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Abstract

Visualizations have become crucial in the contemporary data-driven
world as they aid in exploring, verifying, and sharing insights ob-
tained from data. In this paper, we propose a new paradigm of visu-
alization synthesis based on refinement types. Besides input-output
examples, users can optionally use refinement-type annotations
to constrain the range of valid values in the example visualization
or to express complex interactions between different visual com-
ponents. Our system’s outputs include both data transformation
and visualization programs that are consistent with refinement-
type specifications. To mitigate the scalability challenge during
the synthesis process, we introduce a new visualization synthe-
sis algorithm that uses lightweight bidirectional type checking to
prune the search space. As we demonstrate experimentally, this
new synthesis algorithm results in significant speed-up compared
to prior work.

We have implemented the proposed approach in a tool called
CaLico and evaluated it on 40 visualization tasks collected from
online forums and tutorials. Our experiments show that CaLico can
solve 98% of these benchmarks and, among those benchmarks that
can be solved, the desired visualization is among the top-1 output
generated by CaLico. Furthermore, CaLIco takes an average of 1.56
seconds to generate the visualization, which is 50 times faster than
VISER, a state-of-the-art synthesizer for data visualization.
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1 Introduction

Visualizations have become crucial in the contemporary data-
driven world as they aid in exploring, verifying, and sharing insights
obtained from data. With the widespread adoption of challenging
visualization tasks across various application domains, there has
been a surge in the development of multiple libraries that strive
to simplify intricate visualization tasks. For example, in the past
few years, dozens of visualization libraries have emerged in pop-
ular programming languages such as R, Python, and JavaScript.
Moreover, there has been a flurry of research focused on designing
programming systems such as D3 [1] and Vega-Lite [23], aimed at
enhancing real-world visualization tasks.

To help data scientists visualize raw data that is exploding in
quantity, there has been a growing interest in using program syn-
thesis to automatically generate visualization programs from user
demonstrations. One flavor of such demonstrations is input-output
(IO) examples [29]: the user provides tabular input data and demon-
strates how to visualize a small number of data points. However, for
many visualizations that require complex computations, concrete
examples are often insufficient for fully expressing user intent, lead-
ing to overfitting. Moreover, existing synthesizers (e.g., Viser [28])
based on input-output examples require the user to provide the
exact values (e.g. height of a bar, or x-coordinate of a data point)
via laborious manual calculation, which hinders the adoption of
automated synthesizers.

In this paper, we propose a new paradigm of visualization syn-
thesis based on refinement types. Refinement types are types en-
dowed with logical formulae that constrain values; for example,
{v:Int | 0 < v} stands for positive integers. Besides IO examples,
the user of our system can also use refinement-type annotations to
constrain the range of valid values in the example visualization or
to express complex interactions between different visual compo-
nents. Our system’s outputs include both data transformation and
visualization programs that are consistent with refinement-type
specifications.

While there has been recent work on automating visualization
tasks by reducing them to programming-by-example [28, 29] for
table transformations, these techniques focus on cases where the
specification is a pair of input and output tables. In contrast, the
refinement type specification in our setting could be a partial out-
put table whose elements (e.g., cells, column names, etc.) are re-
fined with logical qualifiers ¢. Therefore, pruning strategies used
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in prior work are not effective in our setting due to the lack of
fine-grained handling of refinement-type annotations. However, a
general refinement-type-based synthesizer [20] will not work for
our case because it requires users to provide a precise semantic
specification for each construct in the domain-specific language
(DSL) for table/visualization transformation. To deal with this chal-
lenge, our key insight is to refine each type of construct in our
visualization DSL with logical formulas that over-approximate the
computational constraints on both tables and arguments, including
those on how the output columns and rows are produced. These log-
ical formulas are framework-independent, as they are formulated
from the mathematical definitions of operators. Then we introduce a
new visualization synthesis algorithm that uses lightweight bidirec-
tional type checking to prune the search space. As we demonstrate
experimentally, this new algorithm results in much faster synthe-
sis performance compared to prior work [28, 29] for automating
visualization tasks. We have implemented the proposed approach
in a new tool called CaLico and evaluated it on 40 visualization
tasks collected from online forums and tutorials. Our experiments
show that CALIcO can solve 98% of these benchmarks and, among
those benchmarks that can be solved, the desired visualization is
the top-1 output generated by Cavrico. Furthermore, CaLIcO takes
an average of 1.56 seconds to generate the visualization, which is
50 times faster than VISER, a state-of-the-art synthesizer for data
visualization. We believe that CALIco is fast enough to be practically
useful to prospective users.

To summarize, this paper makes the following key contributions:

e We introduce a rich and expressive specification language
for data visualization based on refinement types.

e We propose a scalable algorithm for synthesizing table trans-
formations using refinement types. Our algorithm employs
lightweight bidirectional refinement type checking to effec-
tively prune the search space.

o We evaluate our approach on over 40 tasks collected from on-
line forums and tutorials and show that CaLico significantly
outperforms prior work on data visualization.

2 Overview

In our CaALico framework, the user provides an input table and
a demonstration of how to visualize example data points via a so-
called visual trace. Our tool then synthesizes a program that, when
evaluated on the input table, produces a visualization consistent
with the user-provided visual trace. The synthesized program con-
sists of a table program and a visual program: the former applies a
sequence of table operators (e.g., projection, filtering) to transform
the input table into a final table containing values needed for the vi-
sualization; the latter program renders the final table using various
charts (e.g., bar charts). Since synthesis of visualization programs
from a is standard [28, 29], in the remainder of the paper we focus
on table transformation, although our examples may incorporate
visual programs for clarity.

As an example, consider the visualization task shown in Figure 1.
The user may want to visualize the input table ¢;, as the bar chart
shown on the right, where each bar represents the percentage of
objects with feature A for each condition. The desired program first
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applies table transformation operators spread and mutate to obtain
output table t,,; that contains columns condition and percentage.
Then, the visual program renders a bar chart using those columns.

How can the user demonstrate the intended visualization using
visual traces? In previous works, such as Falx [29], the visual traces
can only contain concrete values. That is, the user must show the
exact height of the first bar with the trace Bar(x = 1,y = 0.667).
However, in order to compute the correct value of y, the user has
to (i) manually locate rows in the table for which condition = 1, (ii)
extract the count value for each feature, and (iii) use a calculator
to perform the required arithmetic, a non-trivial task. As a result,
the user would have manually performed the complex spread and
mutate operations that would appear in the desired program. This
process can quickly become unmanageable for larger tables and
more complex visualizations.

A unique aspect of CALIco is that the arduous and error-prone
demonstration of concrete values is replaced by more intuitive con-
straints in the visual traces, encoded as refinement types. In this
example, the user can simply specify that x comes from column
condition and y is a percentage between 0 and 1, using the visual
trace Bar(x € condition, 0 < percentage < 1). Our tool automati-
cally transforms this trace into a refinement type on the final table:

Tour : {x :: {v:Int| v < {condition}},
yuz{v:Real |0 <vAV<1},)

where v < {condition} indicates a data-flow lineage from the in-
put column condition to the output column x. Here, the type Tou;
describes an output table with at least two columns called x and y,
each described by a refinement type. For example, column y has a re-
finement type whose base type is Real, and refined by the predicate
Pv)=0<vAvV<L

2.1 Synthesis via Bidirectional Type Inference

Given the input table and the type 75, of the output table, CaL-
1co will find a program that generates a final table of type Toy;.
However, existing techniques for synthesizing programs from re-
finement types (e.g., SYNQUID [20]) are insufficient for solving this
problem: they assume a precise semantic specification of each lan-
guage construct. This assumption is known to be problematic in
the table program synthesis domain [7].

Instead, we propose a novel algorithm based on the ideas of
bidirectional analysis [19]. Our key insight is that using refinement
types, despite the difficulty of accurately encoding table operations
semantically using refinement types, we can define abstract seman-
tics of each table operation in both forward and backward directions,
even if the arguments to the operation are not fully determined.
Specifically, if the input (or output) to a table operator has type
7, we can approximate the effect of applying (or unapplying) the
operator and obtain a new type 7’; the forward and the backward
directions will eventually meet and generate a type consistency con-
straint relating T and 7. The type consistency constraint allows
us to determine whether an incomplete table program is feasible,
and to prune infeasible programs early to speed up the synthesis
search.

Consider the following partial program as a candidate for solving
the motivating example: ¢;, > mutate(tmp = count *condition) >
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Input Table T;,

feature count condition

B 6 3
B 1 1
A 10 3 106 3
B 2 2
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Visualization

A B condition percentage

4 2 2 0.667
106 3 0.625
6 1 1 0.875

T I 2 3 1

spread(feature,
count)

mutate(percentage
=A/(A+B))

BarChart(x=condition,
y=percentage)

Figure 1: An example visualization task

select(O), where O indicates a hole yet to fill in and > connects
operations sequentially. Although this program is incomplete, CAL-
1co can still prove its infeasibility: regardless of what argument
is supplied to select, the resulting program cannot produce the
desired output table (and hence the visualization). To determine
infeasibility, CALICO assigns the refinement type 7, to the input
table:

Tin = (count = {v:Int| (1 < vAvV<10)},
condition: {v:Int|1<vAv<3}...).

CaLico’s forward analysis infers that, after the mutate operation
(which introduces a new column using the specified computation
expression), the type 7 of the resulting table will have an addi-
tional column called tmp with the refinement type {v : Int | 1 <
vAv<30}:

T ={(tmp = {v:Int|1<vAV<30}
count = {v:Int|1<vAv<10},
condition: {v:Int|1<vAv<3}...).

On the other hand, CALico’s backward analysis examines the
operation select(0O). It sees that because the select operation can
only return a table with equal or fewer columns, the type of the
output table 75y is also a valid over-approximation of the input to
select. At this point, the forward and the backward analysis meet
at the output of mutate and the input of select, and they infer two
types that describe the same table. Thus, these two types must be
consistent, and CALICO generates the following type consistency
constraint: £ 77 »< Toyp. CaLIcO utilizes a set of inference rules
to decide whether such relations hold. In this case, because 7’
does not have any column containing real numbers between 0 and
1 as required by 7o, CaLico concludes that the two types are
inconsistent, and the candidate program is deemed infeasible and
excluded from further consideration.

3 Formulation

In this section, we formally define the problem of synthesizing
visualization programs using refinement types. Before doing so,
we will first define CALICO’s table transformation language, and
then present CALICO’s refinement type system and its subtyping
relation.
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P = t>»e > --->epy Table program
e u= Table operators
| select(?) Projection
| filter(~, ca_rfg) Filtering
| mutate(Crarger ®, ca_rg,) Calculation
| spread(cyy, Ckeys Cval) Pivoting (wider)
| gather(cig cta—>rge,) Pivoting (longer)
| summarize(cTe;, Crarget> ©» :Trg) Summarization
~ m= =|#|<|<|R Predicates
® = +|-|#|/IM Arithmetic operation
© == min|max|sum |count|avg Aggregate operation

G

Custom operator

Figure 2: Syntax of CaALIcO’s table transformation language

3.1 Table Transformation Language

Figure 2 shows the syntax of our table transformation language, in-
spired by real-world languages and frameworks for data wrangling
and table transformation (e.g., R and SQL). A CaLIco table program
P is a sequence ey, . .., e, of table operators applied sequentially to
an input table ¢. After each operation, an intermediate table is pro-
duced, and the last intermediate table is said to be the output table.
Each table is a collection of ordered records (i.e., name-indexed
tuples). Each tuple element is called a cell. We refer to the collection
of cells indexed by the same name as a column of a table, and each
item in the table collection as a row.

A table operator introduces new columns/rows to or eliminates
existing columns/rows from the incoming table. The semantics of
each operator is as follows:

(1) The select operator projects the specified columns ¢ from
the input table. That is, it retains the subset of columns
named in ¢ and drops the remaining columns.

(2) The filter operator retains the rows of the input table that
satisfy the given predicate ~. A predicate is a binary relation
that takes two column names as inputs and includes equal-
ity, inequality, less-than-or-equal-to, less-than, or a custom
predicate’: R.

For simplicity, we omit from our presentation non-binary relations and constants,
but CALico can be extended to support them with ease.
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T == (%sp}) Table type
K = c¢=uT Column type
p = (o)) Row type
o u= cuT Cell type
r == {v:B|¢} Refinement type
B == Base types
| Enum Enumeration
| Int | Real Numeric
¢ u= Logical Qualifiers
| true Truth
| —¢p|PdAP|pV¢$ Connectives
| e<*L|e<" L Provenance
| e<tO|e< O Relevant operators
| e1<er|e=e Comparison
e = Expressions
| x Identifier
| ¢ Constant
| e1®e Binary operation

Figure 3: Syntax of CaLICO’s refinement type system

(3) The spread operator is a pivot operation that takes columns
Ckey and c,, representing key-value pairs, and pivots the
table by (i) eliminating those two columns, (ii) creating a new
column named after each value in cg,y, and (iii) filling in the
cells in the newly created column using the corresponding
values from c,,;. spread effectively makes a table “wider”

(4) The gather operator is the inverse of spread. Given a set of
columns cm—)rget, it treats the column names in W as keys,
and cells in those columns as values. It then pivots the table
by eliminating cm—>rget and creating two columns that contain
the keys and the values, respectively. In effect, gather makes
a table “longer”

(5) The summarize operator first partitions the table into groups
where each group contains the same cTe;. Next, it aggregates
each group using the specified aggregate operation, which
can be min, max, sum, count, avg, or a custom aggregate
operation G.

Given a table transformation program P, we say the program
is a sketch, or a partial program, if some arguments to the table
operators are holes (O) that are yet to be determined. We say that a
program is complete if it does not contain any holes.

3.2 CaLico’s Refinement Type System

The purpose of CaLicO’s refinement type system is twofold: (i)
to present the user with an expressive language to specify the
desired output; (ii) to enable the CALicO synthesizer to prune away
infeasible programs from the search space as early as possible.

The language of CALICO’s refinement type is described in Fig-
ure 3:

o Atthe top levelis the table type 7, which describes individual
tables. Each table type consists of a collection of column types
k and row types p.

e A column (resp. row) type describes the properties of a col-
umn (resp. row) of the table. A column type is of form ¢ :: T
that maps the column name c to a refinement type 7. A row
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type p consists of a sequence of cell types o of the form
¢ : 7, where ¢ is the column name of the cell, and 7 is the
refinement type that describes the cell.

e A refinement type {v : B | ¢} consists of a base type (i.e.,
Enum, Int, or Real) equipped with a logical qualifier ¢ that
refines the set of values that can be chosen from the base
type. The qualifier ¢ is a formula built from true, logical con-
nectives (i.e.,negation, conjunction, and disjunction), range
comparisons between expressions, and domain-specific pred-
icates.

e CaLIico’s domain-specific predicates include the provenance
predicate e < £, which tracks the lineage of data flow from
the input table to the current column/cell, as well as the
related-operator predicate e < O, which maintains the set of
table operators used to compute the current column/cell. The
polarity of < and < indicates under- vs. over-approximation.
That is, e <* £ means that at least the set £ of labels is
necessary to compute e, while e <~ £ indicates that the
maximum set of labels needed to compute e is L. CALICO’s
domain-specific predicates not only provide the end users
with a relatively precise specification mechanism without the
need for manual calculation, but also enable the synthesizer
to effectively narrow down the potential candidate programs.

We use judgments of the form I ¢ : 7 to mean table ¢ has type
7. We elide the details of this judgment due to its straightforward
nature.

3.3 Problem statement

With the definitions of the table transformation language and the
refinement type system established, we can formally define our
problem:

Visualization program synthesis. Given an input table ¢;;, and
a type Tous, the visualization program synthesis problem is to find
a table transformation program P such that, if executing P on ¢,
produces the output table toys, then  toy : Tour, which means that
the output table satisfies the user-specified type 7ous.

4 Algorithm

In this section, we give an overview of our synthesis algorithm.
However, because bidirectional type checking analysis is one of the
main contributions of this paper, we defer a detailed discussion to
Section 5.

Algorithm 1 shows CaLICO’s main synthesis algorithm. The
SYNTHESIZE procedure takes as parameters the input table t;,, the
type Tour of the output table, and an integer k that indicates the
maximum length of synthesized programs. The procedure first
infers the type 7i, of tip; this can be done in a straightforward way
since the input table is concrete. Next, it enumerates all sketches
up to length k and stores them to work list S.

The core synthesis loop (L4-15) will gradually fill out each sketch
with concrete arguments until the first viable program is found. At
each iteration, the search procedure analyzes the next sketch P* in
the work list.

The key insight of CaLIcO’s synthesis search is that even if
a program is incomplete, we can over-approximate its behavior
using types. If the over-approximated behavior does not satisfy
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Ft:{ci=1h) Ci = Cig Y Crarget Tkey = {v : Enum | VCEWV =c} F Ttarget <t Tygl for all Trarger € Trarger Ckey» Cval fresh
- —— [E—
+ ¢ > gather(cg, Ctarget) 2 (Cid = Tid, Ckey ** Tkeys Cval ** Tval)
Ft:{c;i=1i) c1,¢3 € Cp e <:{v:Int|x < v} Erp <:{v:Int|y < v} cmrggteéa)

TF-MUTATEADD

F ¢ > mutate(Crargers + [€1,€2]) : {Ci = Th, Crarger : {v 1 Int | x + y < v})

— — =
Ft:{ciT) Ckey € Ci

—
Ctarget & Ci

TF-SuMMARIZECOUNT

Fi>> summarize(cTe;, Ctargets COUNt, @) : {Cey ** Theys Crarget = {V: Int | 0 < v})

Figure 4: Typing rules for forward analysis

Algorithm 1 Main synthesis algorithm

1: procedure SYNTHESIZE(tin, Tout, k)

2: Tin < inferType(tin)

3: S « enumerateSkeches(k)

4: while notEmpty(S) do

5: P* « S.pop()

6: Ty « forward (P*, Tin, tin)

7: Tp < backward (P*, Tout)

8: if £ 77 < T}, then

9: if P* is complete and + P*(#;,) : Tour then
10: yield P*

11: else

12: S.extend(expand (P*))
13: end if

14: end if

15: end while

16: return L

17: end procedure

ETy < T ET) <: Ty
—— S-REFL S-TrANS
ET <:T FETy <: T3
kit T ETy <: T
- LT ssus
Ft:Tp
Vv, [[¢1]] = [[¢2]] is valid
S-REFINE

E{v:B|¢1} <:{v:B| ¢2}

Figure 5: Subtyping rules

the user specification, then any completion of the program will
not either. Hence, the sketch, which encodes a large amount of the
search space, can be rejected early, preventing the synthesizer from
further exploration and branching.

This insight materializes in CALIcO’s forward and backward sub-
routines. The former infers the types of the intermediate tables
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starting from the original input table (5.1). The latter performs
inference starting from the output type and works backward (5.2).
The two directions eventually meet, producing types 7y and 7p,
respectively. Since we cannot use the table typing judgment to
check for the feasibility of the current program as we have no
concrete tables to work with, we instead delegate the feasibility
query to a novel table subtyping relation, which asks whether 7 is
consistent with 7, (5.3). Intuitively, this checks whether 7 has at
least the columns and rows required by type 7.

If the consistency relation holds, the synthesis procedure returns
P* in case it is complete (i.e. does not contain any hole) and running
the program produces an output table that satisfies the output type.
Otherwise, we enumerate all possible ways in which P* can be
expanded (i.e. one hole being replaced) in a breadth-first manner,
and add the expended sketches to the work list. Finally, if all pro-
grams are exhausted, the procedure reports L to indicate that the
synthesis problem is unsatisfiable.

5 Pruning via Bidirectional Type Inference

As is evident from the discussion above, a key part of our synthesis
algorithm is the forward and backward inference to generate type
consistency constraints. These procedures are described in Figure 4
and Figure 6 using inference rules.

5.1 Typing Rules for Forward Analysis

The typing rules for forward analysis are shown in Figure 4. In
particular, each rule computes the refinement type of the output
table based on the table transformation language defined in Figure 2.

(1) select: The select operator retains columns given as argu-
—

ments c;. while removing everything else. Therefore, the

refinement types of :5 will be the type of the output table.
(2) filter: Because the filter operator does not alter columns of
the input table, the refinement type of the output table should
match the type of the input table.
(3) spread: The spread function turns the table to a wider format.
It moves cells from the c,,; column to new columns, whose
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TB-SELECT
Ft: T
ke filter(L, ) : (¢; = 77) 7, ={v:B|true} foralliand7; = {v: B| ¢}
> TB-FILTER
Fiti(einT)
Ft > spread(Cig,_, ) : {Ci = 77) T =cu &Jc_} ETj <: Ty forall j Tkey = {v: Enum | Vcec-;v =c} Ckeys Cval fresh
TB-SPREAD
Ft:{cid * Tias Ckey ** Tkeys Cval * Tval)
F t > gather(¢ig, ) : (Ci = 77) Fi):c—i,;w{ckey,cml} FThey <t {v:Enum | v=A; V.- -Vv=A;}
TB-GATHER
Bt {Cig = Tigs A1 & Tyals - - - An 32 Tyal)
F t > mutate(carger, _,_) : {Ci = 77) <= c_; W {crarget}

TB-MUTATE

Ft:{cj T

: — - _ =5
F ¢ > summarize(_, Crarget» - _) : {Ci = T7) ci =¢j W{curger}
TB-SUMMARIZE
Ft:{cjTy)

Figure 6: Typing rules for backward analysis

names come from the cells in the ¢, column. As a result, we
maintain the column refinement type for all columns in ¢,
which is the complement of {cval, Ckey}- Then, we introduce
new columns for each name in cg,y. These new columns will
have the same refinement type as c,,, as they are subsets of
Cyal-

gather: The gather operation is the inverse of the spread
operation. It transforms the table into a longer format by

©

consolidating all values in cyarger into a new column, c,q,
while the column names in cyqrger appear correspondingly in
the new column ¢y Therefore, the rule states that the col-
umn refinement type of ckey is an Enum type with elements

collected from the names of %}. The column type of ¢,
is the super-type of all value types of cells collected from
c_m-_)rget. (The typing rules for subtype/super-type judgment of
the form k e <: 7 are presented in Figure 5.) Finally, the re-
finement type of the output table is composed of the original
columns that are not selected (i.e., c_,,;) and the refinement
types of new columns Ck_e3)1 and ¢yp).

mutate: The mutate operation generates a new column,
Ctarget, Whose values are obtained by performing a binary
operator ® to the cells of two selected columns, namely ¢;
and cz. Therefore, the output table’s type will be the union
of the type of the input table and the type of the new column
Ctarget- The TF-MUTATEADD rule shows the case where the
binary operator is +.

summarize: The summarize operation functions similarly
to mutate, but it performs aggregate operation © based on
the group EZZ, The rule here for summarize is instantiated
with the count aggregate operation. The rule states that the
refinement type of the output table is comprised of the set of

®)

(©)

columns @ that is used in a group, and the cg/get column
that is aggregated upon. For the count aggregator, the rule
over-approximates the value of each cell in column cgrget

by adding a logical qualifier stating that all values are non-
negative.

Accordingly, these rules are applicable to general functions with
an arbitrary number of arguments, providing flexibility for various
use cases. The refinement type of the input table, which is the
initial state of the forward analysis, can be generated easily without
manual effort.

5.2 Typing Rules for Backward Analysis

The rules for backward analysis are presented in Figure 6. In the
backward analysis, our goal is to infer the refinement types of input
table ¢ from the given table operator and the refinement type of the
output table. The initial state of the backward analysis is the type
of the output table specified by the user.

A naive backward analysis that explores the entire search space
is unlikely to scale. To mitigate this issue, our backward typing rules
work with symbolic program sketches whose arguments may be
unknown. We will use the symbol _ to stand for the parts that have
not been enumerated. However, a key design decision is that our
analysis does not compute the strongest necessary preconditions to
ensure that the cost of type checking does not outweigh the benefits.
Intuitively, as more enumeration is performed, we can gain more
information, but this may also result in exploring a larger search
space.

(1) select: This rule states that the input table has the same type
as the output.

(2) filter: To prevent the synthesizer from eagerly enumerating
complex arguments of the filter operator, rule TB-FILTER
over-approximates the refinement type of the input table by
keeping it the same as the refinement types of the output
table except for weakening the logical qualifier ¢ to true.

(3) gather: The refinement types of the incoming table for the
gather operator are composed of two parts: 1) the subset of
columns ¢;; = 7;; that is not affected by the pivoting, and 2)
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Figure 7: Rules for checking type consistency
a list of columns Ay, ..., A, selected by the gather operator. 5.3 Type Consistency
In particular, the column name of A; can be derived from The forward and backward analyses perform type inference start-
the enum value of the cj,y column in the output table. The ing from the both ends of a (possibly incomplete) table program
refinement type of each cell in A; is obtained by asserting P*. The two analyses eventually meet, producing types T and 7,
that it is the super —t_)ype of all refinement types of cells that respectively. Those two types are used to determine the feasibility
appear in columns c;. of P* using the type consistency relation:
(4) spread: The refinement types of incoming table for the spread
operator contain three parts: 1) the subset of columns ¢;; :: 7;5 kT > Tp,
that is not affected by the pivoting, 2) the refinement type which denotes that 7y is consistent with 7y,. The inference rules for
of ey column, and 3) the refinement type of ¢4 column. this relation are shown in Figure 7. Essentially, 77 is consistent with
Since we do not know the concrete values of key and val 73 if 77 provides the columns and rows required by 73, but 77 may
columns, we assert that the refinement type of cg,,, column contain additional columns or rows. In what follows, we expand
is the enum type of ?}, i.e., all column names of the output upon each inference rule.
column refinement types except for the ones appearing in The rules C-RENAME, C-PERMCoL, C-PERMROW, and C-SUBTABLE
Cig- Finally, the refinement type of ¢, column asserts that stipulate that the consistency relation is invariant under various
the refinement type of each cell in ¢,y is the supertype of reshaping and alignment operations, i.e., column renaming, permu-
all refinement types of cells that appear in columns ?} tation of columns or rows, and adding columns/rows to the type
(5) mutate: In this case, we only require cygrger to be concrete. on the left-hand side of »<Z.
The type of the input table for the mutate operator is ob- Once the shapes of the two participant types has been aligned,
tained by removing the new column Ctarget from the type of rules C-DEpTH, C-CoL, and C-Row decompose the shape, and pro-
the output table. duce consistency obligations on refinement types to be handled by
(6) summarize: Similar to the mutate operation, the type of the rule C-REFINE.
input table for the summarize operator is over-approximated The C-SAT rule says that two refinement types satisfy the con-
by removing the new column cigyge; from the type of the sistency relation if they are of the same base type, and that the
output table. qualifier consistency relation, denoted by ¢1 >« ¢h2, holds. In general,

2We note that C-SUBTABLE is a generalization of the standard width subtyping for
record type.
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rule C-SAT can be used to check qualifier consistency by encoding
it into a satisfiability query of the formula [[#1]] A [[¢2]]. Any qual-
ifier implication involving CALIco’s domain-specific qualifiers is
checked using C-Prov and C-Ops rules. These two rules ensure that
an under-approximation never exceeds an over-approximation.

Finally, our bidirectional type inference is sound. We use + t =
T (resp.+ T & t)to denote that forward (resp. backward) inference
assigns type 7 to t.

THEOREM 1 (SOUNDNESS). Let t be an arbitrary table, e be a table
operator, and t’ = [[e]] (t). Then,

(V) rt:T andrt' = T implies+ ' : T,

@ vt/ T and+ T <t implies+ t : T.

6 Implementation

We have implemented the proposed idea in a tool called CaLrico
with 3,587 lines of code in Python. We use the Pandas library [18]
for table transformation, and the Vega-Lite library [23] for visual-
ization. In what follows, we elaborate on other key implementation
decisions.

Rendering visualization from tables. Similar to Viser [28],
CaLIco needs to convert a table into its visualization, with addi-
tional visual properties attached, such as colors, shapes, etc. In
particular, CaLIco invokes the Vega-Lite [27] visualization tool
to render the visualization from the resulting table. This reduces
the complex visualization to a succinct format that is amenable to
existing data-wrangling DSL.

Global operator checking. CALICO maintains a relevant set
of operators in logical qualifiers for each column refinement type.
However, adopting a global perspective on operator requirements
can improve pruning power. Specifically, CaLico gathers the set
denoted Oy of all operators mentioned in the output type 7o,r. When
analyzing a partial program P*, CaLico collects all operators used in
the concrete part of the program as O, and estimates whether the
abstract part can satisfy the remaining requirements Oy \ Oc. This
approach can be generalized into typing checking rules concerning
input tables after forward analysis and initial output tables. The
global operator set checking can prune some sketches without
generating backward inference trees, thereby enhancing pruning
efficiency.

User-defined functions. To enhance flexibility, CArico allows
users to define uninterpreted functions for mutate and summarize.
These functions may have arbitrary annotated arity. For mutate,
users need to provide a function that maps a list of values to a
typed value. For summarize, users need to provide a function that
maps a list of vectors (Series in pandas’ terminology) to a typed
value, e.g., G(x, y) = sum(x)/sum(y). This distinction explains why
we separate ca_ré from cygrger in our table transformation language,
instead of using the common aggregate function definition where
the ctqrger overwrites the single provided argument.

We also introduce a generalized form of mutate called mutateG
(grouped mutate), where the function can access aggregated values
within a group. Unlike summarize, mutateG operates similarly to
the partition operation in SQL. Users need to provide a function
that maps a list of vectors to a typed vector, e.g., H(x) = x/sum(x).
Such a grouped mutate operation will not influence subsequent
operations with its group.
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Extended refinement type. We note that CALICO’s refinement
type system can be extended to handle a wider range of qualifiers.
For example, the related operator qualifier v <« O denotes the mini-
mum set of operators that need to be used during the computation
of the current columns. However, we can easily introduce a sym-
metric qualifier v < Opgx to denote the maximum set of operators
that can be used. Similar extensions could be applied to provenance,
enumeration range, etc. The typing rules for bidirectional analysis
can be similarly extended in a straightforward fashion.

7 Evaluation

In this section, we describe the results of the experimental evalua-
tion, which is designed to answer the following research questions:

e RQ1. Effectiveness: Can CALICO solve more visualization
tasks than state-of-the-art approaches within a given time
limit?

e RQ2. Scalability: Does CaLico improve task-solving time
compared to state-of-the-art approaches?

e RQ3. Ablation: How important are the individual refine-
ment type rules for forward and backward analysis?

Benchmarks. We evaluate CALICO on a suite of 40 benchmarks col-
lected from various sources, including prior work such as VISER [28]
and online technical forums like StackOverflow?. The benchmark
suite contains a variety of problems that require a wide range of
data wrangling operations (e.g., projection, aggregation, mutation,
and filtration) over the inputs, with various target visualization
types (e.g., bar charts, pie charts, line charts). To ensure the qual-
ity of the collected benchmarks, we incorporate a semi-automatic
semantic parsing procedure with manual checking to prove the syn-
thesizer with a refinement annotation that is accurate and captures
the precise user intent.

Experimental Setup. We compare CALIcO with the state-of-the-art
visualization synthesis tools, VISER [28], which is an example-driven
synthesizer and does not support refinement-type-based reasoning.

All experiments are performed on MacBook Pro with 2.4 GHz
Quad-Core Intel Core i5 processor and 16 GB of memory. The time
limit for a single problem is set to 15 minutes.

7.1 Comparison on Effectiveness

To ensure a fair comparison between CaLico and VISER, we extend
VIsSER to make sure that both tools: 1) take the same types of in-
put, and 2) incorporate DSL constructs to support all benchmarks.
In addition, as a baseline approach, we feed the specification of
each benchmark to a large language model (LLM)* and prompt
it to generate solution programs as the output. Figure 9 shows a
performance comparison among CALICO, VISER, and baseline LLM
in terms of the total number of benchmarks solved within a given
time limit.

Across all 40 benchmarks, CaLico solves 39 (98%) of them. In
comparsion, VISER solves 29 (73%) of them, and is slightly better
than the baseline LLM approach, which solves 27 (68%) of the bench-
marks. As a result, CALICO solves 25% more benchmarks than VISER,
and 30% more than LLM.

Shttps://stackoverflow.com/
“We use ChatGPT 3 at the time of experiments.
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Figure 9: Effectiveness comparison between CaLico, VISER
and baseline LLM on visualization tasks. Each bar is tagged
with the total number of benchmarks solved as well as the
percentage.

Result for RQ1: As is evident from these numbers, Carico
is more effective than VISER, the state-of-the-art visualization
synthesis tool.

7.2 Comparison on Scalability

In addition to the total number of visualization tasks solved, another
important evaluation metric is the time required to find the intended
solution for each task. This metric is particularly important since in
real-world scenarios, it reflects how much time a user has to wait
before he or she is provided with a candidate to choose from.

Figure 8 shows two cactus plots comparing Carico and VISER
regarding the cumulative problem-solving time across all visualiza-
tion tasks. In particular, it measures the trend over the total time
required for solving each visualization task. As indicated by the
plot on the left, CaLico takes significantly less time than VISER
over all the benchmarks each tool can solve. The growth of VISER’s
curve is almost exponential, CALICO remains at a low level. This
shows the overall effectiveness of CALICO’s refinement type system
in terms of its pruning power.

In addition to the overall comparison, we further narrow down
our scope to exclude those long-tailed benchmarks on which both
tools spend significantly more time. On the right of Figure 8 shows
both trends in a more fine-grained way. We find CavIco is still
showing a near-linear time growth for most of the benchmarks.
Such an observation further confirms the improvement of CaLico
over VISER in terms of scalability.

Our analysis on the scalability of both tools shows that the
average time cost for CALICO to solve each visualization task is 1.56,
while the average time cost for VISER is 78.55s. That is, CALICO
is 50X faster than VISER on when it comes to visualization tasks
successfully solved by themselves respectively. For benchmarks
that can be solved by both tools, CALICO continues to outperform

VISER, with a 0.35s average time cost compared to VISER’s 80.41s,
resulting in a 228X speed-up.

Result for RQ2: CaLico is scalable in that it brings a significant
speed-up over the state-of-the-art tool VIsER for solving each
benchmark.

7.3 Ablation Study

Tool

® Calico
Calico-NR

Calico-NR -

Calico 1.56 (98% solved)

0 1 2
Averaged Time (s)

Figure 10: Performance comparison between CaLico and
its ablative version CaLico-NR on visualization tasks. Each
bar is tagged with the average time spent in solving and the
percentage of benchmarks solved.

Recall that in Section 3.2, we introduce domain-specific predi-
cates to prune the search space more effectively. To evaluate the
effectiveness of those predicates, we perform an ablation study to
compare CaLIcO against CALICO-NR, a Recall that a related operator
keeps track of a set of table operators used to compute the target
column or cell. The related operator predicate provides a relatively
precise specification mechanism, which helps with pruning during
synthesis.

To study the effectiveness and scalability of the related operator
predicate, we measure the total number of visualization tasks solved
and the average time needed to solve each of them.

Figure 10 shows the ablative results. As the full-fledged version
of CaLico can solve 39 benchmarks, we can see a 3% performance
drop in total number of solved benchmarks if the related operator
predicate is removed(CaLico-NR), and CaLico-NR requires 22%
more time on average.

Result for RQ3: The related operator predicate contributes
to the performance of Catico. It is effective and helpful to the
overall design of the system.

7.4 A Discussion on Usability

We carry out a simple user study to better understand the usability
of CaLicO’s refinement types. In particular, participants with a basic
background in data analytics are asked to write annotations for
given benchmarks in addition to existing input-output examples.
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We ask the participants to score the usability of the refinement type
system on a scale of 1 (very easy to use) to 5 (very difficult to use).
On average, the participants gave a score of 1.8, which indicates that
they find refinement types annotations helpful and straightforward
to provide in the majority of the cases, despite some additional
learning curve.

7.5 Threat to Validity

There are two major threats to the validity of our conclusions,
which we explain below.

Benchmark selection. Due to the expressiveness of the DSL, our
benchmarks may not represent the actual distribution of the ques-
tions on StackOverflow. While the evaluation on the current bench-
marks may not completely unveil the benefit of our approach and a
representative test suite may provide a more comprehensive view,
we believe our comparison and benchmarks are sufficient to show
the strength of our technique. In particular, our dataset includes
all difficult benchmarks from Visgr [28] and additional complex
benchmarks collected from StackOverflow.

Refinement-type annotations. Refinement types may impose an
additional learning curve on the users, which could affect the us-
ability of Cavico. Although there are cases where input-output ex-
amples are straightforward to provide, we do observe that there are
many cases where refinement types are more intuitive, especially
for cases involving complex arithmetic operations or relational
constraints. In our experience, the refinement-type specification of
all benchmarks can be easily translated from the problem descrip-
tion in English on StackOverflow, taking only a several minutes on
average.

8 Related Work

There has been growing interest in automating the process of visu-
alization generation via approaches from different research com-
munities. In what follows, we discuss prior work in this space that
is most closely related to our work.

8.1 Example-Driven Program Synthesis

There has been a long line of work that uses programming-by-
examples (PBE) techniques to automate tedious programming tasks
for various domains, e.g., string and regular expression manipula-
tion [3, 5, 11, 33], SQL query [32, 34], table and tensor transforma-
tion [4, 6, 7], and more recently visualization synthesisVISER [28,
29, 31]. However, programming-by-example typically requires the
user to encode her full intent using concrete examples, which may
be either arduous or outright impossible in the presence of complex
visualizations. In particular, tools like SQLSynthesizer [32] and Mor-
pheus [7] require full input-output examples in search of a solution,
and FlashFill [10] usually requires more than one pair of input-
output examples to resolve ambiguity. While VISER [28] accepts
partial or incomplete examples as specifications, in a real-world
use case scenario, it requires the user to pick the solution that best
matches her intent. Our work, CALICO, is based on example-driven
program synthesis, but differs from prior work in that it allows the
user to specify more details via refinement types while keeping
the examples partial, which provides the flexibility for a partial but
precise specification.
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8.2 Refinement Types

Refinement types [9, 21] are type systems first introduced to en-
hance basic types with logical predicates. Previous works have ap-
plied variants of refinement types for program verification and pro-
gram synthesis [8, 12, 13, 16, 17, 20, 26]. For example, SolType [26]
builds a refinement type system for reasoning about arithmetic
properties; SYNQUID builds upon bidirectional synthesis and liquid
types for synthesis of recursive functions that are provably correct.
Most recent work, Graphy [2] also combines refinement types with
natural languages to provide finer-grained specification for visu-
alization synthesis. Our work follows the line of work that builds
upon refinement types, but focuses on the domain of visualization
synthesis with a design of a scalable and effective type system.

8.3 Automated Visualization

Recent interest in automating visualization generation tasks has
been focusing on both visualization recommendation systems and
visualization exploration tools. Even though our work aligns more

with the former direction, where tools like Draco [15], CompassQL [30],

and ShowMe [14] prioritizes candidate visualizations according to
user specifications, allowing annotation of inputs in the form of re-
finement types also sets our work close to the direction of visualiza-
tion exploration, where tools like VisExamplar [22], Visualization-
by-Sketching [24] and Polaris [25] all provides richer ways for
encoding user inputs.

9 Conclusion

We propose a new approach to visualization synthesis based on
refinement types. Users can specify complex interactions or calcula-
tions among visual components using refinement types. The output
of our system include both data transformation and visualization
programs that are consistent with the specification. To ensure scal-
ability and usability, we introduce a new visualization synthesis
algorithm that uses lightweight bidirectional type checking to prune
the search space.

We have implemented the proposed approach in a new tool called
Catico and evaluated it on 40 visualization tasks collected from
online forums and tutorials. Our experiments show that CALico can
solve 98% of these benchmarks and, among those benchmarks that
can be solved, the desired program is among the top-1 candidate
synthesized by CaLico. Furthermore, CALICO averages 1.56 seconds
when solving each visualization task, which is 50 times faster than
VISER, a state-of-the-art synthesizer for data visualization.

Data Availability

An implementation of CaLico, along with the evaluation data and
scripts, is available as a Docker image®.
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