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Abstract

Dialogue summarization is still a very chal-
lenging task even for large language models
(LLMs). On the one hand, some previous
approaches have pre-trained language mod-
els specifically for dialogue understanding and
summarization, but they have been limited to
relatively small language models such as BART
and T5. On the other hand, other works have
tried to directly exploit the dialogue semantics
and discourse structures in their modeling ef-
fort, but by construction, they require access
to those structures, which is in itself a largely
unsolved problem. In this paper, we syner-
gistically combine these two ideas in an ap-
proach that can be seamlessly integrated into
the decoder-only architecture adopted by the
most state-of-the-art LLMs. In particular, our
novel solution leverages the parameter-efficient
fine-tuning (PEFT) paradigm to model the hier-
archical structure of dialogues, where input se-
quences are naturally segmented into dialogue
turns, and then fine-tune the model for abstrac-
tive summarization. From experiments on two
datasets, we find that Hierarchical Attention
Adapter outperforms all baseline adapter meth-
ods on SummScreen, where our approach can
also be combined with LoRA to achieve the
best performance on SamSum.

1 Introduction

The explosion in real-time messaging, consultation
forums, and online meetings has resulted in a vast
amount of conversational data, necessitating more
efficient methods for understanding and extracting
key information. Dialogue summarization, which
aims to automatically distill salient information
from dialogues, has been widely applied across var-
ious scenarios in different domains. These include
task-oriented dialogues such as customer service
(Feigenblat et al., 2021), law (Duan et al., 2019),
medical care (Joshi et al., 2020), and open-ended
dialogues like chit-chat (Chen et al., 2021b), screen

plays (Chen et al., 2021a), and forum discussions
(Chowdhury and Chakraborty, 2019).

Conventional dialogue summarization models
typically approach the task as a sequence-to-
sequence problem and fine-tune encoder-decoder
models such as BART (Lewis et al., 2020a) and T5
(Raffel et al., 2020). Although these methods show
promising results (Liu et al., 2021a; Wang et al.,
2023; Zhong et al., 2022; Cho et al., 2024), they are
limited to relatively small Transformer architecture
models and cannot be easily employed on large
decoder-only models. Another line of research ex-
amines dialogue specific features such as speaker
marker, discourse structure, topic changes, and co-
reference information (Chen and Yang, 2021a; Liu
et al., 2021b; Cho et al., 2024) and incorporates
dialogue semantics and structural information into
model pre-training, oftentimes involving an inter-
mediate stage for dialogue-specific information ex-
traction. However, these methods require addi-
tional effort and the results constructed from such
information may not be accurate.

On the other hand, recent advances in Large
Language Models (LLMs) have revolutionized the
field of NLP and have become an essential building
block in various intelligent user-facing applications
(Bang et al., 2023; Bubeck et al., 2023), resulting
in a shift in focus from relatively small encoder-
decoder models to large-scale decoder-only mod-
els. The remarkable achievements of these LLMs
can largely be attributed to research on model scal-
ing (Brown et al., 2020; Chowdhery et al., 2023;
Workshop et al., 2022), where increasing the num-
ber of model parameters and the volume of pre-
training data can lead to significant enhancements
of their capabilities to understand and generate hu-
man language. However, despite the success of
sophisticated prompting (Wei et al., 2022; Zhou
et al., 2023) and demonstration selection (Lewis
et al., 2020b; Rubin et al., 2022) strategies, there
remains a noticeable performance gap compared to
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fine-tuning (Liu et al., 2022; Mosbach et al., 2023),
especially for tasks such as dialogue summariza-
tion where the input sequences can be long and
possess hierarchical structures.

In this paper, we synergistically combine the
ideas of using modern LLMs with dialogue struc-
tural information in dialogue summarization task,
without explicitly injecting rigid linguistic struc-
tures. To this end, we select GPT-style decoder-
only architecture as our LLM backbone. This sim-
plified architecture allows for more efficient pre-
training through the language modeling objective,
where the model can quickly process and gener-
ate tokens without first transforming the input se-
quence into an abstract representation by the en-
coder. However, an innate drawback of such archi-
tecture is the token-level unidirectional flow, which
limits the ability to model the full context of the
dialogue, especially the nuances and dependencies
that emerge from future turn back to past ones.
By contrast, encoder-decoder architecture encodes
the input sequence using bidirectional conditioning
and results in inherently stronger representations
compared to the causal conditioning representation.
In order to fine-tune decoder-only models more ef-
fectively, we propose a novel parameter-efficient
fine-tuning (PEFT) architecture that encodes the
input with bidirectional contextualization.

Another great challenge in dialogue summariza-
tion is the length of text, which can sometimes
exceed the model’s input limit. While recent ef-
forts have managed to increase the context window
of the model by scaling the positional embeddings
(Press et al., 2022; Su et al., 2024) and reducing
the complexity of attention through sparsity (Child
et al., 2019; Jaszczur et al., 2021), the theoretical
support for long context are often measured with
the language modeling loss and synthetic tasks,
which do not comprehensively demonstrate their
effectiveness in practical applications. Inspired
by previous studies (Nguyen et al., 2020; Madaan
et al., 2023; Du et al., 2023) demonstrating that
hierarchical structures of input can significantly
enhance downstream performance, especially for
tasks with naturally segmented input sequences,
we propose encoding dialogues at both the speech
turn level and the dialogue level. This is achieved
through two attention layers in our adapter mod-
ule. Our proposed adapter, called Hierarchical
Attention Adapter, can incorporate the interac-
tions of speech turns in dialogues naturally without
the need for external structural integration.

To summarize, our contributions are threefold:
(1) We propose a novel PEFT architecture: Hier-
archical Attention Adapter, that incorporates bi-
directional contextualization to model the hier-
archical structure of the dialogue sequence; (2)
Our experiments on two dialogue summarization
datasets demonstrate the effectiveness of our ap-
proach, where we achieve the best overall perfor-
mance over the baseline either using our method
directly or combining with LoRA; (3) We analyze
the importance of each layer of adapters and ways
to represent dialogue rounds, and provide useful
insights for future PEFT approaches.

2 Related Work

2.1 Dialogue Summarization

Dialogue summarization, aimed at distilling the
salient information of dialogue into a concise sum-
mary, has received more attention as virtual con-
versations have become increasingly prevalent (Jia
et al., 2023). While the standard approach for neu-
ral abstractive summarization follows the sequence-
to-sequence generation paradigm (Sutskever et al.,
2014), where an autoregressive model generates
the summary conditioned on the input text (Rush
et al., 2015; Nallapati et al., 2016; See et al., 2017;
Lewis et al., 2020a; Zhang et al., 2020), studies
on dialogue summarization often exploited the se-
mantic and discourse graph structures of the in-
put by explicitly incorporating those structures to
model the high-level interactions between dialogue
segments (Hardy and Vlachos, 2018; Chen and
Yang, 2021b; Hua et al., 2023). However, these
methods typically require additional steps to ob-
tain the dialogue graphs making them impracti-
cal for most application scenarios. Other studies
have proposed pre-training language models specif-
ically for dialogue understanding and summariza-
tion (Gu et al., 2021; Zhong et al., 2022), their
scales are order-of-magnitude smaller compared to
the general-purpose Large Language Models (Tou-
vron et al., 2023b; Jiang et al., 2023) resulting in
often inferior performance in poor generalizability.
In contrast, our approach can be seamlessly inte-
grated into the decoder-only architecture adopted
by the most state-of-the-art LLMs.

2.2 Modeling Structures

While Graph Neural Networks (GNNs) have tradi-
tionally been the de-facto standard for graph rep-
resentation, the Transformer model has garnered a
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lot of popularity due to its superior performance in
modeling graph structures (Hussain et al., 2022;
Wu et al., 2022, 2023). Similar to GNNs, the
self-attention mechanism in the Transformer en-
coder aggregates the node embeddings to update
the representation of each node in a fully connected
graph. In the domain of NLP, one popular area of
research is to model explicitly defined linguistic
structures within the input sequence. While a ma-
jority of studies have focused on sentence-level
dependency or constituency trees (Wu et al., 2018;
Hao et al., 2019; Strubell et al., 2018; Wang et al.,
2019a,b), multi-sentential discourse structures have
also been found to be beneficial for more practi-
cal downstream tasks such as summarization (Xiao
et al., 2020; Xu et al., 2020; Feng et al., 2020;
Dong et al., 2021). For instance, Chen and Yang
(2021b) incorporated discourse relations between
utterances and action for dialogue summarization,
while Du et al. (2023) utilized discourse structures
to propagate hidden representation for question an-
swering. Meanwhile, another line of work aims to
implicitly learn the structure of language through
architectural design, allowing the model to have
more flexibility in learning representations bene-
ficial for the task (Nguyen et al., 2020; Madaan
et al., 2023). Given the substantial proficiency of
LLMs in representing and comprehending natural
language, it is questionable whether the integration
of rigid linguistic structures, which often require
multi-stage pipelines to acquire, can further en-
hance the model’s capabilities in downstream tasks.
Therefore, our proposed technique aims to allow
the model to learn multi-sentential structures based
on the internal representations of the LLM.

2.3 Large Language Models

While earlier work on masked language models are
often designed to encode a contextualized repre-
sentation of the input sequence (Peters et al., 2018;
Devlin et al., 2019), autoregressive pre-training
was found to be much effective for language gen-
eration tasks (Lewis et al., 2020a; Raffel et al.,
2020). The current lineage of large language mod-
els can trace their origins to the GPT-family (Rad-
ford et al., 2018, 2020; Brown et al., 2020), where
they find that scaling the decoder-only architec-
ture can lead to an improved model capacity on
downstream tasks (following scaling laws (Kaplan
et al., 2020; Hoffmann et al., 2022)) while dis-
playing emergent abilities to solve complex tasks
through few-shot demonstrations (Brown et al.,

2020) and chain-of-thought prompting (Wei et al.,
2022). Following the success of proprietary LLMs
(e.g., ChatGPT, Claude, etc.) as general-purpose
task solvers through instruction-tuning (Ouyang
et al., 2022), the open-source community has also
released a large number of publicly available mod-
els for researchers to work on (Zhang et al., 2022;
Bai et al., 2023; Almazrouei et al., 2023). For exam-
ple, Llama (Touvron et al., 2023a) is one of the first
collections of open-sourced models pre-trained ex-
clusively using publicly available datasets, Llama-2
(Touvron et al., 2023b) improved upon the Llama
by training on more data and doubling the con-
text length from 2K to 4K tokens, XGen (Nijkamp
et al., 2023) further increased to context length to
8K through pre-training in stages with increasing
sequence length, while Mistral (Jiang et al., 2023)
used sliding window attention (Child et al., 2019)
to support a theoretical attention span of approxi-
mately 131K tokens. While other techniques have
also been proposed to improve the long-context
capabilities of LLMs through position encoding
refinement and continual pre-training (Xu et al.,
2023; Xiong et al., 2023), these techniques require
tuning the full set of parameters which is far too
expensive for practical applications.

3 Method

3.1 Hierarchical Attention Adapter

An overview of the architecture is presented in Fig-
ure 1. In our hierarchical attention adapter, we
first project the LLM hidden states to dimension
d using a single linear layer. At each output time
step j, we decompose the projected hidden states
based on input and out tokens where H “ rhi;hos,
with hi P Rnˆd and ho P Rjˆd representing the
hidden states of input and output tokens respec-
tively. We model the hierarchical structure of the
input dialogue sequence using a hierarchical self-
attention module. To compute the dialogue turn
embeddings Ht P Rtˆd, where t is the number of
dialogue turns, we first apply an attention encoder
to the hidden states of each dialogue turn. Finally,
to model the coarse interactions between dialogue
turns, we use another layer of attention layer on the
turn embeddings to obtain the hierarchical repre-
sentation Hd of the dialogue sequence. This mod-
ule allows us to construct representations of the
input sequence with bidirectional contextualization
while incorporating the hierarchical structure of
the dialogue. The hierarchical representation is ex-
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Figure 1: Overview of the Hierarchical Attention Adapter inserted in-parallel to the causal self-attention layer of the
decoder transformer model. Specifically, the Hierarchical Self-Attention contains two attention layers: one encodes
the hidden state of individual speech turn and one encodes the interactions of different speech turns.

pressed in Equation 1, where Mi denotes the mask
for selecting the ith dialogue turn.

Ht “ rAttnpMi d hpiqq; . . . ;AttnpMt d hpiqqs
(1)

Hd “ AttnpHtq (2)

To enable the decoder to use the hierarchical rep-
resentation of the input sequence, we follow the in-
tuition of the cross-attention mechanism in the orig-
inal transformer architecture (Vaswani et al., 2017).
Specifically, we compute the weighted sum of the
projected hidden states using a cross-attention layer
with the hierarchical representation Hd as query
and H as key and value. Finally, we use a two-
layer feed-forward module to project the adapter
representation to the dimension of LLM hidden
states. The final adapter representation Ha can be
expressed in Equation 3.

Ha “ FF
`
AttnpQ “ Hpdq,K “ V “ Hq˘

(3)

3.2 Gated Addition

Following the work by Mao et al. (2022), we use a
gated additive method to inject the adapter output
into the hidden states of the LLM. To do so, our
learnable gate consists of a two-layer feed-forward
module that takes the previous LLM hidden layer
as input and uses a sigmoid activation function to
map the final output to a value between 0 and 1.

The gate acts as a learnable scaling factor that esti-
mates the importance of our module based on the
input hidden states. We insert our adapter in par-
allel with the LLM self-attention layer, where the
gated adapter output is combined with the attention
output and residual connection through element-
wise addition.

4 Experiments

4.1 Model

We adopt Mistral-7B (Jiang et al., 2023) as the base
model for all our experiments. This model has 32
hidden layers (32 heads per layer) and uses the slid-
ing window attention (SWA) (Child et al., 2019)
with a window size of 4096 to support sequences of
up to 4096ˆ32 tokens. The main reason for choos-
ing this model is due to the memory efficiency of
SWA, as the standard self-attention mechanism has
a quadratic complexity w.r.t. the sequence length.

4.2 Datasets and Metrics

We choose two widely used dialogue datasets: Sam-
Sum (chit-chat) (Gliwa et al., 2019) and Summ-
Screen (screen plays) (Chen et al., 2022). From the
statistics in Table 1, we can see that SamSum is
an easier dataset with both short dialogues and ref-
erence summaries, while SummScreen is a much
harder dataset with both extremely long dialogues
and summaries requiring the model to learn the
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Dataset Domain Dialogue Summary Train Size Validation Size Test Size

SamSum Chat 83.9 20.3 14, 731 818 819
SummScreen Screenplay 6, 612.5 337.4 18, 915 1, 795 1, 793

Table 1: Statistics of the three datasets used in our experiments. The number of sentences in original dialogues and
reference summaries, the number of documents in train, validation, and test sets are reported.

long-term dependencies between turns to generate
a coherent summary. For SummScreen, we remove
ultra-long examples (>16,000 tokens) to avoid out-
of-memory during training.

For evaluation metrics, we use the popular
ROUGE (Lin, 2004), which measures n-gram
overlaps with the reference summary, as well as
GPT3Score (Fu et al., 2023), which employs gener-
ative pre-trained models to evaluate text quality by
calculating the length-normalized conditional log
probability of the evaluated text (reference given
candidate and candidate given reference) given
task-specific prompts and aspect definitions. For
ROUGE metric, we compute ROUGE-1, ROUGE-
2, and ROUGE-Lsum (all are F1 scores) using the
rouge-score1 package, which respectively mea-
sures the overlap of unigram, bigram, and the
longest common sub-sequence for each sentence.
Following Grusky (2023), we compute the ROUGE
scores without stemming and stopword removal,
which is consistent with the original ROUGE-1.5.5
implementation by Lin (2004). For GPTScore, we
use text-davinci-002 (Brown et al., 2020) since
it is currently the most powerful text completion
model accessing through the OpenAI API2 that sup-
ports token probabilities and has shown to be highly
correlated with human judgment (Fu et al., 2023).
We compute the harmonic mean of the conditional
probability for the candidate summary predicted
by the reference and vice versa. The conditional
probabilities are computed based on three aspects,
namely, Informativeness (I), Naturalness (N), and
overall Quality (Q).

4.3 Baselines

To evaluate the performance of our proposal, we
compare against three baseline PEFT methods,
namely, Low-Rank Adaptation (LoRA) (Hu et al.,
2022), Bottleneck Adapter (Houlsby et al., 2019),
and the standard Attention Adapter. In particular,
LoRA injects trainable rank decomposition matri-
ces to approximate the gradient updates during fine-

1https://pypi.org/project/rouge-score
2https://platform.openai.com/docs/models

tuning, Bottleneck Adapter injects two-layer MLPs
sequential to the self-attention and feed-forward
modules of the LLM, while Attention Adapter is a
standard decoder attention layer with casual self-
attention followed by a feed-forward layer. From
results presented in prior studies (Yu et al., 2023),
we expect both LoRA and the Bottlenet Adapter to
be competitive baselines.

4.4 Hyperparameter Settings

We apply our Hierarchical Attention Adapter in par-
allel to the self-attention sub-layer of the decoder
LLMs. We first project the LLM hidden states to
our adapter dimension of dadapter “ 128, before ap-
plying our hierarchical and cross-attention modules
with 4 attention heads each. Finally, we apply the
two-layer feed-forward module with the same SiLU
activation (Elfwing et al., 2018) as Mistral. Follow-
ing the settings by Mao et al. (2022), we train our
model with AdamW optimizer (Loshchilov and
Hutter, 2019) with a learning rate of 1e´4 with
linear decay to 0 and a batch size of 64. For the
baseline methods, we apply rank 32 LoRA vectors
to the query and key vectors, following a hyper-
parameter search for rank P t8, 16, 32, 64u. For
both the Bottleneck and Attention Adapter, we use
the same hidden size of 128, where the Attention
Adapter has the same number of attention heads
(4) and learnable gate dimension as our Hierarchi-
cal Attention Adapter. All our experiments are
conducted on machines with 4ˆA100 SXM4 GPU
(40GB of memory).

To reduce the number of parameters and improve
task performance, we also experiment with combin-
ing LoRA with our Hierarchical Attention Adapter.
Following the findings by Li et al. (2023), where
they find that only the top layers of the pre-trained
model can effectively utilize injected adapters, we
inject our adapters to the top-4 (excluding the last)
layers of the LLM when combined with LoRA.

4.5 Results

From the results presented in Table 2, we see
that combining LoRA with Hierarchical Attention
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SamSum SummScreen

ROUGE GPTScore ROUGE GPTScore

Model R1 R2 RLs I N Q R1 R2 RLs I N Q

LoRA .543 .303 .504 -.913 -.901 -.891 .305 .085 .295 -.666 -.667 -.666
Bottleneck .540 .300 .501 -.909 -.895 -.887 .278 .068 .265 -.780 -.781 -.779
Attention .519 .275 .480 -.930 -.915 -.907 .263 .078 .249 -.653 -.652 -.652
Ours .545 .303 .507 -.911 -.897 -.888 .334 .089 .321 -.632 -.633 -.632
Ours + LoRA .546 .306 .508 -.902 -.889 -.881 .326 .089 .318 -.702 -.703 -.704

Table 2: Evaluation comparisons with baseline models and our methods across three datasets using ROUGE and
GPTScore metrics. R1, R2, RLs denote resp. ROUGE-1, ROUGE-2, and ROUGE-Lsum; I, N, and Q denote resp.
Informativeness, Naturalness, and Quality.

Model R1 R2 RL RLs

ConDigSum (2021a) .543 .293 .452 -
GPT3-finetuned (2022) .534 .298 .459 -
ChatGPT (2023) .408 .137 .315 -
InstructDS (2023) .553 .313 .467 -
Ours .545˚ .303˚ .466˚ .507

Table 3: Comparison with state-of-the-art benchmarks
on SAMSum dataset. We report ROUGE-1, ROUGE-2,
ROUGE-L, and ROUGE-LSum metrics. ˚ not signifi-
cantly different with the best score (in bold).

Model R1 R2 RL RLs

DialogLM-sparse (2022) .358 .083 .187 -
SPECTRUM (2024) .358 .095 .212 -
Ours .334 .089 .169 .321

Table 4: Comparison with state-of-the-art benchmarks
on SummScreen. We report ROUGE-1, ROUGE-2,
ROUGE-L, and ROUGE-LSum metrics.

Adapter (LoRA + Ours) achieved the best results
on SamSum and using only the Hierarchical Atten-
tion Adapter achieved the best results on Summ-
Screen. We also see that our method (with and with-
out LoRA) achieves the highest improvement over
the baselines on the SummScreen dataset. This is
mainly due to the fact that the examples in Summ-
Screen have the longest average input and output
length, making the hierarchical representation more
beneficial even without LoRA. This finding also
confirms our hypothesis that decoder-only architec-
tures struggle with significantly long contexts. On
the contrary, we see that our model (Ours) does not
outperform the baselines in the SamSum datasets,
where we only see improvements when combined
with LoRA. We hypothesize that due to the short
context of SamSum, the casual self-attention of the
decoder can sufficiently encode the input dialogue

for summarization. This could be due to the fact
that hierarchical attention helps model the dialogue
context while tuning the decoder self-attention (via
LoRA) improves the context selection for genera-
tion. This leads to long summaries generated by
our model, and partially explains the poor perfor-
mance (lower precision) of our method on Sam-
Sum, where the short output length (20 tokens)
requires the model to precisely generate the sum-
mary based on the context.

In addition, for reference, we present the per-
formances of state-of-the-art models fine-tuned
specifically for dialogue summarization task with-
out using the PEFT paradigm. The benchmarks
on SAMSum are (1) topic-aware BART model
trained with contrastive learning ConDigSum (Liu
et al., 2021a), (2) GPT3 fine-tuned with LoRA (Hu
et al., 2022), (3) ChatGPT with instruction tuning
(Wang et al., 2023), and (4) Flan-T5-XL with in-
struction tuning (Wang et al., 2023). As shown
in Table 3, our method is comparable with the
SOTA InstructDS model on all ROUGE metrics,
demonstrating the effectiveness of our hierarchi-
cal adapter on decoder-only model. On Summ-
Screen, the best performing models are given in
Table 4: (1) DialogLM (Zhong et al., 2022) – an
encoder-decoder model pre-trained using dialogue-
tailored noise; (2) SPECTRUM (Cho et al., 2024),
a speaker-enhanced model pre-trained on PEGA-
SUS. These models are specially trained with dia-
logue data, while our approach can applied to any
general-purpose LLMs. With the scaling effect,
we expect larger decoder-only models to lead to
greater improvements.
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R-1 R-2 R-L GPTScore (Ave)
Last Token 0.534 0.295 0.496 -0.902
Mean-Pooling 0.541 0.303 0.502 -0.893
Attention 0.546 0.306 0.508 -0.891

Table 5: Results on SamSum for different turn embed-
ding methods. R-1/2/L refer to ROUGE-1/2/Lsum met-
rics.

5 Analysis

5.1 Dialogue Turn Representations

We first study the techniques for constructing the
representations for dialogue turns. Using the Sam-
Sum dataset, we use three different turn represen-
tations while keeping the rest of the architecture
identical. From the results in Table 5, we see that
using an additional layer of attention outperforms
mean-pooling and using the last token of each turn.
It is worth noting that not only is using the last to-
ken representation outperforms mean-pooling. We
believe that it is mainly due to the autoregressive
nature of the decoder-only architecture, where the
representation of each token encodes information
from all prior tokens.

5.2 Summary Length

We find that adapter-based models tend to generate
longer summaries than LoRA. Conversely, overly
brief summaries tend to omit salient information;
we provide concrete examples in subsection 5.4. In
particular, on SamSum, the average number of sum-
mary tokens of our Hierarchical Attention Adapter
is 23, while LoRA produces an average of 18 to-
kens. However, when combining LoRA with our
method, the predicted summary has an average of
20 tokens. On the SummScreen dataset, the av-
erage summery length for LoRA is 460 while the
length for Hierarchical Attention Adapter and Hi-
erarchical Attention Adapter + LoRA are 526 and
549, respectively.

5.3 Gate Values

To assess the relative importance of our adapter
at each layer of the model, we analyze the gate
output by computing the average absolute values
over the development set of SamSum. For the re-
sults presented in Figure 2, we see that the average
gate value gradually increases before drastically
dropping off at the last layer. This is in contrast to
the findings by previous work on encoder models
(Rücklé et al., 2021; Li et al., 2023), where they re-

Figure 2: Gate value for our adapter at each layer of the
Mistral-7B model. Values are averaged on the develop-
ment set of SamSum.

ported performance benefits from inserting adapter
modules in the final layer of the pre-trained model.
We hypothesize the main reason is that since the
last layer of the pre-trained decoder is directly used
to predict the next word distribution over the vocab,
the model cannot effectively learn to use the mod-
ified representation (from adapters) to encode the
fine-grained contextual nuances required for word
prediction. We believe these insights will benefit
future studies on developing PEFT methods for
pre-trained decoder models.

5.4 Qualitative Comparison

We perform a qualitative comparison between the
summary generated by LoRA and our Hierarchi-
cal Attention Adapter. From the output snippets
presented in Table 6, we see that on SamSum, our
model tends to be more verbose during prediction,
resulting in longer summaries that contains richer
information. For the first example of SummScreen,
we see that while both generated summaries do not
capture the same content as the reference summary,
the summary generated by LoRA begins to repeat
towards the end. In contrast, the summary gener-
ated by our method captures more aspects of the
conversation as it introduced six characters (rather
than the three for LoRA). For the second example,
we see that while both summaries contain informa-
tion about Kendall’s trial, the summary generated
by LoRA also becomes repetitive towards the end.
We hypothesize that this could be due to the intrin-
sic capacity of LoRA, as it only uses a small set of
parameters to update the self-attention weights.

6 Conclusions and Future Work

In this work, we present Hierarchical Attention
Adapter, a novel PEFT architecture that uses bidi-
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Summary Type Generated Summary

SamSum
Reference Kate broke her arm and she’s going to the hospital. She’d like to know whether

her medical insurance covers hospital costs. Greg suggests her to call Linda or ask
someone at the reception about it.

LoRA Kate broke her arm and is going to the hospital.
Ours Kate broke her arm and is being sent to the hospital. She wants to know if their

medical insurance covers hospital costs.

Reference Casey got a new nail polish and did her nails herself. It took her nearly 4 hours, so
she won’t do her friends’ nails, as it takes too long.

LoRA Casey did her nails herself. It took her 4 hours.
Ours Casey did her nails herself and they took her 4 hours. Amelia and Kristen want her

to do their nails too but she refuses.

SummScreen
Reference Adam bails Krystal out of jail and makes her an “offer” in exchange for her telling

him where their mutual grandson is. She denies that she knows he’s alive and
refuses his offer. But JR gets Bianca to admit that he is alive. . .

LoRA Jonathan and Greenlee continue to argue about Ryan’s actions. Jonathan wants to
know if Greenlee is going to stand by Ryan. Greenlee tells Jonathan that she will
stand by Ryan. Jonathan tells Greenlee that he wants to know if she is going to
stand by him. . .

Ours Greenlee and Jonathan argue about Ryan and Kendall. Maggie comes in and tells
them that she just saw Bianca. Greenlee and Jonathan argue about Kendall. Maggie
comes in and tells them that she just saw Bianca. . .

Reference Kendall’s trial begins. Bianca urges Kendall to listen to what she learned in her
dream about something she needs to find in order to help Kendall get acquitted. Jack
proposed to Erica and she accepts. Edmund suddenly regains consciousness. . .

LoRA Kendall is nervous about her trial. Bianca tells her that she had a dream that she was
at Michael’s condo the night he was killed. Kendall tells her that it was impossible.
Bianca tells her that she is worried about her. Kendall tells her that she is worried
about her. . .

Ours Kendall is in court for her trial. Bianca tells Kendall that she had a dream that she
was at Michael’s condo the night that he died. Kendall tells Bianca that she cannot
believe that she slept the whole day. . .

Table 6: Comparison of generated summary between LoRA and our Hierarchical Attention Adapter for two examples
in the SamSum (top 2) and SummScreen (bottom 2) dataset. LoRA tends to produce overly brief summaries on
SAMSum and repetitive content on ScreenSumm, indicating a limitation in generating longer outputs.

rectional contextualization to model the hierarchi-
cal structure of the input sequence for dialogue
summarization task. Experiments on two datasets
show that our proposed method outperforms other
baselines for summaries with long context and
achieves the best overall performance when com-
bined with LoRA. We perform analysis on the av-
erage gate value to assess the relative importance
of our adapter at each layer of the model and find
that while the adapters of upper layers have higher

importance, the model learns to not use the final
layer since it is used for computing the next-token
probability.

For future work, we wish to perform additional
analysis to study the usefulness of the different
components in our proposed architecture and per-
form further experiments on additional datasets.
We will also perform further evaluation to com-
pare the faithfulness and factuality of summaries
generated by different models. Lastly, while our
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current proposal requires segment annotation of
the input sequence (i.e., dialogue turns), we intend
to extend our approach to implicitly learn the seg-
ment boundaries during training and generalize to
other summarization tasks such as scientific paper
summarization.

Limitations

Automatically assessing the quality of dialog sum-
maries is a huge challenge. We recognize the im-
portance of manual annotators for results compar-
ison. However, human evaluation is costly and
inefficient. While most of the dialogue summa-
rization work relies heavily on the ROUGE score,
we also report on the GPTScore with instruction
prompts, which is an automatic metric that gives
multi-faceted evaluation and is closely related to
human judgment.

Other types of dialogue summarization tasks
such as meeting summarization (e.g., AMI (Kraaij
et al., 2005) ICSI meeting corpus (Shriberg et al.,
2004)) often do not have enough examples for suffi-
ciently fine-tuning an LLM. Real-world meeting di-
alogues often span multiple topics and include dis-
fluencies, interruptions, and other artifacts. These
characteristics make summarization more realis-
tic but also more challenging. We plan to address
these practical issues in future work.

Lastly, while PEFT methods such as LoRA are
well optimized in existing libraries such as Ol-
lama3, adapter-based methods often lack in infer-
ence speed due to the computation of additional
modules. We hope our work can motivate future
studies to efficiently integrate adapter modules into
LLMs.

Ethical Considerations

We have taken proactive steps to address ethi-
cal concerns related to our research. Our testing
datasets were carefully selected to minimize po-
tential issues with biased or hateful content. If
this method is applied to new datasets that involve
recording multi-party dialogues, informed consent
should be obtained from all participants. Because
dialogue data may contain sensitive personal in-
formation, we urge caution in such applications,
especially in summarization.

3https://github.com/ollama/ollama
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