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Abstract

Expanding the abbreviated column names of
tables, such as “esal” to “employee salary”, is
critical for many downstream NLP tasks for
tabular data, such as NL2SQL, table QA, and
keyword search. This problem arises in enter-
prises, domain sciences, government agencies,
and more. In this paper, we make three con-
tributions that significantly advance the state
of the art. First, we show that the synthetic
public data used by prior work has major lim-
itations, and we introduce four new datasets
in enterprise/science domains, with real-world
abbreviations. Second, we show that accuracy
measures used by prior work seriously under-
count correct expansions, and we propose new
synonym-aware measures that capture accuracy
much more accurately. Finally, we develop
Columbo, a powerful LLM-based solution that
exploits context, rules, chain-of-thought rea-
soning, and token-level analysis. Extensive
experiments show that Columbo significantly
outperforms NameGuess, the current most ad-
vanced solution, by 4-29%, over five datasets.
Columbo has been used in production on EDI,
a major data lake for environmental sciences.

1 Introduction

Tabular data is ubiquitous in companies, domain
sciences, government agencies, and others (Zhang
et al., 2023; Hanson, 2025). Using this data well,
however, has been difficult. A major reason is that
the names of the tables and columns are often ab-
breviated, appearing quite cryptic (see Figure 1 and
Appendix A.1). This makes it hard for downstream
NLP tasks to process the tables.

In particular, a recent work (Zhang et al., 2023)
shows that using abbreviated column names sig-
nificantly reduce accuracy for three NLP tasks,
NL2SQL, schema-based relation detection, and
table QA, by 10.54%, 40.5%, and 3.83%, respec-
tively. That work also argues that expanding col-
umn names improves the readability of the tables,

EMPS(eName, eSal, eDTPh, ...)
Ref_Sectors_GICS(GICS_IND_GRP_CD, ...)
1997lgNutSExt(Date, canWt, hclWt, corWetWt, ...)

Figure 1: Examples of abbreviated table and column
names in companies and domain sciences.

enables data integration, and improves keyword
search (to discover relevant tables). Another re-
cent work (Luoma and Kumar, 2025) shows that
abbreviated column names significantly reduce the
accuracy of NL2SQL. Our own experience work-
ing with a major data lake (edirepository.org) also
shows that expanding column names improves the
accuracy of keyword search, schema matching (i.e.,
finding columns that are semantically the same),
and column annotation with the concepts in a given
ontology (see “Columbo in Production” in the ex-
periment section).

Thus, table/column name expansion is a core
challenge for the fast growing direction of NLP
tasks for tabular data, and has received growing
attention (Zhang et al., 2023; Luoma and Kumar,
2025; Sawant and Sonawane, 2024; Anonymous,
2025; Singh et al., 2025). The goal is to expand ta-
ble/column names into meaningful English phrases,
such as “eSal” to “Employee Salary”, “eDTPh”
into “Employee Day Time Phone”, “1997lgNut-
SExt” into “1997 Long-term Nutrient Study Ex-
periment”, and so on. Clearly, this can enor-
mously help downstream applications. For exam-
ple, given a user query “employee phone”, a key-
word search application can correctly return the
table “EMPS(eName, eSal, eDTPh, ...)” if it knows
that “eDTPh” means “Employee Day Time Phone”.

As far as we can tell, the most advanced work
for this challenge is NameGuess in EMNLP-2023
by Amazon AWS (Zhang et al., 2023). That work
focuses on column name expansion and frames
it as a natural language generation problem. It
proposes a solution that uses LLMs to obtain 69.3%
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exact-match accuracy (using GPT4), in contrast to
43.4% accuracy obtained by human. NameGuess
has clearly showed the promise of using LLMs to
expand abbreviated column names. But it has three
major limitations, as we discuss below. In this
paper we describe Columbo, which addresses these
limitations and significantly advances the state of
the art.

First, NameGuess experimented with just one
dataset, which is public data from the cities of
San Francisco, Chicago, and Los Angeles (a.k.a.
Open City Data). We show later that LLMs achieve
lower accuracy on enterprise data (coming from
companies) and domain science data. Thus, we
believe that a good benchmark for column name
expansion cannot contain just public data. In this
work we introduce four more datasets that come
from enterprises and domain sciences.

Another problem is that NameGuess syntheti-
cally creates the abbreviated column names, e.g.,
by randomly dropping, shuffling, or replacing char-
acters from English phrases. So many abbreviated
column names in its dataset look “unrealistic”, e.g.,
“r” for “area”, “mmj” for “medical”, and LLMs
struggle to correctly expand such names. Given
that we do not yet have good methods to synthet-
ically create abbreviated column names, we be-
lieve that a good benchmark for column name ex-
pansion should also contain abbreviated column
names that come from real data. The four datasets
introduced in this paper contain column names ab-
breviated by humans. Later we show that LLMs
indeed can leverage their vast knowledge about
real-world abbreviation patterns to correctly ex-
pand these names.

The second limitation is that NameGuess com-
putes accuracy in a restricted way. The most im-
portant accuracy measure, exact match, computes
the fraction of columns where the name predicted
by LLMs exactly matches the “gold” name. This
penalizes cases of minor variations, e.g., “geogra-
phy identifier” vs “geographical identifier”, “photo
credit” vs “picture credit”, etc. To solve this, we in-
troduce a new accuracy measure called “synonym-
aware exact match”. We show that this new mea-
sure captures the performance of column name
expansion solutions much more accurately.

The third limitation is that NameGuess uses a
rather basic LLM solution. It simply asks the LLM
to expand the names of the columns (given a few
expansion examples). We have developed a signif-
icantly more powerful solution. Our solution pro-

vides a lot of context information to the LLM, e.g.,
the name of the target table and the topics of similar
tables (we infer these topics using LLMs). We ask
the LLM to follow a set of rules (that help generate
the correct expansions) and use chain-of-thought
reasoning. Finally, we reason about column name
expansion at the token level, i.e., we translate each
column name into a sequence of tokens, expand
each token into an English phrase, then combine
the phrases to obtain the column name expansion.
Together, these features help our solution signifi-
cantly improve accuracy compared to NameGuess.
In summary, we make the following contributions:

• We show that synthetic public data is not suffi-
cient for evaluating solutions for column name
expansion. We introduce four new non-public
datasets with real-world abbreviated column
names.

• We show that computing accuracy via exact
string matching is problematic. We introduce
a new measure that captures accuracy much
more accurately.

• We develop Columbo, an LLM-based solution
that exploits context, rules, chain-of-thought
reasoning, and token-level analysis.

• We provide extensive experiments that show
that Columbo outperforms NameGuess on all
five datasets, improving the absolute accuracy
by 4-29%, and the relative accuracy by 4-46%.

Columbo has been used in production on EDI, a
major data lake for environmental sciences. We
briefly describe this experience in Section 6. The
code and datasets (except Finance and University,
for which we do not have permission to release)
are available at github.com/anhaidgroup/columbo.

2 Problem Definition

Similar to NameGuess, given a set of tables (e.g.,
those in a data lake), we seek to expand the column
names. Expanding the table names is more com-
plicated, as we discuss in Section 6, and hence is
deferred to future work.

We assume that each column name c can be rep-
resented as a sequence t1d1 . . . dn−1tn, where each
di is a delimiter (i.e., a special character such as
‘_’, ‘-’, the space character, or the empty character)
and each ti is a token that can be expanded into a
meaningful English phrase e(ti). Phrase e(ti) must
contain all characters of token ti, in that order.
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For example, column name “eSal” can be tok-
enized into tokens “e” and “Sal”, separated by the
empty-character delimiter. Token “e” expands to
“Employee” and token “Sal” expands to “Salary”.
Other expansion examples are “Rm” → “Room”
and “CD”→ “Certificate Deposit”. The expansion
e(c) of column c is then the concatenation of the
expansions of its tokens.

In many application contexts, we cannot access
the data tuples of the tables, for reasons of privacy,
compliance, performance, etc. (Lobo et al., 2023).
So here we consider the input to be just the (abbre-
viated) table names and column names.

NameGuess shows that state-of-the-art hosted
LLMs such as GPT-4 achieves the highest accuracy
for column name expansion (Zhang et al., 2023).
As a result, here we focus on these LLMs, specifi-
cally on GPT-4o. In future work we will consider
open-source LLMs that can be deployed in-house.

3 New Datasets

We now make the case that a good benchmark for
column name expansion cannot contain just public
data with synthetic abbreviations. It must also con-
tain non-public data with real-world abbreviations.
We then introduce four new such datasets.

Specifically, NameGuess uses just one dataset
obtained from the Open Data Portals of San Fran-
cisco, Chicago, and Los Angeles, covering busi-
ness, education, health, etc. To evaluate expansion
solutions, NameGuess needs both abbreviated col-
umn names and the gold (i.e., correct) expansions.
To do this, NameGuess uses heuristic rules to find
column names that are meaningful English phrases.
It abbreviates these names, e.g., by randomly shuf-
fling, dropping, or replacing characters. Finally, it
applies solutions to the abbreviated names to see if
they can recover the original column names.

Our experiments with the NameGuess dataset
revealed two problems. First, we found that LLMs
achieve a much higher accuracy on this dataset
compared to the four enterprise/science datasets
(e.g., 81.5% vs 63.2-73.8% EM accuracy, see Table
3). Prior work has observed the same phenomenon
for other data tasks (Demiralp et al., 2024), pre-
sumably because today LLMs have been trained
on a lot more public data than enterprise and sci-
ence data. Put differently, we speculate that the
NameGuess dataset covers popular concepts (e.g.,
transportation, education, etc.) that are ubiquitous
online, whereas the remaining four datasets cover

“rarer” concepts (e.g., specific to a vertical). Thus,
if we want to apply expansion solutions to non-
public data, we cannot rely on experiments with
just public data, as the results can be misleading.

To address this problem, in this paper we use
the five datasets described in Table 1. “NG” is the
NameGuess dataset. “Finance” and “University”
are two datasets obtained from companies, cover-
ing the finance and academic domains. “AW” is a
variation of the AdventureWork dataset released by
Microsoft, and “EDI” is a dataset from the environ-
mental science domain. Appendix A.2 discusses
how we generated these datasets.

The second problem with the NameGuess
dataset is that it is difficult to accurately mimic
human’s abbreviation patterns. Thus, many syn-
thetic abbreviated column names look “unrealis-
tic”, and LLMs struggle to expand these. Table 3
shows that on the NameGuess dataset, LLMs can
only improve EM accuracy from 81.5% to 85.2%.
In contrast, the four new datasets have real-world
column names already abbreviated by their human
creators. Here Table 3 shows that LLMs can exploit
their vast knowledge about real-world abbreviation
patterns to achieve high accuracy, improving EM
accuracies from 63.2-73.8% to 87.6-93.3%. We
conclude that a good benchmark for this problem
should also contain real-world abbreviated column
names, as our four new datasets do.

4 New Accuracy Measures

NameGuess uses three accuracy measures. EM
computes the fraction of columns where the pre-
dicted expansion x exactly matches the gold ex-
pansion g. Word-level F1 is 2PR/(P +R), where
P is the fraction of tokens in x that occur in g,
and R is the fraction of tokens in g that occur in x.
BERT-score F1 is computed similarly, except that
two tokens are considered equivalent if the cosine
similarity score of their BERT-based embedding
vectors is high (Zhang et al., 2023).

Among these three measures, EM is most intu-
itive, but as defined, it is too restrictive. It regards
cases of minor variations, e.g., “geography loca-
tion” vs “geographical location”, “picture credit”
vs “photo credit”, as not matched. To address
this problem, we examined the five datasets de-
scribed in Section 3, and created synonym pairs,
e.g., “geography” = “geographical”, “picture” =
“photo”. Given a gold expansion g, we use these
synonym pairs to create all gold variations, e.g.,
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Table 1: Statistics of the 5 datasets used in our experiments.

Figure 2: The overall architecture of Columbo.

Table 2: NameGuess accuracies without and with syn-
onyms.

creating “geography location” from “geographical
location”. Then we declare that a predicted expan-
sion x matches g if it matches any variation of g.
We call this new measure synonym-aware EM. We
modify word-level F1 and BERT-score F1 similarly
to be synonym aware.

One may wonder if the BERT-based F1 score
captures ideas similar to the synonym-based EM ap-
proach. We found that this is not the case, because
there are many synonyms that are very specific to a
particular vertical. Being trained mostly on public
data, BERT is not aware of such synonyms. Exam-
ples include "time 0" vs "initial", "site" vs "hub",
"log" vs "logarithm", "met" vs "meteorological"
in EDI, "prime" vs "principal" in University, and
"sedol" vs "stock exchange daily official list" in
Finance.

Table 2 shows the accuracies of applying the
NameGuess solution to all five datasets. Clearly,
the accuracy measures without synonyms signifi-
cantly underestimate the true accuracies. For ex-

ample, they show 50.6-70.5% EM, whereas the
measures with synonyms show 63.2-81.5% EM.
Furthermore, the relative ranking of dataset diffi-
culty as measured by the two EM measures does
change. Consider Finance and AW. Table 2 shows
that the EM measure with no synonyms ranks Fi-
nance harder than AW (54.4% vs 64.7%). But the
synonym-aware EM measure ranks Finance easier
than AW (73.8% vs 72.6%). For the rest of this pa-
per, we use the synonym-aware accuracy measures.

5 The Columbo Solution

We now describe the Columbo solution, which
improves upon NameGuess. Given a table T ,
NameGuess sends batches of 10 column names
from T to the LLM. It provides several examples
of column name expansion, e.g., “c_name”→ “cus-
tomer name”, then asks the LLM to expand the
above 10 column names. NameGuess does not
exploit any additional information, e.g., the table
name. In contrast, Columbo exploits the names of
table T and related tables, rules, chain-of-thought
reasoning, token-level analysis, and more.

Specifically, the key insight behind Columbo is
that, to solve this problem well, we should use all
available information and reason at a deeper level.
Consequently, we use LLMs because to expand a
column name correctly, we need a lot of domain
knowledge. LLMs have been trained on tons of
data and can be viewed as very large stores of do-
main knowledge. So applying LLMs to this prob-
lem is promising. Second, we observed that when
expanding column names, LLMs keep making sim-
ilar mistakes. This is why we formulate a set of
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Figure 3: The pseudo code of Columbo.

general rules (in the prompt) telling LLMs not to
make these mistakes. Third, we observed that there
is a well-known chain-of-thought (CoT) process
that a human typically follows to expand a col-
umn name: first expand each token, then combine
these token-level expansions to obtain the column-
level expansion. This suggests that CoT can be
well matched to this problem. Finally, we perform
token-level analysis by identifying tokens with po-
tentially incorrect expansion rules and fixing those.

Figure 2 describes the Columbo architecture,
which consists of 3 modules: Summarizer, Gen-
erator, and Reviser. We now describe these mod-
ules, then discuss the rationales behind the design
decisions.

The Summarizer: This module creates two
kinds of summaries to be used by subsequent mod-
ules (see Lines 1-8 of the algorithm in Figure 3).
Let S be the set of table schemas for which we
want to expand the column names. We first send
batches of k table schemas from S to the LLM,
and ask it to cluster the k tables into groups (cur-
rently k = 30). For each group G, we ask the LLM
to provide a group summary dG, which is a short
English phrase that best summarizes G, and simi-
larly, for each table T in group G, we also ask for
a table summary dT that best summarizes T .

Appendix A.3 shows the prompt for a sample
batch and the output of the LLM. For example,
it shows that 3 tables BusinessEntity(ModDate,
bID,rID), BusinessEntityAddress(ModDate,

aID, aTypeID, bID, rID), BusinessEntityCon-
tact(ModDate, PersonID, bID, cTypeID, rId)
have been clustered into a group, with group
summary “Business Entity Structure”, and that
Table BusinessEntity(ModDate, bID,rID) has the
summary “Represents a generic business entity
that can be a person, vendor, or customer”.

After processing all tables in S (via batches of
up to k tables), we perform a “global merge” that
merges all groups with the same summary. Thus,
the Summarizer produces a clustering of all input
tables into groups, where each group G has a sum-
mary dG, and each table T has a summary dT .

The Generator: This module expands the col-
umn names (see Lines 9-14 of the algorithm in
Figure 3). Specifically, for each table T (in the set
S), we send batches of p columns of T to the LLM,
and ask it to expand the p column names (currently
p = 10). We structure the LLM prompt for each
batch as follows.

First, we provide the context, which
is the name of table T , as well as
the names and table summaries of up to q ta-
bles (randomly sampled) from the same group as
T (currently q = 100).

Second, we specify a set of rules, e.g., “expand
all abbreviations in a column name”, “do not ex-
pand numbers”, “do not add extra words or expla-
nations”, etc.

Finally, unlike NameGuess which just asks the
LLM for the expansion e(c) of a given column
name c, we ask the LLM to provide a chain-
of-thought reasoning that leads to the expansion.
Specifically, we ask the LLM to parse column name
c into a sequence of tokens, then provide the ex-
pansion for each token, then concatenate these ex-
pansions into e(c). We provide a few examples of
such reasoning in the prompt.

Thus, for each input column name c,
this module produces a sequence of tokens
t1 . . . tn, and expansion rules for the tokens:
t1 → e1, . . . , tn → en. We call this output
the E2 record for column c (where “E2” stands for
“expansion & explanation”). The expansion of c is
then the string e1 . . . en. Appendix A.4 shows the
prompt for a sample set of columns and the output
of the LLM.

The Reviser: This module improves upon the
output of the Generator, by identifying tokens with
potentially incorrect expansion rules, then trying
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to fix those (see Lines 15-20 of the algorithm in
Figure 3).

Specifically, we first process the E2 records (out-
put by the Generator) to identify the set P of all
tokens that have more than one expansion rule, e.g.,
dt → date and dt → data. Next, for each token
x ∈ P , we ask the LLM if x should have just one
expansion rule, and if so, to identify that rule.

To help the LLM make the above decisions, we
provide it with the summaries of all groups, and all
expansion rules of token x (that we have identified
from the E2 records). For each expansion rule of
x, we also provide its frequency (i.e., the number
of column names in which that expansion rule is
used), and a sample table schema in which that
expansion rule is used.

We optimize the above process by using a set of
rules to decide which tokens in P to send to the
LLM. For example, if a token x ∈ P has too few
characters (currently set to 1), then we do not send
x to the LLM, because it is likely that x has more
than one correct expansion, e.g., e → employee
and e → electronic.

Suppose the LLM has identified a set Q of pairs
(x, e), where token x should always be expanded
into e. Then we use Q to modify the E2 records
(produced by the Generator). The Reviser outputs
the modified E2 records as final records, and the
expansions of the column names can be quickly
obtained from these E2 records. Appendix A.5
shows the prompt for a sample token and the output
of the LLM.

Discussion: We now discuss the rationales be-
hind the major design decisions. Consider the Gen-
erator. This module asks the LLM to perform chain-
of-thought reasoning in which it translates the col-
umn name into a sequence of tokens, then finds
the expansion of each token. We found that this
improves the LLM’s accuracy. Further, this gives
us the tokens and their expansion rules, which en-
able token-level analysis, such as the one carried
out by the Reviser. We also found that just supply-
ing examples of column name expansion was not
enough. LLMs were still prone to producing incor-
rect output, e.g., adding extra words, explanations,
changing word orders, etc. Adding rules asking the
LLM not to do so helps improve accuracy (see the
experiments).

Intuitively, providing context can help expand
column names. For example, the LLM may in-
correctly expand column RUSS_CD to “Russian

Table 3: The accuracy of Columbo vs. NameGuess

Code”. But being told this column is in Table RUS-
SELL_INDEX, it can correctly expand the column
to “Russell Code”. So we provide the LLM with
the name of the target table T . We also cluster
all the input tables so that we can find the tables
related to T , and provide a subset of these tables
to the LLM, as additional context. To provide this
subset of tables, we can just send their schemas to
the LLM. But it turns out that many of these tables
can have a large number of columns (e.g., 200+),
making their schemas too large. This is why in the
Summarizer we ask the LLM to provide for each
table a short table summary. Then instead of send-
ing the full table schema, we just send the (shorter)
table name and summary.

Now consider the Reviser. If we can provide
the LLM with information about the entire dataset,
i.e., the entire set of table schemas S, it can more
accurately decide if a token x has just one expan-
sion in S (e.g., RUSS should always be expanded
to “Russell”). But sending all table schemas in S
to the LLM is impractical. So in the Summarizer
we ask the LLM to provide a short group summary
for each group of tables, then send the LLM just
the summaries of all groups.

6 Experiments

We now evaluate Columbo, using the five datasets
described in Table 1 (see Section 3). We con-
ducted all experiments using GPT-4o, version gpt-
4o-2024-08-06, with temperature 0, max comple-
tion tokens 6000, and default values for all other
parameters.

Overall Performance: Table 3 compares
Columbo with NameGuess, the state-of-the-art
solution, using the three synonym-aware accuracy
measures described in Section 4. In what follows
we focus on the EM accuracy measure, as it is
most intuitive. First, the table shows that Columbo
significantly outperforms NameGuess on all five
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Table 4: Ablation studies for Columbo.

datasets, improving the absolute EM accuracy by
4-29% and the relative EM accuracy by 4-46%.

Second, NameGuess achieves lower EM accu-
racies on the enterprise (Finance, University, AW)
and science (EDI) datasets, compared to the public
(NG) dataset: 63.2-73.8% vs 81.5%. This suggests
that LLMs perform worse on non-public data (prior
work (Demiralp et al., 2024) has reached the same
conclusion).

Finally, Columbo is able to improve the EM ac-
curacy of NameGuess on the non-public datasets
by a large amount, from 63.2-73.8% to 87.6-93.3%,
but it “struggles” to improve the EM accuracy of
NameGuess on the public dataset NG, from 81.5%
to just 85.2%. We believe this is because many
column names in NG look “unrealistic”, as they
are synthetically abbreviated (as we discussed in
Section 4). So the LLM fails to expand many such
columns, resulting in a small EM improvement.
Overall, the results in Table 3 suggests that a good
benchmark for column name expansion should con-
tain non-public data with real-world abbreviated
column names.

Ablation Studies: We now evaluate the major
components of Columbo. Table 4 shows the EM
accuracies of Columbo (the 2nd column) and the
five Columbo versions in which we remove a major
component. (Appendix A.6 shows the full result
which also contains the remaining two accuracy
measures.)

First we modify Columbo to not exploit any con-
text information, i.e., removing the Summarizer
and disabling using the table and group summaries
in the Generator and Reviser. The EM accuracies
of this Columbo version are reported in Column
“-co” in Table 4.

Second, we modify Columbo to not exploit table
names. Specifically, we need table names in the
Summarizer to create the summaries, so we keep
the Summarizer as is. But we remove all mentions
of table names in the Generator and Reviser, us-

Table 5: Exact Match accuracy of ColumboNG vs.
NameGuess

ing only table summaries where appropriate. The
results are in Column “-t”.

Third, we remove all nine rules used in the Gen-
erator (see Column “-r”). Fourth, we modify the
Generator to not use chain-of-thought reasoning.
The results are in Column “-cot”. Finally, we re-
move the token-level analysis by disabling the Re-
viser, and report the results in Column “-to”.

Table 4 shows that disabling a component typi-
cally leads to a drop in accuracy, sometimes by a lot,
as highlighted in blue in the table, e.g., 92.2% of
Columbo vs 76.6% of “-co” on University, 90.7%
of Columbo vs 63.6% of “-r” on EDI. Occasion-
ally the accuracy increases, as highlighted in red in
the table. But this increase is minimal, from 0.2-
1.7%. Thus, the results suggest that the components
contribute meaningfully to the overall accuracy of
Columbo.

We also examined the case where Columbo uses
exactly the same input information as NameGuess.
To do so, we develop ColumboNG, by removing
the table clustering step and token revision step
of Columbo, as well as the contextual informa-
tion in the prompt of the name expansion step. So
ColumboNG only has access to the column names
(like NameGuess), but it still uses rules, chain-of-
thought reasoning, and in-context learning.

Table 5 shows the results (only for the EM ac-
curacy, for space reasons). The table shows that
compared to the original Columbo, ColumboNG re-
duces the EM accuracy by 1.3-22.9% (see Column
“EM-diff1”). This is as expected. It suggests that
exploiting new information (e.g., the target table
names, the names of other tables, etc.) does help
improve accuracy, in some cases significantly.

But interestingly, even though exploiting the ex-
act same information as NameGuess, ColumboNG
still improves accuracy, by 0.5-21.8% (see Column
“EM-diff2”). This suggests that the innovations
introduced by ColumboNG, such as rules, using
chain-of-thought reasoning, and in-context learn-
ing, do help improve accuracy, in some cases sig-
nificantly.
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Figure 4: Accuracy of Columbo as we vary the batch
size k and the number of columns p.

Sensitivity Analysis: Finally, we examine how
Columbo’s accuracy changes as we vary the major
parameters. Recall that the Summarizer clusters
the tables in batches (of size k). We want to know
how the order in which the tables are processed
impacts the accuracy. So we ran Columbo 3 times,
using the original default table order, and 2 more
orders in which we randomly shuffled the tables.
The results show that the EM accuracy changes
minimally across the three runs, by 0.44-3.58%.
See the full results in Table 14 in Appendix A.7.

Next, we vary k, the number of tables that the
Summarizer clusters in a single batch, from 20 to
40 (the default value for k is 30). Figure 4.a shows
that the EM accuracy for all five datasets fluctuates,
but in a small range. Finally, we vary p, the number
of columns that the Generator processes in a single
batch, from 5 to 15 (the default value is 10). Figure
4.b shows that the EM accuracy fluctuates but again
within a small range. We conclude that Columbo is
robust to small changes in the values of the major
parameters.

Columbo in Production: We briefly describe
how the EDI team has used Columbo in production
on edirepository.org. EDI is an online data lake
where research groups in environmental sciences
submit their data, for other groups to use. EDI has
87K data packages containing 18K tables. To help
researchers find desired tables on EDI, the EDI
team has been trying to assign the concepts from
ESCO, a large ontology that covers environmental
domains, to the columns of the 18K tables.

To date, the EDI team has done such assignments
manually, and progress is slow. In April 2025 they
enlisted our help, asking us to assign ESCO con-
cepts to 36K columns. We frame this problem as
a string matching problem, in which given a table
A of 2K concept names in ESCO and a table B of
36K column names, find all pairs (x ∈ A, y ∈ B)
that match.

This problem is challenging because the column

names are often abbreviated and cryptic. Applying
standard string matching solutions (including using
embedding vectors) to this problem produced very
low accuracy (less than 30% on a labeled dataset).
So we applied Columbo to expand all 36K column
names, before applying standard ML-based string
matching solutions, achieving 83% accuracy on
the labeled dataset. The EDI team examined and
judged the results “immensely helpful”. They have
now incorporated Columbo as a part of their as-
signment workflow. That is, they use Columbo to
expand column names of the new tables, use our
ML-based matcher to match these column names
with ontology concepts, then manually examine the
results returned by the matcher to confirm, reject,
or modify the assignments.

This experience, while anecdotal, suggests that
expanding column names is critical for downstream
tasks, such as assigning ontology concepts, and that
Columbo is already sufficiently accurate to be use-
ful in production of some real-world applications.

Table Name Expansion: Finally, while this pa-
per focuses on column names, we have con-
ducted preliminary experiments with expanding ta-
ble names, on 3 datasets: Finance, University, and
EDI. Asking the LLM to expand the table names,
given the abbreviated column names, produces EM
accuracy of 91.3, 98.31, 61.7%, respectively. Sur-
prisingly, giving the LLM the expanded column
names does not notably improve the EM accuracy,
achieving 91.3, 96.6, and 64.5%, respectively.

We then examined EDI, where the EM accuracy
is lowest, and asked the LLM to expand the ta-
ble names, given the gold column names. Also
surprisingly, this improves the EM accuracy by
only 0.7%. We found that the EDI table names
often use phrases that are not present in the column
names, e.g., for table “EVRT1980_TILLER”, to-
ken “EVRT” does not appear in any column name,
and for table “2006_JD_SnowShrub”, token “JD”
is the name of the data uploader and does not ap-
pear in any column name.

The above result suggests that expanding table
names may require additional information, such
as from textual table descriptions. As a result, we
defer this problem to future research.

7 Related Work

Abbreviation Expansion: This task has been
studied extensively. Many earlier approaches for-
mulate it as a classification problem, i.e., choos-
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ing the most likely expansion from a predefined
candidate set based on surrounding text (Roark
and Sproat, 2014; Gorman et al., 2021; Ammar
et al., 2011; Pouran Ben Veyseh et al., 2020). Other
lines of research expand abbreviations in specific
domains like informal text (Gorman et al., 2021)
and SMS messages (Cai et al., 2022). (Du et al.,
2019) expand prefix-abbreviations in biomedical
text. These works differ from ours as they often rely
on different types of context (e.g., free-form text)
or target different abbreviation styles than those
found in tables.

The work most closely related to ours is
NameGuess (Zhang et al., 2023), which specif-
ically expand abbreviated column names in ta-
bles. NameGuess introduced a benchmark dataset
(based on synthetic abbreviations) and showed
the potential of LLMs, even outperforming fine-
tuned models with one-shot prompting. How-
ever, NameGuess relies on the column names
themselves, without incorporating table names or
broader schema context, and their evaluation was
limited to a single public dataset. Another rele-
vant study (Luoma and Kumar, 2025) also inves-
tigates abbreviated column names but focuses on
identifying the level of abbreviation and analyzing
its impact on downstream tasks like natural lan-
guage queries, rather than proposing an expansion
method. Our work leverages richer schema context
and more sophisticated LLM prompting techniques
for improved expansion accuracy. Finally, the work
(Anonymous, 2025) follows up on (Zhang et al.,
2023) and focuses on generating more realistic ab-
breviations from English phrases.

Table Understanding and Enrichment: Ex-
panding abbreviated column names is a specific
instance of the broader goal of enriching table meta-
data to enhance data understanding (Fang et al.,
2024), discovery (Freire et al., 2025), and usabil-
ity for downstream tasks. Table-to-text (Zhao
et al., 2023b,a; Kasner et al., 2023; Yang et al.,
2022; Gong et al., 2019) and table question answer-
ing (Pal et al., 2023; Xie et al., 2022; Herzig et al.,
2020) aim at developing models able to understand
structured tabular data and natural language ques-
tions to perform reasoning and tasks across tables.

A significant body of work (Deng et al., 2022;
Feuer et al., 2024; Hulsebos et al., 2019; Suhara
et al., 2021; Zhang et al., 2020; He et al., 2021;
Hulsebos et al., 2023) focuses on inferring the
semantic type of data within table columns (e.g.,

tagging columns as ’zip code’, ’address’, ’date’).
While related, semantic type detection differs fun-
damentally from our task; it is typically framed
as a classification problem (assigning a type from
a predefined ontology) based on column values,
whereas we focus on generating a natural language
expansion based on the abbreviated column name
and schema context.

LLMs have also been employed to generate nat-
ural language descriptions for tables (Gong et al.,
2020; Zhang et al., 2025; Gao and Luo, 2025;
Anonymous, 2024; Han et al., 2025) or individual
columns (Wretblad et al., 2024). These descrip-
tions provide valuable semantic context but do not
directly address the problem of resolving cryptic
abbreviations within column names themselves.

Other related tasks involve matching schemas
across different tables or mapping table columns
to concepts in external knowledge graphs or on-
tologies, often leveraging LLMs for their semantic
understanding capabilities (Lobo et al., 2023; Yang
et al., 2025; Vandemoortele et al., 2024).

8 Conclusion

Expanding the abbreviated column names for tabu-
lar data is critical for many downstream NLP tasks.
In this paper we have significantly advanced the
state of the art for this problem. First, we showed
that synthetic public data used by prior work is not
sufficient for experiments, and we introduced four
new datasets in enterprise/science domains, with
real-world abbreviations. Second, we showed that
accuracy measures used by prior work undercount
correct expansions, and we proposed new synonym-
aware measures that capture accuracy much more
accurately. Finally, we developed Columbo, a pow-
erful LLM-based solution, and described exten-
sive experiments, which show that Columbo out-
performs prior work by 4-29% accuracy on five
datasets.

For future work we will explore improving
Columbo, exploiting data tuples where available,
using in-house LLMs, and developing solutions to
expand abbreviated table names.
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9 Limitations

A limitation of our work is that so far we only
consider using table names and column names as
the input to expand column names. In real-world
datasets, tables could contain additional metadata
and data tuples may be available that could provide
useful context. Furthermore, some datasets include
taxonomic information, which could enhance our
summarization and local clustering process. We
focus on table and column names because they are
typically the most essential and consistently avail-
able metadata across datasets. Moreover, domain-
specific abbreviations are also common and can aid
in column name expansion. A potential improve-
ment is to incorporate domain knowledge into the
prompting process to enable more accurate expan-
sion of such abbreviations.

References
Waleed Ammar, Kareem Darwish, Ali El Kahki, and

Khaled Hafez. 2011. Ice-tea: in-context expansion
and translation of english abbreviations. In Interna-
tional Conference on Intelligent Text Processing and
Computational Linguistics, pages 41–54. Springer.

Anonymous. 2024. Tabmeta: Table metadata genera-
tion with LLM-curated dataset and LLM-judges. In
Submitted to ACL Rolling Review - June 2024. Under
review.

Anonymous. 2025. Realistic training data generation
and rule enhanced decoding in LLM for nameguess.
In Submitted to ACL Rolling Review - December
2024. Under review.

Shanqing Cai, Subhashini Venugopalan, Katrin
Tomanek, Ajit Narayanan, Meredith Morris, and
Michael Brenner. 2022. Context-aware abbrevia-
tion expansion using large language models. In Pro-
ceedings of the 2022 Conference of the North Amer-
ican Chapter of the Association for Computational
Linguistics: Human Language Technologies, pages
1261–1275, Seattle, United States. Association for
Computational Linguistics.

Çagatay Demiralp, Fabian Wenz, Peter Baile Chen, Moe
Kayali, Nesime Tatbul, and Michael Stonebraker.
2024. Making llms work for enterprise data tasks.
CoRR, abs/2407.20256.

Xiang Deng, Huan Sun, Alyssa Lees, You Wu, and
Cong Yu. 2022. TURL: table understanding through
representation learning. SIGMOD Rec., 51(1):33–40.

Xiaokun Du, Rongbo Zhu, Yanhong Li, and Ashiq An-
jum. 2019. Language model-based automatic prefix
abbreviation expansion method for biomedical big
data analysis. Future Generation Computer Systems,
98:238–251.

Xi Fang, Weijie Xu, Fiona Anting Tan, Jiani Zhang,
Ziqing Hu, Yanjun Qi, Scott Nickleach, Diego Socol-
insky, Srinivasan Sengamedu, and Christos Faloutsos.
2024. Large language models (llms) on tabular data:
Prediction, generation, and understanding–a survey.
arXiv preprint arXiv:2402.17944.

Benjamin Feuer, Yurong Liu, Chinmay Hegde, and Ju-
liana Freire. 2024. Archetype: A novel framework
for open-source column type annotation using large
language models. Proc. VLDB Endow., 17(9):2279–
2292.

Juliana Freire, Grace Fan, Benjamin Feuer, Christos
Koutras, Yurong Liu, Eduardo Peña, Aécio S. R. San-
tos, Cláudio T. Silva, and Eden Wu. 2025. Large
language models for data discovery and integration:
Challenges and opportunities. IEEE Data Eng. Bull.,
49(1):3–31.

Yingqi Gao and Zhiling Luo. 2025. Automatic database
description generation for text-to-sql. arXiv preprint
arXiv:2502.20657.

Heng Gong, Xiaocheng Feng, Bing Qin, and Ting Liu.
2019. Table-to-text generation with effective hier-
archical encoder on three dimensions (row, column
and time). In Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natu-
ral Language Processing (EMNLP-IJCNLP), pages
3143–3152, Hong Kong, China. Association for Com-
putational Linguistics.

Heng Gong, Yawei Sun, Xiaocheng Feng, Bing
Qin, Wei Bi, Xiaojiang Liu, and Ting Liu. 2020.
TableGPT: Few-shot table-to-text generation with
table structure reconstruction and content matching.
In Proceedings of the 28th International Conference
on Computational Linguistics, pages 1978–1988,
Barcelona, Spain (Online). International Committee
on Computational Linguistics.

Kyle Gorman, Christo Kirov, Brian Roark, and Richard
Sproat. 2021. Structured abbreviation expansion in
context. In Findings of the Association for Computa-
tional Linguistics: EMNLP 2021, pages 995–1005,
Punta Cana, Dominican Republic. Association for
Computational Linguistics.

Donghee Han, Seungjae Lim, Daeyoung Roh, Sangryul
Kim, Sehyun Kim, and Mun Yong Yi. 2025. Leverag-
ing llm-generated schema descriptions for unanswer-
able question detection in clinical data. In Proceed-
ings of the 31st International Conference on Compu-
tational Linguistics, pages 10594–10601.

Paul Hanson. 2025. Environmental Data Initiative.
[link].

Yeye He, Jie Song, Yue Wang, Surajit Chaudhuri, Vishal
Anil, Blake Lassiter, Yaron Goland, and Gaurav Mal-
hotra. 2021. Auto-tag: Tagging-data-by-example in
data lakes.

24783

https://openreview.net/forum?id=NXYVm3AjG2
https://openreview.net/forum?id=NXYVm3AjG2
https://openreview.net/forum?id=p9HwzYjFLe
https://openreview.net/forum?id=p9HwzYjFLe
https://doi.org/10.18653/v1/2022.naacl-main.91
https://doi.org/10.18653/v1/2022.naacl-main.91
https://doi.org/10.48550/ARXIV.2407.20256
https://doi.org/10.1145/3542700.3542709
https://doi.org/10.1145/3542700.3542709
https://www.vldb.org/pvldb/vol17/p2279-freire.pdf
https://www.vldb.org/pvldb/vol17/p2279-freire.pdf
https://www.vldb.org/pvldb/vol17/p2279-freire.pdf
http://sites.computer.org/debull/A25mar/p3.pdf
http://sites.computer.org/debull/A25mar/p3.pdf
http://sites.computer.org/debull/A25mar/p3.pdf
https://doi.org/10.18653/v1/D19-1310
https://doi.org/10.18653/v1/D19-1310
https://doi.org/10.18653/v1/D19-1310
https://doi.org/10.18653/v1/2020.coling-main.179
https://doi.org/10.18653/v1/2020.coling-main.179
https://doi.org/10.18653/v1/2021.findings-emnlp.85
https://doi.org/10.18653/v1/2021.findings-emnlp.85
https://edirepository.org/
https://arxiv.org/abs/2112.06049
https://arxiv.org/abs/2112.06049


Jonathan Herzig, Pawel Krzysztof Nowak, Thomas
Müller, Francesco Piccinno, and Julian Eisenschlos.
2020. TaPas: Weakly supervised table parsing via
pre-training. In Proceedings of the 58th Annual Meet-
ing of the Association for Computational Linguistics,
pages 4320–4333, Online. Association for Computa-
tional Linguistics.

Madelon Hulsebos, Paul Groth, and Çagatay Demiralp.
2023. Adatyper: Adaptive semantic column type
detection.

Madelon Hulsebos, Kevin Zeng Hu, Michiel A. Bakker,
Emanuel Zgraggen, Arvind Satyanarayan, Tim
Kraska, Çagatay Demiralp, and César A. Hidalgo.
2019. Sherlock: A deep learning approach to seman-
tic data type detection. In Proceedings of the 25th
ACM SIGKDD International Conference on Knowl-
edge Discovery & Data Mining, KDD 2019, pages
1500–1508. ACM.
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A Appendix

A.1 Sample Column Names & Gold
Expansions

Figures 5-6 show sample column names and gold
expansions for the datasets AW and EDI, respec-
tively.

A.2 Creating the Datasets

We now describe how the datasets for our experi-
ments were created.

NameGuess (NG): This dataset is provided
by (Zhang et al., 2023). It comes from the tables
provided by government data portals (San Fran-
cisco, Los Angeles, and Chicago). Upon using the
original gold expansions provided by the authors,
we manually curated some of the gold expansions
where the original gold expansion did not match
the abbreviated column names. For example, if
the original abbreviated column is ‘b_stop’, but the
gold expansion is ‘bus stop only’, we will remove
‘only’ and use ‘bus stop’ as the gold expansion.

Finance & University: They are two proprietary
customer datasets from companies in the finance
and university domains, they natively include table
names, abbreviated column names, and detailed
column descriptions, which we used to manually
derive the gold expansions.

Environmental Data Initiative (EDI): This
dataset comes from the (Hanson, 2025) platform, a
repository rich in ecological data, containing over
18,000 tables from 27 US ecological sites. We ran-
domly sampled 251 tables from the EDI platform,
and used the extensive provided metadata (project

details, table/column descriptions) to manually cre-
ate gold expansions for the originally abbreviated
column names.

Adventure Works (AW): This dataset is based
on the Adventure Works sample database, represen-
tative of common enterprise schemas. Its original
schema contains full-form names. But in a separate
project the participants have manually abbreviated
the column names using the table context. We
manually reviewed these human-generated abbre-
viations and verified or corrected gold expansions.

Across all datasets, there were instances where
determining a definitive gold expansion with high
confidence was impossible due to ambiguity or
insufficient metadata. For example, in the EDI
dataset, there are column names ‘x’ and ‘y’ and
no definition is provided. In such cases we cannot
determine the gold expansion for these columns.
As another example, in the EDI dataset, in the ‘d-
1cr23x-cr1000.daily.ml.data’ table, there is a col-
umn named ‘airtemp_hmp1_max’, however there
is no definition of the token ‘hmp’ and we cannot
find other information about the token ‘hmp’ in
other entries of the project metadata. Moreover,
LLM may generate various possible expansions for
this token and we cannot determine which one is
correct as we are not domain experts.

Such columns were excluded from the calcula-
tion of evaluation metrics. However, they were
retained as part of the input schemas provided to
the models, as they still contribute valuable con-
textual information about the table’s structure and
domain.

A.3 Sample LLM Prompt and Output for the
Summarizer

Figure 7 shows a sample prompt to the LLM to
ask it to cluster 10 given tables. Figure 8 shows a
sample output from GPT-4o for the above prompt.

A.4 Sample LLM Prompt and Output for the
Generator

Figure 9 shows a sample prompt to the LLM to ask
it to expand 4 column names from a table. Simi-
lar prompts are used by the Generator (but asking
the LLM to expand 10 column names). Figure 10
shows a sample output from the LLM for the above
prompt.
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(a) Table name: Address (b) Table name: FactCallCenter (c) Table name: PurchaseOrderHeader

Figure 5: Sample column names and gold expansions for the AW dataset.

(a) Table name: d-1cr23x-
cr1000.daily.ml.data

(b) Table name: ST_PP_Lahee_002 (c) Table name:
EDI_ASB_SampleDay_122723

Figure 6: Sample column names and gold expansions for the EDI dataset.

A.5 Sample LLM Prompt and Output for the
Reviser

Figure 11 shows a sample prompt to the LLM ask-
ing if a given token has a unique expansion. Similar
prompts are used by the Reviser. Figure 12 shows
a sample output by GPT-4o that determines that the
given token does not have a unique expansion.

A.6 Ablation Studies
Figure 13 shows the full result of the ablation stud-
ies, as we examine the effect of five major compo-
nents of Columbo.

A.7 Sensitivity Analysis
Figure 14 shows the full result of the sensitivity
analysis with respect to the ordering of tables for
the Summarizer.
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Figure 7: A sample prompt to the LLM to ask it to cluster 10 tables from the AW dataset. Similar prompts are used
by the Summarizer (but sending 30 tables to the LLM).
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Figure 8: A sample output by GTP-4o, in response to the prompt in Figure 7. Note how the LLM groups the 10
input tables into 5 groups, with 2, 3, 3, 1, 1 tables in each group, respectively. The first group has the summary
“System Metadata” and has 2 tables. The second group has the summary “Geographic and Address Data” and has 3
tables, and so on. Note also that the LLM produces for each table a short summary.
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Figure 9: A sample prompt to the LLM to ask it to expand 4 column names of a table. Similar prompts are used by
the Generator, but asking to expand up to 10 column names. Note how we provide the names and summaries of
some related tables, the rules, examples of CoT reasoning. Then we finally provide the 4 abbreviated column names
(and the table name) in the last three lines of the prompt, and ask the LLM to expand those column names.
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Figure 10: A sample output from GPT-4o that provides the E2 records for the 4 column names mentioned in the
prompt of the previous figure.

Figure 11: A sample prompt asking the LLM if the token “cond” has a unique expansion.
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Figure 12: A sample output from GPT-4o stating that token “cond” does not have a unique expansion rule (see the
last line of the sample output.
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(a) The ablation study where Columbo does not exploit
contexts.

(b) The ablation study where Columbo does not exploit
table names.

(c) The ablation study where Columbo does not exploit
rules.

(d) The ablation study where Columbo does not exploit
CoT reasoning.

(e) The ablation study where Columbo does not exploit
token-level analysis.

Figure 13: The Ablation studies of Columbo

Figure 14: The accuracy of Columbo as we try three different orderings of the tables, for the Summarizer.
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