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1 Research Overview
Neural Language Models have become central to Natu-
ral Language Generation (NLG) research and can pro-
duce fluent and coherent text (Badaro et al., 2023). How-
ever, when models generate text from complex, struc-
tured or long-form data such as tables or event logs,
they often hallucinate and introduce factual errors (Ja-
covi et al., 2025; Rebuffel et al., 2021). These halluci-
nations limit the practical deployment of large language
models (LLMs) in applications where factual accuracy is
critical. In my research, factual accuracy refers to the
faithfulness of the generated text to the given input data.
My PhD focuses on reducing hallucinations and improv-
ing factual accuracy in data-to-text generation, which I
address through two core approaches: (i) analysing how
input quality and structure improve factual accuracy, and
(ii) developing a manual error annotation protocol and ex-
tending it into an LLM-as-Judge framework. This work
aims to assess when automatic evaluation can comple-
ment human annotation and enable larger-scale evalua-
tion.

Past work: In my initial work (Sundararajan et al.,
2022), I fine-tuned a T5-base model (Raffel et al.,
2023) on the ToTTo dataset (Parikh et al., 2020) using
the published configuration and compared its outputs
with two GeM benchmark models (Gehrmann et al.,
2021), which at the time represented the top-performing
ToTTo baselines as ranked by PARENT, BLEURT,
and BLEU. Using a manual error annotation protocol
adapted from Thomson et al. (2023), extended to in-
clude DATE-DIMENSION and NON-ENGLISH error
categories, I analysed more than 3,000 outputs in the
politics domain and categorised errors into eight types
(WORD, NAME, NUMBER, DATE-DIMENSION,
CONTEXT, NOTCHECKABLE, NON-ENGLISH,
and OTHER).

• By capturing factual errors more effectively than
surface-level automatic metrics, this protocol re-
vealed systematic weaknesses such as verb mispre-
dictions, numeric swaps, and hallucinations around
dates and demonstrated limitations that BLEU (Pa-

pineni et al., 2002) and similar metrics fail to detect,
reflecting broader evaluation challenges discussed in
Gehrmann et al. (2022).

• The analysis also highlighted challenges when rea-
soning over complex tables, especially for tables
with more than 20 rows.

• The annotation protocol achieved substantial inter-
annotator agreement between two independent an-
notators (Cohen’s Kappa = 0.79) on a 10% subset
of the outputs, confirming the reliability of the cate-
gories (see Appendix A for the procedure).

Building on this, I investigated whether hallucinations
in neural table-to-text models can be traced back to prob-
lems in the tabular input in the ToTTo dataset (Sun-
dararajan et al., 2024). I manually annotated 1,837
outputs in the politics domain using a further-adapted
protocol that included an ADDITION category and ex-
cluded NON-ENGLISH. On a 6.5% overlapping subset
of the outputs (120 in total) annotated independently
by three annotators, the annotation achieved substantial
inter-annotator agreement (Fleiss’ Kappa = 0.622).

• This analysis identified several recurring input prob-
lems: non-atomic cell values, insufficient input,
longer table inputs, complex tables, and other pol-
itics domain-specific input problems.

• I then systematically corrected the non-standard tab-
ular inputs to a standard form (see Appendix B).
Across 210 samples, input correction reduced fac-
tual errors by 62% in T5-base and 57% in T5-large.

• I extended this to Llama2 models (Touvron et al.,
2023), correcting inputs decreased factual errors by
52% for Llama2–7B and 76% for Llama2–13B.

These results demonstrate that many hallucinations
arise from garbage-in, garbage-out effects: poorly struc-
tured inputs lead to more factual errors, while corrected
inputs substantially improve factual accuracy. This find-
ing is consistent with prior work, which shows that im-
proving inputs in NLG datasets leads to better outputs
(Dušek and Kasner, 2020).
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Recent work: In this work (accepted at INLG 2025),
I investigated how different input structures influence
the factual accuracy of LLM-generated NBA game sum-
maries from play-by-play data. This is a challeng-
ing text generation task with over 450 rows and 13
columns because play-by-play data contains rich infor-
mation about plays, including entities (teams and play-
ers), events/actions (e.g., jump shot, layup, dunk, free
throw, rebound), outcomes (missed or made for any at-
tempt), and attributes (score, time, period, distance).
To empirically study the impact of input structuring on
model output, we experimented with three input data
formats: unstructured (control), row-based, and JSON,
and generated 180 summaries using Llama3.1-70B and
Qwen2.5-72B (Qwen et al., 2025).

We manually annotated factual errors using a further
adapted protocol that distinguishes WORD-OBJECTIVE
(fact-checkable) from WORD-SUBJECTIVE (opinion).
Error counts were normalised to ‘errors per 100 words’.

• A two-way repeated-measures ANOVA on input
structure (unstructured, row-based, JSON) revealed
significant main effects on error rates (p < 0.05).

• JSON inputs cut error rates by 69% for Llama3.1-
70B and 65% for Qwen2.5-72B versus unstruc-
tured text. Row-based inputs cut errors by 54%
for Llama3.1-70B and 51% for Qwen2.5-72B, and
switching from row-based to JSON cuts errors
by another 32% for Llama3.1-70B and 27% for
Qwen2.5-72B.

• Error-type analysis shows Llama3.1-70B produces
more numeric mistakes, whereas Qwen2.5-72B
makes more naming and subjective-wording errors.
Word objective errors are predominant among both
models.

These findings demonstrate that structured input repre-
sentations substantially improve factual accuracy in com-
plex, event-driven summarisation tasks such as sports re-
porting, although limitations remain in scaling manual
annotations and in generalizing to other domains.

Ongoing and future work: The recent study shows
that structured inputs improve factual accuracy but also
expose the limits of manual evaluation, which is costly
and difficult to scale. To address this, I am develop-
ing an LLM-as-Judge framework that operationalises my
human error annotation protocol into structured prompts
and directs judge LLMs to assess atomic factual claims
against play-by-play input logs. I will evaluate agree-
ment with human annotations using accuracy metrics and
determine when automatic judgments can reliably com-
plement manual ones. As part of this ongoing work,
I plan to extend the automatic evaluation framework to

other event-driven sports such as ice hockey to examine
its generalizability.

2 Biography
Barkavi Sundararajan is a final-year PhD student in Com-
puter Science at the University of Aberdeen. Her research
interests lie in reducing hallucinations and improving fac-
tual accuracy in data-to-text generation, with a particular
focus on developing reliable models and robust evalua-
tion methods for factuality. She is a part-time Data Sci-
entist intern at the UK Ministry of Justice, where she cod-
ifies free-text assessments from large-scale datasets into
structured data to support projects such as Safer Streets
UK. She plans to pursue a career as a research scien-
tist or applied scientist at the intersection of natural lan-
guage processing and high-stakes decision-making do-
mains (where factual accuracy is critical).

3 Questions for Senior Researchers
1. What role can knowledge graphs play in improving

factuality in neural NLG for long-form inputs, com-
pared with other approaches such as retrieval or in-
put restructuring?

2. How can one best approach the transition from a
PhD in NLG to Research Scientist or Applied Sci-
entist roles in industry labs?

3. As a PhD student, how can I identify NLG projects
that are both publishable on standard benchmarks
and meaningful for real-world, high-stakes applica-
tions?

4. Which research directions are most likely to advance
NLG in the coming years?

5. How can we design evaluation methods for NLG
that scale beyond small manual annotations while
still capturing factual accuracy and reducing re-
liance on surface-level metrics?

4 Topics for Roundtable Discussions with
Peers

1. The Role of Input Representation and Formatting in
Generation Quality

2. Generalizing Factuality Evaluation: Bridging
Closed Benchmarks and Real-World Complex
Domains (sports, finance, or healthcare)

3. Scaling Evaluation: Designing Protocols that re-
main reliable while Reducing Cost and Annotation
Effort

4. Navigating Career Paths from Academia: Opportu-
nities and Challenges
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Appendices
A Inter-Annotation Procedure for

Participants

1. Guidelines. For the ToTTo and NBA play-by-play
summaries annotations, I provided a detailed docu-
ment defining the error categories with examples.

2. Recruitment. I initially recruited four annotators
for the ToTTo task (Sundararajan et al., 2024); two
did not proceed beyond the pilot stage after a qual-
ity check. Two trained annotators and I completed
the final ToTTo annotations. For the NBA task, two
qualified annotators started; one of them withdrew
due to time constraints. The other annotator and
I completed the annotations for NBA game sum-
maries.

3. Clarification. Before the main task, I held short
clarification sessions (meetings and emails) to en-
sure a shared understanding of the guidelines.

4. Annotation. Annotators completed their assigned
samples independently and uploaded their annota-
tion files via a Microsoft form.

5. Compensation. For the NBA task, the external an-
notator received a minimum payment of C35.

B Input Data Corrections and Output Text
We followed a systematic procedure to apply man-
ual fixes identified in specific input problems in the
ToTTo politics-domain dataset, as detailed in Sundarara-
jan et al. (2024). A simple pseudocode is presented,
where the Algorithm 1 takes tabular data and title (meta-
data) from ToTTo as input parameters to execute six
functions to gather insights and make corrections to
each of the input problems. The first two functions,
DATASIZEMANAGEABLEFORLONGTABLE and IDEN-
TIFYLEADERNAMEORDER do not correct the tabular in-
put but provide insights on the input problems leading
to factual errors in the outputs. The other four func-
tions, CORRECTNONATOMICCELLS, UPDATEHEAD-
ERS, ADDRESSMISSINGVALUES, and REPLACESYM-
BOLS correct the input problems as presented in the pa-
per.

Function summaries.

DATASIZEMANAGEABLEFORLONG-
TABLE(tabularData)
checks size thresholds (default: ≤ 20 rows, ≤ 10
columns); returns a boolean.

IDENTIFYLEADERNAMEORDER(tabularData, title)
extracts the leader name from the title and
scans rows to record the name sequence; returns
(leaderNameFromTitle, recordedData).

CORRECTNONATOMICCELLS(tabularData)
splits multi-valued cells into atomic columns; returns
whether any corrections were made.

UPDATEHEADERS(tabularData)
fixes nested/misaligned headers; returns whether any cor-
rections were made.

ADDRESSMISSINGVALUES(tabularData)
fills missing cells from local context; returns whether any
corrections were made.

REPLACESYMBOLS(tabularData)
normalises domain-specific symbols and party abbrevia-
tions; returns whether any corrections were made.

https://doi.org/10.18653/v1/2022.gem-1.43
https://doi.org/10.18653/v1/2024.naacl-long.408
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Algorithm 1 Manual Correction Procedure for ToTTo Tabular Input
function MAINCORRECTIONPROCEDURE(tabularData, title)

if not DATASIZEMANAGEABLEFORLONGTABLE(tabularData) then
return "Please simplify the tabular data with fewer records", null

end if
leaderName, recordedData← IDENTIFYLEADERNAMEORDER(tabularData, title)
correctionsMade← false
correctionsMade← CORRECTNONATOMICCELLS(tabularData) or correctionsMade
correctionsMade← UPDATEHEADERS(tabularData) or correctionsMade
correctionsMade← ADDRESSMISSINGVALUES(tabularData) or correctionsMade
correctionsMade← REPLACESYMBOLS(tabularData) or correctionsMade
if correctionsMade then

return tabularData, "Leader Data: " + recordedData ▷ "Returns corrected input"
else

return tabularData, "Leader Data: " + recordedData ▷ "Returns original input, if no issues"
end if

end function

Algorithm 2 Verify the number of rows and columns in Longer Tabular Input
function DATASIZEMANAGEABLEFORLONGTABLE(tabularData)

maxRows← 20 ▷ Maximum allowable number of rows for the chosen models
maxCols← 10 ▷ Maximum allowable number of columns for the chosen models
return (length(tabularData) ≤ maxRows) and (length(tabularData[0]) ≤ maxCols) ▷ Both conditions

must be true for returning true.
end function
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Algorithm 3 Identify Leader Name Order in Title and Rows
function IDENTIFYLEADERNAMEORDER(tabularData, title)

leaderNameFromTitle← ExtractLeaderNameFromTitle(title)
leaderNamesFromRows← [ ]
for each row in tabularData do

for each cell in current row do
if leader_name is found in cell then

Add leader_name to leaderNamesFromRows ▷ Preliminary step: Record leader’s names from
rows

end if
end for

end for
if leaderNameFromTitle is not None then ▷ Scenario 1: Leader’s name found in title

recordedData← [ ] ▷ Initialize empty list to store sequential order of leader names
Add leaderNameFromTitle to recordedData
for each leader_name in leaderNamesFromRows do

Add leader_name to recordedData
end for
return leaderNameFromTitle, recordedData ▷ for example, this returns "Leader b", ["Leader b",

"Leader a", "Leader b", "Leader c"]
else ▷ Scenario 2: Leader name not found in title

if length of leaderNamesFromRows > 0 then ▷ when leader’s name is found in at least one or more
rows

recordedData← "Leader name not in title"
for each leader_name in leaderNamesFromRows do

Add leader_name to recordedData
end for
return leaderNameFromTitle, recordedData ▷ for example, this returns None, ["Leader name not

in title", "Leader a", "Leader b", "Leader c"]
else ▷ Scenario 3: Leader name not found in title or rows

return leaderNameFromTitle, "Leader name not found"
end if

end if
end function

Algorithm 4 Correct Non-Atomic Cells
function CORRECTNONATOMICCELLS(tabularData)

correctionsMade← false
for all cell in tabularData do

if CellIsNonAtomic(cell) then
CorrectCell(cell) ▷ Separate multiple atomic values into individual columns
correctionsMade← true

end if
end for
return correctionsMade

end function
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Algorithm 5 Update Column Headers to Atomic cells
function UPDATEHEADERS(tabularData)

correctionsMade← false
for all column in tabularData do

if HeaderIsIncorrect(column) then
UpdateHeader(column) ▷ Fix nested column and row headers
correctionsMade← true

end if
end for
return correctionsMade

end function

Algorithm 6 Address Missing cell Values
function ADDRESSMISSINGVALUES(tabularData)

correctionsMade← false
for all row in tabularData do

if RowHasMissingValues(row) then
FillCellValues(row) ▷ Pass the right missing cells from the table
correctionsMade← true

end if
end for
return correctionsMade

end function

Algorithm 7 Replace Politics Domain-Specific Symbols and Abbreviate Party Names with correct semantics
function REPLACESYMBOLS(tabularData)

correctionsMade← false
for all cell in tabularData do

if CellContainsDomainSpecificSymbols(cell) then
SubstituteSymbolWithEquivalent(cell) ▷ Pass the right semantic replacing symbols in the input

else if CellContainsPartyAbbreviations(cell) then
AbbreviatePartyNames(cell) ▷ Replace party name abbreviations
correctionsMade← true

end if
end for
return correctionsMade

end function
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