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38 Annotating and Indexing Sources

We will start with a definition of the Inverse Document Frequency
(IDF) shown in Example 2.1. IDF is used in a number of influential
sparse retrieval models including variants of TF-IDF (Term Frequency-
Inverse Document Frequency) and BM25 (Robertson and Walker, 1994;
Robertson and Zaragoza, 2009). Its utility comes from a simple but
profound insight: query terms appearing in fewer documents are rarer
and thus more specific, and so should be given higher weight when
ranking documents using matched query terms (Jones, 1972).

Example 2.1: Inverse Document Frequency (IDF)

Excerpt from Robertson (2004)
...Assume there are N documents in the collection, and that term ti

occurs in ni of them . . . the measure proposed by Sparck Jones, as a
weight to be applied to term ti, is essentially

idf(ti) = log N

ni

(1)

Variable and function definitions

For example, the term ‘BM25’ is predominantly found in sources on
information retrieval, while the term ‘weight’ is used for many topics
and in multiple senses, including the heaviness of an object and scaling
numeric values. When scoring documents against the query ‘BM25
weight’, matches for ‘BM25’ will have higher IDF scores than ‘weight,’
reflecting the narrower usage of ‘BM25.’

Despite its brevity, the excerpt in Example 2.1 contains a fair amount
of directly represented and implied information. Recovering some of
this information requires pattern matching and inference, i.e., applying
information known, found in the passage, or found in other sources. To
illustrate this, we annotated the definition at the bottom of Example
2.1. Underlining and highlighting are used to associate variables and
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function names with their definitions in the text. ‘them’ is placed in a
box with a thin outline to represent the anaphoric (backward) reference
from ‘them’ to ‘N documents.’ Knowing that ‘them’ refers to documents,
we can infer that ni is the number of documents containing term ti.

In this way, gathering information from a source involves a com-
bination of consulting the source to identify stated information, and
analyzing the source to reveal additional information from explicit and
implied linguistic patterns and relationships. Both activities are in-
formed by available knowledge, i.e., readily available and actionable
information that we have previously seen or inferred, or find by nav-
igating to other sources or querying for new sources (e.g., following
hyperlinks, or asking a person).

Example 2.2: Information extracted from definition in Example 2.1

Variables: placeholders for a set of values, similar to common nouns

• The text identifies N as the number of documents in a collection.
N is like a common noun, because the collection is not specified.

• The text defines ti as any term appearing ni times in a collection,
with shared identifier i, e.g., (t3, n3) could be (‘weight’, 11).

Functions & Operators: create new from given values, like verbs

• log: log function with unspecified base.
• idf(ti): aside from the unspecified log base, a concrete function

in Equation (1). The text says this gives a weight for term ti.
• Division ( ·

· ), application (idf(·), log ·), and equivalence (=)
appearing in Equation (1) that are not defined in the excerpt.

Additional context:

• The text indicates Spärck Jones introduced the idf formula in a
di!erent, unspecified form (Jones, 1972).

Following this process, we gathered the information shown in Exam-
ple 2.2. Note that the underlined missing details are deliberate omissions:

• By not specifying a collection, N is defined for any collection.
• ti and ni give any term and a count for documents containing it.
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2.2. Annotating Formulas: Representations and Canonicalization 47

Example 2.5: Text tokens, formula tokens, and visual formula structure

Sequence of text (black) and formula (blue) tokens

Chapter 7: Illustrating math + text inputs
Robertson Paper (IDF) Example

Assume there are  N  documents in  the collection, and that term  occurs in  ti ni

Symbol Layout Tree (SLT) for Equation (1)

idf

t i

=

log

divide

N

n i

sub

sub

idf ( )t

i

= log —

N

n

i

on the left side (e.g., n
2 C and 235

U), inside (e.g.,
→

x), and above/below
(e.g., N

Ni
).

In Example 2.1, one piece of missing information that we did not
annotate is the hierarchy of operations in the idf formula. While a reader
is unlikely to think about this consciously, interpreting the formula
essentially involves converting the SLT to an Operator Tree (OPT).
We saw previously that OPTs are (partial) semantic representation
giving an operation hierarchy. Example 2.6 illustrates this conversion
for the idf formula. In OPTs variables and other arguments appear at
the leaves, with operations above the leaves in internal nodes. While
SLTs are oriented left-right to reflect reading order, OPTs are oriented
vertically to reflect operation order. The order of operations is bottom-
up in the OPT with precedence decreasing away from the leaves, e.g.,
the ‘=’ used to represent a definition is applied last for our idf formula.

Operations appear directly above their arguments in an operator
tree. If arguments have di!erent roles (e.g., N and ni in N

ni
) this is

captured by their left-right order below the operator. When argument
order is unimportant, arguments are normally arranged in reading

Symbol Layout Tree (SLT)
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Example 2.5: Text tokens, formula tokens, and visual formula structure
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is unlikely to think about this consciously, interpreting the formula
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giving an operation hierarchy. Example 2.6 illustrates this conversion
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the leaves, with operations above the leaves in internal nodes. While
SLTs are oriented left-right to reflect reading order, OPTs are oriented
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up in the OPT with precedence decreasing away from the leaves, e.g.,
the ‘=’ used to represent a definition is applied last for our idf formula.

Operations appear directly above their arguments in an operator
tree. If arguments have di!erent roles (e.g., N and ni in N

ni
) this is

captured by their left-right order below the operator. When argument
order is unimportant, arguments are normally arranged in reading



Formulas in Text (Symbol Layout Trees)
Sequence of Tokens and Symbol Layout Trees

Symbol Layout Trees 
  Represent formula appearance

Representation 
  Symbols on writing lines;  
  Writing lines can be nested at   
     symbols (e.g., subscript)

6

2.2. Annotating Formulas: Representations and Canonicalization 47

Example 2.5: Text tokens, formula tokens, and visual formula structure

Sequence of text (black) and formula (blue) tokens

Chapter 7: Illustrating math + text inputs
Robertson Paper (IDF) Example

Assume there are  N  documents in  the collection, and that term  occurs in  ti ni

Symbol Layout Tree (SLT) for Equation (1)

idf

t i

=

log

divide

N

n i

sub

sub

idf ( )t

i

= log —

N

n

i

on the left side (e.g., n
2 C and 235

U), inside (e.g.,
→

x), and above/below
(e.g., N

Ni
).

In Example 2.1, one piece of missing information that we did not
annotate is the hierarchy of operations in the idf formula. While a reader
is unlikely to think about this consciously, interpreting the formula
essentially involves converting the SLT to an Operator Tree (OPT).
We saw previously that OPTs are (partial) semantic representation
giving an operation hierarchy. Example 2.6 illustrates this conversion
for the idf formula. In OPTs variables and other arguments appear at
the leaves, with operations above the leaves in internal nodes. While
SLTs are oriented left-right to reflect reading order, OPTs are oriented
vertically to reflect operation order. The order of operations is bottom-
up in the OPT with precedence decreasing away from the leaves, e.g.,
the ‘=’ used to represent a definition is applied last for our idf formula.

Operations appear directly above their arguments in an operator
tree. If arguments have di!erent roles (e.g., N and ni in N

ni
) this is

captured by their left-right order below the operator. When argument
order is unimportant, arguments are normally arranged in reading



Formulas in Text (Symbol Layout Trees)
Sequence of Tokens and Symbol Layout Trees

Symbol Layout Trees 
  Represent formula appearance

Representation 
  Symbols on writing lines;  
  Writing lines can be nested at   
     symbols (e.g., subscript)

6

2.2. Annotating Formulas: Representations and Canonicalization 47

Example 2.5: Text tokens, formula tokens, and visual formula structure

Sequence of text (black) and formula (blue) tokens

Chapter 7: Illustrating math + text inputs
Robertson Paper (IDF) Example

Assume there are  N  documents in  the collection, and that term  occurs in  ti ni

Symbol Layout Tree (SLT) for Equation (1)

idf

t i

=

log

divide

N

n i

sub

sub

idf ( )t

i

= log —

N

n

i

on the left side (e.g., n
2 C and 235

U), inside (e.g.,
→

x), and above/below
(e.g., N

Ni
).

In Example 2.1, one piece of missing information that we did not
annotate is the hierarchy of operations in the idf formula. While a reader
is unlikely to think about this consciously, interpreting the formula
essentially involves converting the SLT to an Operator Tree (OPT).
We saw previously that OPTs are (partial) semantic representation
giving an operation hierarchy. Example 2.6 illustrates this conversion
for the idf formula. In OPTs variables and other arguments appear at
the leaves, with operations above the leaves in internal nodes. While
SLTs are oriented left-right to reflect reading order, OPTs are oriented
vertically to reflect operation order. The order of operations is bottom-
up in the OPT with precedence decreasing away from the leaves, e.g.,
the ‘=’ used to represent a definition is applied last for our idf formula.

Operations appear directly above their arguments in an operator
tree. If arguments have di!erent roles (e.g., N and ni in N

ni
) this is

captured by their left-right order below the operator. When argument
order is unimportant, arguments are normally arranged in reading

50 Annotating and Indexing Sources

Example 2.7: idf formula in LATEX and Python code

LATEX: Symbol Layout Tree representation

idf(t_i) = \log \frac{ N }{ n_i }

Python: Two Operator Tree representations

import math
t_all = [ "inverse", "document", "frequency" ]
n_all = [ 2, 100, 20 ]
D = 100
def idf(i, t, n, N):

idf_weight = math.log( N / n[i] )
return( t[i], idf_weight )

# Prefix form: ops before args to match OPT RHS
def divide(a, b): return a / b
def sub(a, b): return a[b]
def idf_prefix(i, t, n, N):

idf_weight = math.log( divide( N, sub(n, i)) )
return( sub(t, i), idf_weight )

for i in range(len(t_all)):
print(i, idf(i, t_all, n_all, D))

OUTPUT: 0 (’inverse’, 3.912023005428146)
1 (’document’, 0.0)
2 (’frequency’, 1.6094379124341003)

is valid, as the term appears in all documents, and so doesn’t provide
any distinguishing information. "frequency" appears in 20/100 of the
documents, and has an idf less than half the value for "inverse", which
appears in only 2/100 documents. Note that without the log scaling,
"inverse" would have ten times the idf score of "frequency".

MathML: Presentation (SLT) and Content (OPT). For MathIR
systems and evaluation benchmarks, MathML is a file format commonly
used to represent SLTs and OPTs.6 In MathML, OPTs are normally

6https://www.w3.org/Math.
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Example 2.6: Translating a Symbol Layout Tree to an Operator Tree
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Symbol Layout Tree (SLT) Operator Tree (OPT)

Grey nodes in the SLT indicate parentheses removed in the OPT, where
they are redundant. SLT subscript edges and fraction line are replaced
by sub and divide nodes in the OPT.

order (e.g., per the SLT). In our OPT directed edges indicate ordered
arguments, and undirected edges indicate unordered arguments for ‘=.’

There are some subtleties with mapping formula appearance in an
SLT to the operations in an OPT. For example, we use a sub operator
to represent subscripted variable names. If we assume the intended
semantic, these could be replaced by exponent nodes. However, this
is not true in general, and so we map to a sub operator instead (e.g.,
X

2 may be a Cartesian set product). Also, some operations without
symbols in SLTs are explicit in OPTs, e.g., xy represents the operation
x → y.

In general, we work with fixed operation sets and SLT mappings
when producing OPTs automatically using tools. In some cases this leads
to ambiguities or incorrect mappings. This is unfortunately unavoidable,
because the meanings of symbols are community and context-dependent,
and symbols are frequently redefined by authors for their own purposes.
Despite these challenges with conversion, we should note that some
state-of-the-art formula search engines use OPTs rather than SLTs for
search, because SLTs do not fully capture the operation hierarchy.

There has been recent progress in this space. For example, In one ap-
proach to translating SLT representations as shown earlier for Wikipedia
(Greiner-Petter et al., 2023), noun phrases associated with SLTs are

Operator Tree

38 Annotating and Indexing Sources

We will start with a definition of the Inverse Document Frequency
(IDF) shown in Example 2.1. IDF is used in a number of influential
sparse retrieval models including variants of TF-IDF (Term Frequency-
Inverse Document Frequency) and BM25 (Robertson and Walker, 1994;
Robertson and Zaragoza, 2009). Its utility comes from a simple but
profound insight: query terms appearing in fewer documents are rarer
and thus more specific, and so should be given higher weight when
ranking documents using matched query terms (Jones, 1972).

Example 2.1: Inverse Document Frequency (IDF)

Excerpt from Robertson (2004)
...Assume there are N documents in the collection, and that term ti

occurs in ni of them . . . the measure proposed by Sparck Jones, as a
weight to be applied to term ti, is essentially

idf(ti) = log N

ni

(1)

Variable and function definitions

For example, the term ‘BM25’ is predominantly found in sources on
information retrieval, while the term ‘weight’ is used for many topics
and in multiple senses, including the heaviness of an object and scaling
numeric values. When scoring documents against the query ‘BM25
weight’, matches for ‘BM25’ will have higher IDF scores than ‘weight,’
reflecting the narrower usage of ‘BM25.’

Despite its brevity, the excerpt in Example 2.1 contains a fair amount
of directly represented and implied information. Recovering some of
this information requires pattern matching and inference, i.e., applying
information known, found in the passage, or found in other sources. To
illustrate this, we annotated the definition at the bottom of Example
2.1. Underlining and highlighting are used to associate variables and
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defined without the additional context needed to compute values that
we saw for the Python in Example 2.7.7 SLTs are given in Presentation
MathML, and OPTs in Content MathML. Presentation and MathML
generated from the LATEX for our idf formula are seen in Example 2.8.

Example 2.8: MathML generated from LATEX using LATEXML

idf is undefined in LATEXMLa and so i, d, and f are treated as variables.

idf ( )t

i

= log —

N

n

i

times

t i

=

log

divide

N

n i

sub

sub

i d f

<math xmlns=“http://.../MathML”> 
  <mi>i</mi> 
  <mi>d</mi> 
  <mi>f</mi> 
  <mo stretchy="false">(</mo> 
  <msub> 
    <mi>t</mi> 
    <mi>i</mi> 
  </msub> 
  <mo stretchy="false">)</mo> 
  <mo>=</mo> 
  <mi>log</mi> 
  <mo>&#x2061;</mo> 
  <mfrac> 
    <mi>N</mi> 
    <msub> 
      <mi>n</mi> 
      <mi>i</mi> 
    </msub> 
  </mfrac> 
</math> 

<math xmlns=“http://.../MathML”> 
<apply> 
  <eq/> 
  <apply> 
   <times/> 
   <ci>i</ci> 
   <ci>d</ci> 
   <ci>f</ci> 
   <msub> 
     <ci>t</ci> 
     <ci>i</ci> 
   </msub> 
  </apply> 
  <apply> 
    <log/> 
   <apply> 
     <divide/> 
     <ci>N</ci> 
     <msub> 
       <ci>n</ci> 
      <ci>i</ci> 
     </msub> 
    </apply> 
  </apply> 
</apply> 
</math>

Presentation MathML (SLT) Content MathML (OPT)

ahttps://math.nist.gov/~BMiller/LaTeXML

7Some tools such as Maple and Mathematica provide MathML annotations and
values needed to compute values from Content MathML.

2.2. Annotating Formulas: Representations and Canonicalization 51

defined without the additional context needed to compute values that
we saw for the Python in Example 2.7.7 SLTs are given in Presentation
MathML, and OPTs in Content MathML. Presentation and MathML
generated from the LATEX for our idf formula are seen in Example 2.8.

Example 2.8: MathML generated from LATEX using LATEXML

idf is undefined in LATEXMLa and so i, d, and f are treated as variables.

idf ( )t

i

= log —

N

n

i

times

t i

=

log

divide

N

n i

sub

sub

i d f

<math xmlns=“http://.../MathML”> 
  <mi>i</mi> 
  <mi>d</mi> 
  <mi>f</mi> 
  <mo stretchy="false">(</mo> 
  <msub> 
    <mi>t</mi> 
    <mi>i</mi> 
  </msub> 
  <mo stretchy="false">)</mo> 
  <mo>=</mo> 
  <mi>log</mi> 
  <mo>&#x2061;</mo> 
  <mfrac> 
    <mi>N</mi> 
    <msub> 
      <mi>n</mi> 
      <mi>i</mi> 
    </msub> 
  </mfrac> 
</math> 

<math xmlns=“http://.../MathML”> 
<apply> 
  <eq/> 
  <apply> 
   <times/> 
   <ci>i</ci> 
   <ci>d</ci> 
   <ci>f</ci> 
   <msub> 
     <ci>t</ci> 
     <ci>i</ci> 
   </msub> 
  </apply> 
  <apply> 
    <log/> 
   <apply> 
     <divide/> 
     <ci>N</ci> 
     <msub> 
       <ci>n</ci> 
      <ci>i</ci> 
     </msub> 
    </apply> 
  </apply> 
</apply> 
</math>

Presentation MathML (SLT) Content MathML (OPT)

ahttps://math.nist.gov/~BMiller/LaTeXML

7Some tools such as Maple and Mathematica provide MathML annotations and
values needed to compute values from Content MathML.

LaTeXML SLT → OPT Translation



9

2.2. Annotating Formulas: Representations and Canonicalization 51

defined without the additional context needed to compute values that
we saw for the Python in Example 2.7.7 SLTs are given in Presentation
MathML, and OPTs in Content MathML. Presentation and MathML
generated from the LATEX for our idf formula are seen in Example 2.8.

Example 2.8: MathML generated from LATEX using LATEXML

idf is undefined in LATEXMLa and so i, d, and f are treated as variables.

idf ( )t

i

= log —

N

n

i

times

t i

=

log

divide

N

n i

sub

sub

i d f

<math xmlns=“http://.../MathML”> 
  <mi>i</mi> 
  <mi>d</mi> 
  <mi>f</mi> 
  <mo stretchy="false">(</mo> 
  <msub> 
    <mi>t</mi> 
    <mi>i</mi> 
  </msub> 
  <mo stretchy="false">)</mo> 
  <mo>=</mo> 
  <mi>log</mi> 
  <mo>&#x2061;</mo> 
  <mfrac> 
    <mi>N</mi> 
    <msub> 
      <mi>n</mi> 
      <mi>i</mi> 
    </msub> 
  </mfrac> 
</math> 

<math xmlns=“http://.../MathML”> 
<apply> 
  <eq/> 
  <apply> 
   <times/> 
   <ci>i</ci> 
   <ci>d</ci> 
   <ci>f</ci> 
   <msub> 
     <ci>t</ci> 
     <ci>i</ci> 
   </msub> 
  </apply> 
  <apply> 
    <log/> 
   <apply> 
     <divide/> 
     <ci>N</ci> 
     <msub> 
       <ci>n</ci> 
      <ci>i</ci> 
     </msub> 
    </apply> 
  </apply> 
</apply> 
</math>

Presentation MathML (SLT) Content MathML (OPT)

ahttps://math.nist.gov/~BMiller/LaTeXML

7Some tools such as Maple and Mathematica provide MathML annotations and
values needed to compute values from Content MathML.

2.2. Annotating Formulas: Representations and Canonicalization 51

defined without the additional context needed to compute values that
we saw for the Python in Example 2.7.7 SLTs are given in Presentation
MathML, and OPTs in Content MathML. Presentation and MathML
generated from the LATEX for our idf formula are seen in Example 2.8.

Example 2.8: MathML generated from LATEX using LATEXML

idf is undefined in LATEXMLa and so i, d, and f are treated as variables.

idf ( )t

i

= log —

N

n

i

times

t i

=

log

divide

N

n i

sub

sub

i d f

<math xmlns=“http://.../MathML”> 
  <mi>i</mi> 
  <mi>d</mi> 
  <mi>f</mi> 
  <mo stretchy="false">(</mo> 
  <msub> 
    <mi>t</mi> 
    <mi>i</mi> 
  </msub> 
  <mo stretchy="false">)</mo> 
  <mo>=</mo> 
  <mi>log</mi> 
  <mo>&#x2061;</mo> 
  <mfrac> 
    <mi>N</mi> 
    <msub> 
      <mi>n</mi> 
      <mi>i</mi> 
    </msub> 
  </mfrac> 
</math> 

<math xmlns=“http://.../MathML”> 
<apply> 
  <eq/> 
  <apply> 
   <times/> 
   <ci>i</ci> 
   <ci>d</ci> 
   <ci>f</ci> 
   <msub> 
     <ci>t</ci> 
     <ci>i</ci> 
   </msub> 
  </apply> 
  <apply> 
    <log/> 
   <apply> 
     <divide/> 
     <ci>N</ci> 
     <msub> 
       <ci>n</ci> 
      <ci>i</ci> 
     </msub> 
    </apply> 
  </apply> 
</apply> 
</math>

Presentation MathML (SLT) Content MathML (OPT)

ahttps://math.nist.gov/~BMiller/LaTeXML

7Some tools such as Maple and Mathematica provide MathML annotations and
values needed to compute values from Content MathML.

LaTeXML SLT → OPT Translation



9

2.2. Annotating Formulas: Representations and Canonicalization 51

defined without the additional context needed to compute values that
we saw for the Python in Example 2.7.7 SLTs are given in Presentation
MathML, and OPTs in Content MathML. Presentation and MathML
generated from the LATEX for our idf formula are seen in Example 2.8.

Example 2.8: MathML generated from LATEX using LATEXML

idf is undefined in LATEXMLa and so i, d, and f are treated as variables.

idf ( )t

i

= log —

N

n

i

times

t i

=

log

divide

N

n i

sub

sub

i d f

<math xmlns=“http://.../MathML”> 
  <mi>i</mi> 
  <mi>d</mi> 
  <mi>f</mi> 
  <mo stretchy="false">(</mo> 
  <msub> 
    <mi>t</mi> 
    <mi>i</mi> 
  </msub> 
  <mo stretchy="false">)</mo> 
  <mo>=</mo> 
  <mi>log</mi> 
  <mo>&#x2061;</mo> 
  <mfrac> 
    <mi>N</mi> 
    <msub> 
      <mi>n</mi> 
      <mi>i</mi> 
    </msub> 
  </mfrac> 
</math> 

<math xmlns=“http://.../MathML”> 
<apply> 
  <eq/> 
  <apply> 
   <times/> 
   <ci>i</ci> 
   <ci>d</ci> 
   <ci>f</ci> 
   <msub> 
     <ci>t</ci> 
     <ci>i</ci> 
   </msub> 
  </apply> 
  <apply> 
    <log/> 
   <apply> 
     <divide/> 
     <ci>N</ci> 
     <msub> 
       <ci>n</ci> 
      <ci>i</ci> 
     </msub> 
    </apply> 
  </apply> 
</apply> 
</math>

Presentation MathML (SLT) Content MathML (OPT)

ahttps://math.nist.gov/~BMiller/LaTeXML

7Some tools such as Maple and Mathematica provide MathML annotations and
values needed to compute values from Content MathML.

2.2. Annotating Formulas: Representations and Canonicalization 51

defined without the additional context needed to compute values that
we saw for the Python in Example 2.7.7 SLTs are given in Presentation
MathML, and OPTs in Content MathML. Presentation and MathML
generated from the LATEX for our idf formula are seen in Example 2.8.

Example 2.8: MathML generated from LATEX using LATEXML

idf is undefined in LATEXMLa and so i, d, and f are treated as variables.

idf ( )t

i

= log —

N

n

i

times

t i

=

log

divide

N

n i

sub

sub

i d f

<math xmlns=“http://.../MathML”> 
  <mi>i</mi> 
  <mi>d</mi> 
  <mi>f</mi> 
  <mo stretchy="false">(</mo> 
  <msub> 
    <mi>t</mi> 
    <mi>i</mi> 
  </msub> 
  <mo stretchy="false">)</mo> 
  <mo>=</mo> 
  <mi>log</mi> 
  <mo>&#x2061;</mo> 
  <mfrac> 
    <mi>N</mi> 
    <msub> 
      <mi>n</mi> 
      <mi>i</mi> 
    </msub> 
  </mfrac> 
</math> 

<math xmlns=“http://.../MathML”> 
<apply> 
  <eq/> 
  <apply> 
   <times/> 
   <ci>i</ci> 
   <ci>d</ci> 
   <ci>f</ci> 
   <msub> 
     <ci>t</ci> 
     <ci>i</ci> 
   </msub> 
  </apply> 
  <apply> 
    <log/> 
   <apply> 
     <divide/> 
     <ci>N</ci> 
     <msub> 
       <ci>n</ci> 
      <ci>i</ci> 
     </msub> 
    </apply> 
  </apply> 
</apply> 
</math>

Presentation MathML (SLT) Content MathML (OPT)

ahttps://math.nist.gov/~BMiller/LaTeXML

7Some tools such as Maple and Mathematica provide MathML annotations and
values needed to compute values from Content MathML.

LaTeXML SLT → OPT Translation



9

2.2. Annotating Formulas: Representations and Canonicalization 51

defined without the additional context needed to compute values that
we saw for the Python in Example 2.7.7 SLTs are given in Presentation
MathML, and OPTs in Content MathML. Presentation and MathML
generated from the LATEX for our idf formula are seen in Example 2.8.

Example 2.8: MathML generated from LATEX using LATEXML

idf is undefined in LATEXMLa and so i, d, and f are treated as variables.

idf ( )t

i

= log —

N

n

i

times

t i

=

log

divide

N

n i

sub

sub

i d f

<math xmlns=“http://.../MathML”> 
  <mi>i</mi> 
  <mi>d</mi> 
  <mi>f</mi> 
  <mo stretchy="false">(</mo> 
  <msub> 
    <mi>t</mi> 
    <mi>i</mi> 
  </msub> 
  <mo stretchy="false">)</mo> 
  <mo>=</mo> 
  <mi>log</mi> 
  <mo>&#x2061;</mo> 
  <mfrac> 
    <mi>N</mi> 
    <msub> 
      <mi>n</mi> 
      <mi>i</mi> 
    </msub> 
  </mfrac> 
</math> 

<math xmlns=“http://.../MathML”> 
<apply> 
  <eq/> 
  <apply> 
   <times/> 
   <ci>i</ci> 
   <ci>d</ci> 
   <ci>f</ci> 
   <msub> 
     <ci>t</ci> 
     <ci>i</ci> 
   </msub> 
  </apply> 
  <apply> 
    <log/> 
   <apply> 
     <divide/> 
     <ci>N</ci> 
     <msub> 
       <ci>n</ci> 
      <ci>i</ci> 
     </msub> 
    </apply> 
  </apply> 
</apply> 
</math>

Presentation MathML (SLT) Content MathML (OPT)

ahttps://math.nist.gov/~BMiller/LaTeXML

7Some tools such as Maple and Mathematica provide MathML annotations and
values needed to compute values from Content MathML.

2.2. Annotating Formulas: Representations and Canonicalization 51

defined without the additional context needed to compute values that
we saw for the Python in Example 2.7.7 SLTs are given in Presentation
MathML, and OPTs in Content MathML. Presentation and MathML
generated from the LATEX for our idf formula are seen in Example 2.8.

Example 2.8: MathML generated from LATEX using LATEXML

idf is undefined in LATEXMLa and so i, d, and f are treated as variables.

idf ( )t

i

= log —

N

n

i

times

t i

=

log

divide

N

n i

sub

sub

i d f

<math xmlns=“http://.../MathML”> 
  <mi>i</mi> 
  <mi>d</mi> 
  <mi>f</mi> 
  <mo stretchy="false">(</mo> 
  <msub> 
    <mi>t</mi> 
    <mi>i</mi> 
  </msub> 
  <mo stretchy="false">)</mo> 
  <mo>=</mo> 
  <mi>log</mi> 
  <mo>&#x2061;</mo> 
  <mfrac> 
    <mi>N</mi> 
    <msub> 
      <mi>n</mi> 
      <mi>i</mi> 
    </msub> 
  </mfrac> 
</math> 

<math xmlns=“http://.../MathML”> 
<apply> 
  <eq/> 
  <apply> 
   <times/> 
   <ci>i</ci> 
   <ci>d</ci> 
   <ci>f</ci> 
   <msub> 
     <ci>t</ci> 
     <ci>i</ci> 
   </msub> 
  </apply> 
  <apply> 
    <log/> 
   <apply> 
     <divide/> 
     <ci>N</ci> 
     <msub> 
       <ci>n</ci> 
      <ci>i</ci> 
     </msub> 
    </apply> 
  </apply> 
</apply> 
</math>

Presentation MathML (SLT) Content MathML (OPT)

ahttps://math.nist.gov/~BMiller/LaTeXML

7Some tools such as Maple and Mathematica provide MathML annotations and
values needed to compute values from Content MathML.

LaTeXML SLT → OPT Translation



Formula Semantics from OPT + Interpretation Context
e.g., in Python

10

50 Annotating and Indexing Sources

Example 2.7: idf formula in LATEX and Python code

LATEX: Symbol Layout Tree representation

idf(t_i) = \log \frac{ N }{ n_i }

Python: Two Operator Tree representations

import math
t_all = [ "inverse", "document", "frequency" ]
n_all = [ 2, 100, 20 ]
D = 100
def idf(i, t, n, N):

idf_weight = math.log( N / n[i] )
return( t[i], idf_weight )

# Prefix form: ops before args to match OPT RHS
def divide(a, b): return a / b
def sub(a, b): return a[b]
def idf_prefix(i, t, n, N):

idf_weight = math.log( divide( N, sub(n, i)) )
return( sub(t, i), idf_weight )

for i in range(len(t_all)):
print(i, idf(i, t_all, n_all, D))

OUTPUT: 0 (’inverse’, 3.912023005428146)
1 (’document’, 0.0)
2 (’frequency’, 1.6094379124341003)

is valid, as the term appears in all documents, and so doesn’t provide
any distinguishing information. "frequency" appears in 20/100 of the
documents, and has an idf less than half the value for "inverse", which
appears in only 2/100 documents. Note that without the log scaling,
"inverse" would have ten times the idf score of "frequency".

MathML: Presentation (SLT) and Content (OPT). For MathIR
systems and evaluation benchmarks, MathML is a file format commonly
used to represent SLTs and OPTs.6 In MathML, OPTs are normally

6https://www.w3.org/Math.
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Example 2.6: Translating a Symbol Layout Tree to an Operator Tree
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Symbol Layout Tree (SLT) Operator Tree (OPT)

Grey nodes in the SLT indicate parentheses removed in the OPT, where
they are redundant. SLT subscript edges and fraction line are replaced
by sub and divide nodes in the OPT.

order (e.g., per the SLT). In our OPT directed edges indicate ordered
arguments, and undirected edges indicate unordered arguments for ‘=.’

There are some subtleties with mapping formula appearance in an
SLT to the operations in an OPT. For example, we use a sub operator
to represent subscripted variable names. If we assume the intended
semantic, these could be replaced by exponent nodes. However, this
is not true in general, and so we map to a sub operator instead (e.g.,
X

2 may be a Cartesian set product). Also, some operations without
symbols in SLTs are explicit in OPTs, e.g., xy represents the operation
x → y.

In general, we work with fixed operation sets and SLT mappings
when producing OPTs automatically using tools. In some cases this leads
to ambiguities or incorrect mappings. This is unfortunately unavoidable,
because the meanings of symbols are community and context-dependent,
and symbols are frequently redefined by authors for their own purposes.
Despite these challenges with conversion, we should note that some
state-of-the-art formula search engines use OPTs rather than SLTs for
search, because SLTs do not fully capture the operation hierarchy.

There has been recent progress in this space. For example, In one ap-
proach to translating SLT representations as shown earlier for Wikipedia
(Greiner-Petter et al., 2023), noun phrases associated with SLTs are
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We will start with a definition of the Inverse Document Frequency
(IDF) shown in Example 2.1. IDF is used in a number of influential
sparse retrieval models including variants of TF-IDF (Term Frequency-
Inverse Document Frequency) and BM25 (Robertson and Walker, 1994;
Robertson and Zaragoza, 2009). Its utility comes from a simple but
profound insight: query terms appearing in fewer documents are rarer
and thus more specific, and so should be given higher weight when
ranking documents using matched query terms (Jones, 1972).

Example 2.1: Inverse Document Frequency (IDF)

Excerpt from Robertson (2004)
...Assume there are N documents in the collection, and that term ti

occurs in ni of them . . . the measure proposed by Sparck Jones, as a
weight to be applied to term ti, is essentially

idf(ti) = log N

ni

(1)

Variable and function definitions

For example, the term ‘BM25’ is predominantly found in sources on
information retrieval, while the term ‘weight’ is used for many topics
and in multiple senses, including the heaviness of an object and scaling
numeric values. When scoring documents against the query ‘BM25
weight’, matches for ‘BM25’ will have higher IDF scores than ‘weight,’
reflecting the narrower usage of ‘BM25.’

Despite its brevity, the excerpt in Example 2.1 contains a fair amount
of directly represented and implied information. Recovering some of
this information requires pattern matching and inference, i.e., applying
information known, found in the passage, or found in other sources. To
illustrate this, we annotated the definition at the bottom of Example
2.1. Underlining and highlighting are used to associate variables and
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documents, and has an idf less than half the value for "inverse", which
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x → y.

In general, we work with fixed operation sets and SLT mappings
when producing OPTs automatically using tools. In some cases this leads
to ambiguities or incorrect mappings. This is unfortunately unavoidable,
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Despite these challenges with conversion, we should note that some
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(Greiner-Petter et al., 2023), noun phrases associated with SLTs are
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We will start with a definition of the Inverse Document Frequency
(IDF) shown in Example 2.1. IDF is used in a number of influential
sparse retrieval models including variants of TF-IDF (Term Frequency-
Inverse Document Frequency) and BM25 (Robertson and Walker, 1994;
Robertson and Zaragoza, 2009). Its utility comes from a simple but
profound insight: query terms appearing in fewer documents are rarer
and thus more specific, and so should be given higher weight when
ranking documents using matched query terms (Jones, 1972).

Example 2.1: Inverse Document Frequency (IDF)

Excerpt from Robertson (2004)
...Assume there are N documents in the collection, and that term ti

occurs in ni of them . . . the measure proposed by Sparck Jones, as a
weight to be applied to term ti, is essentially

idf(ti) = log N

ni

(1)

Variable and function definitions

For example, the term ‘BM25’ is predominantly found in sources on
information retrieval, while the term ‘weight’ is used for many topics
and in multiple senses, including the heaviness of an object and scaling
numeric values. When scoring documents against the query ‘BM25
weight’, matches for ‘BM25’ will have higher IDF scores than ‘weight,’
reflecting the narrower usage of ‘BM25.’

Despite its brevity, the excerpt in Example 2.1 contains a fair amount
of directly represented and implied information. Recovering some of
this information requires pattern matching and inference, i.e., applying
information known, found in the passage, or found in other sources. To
illustrate this, we annotated the definition at the bottom of Example
2.1. Underlining and highlighting are used to associate variables and
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and in multiple senses, including the heaviness of an object and scaling
numeric values. When scoring documents against the query ‘BM25
weight’, matches for ‘BM25’ will have higher IDF scores than ‘weight,’
reflecting the narrower usage of ‘BM25.’

Despite its brevity, the excerpt in Example 2.1 contains a fair amount
of directly represented and implied information. Recovering some of
this information requires pattern matching and inference, i.e., applying
information known, found in the passage, or found in other sources. To
illustrate this, we annotated the definition at the bottom of Example
2.1. Underlining and highlighting are used to associate variables and
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Example 3.2: Math-Aware Search and Question Answering Tasks

Math-aware search (ad-hoc retrieval)
Query Result
I have the sum

n∑

k=0

(n

k

)
k

know the result is n
2 → 1 but I don’t

know how you get there. How does
one even begin to simplify a sum like
this that has binomial coe!cients.

1 . . . which can be obtained by manip-
ulating the second derivative of

n∑

k=0

(n

k

)
z

k

and let z = p/(1 → p) . . .

2 Yes, it is in fact possible to sum this.
The answer is

n∑

k=0

(n

k

)(m

k

)
=

(m + n

n

)

assuming that n ↑ m. This comes
from the fact that . . .

Math Question Answering (Mansouri et al., 2022a)

Query Result

What does it mean for a matrix
to be Hermitian?

A matrix is Hermitian if it is equal to its trans-
pose conjugate.

Math word problems

Result
Query Equation Answer

Sarah has 5 pens, David has 3 pens. How many
pens do they have?

x = 5 + 3 8

Find two consecutive integers whose sum is 7. x + (x + 1) = 7 3, 4

From MathQA (Amini et al., 2019) & Dolphin18K (Huang et al., 2016)

The final topics sets ideally provide a representative sample for the
task being evaluated, while including some diversity in topics so that
di!erent system capabilities are tested. Diversity is sometimes addressed
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Example 3.1: Formula Search Tasks

Formula similarity search

Result
Query 1 2 3 4 5

y = a+bx

b→x
y = a+bx

c+x
y = a + bx y = a→bx

c→x
y = a+bx

x+c
g(x) = x

x→a

Formula similarity with wildcards (?w) (Aizawa et al., 2013)

Query Result

?f(?v + ?d) → ?f(?v)
?d 1 g

↑(cx) = lim
h↓0

g(cx + h) → g(cx)
h

... ...

Contextualized formula search
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k
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k=0

(n

k

)
z

k

and let z = p/(1 → p) . . .

2 Yes, it is in fact possible to sum this.
The answer is

n∑

k=0

(n

k

)(m

k

)
=

(m + n

n

)

assuming that n ↔ m. This comes
from the fact that . . .

in the other it is defined as a set, whereas using symbolic search over
SLTs, both formulas have the same representation.5

5For OPTs, the nodes for the variable and squaring operation may or may not
di!er, depending upon how the collection is created (see previous section).
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Math Question Answering (Mansouri et al., 2022a)

Query Result

What does it mean for a matrix
to be Hermitian?

A matrix is Hermitian if it is equal to its trans-
pose conjugate.

Math word problems

Result
Query Equation Answer

Sarah has 5 pens, David has 3 pens. How many
pens do they have?

x = 5 + 3 8

Find two consecutive integers whose sum is 7. x + (x + 1) = 7 3, 4

From MathQA (Amini et al., 2019) & Dolphin18K (Huang et al., 2016)

The final topics sets ideally provide a representative sample for the
task being evaluated, while including some diversity in topics so that
di!erent system capabilities are tested. Diversity is sometimes addressed
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94 Formula Search

Embedding: Text, tree, or visual-spatial representations for formulas
and/or subexpressions are embedded in vector spaces. Nearest-
neighbor search using vector similarity identifies candidates.

Other: Use images or other representations not described above.

Example 4.1 compares the formulas y = x
2 and y = x in di!erent

representations. At top-left we see a text based representation, where
we have two lists of tokens produced by linearizing SLTs represented in
LATEX. At the top-right we have operator and symbol layout trees at
left and right respectively. Finally, at the bottom we see the formulas
represented as vectors (points) in a 3d embedding space. Such a repre-
sentation can be created from text, tree, or other representation. The
specific positions of vectors depend upon training data and the training
tasks, learning algorithms, and loss functions used for embedding.

Example 4.1: Formula comparison in di!erent representations.

y, =, x, ^, 2 y, =, x

=

y ^

x 2

=

y x

LaTeX Tokens

=y x
2

=y x

Operator Tree Symbol Layout Tree

Text-based Tree-based

x
y=x2

y=x

Embedding-based

Table 4.2 shows the first formula returned by models using di!erent
formula representations. Each model has a ‘reasonable’ first hit. While
it is helpful for identical or near-identical formulas to be highly ranked,
matching identical/nearly-identical formulas is easy for reasonably ex-
pressive representations and indexing patterns.
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Our choice of 
representation(s) limit the 
types of information, 
and patterns within 
information types that can 
be searched effectively
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Example 2.11: SLT and OPT paths for the idf formula

Symbol Layout Tree Paths (directed)

idf (
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)t
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idf ( t ( t
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( )t )t =
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=

sub

i

sub

idf

i

sub

idf

i

=

sub

idf

t i

=

sub

group OPTs or SLTs with shared structure using a hierarchy of symbol
and operation replacements and enumerated variables (Kohlhase and
Sucan, 2006; Schellenberg et al., 2012). Substitution trees represent
the complete set of possible operation sequences that produce concrete
formulas in a collection at their leaves. Retrieval finds the most similar
formulas in the substitution tree through transformations of the query.

Vector embeddings for dense retrieval. For dense retrieval patterns
used for search are transformed into embedding vectors, and retrieval
involves finding some k most similar items based on the geometry of
the embedding space (e.g., using the cosine of the angles between the
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group OPTs or SLTs with shared structure using a hierarchy of symbol
and operation replacements and enumerated variables (Kohlhase and
Sucan, 2006; Schellenberg et al., 2012). Substitution trees represent
the complete set of possible operation sequences that produce concrete
formulas in a collection at their leaves. Retrieval finds the most similar
formulas in the substitution tree through transformations of the query.

Vector embeddings for dense retrieval. For dense retrieval patterns
used for search are transformed into embedding vectors, and retrieval
involves finding some k most similar items based on the geometry of
the embedding space (e.g., using the cosine of the angles between the

*Also used to create inputs to many 
embedding-based retrieval models
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Example 2.10: OPT Variable Enumeration and Symbol Types

idf

=

log

dividesub

sub

4

1 2

2

3

idf

t i

=

log

divide

N

n i

sub

sub

Original Operator Tree Enumerated Variables

I

I I

U

O

O

I

I I

O

O

Argument & Operator Types 

operation with a single name, or always ordering subscripts before
superscripts in SLTs (e.g., in LATEX or Presentation MathML). Another
normalization re-orders variable and constant names lexicographically
for operators with unordered arguments, e.g., to have both x + y and
y + x represented by x + y.

For MathML we often ‘flatten’ nested tags, such as repeated <mrow>
tags belonging to a single writing line and sequences of unordered
operations. Both of these transformations for <mrow> and <times> are
applied in Example 2.8, flattening a chain of <times> nodes into one
node in the Content MathML and removing <mrow> tags entirely from
the Presentation MathML.

At right in Example 2.10 we have an OPT with nodes replaced by
an assigned type for each symbol. I indicates identifiers (i.e., names)
for variables and operations/functions like the idf function identifier.
Note that identifier idf must represent an operation, because it is
an internal node in the OPT. Other predefined mathematical opera-
tions are labeled to indicate whether their arguments are (O)rdered
or (U)nordered. Among other uses, types can be used to permit or
constrain matches between constants, variables, and operations in two
formulas. More sophisticated typing schemes have been used, e.g., to
distinguish numbers from alphanumeric identifiers and greek letters,
and relational operations from set operations and arithmetic operations.

Canonicalization can remove unhelpful distinctions, however, too
much canonicalization can also remove meaningful di!erences. A com-

Variable 
Enumeration

Assigning Types  
Symbols/Nodes
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node in the Content MathML and removing <mrow> tags entirely from
the Presentation MathML.

At right in Example 2.10 we have an OPT with nodes replaced by
an assigned type for each symbol. I indicates identifiers (i.e., names)
for variables and operations/functions like the idf function identifier.
Note that identifier idf must represent an operation, because it is
an internal node in the OPT. Other predefined mathematical opera-
tions are labeled to indicate whether their arguments are (O)rdered
or (U)nordered. Among other uses, types can be used to permit or
constrain matches between constants, variables, and operations in two
formulas. More sophisticated typing schemes have been used, e.g., to
distinguish numbers from alphanumeric identifiers and greek letters,
and relational operations from set operations and arithmetic operations.

Canonicalization can remove unhelpful distinctions, however, too
much canonicalization can also remove meaningful di!erences. A com-
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Example 2.9: Region-based spatial representations for formulas

XY-Cut Trees (left: Recursive, right: Standard)

1
2 y

1
2

1

1

2

y 1
2 y

1
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1 2

y

(b) Recursive X-Y Tree (c) Standard X-Y Tree

Figure 2. Recursive [15] and Standard [14] X-Y cutting of the expression:
1
2 y. Recursive X-Y cutting splits the image at the largest horizontal or
vertical projection gap at each node, while standard X-Y cutting alternates
in the vertical and horizontal direction, cutting at all projection gaps

Our retrieval method was inspired by the projection-
profile-based structural analysis methods of Okamoto et al.
[12], [13] for mathematical notation. It occurred to the
authors that 1) Okamoto’s et al.’s projection-based technique
may be understood as a variation of X-Y cutting algorithms
used to segment pages for document analysis and recognition
[14], [15], and 2) due to the two-dimensional arrangement
of symbols in mathematical expressions, X-Y trees for math
expressions would often differ significantly from those for
text regions, and 3) X-Y trees provide some invariance to
the scale and relative sizes of symbols, as they describe only
the topology (relative position) of regions in an image. This
suggested that one might meaningfully compare X-Y trees
for handwritten queries to those for page regions, and return
page regions with similar X-Y structure.

In our approach, candidate query match regions are ob-
tained using the (coarse) similarity between recursive and a
restricted (depth-two) standard X-Y trees for the query and
page regions, along with a simple edge distance feature (see
Section IV).

To avoid producing noisy trees, a threshold is often used to
filter narrow cuts. Cutting thresholds may be defined using
estimates for dominant character heights and widths [16],
[17]. We use a minimum cut width of 2 pixels for the two
top-level standard X-Y cuts performed on each region; in
our experiments handwritten expressions were written on
paper and then scanned, with very little noise remaining
after binarization.

III. IMAGE MATCHING: DYNAMIC TIME WARPING

Candidate regions are ranked by visual similarity, making
our approach a form of content-based image retrieval [18].
Early on we considered using a measure based on tree
edit distance to match query and candidate X-Y trees [19],
but abandoned this due to the computational cost involved.
Marinai et al. came to a similar conclusion in their work
on X-Y tree-based document image retrieval [20], where
originally they employed tree edit distance.

Using the University of Washington III Database [21],
we tried a number of different image distance metrics, of
which a form of Dynamic Time Warping (DTW) was most
effective [22]. The DTW metric that we use is the minimum-
cost alignment between columns of query and candidate
region images, after candidates are scaled so that query and
candidate image heights match (preserving the aspect ratio
of each). For the image columns, we use features similar
to those used by Rath and Manmatha [10] for spotting
words in historical documents. We first compute binary
pixel projection profiles for the top and bottom half of an
image, normalizing them by the image height so that each
projection value lies in the interval [0, 0.5]. Each column
is then represented by its values in the upper and lower
profiles (u, l). To reduce computational cost, we sub-sample
the upper and lower profiles, using the average upper/lower
half profile distances for every five columns (this value was
chosen empirically, again using the UW-III database). For
images with widths that are not a multiple of five, the
average value of the remaining columns is stored in the final
feature vector element.

Formally, the dissimilarity between the query and candi-
date feature vectors (FQ, FC) is given by D(|FQ|, |FC |), the
minimum cost alignment between the averaged projection
profiles.

D(i, j) = min

8
<

:

D(i � 1, j)
D(i, j � 1)

D(i � 1, j � 1)

9
=

; + d(i, j) (1)

d(i, j) = (u(FQ[i]) � u(FC [j]))2 + (l(FQ[i]) � l(FC [j]))2

(2)
where D(0, 0) = 0, D(x, 0) = 1 for 1  x  |FQ|, and
D(0, y) = 1 for 1  y  |FC |. The distance between a
pair of feature vector elements d(i, j) is the sum of squared
differences between the upper and lower projection values.
Unlike Rath and Manmatha [10], we do not constrain the
warping path, nor do we normalize the DTW distance by
the length of the minimum cost warping path. This is in
part because many of the regions to be compared against are
nested in the X-Y tree, and we do not mind penalizing longer
warping paths as a result. The complexity of the distance
computation is O(|FQ||FC |).

IV. DOCUMENT INDEXING AND RETRIEVAL

We apply recursive X-Y cutting to each document page
to be indexed. All nodes in the X-Y tree with fewer than 90
nodes and a depth of at least two are stored in the index.
This avoids indexing regions that have many more connected
components than common expressions [23] and expressions
that are very small (there at most four connected components
in a recursive X-Y tree of depth two). Note that we do not
make use of the directions of cuts.

Each region in the index is cut again using two standard
X-Y cuts: just one vertical and one horizontal cut (see

Pyramidal Histogram of Characters (XY-PHOC)

3

3

cutting direction, while the recursive version cuts the largest gap in
either direction (Ha et al., 1995; Nagy and Seth, 1984). Symbols can
be recognized or features computed from sub-images at nodes for use
in recognition and retrieval applications (Baker et al., 2010; Zanibbi
and Yu, 2011). A variant of XY-trees was used in one of the earliest
systems for parsing math formulas from images (Okamoto and Miao,
1991).8 XY-trees can also be produced from known symbols, e.g., by
cutting around symbol bounding boxes. They are also used to segment
document pages into regions, which was the original purpose.

For images where symbol locations are known such as in SVG or
PDF, or using symbol locations from OCR results, we can produce
additional spatial representations. For example, in the previous section,
we saw an example of this where line-of-sight graphs over symbols
were used to search handwritten and typeset math in video keyframes.
An alternative region-based spatial representation is the Pyramidal

8Cutting thresholds and rules avoid splitting symbols with multiple components
(e.g., ‘i’) and separate subexpressions from inside radicals (e.g., →

x).
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Overview 
� The Tangent-S search engine 

finds math formulae using a 
combination of visual and 
semantic representations. 
 

� We use a three-layer model 
with symbol pair indexing, 
structural alignment and re-
ranking by combining multiple 
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Visual Syntax (SLT) Appearance (LOS)

Fig. 1. Formula Structure Representations for x � y2 = 0. State-of-the-art formula
retrieval systems use Operator Tree (OPT) and Symbol Layout Tree (SLT) repre-
sentations (e.g., MCAT [20] and Tangent-S [14]). Our visual search engine uses only
domain-agnostic Line-of-Sight (LOS) graphs to represent structure.

We propose a visual graphics search engine, Tangent-V, that is applicable to
vector images with known symbols (e.g., in PDF), and raster images with Optical
Character Recognition (OCR) output giving recognized symbols locations and
labels (e.g., for PNG images). Our method is based upon finding correspondences
in Line-of-Sight graphs [7] that represent which symbols ‘see’ each other along
an unobstructed line (see Figure 1). The language model requires only a set
of symbols, allowing it to be applied to multiple graphic types such as math,
chemical diagrams, and figures using a single index. In addition, our retrieval
model supports wildcards that can be matched to any symbol.

Our main concern in this work is testing the viability of this purely visual
approach, and comparing this method’s behavior to that of notation-specific
techniques. We benchmark our system using the NTCIR-12 Wikipedia Formula
Browsing Task benchmark [30]. Despite the absence of explicit formula structure
or a detailed language model, our approach achieves BPref results comparable to
the state-of-the-art Tangent-S [14] search engine, for both PDF images (symbols
known) and PNG images (symbols from OCR).

2 Background

Our search engine for graphics found in PDF and PNG images is a specialized
form of Content-Based Image Retrieval (CBIR). Many CBIR approaches use
a Bags-of-Visual Words (BoVW) framework [28], retrieving objects based on
image features (‘words’). Traditionally, visual words are defined by local image
descriptors (e.g SIFT [22] or SURF [6]), and an inverted index of visual words
in images is used for lookup. Later CBIR models use Deep Learning techniques
[15] to learn local features [25] or even complete image representations such as
hashes or embeddings [4,16,8,27].

For images containing notation (e.g., math), the spatial location of a sym-
bol is important because it a↵ects the structure and semantics of the graphic
(see Figure 1). Some CBIR techniques consider spatial constraints, for exam-
ple by locating candidates using spectral models, and then re-ranking the most
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Chapter 3. Methodology

Original Question

“I have the formula f(x) = x
2 + 1. What is the derivative of f(x)?”

MathAMR+ Graph with Hierarchical Virtual Nodes
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MathAMR+ Graph

Virtual Nodes

Colored regions with dotted borders delineate sentence and formula subgraphs. Virtual nodes vS1 , vS2 (sentence-
level) and vF1 , vF2 (formula-level) connect bidirectionally to all nodes within their respective subgraphs, while the
document-level virtual node vG aggregates information from the document node and sentence and formula virtual
nodes. Backward edges are also created for each “real” edge, but are omitted from the diagram for visual simplicity.

Figure 3.2: MathAMR+ representation with hierarchical virtual nodes for a simple mathematical
question.

3.3 Model Architecture

This section describes the model architecture. The model takes a MathAMR+ graph as input,

encodes it through a stack of RGCN layers, and projects virtual node embeddings into a retrieval

space for multi-vector matching. Figure 3.3 provides a visual overview.
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Formula Graphs for 𝐿2𝐿 + 1

(a) Symbol Layout Graph (SLG) (b) Operator Graph (OPG)

SLG and OPG Subexpressions after Removing Add Operator (+ / U!plus)

(c) SLG sub-expression (d) OPG sub-expression

Figure 2: Example formula graphs for 𝐿2𝐿 + 1. Shown are the visual SLG (a), semantic OPG (b) and example sub-expressions
from these (c,d). Both sub-expressions are obtained by removing the addition node in the SLG and OPG ([+] and [U!plus]).

feature perturbation, etc) because they may produce nonsensical
formulas. By utilizing subexpressions, we hope to improve the
ability both to retrieve formulas by parts (i.e., similar shared subex-
pressions), and to capture a larger variety of contexts for nodes and
symbols for a single formula graph.

To select a sub-expression from a formula, we randomly remove
an internal node from the graph (SLG or OPG) and select the largest
connected component that remains after the removal. We do not
remove leaf nodes because in OPTs these are operands, and may
carry important information essential for retrieval. For instance, if
we have a greek letter that appears very few times in the dataset
and input a query formula that contains it, the retrieval of related

formulasmay be largely determined by this symbol.4 This reasoning
does not apply for SLTs, but use the same strategy for simplicity and
consistency between representations. This sub-expression selection
is made at every epoch to improve generalization.

We use two formula graphs to produce the positive and nega-
tive node classi!cation pairs used in our contrastive learning. We
have six di"erent ways to produce these graph pairs, which use
four graph types: SLG, OPG, SLG sub-expression and OPG sub-
expression. Note that a pair of graphs is not commutative; the !rst
graph is the reference point for matching nodes across graphs by
maximum cosine similarity. Note also that each graph type pairing
may come from the same formula (producing positive node pairs)

4This is related to TF-IDF models, where rarer symbols have a higher impact on
relevance scores, on the assumption that rarer terms carry more information.

x2y + 1

Node-Based Retrieval Using Graph Neural Nets
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Formula Graphs for 𝐿2𝐿 + 1

(a) Symbol Layout Graph (SLG) (b) Operator Graph (OPG)

SLG and OPG Subexpressions after Removing Add Operator (+ / U!plus)

(c) SLG sub-expression (d) OPG sub-expression

Figure 2: Example formula graphs for 𝐿2𝐿 + 1. Shown are the visual SLG (a), semantic OPG (b) and example sub-expressions
from these (c,d). Both sub-expressions are obtained by removing the addition node in the SLG and OPG ([+] and [U!plus]).

feature perturbation, etc) because they may produce nonsensical
formulas. By utilizing subexpressions, we hope to improve the
ability both to retrieve formulas by parts (i.e., similar shared subex-
pressions), and to capture a larger variety of contexts for nodes and
symbols for a single formula graph.

To select a sub-expression from a formula, we randomly remove
an internal node from the graph (SLG or OPG) and select the largest
connected component that remains after the removal. We do not
remove leaf nodes because in OPTs these are operands, and may
carry important information essential for retrieval. For instance, if
we have a greek letter that appears very few times in the dataset
and input a query formula that contains it, the retrieval of related

formulasmay be largely determined by this symbol.4 This reasoning
does not apply for SLTs, but use the same strategy for simplicity and
consistency between representations. This sub-expression selection
is made at every epoch to improve generalization.

We use two formula graphs to produce the positive and nega-
tive node classi!cation pairs used in our contrastive learning. We
have six di"erent ways to produce these graph pairs, which use
four graph types: SLG, OPG, SLG sub-expression and OPG sub-
expression. Note that a pair of graphs is not commutative; the !rst
graph is the reference point for matching nodes across graphs by
maximum cosine similarity. Note also that each graph type pairing
may come from the same formula (producing positive node pairs)

4This is related to TF-IDF models, where rarer symbols have a higher impact on
relevance scores, on the assumption that rarer terms carry more information.

x2y + 1

Random Node Deletion +  
Larger Subtree Selection

Node-Based Retrieval Using Graph Neural Nets
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Figure 3: Training with contrastive learning across SLG and OPG nodes using the Outer set of graph augmentations. Positive
and negative node pairs are created by maxsim alignment of nodes from the !rst to second type in each graph pairing. This
occurs both for complete formulas (i.e., whole OPGs/SLGs), and for complete formulas in one representation vs. sub-expressions
in the other representation (e.g., (SLG, OPG-sub). The !nal loss is averaged across the four graph type pairings.

or a di!erent formula within the training batch (producing negative
node pairs). The six approaches used to produce graph pairs and
then positive/negative node pairs are listed below.

(1) SLG: Visual information only: (SLG, SLG-sub)
(2) OPG: Semantic information only: (OPG, OPG-sub)
(3) SLG+OPG: Complete formula graphs across visual/semantic

representations: (SLG, OPG) and (OPG, SLG)
(4) Inner (1 → 2 → 3): Sub-expressions within representation

types and complete graphs across representation types:
(SLG, SLG-sub), (OPG, OPG-sub), (SLG, OPG) and (OPG,
SLG).

(5) Outer: Complete formulas and sub-expression pairs across
representations:
(SLG, OPG), (OPG, SLG), (SLG, OPG-sub), (OPG, SLG-sub).

(6) Inner+Outer (4 → 5): All six graph pairing types above:
(SLG, SLG-sub), (OPG, OPG-sub),
(SLG, OPG-sub), (OPG, SLG-sub),
(SLG, OPG) and (OPG, SLG).

Figure 3 illustrates the training process for augmentation con-
dition 5 (Outer). In a given batch we generate embeddings for
four graph types: SLT, OPG, SLG sub-expression and OPG sub-
expression, using two R-GCNs: one for OPGs, and one for SLGs.
Once we have these embeddings, we build our node pairs for train-
ing using the maxsim alignment described earlier. For instance, the
most similar nodes in Figure 2a and Figure 2d would form positive
pairs of the type (SLG, OPG sub-expression), with Figure 2a acting
as the reference or ‘query’ graph when computing similarities.

We used as loss function for a node 𝐿 a variation of the formula
presented by Chen et al. [2] showed in Equation 2:

𝑀𝐿 = ↑ log
exp (sim(𝑁𝐿 , 𝑁+𝑀 )/𝑂)∑𝑁↑1

𝑂=1 exp (sim(𝑁𝐿 , 𝑁↑𝑂 )/𝑂)
(2)

where 𝑃 is the total number of formulas in a batch, 𝑂 is a parameter
that controls the smoothness of the distribution (set to 0.1 after a
grid search), 𝑁𝐿 is the embedding for the current node, 𝑁+𝑀 is the
embedding of its positive partner and 𝑁↑𝑂 is the embedding for the
𝑄𝑃𝑄 negative partner; each node has 1 positive example and 𝑃 ↑ 1

negative examples. The !nal loss is given by Equation 3:

L =
1
2
"#
$
1
𝑅𝑅

𝑆𝐿∑
𝐿=1

𝑀𝐿 +
1
𝑅𝑇

𝑆𝑀∑
𝐿=1

𝑀𝐿
&'
(

(3)

where 𝑅𝑅 is total number of nodes for all SLGs in the batch and
𝑅𝑇 represents total of nodes in all OPGs.

4 Indexing and Retrieval Model
We implement indexing and retrieval using the vector database
Qdrant 5, which uses the Hierarchical Navigable Small Worlds
(HNSW) for search and provides an implementation of max simi-
larity alignment for scoring candidates. As in ColBERT, HNSW is
used to retrieve a !rst set of candidates by running a query per each
node vector in the query graph, and later re-rank the candidate
list using max sim alignment to produce the !nal results. We use a
value of 𝑄 = 20 (i.e. 20 neighbors in HNSW algorithm) for initial
retrieval of graph nodes to obtain formula candidates.

Retrieval is performed separately for visual and semantic graphs
using node embeddings, with separate SLG and OPG node embed-
ding indexes. The resulting retrieval scores are then combined to
produce the !nal retrieval result. In each case, we measure visual or
semantic similarity by using multiple node vectors for each query
and candidate.

We employ the greedy alignment proposed for ColBERT by Khat-
tab et al. [9]. Similarity between query and candidate node vectors
is obtained from the sum of maximum cosine similarities between
node pairs. Given a query graph 𝑆 and candidate graph𝑇 , we com-
pute node embeddings for each of them, producing the matrices
𝑈𝑈 and 𝑈𝑉 . Each matrix has rows for nodes, and the number of
columns is given by the embedding size. We denote the size of each
graph in nodes using |𝑈𝑈 | and |𝑈𝑉 |, and enumerate query graph
nodes using 𝐿 and candidate graph nodes using 𝑉 . The similarity 𝑊
is then given by Equation 4:

𝑊 =
∑

𝐿↓{1, ... , |𝑊𝑁 | }
max

𝑀↓{1, ... , |𝑊𝑂 | }
𝑈𝑈𝑃 · 𝑈𝑋𝑉 𝑄

(4)

5https://qdrant.tech/
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Moving to Text + Formulas
Using Abstract Meaning 
Representation (AMR) graphs 
produced by encoder-decoder


Formulas replaced by identifiers 
before AMR generation;  
OPT + SLT added as id children 


Addition of virtual nodes for: 

• Whole post


• Each sentence


• Each formula
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Chapter 3. Methodology

Original Question

“I have the formula f(x) = x
2 + 1. What is the derivative of f(x)?”

MathAMR+ Graph with Hierarchical Virtual Nodes
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MathAMR+ Graph

Virtual Nodes

Colored regions with dotted borders delineate sentence and formula subgraphs. Virtual nodes vS1 , vS2 (sentence-
level) and vF1 , vF2 (formula-level) connect bidirectionally to all nodes within their respective subgraphs, while the
document-level virtual node vG aggregates information from the document node and sentence and formula virtual
nodes. Backward edges are also created for each “real” edge, but are omitted from the diagram for visual simplicity.

Figure 3.2: MathAMR+ representation with hierarchical virtual nodes for a simple mathematical
question.

3.3 Model Architecture

This section describes the model architecture. The model takes a MathAMR+ graph as input,

encodes it through a stack of RGCN layers, and projects virtual node embeddings into a retrieval

space for multi-vector matching. Figure 3.3 provides a visual overview.
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Results on (Multimodal) Answer Retrieval
ARQMath-3 Benchmark
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Chapter 4. Graph Collection, Experiments, and Results

Table 4.19: ARQMath-3 Answer Retrieval (Task 1) benchmarking results.

System nDCG’ MAP’ P’@10 Bpref

Approach0 / Struct.+ColBERT (Coco-MAE) [68] 0.546 0.237 0.360 0.221

Kassaie et al. / RRF+LLM [23] 0.522 0.195 0.277 –

MSM / Ensemble RRF [14] 0.504 0.157 0.241 0.138

MIRMU / MiniLM+RoBERTa [50] 0.498 0.184 0.267 0.169

Satpute et al. / GPT-4+DPR [52] 0.486 0.219 0.374 0.225

DPRL / QQ-QA-AMR [36] 0.185 0.040 0.091 –

Ours / MathAMR+ 0.334 0.108 0.236 0.163

Table 4.20: Task 1 system e!ciency metrics.

Metric Value

Training time 69.2 min/epoch

GPU peak memory 9.75 GB

Model parameters 5,653,808

Index size 2.79 GB

Number of vectors 21,947,328

Query throughput 2.66 queries/sec

between our results and the o!cial submitted MathAMR run. The query formula →A→2 =
√
ω(ATA)

is the central object of the surrounding post, and MathAMR+ returns three direct structural

matches at ranks 1–3 (all relevance 3), while the baseline retrieves three completely unrelated

formulas from complex analysis and trigonometry (all relevance 0), yielding zero across all metrics

for this topic.

A gap to the leading systems is visible, but these results are promising given that MathAMR+

is not trained explicitly for formula retrieval. Formula retrieval capability emerges as a by-product

of document-level MaxSim training, with formula virtual node embeddings serving as the index.

Future work could directly optimize formula embeddings by including formula-level contrastive

pairs during training, which may close this gap considerably.

4.6 Summary

This chapter has examined MathAMR+ across five experiments and two benchmark evaluations,

progressing from questions of data representation and embedding to questions of retrieval strategy

and system-level performance. We now summarize our key findings.
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Embed size: 64 
Batch size: 16
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Results for Contextualized Formula Retrieval
ARQMath-3 Benchmark
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Chapter 4. Graph Collection, Experiments, and Results

Table 4.21: ARQMath-3 Formula Retrieval (Task 2) benchmarking results.

System nDCG’ MAP’ P’@10 Bpref

L2L / All (Unweighted) [60] 0.849 0.620 0.680 –

Amador et al. / Inner RRF† [4] 0.773 0.554 0.632 –

Approach0 / Struct.+ColBERT [68] 0.720 0.568 0.688 0.560

Amador et al. / In+Out [4] 0.701 0.505 0.597 –

DPRL / TanCFT+MathAMR [36] 0.681 0.471 0.617 –

MathDowsers / latex L8 a040 [20] 0.640 0.451 0.549 0.443

DPRL / MathAMR†1 [36] 0.579 0.367 0.549 –

DPRL / MathAMR2 [35] 0.316 0.160 0.253 —

Ours / MathAMR+ 0.507 0.333 0.588 0.503

†Uno!cial run by the authors

Table 4.22: Task 2 system e!ciency metrics.

Metric Value

Number of indexed formulas 21,515,119

Query throughput 2.19 queries/sec

Formula representations. Removing formula representations entirely causes a drop of approx-

imately 0.093 nDCG’ on the best seed (Table 4.6), far larger than any other di”erence observed

across experiments. This establishes that structured formula content is an essential retrieval signal

in this domain, and that text-only AMR graphs are insu!cient. All three formula-enabled condi-

tions are significantly superior to None on nDCG’ and MAP’ after Bonferroni correction. Among

formula-enabled conditions, using both OPT and SLT representations achieves the highest nDCG’

on both the best seed (0.497) and the averaged results (0.494± 0.002), slightly ahead of OPT-only

(0.496 and 0.486± 0.007) and SLT-only (0.495 and 0.488± 0.006). However, OPT-only and SLT-

only achieve near identical performance, suggesting that the RGCN message-passing layers are able

to extract complementary signals from the two representations, but similar levels of information

with either one alone.

Virtual node structure. The full hierarchy of formula, sentence, and document virtual nodes

achieves the most consistent retrieval performance overall. The no-VN condition performs worst

on nDCG’, MAP’, and P’@10, with the global VN + MaxSim condition improving over no-VNs

significantly on nDCG’ and MAP’ (p < 0.05 after Bonferroni correction). Global VN single-vector

produces the highest nDCG’ of all conditions, but lower MAP’ and P’@10, suggesting the single-

vector objective produces a well-calibrated global ranking at the cost of breadth. The full hierar-
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The ‘Task Jar’ Framework for 
Human Retrieval: 

 Needs, Tasks, and Sources
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14 Sources and Information Tasks

which provide a much simpler map known as a concordance recording
where specific terms appear in documents (Duncan, 2021). While these
di!erent indices are both used for retrieval, they di!er in their scales
(one document vs. a collection) and intended audiences (human reader
vs. search algorithm). Other forms of indexing are less formal, such as
collecting and organizing notes on di!erent sticky notes for easier use.

As discussed earlier, we distinguish tasks for analyzing sources in
terms of organizing them for use and retrieval (indexing), and adding
information to sources (annotation). Annotations are often used in
indexing sources, such as adding formula locations for PDF documents.

Source Jar Framework. To put sources and the tasks used to create
them in a more intuitive relationship, Figure 1.3 visualizes our task
framework as a jar of sources with a lid. The jar contains immediately
available sources as marbles in the jar. Each marble has an identifying
color and shape. The source marbles contain information of di!erent
types, and may refer to other sources inside and outside of the jar.
Sources that are directly available are either with us, or inside the jar.

Information Need:

R1. Query 

R2. Consult 

A1. Annotate 

S2. Communicate 

S1. Apply 

 A2. Index 

• ————————-

• ————————-

• ————————-


• ————————-

• ————————-

• ————————-

• ————————-

• ————————-

• ————————-


• ————————-

• ————————-

• ————————-


• ————————-

• ————————-

( Background )  Need description / question

Figure 1.3: Information task framework: the source jar. The jar contains source
‘marbles.’ As we work we add, create, annotate and organize the sources in the jar,
and record completed information tasks on the jar labels.
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16 Sources and Information Tasks

1.3 Information Needs and Information Task Strategies

When searching for mathematical information, what we need to find will
vary from finding definitions for terminology, math symbols, formulas,
operational knowledge such as proof techniques, applications of math-
ematics (e.g., information retrieval models), resources for instructors,
and detailed information on mathematical spaces, theorems, etc.

Example 1.1 illustrates information needs that di!erent audiences
may be seeking to address using the same query, along with a list of
sources that might be used to address their needs. These needs vary
from finding definitions to exploring sophisticated relationships between
the generalization of the theorem in di!erent mathematical structures
(Hilbert spaces) and applications in other fields (quantum mechanics).

Example 1.1: Di!ering Information Needs

Query: What does a
2 + b

2 = c
2 represent and how is it useful?

Students might use this query to learn the Pythagoras theorem, and
perhaps find an example demonstrating the theorem, and a
possible proof.

Educators may have similar interests to students, but may seek addi-
tional resources on how to teach this result.

Researchers can have very di!erent interests than the other audiences.
They may be interested in one or more of the following:

• For a mathematician: Is this true in a general metric space
and/or a Hilbert space?

• For a physicist: How is it linked to the probability assign-
ments in quantum mechanics?

• For an IR expert: How is it related to probability assign-
ments in a Hilbert space used in describing interaction for
information retrieval?
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1.3 Information Needs and Information Task Strategies
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1.2. Information Task Framework 13

Retrieve Information

R1 Query to request sources of information
R2 Consult and interpret available sources, examining and

navigating within and across sources

Analyze Information

A1 Annotate sources with additional information, e.g., notes, add
formula locations

A2 Index sources by organizing them for retrieval

Synthesize Information

S1 Apply available information that we know, have in available
sources, or is encoded in algorithms, etc.

S2 Communicate information by creating new sources

Figure 1.1: Information task taxonomy.Book Index Entry
From Manning et al., Modern Information Retrieval (2008)

**embedding techniques approximate some of these conceptual organizational

tools (albeit without explicit distinction - ?)

⋮ 
TermID, 62 
Term normalization, 30 
Term-partitioned index, 70  
Terms. See also Queries 
    BIM ranking function, deriving, 
        207 
    defined, 3, 21  
    function notations, xi  
    partitioning, 416 
    statistical properties of, 82  
    tree-structured dependencies, 213      
    vectors, weighting and, 113 
Term weighting. See Weighting  
Test data, 237 
⋮ 

Figure 1.2: Excerpt from the index to “Introduction to Information Retrieval” by
Manning et al. (2008).
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which provide a much simpler map known as a concordance recording
where specific terms appear in documents (Duncan, 2021). While these
di!erent indices are both used for retrieval, they di!er in their scales
(one document vs. a collection) and intended audiences (human reader
vs. search algorithm). Other forms of indexing are less formal, such as
collecting and organizing notes on di!erent sticky notes for easier use.

As discussed earlier, we distinguish tasks for analyzing sources in
terms of organizing them for use and retrieval (indexing), and adding
information to sources (annotation). Annotations are often used in
indexing sources, such as adding formula locations for PDF documents.

Source Jar Framework. To put sources and the tasks used to create
them in a more intuitive relationship, Figure 1.3 visualizes our task
framework as a jar of sources with a lid. The jar contains immediately
available sources as marbles in the jar. Each marble has an identifying
color and shape. The source marbles contain information of di!erent
types, and may refer to other sources inside and outside of the jar.
Sources that are directly available are either with us, or inside the jar.

Information Need:

R1. Query 

R2. Consult 

A1. Annotate 

S2. Communicate 

S1. Apply 

 A2. Index 

• ————————-

• ————————-

• ————————-


• ————————-

• ————————-

• ————————-

• ————————-

• ————————-

• ————————-


• ————————-

• ————————-

• ————————-


• ————————-

• ————————-

( Background )  Need description / question

Figure 1.3: Information task framework: the source jar. The jar contains source
‘marbles.’ As we work we add, create, annotate and organize the sources in the jar,
and record completed information tasks on the jar labels.
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Information sources used in the wild by people 
are of many different types, e.g.,


• Books, papers, Video, Audio


• Queries 

• Search results & LLM responses 

• Post-its (‘sticky note’)


• Conversations


• Observations 


• Formula chips & cards 

• Generated whiteboard keyframes

34

14 Sources and Information Tasks

which provide a much simpler map known as a concordance recording
where specific terms appear in documents (Duncan, 2021). While these
di!erent indices are both used for retrieval, they di!er in their scales
(one document vs. a collection) and intended audiences (human reader
vs. search algorithm). Other forms of indexing are less formal, such as
collecting and organizing notes on di!erent sticky notes for easier use.

As discussed earlier, we distinguish tasks for analyzing sources in
terms of organizing them for use and retrieval (indexing), and adding
information to sources (annotation). Annotations are often used in
indexing sources, such as adding formula locations for PDF documents.

Source Jar Framework. To put sources and the tasks used to create
them in a more intuitive relationship, Figure 1.3 visualizes our task
framework as a jar of sources with a lid. The jar contains immediately
available sources as marbles in the jar. Each marble has an identifying
color and shape. The source marbles contain information of di!erent
types, and may refer to other sources inside and outside of the jar.
Sources that are directly available are either with us, or inside the jar.

Information Need:

R1. Query 

R2. Consult 

A1. Annotate 

S2. Communicate 

S1. Apply 

 A2. Index 

• ————————-

• ————————-

• ————————-


• ————————-

• ————————-

• ————————-

• ————————-

• ————————-

• ————————-


• ————————-

• ————————-

• ————————-


• ————————-

• ————————-

( Background )  Need description / question

Figure 1.3: Information task framework: the source jar. The jar contains source
‘marbles.’ As we work we add, create, annotate and organize the sources in the jar,
and record completed information tasks on the jar labels.



35

1.5. User Interfaces and System Interactions 27

Working Sources

Result 

e.g., SERP or answer 

Query 

e.g., Adhoc query or 
question User Interface

Result 

e.g., SERP or answer 

Query 

e.g., Adhoc query or 
question User Interface

User

Result 

e.g., SERP or answer 

Query 

e.g., Adhoc query or 
question User Interface

Information Need: 

R1. Query 

Submit to system 
(e.g., hit enter)

R2. Consult 

read results and 
notes, follow links   

A1. Annotate 

highlight PDFs, notes 
for terms, form.

S2. Communicate 

text & formulas for 
queries & notes

S1. Apply 

compute   
on paper 

log4(x)

 A2. Index 

organize results, 
sources, notes

( Student ) Log base change

Figure 1.5: Interacting with multiple retrieval systems (frontend). Each dotted
arrow represents a retrieval system backend (see Figure 1.4). Sources currently used
to address the information need are shown in a separate container at bottom right.

sources the student had on hand when they started searching, new
sources they find or create, along with other linked sources, e.g., by web
link, citation, or mention. In addition to these sources, their queries,
results from queries, and handwritten notes (e.g., from converting bases
by hand) are also found in the jar. Of these available sources, the ones
currently being used are at the bottom-right of Figure 1.5.

Some selected sources being worked with partially or fully answer
the student’s needs, but others do not, such as sources later deemed
not relevant. Other selected sources might exercise knowledge such as
shown for the Apply task in Figure 1.5, or come from other tasks such as
annotating and indexing sources of interest. Some selected sources may
be added even after finding answers, perhaps because they provide a
di!erent perspective, or have a presentation that is easier to understand.

For more complex tasks, we often see the focus of our selected sources
drift. In the berry picking model of retrieval (Bates, 1989), people see
their queries and information needs change as they search and learn.
Particularly for unfamiliar topics, our needs and queries may change
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Figure 1.4: Information tasks in retrieval systems (backend). Arrows show the flow
of information. All tasks in Figure 1.3 other than Apply are shown.

2. Retrieval (online). Submitted queries are annotated and then
matched against patterns in the index, returning one or more
matching sources. The collection is generally consulted for pas-
sages, bibliographic data, and other contents when generating the
result returned to the user.

Consulting sources. Search engines that match queries to contents in
sources are a type of filter. A standard search result is useful precisely
because it contains sources with patterns of information shared with
the query, omitting all other sources.

The implementation of consult tasks that access sources is important
for both index construction and retrieval, and is another way that sources
are filtered in a retrieval system. Source contents shown in search results
directly impact our impression of which returned sources are promising.
Source contents used for index construction define the available patterns
for matching queries to sources.
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Figure 1.4: Information tasks in retrieval systems (backend). Arrows show the flow
of information. All tasks in Figure 1.3 other than Apply are shown.

2. Retrieval (online). Submitted queries are annotated and then
matched against patterns in the index, returning one or more
matching sources. The collection is generally consulted for pas-
sages, bibliographic data, and other contents when generating the
result returned to the user.

Consulting sources. Search engines that match queries to contents in
sources are a type of filter. A standard search result is useful precisely
because it contains sources with patterns of information shared with
the query, omitting all other sources.

The implementation of consult tasks that access sources is important
for both index construction and retrieval, and is another way that sources
are filtered in a retrieval system. Source contents shown in search results
directly impact our impression of which returned sources are promising.
Source contents used for index construction define the available patterns
for matching queries to sources.

Note that the task types are  
same as for human searchers
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2.1. Consulting Sources for Mathematical Information 45

formula with identifier EQ:ID (see Example 2.4(a)). In Example 2.4(c)
the identifier node is replaced by the formula OPT with annotation
changes to match the AMR syntax. MathAMR was used to re-rank
answers to Math Stack Exchange questions that had been converted to
this representation (Mansouri et al., 2022c). MathAMR inserts formulas
at leaf nodes, but for longer passages one can imagine adding additional
information such as links between variables and their definitions.

Consulting sources in MathIR systems. As shown in Figure 2.1,
mathematical information retrieval systems require consulting sources
for directly observable information, analyze and annotate their contents
to generate additional information, and then organize this information
in an index for lookup, search, generating training data, and use in
evaluation.

Collection 
Index

R1. Query 

Request sources  
of information

 A2. Index 

Organize sources 
for retrieval

A1. Annotate 

Add information 
to sources

R2. Consult 

Examine and 
navigate sources
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of  

Sources

Collection 
of  

Sources

Collection 
of  

Sources

Collection 
of  

Sources
Collection of 

Sources

Collection 
of  

Sources

Collection 
of  

Sources

Collection 
of  

Sources

Collection 
of  

Sources

Collection of 
Sources 
*Annotated

Queries 
*Annotated

Figure 2.1: Tasks from Figure 1.4 for Representing Formulas and Text in an Index.
For context, query annotation and querying the index are shown greyed-out. Content
in sources is consulted, annotated to add information for text and formulas, and
then indexed for later use in retrieval systems and system evaluation.

Unlike people, where we rapidly alternate between consulting and
analyzing/annotating sources when trying to recover information, for

Document Analysis 
here!
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Figure 4.1 illustrates the information tasks used in formula search,
using the model from Section 1.1 We assume that formulas have already
been indexed using one or more representations (e.g., sparse and/or
dense: OPT, SLT, visual-spatial, etc.) as described in Section 2.

Collection 
Index

R1. Query 

Request sources  
of information

S2. Communicate 

Create new  
information sources

A1. Annotate 

Add information 
to sources

R2. Consult 

Examine and 
navigate sources

Collection 
of  

Sources

Collection 
of  

Sources

Collection 
of  

Sources

Collection 
of  

Sources
Queries 
*Annotated

Collection of 
Sources 

*Annotated

Queries

Results for 
Queries

Figure 4.1: Information Tasks Performed in Formula Search. Prior to search, formula
patterns in a collection of sources (e.g., OPT and SLT paths) are enumerated or
embedded in vectors. These patterns annotate formulas and provide lookup keys
in the collection index. Formulas in the index with patterns identical to the query
(sparse retrieval) or similar to the query (dense retrieval) are selected, ranked, and
then communicated to the user in a new source (e.g., search result page).

In this section, we first present test collections used for developing
and evaluating formula search. We then present formula search models
organized by the formula representations they use, and then summarize
their e!ectiveness on the test collections. State-of-the-art models use
more than one formula representation. This is because dense retrieval

1Communicating formula search results is important, but little studied.

Document Analysis 
here!

Output Sources: 
SERP pages 

LLM responses
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Figure 3.1: People, Data, and Methods in Evaluation (expands Figure 1.4). Search
tasks require rankings sources in a collection, while QA tasks require a single response.
System information tasks are in gray/hidden: systems are used to sample sources for
grading search relevance, but are generally unused for QA evaluations.

users and sources authored by people are human data. E!ectiveness
is measured by how well system outputs imitate human responses
collected by researchers. For systems utilizing machine learning, desired
outputs are obtained by repeatedly playing imitation games scored by
the distance between model outputs and human responses. For these
reasons, people determine or constrain nearly every aspect of system
design and evaluation.1

For search tasks, systems also have a direct role in evaluation aside
from producing results, sometimes even for their own evaluation. This
is because we normally pool sources returned from multiple systems

1This is a feature, not a bug.
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We will start with a definition of the Inverse Document Frequency
(IDF) shown in Example 2.1. IDF is used in a number of influential
sparse retrieval models including variants of TF-IDF (Term Frequency-
Inverse Document Frequency) and BM25 (Robertson and Walker, 1994;
Robertson and Zaragoza, 2009). Its utility comes from a simple but
profound insight: query terms appearing in fewer documents are rarer
and thus more specific, and so should be given higher weight when
ranking documents using matched query terms (Jones, 1972).

Example 2.1: Inverse Document Frequency (IDF)

Excerpt from Robertson (2004)
...Assume there are N documents in the collection, and that term ti

occurs in ni of them . . . the measure proposed by Sparck Jones, as a
weight to be applied to term ti, is essentially

idf(ti) = log N

ni

(1)

Variable and function definitions

For example, the term ‘BM25’ is predominantly found in sources on
information retrieval, while the term ‘weight’ is used for many topics
and in multiple senses, including the heaviness of an object and scaling
numeric values. When scoring documents against the query ‘BM25
weight’, matches for ‘BM25’ will have higher IDF scores than ‘weight,’
reflecting the narrower usage of ‘BM25.’

Despite its brevity, the excerpt in Example 2.1 contains a fair amount
of directly represented and implied information. Recovering some of
this information requires pattern matching and inference, i.e., applying
information known, found in the passage, or found in other sources. To
illustrate this, we annotated the definition at the bottom of Example
2.1. Underlining and highlighting are used to associate variables and

1.4.
Retrieval System

s
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Figure 1.4: Information tasks in retrieval systems (backend). Arrows show the flow

of information. All tasks in Figure 1.3 other than Apply are shown.

2. Retrieval (online). Submitted queries are annotated and then

matched against patterns in the index, returning one or more

matching sources. The collection is generally consulted for pas-

sages, bibliographic data, and other contents when generating the

result returned to the user.

Consulting sources. Search engines that match queries to contents in

sources are a type of filter. A standard search result is useful precisely

because it contains sources with patterns of information shared with

the query, omitting all other sources.

The implementation of consult tasks that access sources is important

for both index construction and retrieval, and is another way that sources

are filtered in a retrieval system. Source contents shown in search results

directly impact our impression of which returned sources are promising.

Source contents used for index construction define the available patterns

for matching queries to sources.
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representation

with
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This section
describes the

model architecture.
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model takes a
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as input,

encodes it through
a stack

of RGCN
layers, and

projects virtual node embeddings into a retrieval

space for multi-vector matching. Figure 3.3 provides a visual overview.
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by linearizin
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rs (points) in a 3d embedding space. Such a repre-
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from text, tree,
or other represen

tation. The

specific positio
ns of vecto

rs depend upon training data and the training

tasks, learning algorithms, and loss functions used
for embedding.

Example 4.1: Formula comparison in di!eren
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tations.

y, =, x, ^, 2
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Table 4.2 shows the first formula retu
rned by models using di!eren

t

formula represen
tations. Each model has a ‘reasonable’ first hit. While

it is helpful for identical or near-identical formulas to be highly ranked,

matching identical/nearly-identical formulas is easy for reasonably ex-

pressi
ve represen

tations and indexing pattern
s.

Wrapping Up…
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Example 3.2: Math-Aware Search and Question Answering Tasks

Math-aware search (ad-hoc retrieval)
Query Result
I have the sum

n∑

k=0

(n

k

)
k

know the result is n
2 → 1 but I don’t

know how you get there. How does
one even begin to simplify a sum like
this that has binomial coe!cients.

1 . . . which can be obtained by manip-
ulating the second derivative of

n∑

k=0

(n

k

)
z

k

and let z = p/(1 → p) . . .

2 Yes, it is in fact possible to sum this.
The answer is

n∑

k=0

(n

k

)(m

k

)
=

(m + n

n

)

assuming that n ↑ m. This comes
from the fact that . . .

Math Question Answering (Mansouri et al., 2022a)

Query Result

What does it mean for a matrix
to be Hermitian?

A matrix is Hermitian if it is equal to its trans-
pose conjugate.

Math word problems

Result
Query Equation Answer

Sarah has 5 pens, David has 3 pens. How many
pens do they have?

x = 5 + 3 8

Find two consecutive integers whose sum is 7. x + (x + 1) = 7 3, 4

From MathQA (Amini et al., 2019) & Dolphin18K (Huang et al., 2016)

The final topics sets ideally provide a representative sample for the
task being evaluated, while including some diversity in topics so that
di!erent system capabilities are tested. Diversity is sometimes addressed
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Sources and Information Tasks

which provide a much simpler map known as a concordance recording

where specific terms appear in documents (Duncan, 2021). While these

di!erent indices are both used for retrieval, they di!er in their scales

(one document vs. a collection) and intended audiences (human reader

vs. search algorithm). Other forms of indexing are less formal, such as

collecting and organizing notes on di!erent sticky notes for easier use.

As discussed earlier, we distinguish tasks for analyzing sources in

terms of organizing them for use and retrieval (indexing), and adding

information to sources (annotation). Annotations are often used in

indexing sources, such as adding formula locations for PDF documents.

Source Jar Framework. To put sources and the tasks used to create

them in a more intuitive relationship, Figure 1.3 visualizes our task

framework as a jar of sources with a lid. The jar contains immediately

available sources as marbles in the jar. Each marble has an identifying

color and shape. The source marbles contain information of di!erent

types, and may refer to other sources inside and outside of the jar.

Sources that are directly available are either with us, or inside the jar.

Information Need:

R1. Query 

R2. Consult 

A1. Annotate 

S2. Communicate 

S1. Apply 

 A2. Index 

• ————————-


• ————————-

• ————————-


• ————————-


• ————————-


• ————————-


• ————————-

• ————————-


• ————————-


• ————————-


• ————————-


• ————————-


• ————————-


• ————————-

( Background )  Need description / question

Figure 1.3: Information task framework: the source jar. The jar contains source

‘marbles.’ As we work we add, create, annotate and organize the sources in the jar,

and record completed information tasks on the jar labels.



What We’ve Discussed Today
…however briefly.

• Interpreting graphics requires context: from within a document and from the reader’s context 
(e.g., background knowledge). Much is assumed. 

• Graphics representations impact both the types of information, and patterns in information that 
can be readily found in search


• Well-designed information systems (LLM, search, other) align well with human information needs 
& tasks, and provide affordances for them


• ‘Task jar’ comprised of six task can characterize and relate information processing by people; the 
same tasks are implemented in systems


• A key role for document analysis in search is annotating sources and queries with additional 
information for use in search 
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