPAReLOSBXM0PDtr/4gxmlEuMIMSdlznUR5GglFMSN5pZ9KkiA8RkPSM5SjiEhPT/Ln8NgoAxjGwjyu4ET9vaFRJGUWBWaySCvnvUL8z+ulKrzyNOVJqgjH00NhyqCKYVEGHFBBsGKZIQgLarJCPEICYWUqq5gS3PkvL5L2ac29qJ3dnVfr17M6yuAQHIET4IJLUAe3oAFaAINH8AxewZv1ZL1Y79bHdLRkzXb2wR9Ynz/+t5a9</latexit>

yf1

T

<latexit sha1_base64="dA1H5v65vZbM2GrIsEM6BWcMJxU=">AAAB9HicbVDLSgMxFM3UV62vqks3wSK4KjNS1GXVjcsK9gHtUDJppg1NMmNyp1CGfocbF4q49WPc+Tdm2llo64HA4Zx7uScniAU34LrfTmFtfWNzq7hd2tnd2z8oHx61TJRoypo0EpHuBMQwwRVrAgfBOrFmRAaCtYPxXea3J0wbHqlHmMbMl2SoeMgpASv5PUlgpGV6A6Bm/XLFrbpz4FXi5aSCcjT65a/eIKKJZAqoIMZ0PTcGPyUaOBVsVuolhsWEjsmQdS1VRDLjp/PQM3xmlQEOI22fAjxXf2+kRBozlYGdzEKaZS8T//O6CYTXfspVnABTdHEoTASGCGcN4AHXjIKYWkKo5jYrpiOiCQXbU8mW4C1/eZW0LqreZbX2UKvUb/M6iugEnaJz5KErVEf3qIGaiKIn9Ixe0ZszcV6cd+djMVpw8p1j9AfO5w9Sx5J5</latexit>

Attn

<latexit sha1_base64="dA1H5v65vZbM2GrIsEM6BWcMJxU=">AAAB9HicbVDLSgMxFM3UV62vqks3wSK4KjNS1GXVjcsK9gHtUDJppg1NMmNyp1CGfocbF4q49WPc+Tdm2llo64HA4Zx7uScniAU34LrfTmFtfWNzq7hd2tnd2z8oHx61TJRoypo0EpHuBMQwwRVrAgfBOrFmRAaCtYPxXea3J0wbHqlHmMbMl2SoeMgpASv5PUlgpGV6A6Bm/XLFrbpz4FXi5aSCcjT65a/eIKKJZAqoIMZ0PTcGPyUaOBVsVuolhsWEjsmQdS1VRDLjp/PQM3xmlQEOI22fAjxXf2+kRBozlYGdzEKaZS8T//O6CYTXfspVnABTdHEoTASGCGcN4AHXjIKYWkKo5jYrpiOiCQXbU8mW4C1/eZW0LqreZbX2UKvUb/M6iugEnaJz5KErVEf3qIGaiKIn9Ixe0ZszcV6cd+djMVpw8p1j9AfO5w9Sx5J5</latexit>

Attn

TCL

<latexit sha1_base64="By6HJrvpDEaobMZuFERqtbsrEec=">AAAB/3icbVC7TsMwFHV4lvIKILGwWFRITFUCCBgrWBiL1JfUhshxndaq40S2g6hMBn6FhQGEWPkNNv4Gp80ALUeydHTOvbrHJ0gYlcpxvq2FxaXlldXSWnl9Y3Nr297Zbck4FZg0ccxi0QmQJIxy0lRUMdJJBEFRwEg7GF3nfvueCElj3lDjhHgRGnAaUoyUkXx7vxchNQxC/ZD5upHd6dDXbpb5dsWpOhPAeeIWpAIK1H37q9ePcRoRrjBDUnZdJ1GeRkJRzEhW7qWSJAiP0IB0DeUoItLTk/wZPDJKH4axMI8rOFF/b2gUSTmOAjOZp5WzXi7+53VTFV56mvIkVYTj6aEwZVDFMC8D9qkgWLGxIQgLarJCPEQCYWUqK5sS3Nkvz5PWSdU9r57enlVqV0UdJXAADsExcMEFqIEbUAdNgMEjeAav4M16sl6sd+tjOrpgFTt74A+szx/9Jpa8</latexit>

xf1

T

FRL
<latexit sha1_base64="rQ+lnlZ8/oEDmphri0GPm78PfAY=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRbBU9kVUY9FLx4r2A9ol5JNs21okg1JVihL/4IXD4p49Q9589+YbfegrQ8GHu/NMDMvUpwZ6/vfXmltfWNzq7xd2dnd2z+oHh61TZJqQlsk4YnuRthQziRtWWY57SpNsYg47USTu9zvPFFtWCIf7VTRUOCRZDEj2OZSXxk2qNb8uj8HWiVBQWpQoDmofvWHCUkFlZZwbEwv8JUNM6wtI5zOKv3UUIXJBI9oz1GJBTVhNr91hs6cMkRxol1Ji+bq74kMC2OmInKdAtuxWfZy8T+vl9r4JsyYVKmlkiwWxSlHNkH542jINCWWTx3BRDN3KyJjrDGxLp6KCyFYfnmVtC/qwVX98uGy1rgt4ijDCZzCOQRwDQ24hya0gMAYnuEV3jzhvXjv3seiteQVM8fwB97nDyctjlM=</latexit>

 

<latexit sha1_base64="hpnySaJh+/CAhHti5mNvHw101yA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkVI9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1mvfHQqLVuizjKcAbncAkeXEML7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEWdo5I</latexit>

� <latexit sha1_base64="o6clIFCxqQGMHKfTHj/bMAiHij0=">AAACEHicbVC7TsMwFHV4lvAKMLJYVAimKqkqYKzowlgk+pDaEDmO01p1HrIdpMrKJ7DwKywMIMTKyMbf4LQZoOVIlo/OuVf33uOnjApp29/Gyura+sZmZcvc3tnd27cODrsiyTgmHZywhPd9JAijMelIKhnpp5ygyGek509ahd97IFzQJL6T05S4ERrFNKQYSS151pk5VBAO/YQFYhrpT/HcUy1P1fP8XoWecvJc+7lnVe2aPQNcJk5JqqBE27O+hkGCs4jEEjMkxMCxU+kqxCXFjOTmMBMkRXiCRmSgaYwiIlw1OyiHp1oJYJhw/WIJZ+rvDoUiUayrKyMkx2LRK8T/vEEmwytX0TjNJInxfFCYMSgTWKQDA8oJlmyqCcKc6l0hHiOOsNQZmjoEZ/HkZdKt15yLWuO2UW1el3FUwDE4AefAAZegCW5AG3QABo/gGbyCN+PJeDHejY956YpR9hyBPzA+fwBl75zY</latexit>

{rf1

C2
}

<latexit sha1_base64="Us5tLlBXmU+ALyNm84DS79VMuok=">AAACA3icbVDLSsNAFJ34rPUVdaebwSK4Kkkp6rIoiMsK9gFtDJPppB06mYSZiVCGgBt/xY0LRdz6E+78GydtFtp64MLhnHu5954gYVQqx/m2lpZXVtfWSxvlza3tnV17b78t41Rg0sIxi0U3QJIwyklLUcVINxEERQEjnWB8lfudByIkjfmdmiTEi9CQ05BipIzk24f9CKlREGqR+fra17Usu9ehr90s8+2KU3WmgIvELUgFFGj69ld/EOM0IlxhhqTsuU6iPI2EopiRrNxPJUkQHqMh6RnKUUSkp6c/ZPDEKAMYxsIUV3Cq/p7QKJJyEgWmM79Yznu5+J/XS1V44WnKk1QRjmeLwpRBFcM8EDiggmDFJoYgLKi5FeIREggrE1vZhODOv7xI2rWqe1at39YrjcsijhI4AsfgFLjgHDTADWiCFsDgETyDV/BmPVkv1rv1MWtdsoqZA/AH1ucP7GOYWg==</latexit>

rf1

F2

<latexit sha1_base64="atmEvJQtklvBhdLjM6YHGzz8H0k=">AAACA3icbVDLSsNAFJ34rPUVdaebwSK4Kkkp6rLqxmUF+4A2hsl00g6dTMLMRChDwI2/4saFIm79CXf+jZM2C209cOFwzr3ce0+QMCqV43xbS8srq2vrpY3y5tb2zq69t9+WcSowaeGYxaIbIEkY5aSlqGKkmwiCooCRTjC+zv3OAxGSxvxOTRLiRWjIaUgxUkby7cN+hNQoCLXIfH3p61qW3evQ126W+XbFqTpTwEXiFqQCCjR9+6s/iHEaEa4wQ1L2XCdRnkZCUcxIVu6nkiQIj9GQ9AzlKCLS09MfMnhilAEMY2GKKzhVf09oFEk5iQLTmV8s571c/M/rpSq88DTlSaoIx7NFYcqgimEeCBxQQbBiE0MQFtTcCvEICYSVia1sQnDnX14k7VrVPavWb+uVxlURRwkcgWNwClxwDhrgBjRBC2DwCJ7BK3iznqwX6936mLUuWcXMAfgD6/MH5I6YVQ==</latexit>

rf1

A2

<latexit sha1_base64="aVn10zEQHMGPANZgWJufGV7TC8U=">AAACA3icbVDLSsNAFJ34rPUVdaebwSK4Kkkp6rLYjcsK9gFtDJPppB06mYSZiVCGgBt/xY0LRdz6E+78GydtFtp64MLhnHu5954gYVQqx/m2VlbX1jc2S1vl7Z3dvX374LAj41Rg0sYxi0UvQJIwyklbUcVILxEERQEj3WDSzP3uAxGSxvxOTRPiRWjEaUgxUkby7eNBhNQ4CLXIfN30dS3L7nXoazfLfLviVJ0Z4DJxC1IBBVq+/TUYxjiNCFeYISn7rpMoTyOhKGYkKw9SSRKEJ2hE+oZyFBHp6dkPGTwzyhCGsTDFFZypvyc0iqScRoHpzC+Wi14u/uf1UxVeeZryJFWE4/miMGVQxTAPBA6pIFixqSEIC2puhXiMBMLKxFY2IbiLLy+TTq3qXlTrt/VK47qIowROwCk4By64BA1wA1qgDTB4BM/gFbxZT9aL9W59zFtXrGLmCPyB9fkD57CYVw==</latexit>

rf1

C2

Encoder Decoder

Encoder Decoder

Pa
rt

ia
l v

ie
w

<latexit sha1_base64="yslYWvyqcpYStnCU8ddBJpicdKY=">AAAB/3icbVDLSgMxFM3UV62vUcGNm2ARXJWZUtRlsRuXFewD2jpk0kwbmskMSUYscRb+ihsXirj1N9z5N2baWWjrgcDhnHu5J8ePGZXKcb6twsrq2vpGcbO0tb2zu2fvH7RllAhMWjhikej6SBJGOWkpqhjpxoKg0Gek408amd+5J0LSiN+qaUwGIRpxGlCMlJE8+6gfIjX2A/2QerqR3unA09U09eyyU3FmgMvEzUkZ5Gh69ld/GOEkJFxhhqTsuU6sBhoJRTEjaamfSBIjPEEj0jOUo5DIgZ7lT+GpUYYwiIR5XMGZ+ntDo1DKaeibySytXPQy8T+vl6jgcqApjxNFOJ4fChIGVQSzMuCQCoIVmxqCsKAmK8RjJBBWprKSKcFd/PIyaVcr7nmldlMr16/yOorgGJyAM+CCC1AH16AJWgCDR/AMXsGb9WS9WO/Wx3y0YOU7h+APrM8f5KGWrQ==</latexit>

xf2

C
<latexit sha1_base64="d3Da+8J0Wrk82RL1xriVmNXNv/0=">AAAB/3icbVDLSgMxFM34rPU1KrhxEyyCqzJTirosduOygn1AOw6ZNNOGZjJDkhGGOAt/xY0LRdz6G+78G9N2Ftp6IHA4517uyQkSRqVynG9rZXVtfWOztFXe3tnd27cPDjsyTgUmbRyzWPQCJAmjnLQVVYz0EkFQFDDSDSbNqd99IELSmN+pLCFehEachhQjZSTfPh5ESI2DUGe5r5v5vQ59Xctz3644VWcGuEzcglRAgZZvfw2GMU4jwhVmSMq+6yTK00goihnJy4NUkgThCRqRvqEcRUR6epY/h2dGGcIwFuZxBWfq7w2NIimzKDCT07Ry0ZuK/3n9VIVXnqY8SRXheH4oTBlUMZyWAYdUEKxYZgjCgpqsEI+RQFiZysqmBHfxy8ukU6u6F9X6bb3SuC7qKIETcArOgQsuQQPcgBZoAwwewTN4BW/Wk/VivVsf89EVq9g5An9gff4A5jKWrg==</latexit>

yf2

C

<latexit sha1_base64="rQ+lnlZ8/oEDmphri0GPm78PfAY=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRbBU9kVUY9FLx4r2A9ol5JNs21okg1JVihL/4IXD4p49Q9589+YbfegrQ8GHu/NMDMvUpwZ6/vfXmltfWNzq7xd2dnd2z+oHh61TZJqQlsk4YnuRthQziRtWWY57SpNsYg47USTu9zvPFFtWCIf7VTRUOCRZDEj2OZSXxk2qNb8uj8HWiVBQWpQoDmofvWHCUkFlZZwbEwv8JUNM6wtI5zOKv3UUIXJBI9oz1GJBTVhNr91hs6cMkRxol1Ji+bq74kMC2OmInKdAtuxWfZy8T+vl9r4JsyYVKmlkiwWxSlHNkH542jINCWWTx3BRDN3KyJjrDGxLp6KCyFYfnmVtC/qwVX98uGy1rgt4ijDCZzCOQRwDQ24hya0gMAYnuEV3jzhvXjv3seiteQVM8fwB97nDyctjlM=</latexit>

 

<latexit sha1_base64="hpnySaJh+/CAhHti5mNvHw101yA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkVI9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1mvfHQqLVuizjKcAbncAkeXEML7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEWdo5I</latexit>

�

<latexit sha1_base64="uSW0H71JUat1zrUvRTNUif2jrkk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5rBfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ+6LqXVZrzVqlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fz2OM9A==</latexit>g
<latexit sha1_base64="hCBK0vDiJzAJzqTH0fHnsls39N4=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU1GOxF48VTFtoQ9lst+3SzSbsToQS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNHGqGfdZLGPdDqnhUijuo0DJ24nmNAolb4Xj+sxvPXFtRKwecZLwIKJDJQaCUbSSP+pl9WmvXHGr7hxklXg5qUCORq/81e3HLI24QiapMR3PTTDIqEbBJJ+WuqnhCWVjOuQdSxWNuAmy+bFTcmaVPhnE2pZCMld/T2Q0MmYShbYzojgyy95M/M/rpDi4DTKhkhS5YotFg1QSjMnsc9IXmjOUE0so08LeStiIasrQ5lOyIXjLL6+S5kXVu65ePlxVand5HEU4gVM4Bw9uoAb30AAfGAh4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/1byOtg==</latexit>

hC

<latexit sha1_base64="vXr1JVNQ47XSONLhMcF3NK85k2Y=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cKpi20oWy2k3bpZhN2N0IJ/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZemAqujet+O6W19Y3NrfJ2ZWd3b/+genjU0kmmGPosEYnqhFSj4BJ9w43ATqqQxqHAdji+m/ntJ1SaJ/LRTFIMYjqUPOKMGiv5o37enParNbfuzkFWiVeQGhRo9qtfvUHCshilYYJq3fXc1AQ5VYYzgdNKL9OYUjamQ+xaKmmMOsjnx07JmVUGJEqULWnIXP09kdNY60kc2s6YmpFe9mbif143M9FNkHOZZgYlWyyKMkFMQmafkwFXyIyYWEKZ4vZWwkZUUWZsPhUbgrf88ippXdS9q/rlw2WtcVvEUYYTOIVz8OAaGnAPTfCBAYdneIU3RzovzrvzsWgtOcXMMfyB8/kD6c+OxA==</latexit>

hP

<latexit sha1_base64="dA1H5v65vZbM2GrIsEM6BWcMJxU=">AAAB9HicbVDLSgMxFM3UV62vqks3wSK4KjNS1GXVjcsK9gHtUDJppg1NMmNyp1CGfocbF4q49WPc+Tdm2llo64HA4Zx7uScniAU34LrfTmFtfWNzq7hd2tnd2z8oHx61TJRoypo0EpHuBMQwwRVrAgfBOrFmRAaCtYPxXea3J0wbHqlHmMbMl2SoeMgpASv5PUlgpGV6A6Bm/XLFrbpz4FXi5aSCcjT65a/eIKKJZAqoIMZ0PTcGPyUaOBVsVuolhsWEjsmQdS1VRDLjp/PQM3xmlQEOI22fAjxXf2+kRBozlYGdzEKaZS8T//O6CYTXfspVnABTdHEoTASGCGcN4AHXjIKYWkKo5jYrpiOiCQXbU8mW4C1/eZW0LqreZbX2UKvUb/M6iugEnaJz5KErVEf3qIGaiKIn9Ixe0ZszcV6cd+djMVpw8p1j9AfO5w9Sx5J5</latexit>

Attn

<latexit sha1_base64="dA1H5v65vZbM2GrIsEM6BWcMJxU=">AAAB9HicbVDLSgMxFM3UV62vqks3wSK4KjNS1GXVjcsK9gHtUDJppg1NMmNyp1CGfocbF4q49WPc+Tdm2llo64HA4Zx7uScniAU34LrfTmFtfWNzq7hd2tnd2z8oHx61TJRoypo0EpHuBMQwwRVrAgfBOrFmRAaCtYPxXea3J0wbHqlHmMbMl2SoeMgpASv5PUlgpGV6A6Bm/XLFrbpz4FXi5aSCcjT65a/eIKKJZAqoIMZ0PTcGPyUaOBVsVuolhsWEjsmQdS1VRDLjp/PQM3xmlQEOI22fAjxXf2+kRBozlYGdzEKaZS8T//O6CYTXfspVnABTdHEoTASGCGcN4AHXjIKYWkKo5jYrpiOiCQXbU8mW4C1/eZW0LqreZbX2UKvUb/M6iugEnaJz5KErVEf3qIGaiKIn9Ixe0ZszcV6cd+djMVpw8p1j9AfO5w9Sx5J5</latexit>

Attn

TCL

FRL

<latexit sha1_base64="uSW0H71JUat1zrUvRTNUif2jrkk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5rBfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ+6LqXVZrzVqlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fz2OM9A==</latexit>g
<latexit sha1_base64="hCBK0vDiJzAJzqTH0fHnsls39N4=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU1GOxF48VTFtoQ9lst+3SzSbsToQS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNHGqGfdZLGPdDqnhUijuo0DJ24nmNAolb4Xj+sxvPXFtRKwecZLwIKJDJQaCUbSSP+pl9WmvXHGr7hxklXg5qUCORq/81e3HLI24QiapMR3PTTDIqEbBJJ+WuqnhCWVjOuQdSxWNuAmy+bFTcmaVPhnE2pZCMld/T2Q0MmYShbYzojgyy95M/M/rpDi4DTKhkhS5YotFg1QSjMnsc9IXmjOUE0so08LeStiIasrQ5lOyIXjLL6+S5kXVu65ePlxVand5HEU4gVM4Bw9uoAb30AAfGAh4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/1byOtg==</latexit>

hC

<latexit sha1_base64="vXr1JVNQ47XSONLhMcF3NK85k2Y=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cKpi20oWy2k3bpZhN2N0IJ/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZemAqujet+O6W19Y3NrfJ2ZWd3b/+genjU0kmmGPosEYnqhFSj4BJ9w43ATqqQxqHAdji+m/ntJ1SaJ/LRTFIMYjqUPOKMGiv5o37enParNbfuzkFWiVeQGhRo9qtfvUHCshilYYJq3fXc1AQ5VYYzgdNKL9OYUjamQ+xaKmmMOsjnx07JmVUGJEqULWnIXP09kdNY60kc2s6YmpFe9mbif143M9FNkHOZZgYlWyyKMkFMQmafkwFXyIyYWEKZ4vZWwkZUUWZsPhUbgrf88ippXdS9q/rlw2WtcVvEUYYTOIVz8OAaGnAPTfCBAYdneIU3RzovzrvzsWgtOcXMMfyB8/kD6c+OxA==</latexit>

hP

<latexit sha1_base64="dA1H5v65vZbM2GrIsEM6BWcMJxU=">AAAB9HicbVDLSgMxFM3UV62vqks3wSK4KjNS1GXVjcsK9gHtUDJppg1NMmNyp1CGfocbF4q49WPc+Tdm2llo64HA4Zx7uScniAU34LrfTmFtfWNzq7hd2tnd2z8oHx61TJRoypo0EpHuBMQwwRVrAgfBOrFmRAaCtYPxXea3J0wbHqlHmMbMl2SoeMgpASv5PUlgpGV6A6Bm/XLFrbpz4FXi5aSCcjT65a/eIKKJZAqoIMZ0PTcGPyUaOBVsVuolhsWEjsmQdS1VRDLjp/PQM3xmlQEOI22fAjxXf2+kRBozlYGdzEKaZS8T//O6CYTXfspVnABTdHEoTASGCGcN4AHXjIKYWkKo5jYrpiOiCQXbU8mW4C1/eZW0LqreZbX2UKvUb/M6iugEnaJz5KErVEf3qIGaiKIn9Ixe0ZszcV6cd+djMVpw8p1j9AfO5w9Sx5J5</latexit>

Attn

<latexit sha1_base64="dA1H5v65vZbM2GrIsEM6BWcMJxU=">AAAB9HicbVDLSgMxFM3UV62vqks3wSK4KjNS1GXVjcsK9gHtUDJppg1NMmNyp1CGfocbF4q49WPc+Tdm2llo64HA4Zx7uScniAU34LrfTmFtfWNzq7hd2tnd2z8oHx61TJRoypo0EpHuBMQwwRVrAgfBOrFmRAaCtYPxXea3J0wbHqlHmMbMl2SoeMgpASv5PUlgpGV6A6Bm/XLFrbpz4FXi5aSCcjT65a/eIKKJZAqoIMZ0PTcGPyUaOBVsVuolhsWEjsmQdS1VRDLjp/PQM3xmlQEOI22fAjxXf2+kRBozlYGdzEKaZS8T//O6CYTXfspVnABTdHEoTASGCGcN4AHXjIKYWkKo5jYrpiOiCQXbU8mW4C1/eZW0LqreZbX2UKvUb/M6iugEnaJz5KErVEf3qIGaiKIn9Ixe0ZszcV6cd+djMVpw8p1j9AfO5w9Sx5J5</latexit>

Attn

TCL

FRL
<latexit sha1_base64="rQ+lnlZ8/oEDmphri0GPm78PfAY=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRbBU9kVUY9FLx4r2A9ol5JNs21okg1JVihL/4IXD4p49Q9589+YbfegrQ8GHu/NMDMvUpwZ6/vfXmltfWNzq7xd2dnd2z+oHh61TZJqQlsk4YnuRthQziRtWWY57SpNsYg47USTu9zvPFFtWCIf7VTRUOCRZDEj2OZSXxk2qNb8uj8HWiVBQWpQoDmofvWHCUkFlZZwbEwv8JUNM6wtI5zOKv3UUIXJBI9oz1GJBTVhNr91hs6cMkRxol1Ji+bq74kMC2OmInKdAtuxWfZy8T+vl9r4JsyYVKmlkiwWxSlHNkH542jINCWWTx3BRDN3KyJjrDGxLp6KCyFYfnmVtC/qwVX98uGy1rgt4ijDCZzCOQRwDQ24hya0gMAYnuEV3jzhvXjv3seiteQVM8fwB97nDyctjlM=</latexit>

 

<latexit sha1_base64="hpnySaJh+/CAhHti5mNvHw101yA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkVI9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1mvfHQqLVuizjKcAbncAkeXEML7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEWdo5I</latexit>

�

EncoderDecoder

EncoderDecoder

<latexit sha1_base64="c3tMmbBJHEUKSRtQIurzQNl0Oxw=">AAAB/3icbVC7TsMwFHXKq5RXAImFxaJCYqqSgoCxgoWxSH1JbYkc12mtOk5kO4jKZOBXWBhAiJXfYONvcNoM0HIkS0fn3Kt7fPyYUakc59sqLC2vrK4V10sbm1vbO/buXktGicCkiSMWiY6PJGGUk6aiipFOLAgKfUba/vg689v3REga8YaaxKQfoiGnAcVIGcmzD3ohUiM/0A+ppxvpnQ48XU1Tzy47FWcKuEjcnJRBjrpnf/UGEU5CwhVmSMqu68Sqr5FQFDOSlnqJJDHCYzQkXUM5Cons62n+FB4bZQCDSJjHFZyqvzc0CqWchL6ZzNLKeS8T//O6iQou+5ryOFGE49mhIGFQRTArAw6oIFixiSEIC2qyQjxCAmFlKiuZEtz5Ly+SVrXinldOb8/Ktau8jiI4BEfgBLjgAtTADaiDJsDgETyDV/BmPVkv1rv1MRstWPnOPvgD6/MH/qyWvQ==</latexit>

xf2

T

<latexit sha1_base64="c3tMmbBJHEUKSRtQIurzQNl0Oxw=">AAAB/3icbVC7TsMwFHXKq5RXAImFxaJCYqqSgoCxgoWxSH1JbYkc12mtOk5kO4jKZOBXWBhAiJXfYONvcNoM0HIkS0fn3Kt7fPyYUakc59sqLC2vrK4V10sbm1vbO/buXktGicCkiSMWiY6PJGGUk6aiipFOLAgKfUba/vg689v3REga8YaaxKQfoiGnAcVIGcmzD3ohUiM/0A+ppxvpnQ48XU1Tzy47FWcKuEjcnJRBjrpnf/UGEU5CwhVmSMqu68Sqr5FQFDOSlnqJJDHCYzQkXUM5Cons62n+FB4bZQCDSJjHFZyqvzc0CqWchL6ZzNLKeS8T//O6iQou+5ryOFGE49mhIGFQRTArAw6oIFixiSEIC2qyQjxCAmFlKiuZEtz5Ly+SVrXinldOb8/Ktau8jiI4BEfgBLjgAtTADaiDJsDgETyDV/BmPVkv1rv1MRstWPnOPvgD6/MH/qyWvQ==</latexit>

xf2

T

<latexit sha1_base64="yfe9XGPO18tt7A4ci1266G4sve8=">AAAB/3icbVC7TsMwFHV4lvIKILGwWFRITFVSEDBWsDAWqS+pDZHjOq1Vx4lsB6kyGfgVFgYQYuU32PgbnDYDtBzJ0tE59+oenyBhVCrH+baWlldW19ZLG+XNre2dXXtvvy3jVGDSwjGLRTdAkjDKSUtRxUg3EQRFASOdYHyT+50HIiSNeVNNEuJFaMhpSDFSRvLtw36E1CgI9STzdTO716Gva1nm2xWn6kwBF4lbkAoo0PDtr/4gxmlEuMIMSdlznUR5GglFMSNZuZ9KkiA8RkPSM5SjiEhPT/Nn8MQoAxjGwjyu4FT9vaFRJOUkCsxknlbOe7n4n9dLVXjlacqTVBGOZ4fClEEVw7wMOKCCYMUmhiAsqMkK8QgJhJWprGxKcOe/vEjatap7UT27O6/Ur4s6SuAIHINT4IJLUAe3oAFaAINH8AxewZv1ZL1Y79bHbHTJKnYOwB9Ynz8ATJa+</latexit>

yf2

T

<latexit sha1_base64="c3tMmbBJHEUKSRtQIurzQNl0Oxw=">AAAB/3icbVC7TsMwFHXKq5RXAImFxaJCYqqSgoCxgoWxSH1JbYkc12mtOk5kO4jKZOBXWBhAiJXfYONvcNoM0HIkS0fn3Kt7fPyYUakc59sqLC2vrK4V10sbm1vbO/buXktGicCkiSMWiY6PJGGUk6aiipFOLAgKfUba/vg689v3REga8YaaxKQfoiGnAcVIGcmzD3ohUiM/0A+ppxvpnQ48XU1Tzy47FWcKuEjcnJRBjrpnf/UGEU5CwhVmSMqu68Sqr5FQFDOSlnqJJDHCYzQkXUM5Cons62n+FB4bZQCDSJjHFZyqvzc0CqWchL6ZzNLKeS8T//O6iQou+5ryOFGE49mhIGFQRTArAw6oIFixiSEIC2qyQjxCAmFlKiuZEtz5Ly+SVrXinldOb8/Ktau8jiI4BEfgBLjgAtTADaiDJsDgETyDV/BmPVkv1rv1MRstWPnOPvgD6/MH/qyWvQ==</latexit>

xf2

T

Functional
Meta-Representation

Space

FCL

Pa
rt

ia
l v

ie
w

<latexit sha1_base64="wvwUcaP5PcbzLFGB/fJ/RD6jO0M=">AAAB+nicbVDLSsNAFJ3UV62vVJduBovgqiSlqMtiXbisYB/QxjCZTtqhk0mYmShlzKe4caGIW7/EnX/jtM1CWw9cOJxzL/feEySMSuU431ZhbX1jc6u4XdrZ3ds/sMuHHRmnApM2jlksegGShFFO2ooqRnqJICgKGOkGk+bM7z4QIWnM79Q0IV6ERpyGFCNlJN8uX/u66etalt3r0Ndulvl2xak6c8BV4uakAnK0fPtrMIxxGhGuMENS9l0nUZ5GQlHMSFYapJIkCE/QiPQN5Sgi0tPz0zN4apQhDGNhiis4V39PaBRJOY0C0xkhNZbL3kz8z+unKrz0NOVJqgjHi0VhyqCK4SwHOKSCYMWmhiAsqLkV4jESCCuTVsmE4C6/vEo6tap7Xq3f1iuNqzyOIjgGJ+AMuOACNMANaIE2wOARPINX8GY9WS/Wu/WxaC1Y+cwR+APr8wdJh5QJ</latexit>

Df1

C2

<latexit sha1_base64="Lb5S5WxiJa8Kj1eYxDZJjmcMJNY=">AAACA3icbVDLSsNAFJ34rPUVdaebwSK4Kkkp6rLYjcsK9gFtDJPppB06mYSZiVCGgBt/xY0LRdz6E+78GydtFtp64MLhnHu5954gYVQqx/m2VlbX1jc2S1vl7Z3dvX374LAj41Rg0sYxi0UvQJIwyklbUcVILxEERQEj3WDSzP3uAxGSxvxOTRPiRWjEaUgxUkby7eNBhNQ4CLXIfN30tZtl9zr0dS3LfLviVJ0Z4DJxC1IBBVq+/TUYxjiNCFeYISn7rpMoTyOhKGYkKw9SSRKEJ2hE+oZyFBHp6dkPGTwzyhCGsTDFFZypvyc0iqScRoHpzC+Wi14u/uf1UxVeeZryJFWE4/miMGVQxTAPBA6pIFixqSEIC2puhXiMBMLKxFY2IbiLLy+TTq3qXlTrt/VK47qIowROwCk4By64BA1wA1qgDTB4BM/gFbxZT9aL9W59zFtXrGLmCPyB9fkD56iYVw==</latexit>

rf2

C1

<latexit sha1_base64="mDBjpVwSQJkMdXzvJgJLDI37vB4=">AAACA3icbVDLSsNAFJ34rPUVdaebwSK4Kkkp6rLqxmUF+4A2hsl00g6dTMLMRChDwI2/4saFIm79CXf+jZM2C209cOFwzr3ce0+QMCqV43xbS8srq2vrpY3y5tb2zq69t9+WcSowaeGYxaIbIEkY5aSlqGKkmwiCooCRTjC+zv3OAxGSxvxOTRLiRWjIaUgxUkby7cN+hNQoCLXIfH3pazfL7nXo61qW+XbFqTpTwEXiFqQCCjR9+6s/iHEaEa4wQ1L2XCdRnkZCUcxIVu6nkiQIj9GQ9AzlKCLS09MfMnhilAEMY2GKKzhVf09oFEk5iQLTmV8s571c/M/rpSq88DTlSaoIx7NFYcqgimEeCBxQQbBiE0MQFtTcCvEICYSVia1sQnDnX14k7VrVPavWb+uVxlURRwkcgWNwClxwDhrgBjRBC2DwCJ7BK3iznqwX6936mLUuWcXMAfgD6/MH5IaYVQ==</latexit>

rf2

A1

<latexit sha1_base64="/swxKZBkaBgAFe4Xn080BLcfPfc=">AAACBHicbVDLSsNAFJ34rPUVddnNYBFclaQUdVkUxGUF+4A2hsl00g6dTMLMRChDFm78FTcuFHHrR7jzb5y0WWjrgQuHc+7l3nuChFGpHOfbWlldW9/YLG2Vt3d29/btg8OOjFOBSRvHLBa9AEnCKCdtRRUjvUQQFAWMdIPJVe53H4iQNOZ3apoQL0IjTkOKkTKSb1cGEVLjINQi8/W1r90su9ehr+tZVvbtqlNzZoDLxC1IFRRo+fbXYBjjNCJcYYak7LtOojyNhKKYkaw8SCVJEJ6gEekbylFEpKdnT2TwxChDGMbCFFdwpv6e0CiSchoFpjM/WS56ufif109VeOFpypNUEY7ni8KUQRXDPBE4pIJgxaaGICyouRXiMRIIK5NbHoK7+PIy6dRr7lmtcduoNi+LOEqgAo7BKXDBOWiCG9ACbYDBI3gGr+DNerJerHfrY966YhUzR+APrM8fK2mYbg==</latexit>

rf2

F1

<latexit sha1_base64="2Dq8yMVjzHMP4HbvEHImQZXSSoo=">AAACDXicbVC7TsMwFHV4lvIKMLJYFCSmKqkqYKzowlgk+pCaEDmO01p1HrIdpMrKD7DwKywMIMTKzsbf4KYZoOVI1j0651753uOnjAppWd/Gyura+sZmZau6vbO7t28eHPZEknFMujhhCR/4SBBGY9KVVDIySDlBkc9I35+0Z37/gXBBk/hOTlPiRmgU05BiJLXkmaeOgo6fsEBMI10Uzz3V9lQjz+9VWFTo5J5Zs+pWAbhM7JLUQImOZ345QYKziMQSMyTE0LZS6SrEJcWM5FUnEyRFeIJGZKhpjCIiXFVck8MzrQQwTLh+sYSF+ntCoUjMttWdEZJjsejNxP+8YSbDK1fROM0kifH8ozBjUCZwFg0MKCdYsqkmCHOqd4V4jDjCUgdY1SHYiycvk16jbl/Um7fNWuu6jKMCjsEJOAc2uAQtcAM6oAsweATP4BW8GU/Gi/FufMxbV4xy5gj8gfH5A3LynHE=</latexit>

{rf2

C2
}

<latexit sha1_base64="dAECg71ttjmaboyBxXpZ1zDnBWY=">AAACDXicbVC7TsMwFHV4lvIKMLJYFCSmKqkqYKzowlgk+pCaEDmO01p1HrIdpMrKD7DwKywMIMTKzsbf4LQZoOVIlo/OuVf33uOnjAppWd/Gyura+sZmZau6vbO7t28eHPZEknFMujhhCR/4SBBGY9KVVDIySDlBkc9I35+0C7//QLigSXwnpylxIzSKaUgxklryzFNHQcdPWCCmkf4Uzz3V9pSd5/cq9FQjz6GTe2bNqlszwGVil6QGSnQ888sJEpxFJJaYISGGtpVKVyEuKWYkrzqZICnCEzQiQ01jFBHhqtk1OTzTSgDDhOsXSzhTf3coFIliW10ZITkWi14h/ucNMxleuYrGaSZJjOeDwoxBmcAiGhhQTrBkU00Q5lTvCvEYcYSlDrCqQ7AXT14mvUbdvqg3b5u11nUZRwUcgxNwDmxwCVrgBnRAF2DwCJ7BK3gznowX4934mJeuGGXPEfgD4/MHcWGccA==</latexit>

{rf2

C1
}

<latexit sha1_base64="4TlwViT4tsbvOzKmCQUSsmB5I0I=">AAACA3icbVDLSgMxFM34rPU16k43wSK4KjOlqMtiNy4r2Ae045BJM21oJjMkGaGEATf+ihsXirj1J9z5N6bTWWjrgZDDOfdy7z1BwqhUjvNtrayurW9slrbK2zu7e/v2wWFHxqnApI1jFotegCRhlJO2ooqRXiIIigJGusGkOfO7D0RIGvM7NU2IF6ERpyHFSBnJt48HEVLjINQi83XT17Usu9dh/vt2xak6OeAycQtSAQVavv01GMY4jQhXmCEp+66TKE8joShmJCsPUkkShCdoRPqGchQR6en8hgyeGWUIw1iYxxXM1d8dGkVSTqPAVM42loveTPzP66cqvPI05UmqCMfzQWHKoIrhLBA4pIJgxaaGICyo2RXiMRIIKxNb2YTgLp68TDq1qntRrd/WK43rIo4SOAGn4By44BI0wA1ogTbA4BE8g1fwZj1ZL9a79TEvXbGKniPwB9bnD+k2mFg=</latexit>

rf2

C2

<latexit sha1_base64="6jpo79xJ/S2sYO5rgCYsXCxAiG4=">AAACA3icbVC7TsMwFHV4lvIKsMFiUSExVUlVAWOBhbFI9CG1JXJcp7XqOJHtIFVWJBZ+hYUBhFj5CTb+BifNAC1Hsnx0zr269x4/ZlQqx/m2lpZXVtfWSxvlza3tnV17b78to0Rg0sIRi0TXR5IwyklLUcVINxYEhT4jHX9ynfmdByIkjfidmsZkEKIRpwHFSBnJsw/7IVJjP9Ai9fSlp2tpeq+D/PfsilN1csBF4hakAgo0PfurP4xwEhKuMENS9lwnVgONhKKYkbTcTySJEZ6gEekZylFI5EDnN6TwxChDGETCPK5grv7u0CiUchr6pjLbWM57mfif10tUcDHQlMeJIhzPBgUJgyqCWSBwSAXBik0NQVhQsyvEYyQQVia2sgnBnT95kbRrVfesWr+tVxpXRRwlcASOwSlwwTlogBvQBC2AwSN4Bq/gzXqyXqx362NWumQVPQfgD6zPH+YUmFY=</latexit>

rf2

A2

<latexit sha1_base64="Us5tLlBXmU+ALyNm84DS79VMuok=">AAACA3icbVDLSsNAFJ34rPUVdaebwSK4Kkkp6rIoiMsK9gFtDJPppB06mYSZiVCGgBt/xY0LRdz6E+78GydtFtp64MLhnHu5954gYVQqx/m2lpZXVtfWSxvlza3tnV17b78t41Rg0sIxi0U3QJIwyklLUcVINxEERQEjnWB8lfudByIkjfmdmiTEi9CQ05BipIzk24f9CKlREGqR+fra17Usu9ehr90s8+2KU3WmgIvELUgFFGj69ld/EOM0IlxhhqTsuU6iPI2EopiRrNxPJUkQHqMh6RnKUUSkp6c/ZPDEKAMYxsIUV3Cq/p7QKJJyEgWmM79Yznu5+J/XS1V44WnKk1QRjmeLwpRBFcM8EDiggmDFJoYgLKi5FeIREggrE1vZhODOv7xI2rWqe1at39YrjcsijhI4AsfgFLjgHDTADWiCFsDgETyDV/BmPVkv1rv1MWtdsoqZA/AH1ucP7GOYWg==</latexit>

rf1

F2

Partial view
Partial view

<latexit sha1_base64="CVIFF/jtIlpgR5Um6MnQLO4Bgw8=">AAAB+nicbVDLSsNAFJ3UV62vVJduBovgqiSlqMtiXbisYB/QxjCZTtqhk0mYmShlzKe4caGIW7/EnX/jtM1CWw9cOJxzL/feEySMSuU431ZhbX1jc6u4XdrZ3ds/sMuHHRmnApM2jlksegGShFFO2ooqRnqJICgKGOkGk+bM7z4QIWnM79Q0IV6ERpyGFCNlJN8uX/u66Ws3y+516Otalvl2xak6c8BV4uakAnK0fPtrMIxxGhGuMENS9l0nUZ5GQlHMSFYapJIkCE/QiPQN5Sgi0tPz0zN4apQhDGNhiis4V39PaBRJOY0C0xkhNZbL3kz8z+unKrz0NOVJqgjHi0VhyqCK4SwHOKSCYMWmhiAsqLkV4jESCCuTVsmE4C6/vEo6tap7Xq3f1iuNqzyOIjgGJ+AMuOACNMANaIE2wOARPINX8GY9WS/Wu/WxaC1Y+cwR+APr8wdJf5QJ</latexit>

Df2

C1

<latexit sha1_base64="czg6M4jUAAOz8XPlcno47C4PYQs=">AAAB+nicbVDLTsJAFL3FF+Kr6NLNRGLiirSEqEsiLlxiIo8EsJkOU5gwfWRmqiG1n+LGhca49Uvc+TcOpQsFT3JzT865N3PnuBFnUlnWt1FYW9/Y3Cpul3Z29/YPzPJhR4axILRNQh6Knosl5SygbcUUp71IUOy7nHbdaXPudx+okCwM7tQsokMfjwPmMYKVlhyzfO0kTSeppel94mXdMStW1cqAVomdkwrkaDnm12AUktingSIcS9m3rUgNEywUI5ympUEsaYTJFI9pX9MA+1QOk+z0FJ1qZYS8UOgKFMrU3xsJ9qWc+a6e9LGayGVvLv7n9WPlXQ4TFkSxogFZPOTFHKkQzXNAIyYoUXymCSaC6VsRmWCBidJplXQI9vKXV0mnVrXPq/XbeqVxlcdRhGM4gTOw4QIacAMtaAOBR3iGV3gznowX4934WIwWjHznCP7A+PwBSw2UCg==</latexit>

Df2

C2

Function 
Instantiation

<latexit sha1_base64="1gSDDzaQgXGFj+lYMju21ngteEo=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cKpi20oWy2k3bpZhN2N0IJ/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZemAqujet+O6W19Y3NrfJ2ZWd3b/+genjU0kmmGPosEYnqhFSj4BJ9w43ATqqQxqHAdji+m/ntJ1SaJ/LRTFIMYjqUPOKMGiv5UT/3pv1qza27c5BV4hWkBgWa/epXb5CwLEZpmKBadz03NUFOleFM4LTSyzSmlI3pELuWShqjDvL5sVNyZpUBiRJlSxoyV39P5DTWehKHtjOmZqSXvZn4n9fNTHQT5FymmUHJFouiTBCTkNnnZMAVMiMmllCmuL2VsBFVlBmbT8WG4C2/vEpaF3Xvqn75cFlr3BZxlOEETuEcPLiGBtxDE3xgwOEZXuHNkc6L8+58LFpLTjFzDH/gfP4At6SOow==</latexit>

f1 Function 
Instantiation

<latexit sha1_base64="gZsmUkjdzhnKLNI8WrFZIJIsa2Q=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKUY9FLx4rmLbQlrLZbtqlm03YnQgl9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgobm1vbO8Xd0t7+weFR+fikZeJUM+6zWMa6E1DDpVDcR4GSdxLNaRRI3g4md3O//cS1EbF6xGnC+xEdKREKRtFKfjjIarNBueJW3QXIOvFyUoEczUH5qzeMWRpxhUxSY7qem2A/oxoFk3xW6qWGJ5RN6Ih3LVU04qafLY6dkQurDEkYa1sKyUL9PZHRyJhpFNjOiOLYrHpz8T+vm2J408+ESlLkii0XhakkGJP552QoNGcop5ZQpoW9lbAx1ZShzadkQ/BWX14nrVrVu6rWH+qVxm0eRxHO4BwuwYNraMA9NMEHBgKe4RXeHOW8OO/Ox7K14OQzp/AHzucPuSmOpA==</latexit>
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Figure 2. The proposed Contrastive Conditional Neural Processes. We showcase the scenario where there are two function instantiations
(i.e. f1 and f2) with two partial views (i.e. Df

C1
and Df

C2
) of each f for illustration only. Each instantiation f is involved with three

losses, including a) Function Reconstruction Loss FRL, implemented with an encoder-decoder generative module; b) in-instantiation
Temporal Contrastive Loss TCL enforcing the predictive function embedding to align with ground-truth function embedding; and c) cross-
instantiation Function Contrastive Loss FCL that regularizes the transferability of meta-representation for each instantiation.

CReSP primarily accommodates downstream tasks without
relying on reconstruction, whereas ContrNP and CCNP are
intended to reconstruct observations ultimately.
Summary. Our work is orthogonal to recent signs of
progress in either branch, yet combines the merits of both
into one framework. To CNPs, we strip off model adap-
tation from the function generation process, and set up a
contrastive likelihood-free objective in its place. Moreover,
we learn to extract the high-level abstraction of function
observations rather than wasting model’s capacity on re-
constructing every low-level detail. Such the hierarchical
contrastive objectives aid in scaling the model to handle
high-dimensional observations and to provide robust meta-
representation across multiple non-i.i.d instantiations. To
CDEs, we investigate a hybrid generative-contrastive meta-
learning model while the previous ones doing away from the
reconstruction. Therefore, the proposed method may serve
as a universal plug, and being able to be combined with any
instance from the CNP family.

3. Contrastive Conditional Neural Processes

Fig. 2 overviews CCNP, wherein the model is tasked
with optimizing three objectives, including a) generative
function observation reconstruction loss (FRL) (Sec. 3.2),
plus b) in-instantiation temporal contrastive alignment
loss (TCL) (Sec. 3.3) and c) cross-instantiation function
contrastive identification loss (FCL) (Sec. 3.4).

3.1. Preliminaries

Problem Statement. We detail meta-learning for time-
series prediction as modeling stochastic processes (SPs)
F : X → Y , with X = [0,+∞) is 1-dimensional scalar
time indices and Y ⊆ Rd represents d-dimensional obser-

vations. Let Df
C = {(xfc ,yf

c )}c∈IfC
be a set of observed

sample pairs uniformly drawn from a specific underlying
data-generating function f ∼ F , indexed by IfC , referred
to the context set of functional instantiation f . Each Df

C

is associated with a learning task that maps context set to
a contextual representation rfC defined over f , and recon-
struct the function observations on a superset of context set,
denoted by the target set Df

C ⊂ Df
T = {(xft ,yf

t )}t∈IfT
.

To model the variability of SPs with meta-learning, pre-
dictions at target indices xf

T are specified as predictive pos-
terior distribution p(yf

T |xf
T ;D

f
c ) that are consistent with,

say, a set of F function instantiations in practice (i.e. f ∈
F ∼ F), conditioning on corresponding context set. As-
sume, any finite sets of function evaluations of f are condi-
tionally independent, and jointly Gaussian distributed given
context set, a generative model is obtained where the output
is a conditional predictive distribution

p(yf
T |xf

T ;D
f
C) =

|DC
T |∏

t=1

p(yf
t |Φ(Df

C)(x
f
t ))

=

|DC
T |∏

t=1

N (yf
t ;µ

f
t ,Σ

f
t ) (1)

with (µt,Σt) = Φ(Df
C)(xt) = g(h(Df

C),x
f
t ) = g(rfC ,x

f
t )

and f(xf
t ) ⊥⊥ f(xf

t′) | Df
C , t ̸= t′ ∈ IfT

where Φ = {h, g} is implemented as encoder-decoder that
approximates the function mapping from a dataset of con-
text set to predictive distributions over arbitrary target sets.

Workflow in CNPs. Model generation in CNPs starts
with passing through every context sample in Df

C into
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encoder network h to acquire a finite-dimensional repre-
sentation, and performing permutation-invariant aggrega-
tion over whole context set rfC = □c∈C(h(x

f
c ,y

f
c )). We

note that □(h(·, ·)) is implemented with a DeepSet [35]
structure, where the input are arranged as a set to en-
sure operation □(·) is invariant to various input orders and
size. The decoder network g then takes the conditional
prior rfC for target indices to produce a posterior distribu-
tion p(yf

T |xf
T ;D

f
C), of which the predictive performance is

measured via log-likelihood estimation on the target set.

3.2. Reconstructing Function Distribution

Encoder. The function observation reconstrution objective
FRL is built upon CNPs. Unlike vanilla CNP that concate-
nates each pair of xf

c with yf
c to the encoder hC , we sepa-

rately pre-process xf
c and yf

c using diverse feature extrac-
tion networks ψ(xf ) and ϕ(yf ). Considering that yf could
be in a high-dimensional setting, i.e. Rd≥3, domain-specific
feature extractors can be applied to obtain efficient embed-
dings of observation, e.g. CNN for images and GNN for
graph-structured data. Following that, the encoder hC(·, ·)
is applied to each time-observation pair of the context set
DC to obtain the corresponding local representation rfc

rfc = hC
(
ψ
(
xfc

)
, ϕ

(
yf
c

))
(2)

Position-Aware Aggregation. CNP [6] applies mean ag-
gregation over the whole context set, which, however ig-
nores the relative position between any two context indices
and results in under-fitting [9, 16]. To capture such corre-
lation, we pass encoded representations rfc=1:|DC | through
a multi-head self-attention [29] module to calculate the
position-aware importance matrix, followed by mean aggre-
gation, to compute the contextual representation that sum-
marizes all the time-observation pairs from DC

rfC =
1

|Df
C |

∑
(xfc ,y

f
c )∈Df

C

∑
k

eWqr
f
c ·Wkr

f
k/

√
d∑

k e
Wqr

f
c ·Wkr

f
k/

√
d
Wvr

f
k

(3)
where d is the dimension of rfc , Wq,Wk,Wv are linear
operators applied to rfc and rfk for k = 1 : |Df

C |.
Decoder. We concatenate the query index ψ(xf

t ) with
contextual representation rf , and use decoder g to estimate
observation ŷf

T , where rf is a non-linear transformation
of [rfC , r

f
P , r

f
F ]. The latter two are obtained by following

the same procedure as Eq. (2), Eq. (3) with different en-
coder hP and hF , and are optimized according to Sec. 3.3
and Sec. 3.4, respectively. Following the common empirical
evaluation criteria of CNPs [18], reconstructed observations
of the target set DT is assumed to be a joint Gaussian dis-

tribution.

ŷf
T ∼ log

|Df
T |∏

t=1

N (µt,σt) (4)

with µt = softmax(µ(rft )),

σt = diag(0.9× softplus(rft ) + 0.1)

where µ(·), σ(·) are linear transformations of target input
and output predictive mean and variance values.

3.3. Aligning Predictive Temporal Representation

Likelihood-free Density Estimation. We expect the pre-
dictive representation to be similar to the encoding of
ground-truth observation [17, 20], so as to realize tempo-
ral local alignment For instance, let xf

t be the query target
index, we attempt to maximize the density ratio of its pre-
dictive embedding conditioned on sets of context set Df∈F

C

sampled from F different instantiations.
In-Instantiation Temporal Contrastive Loss. In practice,
we formulate an in-instantiation temporal contrastive learn-
ing (TCL) objective, optimized with InfoMax [28]-based
loss to estimate such ratio of likelihood. The concatenated
target index and contextual representation is transformed
with predictive head φ yielding the predictive embedding
φ̂f

t at target index xf
t . We further apply a non-linear pro-

jection head ρp : Rϕ,φ 7→ Rz to map these embeddings to a
low-dimensional space for similarity measurement [1].

ẑf
t = ρp(φ̂

f
t ), z

f
t = ρp(φ(y

f
t )) with φ̂f

t = φ(xf
t , r

f
C)

(5)
Since ẑt and zt is considered as positive pair, function em-
beddings of the remain indices within the batch become
negative samples. The TCL loss can therefore be given by

LTCL = −
F∑

f=1

T∑
t=1

log
esim(ẑft ,z

f
t )/τ

esim(ẑft ,z
f
t )/τ +

∑F
f ′
∑T+C

i=1 1[i ̸=t]e
sim(ẑft ,z

f′
i )/τ

(6)

where sim(a,b) = a⊤b
||a|| ||b|| is cosine similarity. τ denotes

the temperature coefficient. C, T and F refers to the num-
ber of sampled context set, target set and observation se-
quences, respectively. By minimizing Eq. (6), we ensure
the predicted embedding is closer to the embedding of the
true outcome than embeddings of other random outcomes.

3.4. Regularizing Functional Meta-Representation

Self-Supervised Function Identification. We further ex-
plicitly generalize contextual representation across instan-
tiations as in [8], rather than entangle meta-representation
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<latexit sha1_base64="VYegSXrWFWGv9Msy7Nh/i0Rq2IE=">AAAB7nicbVBNSwMxEJ3Ur1q/qh69BIvgqexKUY9FLx4r2A9ol5JNs21oNhuSbKEs/RFePCji1d/jzX9j2u5BWx8MPN6bYWZeqAQ31vO+UWFjc2t7p7hb2ts/ODwqH5+0TJJqypo0EYnuhMQwwSVrWm4F6yjNSBwK1g7H93O/PWHa8EQ+2aliQUyGkkecEuukdm9CtBrxfrniVb0F8Drxc1KBHI1++as3SGgaM2mpIMZ0fU/ZICPacirYrNRLDVOEjsmQdR2VJGYmyBbnzvCFUwY4SrQrafFC/T2RkdiYaRy6zpjYkVn15uJ/Xje10W2QcalSyyRdLopSgW2C57/jAdeMWjF1hFDN3a2Yjogm1LqESi4Ef/XlddK6qvrX1dpjrVK/y+MowhmcwyX4cAN1eIAGNIHCGJ7hFd6QQi/oHX0sWwsonzmFP0CfP344j68=</latexit>'

In-Instantiation
TCL

In-Instantiation
TCL

Cross-Instantiation
TCL

RepelAttract Attract
Repel

Repel Repel

<latexit sha1_base64="gD2zziyb+RA62AChc+LpifRDhq0=">AAACBHicbVDLSsNAFJ3UV62vqMtuBotQQUoiRV0W3bisYB/QhjCZTNqhk0mYmYghdOHGX3HjQhG3foQ7/8ZJm4W2HhjmcM693HuPFzMqlWV9G6WV1bX1jfJmZWt7Z3fP3D/oyigRmHRwxCLR95AkjHLSUVQx0o8FQaHHSM+bXOd+754ISSN+p9KYOCEacRpQjJSWXLNaf3AzNT2FQy9ivkxD/WXpNNdOXLNmNawZ4DKxC1IDBdqu+TX0I5yEhCvMkJQD24qVkyGhKGZkWhkmksQIT9CIDDTlKCTSyWZHTOGxVnwYREI/ruBM/d2RoVDm++nKEKmxXPRy8T9vkKjg0skojxNFOJ4PChIGVQTzRKBPBcGKpZogLKjeFeIxEggrnVtFh2AvnrxMumcN+7zRvG3WWldFHGVQBUegDmxwAVrgBrRBB2DwCJ7BK3gznowX4934mJeWjKLnEPyB8fkDJliYcQ==</latexit>

(xt, yt)
<latexit sha1_base64="1b1F7llgofMQOeNBGiRmwgGGZVo=">AAACFnicbVDLSsNAFJ3UV62vqEs3g0WooCWRoi6LblxWsA9oYphMJu3QyYOZiRhCvsKNv+LGhSJuxZ1/46TtwrYeGOZwzr3ce48bMyqkYfxopaXlldW18nplY3Nre0ff3euIKOGYtHHEIt5zkSCMhqQtqWSkF3OCApeRrju6LvzuA+GCRuGdTGNiB2gQUp9iJJXk6Ke1RyeT95kVcxqQPD+BlhsxT6SB+rI0nzGPHb1q1I0x4CIxp6QKpmg5+rflRTgJSCgxQ0L0TSOWdoa4pJiRvGIlgsQIj9CA9BUNUUCEnY3PyuGRUjzoR1y9UMKx+rcjQ4EoFlWVAZJDMe8V4n9eP5H+pZ3RME4kCfFkkJ8wKCNYZAQ9ygmWLFUEYU7VrhAPEUdYqiQrKgRz/uRF0jmrm+f1xm2j2ryaxlEGB+AQ1IAJLkAT3IAWaAMMnsALeAPv2rP2qn1on5PSkjbt2Qcz0L5+AVjtoMM=</latexit>

(xt0 , yt0)

<latexit sha1_base64="ZtB7QC0rx7TQwm8umXLJJxPo908=">AAAB73icbVBNSwMxEJ3Ur1q/qh69BIvgqexKUY9FLx4r2A9ol5JNs21oNlmTrFCW/gkvHhTx6t/x5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61jEo1ZU2qhNKdkBgmuGRNy61gnUQzEoeCtcPx7cxvPzFtuJIPdpKwICZDySNOiXVSp6dHqp81pv1yxat6c+BV4uekAjka/fJXb6BoGjNpqSDGdH0vsUFGtOVUsGmplxqWEDomQ9Z1VJKYmSCb3zvFZ04Z4EhpV9Liufp7IiOxMZM4dJ0xsSOz7M3E/7xuaqPrIOMySS2TdLEoSgW2Cs+exwOuGbVi4gihmrtbMR0RTah1EZVcCP7yy6ukdVH1L6u1+1qlfpPHUYQTOIVz8OEK6nAHDWgCBQHP8Apv6BG9oHf0sWgtoHzmGP4Aff4AQI6QHw==</latexit>⇢P
<latexit sha1_base64="ZtB7QC0rx7TQwm8umXLJJxPo908=">AAAB73icbVBNSwMxEJ3Ur1q/qh69BIvgqexKUY9FLx4r2A9ol5JNs21oNlmTrFCW/gkvHhTx6t/x5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61jEo1ZU2qhNKdkBgmuGRNy61gnUQzEoeCtcPx7cxvPzFtuJIPdpKwICZDySNOiXVSp6dHqp81pv1yxat6c+BV4uekAjka/fJXb6BoGjNpqSDGdH0vsUFGtOVUsGmplxqWEDomQ9Z1VJKYmSCb3zvFZ04Z4EhpV9Liufp7IiOxMZM4dJ0xsSOz7M3E/7xuaqPrIOMySS2TdLEoSgW2Cs+exwOuGbVi4gihmrtbMR0RTah1EZVcCP7yy6ukdVH1L6u1+1qlfpPHUYQTOIVz8OEK6nAHDWgCBQHP8Apv6BG9oHf0sWgtoHzmGP4Aff4AQI6QHw==</latexit>⇢P

<latexit sha1_base64="5GhPDxN57QDgJNNJ2VcHsprtO2E=">AAAB73icbVBNSwMxEJ3Ur1q/qh69BIvgqeyKqMeiIB4r2A9ol5JNs21oNlmTrFCW/gkvHhTx6t/x5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFldW19o7hZ2tre2d0r7x80jUo1ZQ2qhNLtkBgmuGQNy61g7UQzEoeCtcLRzdRvPTFtuJIPdpywICYDySNOiXVSu6uHqpfdTnrlilf1ZsDLxM9JBXLUe+Wvbl/RNGbSUkGM6fheYoOMaMupYJNSNzUsIXREBqzjqCQxM0E2u3eCT5zSx5HSrqTFM/X3REZiY8Zx6DpjYodm0ZuK/3md1EZXQcZlklom6XxRlApsFZ4+j/tcM2rF2BFCNXe3YjokmlDrIiq5EPzFl5dJ86zqX1TP788rtes8jiIcwTGcgg+XUIM7qEMDKAh4hld4Q4/oBb2jj3lrAeUzh/AH6PMHMVyQFQ==</latexit>⇢F
<latexit sha1_base64="5GhPDxN57QDgJNNJ2VcHsprtO2E=">AAAB73icbVBNSwMxEJ3Ur1q/qh69BIvgqeyKqMeiIB4r2A9ol5JNs21oNlmTrFCW/gkvHhTx6t/x5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFldW19o7hZ2tre2d0r7x80jUo1ZQ2qhNLtkBgmuGQNy61g7UQzEoeCtcLRzdRvPTFtuJIPdpywICYDySNOiXVSu6uHqpfdTnrlilf1ZsDLxM9JBXLUe+Wvbl/RNGbSUkGM6fheYoOMaMupYJNSNzUsIXREBqzjqCQxM0E2u3eCT5zSx5HSrqTFM/X3REZiY8Zx6DpjYodm0ZuK/3md1EZXQcZlklom6XxRlApsFZ4+j/tcM2rF2BFCNXe3YjokmlDrIiq5EPzFl5dJ86zqX1TP788rtes8jiIcwTGcgg+XUIM7qEMDKAh4hld4Q4/oBb2jj3lrAeUzh/AH6PMHMVyQFQ==</latexit>⇢F

<latexit sha1_base64="5GhPDxN57QDgJNNJ2VcHsprtO2E=">AAAB73icbVBNSwMxEJ3Ur1q/qh69BIvgqeyKqMeiIB4r2A9ol5JNs21oNlmTrFCW/gkvHhTx6t/x5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFldW19o7hZ2tre2d0r7x80jUo1ZQ2qhNLtkBgmuGQNy61g7UQzEoeCtcLRzdRvPTFtuJIPdpywICYDySNOiXVSu6uHqpfdTnrlilf1ZsDLxM9JBXLUe+Wvbl/RNGbSUkGM6fheYoOMaMupYJNSNzUsIXREBqzjqCQxM0E2u3eCT5zSx5HSrqTFM/X3REZiY8Zx6DpjYodm0ZuK/3md1EZXQcZlklom6XxRlApsFZ4+j/tcM2rF2BFCNXe3YjokmlDrIiq5EPzFl5dJ86zqX1TP788rtes8jiIcwTGcgg+XUIM7qEMDKAh4hld4Q4/oBb2jj3lrAeUzh/AH6PMHMVyQFQ==</latexit>⇢F
<latexit sha1_base64="5GhPDxN57QDgJNNJ2VcHsprtO2E=">AAAB73icbVBNSwMxEJ3Ur1q/qh69BIvgqeyKqMeiIB4r2A9ol5JNs21oNlmTrFCW/gkvHhTx6t/x5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFldW19o7hZ2tre2d0r7x80jUo1ZQ2qhNLtkBgmuGQNy61g7UQzEoeCtcLRzdRvPTFtuJIPdpywICYDySNOiXVSu6uHqpfdTnrlilf1ZsDLxM9JBXLUe+Wvbl/RNGbSUkGM6fheYoOMaMupYJNSNzUsIXREBqzjqCQxM0E2u3eCT5zSx5HSrqTFM/X3REZiY8Zx6DpjYodm0ZuK/3md1EZXQcZlklom6XxRlApsFZ4+j/tcM2rF2BFCNXe3YjokmlDrIiq5EPzFl5dJ86zqX1TP788rtes8jiIcwTGcgg+XUIM7qEMDKAh4hld4Q4/oBb2jj3lrAeUzh/AH6PMHMVyQFQ==</latexit>⇢F

<latexit sha1_base64="uQNT84o+P5DPDunVYVel9kxPYFo=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiHjxWMG2hDWWznbZLN5uwuxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzwkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjpo5TxdBnsYhVO6QaBZfoG24EthOFNAoFtsLx7cxvPaHSPJaPZpJgENGh5APOqLGSf9fLvGmvXHGr7hxklXg5qUCORq/81e3HLI1QGiao1h3PTUyQUWU4EzgtdVONCWVjOsSOpZJGqINsfuyUnFmlTwaxsiUNmau/JzIaaT2JQtsZUTPSy95M/M/rpGZwHWRcJqlByRaLBqkgJiazz0mfK2RGTCyhTHF7K2EjqigzNp+SDcFbfnmVNC+q3mW19lCr1G/yOIpwAqdwDh5cQR3uoQE+MODwDK/w5kjnxXl3PhatBSefOYY/cD5/AIOUjoE=</latexit>

D1
<latexit sha1_base64="uQNT84o+P5DPDunVYVel9kxPYFo=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiHjxWMG2hDWWznbZLN5uwuxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzwkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjpo5TxdBnsYhVO6QaBZfoG24EthOFNAoFtsLx7cxvPaHSPJaPZpJgENGh5APOqLGSf9fLvGmvXHGr7hxklXg5qUCORq/81e3HLI1QGiao1h3PTUyQUWU4EzgtdVONCWVjOsSOpZJGqINsfuyUnFmlTwaxsiUNmau/JzIaaT2JQtsZUTPSy95M/M/rpGZwHWRcJqlByRaLBqkgJiazz0mfK2RGTCyhTHF7K2EjqigzNp+SDcFbfnmVNC+q3mW19lCr1G/yOIpwAqdwDh5cQR3uoQE+MODwDK/w5kjnxXl3PhatBSefOYY/cD5/AIOUjoE=</latexit>

D1
<latexit sha1_base64="mrNzWwxkCg6gTV8P1+zof/1mECw=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKUY9FPXisYGqhDWWznbZLN5uwuxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzwkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxdBnsYhVO6QaBZfoG24EthOFNAoFPobjm5n/+IRK81g+mEmCQUSHkg84o8ZK/m0vq0175Ypbdecgq8TLSQVyNHvlr24/ZmmE0jBBte54bmKCjCrDmcBpqZtqTCgb0yF2LJU0Qh1k82On5MwqfTKIlS1pyFz9PZHRSOtJFNrOiJqRXvZm4n9eJzWDqyDjMkkNSrZYNEgFMTGZfU76XCEzYmIJZYrbWwkbUUWZsfmUbAje8surpFWrehfV+n290rjO4yjCCZzCOXhwCQ24gyb4wIDDM7zCmyOdF+fd+Vi0Fpx85hj+wPn8AYUZjoI=</latexit>

D2
<latexit sha1_base64="mrNzWwxkCg6gTV8P1+zof/1mECw=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKUY9FPXisYGqhDWWznbZLN5uwuxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzwkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxdBnsYhVO6QaBZfoG24EthOFNAoFPobjm5n/+IRK81g+mEmCQUSHkg84o8ZK/m0vq0175Ypbdecgq8TLSQVyNHvlr24/ZmmE0jBBte54bmKCjCrDmcBpqZtqTCgb0yF2LJU0Qh1k82On5MwqfTKIlS1pyFz9PZHRSOtJFNrOiJqRXvZm4n9eJzWDqyDjMkkNSrZYNEgFMTGZfU76XCEzYmIJZYrbWwkbUUWZsfmUbAje8surpFWrehfV+n290rjO4yjCCZzCOXhwCQ24gyb4wIDDM7zCmyOdF+fd+Vi0Fpx85hj+wPn8AYUZjoI=</latexit>

D2

<latexit sha1_base64="Y/4thtp9g8oeuulx7BXj85HECZM=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBbBVUmkqMuiG5cV+oK2hMl00g6dTMLMRCwhv+LGhSJu/RF3/o2TNgttPTBwOOde7pnjx5wp7TjfVmljc2t7p7xb2ds/ODyyj6tdFSWS0A6JeCT7PlaUM0E7mmlO+7GkOPQ57fmzu9zvPVKpWCTaeh7TUYgnggWMYG0kz64OQ6ynfpDKzEvbXupmmWfXnLqzAFonbkFqUKDl2V/DcUSSkApNOFZq4DqxHqVYakY4zSrDRNEYkxme0IGhAodUjdJF9gydG2WMgkiaJzRaqL83UhwqNQ99M5knVateLv7nDRId3IxSJuJEU0GWh4KEIx2hvAg0ZpISzeeGYCKZyYrIFEtMtKmrYkpwV7+8TrqXdfeq3nho1Jq3RR1lOIUzuAAXrqEJ99CCDhB4gmd4hTcrs16sd+tjOVqyip0T+APr8wedY5TT</latexit>rT1

<latexit sha1_base64="Y/4thtp9g8oeuulx7BXj85HECZM=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBbBVUmkqMuiG5cV+oK2hMl00g6dTMLMRCwhv+LGhSJu/RF3/o2TNgttPTBwOOde7pnjx5wp7TjfVmljc2t7p7xb2ds/ODyyj6tdFSWS0A6JeCT7PlaUM0E7mmlO+7GkOPQ57fmzu9zvPVKpWCTaeh7TUYgnggWMYG0kz64OQ6ynfpDKzEvbXupmmWfXnLqzAFonbkFqUKDl2V/DcUSSkApNOFZq4DqxHqVYakY4zSrDRNEYkxme0IGhAodUjdJF9gydG2WMgkiaJzRaqL83UhwqNQ99M5knVateLv7nDRId3IxSJuJEU0GWh4KEIx2hvAg0ZpISzeeGYCKZyYrIFEtMtKmrYkpwV7+8TrqXdfeq3nho1Jq3RR1lOIUzuAAXrqEJ99CCDhB4gmd4hTcrs16sd+tjOVqyip0T+APr8wedY5TT</latexit>rT1

<latexit sha1_base64="PIS/xwIGOkXhzw2YeGD60Phv3gw=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBbBVUlKUZdFNy4r9CG0JUymk3boZBJmJmIJ+RU3LhRx64+482+ctFlo64GBwzn3cs8cP+ZMacf5tkobm1vbO+Xdyt7+weGRfVztqSiRhHZJxCP54GNFORO0q5nm9CGWFIc+p31/dpv7/UcqFYtER89jOgrxRLCAEayN5NnVYYj11A9SmXlpx0sbWebZNafuLIDWiVuQGhRoe/bXcByRJKRCE46VGrhOrEcplpoRTrPKMFE0xmSGJ3RgqMAhVaN0kT1D50YZoyCS5gmNFurvjRSHSs1D30zmSdWql4v/eYNEB9ejlIk40VSQ5aEg4UhHKC8CjZmkRPO5IZhIZrIiMsUSE23qqpgS3NUvr5Neo+5e1pv3zVrrpqijDKdwBhfgwhW04A7a0AUCT/AMr/BmZdaL9W59LEdLVrFzAn9gff4AnumU1A==</latexit>rT2

<latexit sha1_base64="PIS/xwIGOkXhzw2YeGD60Phv3gw=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBbBVUlKUZdFNy4r9CG0JUymk3boZBJmJmIJ+RU3LhRx64+482+ctFlo64GBwzn3cs8cP+ZMacf5tkobm1vbO+Xdyt7+weGRfVztqSiRhHZJxCP54GNFORO0q5nm9CGWFIc+p31/dpv7/UcqFYtER89jOgrxRLCAEayN5NnVYYj11A9SmXlpx0sbWebZNafuLIDWiVuQGhRoe/bXcByRJKRCE46VGrhOrEcplpoRTrPKMFE0xmSGJ3RgqMAhVaN0kT1D50YZoyCS5gmNFurvjRSHSs1D30zmSdWql4v/eYNEB9ejlIk40VSQ5aEg4UhHKC8CjZmkRPO5IZhIZrIiMsUSE23qqpgS3NUvr5Neo+5e1pv3zVrrpqijDKdwBhfgwhW04A7a0AUCT/AMr/BmZdaL9W59LEdLVrFzAn9gff4AnumU1A==</latexit>rT2

<latexit sha1_base64="cdNikAdgIFQZa8xInwolesPdrhA=">AAAB+3icbVBNS8NAFHypX7V+xXr0slgETyUpRT0WBfFYwdZCG8Jmu2mXbjZhdyOWkL/ixYMiXv0j3vw3btsctHVgYZh5jzc7QcKZ0o7zbZXW1jc2t8rblZ3dvf0D+7DaVXEqCe2QmMeyF2BFORO0o5nmtJdIiqOA04dgcj3zHx6pVCwW93qaUC/CI8FCRrA2km9XBxHW4yDMZO5nN37WyHPfrjl1Zw60StyC1KBA27e/BsOYpBEVmnCsVN91Eu1lWGpGOM0rg1TRBJMJHtG+oQJHVHnZPHuOTo0yRGEszRMazdXfGxmOlJpGgZmcJVXL3kz8z+unOrz0MiaSVFNBFofClCMdo1kRaMgkJZpPDcFEMpMVkTGWmGhTV8WU4C5/eZV0G3X3vN68a9ZaV0UdZTiGEzgDFy6gBbfQhg4QeIJneIU3K7derHfrYzFasoqdI/gD6/MHiWuUxg==</latexit>rF2

<latexit sha1_base64="cdNikAdgIFQZa8xInwolesPdrhA=">AAAB+3icbVBNS8NAFHypX7V+xXr0slgETyUpRT0WBfFYwdZCG8Jmu2mXbjZhdyOWkL/ixYMiXv0j3vw3btsctHVgYZh5jzc7QcKZ0o7zbZXW1jc2t8rblZ3dvf0D+7DaVXEqCe2QmMeyF2BFORO0o5nmtJdIiqOA04dgcj3zHx6pVCwW93qaUC/CI8FCRrA2km9XBxHW4yDMZO5nN37WyHPfrjl1Zw60StyC1KBA27e/BsOYpBEVmnCsVN91Eu1lWGpGOM0rg1TRBJMJHtG+oQJHVHnZPHuOTo0yRGEszRMazdXfGxmOlJpGgZmcJVXL3kz8z+unOrz0MiaSVFNBFofClCMdo1kRaMgkJZpPDcFEMpMVkTGWmGhTV8WU4C5/eZV0G3X3vN68a9ZaV0UdZTiGEzgDFy6gBbfQhg4QeIJneIU3K7derHfrYzFasoqdI/gD6/MHiWuUxg==</latexit>rF2

<latexit sha1_base64="IMKoZ3hpKUre74aeNmfX8i+v+Io=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBbBVUmkqMuiIC4r2Ae0JUymk3boZBJmJmIJ+RU3LhRx64+482+ctFlo64GBwzn3cs8cP+ZMacf5tkpr6xubW+Xtys7u3v6BfVjtqCiRhLZJxCPZ87GinAna1kxz2oslxaHPadef3uR+95FKxSLxoGcxHYZ4LFjACNZG8uzqIMR64gepzLz01kvdLPPsmlN35kCrxC1IDQq0PPtrMIpIElKhCcdK9V0n1sMUS80Ip1llkCgaYzLFY9o3VOCQqmE6z56hU6OMUBBJ84RGc/X3RopDpWahbybzpGrZy8X/vH6ig6thykScaCrI4lCQcKQjlBeBRkxSovnMEEwkM1kRmWCJiTZ1VUwJ7vKXV0nnvO5e1Bv3jVrzuqijDMdwAmfgwiU04Q5a0AYCT/AMr/BmZdaL9W59LEZLVrFzBH9gff4Ah+WUxQ==</latexit>rF1

<latexit sha1_base64="IMKoZ3hpKUre74aeNmfX8i+v+Io=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBbBVUmkqMuiIC4r2Ae0JUymk3boZBJmJmIJ+RU3LhRx64+482+ctFlo64GBwzn3cs8cP+ZMacf5tkpr6xubW+Xtys7u3v6BfVjtqCiRhLZJxCPZ87GinAna1kxz2oslxaHPadef3uR+95FKxSLxoGcxHYZ4LFjACNZG8uzqIMR64gepzLz01kvdLPPsmlN35kCrxC1IDQq0PPtrMIpIElKhCcdK9V0n1sMUS80Ip1llkCgaYzLFY9o3VOCQqmE6z56hU6OMUBBJ84RGc/X3RopDpWahbybzpGrZy8X/vH6ig6thykScaCrI4lCQcKQjlBeBRkxSovnMEEwkM1kRmWCJiTZ1VUwJ7vKXV0nnvO5e1Bv3jVrzuqijDMdwAmfgwiU04Q5a0AYCT/AMr/BmZdaL9W59LEZLVrFzBH9gff4Ah+WUxQ==</latexit>rF1
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Figure 3. Conceptual illustration of TCL and FCL. We
note that details of ϕ, ψ are omitted for brevity. The up-
per half (green) depicts in-instantiation TCL with respect to
Eq. (2), Eq. (3), Eq. (5) i.e. the objective is optimized within
each instantiation f . The lower (blue) half discusses the cross-
instantiation FCL regarding Eq. (2), Eq. (3), Eq. (7), Eq. (8).

acquisition with predictive meta-task together as in CNPs.
Different partial observations from the same instantiation
are expected to be identified to the same data-generating
function. By doing so, we encourage the representations of
the same partial context set to be mapped closer in the em-
bedding space, while in contrast, different ones should be
pushed away. This motivates the function contrastive learn-
ing (FCL) objective. In contrast to TCL using target indices
and observations, FCL solely optimizes the training proce-
dure with only context sets in a self-supervised spirit.

Cross-Instantiation Function Contrastive Loss. With ac-
cessing to F context sets drawn from corresponding func-
tions, we halve Df

C into two disjoint subsets by randomly
selecting |Df

C |/2 samples to comprise the partial viewDf
C1

,
then the left half makes up of another partial view Df

C2
, i.e.

Df
C = Df

C1
∪Df

C2
with Df

C1
∩Df

C2
= ∅ (7)

We process each partial view in the similar way as TCL to
obtain self-attentive representation rfFi , r

f
Fj

. Subsequently,
we pass them through the projection head ρF : Rr 7→ Rz

and get the corresponding low-dimensional representations
qf
i = ρF (r

f
Fi
) and qf

j = ρF (r
f
Fj
). FCL is formulated as

LFCL = −
F∑

f=1

∑
1≤i<j≤2

log
esim(qfi ,q

f
j )/τ

esim(qfi ,q
f
j )/τ +

∑F
f ′
∑

1≤i≤j≤2 1
[f ̸=f ′]esim(qfi ,q

f′
j )/τ

(8)

where sim(a,b) = a⊤b
||a|| ||b|| refers to the cosine similarity

and τ is the temperature coefficient.

Algorithm 1 Episodic Training for CCNP

Require: A dataset of F function instantiations {Df}f∈F .
Require: context range = C, extra target range = T .
Ensure: Parameters Θ = {ϕ, ψ, hC , hP , hF , g, ρF , ρP , φ}

/* Sampling context set and target set */
1: for f ∈ F do
2: Sample context size |Df

C | ← C with C ∼ U(1, C)
3: Sample target size |Df

T | ← C + TwithT ∼ U(1, T )
4: Uniformly sample context set Df

C with size |Df
C |

5: Uniformly sample target set Df
T with size |Df

C+T |
6: end for

/* Optimizing FCL Objective (Section Sec. 3.4) */
7: Obtain representations of partial views

rfFi , r
f
Fj
← Eq. (2),Eq. (3),Eq. (7), foreach f ∈ F .

8: Compute LFCL ← Eq. (8)
9: θ ← θ − β∇θLFCL foreach θ ∈ {ψ, ϕ, hF , g, ρf}

/* Optimizing TCL Objective (Sec. 3.3) */
10: for f ∈ F do
11: Obtain representation rfP ← Eq. (2), Eq. (3)
12: Obtain predictive and ground-truth embeddings of

target ẑf
t , z

f
t ← Eq. (5) foreach t ∈ T

13: end for
14: Compute LTCL ← Eq. (6)
15: θ ← θ − α∇θLTCL foreach θ ∈ {ψ, ϕ, hT , ρP , φ}

/* Optimizing FRL Objective (Sec. 3.2) */
16: Obtain context representation [rfC , r

f
P , r

f
F ] ← Eq. (2) -

Eq. (3)
17: Compute LFRL ← Eq. (4) foreach f ∈ F
18: θ ← θ −∇θLFRL foreach θ ∈ {ψ, ϕ, hC , g}

3.5. Model Training

There are three targets Eq. (1), Eq. (6), Eq. (8) involved
within each episode. Nonetheless, three objectives have re-
spective goals and different parameters to learn. With the
generative observation reconstruction objective LFRL, we
maximize Eq. (1) i.e. the conditional expectation. In prac-
tice, we minimize the negative log-likelihood function by
negating Eq. (4). At the same time, two contrastive losses
LTCL and LFCL are optimized prior to estimating the con-
ditional expectation. When adding them to our training ob-
jective with α ≥ 0 forLTCL and β ≥ 0 forLFCL as tradeoff
parameters, we summarize the overall objective

argmin
Θ

Ef∼F [Lf
FRLϕ,ψ,g,hC

− αLTCLhP ,φ,ρP
− βLFCLhF ,ρF

]

where Θ = {ϕ, ψ, g, hC , hP , hF , ρF , ρP , φ}
(9)

The procedure of episodic training is shown in Algorithm 1.
Note that forloops in the description is for illustration, we
apply batch processing for parallelism in practice.
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4. Empirical Studies
We empirically validate the proposed CCNP on a broad

range of time-series data encompassing 1D, 2D function re-
gression and multi-object trajectory prediction. Our main
interests fall onto the following three questions:

i. Do introduce auxiliary contrastive losses help to in-
crease the predictive performance of CNP?

ii. If so, does explicitly model FCL beneficial for model
adaptation?

iii. Is CCNP capable of handling against high-dimensional
observations than CNP?

We attempt to address these research questions by reporting
the quantitative experimental results and discussing associ-
ated explanations. In Sec. 4.2 we compare the predictive re-
gression performance on three scopes of datasets to answer
question i). Then, we discuss if the meta-transferability can
be improved by FCL in Sec. 4.3. Moreover, in Sec. 4.4
we look into if the introduced TCL makes CNP scalable to
higher-dimensional temporal sequences.

4.1. Experiments Setup

Datasets. We briefly describe the datasets covered in this
work. See Appendix A.1 for detailed dataset description.

For 1D Functions, we practice few-shot regression over
four different function families, including sinusoids, ex-
ponentials, damped oscillators and straight lines. Each
function family is depicted with the linear combination
of a amplitude α ∼ U(αfloor, αceil) and a phase β ∼
U(βfloor, βfloor) in a closed-form. For each function family,
we construct a meta-dataset by randomly sampling differ-
ent α and β for each instantiation, with each dataset is com-
posed of 490 training, 10 validation and 10 test sequences.
In evaluation, the models are tested 5-shot, 10-shot and 20-
shot setting (i.e. the size of context set |DC | ), respectively.
All models are trained for 25 episodes.

For 2D Population dynamics, we study a predator-prey
system, where the dynamics can be modeled by the Lotka-
Volterra (LV) Equations [31]. The populations of predator
y1 and prey y2 are mutually influenced after each time in-
crement, with the interactions between two species being
dominated by the greeks coefficients α, β, δ, γ. Expressly,
α and γ represent predator and prey’s birth rates, while the
β and δ are associated with the death rates. We conducted
the experiments with two sets of system configurations. For
one setting where initial populations y1 ∈ [50, 100) and
y2 ∈ [100, 150) are provided, we fix a set of greeks coef-
ficients (α, β, δ, γ) = ( 23 ,

4
3 , 1, 1). In another setting, the

initial populations are fixed to 160 and 80, while the greeks
are randomly drawn from the predefined range to form each
function instantiation. For both configurations, we gener-
ate 180 training, 10 validation and 10 test sequences with

100 times evolvement in each instantiation. We run 200
episodes for model training, where the sizes of context set
and extra target set within each episode are randomly drawn
from [1, 80] and [0, 20] therein.

For Higher-dimensional sequence prediction, we study a
synthetic bouncing ball system and rotating MNIST data1,
derived from generative temporal modeling scenarios. In
the bouncing ball system, each trajectory (samples se-
quence) contains the movements of three interacting balls
within a rectangular box. Each timestep is framed as a
32∗32 image. The models are tasked with inferring the loca-
tions of the balls as well as interaction rules between them,
and reconstructing the pixels in unobserved timesteps, with-
out prior assumption on details of the scene (e.g., ball count
and velocities). We randomly grab 10000 and 500 trajecto-
ries for training and testing, where each trajectory consists
of 20 simulated time steps of motion. The number of con-
text samples and extra target samples are fixed to 5 and 10.
In RotMNIST data, we predict 16 rotation angles of hand-
written 3 digits in the shape of 28 ∗ 28 grayscale pixels se-
quences. We follow the same settings as in [33] where the
400 sequences with a 9:1 ratio of train-test split to run the
experiments. Similarly, in each sequence, the model learns
from 5 context samples randomly drawn from 16 frames is
tasked with predicting the remaining frames.

Baselines. Resembling most of related studies, we consider
vanilla CNP (CNP) [6], Attentive CNP (AttnCNP) [16], and
Convolutional CNP (ConvCNP) [9] as baselines.

Evaluation Metrics. To answer question i), we evalu-
ate the models’ performances in terms of predictive mean
log-likelihood and reconstruction error measured by mean
squared error (MSE) as usual for CNPs. In Sec. 4.3 we ad-
ditionally validate the transferability of meta-representation
by predicting the function coefficients of a specific data-
generating function. MSE is adopted as the measurement.

4.2. Exact Reconstruction Results

1D Few-Shot Function Regression. Tab. 1 summarizes our
finding in running few-shot function regression over four
groups of data-generating functions. In this task, the pre-
dictive model takes a context set Df

C of an instantiation f .
The contextual information is extracted to a global repre-
sentation rf , which is used then to produce the Gaussian
mean of yf

t and the predictive variance in the target index
xt, with xt ∈ Df

T . Sec. 4.2 illustrates that CCNP can make
reasonable predictions with higher confidence (lower vari-
ance) even only 5 context points are provided. CCNP re-
markably outperforms all the competitive baselines in re-
lating to both predictive log-likelihood on context sets and
reconstruction error on target sets.

1https://github.com/cagatayyildiz/ODE2VAE
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Model / Data Sinusoids Exponential Linear Oscillators

Predictive Log-likelihood (×10−2) ↑↑
5-shot 10-shot 20-shot 5-shot 10-shot 20-shot 5-shot 10-shot 20-shot 5-shot 10-shot 20-shot

CNP 0.872 ± 0.292 1.024 ± 0.117 1.084 ± 0.061 1.298 ± 0.028 1.313 ± 0.036 1.335 ± 0.019 0.393 ± 0.140 0.428 ± 0.172 0.531 ± 0.070 1.188 ± 0.083 1.233 ± 0.031 1.243 ± 0.051
AttnCNP 0.902 ± 0.228 1.004 ± 0.143 1.079 ± 0.120 1.343 ± 0.024 1.353 ± 0.010 1.361 ± 0.011 0.545 ± 0.141 0.620 ± 0.250 0.706 ± 0.198 1.242 ± 0.064 1.285 ± 0.039 1.312 ± 0.026
ConvCNP 0.370 ± 0.326 0.694 ± 0.281 1.331 ± 0.226 1.807 ± 0.310 2.069 ± 0.234 2.488 ± 0.294 -0.646 ± 0.331 -0.348 ± 0.534 0.160 ± 0.342 1.345 ± 0.101 1.625 ± 0.193 2.113 ± 0.313
CCNP (Ours) 1.073 ± 0.086 1.144 ± 0.137 1.240 ± 0.067 1.356 ± 0.013 1.364 ± 0.020 1.372 ± 0.007 1.021 ± 0.120 1.130 ± 0.075 1.178 ± 0.123 1.344 ± 0.014 1.364 ± 0.009 1.372 ± 0.002

Reconstruction Error (×102) ↓↓
CNP 1.135 ± 0.803 0.714 ± 0.255 0.571 ± 0.089 0.164 ± 0.058 0.129 ± 0.062 0.090 ± 0.041 2.657 ± 0.760 2.726 ± 0.934 2.316 ± 0.447 0.393 ± 0.182 0.291 ± 0.077 0.279 ± 0.108
AttnCNP 1.105 ± 0.832 0.784 ± 0.400 0.549 ± 0.182 0.075 ± 0.056 0.055 ± 0.025 0.039 ± 0.021 1.688 ± 0.57 1.915 ± 0.836 1.357 ± 0.697 0.25 ± 0.12 0.169 ± 0.083 0.127 ± 0.047
ConvCNP 3.788 ± 2.222 1.490 ± 1.213 0.353 ± 0.183 1.289 ± 0.731 0.541 ± 0.347 0.132 ± 0.072 48.367 ± 59.953 21.610 ± 24.210 6.777 ± 7.635 0.897 ± 0.426 0.362 ± 0.165 0.091 ± 0.045
CCNP (Ours) 0.479 ± 0.231 0.420 ± 0.312 0.230 ± 0.112 0.041 ± 0.029 0.033 ± 0.041 0.014 ± 0.009 0.519 ± 0.260 0.333 ± 0.097 0.277 ± 0.190 0.068 ± 0.028 0.036 ± 0.017 0.019 ± 0.005

Table 1. Comparison between CCNP and the baseline CNP models. The upper half shows the predictive log-likelihood (↑↑ the higher
the better) of each model on the target set for each function family. The lower half shows reconstruction error (↓↓ the lower the better)
on the target indices. Results are reported with ± 1 standard deviation over 6 different random seeds. Results in Bold indicate the best
performances, and underlined refer to the second-best.
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Figure 4. The qualitative comparison of CCNP and CNPs base-
lines on three different function families with 5-shot, 10-shot and
20-shot regression. The shown results in each column are model
predictions on the shared target samples, where the plottings from
left to right are of CNP, AttnCNP, ConvCNP and CCNP therein,
respectively. Dashed line is the ground-truth function value, with
red diamonds representing the predictive mean values µ and the
shaded regions indicating 95% confidence interval (µ± 2σ).

2D Population Dynamics Prediction. We also com-
pare the function reconstruction capabilities on the Lotka-
Volterra system of CNP, AttnCNP and CCNP. On a par
with 1D tasks, we report the predictive log-likelihood of
target indices on the validation set. Under both configura-
tions, three models can converge within 100 epochs, whilst
CCNP can fit LV equations with fewer epochs when the
initial populations are provided. For qualitative compar-
isons, the maximum likelihood of CNP reaches 1.626±0.24
and 1.652 ± 0.13 under two modes. AttnCNP performs
faster adaptation in the former case, which, however is not
compared favorably with the ones achieved by CCNP af-
ter 100 epochs, indicated by 2.059 ± 0.11(AttnCNP) <
3.794± 0.58(CCNP)).

Higher-dimensional Sequence Prediction. We provide
both qualitative and quantitative comparisons among CNP,
AttnCNP and CCNP for predicting the evolvement of
higher-dimensional image sequences (see Fig. 6 and Tab. 2).
With the same encoding structure and training condition,
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(a) Log-likelihood with random initial
populations.
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(b) Log-likelihood with fixed initial
populations.

Figure 5. Predictive performances of 2D predator-prey dynamics.
Left reveals the simulation with randomly initialized population
and fixed greeks coefficients, and vice versa in the right. Grey
solid line represents the predictive mean of CCNP over 6 seeds.
Pink and brown dashed lines correspond to CNP and AttnCNP, re-
spectively. We denote 95% confidence interval with shaded areas.

CCNP returns lower MSE in reconstruction error across
multiple prediction steps on both datasets. This can also be
verified in quantitative results, where the second row con-
sists of predictive reconstruction of CNP, while CCNP is
reported within the third row. While CNP produces blur re-
sults at some query indices, CCNP can reconstruct more ac-
curate values more confidently. For both CNP and CCNP,
there is no significant performance drop when prediction
sizes are extended by 3-4 times longer, reflecting that CNPs
have a great potential in handling low data problems.

We further provide experiments in terms of additional
1D datasets and running efficiency (See Appendix B.).

4.3. Transferability of Meta-representation

Besides the evaluation of reconstructing observations,
we are also interested in how well the model can recognize
the particular generating function, which is associated with
the transferability of meta-representation [8]. We study the
following experiment i.e. function coefficient inference in
closed-formed 1D sinusoid functions to discuss question ii).

The goal of this task is to predict the amplitude α and
phase β of the sinusoid function f , given a randomly sam-
pled context set Df

C . For each model, we fix the parameters
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Figure 6. The qualitative and quantitative comparisons of CNP and CCNP on two image sequences datasets.

Model / Data RotMNIST BouncingBall
10 16 10 20

CNP 0.0132 ± 0.002 0.0133 ± 0.002 0.0579 ± 0.004 0.0607 ± 0.004
CCNP (-Attn) 0.0085 ± 0.003 0.0087 ± 0.001 0.0465 ± 0.003 0.0490 ± 0.003
CCNP (-TCL) 0.0103 ± 0.001 0.0103 ± 0.001 0.0505 ± 0.003 0.0526 ± 0.003

CCNP (Full) 0.0066 ± 0.001 0.0068 ± 0.001 0.0458 ± 0.004 0.0489 ± 0.004

Table 2. Prediction performance on high-dimensional images se-
quences with ablation studies. We report MSE (↓↓) obtained on
RotMNIST and BouncingBall data, whereby we also conduct ab-
lation studies for removing a) position-aware aggregation (indi-
cated by CCNP (-Attn)); b) TCL branch (CCNP (-TCL)). Results
in Bold indicate the best performances and underlined refer to the
second-best, with ± 1 standard deviation over 6 runs for each.

of contextual representation rf pre-trained on function re-
gression tasks, of which we append a classifier on top to per-
form coefficient inference. Fig. 7a describes performances
of CNP, AttnCNP and CCNP on this task, where CCNP pro-
duces the lowest MSE in evaluating the prediction of α and
β, with -0.5 (to CNP) and -0.4 (to AttnCNP) of gap over 6
seeds. We conclude that CCNP demonstrates higher trans-
ferability of meta-representation, benefited by FCL regular-
izing its capability of aligning function instantiations. For
quantitative illustration, we showcase that AttnCNP strug-
gles at adapting to shifted αwithin the same function family
while CCNP maintains decent capability (Fig. 7b).

4.4. Scalability to Higher-Dimensional Data

We investigate question iii) i.e. whether TCL is beneficial
to the scalability of CNPs. The results in Tab. 2 suggest the
prediction performances given by different design choices
of CCNP. Removing either encoding self-attention or TCL
leads to poor performance in predicting high-dimensional
data. Stripping TCL from CCNP brings in decreased results
in predicting both datasets, which can be attributed to addi-
tional efficiency provided by contrastive loss against high-
dimensional data. The position-aware encoding also boosts
the performance of TCL as the combination of the two is
better than if either were applied alone.

CNP AttnCNP CCNP
0.2

0.4

0.6

0.8

1.0

1.2

1.4
Function Parameter Inference MSE (with 6 seeds)

(a) Results of function coefficient infer-
ence over 6 different seeds with blue,
green and brown box referring to CNP, At-
tnCNP and CCNP, respectively.
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(b) Example of identifying shifted func-
tion coefficient amplitude α. The right
column (CCNP) adapts to different in-
stantiations, where the left (AttnCNP)
fails to do so.

Figure 7. Comparisons of CNP, AttnCNP and CCNP on the trans-
ferability of meta-representations.

5. Conclusion

We present Contrastive Conditional Neural Processes, a
hybrid generative-contrastive model that explores the com-
plementary advantages of generative and contrastive ap-
proaches in meta-learning, towards scaling CNPs to handle
high-dimensional and noisy time-series. Generative CNPs
are augmented by two contrastive, hierarchically organized
branches. While the in-instantiation temporal contrastive
branch revolves around extracting high-level abstraction
of observations, the cross-instantiation function contrastive
branch cope with supervision-collapse of common gener-
ative meta-learning models. Improved reconstruction per-
formances on diverse time-series datasets demonstrate that,
adding contrastive regularization to CNPs not only directly
facilitates discriminative down-stream tasks, but also con-
tributes significantly to generative reconstruction tasks.
Limitation. In this work, we focus on improving the ef-
ficacy of CNPs with two auxiliary contrastive regularizers.
The costs associated with constructing tuples and compar-
ing pairwise similarity are, however, causing a loss in com-
putation efficiency. Such tradeoffs may be addressed by ex-
ploring more efficient contrastive sampling methods.
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