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Abstract

Training transformer-based encoder-decoder
models for long document summarization
poses a significant challenge due to the
quadratic memory consumption during train-
ing. Several approaches have been proposed
to extend the input length at test time,
but training with these approaches is still
difficult, requiring truncation of input doc-
uments and causing a mismatch between
training and test conditions. In this work,
we propose CachED (Gradient Caching
for Encoder-Decoder models), an approach
that enables end-to-end training of existing
transformer-based encoder-decoder models,
using the entire document without truncation.
Specifically, we apply non-overlapping slid-
ing windows to input documents, followed
by fusion in decoder. During backpropaga-
tion, the gradients are cached at the decoder
and are passed through the encoder in chunks
by re-computing the hidden vectors, similar
to gradient checkpointing. In the experiments
on long document summarization, we extend
BART to CachED BART, processing more
than 500K tokens during training and achiev-
ing superior performance without using any
additional parameters.

1 Introduction

Summarization is a critical task in natural lan-
guage understanding, aiming to reduce extensive
information into its most essential content by
generating a concise and coherent summary. In
recent years, transformer-based (Vaswani et al.,
2017) pretrained language models have shown
remarkable success in abstractive summarization,
primarily on short texts (Narayan et al., 2018;
Nallapati et al., 2016; Gliwa et al., 2019), heavily
relying on dependencies within the input text or
context of words.

Despite their success, these models face signif-
icant challenges when applied to long document
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summarization tasks (Shaham et al., 2022;
Gorinski and Lapata, 2015; Kryscinski et al.,
2022). One of the primary limitations is their
inability to handle long input during training,
due to the memory requirement being quadratic
with respect to the sequence length. This often
necessitates truncation of the input text during
training, resulting in a loss of crucial information
and hampering the quality of the generated sum-
maries. This problem is particularly pronounced
in domains that require processing of extremely
long text, such as book summarization (Kryscinski
et al., 2022), where maintaining the full context is
essential for producing accurate and meaningful
summaries.

Prior work has attempted to address the limita-
tion of processing long input, including designing
attention mechanisms that are more memory ef-
ficient (Beltagy et al., 2020), dividing an input
document into chunks (Bertsch et al., 2023; Ivgi
et al., 2023; Xie et al., 2024; Yen et al., 2024), or
extending context at test time (Ratner et al., 2023;
Han et al., 2024). Despite all the effort, trunca-
tion during training (typically at 16K tokens) is
ubiquitous and is the standard approach to deal-
ing with memory issues during training, causing a
mismatch between training and test conditions.

To tackle the problem of truncation, we propose
CachED (Gradient Caching for Encoder-Decoder
Models), a simple and efficient approach
that enables end-to-end training of existing
encoder-decoder transformer models for long
document summarization. We follow the chunk-
ing approach in favor of its generality, allowing
us to plug and play any pretrained models, but
more importantly, providing us the opportunity
to release memory between the computation of
chunks. We only keep the final output of the
encoder, and release the intermediate results of
the encoder whenever possible. The fusion of
encoder output happens at the decoder (Izacard
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and Grave 2021). Gradients are computed as
usual but are cached at the encoder output. The
cached gradients are then propagated to the
encoder chunk by chunk. The peak memory usage
of our approach is greatly reduced, allowing us
to train encoder-decoder models on entire input
documents without truncation.

We apply our approach to BART (named
CachED BART) on several long document
summarization benchmarks, including GovRe-
port, SummScreenFD, QMSum, ScriptBase, and
BookSum. CachED BART achieves superior per-
formance compared to existing approaches even
when using a small model with a context size of
1,024 tokens. Our approach is also general and
can be applied to any pretrained encoder-decoder
models.

In summary, the contributions of this work are:

1. We propose CachED,' a simple and efficient
approach that enables end-to-end training
of any existing encoder-decoder transformer
models on long input without truncation.

2. We show that CachED BART achieves
superior performance on extremely long
document summarization, such as book
summarization.

3. Our results properly and correctly perform
gradient descent without truncation can lead
to improvements and strong performance.

2 Abstractive Summarization with
Encoder-Decoder Models

The task of summarization is to produce a sum-
mary of M tokens yi,¥9,...,yn given an input
document of L tokens xz1,xo,...,x, Where a
token can be a word or a wordpiece (Wu et al.,
2016). The dominant approach to abstractive sum-
marization is to use an encoder-decoder model
(Bahdanau et al., 2016; Raffel et al., 2020; Beltagy
et al., 2020), where the encoder turns the input
document into a sequence of hidden vectors and
the decoder produces a summary attending to the
hidden vectors. More formally,

hl,...,hL:Enc(xl,...,:vL), (1)
where Enc is the encoder, and
ym:Dec(yla"'aymfluhlv"‘th) (2)

'Our code is available at github.com/saxenarohit
/CachED.

where the decoder Dec is repeatedly called for
m = 1,...,M. A transformer-based encoder
typically consists layers of self-attention, and a
vanilla implementation requires O(L?) of memory
(Vaswani et al., 2017). Long-document summa-
rization is the setting where L is large, making
it difficult to store the intermediate results of the
entire input in memory.

A naive approach to solving the memory prob-
lem is truncating the input, only taking, say, the
first 16,000 tokens as input and capping the length
at min(16,000, L). Depending on the types of
summarization, this approach can be sufficient,
for example, for summarizing news articles. For
long documents, such as books (Kryscinski et al.,
2022) or movie scripts (Saxena and Keller, 2024),
naively truncating the input makes it impossible
to properly perform the task, as a model has no
access to the truncated input. Despite the obvious
limitation, truncation is widely used during train-
ing (Beltagy et al., 2020; Guo et al., 2022; Bertsch
et al., 2023; Xie et al., 2024), and is sometimes
the only option when scaling up the model size.

Another approach is to divide the input doc-
ument into chunks, with each chunk encoded
individually. More formally, the input document
of length L is divided into K chunks, with
each chunk of size | L/K |. Each chunk, denoted
as T(k—1)|L/K|+1s- -+ Tk|L/K|> 1S encoded into
h(kfl)[L/KHlu ey hk[L/Kj’ for £k = 1, ey K.
The memory requirement of this approach is
O(|L/K|?) per chunk, ie., O(K - |L/K|?) =
O(L?/K) in total, less than the O(L?) when run-
ning self-attention on the entire sequence.? Diving
the input document into chunks is sometimes
called a chunk-based approach (Xie et al., 2024),
the sliding window approach (Ivgi et al., 2023),
or parallel context (Yen et al., 2024; Ratner et al.,
2023), in which chunks might or might not have
overlaps. This approach also makes a modeling
assumption: Text representation can only be con-
textualized within each chunk, delaying further
contextualization or fusion in the decoder.

Despite the memory saving with sliding win-
dows, the input documents are still truncated
before chunking (Ivgi et al., 2023; Bertsch et al.,
2023; Xie et al.,, 2024), because intermediate
results are not released from memory after the
computation of each chunk. Truncation of input

2The runtime complexity of the decoder is O(M?+ LM),
and does not dominate O(L?) when M < L.
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Figure 1: An overview of a CachED approach to long document summarization. The model is trained end-to-end
by splitting and encoding the input into chunks (Step 1), then passing the concatenated hidden vectors to the
decoder. Gradients are cached for the encoded tokens (Step 2) and passed back to the chunks individually (Step 3).

documents leads to a mismatch between training
and test conditions. It is still an open question
whether properly and correctly doing gradient de-
scent end to end without truncation would be
better than that with truncation, a question to be
addressed in this paper.

3 CachED: Gradient Caching for
Encoder-Decoder Models

To address the compromise of truncating in-
put documents, we propose gradient caching
for encoder-decoder models (CachED), an ap-
proach that turns any existing transformer-based
encoder-decoder models into a model for long
document summarization without truncation.

Recall that an input document of length L is
divided into K chunks and fitting O(L?/K) in
memory is still difficult, especially when there are
many layers. The O(L?/K) memory requirement
is due to K calls to the encoder, each of which
requires blackO(L?/K?). Instead of maintaining
K calls simultaneously in memory, we decide to
call the encoder K times in sequence, releasing the
memory after each call and reducing the memory
requirement to O(L?/ K?). This can be easily done
during inference, but not maintaining all K calls
in memory makes computing the gradient difficult
during training.

To compute the full gradient without truncation,
we ideally want to break the computation up with
respect to the K chunks. If we use J to denote the
loss function and © to denote the parameters in the

encoder, the relationship between the derivative
of the individual K chunks and the gradient is

K 97 0H,

OHy 00’ )

o7 _
00

k=1

where Hp = [h(k,DLL/KJJrl . "hkLL/KJ] is the
concatenation of the hidden vectors from the k-th

chunk. The total derivative naturally leads to the
following three steps.

1. Compute the encoder output Hy for k =
1,..., K in sequence without storing the
intermediate layers.

2. Compute the loss J based on H}, and the gra-
dient 0.J /0 H}, with regular backpropagation.

3. Re-compute Hj and the intermediate lay-
ers and use the cached 0.J/0H}, to compute
0Hy /00 in sequence for k = 1,..., K,
accumulating the final gradient to the
parameters 0.J/00.

Figure 1 illustrates the process of the CachED
approach.
Step 1 can be implemented as a simple for loop,

Hs = []
for k in range (K):
Ck = X[k*(L//K): (k+1)*(L//K) ]
Hk = Enc (Ck)
Hk.detach ()
Hs.append (Hk)

where X is the concatenation of the tokens
x1,...,xr in the input document, and Enc is
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the forward function of the encoder,and . // K
is the chunk size |L/K |. Note that detach ()
makes it explicit that the intermediate results be-
fore Hk can be discarded and do not occupy
memory.? Though we present this step as a for
loop, the K calls within the for loop are trivially
parallelizable and can be batched.
Step 2 can be implemented with regular back-

propagation as follows.

H=torch.cat (Hs)

H.retain_grad()

Yhat =Dec (Y, H)

loss =cross_entropy (Yhat, Y)

loss.backward/()

where Dec is the forward function of the de-
coder, and Y is the concatenation of output tokens
Y1, - - -, Yn. Since the gradients are not normally
stored unless the variables are parameters, the call
retain_grad() is necessary to guarantee that
the gradient to H is computed and cached when
loss.backward () is called.
Step 3 continues the incomplete backpropaga-
tion from Step 2 to the encoder,
for k in range (K) :
Ck = X[k*(L//K) : (k+1) * (L//K) ]
Hk = Enc (Ck)
Gk =H.grad[k*(L//K) : (k+1)*(L//K)]
torch.autograd.backward (Hk, Gk)

Again, though this step is presented as a £ or loop,
the K calls within the for loop are trivially par-
allelizable and can be batched. At the end of Step
3, we have the full gradient with respect to both
the encoder and the decoder model parameters,
and are ready to make a gradient update.

The CachED approach is reminiscent to gradi-
ent checkpointing (Chen et al., 2016). However,
our approach does not require low-level custom
implementations, and as shown above, is applica-
ble to any encoder-decoder models. One drawback
of the CachED approach is that the encoders need
to be called twice, but the runtime cost is typically
marginal if the K calls are properly parallelized
and batched. Similar to Ivgi et al. (2023), ours is
a fusion-in-decoder approach (Izacard and Grave,
2021). We assume that the encoder can suffi-
ciently contextualize input tokens within a chunk,
while the decoder is responsible for managing
long-range dependencies. Similar to fusion in de-

3We use the language of pytorch, such as detach (),

to describe the implementation, but similar concepts exist in
other automatic differentiation toolkits.

coder, we do not modify the positional encoding
of the underlying model, making our method inde-
pendent of the positional embedding used by the
backbone. We will study the runtime, memory,
and efficacy of our approach in the experiments.

4 Experimental Settings

To showcase the CachED approach, we use BART
and T3 as the backbone models. BART is chosen
because it performs well on short text summa-
rization but is less effective on longer text due
to its input size limit, while TS5 offers robust
performance across diverse tasks. We will show
how applying our approach to BART and TS5,
resulting in CachED BART and CachED T35, sig-
nificantly outperforms their respective baselines,
highlighting the benefits of our method. We ex-
periment with both BARTp,ee and BART e, as
well as T5jae, comparing to other approaches
that also fine-tune these models. In all experi-
ments, we use a chunk size of 1,024 tokens for
BART and a context size of 512 tokens for T5.
See Appendix A for more details on the im-
plementation and hyperparameters of the model.

We report ROUGE F1 (1/2/L) scores (Lin,
2004) and BERTScore F1 (Zhang et al., 2020) to
evaluate the performance of our method on long
document summarization tasks.

4.1 Datasets

We categorize the long document summarization
datasets into 1) long documents, with a mean token
length of less than 16K tokens, and 2) extremely
long documents, with a mean length greater than
16K tokens. Figure 2 shows the mean and standard
deviation of the input document length in tokens
for the datasets we used.

4.1.1 Long Document Summarization

GovReport (Huang et al., 2021) is a large-scale
summarization dataset consisting of reports pub-
lished by the U.S. Government Accountability
Office on national policy issues. The task is to
write an executive summary of each report. The
mean length of the documents is 9,616 tokens.

SummScreenFD (Chen et al., 2022) consists of
community-contributed transcripts of television
show episodes collected from the ForeverDream
(FD) website. The summaries are recaps collected
from Wikipedia and TVMaze. The mean length
of the documents is 8,417 tokens.
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Figure 2: The mean and standard deviation of docu-
ment lengths across summarization datasets, plotted
on log scale.

QMSUM (Zhong et al., 2021) is a query-based
multi-domain meeting summarization dataset. The
dataset consists of tuples of a query, document,
and its corresponding summary. The mean length
of the documents is 13,325 tokens.

4.1.2 Extremely Long
Document Summarization

ScriptBase (Gorinski and Lapata, 2015) con-
sists of full-length movie scripts and correspond-
ing Wikipedia summaries. We use the dataset
splits from Saxena and Keller (2024). The mean
length of the movie scripts is 35,956 tokens.

BookSum (Kryscinski et al., 2022) consists of
book text along with their summaries. BookSum
features three subsets: paragraph, chapter, and
book-level tasks. We focus on the most chal-
lenging BOOKSUM-Book task, which involves
generating a summary of an entire book using the
full text of the book. The mean length of the books
is 139,219 tokens. The longest document in this
dataset consists of 642,376 number of tokens.

4.2 Baselines

BART (Lewis et al, 2020) is a pretrained
encoder-decoder model with 139M parameters in
BART,se and 406M parameters in BART . 1ts
maximum input sequence length is 1,024 tokens.
We fine-tune both the base model and the large
model each dataset separately.

TS (Raffel et al., 2020) is a pretrained encoder-
decoder model designed for text-to-text tasks. We
fine-tune T5j4rge Which contains 770M parameters.
Its maximum input length is 512 tokens.

LED (Beltagy et al., 2020) is a Longformer-
Encoder-Decoder (162M) parameters with a max-
imum input length of 16,384 tokens. We fine-tune
the base version of this model.

Unlimiformer (Bertsch et al., 2023) augments
pretrained encoder-decoders and offloads the
cross-attention computation to a kNN index, al-
lowing for unlimited context. We compare our
approach with their custom fine-tuned BARTyge
and PRIMERA model as its backbone. The maxi-
mum number of tokens is 16K during training. For
PRIMERA, we report numbers from the paper as
we could not replicate the result.

SLED (Ivgi et al., 2023) extends pretrained
encoder-decoder models for longer contexts by
encoding the long input in chunks, and apply-
ing fusion in decoder. Since ours and theirs are
both plug-and-play approaches, we compare our
approach with theirs applied to BARTy,, and
BART g (their best settings). During training,
the maximum context length is 16K.

5 Results

Since GovReport, SummScreenFD, QMSum, and
BookSum are commonly used benchmarks, we
quote the ROUGE (1/2/L) results from previ-
ous studies and add BERTScore by running the
baseline models ourselves.* The results of the
baseline models for ScriptBase, however, are
never reported and are run by ourselves.

5.1 Long Document Summarization

Table 1 presents the evaluation results of
various models on the long document summariza-
tion datasets: GovReport, SummScreenFD, and
QMSum. Our CachED approach demonstrates
superior performance on the SummScreenFD
and QMSum datasets and competitive perfor-
mance on the GovReport dataset compared to
the baseline models and previously proposed
methods. Both CachED BART, and CachED
BART e achieve substantial improvements over

4We do see ROUGE (1/2/L) of the baseline models in the
ballpark of those reported from previous studies, successfully
replicating them.
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ROUGE 1/2/L/BERTScore F1

SummScreenFD

QMSum

28.9/53/16.9/58.1
31.5/6.7/18.1/58.2
34.1/7.5/18.9/59.6
33.8/8.3/19.8/59.5

29.6/7.0/19.4/57.6
32.9/8.8/21.1/59.5
33.0/7.9/720.0/59.5
309/7.8/19.5/57.6

32.7/79/19.1/58.4
34.7/85/19.9/58.5
35.2/8.7/19.4/59.9
33.3/7.6/189/57.7

33.8/11.7/22.6/59.1
30.9/8.00/19.9/58.2
342/11.0/22.0/58.3

Method Parameters
GovReport

SFT (T5jarge) 770M 453/18.8/22.4/61.7
SFT (BARTpase) 139M 50.2/19.0/23.7/63.4
SFT (BARTarge) 406M 54.4/21.1/25.1/65.6
SFT (LEDpase) 162M 56.3/25.8/27.4/65.6
SLED (BART}) 139M 54.7/24.4/7/254/67.0
Unlim. (BARTpae) 139M 56.6/26.3/27.6/68.2
SLED (BARTiargc) 406M 57.5/26.3/27.4/66.9
Unlim. (PRIMERA) 447M 57.4/26.2/28.0/68.1
CachED T5j,rge 770M 51.9/225/245/63.4
CachED BART},e 139M 56.8/26.3/27.8/67.0
CachED BARTyrge 406M 57.0/26.3/28.19/67.3

32.8/82/19.6/60.2
36.6/8.8/19.9/61.3
37.2/9.1/20.1/61.59

329/8.4/199/59.4
38.4/13.5/244/62.2
38.9/14.0/24.6 / 62.5

Table 1: Test results on long document summarization datasets using different base models. The best
metric in every dataset is marked in bold. Some results of Unlimiformer with PRIMERA are not

reported due to out-of-memory issues.

standard fine-tuning (SFT) and other competi-
tive approaches such as SLED and Unlimiformer.
CachED BART},. outperforms larger models on
SummScreenFD and QMSum dataset highlight-
ing the effectiveness of our method in processing
long context. In all the experiments, CachED
T51arge, did not surpass CachED BART but demon-
strated a notable improvement over standard TS
fine-tuning, showcasing the applicability of our
method across different backbone architectures.

GovReport For the GovReport dataset, CachED
BART}, achieves a ROUGE-2 score of 26.3,
matching the best performance among all models.
The large version, CachED BART g, further
improves the ROUGE-L score to 28.19 com-
pared to the previous methods. SLED (BART ;g )
achieves slightly better ROUGE-1 across the mod-
els, and Unlimiformer (BART},s) achieves the
best BERTScore F1.

SummScreenFD Onthe SummScreenFD dataset,
CachED BART . outperforms all the models
with ROUGE scores of 37.2/9.1/20.1. These re-
sults surpass all competing models, including Un-
limiformer (PRIMERA) and SLED (BART ;)
on ROUGE and BERTScore.

QMSum For the QMSum dataset, CachED
BARTye achieves the highest scores across all
metrics with a ROUGE 38.9/14.0/24.6. Unlim-
iformer performs poorly, even worse compared
to standard fine-tuned BART with a 1024-token
context. Compared to SLED, our approach is

better by 5.7/3.0/2.6 ROUGE scores, a sub-
stantial advantage without even using additional
parameters.

5.2 Extremely Long Document
Summarization

Table 2 presents the evaluation results of vari-
ous models on ScriptBase and BookSum, where
we report ROUGE (1/2/L) and BERTScore F1
metrics. Our proposed method substantially out-
performs the baseline and previous methods across
both datasets, showcasing its efficacy in handling
extremely long document summarization tasks.

ScriptBase For the ScriptBase dataset, CachED
BART}, achieves a notable improvement with
ROUGE-1 0of 48.9, ROUGE-2 of 14.4, ROUGE-L
of 19.8, and BERTScore F1 of 64.1. The large
version, CachED BART]g, further enhances per-
formance, setting new state-of-the-art scores with
ROUGE-1 of 50.2, ROUGE-2 of 14.9, ROUGE-L
of 20.4, and BERTScore F1 of 64.6.

BookSum On the BookSum dataset, CachED
BART},se demonstrates substantial gains with
ROUGE scores of 39.4/9.2/17.0, and BERTScore
F1 of 53.6. The large version, CachED BART e,
achieves the highest scores across all metrics,
improving ROUGE 1/2/L scores by 3.9/3/3 com-
pared to the best previous method. Appendix F
shows generated summary of a book using our
method.
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Method

ROUGE 1/2/L/BERTScore F1

ScriptBase

BookSum

SFT (Tslarge)
SFT (BARThase)
SFT (BARTyrgc)
SFT (LEDbase)

33.4/45/14.5/559
39.2/82/17.2/57.8
429/78.9/17.8/60.1
45.5/10.5/19.4/60.8

19.9/3.0/11.4/47.2
23.6/5.0/13.2/49.0
24.77/5.8/14.0/48.3
26.2/3.8/169/47.3

Unlim. (PRIMERA)
Unlim. (BARTpase)
SLED (BARTarge)

44.8/12.3/18.3/58.7
452/119/17.8/58.3

38.2/7.1/16.0/
36.7/7.3/15.5/51.5
38.9/7.5/15.8/52.4

CachED T5jyrge
CachED BART} .
CachED BART yge

36.7/7.7/17.6/56.9
489/14.4/19.8/64.1
50.2/14.9/20.4/ 64.6

29.5/5.6/159/49.8
39.4/9.2/17.0/53.6
42.8/10.5/18.8/54.4

Table 2: Test results on extremely long document summarization datasets using different base models.
The best metric in every dataset is marked in bold. Some results of Unlimiformer with PRIMERA are

not reported due to out-of-memory issues.

5.3 Summary

In both dataset categories, CachED BART}
shows substantial improvements over other vari-
ants of BART, especially on extremely long
documents, compared to models twice its size
in terms of the number of parameters. Similar
to long document datasets, CachED T35y did
not surpass CachED BART but demonstrated
considerable improvement over T5p,4 standard
fine-tuning on extremely long document datasets.

Similar to SLED, our approach is plug-
and-play, applicable to any existing encoder-
decoder models. Comparing to SLED, the fact
that our approach performs better shows that prop-
erly doing gradient descent without truncation
can significantly improve performance. Together
with SLED, our results show that a context as
small as 1,024 tokens can have strong perfor-
mance compared to models with much longer
context. Overall, CachED BART,g. outperforms
CachED BART},s., showcasing that our approach
can also benefit from scale.

6 Analyses

In this section, we present a comprehensive anal-
ysis of various aspects related to our approach
and its performance. For our analysis, we will use
the CachED BART),. model, which performs
the best in our experiments. We first examine the
utilization of the full context to understand how ef-
fectively our method handles and processes long
inputs. Next, we analyze the method’s perfor-
mance in relation to document length, assessing

how changes in length impact the model’s effi-
ciency and accuracy. We also address time and
memory usage to evaluate the computational re-
sources required by our approach. Finally, we
assess the factual consistency of the model’s out-
puts, ensuring that the generated summaries are
not only better in terms of ROUGE but are also
factually accurate.

6.1 Utilization of the Entire Document

To evaluate whether CachED models effectively
use the full context of a document, we use the
alignment between the generated summary and
the document as a proxy. We first divide the doc-
ument into equal segments (bins) and map the
summary sentences to these segments to estimate
from which part of the document they were gener-
ated. We use ROUGE-L-based alignment (Chen
and Bansal, 2018; Zhang et al., 2022), a method
previously used for the automatic generation of
source-summary pairs. Based on the ROUGE-L
scores, we select and map the best segment for
each generated summary sentence. This approach
allows us to analyze the parts of the document that
contribute to the summary.

Figure 3 presents the alignment statistics, show-
ing where in a document a summary sentence
aligns to in the BookSum test set. Our results
indicate that the CachED BART; ;.. model does
not exhibit significant position bias and utilizes
the document uniformly. Overall, the summary
sentences align slightly more to the end of a book
compared to the first half of the book.
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Figure 3: Percentage of generated summary sentences
aligned with different segments (bins) of a book in the
BookSum test set. CachED BART,,. model uses the
entire document, with the alignment evenly distributed
across segments.
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Figure 4: ROUGE-L of the summaries generated by
CachED BARTye model for documents of different
lengths. The model maintains consistent performance
across various document lengths.

6.2 Performance and Document Length

To further verify the use of full context, we study
how sensitive the performance of the CachED
BART 4 model is to documents of different
lengths. Figure 4 shows ROUGE-L scores of our
model on the ScriptBase and BookSum test sets.
The ROUGE-L performance remains relatively
consistent across documents of different lengths,
indicating that our approach is robust in handling
extremely long documents.

In the case of the BookSum dataset, the
ROUGE-L scores exhibit a stable trend around
the mean of 18.8, despite the document lengths
reaching up to 500K tokens. Similarly, for the
ScriptBase dataset, the model achieves ROUGE-L
scores between 18 and 22, relatively insensitive to
the document length.

The consistent performance across varying doc-
ument lengths shows that the CachED BART ;¢
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Figure 5: Comparison of GPU memory usage (top)
and time usage (bottom) for SLED, Unlimiformer, and
CachED BARTyge.

model is using the full context when summarizing
documents.

6.3 Time and Memory Usage

To understand the time and memory consump-
tion, we measure GPU memory and wall-clock
time for SLED, Unlimiformer, and our proposed
approach across varying numbers of tokens. For a
fair comparison, all experiments were performed
on a single A100 80GB GPU with the same batch
size and full precision.

Figure 5 (top) compares GPU memory usage
(in GB) as the number of tokens increases. SLED
and Unlimiformer show a steep increase in mem-
ory consumption as the token count grows. In
contrast, CachED BART,¢c demonstrates more
linear memory scaling. Its memory usage remains
below 20GB, even when the input reaches 10°
tokens. Given a GPU with 80GB of memory,
CachED BART,e can compute gradients up to
nearly one million tokens, whereas both SLED
and Unlimiformer hit memory limitations at much
smaller scales (around 20,000 tokens).

Next, we analyze the impact of feeding forward
the encoder twice in our approach. Figure 5 (bot-
tom) shows the wall-clock time (in milliseconds)
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required to process varying token lengths. As the
input size grows, Unlimiformer shows a sharp
increase in GPU time consumption, likely due to
its k-nearest neighbor search operation. In con-
trast, SLED and CachED maintain a similar linear
growth as the token count increases. CachED in-
curs a slight increase in wall-clock time compared
to SLED at around 10,000 tokens, which can be
attributed to the recomputation of the encoder dur-
ing backpropagation. Despite this minor overhead,
the processing time remains within a manageable
range, ensuring that the model can process ex-
tensive texts without huge time overhead. This
result confirms our intuition that feeding forward
the encoder does not take up much of the time
during training compared to other parts of the
computation, and that our approach is efficient in
practice.

6.4 Evaluation of Factual Consistency

To evaluate the performance of our method in gen-
erating factually correct summaries, we compute
the AlignScore (Zha et al., 2023) and FActScore
(Min et al., 2023) on Unlimiformer, SLED, and
our CachED BART. AlignScore measures factual
consistency based on unified information align-
ment between the context (input document) and
claims (summary sentences). FActScore parses
the generated summary into atomic facts and de-
termines whether these facts are supported by a
knowledge source. We use the variant proposed
by Zha et al. (2023), which uses the gold reference
summary as the knowledge source for summary
evaluation. We use the GPT-3.5-Turbo model for
FActScore and AlignScore-large for AlignScore.
Table 3 shows the results for both metrics on
summaries generated for the more challenging
extremely long document summarization, i.e., on
ScriptBase and BookSum. We compare the re-
sults of CachED BART)ye to Unlimiformer and
SLED. Our model generated more factually con-
sistent summaries and substantially outperformed
the other models in terms of both the unified align-
ment of AlignScore and the number of summary
facts supported by the gold reference summary
measured by FActScore. Additionally, Table 7 in
Appendix E provides the mean and median lengths
of the gold and generated summaries, highlight-
ing that our model produces concise summaries
without compromising on factual accuracy.

Method ScriptBase
AlignScore FActScore
Unlim. (BARTpyse) 31.39 44.00
SLED (BARTyrge) 32.25 41.10
CachED BART g 35.04 51.80
Method BookSum
AlignScore FActScore
Unlim. (BARTpyge) 35.00 39.30
SLED (BARTyrge) 36.92 37.70
CachED BART e 41.33 52.90

Table 3: Results of automatic evaluation of fac-
tual consistency on generated summaries for
ScriptBase and BookSum dataset.

ScriptBase
Method R1 R-2 R-LL BS-F1
Llama 3.1 8B (ZS) 14.63 2.17 13.68 43.97
Llama 3.1 8B (FT) 23.34 4.8 18.63 46.98
GPT-40 (ZS) 42.02 10.2 38.94 56.24
CachED BART}y,. 50.2 149 204 64.6
BookSum
Llama 3.1 8B (ZS) 12.61 2.12 11.81 41.28
Llama 3.1 8B (FT) 29.19 4.17 28.06 50.12
GPT-40 (ZS) 2997 6.44 2792 51.62
CachED BARTy,. 42.8 10.5 188 544

Table 4: Comparison of our method with GPT-40
and Llama 3.1 8B on extremely long document
summarization datasets.

6.5 Comparison with Large
Language Models

Table 4 compares the performance of our
approach, CachED BART;,,, with the large lan-
guage models GPT-40 (zero-shot) (OpenAl et al.,
2024) and Llama 3.1 8B (Grattafiori et al., 2024)
under both zero-shot and Low-rank Adaptation
(LoRA; Hu et al., 2022) Fine-Tuning (FT) settings
on two extremely long—document summarization
datasets: ScriptBase and BookSum. All models
were evaluated with a context length of 128K to-
kens during inference. Please refer to Appendix A
for fine-tuning hyperparameters and Appendix C
for prompt templates.

On ScriptBase, LoRA fine-tuning improves
Llama 3.1 8B over its zero-shot baseline across all
metrics. GPT-40 (ZS) performs substantially bet-
ter than Llama 3.1 8B (FT) and achieves the best
ROUGE-L (38.94). For ROUGE-1, ROUGE-2,

1279



and BERTScore, however, CachED BART
outperforms the LLM variants.

For the BookSum dataset, LoRA-tuned Llama
3.1 8B reaches performance close to zero-shot
GPT-40 and achieves an overall better ROUGE-L
score of 28.06. CachED BART . perform better
in terms of ROUGE-1/2 and BERTScore.

We observed that these LLMs occasionally
exhibit memorization on our test sets, yet fre-
quently produce incoherent or repetitive passages
drawn verbatim from the source. We discuss this
behavior in more detail in Appendix D.

6.6 Human Evaluation

We conducted a human evaluation to assess the
quality of summaries generated by our model
in comparison to baseline approaches. A total
of 40 crowdworkers were recruited through Pro-
lific, meeting the following criteria: L1 English
speakers, holders of an undergraduate degree, and
a minimum of 100 previously approved studies.
Participants were compensated at a rate of $17 per
hour.

The evaluation focused on four key dimen-
sions: Fluency, Coherence, Faithfulness, and
Relevance, similar to Fabbri et al. (2021). Each
participant rated summaries on a Likert scale
ranging from 1 (Poor) to 5 (Excellent) for each
dimension. The evaluation was conducted on
a sample of 20 summaries from the QMSUM
dataset. We selected QMSUM because its ref-
erence and generated summaries are relatively
shorter than those of other datasets, making it more
practical for a focused human evaluation. This al-
lowed for direct comparison of summaries from
different models while reducing the cost and com-
plexity of the evaluation process. Full instructions
for the evaluation are provided in Appendix B.
We compared the performance of CachED BART
against the top-performing variant of SFT BART,
SLED, and Unlimiformer.

Result The mean scores for each metric across
the four models are shown in Figure 6. All
models performed comparably in Fluency and Co-
herence with CachED BART achieving slightly
higher scores, with means of 3.6 and 3.4, re-
spectively. CachED BART achieved the highest
mean scores for Faithfulness (2.6) and Rele-
vance (2.8), outperforming SFT BART, SLED,
and Unlimiformer.

I Fluency
Coherence
4 Faithfulness
B Relevance
@3
s
a
g
=2
1
0 SFT BART SLED Unlim CachED BART

Figure 6: Mean scores for Fluency, Coherence, Faith-
fulness, and Relevance from the human evaluation of
generated summaries on the QMSUM dataset. CachED
BART achieves the highest scores for all the dimen-
sions outperforming baseline models (SFT BART,
SLED, and Unlimiformer).

Statistical Analysis We performed a one-way
ANOVA to assess whether there were statisti-
cally significant differences among the models
across the four dimensions. The results showed
no significant differences for Fluency (F' =
0.305, p = 0.822) and Coherence (F' = 0.634,
p = 0.594), indicating that model performance
did not differ on these metrics. In contrast,
significant differences were observed for Faith-
fulness (F' = 4.875, p = 0.0029) and Relevance
(F = 4.242, p = 0.0065).

To identify the specific differences among
the models, Tukey’s HSD post-hoc tests were
performed for the significant dimensions. For
Faithfulness, CachED BART significantly out-
performed SFT BART (p = 0.0075), SLED
(p = 0.0075), and Unlimiformer (p = 0.0261).
Similarly, for Relevance, CachED BART was
significantly better than SFT BART (p = 0.0288)
and SLED (p = 0.0066), while other comparisons
did not yield significant differences. These re-
sults suggest that CachED BART generates more
faithful and relevant summaries compared to the
baseline models.

7 Gradient Caching for
Decoder-Only Models

While this work focuses on encoder—decoder ar-
chitectures, the gradient caching framework can
be extended to decoder-only transformer models
by using the same chunk and recompute paradigm.
Concretely, given an input sequence of length L,
we split it into K non-overlapping chunks of
size similar to parallel-context processing used
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in long-context LLMs (Grattafiori et al., 2024).
During the forward pass, each chunk is processed
sequentially, and the resulting key/value (KV)
tensors are detached and cached. After computing
the loss over the concatenated chunk outputs, a
second pass then replays each chunk’s forward
pass and propagates the gradients to the respective
blocks.

Moreover, our gradient-caching method can
also be applied with ring/block attention (Liu et al.,
2024), where chunk processing can be done on a
single GPU in a loop by removing the computation
graph and caching the gradients and then relaying
the gradient to complete backpropagation.

We leave a thorough empirical study of
decoder-only gradient caching to future work,
including benchmarking models and evaluating
the trade-offs between extra forward computation,
memory savings, and end-to-end performance on
long summarization tasks.

8 Related Work

8.1 Efficient Transformers

Prior work has investigated reducing the quadratic
complexity of self-attention through efficient at-
tention mechanisms. BigBird (Zaheer et al., 2020),
Longformer (Beltagy et al., 2020), LongT5 (Guo
et al., 2022), and ETC (Ainslie et al., 2020) uti-
lize sparse attention by restricting attention to a
set of local and global tokens, thereby enabling
the processing of long documents. Addition-
ally, Linformer (Wang et al., 2020) computes
self-attention using a low-rank matrix. Routing
transformer (Roy et al., 2021) applies a sparse
routing module based on online k-means to
self-attention, reducing the overall complexity.
Performer (Choromanski et al., 2021) employs a
kernel-based estimation of attention, while Re-
former (Kitaev et al., 2020) uses locality-sensitive
hashing to reduce attention complexity. These
methods typically require pretraining from scratch
instead of being directly integrated into existing
pre-trained models. Recently, Han et al. (2024)
proposed an attention mask for zero-shot length
generalization of LLMs, which extends context
only at inference time.

8.2 Parallel Encoder/Chunk Processing

Previous work has also attempted to overcome
the limitation of processing long context lengths

by dividing the input into chunks and process-
ing each chunk individually. SLED (Ivgi et al.,
2023) splits the long sequence into overlapping
chunks and processes each chunk with the en-
coder, then fuses it in the decoder. Unlimiformer
(Bertsch et al., 2023) extends SLED by offloading
the cross-attention to k-nearest neighbors (kKNN)
indexing. Both approaches are similar to our
work as they can be applied to any pre-trained
encoder-decoder model without additional param-
eters; however, they truncate the input length
during training to 16K tokens and do not uti-
lize the full context. PageSum (Liu et al., 2022)
performs encoding and decoding separately for
individual chunks, with the final outputs being a
weighted combination of local predictions. This
method adds new parameters for weighting, and
the generated tokens have strict locality due to in-
dependent decoding. Ratner et al. (2023) employ
parallel context windows for LLMs to extend con-
text length during inference, improving in-context
learning, but they do not extend the context length
of the models during training.

More recently, Xie et al. (2024) propose par-
allel chunking with reinforcement learning-based
selection, adding parameters to the model and
truncating the input during training to 16K tokens.
Yen et al. (2024) propose extending the context
length of decoder-only models with parallel en-
coding by freezing the decoder layer and adding
new cross-attention layers. Our approach does not
add any additional parameters to the model and
can perform full fine-tuning.

8.3 Long Context Modeling

Recent work on LLMs has focused on extend-
ing the context length of the models. Ratner et al.
(2023) employ parallel context windows for LLMs
to extend context length during inference, im-
proving in-context learning. However, they do
not extend the context length of the models during
training. Other research includes extrapolating po-
sitional embeddings to extend the context window
without fine-tuning (Chen et al., 2023; Peng et al.,
2024). Additionally, Xiao et al. (2024) have pro-
posed window-based attention during inference.
Our approach aims to utilize the full context dur-
ing training. Recently, Munkhdalai et al. (2024)
propose infini-attention by incorporating com-
pressive memory into the attention mechanism.
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This method adds new parameters to the model
and requires continual pretraining.

9 Conclusion

In this work, we propose CachED, a novel
approach for enabling end-to-end training of ex-
isting encoder-decoder models for extremely long
document summarization by leveraging gradi-
ent caching. Our approach efficiently processes
long input sequences without truncation, allowing
for full-context utilization during both training
and inference. The experimental results show
that our approach surpasses existing approaches
across multiple datasets. We show substantial im-
provements in ROUGE and BERTScore, even
with a smaller BART},,. model, highlighting the
effectiveness of our method. Moreover, our ap-
proach does not add additional parameters to the
model, maintaining the original model’s archi-
tecture while enhancing its capability to handle
long documents. Future research can explore
the applicability of our framework to a broader
range of models, including decoder-only large
language models, and further improve chunk pro-
cessing strategies to capture more global context
information.

10 Limitations

One limitation of our work is that we have only
focused on encoder-decoder models. We hope
that future work can investigate the applicability
of our method to decoder-only large language
models. Additionally, we only apply our approach
to BART, but we look forward to using it with
other encoder-decoder models.

Another limitation is that our method encodes
chunks independently, restricting self-attention to
local contexts within each chunk. This can po-
tentially reduce the model’s ability to capture
long-range dependencies across chunks. Future
work could explore the use of overlapping chunks
or additional attention layers over the chunk rep-
resentations to mitigate this issue and enhance the
model’s ability to capture wider context.

Acknowledgments

We thank the action editor and anonymous review-
ers for their constructive feedback. This work was
supported in part by the UKRI Centre for Doctoral
Training in Natural Language Processing, funded

by the UKRI (grant EP/S022481/1) and the School
of Informatics at the University of Edinburgh.

References

Joshua Ainslie, Santiago Ontanon, Chris Alberti,
Vaclav Cvicek, Zachary Fisher, Philip Pham,
Anirudh Ravula, Sumit Sanghai, Qifan Wang,
and Li Yang. 2020. ETC: Encoding long and
structured inputs in transformers. In Proceed-
ings of the 2020 Conference on Empirical Meth-
ods in Natural Language Processing (EMNLP),
pages 268-284, Online. Association for Com-
putational Linguistics. https://doi.org
/10.18653/v1/2020.emnlp-main.19

Dzmitry Bahdanau, Kyunghyun Cho, and Yoshua
Bengio. 2016. Neural machine translation by
jointly learning to align and translate.

Iz Beltagy, Matthew E. Peters, and Arman
Cohan. 2020. Longformer: The long-document
transformer. arXiv:2004.05150.

Amanda Bertsch, Uri Alon, Graham Neubig,
and Matthew Gormley. 2023. Unlimiformer:
Long-range transformers with unlimited
length input. In Advances in Neural In-
formation Processing Systems, volume 36,
pages 35522-35543. Curran Associates, Inc.

Mingda Chen, Zewei Chu, Sam Wiseman, and
Kevin Gimpel. 2022. SummScreen: A dataset
for abstractive screenplay summarization. In
Proceedings of the 60th Annual Meeting of
the Association for Computational Linguistics
(Volume 1: Long Papers), pages 8602-8615,
Dublin, Ireland. Association for Computa-
tional Linguistics. https://doi.org/10
.18653/v1/2022.acl-1long.589

Shouyuan Chen, Sherman Wong, Liangjian Chen,
and Yuandong Tian. 2023. Extending context
window of large language models via positional
interpolation.

Tianqi Chen, Bing Xu, Chiyuan Zhang, and
Carlos Guestrin. 2016. Training deep nets with
sublinear memory cost.

Yen-Chun Chen and Mohit Bansal. 2018. Fast ab-
stractive summarization with reinforce-selected
sentence rewriting. In Proceedings of the 56th
Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers),

1282


https://doi.org/10.18653/v1/2020.emnlp-main.19
https://doi.org/10.18653/v1/2020.emnlp-main.19
https://doi.org/10.18653/v1/2022.acl-long.589
https://doi.org/10.18653/v1/2022.acl-long.589

pages 675-686, Melbourne, Australia. Associa-
tion for Computational Linguistics. https://
doi.org/10.18653/v1/P18-1063

Krzysztof =~ Marcin ~ Choromanski,  Valerii
Likhosherstov, David Dohan, Xingyou Song,
Andreea Gane, Tamas Sarlos, Peter Hawkins,
Jared Quincy Davis, Afroz Mohiuddin, Lukasz
Kaiser, David Benjamin Belanger, Lucy J.
Colwell, and Adrian Weller. 2021. Rethink-
ing attention with performers. In International
Conference on Learning Representations.

Alexander R. Fabbri, Wojciech Kryscinski,
Bryan McCann, Caiming Xiong, Richard
Socher, and Dragomir Radev. 2021. Summ-
eval: Re-evaluating summarization evaluation.
Transactions of the Association for Computa-
tional Linguistics, 9:391-409. https://doi
.org/10.1162/tacl_a_00373

Bogdan Gliwa, Iwona Mochol, Maciej Biesek, and

Aleksander Wawer. 2019. SAMSum corpus: A
human-annotated dialogue dataset for abstrac-
tive summarization. In Proceedings of the 2nd
Workshop on New Frontiers in Summarization,
pages 70-79, Hong Kong, China. Associa-
tion for Computational Linguistics. https://
doi.org/10.18653/v1/D19-5409

Philip John Gorinski and Mirella Lapata. 2015.

Movie script summarization as graph-based
scene extraction. In Proceedings of the 2015
Conference of the North American Chap-
ter of the Association for Computational
Linguistics: Human Language Technologies,
pages 1066—1076, Denver, Colorado. Associa-
tion for Computational Linguistics. https://
doi.org/10.3115/v1/N15-1113

Aaron Grattafiori, Abhimanyu Dubey, Abhinav

Jauhri, Abhinav Pandey, Abhishek Kadian,
Ahmad Al-Dahle, Aiesha Letman, Akhil
Mathur, Alan Schelten, Alex Vaughan, Amy
Yang, Angela Fan, Anirudh Goyal, Anthony
Hartshorn, Aobo Yang, Archi Mitra,
Archie Sravankumar, Artem Korenev, Arthur
Hinsvark, Arun Rao, Aston Zhang, Aurelien
Rodriguez, Austen Gregerson, Ava Spataru,
Baptiste Roziere, Bethany Biron, Binh Tang,
Bobbie Chern, Charlotte Caucheteux, Chaya
Nayak, Chloe Bi, Chris Marra, Chris
McConnell, Christian Keller, Christophe
Touret, Chunyang Wu, Corinne Wong, Cristian
Canton Ferrer, Cyrus Nikolaidis, Damien

1283

Allonsius, Daniel Song, Danielle Pintz,
Danny Livshits, Danny Wyatt, David Esiobu,
Dhruv Choudhary, Dhruv Mahajan, Diego
Garcia-Olano, Diego Perino, Dieuwke Hupkes,
Egor Lakomkin, Ehab AlBadawy, Elina
Lobanova, Emily Dinan, Eric Michael Smith,
Filip Radenovic, Francisco Guzman, Frank
Zhang, Gabriel Synnaeve, Gabrielle Lee,
Georgia Lewis Anderson, Govind Thattai,
Graeme Nail, Gregoire Mialon, Guan Pang,
Guillem Cucurell, Hailey Nguyen, Hannah
Korevaar, Hu Xu, Hugo Touvron, Iliyan
Zarov, Imanol Arrieta Ibarra, Isabel Kloumann,
Ishan Misra, Ivan Evtimov, Jack Zhang, Jade
Copet, Jaewon Lee, Jan Geffert, Jana Vranes,
Jason Park, Jay Mahadeokar, Jeet Shah, Jelmer
van der Linde, Jennifer Billock, Jenny Hong,
Jenya Lee, Jeremy Fu, Jianfeng Chi, Jianyu
Huang, Jiawen Liu, Jie Wang, Jiecao Yu,
Joanna Bitton, Joe Spisak, Jongsoo Park, Joseph
Rocca, Joshua Johnstun, Joshua Saxe, Junteng
Jia, Kalyan Vasuden Alwala, Karthik Prasad,
Kartikeya Upasani, Kate Plawiak, Ke Li,
Kenneth Heafield, Kevin Stone, Khalid
El-Arini, Krithika Iyer, Kshitiz Malik, Kuenley
Chiu, Kunal Bhalla, Kushal Lakhotia, Lauren
Rantala-Yeary, Laurens van der Maaten,
Lawrence Chen, Liang Tan, Liz Jenkins, Louis
Martin, Lovish Madaan, Lubo Malo, Lukas
Blecher, Lukas Landzaat, Luke de Oliveira,
Madeline Muzzi, Mahesh Pasupuleti, Mannat
Singh, Manohar Paluri, Marcin Kardas, Maria
Tsimpoukelli, Mathew Oldham, Mathieu Rita,
Maya Pavlova, Melanie Kambadur, Mike
Lewis, Min Si, Mitesh Kumar Singh, Mona
Hassan, Naman Goyal, Narjes Torabi, Nikolay
Bashlykov, Nikolay Bogoychev, Niladri
Chatterji, Ning Zhang, Olivier Duchenne, Onur
Celebi, Patrick Alrassy, Pengchuan Zhang,
Pengwei Li, Petar Vasic, Peter Weng, Prajjwal
Bhargava, Pratik Dubal, Praveen Krishnan,
Punit Singh Koura, Puxin Xu, Qing He,
Qingxiao Dong, Ragavan Srinivasan, Raj
Ganapathy, Ramon Calderer, Ricardo Silveira
Cabral, Robert Stojnic, Roberta Raileanu,
Rohan Maheswari, Rohit Girdhar, Rohit Patel,
Romain Sauvestre, Ronnie Polidoro, Roshan
Sumbaly, Ross Taylor, Ruan Silva, Rui
Hou, Rui Wang, Saghar Hosseini, Sahana
Chennabasappa, Sanjay Singh, Sean Bell,
Seohyun Sonia Kim, Sergey Edunov, Shaoliang
Nie, Sharan Narang, Sharath Raparthy, Sheng


https://doi.org/10.18653/v1/P18-1063
https://doi.org/10.18653/v1/P18-1063
https://doi.org/10.1162/tacl_a_00373
https://doi.org/10.1162/tacl_a_00373
https://doi.org/10.18653/v1/D19-5409
https://doi.org/10.18653/v1/D19-5409
https://doi.org/10.3115/v1/N15-1113
https://doi.org/10.3115/v1/N15-1113

Shen, Shengye Wan, Shruti Bhosale, Shun
Zhang, Simon Vandenhende, Soumya Batra,
Spencer Whitman, Sten Sootla, Stephane
Collot, Suchin Gururangan, Sydney Borodinsky,
Tamar Herman, Tara Fowler, Tarek Sheasha,
Thomas Georgiou, Thomas Scialom, Tobias
Speckbacher, Todor Mihaylov, Tong Xiao,
Ujjwal Karn, Vedanuj Goswami, Vibhor Gupta,
Vignesh Ramanathan, Viktor Kerkez, Vincent
Gonguet, Virginie Do, Vish Vogeti, Vitor
Albiero, Vladan Petrovic, Weiwei Chu, Wenhan
Xiong, Wenyin Fu, Whitney Meers, Xavier
Martinet, Xiaodong Wang, Xiaofang Wang,
Xiaoqing Ellen Tan, Xide Xia, Xinfeng
Xie, Xuchao Jia, Xuewei Wang, Yaelle
Goldschlag, Yashesh Gaur, Yasmine Babaei,
Yi Wen, Yiwen Song, Yuchen Zhang, Yue
Li, Yuning Mao, Zacharie Delpierre Coudert,
Zheng Yan, Zhengxing Chen, Zoe Papakipos,
Aaditya Singh, Aayushi Srivastava, Abha
Jain, Adam Kelsey, Adam Shajnfeld, Adithya
Gangidi, Adolfo Victoria, Ahuva Goldstand,
Ajay Menon, Ajay Sharma, Alex Boesenberg,
Alexei Baevski, Allie Feinstein, Amanda
Kallet, Amit Sangani, Amos Teo, Anam Yunus,
Andrei Lupu, Andres Alvarado, Andrew Caples,
Andrew Gu, Andrew Ho, Andrew Poulton,
Andrew Ryan, Ankit Ramchandani, Annie
Dong, Annie Franco, Anuj Goyal, Aparajita
Saraf, Arkabandhu Chowdhury, Ashley
Gabriel, Ashwin Bharambe, Assaf Eisenman,
Azadeh Yazdan, Beau James, Ben Maurer,
Benjamin Leonhardi, Bernie Huang, Beth Loyd,
Beto De Paola, Bhargavi Paranjape, Bing Liu,
Bo Wu, Boyu Ni, Braden Hancock, Bram
Wasti, Brandon Spence, Brani Stojkovic, Brian
Gamido, Britt Montalvo, Carl Parker, Carly
Burton, Catalina Mejia, Ce Liu, Changhan
Wang, Changkyu Kim, Chao Zhou, Chester
Hu, Ching-Hsiang Chu, Chris Cai, Chris Tindal,
Christoph Feichtenhofer, Cynthia Gao, Damon
Civin, Dana Beaty, Daniel Kreymer, Daniel Li,
David Adkins, David Xu, Davide Testuggine,
Delia David, Devi Parikh, Diana Liskovich,
Didem Foss, Dingkang Wang, Duc Le, Dustin
Holland, Edward Dowling, Eissa Jamil, Elaine
Montgomery, Eleonora Presani, Emily Hahn,
Emily Wood, Eric-Tuan Le, Erik Brinkman,
Esteban Arcaute, Evan Dunbar, Evan Smothers,
Fei Sun, Felix Kreuk, Feng Tian, Filippos
Kokkinos, Firat Ozgenel, Francesco Caggioni,
Frank Kanayet, Frank Seide, Gabriela Medina

1284

Florez, Gabriella Schwarz, Gada Badeer,
Georgia Swee, Gil Halpern, Grant Herman,
Grigory Sizov, Guangyi Zhang, Guna
Lakshminarayanan, Hakan Inan, Hamid
Shojanazeri, Han Zou, Hannah Wang, Hanwen
Zha, Haroun Habeeb, Harrison Rudolph,
Helen Suk, Henry Aspegren, Hunter Goldman,
Hongyuan Zhan, Ibrahim Damlaj, Igor
Molybog, Igor Tufanov, Ilias Leontiadis,
Irina-Elena Veliche, Itai Gat, Jake Weissman,
James Geboski, James Kohli, Janice Lam,
Japhet Asher, Jean-Baptiste Gaya, Jeff Marcus,
Jeff Tang, Jennifer Chan, Jenny Zhen,
Jeremy Reizenstein, Jeremy Teboul, Jessica
Zhong, Jian Jin, Jingyi Yang, Joe Cummings,
Jon Carvill, Jon Shepard, Jonathan McPhie,
Jonathan Torres, Josh Ginsburg, Junjie Wang,
Kai Wu, Kam Hou U., Karan Saxena, Kartikay
Khandelwal, Katayoun Zand, Kathy Matosich,
Kaushik Veeraraghavan, Kelly Michelena,
Keqgian Li, Kiran Jagadeesh, Kun Huang,
Kunal Chawla, Kyle Huang, Lailin Chen,
Lakshya Garg, Lavender A., Leandro Silva,
Lee Bell, Lei Zhang, Liangpeng Guo, Licheng
Yu, Liron Moshkovich, Luca Wehrstedt,
Madian Khabsa, Manav Avalani, Manish Bhatt,
Martynas Mankus, Matan Hasson, Matthew
Lennie, Matthias Reso, Maxim Groshev,
Maxim Naumov, Maya Lathi, Meghan
Keneally, Miao Liu, Michael L. Seltzer, Michal
Valko, Michelle Restrepo, Mihir Patel, Mik
Vyatskov, Mikayel Samvelyan, Mike Clark,
Mike Macey, Mike Wang, Miquel Jubert
Hermoso, Mo Metanat, Mohammad Rastegari,
Munish Bansal, Nandhini Santhanam, Natascha
Parks, Natasha White, Navyata Bawa, Nayan
Singhal, Nick Egebo, Nicolas Usunier, Nikhil
Mehta, Nikolay Pavlovich Laptev, Ning Dong,
Norman Cheng, Oleg Chernoguz, Olivia
Hart, Omkar Salpekar, Ozlem Kalinli, Parkin
Kent, Parth Parekh, Paul Saab, Pavan Balaji,
Pedro Rittner, Philip Bontrager, Pierre Roux,
Piotr Dollar, Polina Zvyagina, Prashant
Ratanchandani, Pritish Yuvraj, Qian Liang,
Rachad Alao, Rachel Rodriguez, Rafi Ayub,
Raghotham Murthy, Raghu Nayani, Rahul
Mitra, Rangaprabhu Parthasarathy, Raymond
Li, Rebekkah Hogan, Robin Battey, Rocky
Wang, Russ Howes, Ruty Rinott, Sachin
Mehta, Sachin Siby, Sai Jayesh Bondu, Samyak
Datta, Sara Chugh, Sara Hunt, Sargun Dhillon,
Sasha Sidorov, Satadru Pan, Saurabh Mahajan,



Saurabh Verma, Seiji Yamamoto, Sharadh
Ramaswamy, Shaun Lindsay, Shaun Lindsay,
Sheng Feng, Shenghao Lin, Shengxin Cindy
Zha, Shishir Patil, Shiva Shankar, Shuqgiang
Zhang, Shuqgiang Zhang, Sinong Wang, Sneha
Agarwal, Soji Sajuyigbe, Soumith Chintala,
Stephanie Max, Stephen Chen, Steve Kehoe,
Steve Satterfield, Sudarshan Govindaprasad,
Sumit Gupta, Summer Deng, Sungmin Cho,
Sunny Virk, Suraj Subramanian, Sy Choudhury,
Sydney Goldman, Tal Remez, Tamar Glaser,
Tamara Best, Thilo Koehler, Thomas Robinson,
Tianhe Li, Tianjun Zhang, Tim Matthews,
Timothy Chou, Tzook Shaked, Varun Vontimitta,
Victoria Ajayi, Victoria Montanez, Vijai
Mohan, Vinay Satish Kumar, Vishal Mangla,
Vlad Ionescu, Vlad Poenaru, Vlad Tiberiu
Mihailescu, Vladimir Ivanov, Wei Li, Wenchen
Wang, Wenwen Jiang, Wes Bouaziz, Will
Constable, Xiaocheng Tang, Xiaojian Wu,
Xiaolan Wang, Xilun Wu, Xinbo Gao, Yaniv
Kleinman, Yanjun Chen, Ye Hu, Ye Jia, Ye Qi,
Yenda Li, Yilin Zhang, Ying Zhang, Yossi Adi,
Youngjin Nam, Yu Wang, Yu Zhao, Yuchen
Hao, Yundi Qian, Yunlu Li, Yuzi He, Zach
Rait, Zachary DeVito, Zef Rosnbrick, Zhaoduo
Wen, Zhenyu Yang, Zhiwei Zhao, and Zhiyu
Ma. 2024. The llama 3 herd of models.

Mandy Guo, Joshua Ainslie, David Uthus,
Santiago Ontanon, Jianmo Ni, Yun-Hsuan
Sung, and Yinfei Yang. 2022. LongT5:
Efficient text-to-text transformer for long
sequences. In Findings of the Associa-
tion for Computational Linguistics: NAACL
2022, pages 724-736, Seattle, United States.
Association for Computational Linguis-
tics. https://doi.org/10.18653/v1
/2022 .findings—naacl.55

Chi Han, Qifan Wang, Hao Peng, Wenhan
Xiong, Yu Chen, Heng Ji, and Sinong
Wang. 2024. LM-infinite: Zero-shot extreme
length generalization for large language mod-
els. In Proceedings of the 2024 Conference
of the North American Chapter of the
Association for Computational Linguistics:
Human Language Technologies (Volume 1I:
Long Papers), pages 3991-4008, Mexico
City, Mexico. Association for Computa-
tional Linguistics. https://doi.org/10
.18653/v1/2024 .naacl-1long.222

1285

Edward J. Hu, Yelong Shen, Phillip Wallis,

Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang,
Lu Wang, and Weizhu Chen. 2022. Lora:
Low-rank adaptation of large language mod-
els.In The Tenth International Conference on
Learning Representations, ICLR 2022, Virtual
Event, April 25-29, 2022. OpenReview.net.

Luyang Huang, Shuyang Cao, Nikolaus Parulian,

Heng Ji, and Lu Wang. 2021. Efficient at-
tentions for long document summarization.
In Proceedings of the 2021 Conference of
the North American Chapter of the Associ-
ation for Computational Linguistics: Human
Language Technologies, pages 1419-1436,
Online. Association for Computational Linguis-
tics. https://doi.org/10.18653/vl
/2021 .naacl-main.112

Maor Ivgi, Uri Shaham, and Jonathan Berant.

2023. Efficient long-text understanding
with short-text models. Transactions of
the Association for Computational Linguis-

tics, 11:284-299. https://doi.org/10

.1162/tacl_a_00547

Gautier Izacard and Edouard Grave. 2021.

Leveraging passage retrieval with generative
models for open domain question answer-
ing. In Proceedings of the 16th Conference
of the European Chapter of the Association
for Computational Linguistics: Main Volume,
pages 874-880, Online. Association for Com-
putational Linguistics. https://doi.org
/10.18653/v1/2021.eacl-main.74

Diederik P. Kingma and Jimmy Ba. 2015. Adam:

A method for stochastic optimization. In 3rd
International Conference on Learning Repre-
sentations, ICLR 2015, San Diego, CA, USA,
May 7-9, 2015, Conference Track Proceedings.

Nikita Kitaev, Lukasz Kaiser, and Anselm

Levskaya. 2020. Reformer: The efficient
transformer. In International Conference on
Learning Representations.

Wojciech Kryscinski, Nazneen Rajani, Divyansh

Agarwal, Caiming Xiong, and Dragomir
Radev. 2022. BOOKSUM: A collection of
datasets for long-form narrative summariza-
tion. In Findings of the Association for
Computational Linguistics: EMNLP 2022,
pages 6536-6558, Abu Dhabi, United Arab


https://doi.org/10.18653/v1/2022.findings-naacl.55
https://doi.org/10.18653/v1/2022.findings-naacl.55
https://doi.org/10.18653/v1/2024.naacl-long.222
https://doi.org/10.18653/v1/2024.naacl-long.222
https://doi.org/10.18653/v1/2021.naacl-main.112
https://doi.org/10.18653/v1/2021.naacl-main.112
https://doi.org/10.1162/tacl_a_00547
https://doi.org/10.1162/tacl_a_00547
https://doi.org/10.18653/v1/2021.eacl-main.74
https://doi.org/10.18653/v1/2021.eacl-main.74

Emirates. Association for Computational Lin-
guistics. https://doi.org/10.18653
/v1/2022.findings—emnlp.488

Mike Lewis, Yinhan Liu, Naman Goyal, Marjan
Ghazvininejad, Abdelrahman Mohamed, Omer
Levy, Veselin Stoyanov, and Luke Zettlemoyer.
2020. BART: Denoising sequence-to-sequence
pre-training for natural language generation,
translation, and comprehension. In Proceedings
of the 58th Annual Meeting of the Association
for Computational Linguistics, pages 78717880,
Online. Association for Computational Linguis-
tics. https://doi.org/10.18653/v1
/2020.acl-main. 703

Chin-Yew Lin. 2004. ROUGE: A package for
automatic evaluation of summaries. In Text
Summarization Branches Out, pages 74-81,
Barcelona, Spain. Association for Computa-
tional Linguistics.

Hao Liu, Matei Zaharia, and Pieter Abbeel.
2024. Ringattention with blockwise transform-
ers for near-infinite context. In The Twelfth
International Conference on Learning Repre-
sentations, ICLR 2024, Vienna, Austria, May
7—11, 2024. OpenReview.net.

Yixin Liu, Ansong Ni, Linyong Nan, Budhaditya
Deb, Chenguang Zhu, Ahmed Hassan
Awadallah, and Dragomir Radev. 2022. Lever-
aging locality in abstractive text summarization.
In Proceedings of the 2022 Conference on
Empirical Methods in Natural Language Pro-
cessing, pages 6081-6093, Abu Dhabi, United
Arab Emirates. Association for Computa-
tional Linguistics. https://doi.org/10
.18653/v1/2022.emnlp-main.408

Sewon Min, Kalpesh Krishna, Xinxi Lyu, Mike
Lewis, Wen-tau Yih, Pang Koh, Mohit Iyyer,
Luke Zettlemoyer, and Hannaneh Hajishirzi.
2023. FActScore: Fine-grained atomic evalu-
ation of factual precision in long form text
generation. In Proceedings of the 2023 Con-
ference on Empirical Methods in Natural
Language Processing, pages 12076-12100,
Singapore. Association for Computational Lin-
guistics. https://doi.org/10.18653
/v1/2023.emnlp-main. 741

Tsendsuren Munkhdalai, Manaal Faruqui, and
Siddharth Gopal. 2024. Leave no context be-
hind: Efficient infinite context transformers
with infini-attention.

1286

Ramesh Nallapati, Bowen Zhou, Cicero dos

Santos, Caglar Gulcehre, and Bing Xiang.
2016. Abstractive text summarization using
sequence-to-sequence RNNs and beyond. In
Proceedings of the 20th SIGNLL Conference
on Computational Natural Language Learning,
pages 280-290, Berlin, Germany. Associa-
tion for Computational Linguistics. https://
doi.org/10.18653/v1/K16-1028

Shashi Narayan, Shay B. Cohen, and Mirella

Lapata. 2018. Don’t give me the details, just
the summary! Topic-aware convolutional neu-
ral networks for extreme summarization. In
Proceedings of the 2018 Conference on Empir-
ical Methods in Natural Language Processing,
pages 1797-1807, Brussels, Belgium. Associa-
tion for Computational Linguistics. https://
doi.org/10.18653/v1/D18-1206

OpenAl, Aaron Hurst, Adam Lerer, Adam P.

Goucher, Adam Perelman, Aditya Ramesh,
Aidan Clark, AJ Ostrow, Akila Welihinda,
Alan Hayes, Alec Radford, Aleksander Madry,
Alex Baker-Whitcomb, Alex Beutel, Alex
Borzunov, Alex Carney, Alex Chow, Alex
Kirillov, Alex Nichol, Alex Paino, Alex Renzin,
Alex Tachard Passos, Alexander Kirillov,
Alexi Christakis, Alexis Conneau, Ali Kamali,
Allan Jabri, Allison Moyer, Allison Tam,
Amadou Crookes, Amin Tootoochian, Amin
Tootoonchian, Ananya Kumar, Andrea Vallone,
Andrej Karpathy, Andrew Braunstein, Andrew
Cann, Andrew Codispoti, Andrew Galu, Andrew
Kondrich, Andrew Tulloch, Andrey Mishchenko,
Angela Baek, Angela Jiang, Antoine Pelisse,
Antonia Woodford, Anuj Gosalia, Arka Dhar,
Ashley Pantuliano, Avi Nayak, Avital
Oliver, Barret Zoph, Behrooz Ghorbani, Ben
Leimberger, Ben Rossen, Ben Sokolowsky,
Ben Wang, Benjamin Zweig, Beth Hoover,
Blake Samic, Bob McGrew, Bobby Spero,
Bogo Giertler, Bowen Cheng, Brad Lightcap,
Brandon Walkin, Brendan Quinn, Brian
Guarraci, Brian Hsu, Bright Kellogg, Brydon
Eastman, Camillo Lugaresi, Carroll Wainwright,
Cary Bassin, Cary Hudson, Casey Chu, Chad
Nelson, Chak Li, Chan Jun Shern, Channing
Conger, Charlotte Barette, Chelsea Voss,
Chen Ding, Cheng Lu, Chong Zhang, Chris
Beaumont, Chris Hallacy, Chris Koch, Christian
Gibson, Christina Kim, Christine Choi,
Christine McLeavey, Christopher Hesse, Claudia


https://doi.org/10.18653/v1/2022.findings-emnlp.488
https://doi.org/10.18653/v1/2022.findings-emnlp.488
https://doi.org/10.18653/v1/2020.acl-main.703
https://doi.org/10.18653/v1/2020.acl-main.703
https://doi.org/10.18653/v1/2022.emnlp-main.408
https://doi.org/10.18653/v1/2022.emnlp-main.408
https://doi.org/10.18653/v1/2023.emnlp-main.741
https://doi.org/10.18653/v1/2023.emnlp-main.741
https://doi.org/10.18653/v1/K16-1028
https://doi.org/10.18653/v1/K16-1028
https://doi.org/10.18653/v1/D18-1206
https://doi.org/10.18653/v1/D18-1206

Fischer, Clemens Winter, Coley Czarnecki,
Colin  Jarvis, Colin Wei, Constantin
Koumouzelis, Dane Sherburn, Daniel Kappler,
Daniel Levin, Daniel Levy, David Carr, David
Farhi, David Mely, David Robinson, David
Sasaki, Denny Jin, Dev Valladares, Dimitris
Tsipras, Doug Li, Duc Phong Nguyen, Duncan
Findlay, Edede Oiwoh, Edmund Wong, Ehsan
Asdar, Elizabeth Proehl, Elizabeth Yang,
Eric Antonow, Eric Kramer, Eric Peterson,
Eric Sigler, Eric Wallace, Eugene Brevdo,
Evan Mays, Farzad Khorasani, Felipe Petroski
Such, Filippo Raso, Francis Zhang, Fred
von Lohmann, Freddie Sulit, Gabriel Goh,
Gene Oden, Geoff Salmon, Giulio Starace,
Greg Brockman, Hadi Salman, Haiming Bao,
Haitang Hu, Hannah Wong, Haoyu Wang,
Heather Schmidt, Heather Whitney, Heewoo
Jun, Hendrik Kirchner, Henrique Ponde
de Oliveira Pinto, Hongyu Ren, Huiwen
Chang, Hyung Won Chung, Ian Kivlichan,
Tan O’Connell, Tan O’Connell, Tan Osband,
Ian Silber, lan Sohl, Ibrahim Okuyucu, Ikai
Lan, Ilya Kostrikov, Ilya Sutskever, Ingmar
Kanitscheider, Ishaan Gulrajani, Jacob Coxon,
Jacob Menick, Jakub Pachocki, James Aung,
James Betker, James Crooks, James Lennon,
Jamie Kiros, Jan Leike, Jane Park, Jason
Kwon, Jason Phang, Jason Teplitz, Jason Wei,
Jason Wolfe, Jay Chen, Jeff Harris, Jenia
Varavva, Jessica Gan Lee, Jessica Shieh, Ji
Lin, Jiahui Yu, Jiayi Weng, Jie Tang, Jieqi
Yu, Joanne Jang, Joaquin Quinonero Candela,
Joe Beutler, Joe Landers, Joel Parish,
Johannes Heidecke, John Schulman, Jonathan
Lachman, Jonathan McKay, Jonathan Uesato,
Jonathan Ward, Jong Wook Kim, Joost
Huizinga, Jordan Sitkin, Jos Kraaijeveld, Josh
Gross, Josh Kaplan, Josh Snyder, Joshua
Achiam, Joy Jiao, Joyce Lee, Juntang Zhuang,
Justyn Harriman, Kai Fricke, Kai Hayashi,
Karan Singhal, Katy Shi, Kavin Karthik, Kayla
Wood, Kendra Rimbach, Kenny Hsu, Kenny
Nguyen, Keren Gu-Lemberg, Kevin Button,
Kevin Liu, Kiel Howe, Krithika Muthukumar,
Kyle Luther, Lama Ahmad, Larry Kai, Lauren
Itow, Lauren Workman, Leher Pathak, Leo
Chen, Li Jing, Lia Guy, Liam Fedus, Liang
Zhou, Lien Mamitsuka, Lilian Weng, Lindsay
McCallum, Lindsey Held, Long Ouyang, Louis
Feuvrier, Lu Zhang, Lukas Kondraciuk, Lukasz
Kaiser, Luke Hewitt, Luke Metz, Lyric Doshi,

1287

Mada Aflak, Maddie Simens, Madelaine Boyd,
Madeleine Thompson, Marat Dukhan, Mark
Chen, Mark Gray, Mark Hudnall, Marvin
Zhang, Marwan Aljubeh, Mateusz Litwin,
Matthew Zeng, Max Johnson, Maya Shetty,
Mayank Gupta, Meghan Shah, Mehmet Yatbaz,
Meng Jia Yang, Mengchao Zhong, Mia Glaese,
Mianna Chen, Michael Janner, Michael Lampe,
Michael Petrov, Michael Wu, Michele Wang,
Michelle Fradin, Michelle Pokrass, Miguel
Castro, Miguel Oom Temudo de Castro,
Mikhail Pavlov, Miles Brundage, Miles Wang,
Minal Khan, Mira Murati, Mo Bavarian, Molly
Lin, Murat Yesildal, Nacho Soto, Natalia
Gimelshein, Natalie Cone, Natalie Staudacher,
Natalie Summers, Natan LaFontaine, Neil
Chowdhury, Nick Ryder, Nick Stathas, Nick
Turley, Nik Tezak, Niko Felix, Nithanth
Kudige, Nitish Keskar, Noah Deutsch, Noel
Bundick, Nora Puckett, Ofir Nachum, Ola
Okelola, Oleg Boiko, Oleg Murk, Oliver
Jaffe, Olivia Watkins, Olivier Godement,
Owen Campbell-Moore, Patrick Chao, Paul
McMillan, Pavel Belov, Peng Su, Peter Bak,
Peter Bakkum, Peter Deng, Peter Dolan, Peter
Hoeschele, Peter Welinder, Phil Tillet, Philip
Pronin, Philippe Tillet, Prafulla Dhariwal,
Qiming Yuan, Rachel Dias, Rachel Lim,
Rahul Arora, Rajan Troll, Randall Lin, Rapha
Gontijo Lopes, Raul Puri, Reah Miyara, Reimar
Leike, Renaud Gaubert, Reza Zamani, Ricky
Wang, Rob Donnelly, Rob Honsby, Rocky
Smith, Rohan Sahai, Rohit Ramchandani,
Romain Huet, Rory Carmichael, Rowan Zellers,
Roy Chen, Ruby Chen, Ruslan Nigmatullin,
Ryan Cheu, Saachi Jain, Sam Altman,
Sam Schoenholz, Sam Toizer, Samuel
Miserendino, Sandhini Agarwal, Sara Culver,
Scott Ethersmith, Scott Gray, Sean Grove,
Sean Metzger, Shamez Hermani, Shantanu
Jain, Shengjia Zhao, Sherwin Wu, Shino
Jomoto, Shirong Wu, Shuaiqi Xia, Sonia Phene,
Spencer Papay, Srinivas Narayanan, Steve
Coffey, Steve Lee, Stewart Hall, Suchir Balaji,
Tal Broda, Tal Stramer, Tao Xu, Tarun
Gogineni, Taya Christianson, Ted Sanders,
Tejal Patwardhan, Thomas Cunninghman,
Thomas Degry, Thomas Dimson, Thomas
Raoux, Thomas Shadwell, Tianhao Zheng,
Todd Underwood, Todor Markov, Toki
Sherbakov, Tom Rubin, Tom Stasi, Tomer
Kaftan, Tristan Heywood, Troy Peterson,



Tyce Walters, Tyna Eloundou, Valerie Qi,
Veit Moeller, Vinnie Monaco, Vishal Kuo,
Vlad Fomenko, Wayne Chang, Weiyi Zheng,
Wenda Zhou, Wesam Manassra, Will Sheu,
Wojciech Zaremba, Yash Patil, Yilei Qian,
Yongjik Kim, Youlong Cheng, Yu Zhang,
Yuchen He, Yuchen Zhang, Yujia Jin, Yunxing
Dai, and Yury Malkov. 2024. Gpt-40 sys-
tem card. https://doi.org/10.48550
/arXiv.2410.21276

Bowen Peng, Jeffrey Quesnelle, Honglu Fan, and
Enrico Shippole. 2024. YaRN: Efficient context
window extension of large language models.
In The Twelfth International Conference on
Learning Representations.

Colin Raffel, Noam Shazeer, Adam Roberts,
Katherine Lee, Sharan Narang, Michael
Matena, Yanqi Zhou, Wei Li, and Peter J. Liu.
2020. Exploring the limits of transfer learning
with a unified text-to-text transformer. Journal
of Machine Learning Research, 21(140):1-67.

Nir Ratner, Yoav Levine, Yonatan Belinkov,
Ori Ram, Inbal Magar, Omri Abend, Ehud
Karpas, Amnon Shashua, Kevin Leyton-Brown,
and Yoav Shoham. 2023. Parallel context
windows for large language models. In Pro-
ceedings of the 61st Annual Meeting of
the Association for Computational Linguistics
(Volume 1: Long Papers), pages 6383-6402,
Toronto, Canada. Association for Computa-
tional Linguistics. https://doi.org/10
.18653/v1/2023.acl-1long.352

Aurko Roy, Mohammad Saffar, Ashish Vaswani,
and David Grangier. 2021. Efficient Content-
Based Sparse Attention with Routing Trans-
formers. Transactions of the Association for
Computational Linguistics, 9:53-68. https://
doi.org/10.1162/tacl_a_.00353

Rohit Saxena and Frank Keller. 2024. Select and
summarize: Scene saliency for movie script
summarization. In Findings of the Associa-
tion for Computational Linguistics: NAACL
2024, pages 3439-3455, Mexico City, Mex-
ico. Association for Computational Linguis-
tics. https://doi.org/10.18653/v1l
/2024 .findings—-naacl.218

Uri Shaham, Elad Segal, Maor Ivgi, Avia Efrat,
Ori Yoran, Adi Haviv, Ankit Gupta, Wenhan

Xiong, Mor Geva, Jonathan Berant, and
Omer Levy. 2022. SCROLLS: Standardized

CompaRison over long language sequences.
In Proceedings of the 2022 Conference on
Empirical Methods in Natural Language Pro-
cessing, pages 12007-12021, Abu Dhabi,
United Arab Emirates. Association for Compu-
tational Linguistics. https://doi.org/10
.18653/v1/2022.emnlp-main.823

Ashish Vaswani, Noam Shazeer, Niki Parmar,
Jakob Uszkoreit, Llion Jones, Aidan N. Gomez,
Fukasz Kaiser, and Illia Polosukhin. 2017. At-
tention is all you need. In Advances in Neural
Information Processing Systems, volume 30.
Curran Associates, Inc.

Sinong Wang, Belinda Z. Li, Madian Khabsa,
Han Fang, and Hao Ma. 2020. Linformer:
Self-attention with linear complexity.

Yonghui Wu, Mike Schuster, Zhifeng Chen,
Quoc V. Le, Mohammad Norouzi, Wolfgang
Macherey, Maxim Krikun, Yuan Cao, Qin Gao,
Klaus Macherey, Jeff Klingner, Apurva Shah,
Melvin Johnson, Xiaobing Liu, Lukasz Kaiser,
Stephan Gouws, Yoshikiyo Kato, Taku Kudo,
Hideto Kazawa, Keith Stevens, George Kurian,
Nishant Patil, Wei Wang, Cliff Young, Jason
Smith, Jason Riesa, Alex Rudnick, Oriol
Vinyals, Greg Corrado, Macduff Hughes, and
Jeffrey Dean. 2016. Google’s neural machine
translation system: Bridging the gap between
human and machine translation.

Guangxuan Xiao, Yuandong Tian, Beidi Chen,
Song Han, and Mike Lewis. 2024. Efficient
streaming language models with attention sinks.
In The Twelfth International Conference on
Learning Representations.

Jiawen Xie, Pengyu Cheng, Xiao Liang, Yong
Dai, and Nan Du. 2024. Chunk, align, select:
A simple long-sequence processing method for
transformers.

Howard Yen, Tianyu Gao, and Dangi Chen. 2024.
Long-context language modeling with parallel
context encoding. https://doi.org/10

.18653/v1/2024.acl-1long.142

Manzil Zaheer, Guru Guruganesh, Kumar
Avinava Dubey, Joshua Ainslie, Chris Alberti,
Santiago Ontanon, Philip Pham, Anirudh
Ravula, Qifan Wang, Li Yang, and Amr
Ahmed. 2020. Big bird: Transformers for
longer sequences. In Advances in Neural In-
formation Processing Systems, volume 33,
pages 17283-17297. Curran Associates, Inc.

1288


https://doi.org/10.48550/arXiv.2410.21276
https://doi.org/10.48550/arXiv.2410.21276
https://doi.org/10.18653/v1/2023.acl-long.352
https://doi.org/10.18653/v1/2023.acl-long.352
https://doi.org/10.1162/tacl_a_00353
https://doi.org/10.1162/tacl_a_00353
https://doi.org/10.18653/v1/2024.findings-naacl.218
https://doi.org/10.18653/v1/2024.findings-naacl.218
https://doi.org/10.18653/v1/2022.emnlp-main.823
https://doi.org/10.18653/v1/2022.emnlp-main.823
https://doi.org/10.18653/v1/2024.acl-long.142
https://doi.org/10.18653/v1/2024.acl-long.142

Yuheng Zha, Yichi Yang, Ruichen Li, and

Zhiting Hu. 2023. AlignScore: Evaluating fac-
tual consistency with a unified alignment
function. In Proceedings of the 61st Annual
Meeting of the Association for Computa-
tional Linguistics (Volume 1: Long Papers),
pages 11328-11348, Toronto, Canada. Associ-
ation for Computational Linguistics.

Tianyi Zhang, Varsha Kishore, Felix Wu, Kilian

Q. Weinberger, and Yoav Artzi. 2020.
BERTScore: Evaluating text generation with
BERT. In International Conference on Learn-
ing Representations.

Yusen Zhang, Ansong Ni, Ziming Mao,

Chen Henry Wu, Chenguang Zhu, Budhaditya
Deb, Ahmed Awadallah, Dragomir Radev, and
Rui Zhang. 2022. Summ”™: A multi-stage sum-
marization framework for long input dialogues

1289

and documents. In Proceedings of the 60th
Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers),
pages 15921604, Dublin, Ireland. Association
for Computational Linguistics.

Ming Zhong, Da Yin, Tao Yu, Ahmad Zaidi,

Mutethia Mutuma, Rahul Jha, Ahmed Hassan
Awadallah, Asli Celikyilmaz, Yang Liu,
Xipeng Qiu, and Dragomir Radev. 2021.
QMSum: A new benchmark for query-based
multi-domain meeting summarization. In Pro-
ceedings of the 2021 Conference of the
North American Chapter of the Associa-
tion for Computational Linguistics: Human
Language Technologies, pages 5905-5921,
Online. Association for Computational Linguis-
tics. https://doi.org/10.18653/v1l
/2021 .naacl-main.472


https://doi.org/10.18653/v1/2021.naacl-main.472
https://doi.org/10.18653/v1/2021.naacl-main.472

A Implementation Details

Parameter Value
Learning rate le-5

Optimizer AdamW (Kingma and Ba, 2015)
AdamW 5, 0.9

AdamW (5, 0.99

batch size 1

Effective batch size 2

Warmup Strategy linear

Warmup Steps 1024

Decoding Strategy Greedy

Sample False

Beam size 4

Chunk Size (BART) 1024

Chunk Size (T5) 512

LoRA FT

rank 16

lora_alpha 16

lora_dropout 0.05

max_seq_length 10240

epochs 15

target_modules g-proj, k_proj, v_proj, o_proj, gate_proj,

up_proj, down_proj

Table 5: Hyperparameter values used for our experiments.

All experiments were performed on an single A100 GPU with 80GB memory except LoRA FT
which were performed on 2 A100s with 80GB memory. The hyperparameter settings are listed in
Table 5. GovReport was trained for 10 epochs, QMSUM for 20 epochs, and ScriptBase, BookSum, and
SummscreenFD were trained for 15 epochs. For evaluation, we used ROUGE metric Perl package’® and
BERTScore with the microsoft/deberta-xlarge-mnli model.

B Instructions for Human Evaluation

In this task, you will assess the quality of computer-generated summaries by comparing them against gold
(reference) summaries. You will be provided with a Gold Summary and a corresponding Generated
Summary.

Your task is to evaluate the generated summary on the following four dimensions: Fluency, Coherence,
Relevance, and Faithfulness.

You will assign a score between 1 (Poor) and 5 (Excellent) for each dimension. Dimensions of
Evaluation:

1. Fluency: This dimension evaluates whether the generated summary is grammatically correct, easy
to read, and well-structured.

2. Coherence: This dimension assesses whether the sentences in the generated summary flow logically
and maintain a consistent narrative.

3. Faithfulness: This dimension checks if all the facts presented in the generated summary are accurate
and can be directly inferred from the gold summary.

Shttps://github.com/summanlp/evaluation/tree/ master/ROUGE-RELEASE-1.5.5,
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4. Relevance: This dimension evaluates whether all the important facts from the gold summary are
present in the generated summary.

Task Instructions: For each gold summary and the corresponding generated summary:

1. Rate the generated summary for each dimension (Fluency, Coherence, Faithfulness, Relevance) on
a scale of 1 to 5 based on the definitions provided.

2. Ignore minor grammatical errors or abrupt endings that do not significantly impact the overall
quality of the summary.

3. Make your selection based solely on the definitions and examples provided for each dimension.

C Prompt Template

The prompt templates used in our experiments.

Prompt Template for LLaMA 3.1 8B

<|begin_of_text|><|start_header_id|>system<|end_header_id|>You are a
helpful assistant<|eot_id|><|start_header_id|>user<|end_header_id|> Sum-
marize the following text in detail like a plot summary and include all
the main events. \n [Input Text]<|eot_id|><|start_header_id|>assistant
<|end_header_id|>

Prompt Template for GPT-4

Summarize the following text in detail like a plot summary and
include all the main events.\n[Input Text]

D Memorization of Dataset in LLMs

To investigate whether large language models rely on memorized summaries, we compare two prompt
settings on ScriptBase and BookSum:

e Title + Year only: the model is prompted with only the title and release/publication year of the
movie or book (no document text).

o Full context (Zero-Shot): the model is given the entire document as input.

Table 6 shows that both Llama 3.1 8B and GPT-40 achieve substantially higher ROUGE and BERTScore
when prompted with only the title and year, compared to using the full text. On ScriptBase, Llama 3.1
8B’s ROUGE-L increases from 13.68 (full context) to 24.35 (title + year), and GPT-40 improves from
38.94 to 41.85. Similarly, on BookSum, Llama 3.1 8B’s ROUGE-L improves from 11.81 to 31.71, and
GPT-40’s from 27.92 to 36.31.

These results suggest that both models likely rely on memorized content from pretraining rather than
processing long inputs effectively. The performance drop when given the complete document indicates
a potential limitation in their ability to handle extremely long sequences effectively.

E Summary Length Statistics

Table 7 reports the mean and median token lengths of the gold (reference) summaries alongside those
generated by each model on the ScriptBase and BookSum test sets.

F Sample of Book Summaries

We present sample summaries of the book Sense and Sensibility generated using SLED, Unlimiformer,
and our approach CachED BART.
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Method R1 R-2 R-L BS-F1
ScriptBase (Title + Year)

Llama 3.1 8B 25.36 4.06 24.35 44.93

GPT-40 45.03 11.68 41.85 57.36
ScriptBase (Zero-Shot)

Llama 3.1 8B 14.63 2.17 13.68 43.97

GPT-40 42.02 10.2 38.94 56.24
BookSum (Title + Year)

Llama 3.1 8B 32.67 4.83 31.71 56.00

GPT-40 38.65 9.69 36.31 55.75
BookSum (Zero-Shot)

Llama 3.1 8B (ZS) 12.61 2.12 11.81 41.28

GPT-40 (ZS) 29.97 6.44 27.92 51.62

Table 6: Performance of Llama 3.1 8B and GPT-40 on summarization when prompted with title+year
only vs. full document. Higher performance with title+year indicates possible memorization.

ScriptBase
Method Mean Median
Gold Summary 878.32 906.5
Unlim. (BARTyae) 856.72 851.0
SLED (BART arge) 847.54 848.5
CachED BART e 844.2 887.0
Llama 3.1 8B (ZS) 904.64 1026.5
Llama 3.1 8B (FT) 1433.04 1029.0
GPT-40 714.16 704.0

BookSum
Gold Summary 859.39 1024.0
Unlim. (BARTyase) 964.7 1022.0
SLED (BART yrgc) 995.04 1017.0
CachED BART g 847.89 927.0
Llama 3.1 8B (ZS) 1037.0 1017.0
Llama 3.1 8B (FT) 979.65 1029.0
GPT-40 734.20 719.5

Table 7: Mean and median lengths (in tokens) of gold and generated summaries across the ScriptBase
and BookSum datasets.

F.1 Gold Summary

The Dashwood family is introduced; Mr. and Mrs. Dashwood and their three daughters live at Norland
Park, an estate in Sussex. Unfortunately, Mr. Dashwood’s wife and daughters are left with very little
when he dies and the estate goes to his son, John Dashwood. John and his wife Fanny have a great deal of
money, yet refuse to help his half-sisters and their mother. Elinor, one of the Dashwood girls, is entirely
sensible and prudent; her sister, Marianne, is very emotional and never moderate. Margaret, the youngest
sister, is young and good-natured. Mrs. Dashwood and her daughters stay at Norland for a few months,
mostly because of the promising friendship developing between Elinor and Edward Ferrars, Fanny’s
shy, but very kind, brother. Elinor likes Edward, but is not convinced her feelings are mutual; Fanny
is especially displeased by their apparent regard, as Edward’s mother wants him to marry very well. A
relative of Mrs. Dashwood’s, Sir John Middleton, offers them a cottage at Barton Park in Devonshire; the
family must accept, and are sad at leaving their home and having to separate Edward and Elinor. They
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find Barton Cottage and the countryside around it charming, and Sir John Middleton a very kind and
obliging host. His wife, Lady Middleton, is cold and passionless; still, they accept frequent invitations
to dinners and parties at Barton Park. The Dashwoods meet Mrs. Jennings, Sir John’s mother-in-law, a
merry, somewhat vulgar older woman, and Colonel Brandon, a gentleman and a bachelor. The Colonel
is soon taken with Marianne, but Marianne objects to Mrs. Jennings attempts to get them together, and
to the ‘‘advanced’’ age and serious demeanor of the Colonel. Marianne falls and twists her ankle while
walking; she is lucky enough to be found and carried home by a dashing man named Willoughby.
Marianne and Willoughby have a similar romantic temperament, and Marianne is much pleased to
find that Willoughby has a passion for art, poetry, and music. Willoughby and Marianne’s attachment
develops steadily, though Elinor believes that they should be more restrained in showing their regard
publicly. One pleasant day, the Middletons, the Dashwoods, and Willoughby are supposed to go on a
picnic with the Colonel, but their plans are ditched when Colonel Brandon is forced to leave because of
distressing news. Willoughby becomes an even more attentive guest at the cottage, spending a great deal
more time there than Allenham with his aunt. Willoughby openly confesses his affections for Marianne
and for all of them, and hopes they will always think of him as fondly as he does of them; this leaves
Mrs. Dashwood and Elinor convinced that if Marianne and Willoughby are not engaged, they soon
will be. One morning, Mrs. Dashwood, Elinor, and Margaret leave the couple, hoping for a proposal;
when they return, they find Marianne crying, and Willoughby saying that he must immediately go to
London. Mrs. Dashwood and Elinor are completely unsettled by this hasty departure, and Elinor fears
that they might have had a falling-out. Marianne is torn up by Willoughby’s departure, and Elinor
begins to question whether Willoughby’s intentions were honorable. But, whether Willoughby and
Marianne are engaged remains a mystery, as Marianne will not speak of it. Edward comes to visit them
at Barton, and is welcomed very warmly as their guest. It is soon apparent that Edward is unhappy,
and doesn’t show as much affection for Elinor; when they spot a ring he is wearing, with a lock of
hair suspiciously similar to Elinor’s, even Elinor is baffled. Edward finally forces himself to leave, still
seeming distressed. Sir John and Mrs. Jennings soon introduce Mrs. Jennings’ other daughter, Mrs.
Palmer, and her husband to the family. Mrs. Palmer says that people in town believe that Willoughby
and Marianne will soon be married, which puzzles Elinor, as she knows of no such arrangements
herself. Elinor and Marianne meet the Middletons’ new guests, the Miss Steeles, apparently cousins;
they find Miss Steele to be nothing remarkable, while Lucy is very pretty but not much better company.
However, the Miss Steeles instantly gain Lady Middleton’s admiration by paying endless attention to
her obnoxious children. Elinor, unfortunately, becomes the preferred companion of Lucy. Lucy inquires
of Mrs. Ferrars, which prompts Elinor to ask about her acquaintance with the Ferrars family; Lucy then
reveals that she is secretly engaged to Edward. It turns out that Edward and Lucy knew each other while
Edward studied with Lucy’s uncle, Mr. Pratt, and have been engaged for some years. Although Elinor
is first angry about Edward’s secrecy, she soon sees that marrying Lucy will be punishment enough,
as she is unpolished, manipulative, and jealous of Edward’s high regard for Elinor. The Miss Steeles
end up staying at Barton Park for two months. Mrs. Jennings invites Marianne and Elinor to spend the
winter with her in London. Marianne is determined to go to see Willoughby, and Elinor decides she
must go too, because Marianne needs Elinor’s polite guidance. They accept the invitation, and leave in
January. Once in town, they find Mrs. Jennings’ house comfortable, and their company less than ideal;
still, they try their best to enjoy it all. Marianne anxiously awaits Willoughby’s arrival, while Elinor
finds her greatest enjoyment in Colonel Brandon’s daily visits. Elinor is much disturbed when Colonel
Brandon tells her that the engagement between Marianne and Willoughby is widely known throughout
town. At a party, Elinor and Marianne see Willoughby; Marianne approaches him, although he avoids
Marianne, and his behavior is insulting. Marianne angrily writes Willoughby, and receives a reply in
which he denies having loved Marianne, and says he hopes he didn’t lead her on. Marianne is deeply
grieved at being deceived and dumped so coldly; Elinor feels only anger at Willoughby’s unpardonable
behavior. Marianne then reveals that she and Willoughby were never engaged, and Elinor observes that
Marianne should have been more prudent in her affections. Apparently, Willoughby is to marry the
wealthy Lady Grey due to his constant need for money. Colonel Brandon calls after hearing the news,
and offers up his knowledge of Willoughby’s character to Elinor. Colonel Brandon was once in love
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with a ward to his family, Eliza, who became a fallen woman and had an illegitimate daughter. Colonel
Brandon placed the daughter, Miss Williams, in care after her mother’s death. The Colonel learned
on the day of the Delaford picnic that she had become pregnant, and was abandoned by Willoughby.
Elinor is shocked, though the Colonel sincerely hopes that this will help Marianne feel better about
losing Willoughby, since he was not of solid character. The story convinces Marianne of Willoughby’s
guilt, though it does not ease her mind. Out of sympathy, Marianne also stops avoiding the Colonel’s
company and becomes more civil to him. Willoughby is soon married, which Marianne is grieved to
hear; then, again unfortunately, the Miss Steeles come to stay with the Middletons. John and Fanny
Dashwood arrive, and are introduced to Mrs. Jennings, and to Sir John and Lady Middleton, deeming
them worthy company. John reveals to Elinor that Edward is soon to be married to Miss Morton, an
orphan with a great deal of money left to her, as per the plans of his mother. At a dinner party given by
John and Fanny for their new acquaintance, Mrs. Ferrars is present, along with the entire Barton party.
Mrs. Ferrars turns out to be sallow, unpleasant, and uncivil; she slights Elinor, which hurts Marianne
deeply, as she is Edward’s mother. The Miss Steeles are invited to stay with John and Fanny. But,
Mrs. Jennings soon informs them that Miss Steele told Fanny of Lucy and Edward’s engagement, and
that the Ferrars family threw the Steele girls out in a rage. Marianne is much grieved to hear of the
engagement, and cannot believe that Elinor has also kept her knowledge of it a secret for so long.
Edward is to be disinherited if he chooses to marry Lucy; unfortunately, Edward is too honorable to
reject Lucy, even if he no longer loves her. Financial obstacles to their marriage remain; he must find a
position in the church that pays enough to allow them to marry. Much to Elinor’s chagrin, the Colonel,
although he barely knows Edward, generously offers the small parish at Delaford to him. Elinor is to
convey the offer to Edward, though she regrets that it might help the marriage. Edward is surprised at
the generous offer, since he hardly knows the Colonel. Edward decides to accept the position; they say
goodbye, as Elinor is to leave town soon. Much to Elinor’s surprise, Robert Ferrars, Edward’s selfish,
vain, and rather dim brother, is now to marry Miss Morton; he has also received Edward’s inheritance
and money, and doesn’t care about Edward’s grim situation. It is April, and the Dashwood girls, the
Palmers, and Mrs. Jennings, and Colonel Brandon set out for Cleveland, the Palmer’s estate. Marianne
is still feeling grief over Willoughby; she soon becomes ill after her walks in the rain, and gets a serious
fever. The Palmers leave with her child; Mrs. Jennings, though, helps Elinor nurse Marianne, and insists
that Colonel Brandon stay, since he is anxious about Marianne’s health. Colonel Brandon soon sets
off to get Mrs. Dashwood from Barton when Marianne’s illness worsens. At last, Marianne’s state
improves, right in time for her mother and the Colonel’s arrival; but Willoughby makes an unexpected
visit. Elinor is horrified at seeing him; he has come to inquire after Marianne’s health and to explain
his past actions. Willoughby says he led Marianne on at first out of vanity; he finally began to love her
as well, and would have proposed to her, if not for the money. By saying that he also has no regard
for his wife, and still loves Marianne, he attempts to gain Elinor’s compassion; Elinor’s opinion of him
is somewhat improved in being assured of his regard for Marianne. Elinor cannot think him a total
blackguard since he has been punished for his mistakes, and tells him so; Willoughby leaves with this
assurance, lamenting that Marianne is lost to him forever. Mrs. Dashwood finally arrives, and Elinor
assures her that Marianne is out of danger; both Mrs. Dashwood and the Colonel are relieved. Mrs.
Dashwood tells Elinor that the Colonel had confessed his love for Marianne during the journey from
Barton; Mrs. Dashwood wishes the Colonel and Marianne to be married. Elinor wishes the Colonel well
in securing Marianne’s affections, but is more pessimistic regarding Marianne’s ability to accept the
Colonel after disliking him for so long. Marianne makes a quick recovery, thanking Colonel Brandon
for his help and acting friendly toward him. Marianne finally seems calm and happy as they leave for
Barton, which Elinor believes to signal Marianne’s recovery from Willoughby. She is also far more
mature, keeping herself busy and refusing to let herself languish in her grief. When Marianne decides to
talk about Willoughby, Elinor takes the opportunity to tell her what Willoughby had said at Cleveland,
and Marianne takes this very well. Marianne also laments her selfishness toward Elinor, and her lack of
civility toward most of their acquaintance. Marianne finally says that she could not have been happy
with Willoughby, after hearing of his cruelty toward Miss Williams, and no longer regrets him. The
family is stunned when one of their servants returns with news that Edward is married to Lucy, as he
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just saw them in the village. Elinor knows now that Edward is lost to her forever. Mrs. Dashwood sees
how upset Elinor is, and realizes that Elinor felt more for Edward than she ever revealed. One afternoon,
Elinor is convinced that the Colonel has arrived at the cottage, but is surprised to find that it is Edward
instead. Their meeting is awkward at best; he soon informs them that it is his brother who has been
married to Lucy, and not him. Elinor immediately runs from the room, crying out of joy; Edward then
senses Elinor’s regard for him, and proposes to her that afternoon. Elinor accepts and he gains Mrs.
Dashwood’s consent to the match. Edward admits that any regard he had for Lucy was formed out
of idleness and lack of knowledge; he came to regret the engagement soon after it was formed. After
leaving London, Edward received a letter from Lucy saying that she had married his brother Robert, and
has not seen her since; thus, he was honorably relieved of the engagement. After receiving the letter, he
set out for Barton immediately to see Elinor. Edward will still accept the position at Delaford, although
he and Elinor again will not have enough money to live on comfortably. The Colonel visits Barton,
and he and Edward become good friends. Edward then becomes reconciled with his family, although
he does not regain his inheritance from Robert. His mother even gives her consent for his marriage to
Elinor, however much she is displeased by it; she gives them ten thousand pounds, the interest of which
will allow them to live comfortably. Edward and Elinor are married at Barton that fall. Mrs. Dashwood
and her two remaining daughters spend most of their time at Delaford, both to be near Elinor, and out
of the hope that Marianne might accept the Colonel. In the two years that have passed, Marianne has
become more mature and more grounded; and she does finally change her mind about the Colonel, and
accepts his offer of marriage. The Colonel becomes far more cheerful, and soon Marianne grows to
love him as much as she ever loved Willoughby. Mrs. Dashwood remains at Barton with Margaret, now
fifteen, much to the delight of Sir John, who retains their company. And Elinor and Marianne both live
together at Delaford, and remain good friends with each other and each other’s husbands.

F.2 Generated Summary using CachED BART

Marianne and Elinor Dashwood, two young cousins of the Dashwood family, live with their mother
and sister at their cottage in Norland Park, a small country estate in Sussex. The Dashwoods are not
wealthy, but they are in good financial circumstances due to the large estate and the money their uncle
left them. Marianne and her sister Elinor, rather, Marianne Dashwood are the only children of a wealthy
uncle and aunt. Marianne and Elinor are close in age, but Elinors’ relationship with Edward Ferrars,
the Dashwoods’ brother, is more complicated. Edward is the son of a woman who is not wealthy but
who has a reputation for being selfish and unworldly. They are in love, but Edward is not interested
in them. They are both too young to be married, and they are both unaware of their parents’ financial
situation. Marianna and Elinor are invited to visit the Dashwars at their home, Barton Park, by their
cousin, Sir John Middleton. They spend a pleasant time there, but Marianne is not happy there. She is
attracted to Edward, but he is not attracted to her. Marianne’s mother, Mrs. Jennings, is not pleased
with Marianne’s relationship with her son, and she is not impressed by Elinors relationship to Edward.
Marianne is also upset that Elinor has been invited to stay at Barton Park. In the meantime, Elinor
Dashwood’s cousin, John Dashwood has been visiting from London. John is a friend of the family, and
is a good-looking young man. He is the brother-in-law to Elinor to Elinsor’s sister, Marianne. John and
El inor are friends, and have been friends for years. John has been engaged to Elina’s sister Lucy, but
she has not yet told him she is engaged to Edward Ferrar. John’s mother is not at all happy about the
match, and John is not sure if he should tell Elinor about it. Marianne does not want to upset her sister,
but is happy to hear that Elina has been in London. Elinor and John are friends and neighbors of the
Middleton family. John Dashwood and Marianne are friends of the Jenningses, and the Dash wer happy
to be friends with them. John, Elinor, and Marianne are all friends of Sir John’s, and Elinor is close to
them. When John’s sister dies, he and Elinor decide to visit her in town. They go to visit John’s house,
where they are met by Willoughby, Elinor’s brother- in-law. Elinor and John Dashwards are friends for
a while, and are happy to see each other. John also knows that Willoughby is engaged, but Willoughby
is not ready to announce it. Elinor or John Dash waffles on whether to tell Marianne about it, and when
Marianne finds out, she is devastated. She decides to keep it a secret from Elinoor and John, and to
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keep Willough by herself. Marianne becomes ill, and after a few days, Elinor in or out of town with
John Dashwalts, Ellinor decides to tell John about Willoughy. John comes to visit, and he and Mariane
are very happy to meet Willoughby. It turns out that Willougby is engaged. Marianne tells Elinor that
Willohby is married to Lucy, and that she is happy for him. Ellinar is happy that she has been able
to keep the secret from John Dashwalds. Marianne and John go to London, and find that Willoughby
is a very good-natured, kind, and intelligent young man, and will be a good husband. They become
friends, but John is disappointed when he learns that Marianne has been seeing Edward. He does not
like Edward, and wants to see Marianne again. Marianne is happy when she learns that Willoughby is
in town, and plans to tell El in return. Elinor is happy about this news, and tells John that she will not
tell John that Willoyby is marrying Lucy. John does not believe her, and so he does not tell Elinor.

F.3 Generated Summary using SLED

The novel begins with the Dashwood family of Norland, England. The Dashwood sisters, Elinor, and
Marianne Dashwood, are engaged to a man named Edward Ferrars, a wealthy and wealthy man who
lives in the town of Barton Park, near Norland. They are engaged for a short period of time, but they
are unable to afford to live there because of their mother’s ill health. They decide to move to Barton
Park in order to be closer to their family, and they decide to stay there for a few years. They move to
Norland to live with their mother-in-law, Mrs. Dashwood and her three daughters, and the Dashwoods
decide to live at Barton Park for a while. They begin to fall in love with their new neighbor, Mr. John
Dashwood. However, they soon realize that they are not going to be able to afford their new home, and
that they will have to move away from Norland for the sake of their children. They also realize that their
new house will be too small for them to afford, and so they are forced to move out of their old home.
Meanwhile, they decide that they should stay at Norland and move to a new house in Barton Park. They
plan to spend their time there, as they have no money to spend on their own. They will move into the
new house when they are old enough to afford it, and then they will move to the new home at Barton,
where they will live with the family of their older brother, Edward, and his sister, Marianne, who will
be living with them for the rest of their lives. In the meantime, they plan to move into a new home in
the village of Barton, which will be built by their new neighbors. They hope to find a place to live for
their children, but their plans are thwarted when they find out that they cannot afford to move. In order
to make this possible, they have to leave Norland with their two daughters, whom they have never met
before. They have to decide whether they want to live in Barton or not, and decide whether or not they
should move there. When they do decide to do so, they are surprised to learn that they have been given
a house in Norland by a wealthy man named Sir John Middleton, a friend of their father’s, who is also a
wealthy, well-liked man. They make plans to move there, but Sir John decides to stay at Barton for the
time being, and he decides to move with his sister and her two daughters. He decides that he will stay
with his family in Barton, but he does not want to spend any more time with them than he can afford
to spend with them. He also decides to marry a woman of his own, a woman whom he has never seen
before, and who he will marry in the future. He is very happy to be with her, and is very fond of her, but
his feelings for her are not reciprocated by her. When he is married, he is devastated by the loss of his
wife and children, and feels that he cannot live with her. He wants to marry her, so he asks her to marry
him, but she refuses. He tells her that she cannot marry him because she is too young, and she cannot
afford it. He then decides that she will marry him. He leaves Norland at the end of the year, and when
he returns to England, he plans to spend his time at Barton with his sisters. He plans to marry Marianne
and their two young daughters, but Marianne refuses to marry them, because she feels that she is not
worthy of the money he has given her. She decides to go with him to Barton, and decides to spend her
time there with her sister. She and her sister decide to spend some time with him there, and after a few
months, she decides to leave the house and move with him. She is very pleased to see that he is happy
with the way he is living, and wishes to spend time with her and her daughters. When she returns home,
she finds that she has not been able to spend much time with his children, so she is forced to leave them.
She then decides to return to her old home, where she has been living with her mother and her sisters,
who are all in the same house. She has no money and she is very unhappy with her situation. She does
not know what to do with the money she has left, but her mother is very kind and generous. She tells
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him that she wants to stay with him and that she would be happy with him if he would marry her. After
a short time, she and her mother decide to go to Barton to spend a few days with him, where he will
spend the summer with his younger sister. They spend a lot of time together, and it is not long before
they are reunited. They return to their old house at Barton.

F.4 Generated Summary using Unlimiformer

Elinor Dashwood, the eldest daughter of the Dashwood family, is engaged to Edward Ferrars. Elinor
and Marianne, who have been engaged to Willoughby for the past four years, are devastated by the
news of Edward’s engagement to Marianne. The Dashwood sisters, Mrs. and Mrs. Jennings, are also
devastated by their sister’s news of her sister’s engagement with Edward. Marianne and Edward, who
are both in love with their younger sister, are sent to Barton Street, where they are invited to meet
Colonel Brandon and his wife, Lady Middleton, and the Dashwoods are to visit their sister, Lady Hurst,
at their estate at Barton Park. The next morning, Elinore and Elinaor are invited by Colonel Brandon,
who is in town to visit his sister, Marianne’s sister, and her niece, Elinnor. The Colonel Brandon is very
interested in Marianne as well as her sister, but he is not interested in her sister. The following morning,
the Colonel Brandon arrives at Barton Street and asks to see Marianne at her house, where he is staying
with his sister and his sister’s friend, Lady Crawwood, and Mr. Dashwood. When Marianne arrives, she
is shocked to see her sister and her sister in the same room. She tells her sister that Marianne has been
engaged for three years, and that she has not seen her sister since her engagement to Edward. When
she sees Marianne in the garden, she realizes that her sister has been in bed with her brother, and she
has no way of knowing what she is going to do with her sister or her niece. She is devastated to find
that her brother and sister are in love, but she is not sure what to do about Marianne or her sister; she
is also devastated to learn that her younger sister is engaged, to a young man named Colonel Brandon.
She does not know what Marianne is doing, but her sister does not want Marianne to know what she
has been doing, so she is forced to tell Marianne about her sister-in-law’s affair with her, and to try to
make Marianne feel better by telling Marianne what she knows. She tries to convince Marianne that she
is wrong, but Marianne does not believe her sister is right to know, and so she does not tell her. She
decides that she will go to her uncle’s house to visit Marianne when Marianne returns to Barton, where
she will be staying with her mother and sister. She also decides to ask Marianne if she is interested in
seeing her sister at Barton, for she is sure that she would be able to get her sister to marry her brother.
She agrees to go to Barton and visit her sister when she returns from Barton, but when she comes back
to Barton the next day, she finds that she cannot go with Marianne because she is afraid of Marianne
returning to Barton. She knows that she must tell her sister if she ever sees her brother or Marianne
again. She goes to her mother’s house and asks Marianne for help. She asks Marianna to tell her about
the fact that she was engaged to her sister before she left Barton. When her sister comes to her, she tells
Marianne the truth about her brother’s affair, she feels very guilty about her own feelings for Marianne;
and she fears that she may be in danger. She sends Marianne away to Barton to visit her mother, who
has recently returned from her wedding to Edward, and then to her sisters and her aunt, Lady Claywood.
She and her sisters decide that they must leave Barton and go to London to find a man to marry, and
they decide to stay at Barton to see if Marianne can get Marianne out of her feelings for Edward. They
decide to leave Barton for a few days, and Ellinor and Elineor decide to return to Barton in order to
find Marianne before Marianne leaves. They plan to meet Marianne on her way to Barton when she is
ill, but they do not know who will come to see them. They do not have any way of getting Marianne
back, so they leave Barton. They go to a nearby cottage, where Marianne visits her sister for a couple of
days before she leaves for Barton, and when she sees her sister again, she thinks she is in trouble. She
thinks Marianne might be in trouble, and is afraid that she might get her brother to marry Marianne—or
Marianne will be in a situation where she is unable to be with her. When they are in Barton, they go
to the house of Mr. Hurwood and his brother, Mr. Crawwood. They visit the family at Barton and are
surprised to see their sister in a room with a woman who looks like Marianne but is in a state of disinor.
They also see a man named Mr. Crawford, whom they have never seen before, and who seems to be in
the middle of their situation.
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