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ABSTRACT

Recent advances in computer vision and natural language processing open new possibilities
for reading and translating ancient cuneiform texts: in this work, we tackle one of the most
ancient and obscure languages, spoken by the Sumerians, a grandiose civilization that flour-
ished in the Near East around 2000 BCE and vanished millennia ago, leaving us with only
a few scant testimonies. We focus on two main tasks: first, we exploit image-classification
techniques to isolate and recognize individual characters from high-resolution tablet images.
Then, we attempt to translate Sumerian into English via Transformer-like architectures.

The complete code is available in the following GitHub repository: https://github.com/

samusamu2/AI-project-SuBERT

1 INTRODUCTION

Deciphering ancient languages has always
been a fundamental task in historical stud-
ies. The interest in such a problem is quite
old, but serious decipherments did not take
place until the 18th century, the most fa-
mous case being the one of Egyptian hi-
eroglyphs. Their decipherment only took
place in 1822, with Champollion’s work on
the Rosetta Stone, a trilingual inscription
containing text in classical hieroglyphs, de-
motic, and Greek. Clearly, the compari-
son with a known language is considered
to be a starting point for decipherment, al-
lowing researchers to exploit heuristic tech-
niques, based on philological and linguistic
knowledge. Indeed, a large number of suc-

cessful decipherments came from multilin-
gual inscriptions, or more generally, by the
study of languages close to the target one.
Sumerian language, which is the focus of
our project, makes no exception: its deci-
pherment has been a long, multi-stage pro-
cess, based on comparison with Akkadian
language, which was itself understood only
when compared to Old Persian.

With the rise of new technologies, com-
putational approaches to decipherment are
becoming a valid line of research. For
instance, in [LCB19], a machine learning
model was able to re-decipher Linear B
and Ugaritic, exploiting data from two sim-
ilar languages, respectively Greek and He-
brew. Nevertheless, automatic decipher-
ment presents various difficulties, the lack

“We chose this name for our report in the spirit of the playful naming convention in the NLP community,
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of parallel data and the scarcity of ancient
texts being the most evident. Moreover, as
each decipherment requires a huge domain-
specific knowledge, realizing a single model
which works on multiple languages is ab-
solutely non-trivial. That being said, com-
putational approaches certainly offer a valid
help, at the very least in speeding up tasks
that are usually carried out in years of work,
such as capturing linguistic relationships
with known languages.

Our intent with this project is to “test”
the power of Al models in this context
by concentrating on a well-understood lan-
guage. A notable example in such a sense
is Google’s Fabricius, which enables recog-
nition and translation of Egyptian hiero-
glyphs. With this example in mind, we de-
cided to focus on Sumerian cuneiform, a
language which is widely studied, but prob-
ably less “popular” than hieroglyphic.

2 DATASET

In our project, we relied on the SumTablets
datasets curated by Cole Simmons, Richard
Diehl Martinez, and Prof. Dan Juraf-
sky.  Their work, which can be found
in their GitHub repository, distributed
through HuggingFace and licensed under
the Creative Commons Attribution 4.0 In-
ternational, allowing for its adaptation and
reuse with proper credit. We now stick to
a basic description of the dataset, and refer
the interested reader to the aforementioned
GitHub repository and the related [SDJ24].

Top 20 Sumerian Character Frequencies
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Figure 1: Top sumerian characters

2.1 DATA ANALYSIS

We performed data analysis on a dataset
obtained by merging SumTablets and
SumTablets.English, thus containing, for
each glyph inscription: the period in which
it was written, the genre (e.g., administra-
tive, royal inscription etc.), the translitera-
tion, and the English translation. We first
compared the text length distribution in
translation and transliteration, discovering
a very similar distribution. We also visual-
ized the most frequent Sumerian characters
(see fig. 1), as well as most frequent English
words in translation, and then we clustered
the latter by topic (see fig. 2.1) via Latent
Dirichlet Allocation.
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Figure 2: Top words per topic.

As a first assessment of the quality of trans-
lations in the dataset, we plotted the num-
ber of tokens in translation versus translit-
eration; graphically, the scaling seems ap-
proximately linear, and this relationship
becomes stronger if the texts are sub-
categorized by their genre (see fig. 3).
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Figure 3: Token count.

This makes sense: clearly, an administrative
document will be much more “neutral” in
style than, say, a literary inscription, thus
requiring a more “basic” translation for the
same number of tokens in transliteration. A
similar trend emerges if texts are subcate-
gorized by time periods.

3 VISION TASK:
GLYPHS

RECOGNIZING

As a first step, we decided to trans-
late raw tablet imagery into structured,
machine-readable representations of indi-
vidual glyphs. At a high level, we desired
to have our pipeline:

- locate each discrete sign in a photo-
graph or scan of a tablet,

- isolate it from surrounding noise (e.g.,
cracks, erosion, background texture),

- produce a normalized image patch
or feature description amenable to
downstream classification or translit-
eration.

Achieving these goals is nontrivial:
cuneiform characters can be densely clus-
tered, overlap slightly, or exhibit fragmen-
tary strokes; lighting conditions, surface
wear, and uneven clay coloration further
complicate reliable sign detection. In prac-
tice, a variety of techniques, ranging from
classical image-processing (thresholding,

edge detection, connected-component anal-
ysis) to more modern learning-based meth-
ods (feature-extraction networks, region-
proposal frameworks, semantic/instance
segmentation), may be applied. The ob-
jective is not only to draw tight bound-
ing boxes around each wedge but also to
assign each glyph a consistent orienta-
tion and scale, even when parts of it are
chipped away or obscured. By solving this
“glyph-localization” problem in a robust
manner, we hoped that subsequent recog-
nition and transliteration stages operate
on clean, well-aligned inputs. Key chal-
lenges we tackled included differentiating
true cuneiform impressions from spurious
cracks or shadows, accounting for differ-
ent tablet styles (school texts versus admin-
istrative tablets, for example), where sign
sizes and carving depths vary dramatically,
and overcoming the limited availability of
finely annotated training data, which often
requires synthetic augmentation or careful
data-curation to achieve high recall under
real-world conditions.

3.1 YOLO

The core of our approach leverages a
YOLO-based object detection framework to
localize and classify individual cuneiform
signs on photographed or scanned Sume-
rian tablets, effectively transforming each
tablet image into a structured layout of
bounding boxes corresponding to specific
glyph types. YOLO’s single-stage architec-
ture makes this especially well-suited to the
variability and clutter often encountered in
ancient tablets, where signs can be densely
inscribed, unevenly illuminated, and sub-
ject to erosion, because it simultaneously
predicts objectness scores and class prob-
abilities for a dense grid of image regions
in one forward pass. By initializing from
a lightweight, pre-trained YOLO11 back-
bone and fine-tuning with extensive syn-



thetic augmentations (e.g., mosaic blending,
random jitter, and color/contrast perturba-
tions), we encourage the model to learn ro-
bust features that distinguish subtle wedge
shapes and orientations characteristic of
cuneiform. Moreover, incorporating seg-
mentation annotations alongside bounding-
box labels further refines the network’s ca-
pacity to discriminate overlapping or par-
tially damaged signs by explicitly modeling
pixel-wise foreground masks.

3.2 FasTErR R-CNN

Initially, we trained a YOLO-based detector
on a large synthetic glyph dataset, increas-
ing both the number of generated samples
and the number of training epochs. Despite
these efforts, YOLO’s one-stage architecture
struggled to precisely localize small, tightly
clustered glyphs; even after extensive aug-
mentation, its performance plateaued. In
particular, overlapping symbols and minute
details were often missed, and classifica-
tion scores remained inconsistent. Recog-
nizing the inherent limitations of a single-
pass detector in our small-object context,
we decided to adopt a two-stage approach.
Faster R-CNN, which first proposes candi-
date regions via an RPN (Regional Proposed
Network) and then refines them through
a separate classification and bounding-box
regression head, offered better localization
accuracy at the cost of higher computa-
tional load. Because our hardware resources
were limited but still sufficient for moderate
two-stage training, we chose Faster R-CNN
as the best compromise between detection
quality and resource requirements.

4 TRANSLATION TASK: FROM SUME-
RIAN TO ENGLISH

4.1 METRICS

To evaluate the quality of the Sume-
rian-English translations, we employed
several complementary metrics that capture
different aspects of linguistic fidelity.

METEOR measures unigram overlap be-
tween the generated and reference English
texts while incorporating synonymy and
stemming; it penalizes word-order frag-
mentation and therefore rewards seman-
tically accurate yet flexible phrase-level
matches. Concretely, let

|laligned unigrams|

- |hypothesis unigrams|

and

|laligned unigrams|

R_

~ |reference unigrams|’
then their weighted F-score is

P-R

E. =
“ aP+ (1-a)R

and the original paper [BLO05] chose the
harmonic mean with a = 0.9. If m =
laligned unigrams| and ch is the number
of discontiguous “chunks” of aligned uni-
grams, then with penalty weights v = 0.5
and [ = 3 we define

Penalty = 7(%)5.

Finally,

METEOR = F, x (1—Pena1ty).

chrF, a straightforward modification of
METEOR proposed in [Pop15] computes an
F-score over character-level n-grams, which
is especially useful for morphologically rich
or formulaic texts, as it captures subword
and inflectional variations that word-based



metrics might miss. For each order n =
1,2,..., N, let (), be the number of over-
lapping char-n-grams,

H, = |char-n-grams in hypothesis|,

and
R, = |char-n-grams in reference|.
Define
C C
P, =->", R, = —".
H, R,

Let P =" P,and R = 3" R, With
(% =1/2, chrFis

1+8)P-R

WF =
o BP t R

Cosine Similarity (Embedding-based) as-
sesses semantic equivalence beyond surface
form. Ifh, r € R? are the d-dimensional em-
beddings of hypothesis and reference, then

hr
cos(hr) = ———.
b} ]
This score is very basic and clearly lies in
[0, 1] for sentence embeddings, with 1 indi-
cating near-identical semantic content.

Labeled Attachment Score (LAS, see
[NF17]) quantifies syntactic preservation
using dependency parses of the English ref-
erence and generated output. Suppose both
sentences have N tokens aligned by po-
sition, and for each token ¢ we denote:
hY = head(i), dV = dep, (i), b\’ =
heady,y,,(7), and d,(f) = depy,,, (7). Define the
indicator

[l =)

0, otherwise.

1 N
LAS = N;L"

High LAS indicates that the hypothesis pre-
served the reference’s syntactic structure
(low syntactic drift).

42 GPT2

At its core, the Sumerian-to-English trans-
lation pipeline reframes transliteration as a
conditional text-generation problem, lever-
aging a pretrained autoregressive trans-
former (in this case, a GPT-2 “medium”
model, consisting of 355M parameters)
to learn the mapping from Sumerian se-
quences written in Latin-letter translitera-
tion to fluent English renderings. Rather
than building a bespoke encoder—decoder,
our approach simply concatenates each
training pair into a single ‘Sumerian + En-
glish’ string, and then fine-tunes GPT-2 to
predict whatever follows “English:” when-
ever it sees a new Sumerian prompt. By
initializing from a large, unsupervised lan-
guage model that already captures gen-
eral world and linguistic knowledge, we
dramatically reduce the amount of parallel
data needed to learn accurate translations
of cuneiform contents; the model’s trans-
former layers, multiheaded self-attention,
and deep residual stacks are adept at model-
ing long-range dependencies, which is cru-
cial when Sumerian clauses can be elliptical,
‘poetic’, or contextually dense.

During  training, each  translitera-
tion/English pair is tokenized into subword
units, padded or truncated to a uniform
length (here, 528 tokens) to fit in a con-
sistent batch, and fed through the causal-
language-model objective so that GPT-2
learns to assign high probability to the
correct English words given the preceding
Sumerian prefix. A small validation split
helps guard against overfitting, particularly
important since our corpus of tablet-level
translations is relatively small, and standard
language-generation metrics, which we de-
scribed above, are computed by comparing
the raw generated English strings against
ground-truth references.



Nonetheless, this methodology introduces
a few domain-specific challenges. First,
Sumerian transliterations often employ sign
names, determinatives, and glosses that
do not appear in GPT-2’s original vocabu-
lary; these are handled via open-vocabulary
(Byte-Pair Encoding) tokenization, but rare
transliteration tokens can still be split awk-
wardly or lead to out-of-vocabulary sub-
tleties. Second, the dataset itself is relatively
small — only a few thousand tablet sentences
at most — so the model risks memorizing fre-
quent admin texts (e.g., offering lists) rather
than learning robust generalization to liter-
ary, legal, or poetic genres; aggressive reg-
ularization (weight decay, warmup sched-
ules, gradient checkpointing) and careful
length filtering (capping sequences at ~ 528
tokens) help mitigate catastrophic overfit-
ting. Finally, our metrics can only par-
tially capture the nuance of translation, es-
pecially for a language with flexible word
order and agglutinative morphology, so hu-
man evaluation remains essential. Even so,
by fine-tuning GPT-2 on concatenated bilin-
gual “Sumerian — English” pairs, we har-
ness a powerful conditional generation en-
gine that can produce fluent, context-aware
English translations from previously un-
seen Sumerian transliterated inputs.

43 BART

For our Sumerian-to-English pipeline, we
also employed BART (Bidirectional and
Auto-Regressive Transformers), a pre-
trained sequence-to-sequence model orig-
inally introduced by [Lew+20], combining
a bidirectional (i.e., “masked”) encoder, sim-
ilar to BERT, with an autoregressive (i.e.,
“left-to-right”) decoder, similar to GPT, into
a single denoising autoencoder framework.
During pretraining, BART corrupts input
text with various noise functions (e.g., token
masking, sentence permutation, text infill-
ing) and trains the model to reconstruct the

original sequence. As a result, the encoder
learns to build rich contextualized embed-
dings over the entire input (both left and
right contexts), while the decoder learns to
generate coherent sequences conditioned
on those embeddings. Because BART is
trained with a cross-entropy objective that
reconstructs full sentences from corrupted
inputs, its weights capture both understand-
ing the source structure and generating flu-
ent text. The “base” version has approxi-
mately 139 million parameters, whereas the
“large” version has approximately 406 mil-
lion parameters, differing primarily in layer
depth and hidden-size dimensions.

By fine-tuning BART on parallel Sume-
rian—-English pairs, where each example
is represented as a “source: (Sumerian
transliteration)” and “target:  (English
translation)” pair, tokenized to fixed in-
put/output lengths (e.g., 512 tokens each),
the model learns to align agglutinative
Sumerian morphemes, logograms, and de-
terminatives with their corresponding En-
glish renderings. In practice, each training
step consists of:

1. encoding the entire Sumerian
transliteration with the bidirectional
encoder, thereby capturing context
from preceding and following signs
(e.g., disambiguating case endings or
sign compounds);

2. shifting the target English tokens by
one position to create decoder inputs
(teacher forcing), so that the decoder
is trained to predict the next English
token given both previously gener-
ated tokens and full Sumerian con-
text;

3. computing cross-entropy loss against
the true English sequence (labels),
then backpropagating gradients
through both encoder and decoder
to update all transformer weights.



At inference time, the encoder first builds
a contextual representation of the in-
put Sumerian text; then an autoregressive
beam-search decoder (e.g., five beams, no-
repeat-n-gram constraints) generates the
most likely English translation without re-
lying on ground-truth “next tokens.”

The theoretical justifications for choosing
BART in this domain are the following:

- BART’s encoder attends to the entire
Sumerian input sequence (both left
and right contexts). This is crucial for
dealing with Sumerians’ flexible word
order and agglutinative morphology,
where determinatives or case markers
may only be fully interpretable when
adjacent signs are considered simulta-
neously. A unidirectional encoder (or
a purely autoregressive model) would
not capture long-range dependencies
as effectively.

- Dedicated Decoder Fluency: the au-
toregressive decoder produces fluent,
coherent English syntax even when
the source uses conventions foreign
to English. By decoupling “under-
stand source” (encoder) from “gener-
ate target” (decoder), BART naturally
aligns morphological and lexical units
in Sumerian with idiomatic English
phrases, without intermixing source
and target tokens in a single stack (as
in GPT-only approaches).

- Data Efficiency and Robustness:
ecause BART was pretrained on vast
corpora with diverse denoising ob-
jectives, its weights already encode
a strong prior over language struc-
ture. Fine-tuning on a relatively small
Sumerian-English corpus (on the or-
der of a few thousand sentences)
therefore benefits from faster con-
vergence and better generalization.
Regularization techniques—weight

decay, label smoothing (0.1), cosine-
annealing warmup, mixed-precision
(fp16)—help prevent overfitting in ad-
ministrative or formulaic texts.

Nonetheless, domain-specific challenges ac-
company this choice, most notably: tok-
enization breakdowns (Sumerian translit-
erations often contain logographic sign
names and determinatives) and the default
BART vocabulary may split these into mul-
tiple subword pieces, potentially diluting
semantic coherence (custom preprocess-
ing - harmonizing determinative notation,
adding special tokens for multi-character
sign names - can mitigate but not en-
tirely eliminate token fragmentation); lim-
ited parallel data (our dataset does not ap-
proach the billions of tokens BART saw dur-
ing pretraining; if care is not taken, large
BART can overfit peculiar sentence pat-
terns and fail to generalize to literary or
legal genres) but early-stopping callbacks
based on validation METEOR scores and
a modest epoch count (e.g., 100 epochs
with validation monitoring) address this
risk; sequence-length constraints (Sume-
rian sentences with extensive glosses or
commentary can exceed 512 tokens) some-
times discards critical context, leading to
mistranslations. In practice, setting trunca-
tion thresholds carefully and experimenting
with longer maximum lengths (when GPU
memory allows) is necessary.

5 REesuLrtTs

5.1 YOLO anp FR-CNN

The result of our analysis with YOLO is a de-
tector that achieves rapid inference, critical
for batch processing large corpora and high
recall on small, intricate glyphs, thereby
providing reliable sign localization as the
first step toward downstream recognition
and transliteration into Sumerian lexica.



Model

Mean Similarity Std Dev Sample Size

BART base
BART large
GPT_2:temp=0.2
GPT_2:temp=0.7
GPT_2:temp=0.5
GPT_2:temp=1.0

0.7749 0.2276 86
0.7529 0.2391 86
0.4783 0.2776 86
0.4750 0.2729 86
0.4745 0.2717 86
0.4714 0.2744 86

Table 1: Model Comparison Summary.

Despite using fewer epochs and a smaller
dataset than our YOLO experiments, Faster
R-CNN achieved comparable overall accu-
racy and provided notably improved lo-
calization of overlapping or tiny glyphs.
Some glyphs remained undetected or were
misclassified, but the two-stage approach
demonstrated clear benefits in handling
densely packed symbols. The training time
for 10.000 images over 20 epochs on the
virtual machine was approximately three
hours. Given additional computational re-
sources, more extensive anchor-box tuning
to match glyph aspect ratios, and possibly
mixed-precision or multi-GPU training, we
expect a significant reduction in missed de-
tections and misclassifications. These im-
provements would ultimately lead to a more
robust glyph detection pipeline.

In general, the two models behaved well
on synthetic sentences and entire synthetic
tablets; however, they showed poorer re-
sults on real images. To obtain more ac-
curate results, we would need a complete
labeling of a number of images of Sume-
rian tablets, which is out of the scope of this
project. Therefore, we preferred to concen-
trate on the Transformers architecture.

5.2 'TRANSFORMERS

Despite these hurdles we described, prop-
erly fine-tuned, BART achieved robust
alignment between Sumerian determina-
tives and English glosses, and produced

coherent English clauses even when the
Sumerian source omits verbs or subjects (a
common feature of elliptical tablet texts).
Quantitatively, base and large BART yield
higher METEOR and chrF scores than
simpler encoder-only or decoder-only ap-
proaches, especially on validation sets con-
taining literary excerpts. Qualitatively, gen-
erated translations are more fluent and less
prone to hallucination, in particular when
compared with those generated by GPT2,
which was dense with translation errors
and low embedding scores.

A big gap between the base/large BART and
GPT models was further highlighted in the
semantic similarity distributions (see fig. 5,
6), very skewed towards high scores for
BART and almost uniform, or even bimodal,
for GPT2 for every choice of temperature in

the schedule {0.2,0.5,0.7,1.0}.

However, even the models performing the
worst semantically, were able to preserve
the syntactic structure, as measured by the
LAS score (see fig. 7, 8), quelling the drift
in the generated translation, although the
overall performance for both BART and
GPT was centered around 2.0. For this,
the complexity and highly intricate syntac-
tic structure of Sumerian should be held ac-
countable: even the translations from hu-
man researchers are some of the times un-
intelligible to the reader, but, fixed that one,
the generated translation was never too dis-
similar.



6 CONCLUSION AND FURTHER “large” ones, which may be due to the

WORK scarcity in data for the true transla-
tions: in fact the large model training
In conclusion, our work is quite satisfactory stopped earlier than the base one al-
given the complexity of the task. However, beit achieving similar results (fig 4);
several improvements can be implemented,
in particular: - GPT2 is highly influenced by the

- to create a full pipeline, one would
have to fill the gap between image
recognition and translation, namely,
the detection of glyphs directly from
photos of real-world artifacts and
their subsequent transliteration. Our
project successfully explored the ex-
pressive power of YOLO and Faster R-
CNN architectures: to achieve a bet-
ter performance, we would need a la-
beled dataset of tablets;

- BART models have shown a great
adaptability to the texts and are a bet-
ter fit for the translation task. The
“base” model performs better than the

variations in the input length. In
fact, usually, one would have to cap
the number of output tokens. This
threshold heavily depends on the
input sentence, and impacted very
badly our translation task, with sen-
tences often getting truncated, too
long or failing to be generated (see
figures 9 and 10).

Future works can concentrate on improving
the aforementioned challenges and exper-
imenting with more models, such as mT5
encoder-decoder and Gemma decoder-only
architecture, which we attempted but failed
to train due to computational limitations.
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APPENDIX: VISUALIZATION OF TEST TRANSLATION RESULTS

o [— 2
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4

. Run Value Step Relative
Run Value Step Relative Run Value Step Relative

® bartlarge_logs 15823 5.250 1.319 hr ® bart_large_logs 1,6675 5.258 1.259 hr
® bartlogs 15286 13.600 1.966 hr @® bart_logs 1,6846 13.623 1.944 hr

® Dbart_large_logs 0,4896 5.258 1.259 hr
® bart_logs 0,4882 13.623 1.944 hr

Figure 4: Training and validation losses of BART models, and METEOR results on validation
data.

BART base BART_large GPT_2:temp=0.2 GPT_2:temp=0.5 GPT_2:temp=0.7 GPT_2:temp=1.0

count 86.000 86.000 86.000 86.000 86.000 86.000
mean 0.475 0.446 0.216 0.213 0.215 0.213
std 0.318 0.310 0.227 0.222 0.218 0.205
min 0.000 0.000 0.000 0.000 0.000 0.000
25% 0.174 0.136 0.000 0.000 0.000 0.000
50% 0.489 0.440 0.145 0.146 0.168 0.178
75% 0.785 0.706 0.367 0.373 0.352 0.356
max 1.000 0.999 0.836 0.811 0.811 0.816

Table 2: Summary of METEOR scores
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BART base BART large GPT_2:temp=0.2 GPT 2:temp=0.5 GPT_2:temp=0.7 GPT_2:temp=1.0

count
mean
std
min
25%
50%
75%

86.000 86.000 86.000 86.000 86.000
0.571 0.541 0.324 0.318 0.327
0.274 0.279 0.263 0.259 0.262
0.035 0.019 0.001 0.001 0.001
0.317 0.279 0.037 0.033 0.037
0.589 0.573 0.269 0.277 0.276
0.815 0.759 0.534 0.542 0.544
1.000 1.000 0.791 0.791 0.791

86.000
0.323
0.255
0.001
0.037
0.285
0.524
0.791

Count.

Count

Table 3: Summary of chRF scores

Semantic Similarity Distributions by Model
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Figure 5: Semantic similarity distribution for each model.

Model Mean LAS Std Dev Sample Size
BART base 0.2762 0.3026 86
BART large 0.2587 0.2937 86
GPT_2:temp=1.0 0.1842 0.2164 86
GPT_2:temp=0.5 0.1821 0.2131 86
GPT_2:temp=0.2 0.1813 0.2173 86
GPT_2:temp=0.7 0.1676 0.1973 86

Table 4: Syntactic Preservation Comparison
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Semantic Similarity Comparison Across Models
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Figure 6: Semantic similarity comparison across models.

Syntactic Preservation by Model (LAS Score)
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Figure 7: LAS score for each model.

12



10

Syntactic Preservation Comparison (LAS Score)
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Figure 8:
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Entity & Quantity Error Analysis by Model

LAS score comparison across models.
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Quantities

Missing and extra quantities for each model.
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Entity & Quantity Error Analysis - Model Comparison
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Figure 10: Missing and extra quantities comparison across models.

Model Missing Entities Extra Entities Missing Quantities Extra Quantities Sample Size
BART base 5.90 2.73 2.33 2.07 86
BART large 6.16 3.28 2.53 1.77 86
GPT_2:temp=0.2 7.40 5.69 3.40 0.40 86
GPT_2:temp=0.5 7.41 5.92 3.42 0.37 86
GPT_2:temp=0.7 7.41 5.44 3.40 0.34 86
GPT_2:temp=1.0 7.36 5.69 3.42 0.37 86

Table 5: Entity & Quantity Error Comparison
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