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Abstract
During disasters, access to timely and accurate information
is crucial for effective response and recovery efforts. Hash-
tags have emerged as a lifeline in disaster response, orga-
nizing and disseminating critical information on social me-
dia, facilitating effective communication and real-time sit-
uational awareness. However, existing methods for hashtag
recommendation fall short during disasters. Retrieval-based
methods rely on fixed predefined hashtag lists, failing to cap-
ture dynamic information flow, while generation-based meth-
ods lack guidance for generating relevant hashtags. In view
of the above, we propose a novel three-stage framework.
First, the retriever identifies potential candidate hashtags from
a vast collection of tweets annotated with hashtags. Next,
a selector narrows down these candidates by analyzing the
input tweet and ensuring only the most relevant hashtags
are retained. Finally, a diffusion-based sequence-to-sequence
encoder-decoder generates informative hashtags by leverag-
ing the refined set of candidate hashtags and the original in-
put tweet. The framework infused with diffusion overcomes
the limitations of extant encoder-decoder models that pro-
duce generic hashtags due to reliance on maximizing train-
ing data likelihood. Our diffusion-based approach excels at
capturing the dynamic and informal language of disaster sit-
uations by reversing a gradual noising process, allowing it to
explore wider possibilities and generate more diverse hash-
tags. We enhance the generator with self-conditioning for
better utilization of predicted sequence information. Further-
more, we devise an adaptive nonlinear noise schedule for bal-
anced denoising across time steps for each token in the gener-
ated hashtag sequence. Empirical evaluations reveal that our
proposed method exhibits superior performance compared to
state-of-the-art hashtag recommendation methods in both the
quality of generated hashtags and training time.

Introduction
During disasters, people increasingly rely on social media
for updates, assistance, and vital information sharing (Rho-
dan 2017; Frej 2018). However, this valuable resource re-
mains underutilized due to the sheer volume of information,
making it difficult to identify critical updates (Silverman
2017). A study by (Villegas, Martinez, and Krause 2018)
found that FEMA’s initial damage estimates for Hurricane
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Harvey overlooked nearly half of the relevant online data,
resulting in a significant underestimation of the total cost.
This highlights the potential consequences of overlooking
online information and the need for tools to effectively filter
and utilize it. Hashtags are vital for organizing and dissem-
inating critical information on social networks during dis-
asters. They facilitate effective communication and coordi-
nation among emergency responders, government agencies,
and public, improving real-time situational awareness. Ac-
curately tagged tweets identify the disaster’s nature, loca-
tion, affected areas, severity, and specific needs of those on
the ground. However, approximately half of disaster-related
tweets lack informative hashtags (Chowdhury, Caragea, and
Caragea 2020), hindering effective response. Therefore, au-
tomated hashtag recommendation systems are essential for
optimizing information accessibility, efficient filtering of
critical updates, improving disaster response, efficient re-
source allocation, and mitigation efforts.

Recommending hashtags for disaster-related tweets
presents unique challenges. The information landscape dur-
ing disasters is highly dynamic and noisy, with new needs
and challenges constantly emerging. Existing retrieval-
based and generation-based methods struggle to keep pace
with rapidly changing environment. Retrieval-based meth-
ods (Cao et al. 2020; Wei et al. 2019; Bansal, Gowda, and
Kumar 2024), relying on fixed hashtag lists cannot keep pace
with the rapidly changing information. Generation-based
methods (Zheng et al. 2021; Mao et al. 2022), though better
at understanding new information, may produce inaccurate
hashtags without additional guidance. Therefore, disaster-
related tweets necessitate a system that can accurately cap-
ture evolving needs and challenges faced by affected com-
munities as the situation unfolds, effectively filter and pro-
cess information from social media data containing informal
language and misspellings, and generate hashtags that not
only reflect the current situation but also anticipate future
needs. Retrieval-Augmented Generation (RAG) techniques
provide an effective solution by capitalizing on retrieval and
generation approaches. This enables RAG models to lever-
age existing knowledge while adapting to new information,
crucial for hashtag recommendation in disaster scenarios.

Existing hashtag generation methods, predominantly
based on encoder-decoder frameworks with Recurrent Neu-
ral Networks (RNNs) (Wang et al. 2019; Yang et al. 2020)
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or transformers (Mao et al. 2022; Diao et al. 2023) struggle
to perform effectively in disaster scenarios. Though tweets
have a character limit, RNNs, while capable of capturing
sequential information, struggle with long-range dependen-
cies, hindering their ability to process the full context of a
tweet. Transformers, while robust, generate generic or repet-
itive hashtags when faced with the noisy and informal lan-
guage usage, spelling, and grammar mistakes by users com-
mon in disaster situations. Consequently, these methods fail
to generate hashtags that accurately reflect the dynamic na-
ture of needs during a disaster, hindering effective com-
munication and response efforts. Inaccurate and irrelevant
hashtags can lead to misdirection of resources and delay
critical assistance. Diffusion models, which learn to reverse
a progressive noising process, have successfully generated
high-quality synthetic data across multiple domains (Kong
et al. 2020; Ho et al. 2022). This success extends to vari-
ous Natural Language Processing (NLP) tasks such as un-
conditional (Austin, Zaı̈ane, and Largeron 2022) and con-
trolled text generation (Li et al. 2022). However, their ap-
plication to sequence-to-sequence (seq2seq) text generation,
particularly for hashtag recommendation in disaster scenar-
ios, remains largely unexplored. Inspired by their potential,
we propose the use of diffusion models to recommend hash-
tags for disaster-related tweets.

To address these challenges, we propose retrieval
Augmented encoder-decoder with diffuSion for SequentIal
hashtaG recommeNdation in disastER events (AS-
SIGNER). The retriever identifies candidate hashtags by
searching a large tweet-hashtag corpus for similar tweets
and associated hashtags. By comparing the input tweet to
retrieved tweets and hashtags, the selector narrows down
this collection ensuring that the generator receives the most
pertinent hashtags. Our novel diffusion-based generator
leverages this refined set and input tweet to generate infor-
mative hashtags. It utilizes an encoder-decoder architecture,
where the continuous diffusion framework is integrated
within the seq2seq generation process. Further, we incor-
porate self-conditioning and an adaptive non-linear noise
scheduler for improved performance. Extensive evaluations
on a dataset of disaster-related tweets demonstrate enhanced
performance in hashtag generation, achieving superior
results in both hashtag quality and training time compared
to existing state-of-the-art approaches. Ablation studies
confirm the benefits of self-conditioning and the adaptive
non-linear noise schedule, highlighting their complementary
nature in seq2seq settings.

Our key contributions can be summarized as enlisted be-
low.

• We propose a retrieval augmented diffusion-based
seq2seq framework to recommend hashtags for disaster-
related tweets. We leverage the synergy of retrieval with
the generative power of diffusion models to improve
communication and response effectiveness during crises.

• As far as we know, this work presents the first appli-
cation of diffusion models to hashtag recommendation
in disaster scenarios. We adapt the continuous text dif-
fusion model to generate hashtags sequentially using an

encoder-decoder transformer architecture.
• We leverage retrieved hashtags from similar tweets to

provide contextual information and guide the generation
of relevant hashtags for disaster-related tweets.

• Our newly proposed adaptive non-linear noise scheduler
significantly improves the quality of generated hashtags
by allowing for finer-grained control over the generation
process.

• Experiments show that the proposed model performs
competitively compared to existing methods in gener-
ating high-quality and informative hashtags for tweets
about disaster events.

Related Works
Hashtag Recommendation
Keyphrase Extraction: Hashtag recommendation relies on
extracting keyphrases directly from the source text (Marujo
et al. 2015; Gong, Zhang, and Huang 2015; Zhang et al.
2018). Zhang et al. (2016) identified hashtags as valu-
able keywords for extracting keyphrases from X (formerly
known as Twitter). However, this approach restricts generat-
ing hashtags to those already present in the source text. This
constraint neglects the creativity of hashtag usage, where
users create novel hashtags owing to their backgrounds, pro-
ficiency levels and linguistic styles, resulting in suboptimal
performance.
Classification: Existing methods that treat hashtag recom-
mendation as a classification problem predefine a limited set
of candidate hashtags (20 (Li et al. 2016), 101 (Cao et al.
2020), 1001 (Wei et al. 2019)) and softmax layer to pre-
dict the probability of relevant hashtags (Bansal et al. 2024).
However, these approaches are limited by their reliance on
a fixed set of candidates, which is impractical in dynamic
situations such as disasters where new and unforeseen terms
may emerge as relevant hashtags. Constantly updating and
retraining models, which is time-consuming in urgent situa-
tions, makes classification-based approaches unsuitable for
disaster-related hashtag recommendation. Thus, we posit it
as a generation task to more accurately reflect the natural
way users create hashtags.
Generation: Several studies have conceptualized it as a se-
quence generation task (Wang et al. 2019; Zheng et al. 2021;
Mao et al. 2022; Bansal, Gowda, and Kumar 2022), facili-
tating the creation of diverse and expressive hashtags that
effectively convey the core message of the post. However,
prior research has given little consideration to popular or
trending hashtags. While these approaches produce semanti-
cally relevant hashtags, recommended hashtags might not be
widely used, hindering the discoverability of content. Some
approaches incorporated conversational data to augment the
input features (Zhang et al. 2018; Wang et al. 2019) and
yield suitable hashtags. However, assuming the availability
of conversations prior to annotation is not practical.

Retrieval-Augmented Generation
RAG represents an innovative method that integrates pre-
trained generative models with information retrieval tech-
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niques (Asai et al. 2023; Kocoń et al. 2023). Previous re-
search has explored RAG to address information-driven
tasks (Li et al. 2023a; Chen et al. 2023). It has found ap-
plications in NLP tasks, such as generating image captions
(Ramos, Elliott, and Martins 2023), producing keyphrases
(Kim et al. 2021; Gao et al. 2022), neural machine trans-
lation (Gu et al. 2018; Hossain, Ghazvininejad, and Zettle-
moyer 2020), answering open-ended questions (Guu et al.
2020; Lewis et al. 2020) and knowledge-based dialogue gen-
eration (Lian et al. 2019). Furthermore, RAG has been ap-
plied to mitigate factual inaccuracies (Raunak, Menezes, and
Junczys-Dowmunt 2021), compensate for obsolete knowl-
edge (He, Zhang, and Roth 2022), and improve performance
in specialized domains (Li et al. 2023b).

Diffusion
Building on achievements of diffusion models in image gen-
eration (Rombach et al. 2022; Song et al. 2021), researchers
have investigated their use in text generation. This has led to
methods such as Multinomial Diffusion (Hoogeboom et al.
2021) and D3PM (Austin et al. 2021), which tackle the in-
herent discreteness of text by formulating specialized dif-
fusion processes. DiffusionBERT (He et al. 2023) intro-
duced pre-trained models for language modeling. Bit Dif-
fusion (Chen, Zhang, and Hinton 2022) represents text as
binary bits while (Yu et al. 2022) uses a continuous vector
space. DiffusionLM (Li et al. 2022) uses semantic embed-
ding spaces and incorporates auxiliary losses for joint learn-
ing. Building on DiffusionLM, researchers have improved
the quality of synthesized text (Strudel et al. 2022). Extend-
ing diffusion models to seq2seq settings, DiffuSeq (Gong
et al. 2022) devised encoder-focused framework while Se-
qDiffuSeq (Yuan et al. 2024) proposed an encoder-decoder
paradigm featuring self-conditioning and adaptive noise
scheduling. Our work builds upon SeqDiffuSeq, modifying
its adaptive nonlinear noise schedule and integrating exter-
nal knowledge using RAG for sequential hashtag generation.

Methodology
We outline our proposed methodology in this section. Figure
1 illustrates the system architecture. Initially, the system en-
codes the input tweet. Subsequently, it retrieves semantically
similar tweets from a pre-existing tweet-hashtag corpus and
extracts their associated hashtags, thereby incorporating ex-
ternal knowledge to enhance relevance. A selector module
then refines these retrieved hashtags, filtering and select-
ing the most pertinent ones based on semantic similarity
and relevance, thereby ensuring contextual appropriateness.
Following this selection, the system computes embeddings
for chosen hashtags and feeds them into a cross-attention
mechanism, where attention weights (𝛼 values) are calcu-
lated to produce a cross-attended feature vector. This vec-
tor is then fed into a diffusion-based generative model. This
model, employing a Bidirectional AutoRegressive Trans-
former (BART) encoder-decoder architecture (Lewis 2019),
learns the underlying hashtag distribution. During the itera-
tive diffusion process, the system reintroduces previous pre-
dictions, along with selected hashtag embeddings as contex-
tual information (self-conditioning), guiding the generative

process towards relevant hashtag sequence production. Fi-
nally, the decoder generates the final set of hashtag recom-
mendations for the input tweet.

Retrieval-Augmented Generation
To improve the relevance of generated hashtags, we incor-
porate a retrieval mechanism in our framework that lever-
ages existing knowledge from a curated hashtag-tweet cor-
pus. This module is composed of retriever and selector.

Retriever The retriever module identifies relevant
hashtag-tweet pairs from a knowledge database by utilizing
the embedding of the input tweet. This approach, inspired
by (Zangerle, Gassler, and Specht 2011), leverages the
observation that semantically similar tweets often share
similar hashtags, reflecting common usage patterns. We
construct a knowledge base D composed of tweet-hashtag
pairs (𝑑𝑖 , 𝐻𝑖) where 𝑑𝑖 represents a tweet and 𝐻𝑖 represents
its corresponding set of hashtags. For a new input tweet 𝑑𝑞 ,
the retriever F compares its embedding with the embedding
of every other tweet in the corpus. It then retrieves the top-N
most semantically similar tweet-hashtag combinations with
corresponding similarity scores.

(𝑑1, 𝐻1, 𝑠(𝑑𝑞 , 𝑑1)), ..., (𝑑𝑁 , 𝐻𝑁 , 𝑠(𝑑𝑞 , 𝑑𝑁 )) = F (𝑑𝑞 |D)
(1)

where, 𝑠(𝑑𝑞 , 𝑑𝑖) denotes the similarity between the query
tweet 𝑑𝑞 and the 𝑖𝑡ℎ retrieved tweet 𝑑𝑖 and each 𝐻𝑖 contains
a set of hashtags {ℎ𝑖1, . . . , ℎ𝑖 |𝐻𝑖 | }. This retrieval process pro-
vides a candidate pool of potentially relevant hashtags based
on similar tweets in the knowledge base.

Selector The selector module refines hashtag recommen-
dations by filtering out low-quality and less prevalent hash-
tags from retrieved pairs. We leverage two key indicators of
hashtag prominence to refine the selection process: the se-
mantic relatedness between the input tweet and the retrieved
tweet, and the relevance of retrieved hashtags to the input
tweet. This multifaceted selection process ensures that cho-
sen hashtags are not only semantically relevant but also re-
flect popular and widely used terms. The selector is trained
using a dataset comprising positive and hard negative sam-
ples. Each hashtag in a tweet is considered a positive sample
(ℎ+). To construct hard negative samples (ℎ−), we employ
a BERT-inspired perturbation strategy, where labeled hash-
tags are modified without altering their semantic meaning.
This involves randomly selecting a word within the hashtag
to replace it with a synonym, delete it, swap it with an adja-
cent word, or insert a synonym after it. The resulting training
dataset consists of tuples (𝑑𝑖 , ℎ+𝑖 , ℎ−𝑖 ), where 𝑖 = 1, . . . , 𝑁 .
The training of the selector module involves minimizing a
contrastive loss function, defined as follows:

L𝐶 = − log
𝑒
𝑠𝑖𝑚(𝐸𝑑𝑖

,𝐸ℎ+
𝑖
)/𝜏∑𝐿

𝑗=1 (𝑒
𝑠𝑖𝑚(𝐸𝑑𝑖

,𝐸ℎ+
𝑗
)/𝜏

+ 𝑒𝑠𝑖𝑚(𝐸𝑑𝑖
,𝐸ℎ−

𝑗
)/𝜏)

(2)

where, 𝑠𝑖𝑚 represents cosine similarity, 𝐸𝑑 denotes the em-
bedding of 𝑑, 𝐿 is the mini-batch size, and 𝜏 is a temperature
hyperparameter.
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Figure 1: System Overview of ASSIGNER

Diffusion
This section describes the core diffusion model employed
for hashtag generation.

Input Encoding Given an input tweet 𝑑𝑞 and top-p hash-
tags {ℎ̃1, . . . , ℎ̃𝑝} selected by the selector module, we con-
catenate these hashtags to the input tweet:

𝑑𝑞 = ℎ̃1 ⊕ · · · ⊕ ℎ̃𝑝 ⊕ 𝑑𝑞 (3)

where, ⊕ denotes the concatenation operation. This concate-
nated input 𝑑𝑞 is then fed into BART encoder to obtain its
contextualized representation 𝑥𝑒.

𝑥𝑒 = BARTenc (𝑑𝑞) (4)

This embedding (𝑥𝑒) captures information from relevant
hashtags and the input tweet, providing richer context for
the diffusion model.

Forward Diffusion Process Our approach involves a for-
ward process that gradually introduces noise into the tar-
get output sequence 𝑦𝑤𝑙𝑖=1, where 𝑙 represents its maximum
length. This noise diffusion process is independent of the in-
put sequence 𝑥𝑒. We first represent the output sequence 𝑦𝑤
using an embedding function 𝑓𝜙 (.) which maps individual
word tokens 𝑦𝑖𝑤 to continuous embeddings 𝑓𝜙 (𝑦𝑖𝑤) ∈ R𝑚,

where 𝑚 is the embedding dimension and 𝜙 represents pa-
rameters of 𝑓 (.). The overall output sequence embedding
is obtained by concatenating individual token embeddings
and is denoted as 𝑓𝜙 (𝑦𝑤) ∈ R𝑙×𝑚. The forward process
begins by applying a Markovian transition parameterized
by 𝑞𝜙 (𝑣0 |𝑦𝑤) = 𝑁 (𝑣0; 𝑓𝜙 (𝑦𝑤), 𝛾0𝐼) is added. The forward
process is augmented by 𝑞𝜙 (𝑣0 |𝑦𝑤), which incrementally
introduces diffusion to the continuous features of 𝑣0. At each
time step 𝑡, we apply the diffusion distribution 𝑞(𝑣𝑡 |𝑣𝑡−1)
to generate noisier samples. Finally, the original output se-
quence 𝑦𝑤 is converted into 𝑣𝑇 which closely resembles ran-
dom noise drawn from a standard Gaussian distribution.

Reverse Process When reversing the noise injection, dif-
fusion models synthesize data points by progressively draw-
ing samples from the noise-reducing distribution 𝑝𝜃 pa-
rameterized by 𝜃. This process transforms noisy samples
𝑣𝑡 into progressively clearer samples 𝑣𝑡−1. In seq2seq set-
ting, the noise reduction distribution depends on the in-
put representation 𝑥𝑒 (which is augmented with selected
hashtag embeddings), represented as 𝑝𝜃 = 𝑝𝜃 (𝑣𝑡−1 |𝑣𝑡 , 𝑥𝑒).
When the reverse process reaches 𝑇 = 0, the generated
output 𝑣̂0 is mapped to its closest word in the embedding
space. This mapping is achieved using a rounding distribu-
tion 𝑝𝜙 (𝑦𝑤 |𝑣̂0), ultimately producing the final sequence of
hashtags.
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Self-Conditioning Through a series of iterative refine-
ments, the reverse process transforms a noisy representa-
tion into the final output sequence. At each iteration 𝑡, the
function 𝑣0

𝜃
(𝑣𝑡 , 𝑥𝑒, 𝑡) takes the current noisy sample 𝑣𝑡 and

the input embedding 𝑥𝑒 to predict a less noisy version of
the output, gradually revealing the true sequence. This pro-
cess inherently discards some information from the previ-
ous prediction 𝑣̂0

𝑡 . To address this information loss, Bit-
Diffusion (Chen, Zhang, and Hinton 2022) introduced a
self-conditioning technique that incorporates previous se-
quence predictions as additional input to the denoising func-
tion, formulating it as 𝑣 𝜃0 (𝑣𝑡 , 𝑣̂

0
𝑡 , 𝑥𝑒, 𝑡). Self-conditioning al-

lows the denoising function to refine previous sequence pre-
dictions instead of entirely generating new ones. A study
(Strudel et al. 2022) has shown that self-conditioning en-
ables text diffusion models to perform better. To integrate
self-conditioning technique, we concatenate sequence fea-
tures 𝑣̂𝑡0 from previous predictions with noisier sequence fea-
tures 𝑣𝑡 , increasing the decoder input dimension to 𝑙 × 2𝑚.
To improve training efficiency, we adopt a strategy where,
with 70% probability, 𝑣0

𝜃
(𝑣𝑡 , 𝑣̂𝑡0, 𝑥𝑒, 𝑡) is trained with the in-

put 𝑣̂𝑡0 set to 0. Alternatively, 𝑣𝑡0 is initially approximated
using 𝑣0

𝜃
(𝑣𝑡 , 0, 𝑥𝑒, 𝑡), and this estimate is then employed for

self-conditioning during training, thus bypassing the need
for backpropagation through initial forward pass.

Denoising with Encoder-Decoder Framework For
𝑣0
𝜃
(𝑣𝑡 , 𝑥𝑒, 𝑡), we use the encoder for modeling the input

sequence 𝑥𝑒 and the decoder for handling the noisy out-
put sequence 𝑣𝑡 , augmented with time step embeddings.
This encoder-decoder structure provides computational
efficiency during generation by allowing the encoder to
process the input sequence 𝑥𝑒 just a single time during
the entire reverse procedure, which may require numerous
iterations to produce high-quality output. Our denoising
function (𝑣0

𝜃
) produces samples at the sequence level

throughout both training and generation phases, consistent
with non-autoregressive approaches to natural language
generation. The decoder utilizes an attention mechanism
that can attend to all positions within the output sequence at
once. This differs from causal attention, which is restricted
to attending only to preceding positions. By having access
to the full context of the output sequence, the decoder can
generate more informed predictions.

Adaptive Sigmoid-based Non-Linear Noise Scheduler
We put forward a novel approach for adjusting noise non-
linearly at the token level during training in diffusion mod-
els. This dynamic adjustment modulates the difficulty of the
denoising process for the predicted output sequence, focus-
ing on challenging tokens and thereby improving overall
performance. Here, 𝑣0

𝜃
represents the predicted output se-

quence at timestep 0 so that it increases sigmoidally with re-
spect to timestep 𝑡. This aims to create a smooth progression
of difficulty in denoising, making it easier at the start and
end, facilitating initial stability and fine-grained refinement,
respectively. This refined control over the noise injection
process helps in generating high-quality hashtags. Recog-
nizing that different token positions within a sequence hold

varying levels of semantic and syntactic importance, we pro-
pose individual noise schedules for each token. This is mo-
tivated by the observation that inherent properties of token
embeddings vary significantly across different positions.

We estimate the complexity of denoising process by ex-
amining the training loss at each timestep (𝑡) and token po-
sition (𝑖).

L𝑖𝑡 = E𝑞𝜙 (𝑥𝑒, 𝑦𝑤 , 𝑣𝑡 , 𝑣0)
��𝑣 𝜃0 (𝑣𝑡 , 𝑣̂0

𝑡 , 𝑥𝑒, 𝑡)𝑖 − 𝑣𝑖0
��2 (5)

We utilize 𝛽𝑖𝑡 ∈ [0, 1] to regulate the noise intensity at each
step. 𝛽𝑖𝑡 variable meticulously determines the noise level at
each time step 𝑡 for each token position 𝑖. To achieve an
adaptive noise schedule for each token position 𝑖, we em-
ploy a mapping 𝛽𝑖 = Φ𝑖 (L𝑖), which connects L𝑖𝑡 and 𝛽𝑖𝑡
using a sigmoid function.

𝛽𝑖𝑡 = Φ𝑖 (L𝑖𝑡 ) =
1

1 + exp(−𝑎𝑖 (L𝑖𝑡 − 𝑏𝑖))
(6)

where, *𝛽𝑖𝑡 is the noise level at time step 𝑡 for token po-
sition 𝑖, *L𝑖𝑡 is the denoising loss at time step 𝑡 for token
position 𝑖. *𝑎𝑖 and 𝑏𝑖 are learnable parameters that control
the shape of the sigmoid for token position 𝑖. This function
provides a smooth and flexible way to modify the noise in-
tensity according to the observed complexity of denoising at
each token position. We begin by initializing a noise sched-
ule (using a standard cosine schedule) and tracking the loss,
L𝑖𝑡 , at each step. This data is then used to establish the map-
ping function, Φ𝑖 , which is updated periodically throughout
training. In an ideal scenario, the training loss would con-
sistently increase with each time step (𝑡). This is because a
larger 𝑡 indicates a higher level of noise in the input char-
acteristics (𝑣𝑡 ) provided to denoising function. Nonetheless,
given that total number of time steps (𝑇) is typically very
large, we end up with a highly detailed discretization of 𝛽𝑖 .
This fine granularity, combined with variations in empirical
loss estimation, can lead to inconsistencies where the train-
ing loss does not strictly increase with each successive time
step.

To address this and achieve a smoother mapping func-
tion (Φ𝑖), we employ a coarser discretization (𝑠) for both 𝛽𝑖
and L𝑖 . This strategy helps to smooth out minor fluctuations
in the observed loss and ensures a more stable and reliable
mapping.

L𝑖𝑠 =
1
𝐾

𝑠×(𝐾+1)∑︁
𝑡=𝑠×𝐾

L𝑖𝑡 , 𝛽𝑖𝑠 =
1
𝐾

𝑠×(𝐾+1)∑︁
𝑡=𝑠×𝐾

𝛽𝑖𝑡 , 𝑠 =

⌊ 𝑡
𝐾

⌋
(7)

where 𝐾 represents the stride to uniformly downsample 𝑡
and ⌊·⌋ denotes the floor function. Using the learned sig-
moid mapping 𝛽𝑖𝑠 = Φ𝑖 (L𝑖𝑠), we can derive an updated
discretized noise schedule 𝛽𝑖,𝑛𝑒𝑤𝑡 by 𝛽𝑖,𝑛𝑒𝑤𝑡 = Φ𝑖 (L𝑖,𝑛𝑒𝑤𝑡 )
where L𝑖,𝑛𝑒𝑤𝑡 ’s are evenly taken ranging from the minimum
to maximum recorded values. Throughout the training pro-
cess, we dynamically adjust 𝛽𝑖 by repeating this procedure
with each training update. This iterative process ensures
that the noise schedule remains aligned with the evolving
complexity of the denoising task. Algorithm 1 presents the
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Algorithm 1: Adaptive Sigmoid Noise Schedule

1: Input: Losses L𝑖𝑡 and noise schedules 𝛽𝑖𝑡 accumulated
over each diffusion iteration 𝑡 and sequence index 𝑖.

2: if Step counter % Update interval == 0 then
3: for each sequence index 𝑖 do
4: Fit the sigmoid function Φ𝑖 (L𝑖𝑡 ) =

1
1+exp(−𝑎𝑖 (L𝑖

𝑡−𝑏𝑖 ) )
by minimizing the error be-

tween 𝛽𝑖𝑡 and Φ𝑖 (L𝑖𝑡 ), updating parameters 𝑎𝑖 and
𝑏𝑖 .

5: Generate new loss values L𝑖,new
𝑡 sampled at uni-

form intervals between the minimum and maxi-
mum observed losses, min𝑡 (L𝑖𝑡 ) and max𝑡 (L𝑖𝑡 ).

6: Compute the updated noise schedule 𝛽
𝑖,new
𝑡 =

Φ𝑖 (L𝑖,new
𝑡 ).

7: end for
8: end if
9: Return: Noise schedule 𝛽𝑖,new

𝑡 for each diffusion itera-
tion 𝑡 and sequence index 𝑖.

pseudo-code for configuring adaptive sigmoid noise sched-
ule during the training process. The learnable parameters (𝑎𝑖
and 𝑏𝑖) allow the sigmoid to adapt to different loss distribu-
tions and token positions.

Training Objective The model parameters 𝜃 and 𝜙 are
learned through a variational approximation for the data
likelihood to reduce the difference between the learned de-
noising distribution 𝑝𝜃 (𝑣𝑡−1 |𝑣𝑡 , 𝑥𝑒) and the true posterior
distribution 𝑞(𝑣𝑡−1 |𝑣𝑡 , 𝑣0) from the forward process.

L𝑉𝐵 = E𝑞 [ log
𝑞(𝑣𝑇 |𝑣0)𝑝(𝑣𝑇 )
𝑝𝜃 (𝑣0 |𝑣1, 𝑥𝑒)

+
𝑇∑︁
𝑡=2

log
𝑞(𝑣𝑡−1 |𝑣0, 𝑣𝑡 )𝑝𝜃 (𝑣𝑡−1 |𝑣𝑡 , 𝑥𝑒)

𝑝𝜃 (𝑣0 |𝑣1, 𝑥𝑒)

+ log
𝑞𝜙 (𝑣0 |𝑦𝑤)
𝑝𝜙 (𝑦𝑤 |𝑣0)

]

(8)

Since 𝑞(𝑣𝑡−1 |𝑣𝑡 , 𝑣0) has a Gaussian distribution, we param-
eterize the denoising distribution inside the Gaussian distri-
bution family 𝑝𝜃 (𝑣𝑡−1 |𝑣𝑡 , 𝑥𝑒) = N (𝑣𝑡−1; 𝜇̃𝜃 (𝑣𝑡 , 𝑥𝑒, 𝑡), 𝛾̃𝑡I)
where

𝜇̃𝜃 (𝑣𝑡 , 𝑥𝑒, 𝑡) =

√︄
𝛽𝑡−1𝛾𝑡

1 − 𝛽𝑡
𝑣 𝜃0 (𝑣𝑡 , 𝑥𝑒, 𝑡) +

√︄
𝛽𝑡 (1 − 𝛽𝑡−1)

1 − 𝛽𝑡
𝑣𝑡

(9)
𝑣0
𝜃
(𝑣𝑡 , 𝑥𝑒, 𝑡) denotes the function that predicts the output

representation at each iteration of the reverse pass. Under the
Gaussian noise assumption, the objective can be expressed

more concisely as:

Lsimple = E𝑞𝜙 (𝑣0 ,𝑥𝑒 ,𝑦𝑤 )

[
𝑇∑︁
𝑡=2

E𝑞 (𝑣𝑡 |𝑣0 )


𝑣 𝜃0 (𝑣𝑡 , 𝑥𝑒, 𝑡) − 𝑣0



2

+ ∥ 𝜇̃(𝑣𝑇 , 𝑣0)∥2 +


𝑣 𝜃0 (𝑣1, 𝑥𝑒, 1) − 𝑓𝜙 (𝑦𝑤)



2

− log 𝑝𝜙 (𝑦𝑤 |𝑣0)
]

(10)

where, 𝑞(𝑣𝑡 |𝑣0) = N
(
𝑣𝑡 ;

√︁
𝛽𝑡𝑣0, (1 − 𝛽𝑡 )I

)
for efficient

sampling of 𝑣𝑡 during training, and 𝜇𝑇 (𝑣0) =
√︁
𝛽𝑇𝑣0 and

the denoising function 𝑣0
𝜃
(𝑣𝑡 , 𝑥𝑒, 𝑡), which is modeled using

a transformer network with separate components for encod-
ing the input and generating the output. During training, the
distribution used for drawing samples 𝑞𝜙 includes learnable
parameters from token representation model. We utilize the
reparameterization trick (Kingma 2013) to enable backprop-
agation through these parameters.

Inference Given an input tweet 𝑑𝑞 and the output from the
retriever {(𝑑1, 𝐻1, 𝑠(𝑑𝑞 , 𝑑1)), . . . , (𝑑𝑁 , 𝐻𝑁 , 𝑠(𝑑𝑞 , 𝑑𝑁 ))},
the selector aggregates retrieved hashtags into a set
{ℎ1, . . . , ℎ𝑀 }, where 𝑀 is the number of unique hashtags.
For each hashtag ℎ𝑚, the selector C computes relevance
score between the input tweet and each unique hashtag.

𝑟 (𝑑𝑞 , ℎ𝑚) = (𝐶) (𝑑𝑞 , ℎ𝑚) (11)

Here, 𝑟 (𝑑𝑞 , ℎ𝑚) denotes relevance score between the input
tweet 𝑑𝑞 and hashtag ℎ𝑚, as computed by the selector C.
Lastly, we calculate the average similarity between tweets
for each hashtag and incorporate the semantic relatedness
between the tweet and the hashtag.

𝜌𝑖 =
©­« 1
𝑛𝑖

𝑛𝑖∑︁
𝑗=1

𝑠(𝑑𝑞 , 𝑑 𝑗 )ª®¬ + 𝑟 (𝑑𝑞 , ℎ𝑖) (12)

Here, 𝑛𝑖 is the frequency of hashtag ℎ𝑖 in retrieved tweets,
𝑠(𝑑𝑞 , 𝑑 𝑗 ) denotes the similarity score between 𝑑𝑞 and 𝑗 𝑡ℎ

retrieved tweet containing ℎ𝑖 , and ℎ𝑖 is obtained from the
retriever. We then rank hashtags in descending order accord-
ing to final scores 𝜌𝑖 and select top-p hashtags {ℎ̃1, . . . , ℎ̃𝑝}.
Since we do not have ground-truth hashtags for the test
tweet, only the reverse step of the diffusion process is per-
formed. Starting from random noise 𝑣𝑇 , the model itera-
tively denoises samples to obtain 𝑣0. This denoised output
is then passed through the rounding distribution to obtain
the predicted hashtag sequence:

𝑦̂𝑤 = 𝑝𝜙 (𝑦𝑤 |𝑣0) (13)

Finally, the decoder of BART model generates final hashtag
recommendations based on predicted sequence 𝑦̂𝑤 and the
input embedding 𝑥𝑒.

Hashtags = BARTdec ( 𝑦̂𝑤 , 𝑥𝑒) (14)

Experimental Evaluations
This section details the experimental configurations fol-
lowed by a presentation and analysis of results obtained.
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Experimental Setup
Dataset This study uses a disaster-related tweet dataset,
originally presented by (Chowdhury, Caragea, and Caragea
2020), to investigate hashtag recommendation. The dataset
contains tweets during Harvey, Irma, Maria, Mexico earth-
quake, Chiapas earthquake, and California wildfire crawled
using Twitter streaming API and tweets sourced from pub-
licly available datasets (Imran, Mitra, and Castillo 2016;
Olteanu et al. 2014; Alam, Ofli, and Imran 2018) To en-
sure data quality, (Chowdhury, Caragea, and Caragea 2020)
implemented a rigorous filtering process removing uninfor-
mative, non-English, and duplicate tweets that contained a
total of 67,288 tweets spanning a total of 37 types of disas-
ters. We further removed tweets with invalid links and taken

#Tweets # Hashtags #Avg. ℎ𝑡 #Max. ℎ𝑡 #Min. ℎ𝑡
26,665 12,230 2 23 1

Table 1: Statistics of the dataset. Here, ℎ𝑡 denotes number of
hashtags per tweet.

down from X. The final dataset used in our study contains
26,665 tweets, 12,230 unique hashtags with an average of 2
hashtags per tweet as depicted in Table 1. The dataset and
code for ASSIGNER has been made publicly available1.

Compared Methods The performance of our proposed
model is evaluated against extant hashtag recommendation
methods. These include sequence generation models such
as AMNN (2020), SEGTRM (Mao et al. 2022), and Hash-
Tation (Diao et al. 2023); keyphrase extraction methods such
as LSTM-MTL (Chowdhury, Caragea, and Caragea 2020);
retrieval-augmented generation methods such as RIGHT
(Fan et al. 2024); and diffusion models including Diffuseq
(Gong et al. 2022) and SeqDiffuSeq (Yuan et al. 2024).

Evaluation Metrics To evaluate the quality and diversity
of generated hashtags, we employed four metrics namely,
BERTScore, dist.1, ROUGE-1, and BLEU. BERTScore
(Zhang et al. 2019) assesses the semantic similarity with
ground-truth hashtags, ROUGE-1 (Lin 2004) quantifies un-
igram overlap, BLEU (Papineni et al. 2002) determines the
precision of generated hashtag sequences, and distinct uni-
gram (dist. 1) measures the diversity of words within gener-
ated sequences. Higher scores of dist. 1 indicate less repe-
tition. We utilize the official ROUGE script2 (version 0.3.1)
for calculating ROUGE scores.

Implementation Details The proposed model, AS-
SIGNER was implemented using the PyTorch framework.
It employs a 6-layered encoder-decoder transformer with
Gaussian Error Linear Units (GeLU) activation functions.
The model utilizes a diffusion-based approach with 200 it-
erative steps, where noise is incrementally added and then
removed. We employed AdamW optimizer with a learning
rate of 10e-4, incorporating a warm-up period of 500 steps

1https://github.com/abcd3007/ASSIGNER
2https://pypi.org/project/pyrouge/

followed by a linear decay. The model was trained for 15
epochs with a batch size of 64. The dataset was split into
75% for training, 15% for validation, and 10% for testing,
with tweets truncated to a maximum length of 128 tokens.
A threshold of 0.7 was used in the selector module. All hy-
perparameters were optimized based on the validation data.
To ensure reproducibility, we set a random seed of 101. To
account for potential variability in performance, each exper-
iment was repeated five times, and results are reported as
the average of evaluation metrics, with the standard error of
the mean falling within a range of 0.01 to 0.02 for BLEU,
ROUGE-1, dist. 1, and BERTScore.

Experimental Results
To analyze our proposed model, we conducted quantitative
analysis, ablation studies, and qualitative case studies de-
tailed below.

Methods BERTScore dist. 1 ROUGE-1 BLEU

Sequence Generation

AMNN 0.359 0.892 0.001 0.002
SEGTRM 0.255 0.777 0.001 0.002
HashTation 0.246 0.514 0.001 0.001

Keyphrase Extraction

LSTM-MTL 0.355 0.700 0.001 0.001

Retrieval-Augmented Generation

RIGHT 0.389 0.877 0.003 0.001

Diffusion

Diffuseq 0.344 0.799 0.014 0.012
SeqDiffuseq 0.235 0.522 0.003 0.001

ASSIGNER 0.458 0.987 0.008 0.011

Table 2: Effectiveness comparison results of ASSIGNER
with existing methods for hashtag recommendation (top-2).
The best result is highlighted in bold, while the second-best
is underlined.

Quantitative Analysis Table 2 demonstrates that AS-
SIGNER significantly outperforms established methods
across all assessment criteria. ASSIGNER outperforms
AMNN by incorporating a retrieval mechanism to focus
on relevant candidate hashtags and diffusion-based encoder-
decoder architecture (BART) to capture linguistic character-
istics of disaster-related tweets. Unlike AMNN, which re-
lies on RNN-based encoder-decoder (BiLSTM-GRU) with
softmax layer and produces generic hashtags, ASSIGNER
leverages the strength of transformer and diffusion model
in capturing complex data distributions, allowing it to grasp
the dynamic nature of disaster-related language, leading to
accurate hashtag recommendation. While SEGTRM uses
segment selection to identify important parts of text, AS-
SIGNER’s retrieval and selector components provide a
more focused set of candidate hashtags. Additionally, the
diffusion-based generator in ASSIGNER generates diverse
and creative hashtags compared to SEGTRM’s transformer
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decoder. ASSIGNER surpasses LSTM-MTL by moving be-
yond keyphrase extraction and utilizing a generation-based
approach. This allows ASSIGNER to generate novel hash-
tags not limited to those present in text, unlike LSTM-MTL,
which extracts keyphrases directly. While RIGHT incorpo-
rates a retrieval mechanism, ASSIGNER further enhances
this with a diffusion-based generator and adaptive sigmoid
noise scheduling. This allows ASSIGNER to generate di-
verse and relevant hashtags compared to RIGHT, which re-
lies on a standard generative model. ASSIGNER builds upon
DiffuSeq and SeqDiffuSeq to improve hashtag generation. It
incorporates an encoder-decoder architecture (BART), self-
conditioning, and adaptive sigmoid noise scheduling for en-
hanced efficiency and performance compared to DiffuSeq’s
encoder-only framework. Additionally, ASSIGNER extends
SeqDiffuSeq by adding a retrieval and selection mechanism
to focus on relevant candidate hashtags besides adaptive sig-
moid noise scheduling algorithm. This combined approach
leads to more accurate and diverse hashtag generation.

Methods BERTScore dist. 1 ROUGE-1 BLEU

w/o Self-conditioning 0.145 0.310 0.003 0.003
w/o RAG 0.421 0.987 0.003 0.003
w/o Noise Scheduling 0.412 0.783 0.020 0.030
w/o Diffusion 0.409 0.844 0.002 0.002
w/o Selector 0.416 0.974 0.003 0.002

ASSIGNER 0.458 0.987 0.008 0.011

Table 3: Effect of individual component ablation on hashtag
generation performance of ASSIGNER. Here, w/o refers to
without.

Ablation Studies
• w/o Self-conditioning: Our ablation study highlights the

crucial role of self-conditioning in ASSIGNER. Remov-
ing it drastically reduces performance across all metrics
(BERTScore: 0.4581 to 0.1446, dist.1: 0.9872 to 0.3096,
ROUGE-1: 0.0078 to 0.0028, BLEU: 0.0113 to 0.0029)
as evident from Table 3. This decline is attributed to
information loss inherent in standard diffusion process
where each denoising step relies solely on the current
noisy input, neglecting refined information from previous
predictions. Self-conditioning mitigates this by incorpo-
rating the previous prediction into the denoising function,
allowing the model to refine its estimations and gener-
ate contextually relevant hashtags that capture the evolv-
ing event-specific language prevalent in disaster-related
tweets.

• w/o RA: To assess the impact of Retrieval Augmentation
(RA) mechanism in ASSIGNER, we conducted an abla-
tion study where RA was removed. We replaced the re-
triever (which selects relevant candidate hashtags), with
a random selection of top-k hashtags from the training
dataset. This modification resulted in a noticeable per-
formance drop across all metrics (BERTScore: 0.458
to 0.421, ROUGE-1: 0.008 to 0.003, BLEU: 0.011 to

0.003) as evident in 3. This result highlights the cru-
cial role of RA in providing the diffusion-based encoder-
decoder framework with a focused set of relevant can-
didate hashtags. By leveraging information from simi-
lar tweets and their associated hashtags, RA effectively
guides the generator towards more informative and accu-
rate hashtag recommendations. These retrieved hashtags
serve as guiding signals and a starting point for generat-
ing final hashtags, ultimately enhancing their quality and
effectiveness.

• w/o Noise Scheduling: As shown in Table 3, remov-
ing the adaptive sigmoid noise scheduler from diffusion
pipeline significantly hinders performance (BERTScore:
drops from 0.458 from 0.412, dist. 1 from 0.9872 to
0.783). This underscores the importance of a well-
designed noise scheduling for guiding the diffusion pro-
cess towards meaningful outputs. By applying this sched-
uler at the token level, ASSIGNER achieves two key
advantages namely, contextual adaptation, enabling the
model to adjust noise based on each token’s specific con-
text, crucial in dynamic disaster situations, and enhanced
learning that captures complex inter-token dependencies
to recommend pertinent hashtags. This precise control
over noise introduction and reduction empowers effective
learning and generation of contextually relevant hash-
tags, supporting information dissemination during criti-
cal events.

• w/o Diffusion These ablation results underscore the
significant contribution of the diffusion-based encoder-
decoder framework to ASSIGNER’s strong performance.
Removing this component and replacing it with a stan-
dard encoder-decoder framework leads to a substantial
drop in performance across all metrics (BERTScore:
0.458 to 0.409, dist.1: 0.987 to 0.844, ROUGE-1: 0.008
to 0.002, BLEU: 0.011 to 0.002) as can be seen in Ta-
ble 3. This decline is attributed to limitations of stan-
dard encoder-decoder models in capturing the complex
and dynamic language characteristic of disaster-related
tweets. These models tend to produce generic hashtag
recommendations due to their reliance on maximizing
training data likelihood. In contrast, the diffusion-based
generator in ASSIGNER leverages a gradual noising pro-
cess, enabling it to explore a wider range of possibilities
and generate diverse and informative hashtags. This ap-
proach is well-suited for capturing the evolving and in-
formal language used in disaster situations, where new
terms and expressions may emerge rapidly, leading to im-
proved performance.

• w/o Selector In this ablated variant, the selector is omit-
ted and we directly choose top-p retrieved hashtags. Re-
moving the selector leads to a significant decrease in
performance across all metrics. BERTScore drops from
0.458 to 0.416, dist.1 from 0.987 to 0.974, ROUGE-1
from 0.008 to 0.003, and BLEU from 0.011 to 0.002, as
can be seen in 3. This decline highlights that the selector
plays a vital role in refining candidate hashtags identi-
fied by the retriever. By analyzing how closely the input
tweet matches the retrieved tweet and hashtags in terms
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Figure 2: Example of a tweet from test dataset depict-
ing hashtags recommended by various methods. Generated
hashtags that match user-assigned hashtags are marked with
green, while relevant but non-matching hashtags are marked
with blue, and irrelevant predictions are marked with red.

of meaning, the selector ensures that only the most rel-
evant hashtags are passed to the diffusion-based genera-
tor. This filtering step is essential, as simply relying on
top-p hashtags from the retriever, based on similarity to
the input tweet, proves insufficient for generating accu-
rate and informative hashtag recommendations. The se-
lector thus acts as a quality control mechanism, guiding
the generator towards optimal hashtag selection and im-
proving overall performance.

Qualitative Analysis Figure 2 presents a qualitative com-
parison of generated hashtags for an example tweet from
the test dataset, alongside ground-truth hashtags and hash-
tags generated by various methods. As illustrated in Fig-
ure 2, ASSIGNER demonstrates a superior ability to suggest
relevant hashtags for the given tweet. Notably, ASSIGNER
is the only model that correctly identifies two ground-truth
hashtags: #KeralaFloodRelief and #KeralaRains. While Dif-
fuSeq also generates #KeralaFloodRelief, ASSIGNER is
unique in its ability to simultaneously identify both of these
crucial hashtags. Moreover, ASSIGNER effectively captures
general terms such as #flood, #medical, and #relief and spe-
cific terms such as #Kerala and #NGO, which are relevant
to the given tweet. In contrast, other methods exhibit vary-
ing degrees of success, but none achieve the same level of
accuracy as ASSIGNER. HashTation primarily focuses on
generic terms such as #flood, #food, and #aid, lacking the
specificity of ASSIGNER. SeqDiffuSeq incorrectly predicts
hashtags such as #cyclone and #wildfire, which are not rel-
evant to Kerala floods. AMNN and LSTM-MTL incorrectly
predict hashtags #cyclone #quake, respectively. These er-
rors highlight the difficulty other methods have in capturing
the specific context of the input tweet. The enhanced per-
formance of ASSIGNER can be attributed to the effective

integration of retrieval augmentation with a diffusion-based
encoder-decoder framework. The retriever module provides
valuable context to the diffusion-based generator by identi-
fying similar tweets and their corresponding hashtags. The
selector module further refines these retrieved hashtags, en-
suring that only the most relevant candidates are passed to
the generator. Furthermore, ASSIGNER’s self-conditioning
mechanism and adaptive sigmoid noise scheduler contribute
to generating high-quality hashtag sequences by exploring
a broader spectrum of possibilities. Overall, the qualitative
analysis demonstrates ASSIGNER’s ability in leveraging
existing knowledge, capturing contextual information, and
generating diverse hashtag sequences, significantly outper-
forming other methods.

Conclusion
This paper introduces ASSIGNER, a novel retrieval-
augmented encoder-decoder with diffusion for sequential
hashtag recommendation in disaster events. ASSIGNER ex-
tends continuous text diffusion model to generate hashtags
sequentially and a retrieval mechanism that leverages exist-
ing knowledge from semantically similar tweets and hash-
tags. This approach addresses the limitations of existing
methods by capturing both semantic relationships among
hashtags and contextual information embedded in tweets.
Furthermore, a novel adaptive sigmoid noise scheduler is
proposed to improve the quality of generated hashtags. Ex-
perimental results validate the capability of ASSIGNER in
generating relevant and informative hashtags for disaster-
related tweets, with the potential to improve information dis-
semination and response efforts during crises.
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M. 2021. Argmax flows and multinomial diffusion: Learn-
ing categorical distributions. Advances in Neural Informa-
tion Processing Systems, 34: 12454–12465.
Hossain, N.; Ghazvininejad, M.; and Zettlemoyer, L. 2020.
Simple and effective retrieve-edit-rerank text generation. In
Proceedings of the 58th Annual Meeting of the Association
for Computational Linguistics, 2532–2538.
Imran, M.; Mitra, P.; and Castillo, C. 2016. Twitter as a Life-
line: Humanannotated Twitter Corpora for NLP of Crisis-
related Messages.
Kim, J.; Jeong, M.; Choi, S.; and Hwang, S.-w. 2021.
Structure-augmented keyphrase generation. In Proceedings
of the 2021 Conference on Empirical Methods in Natural
Language Processing, 2657–2667.
Kingma, D. P. 2013. Auto-encoding variational bayes. arXiv
preprint arXiv:1312.6114.
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Paper Checklist
1. For most authors...

(a) Would answering this research question advance sci-
ence without violating social contracts, such as violat-
ing privacy norms, perpetuating unfair profiling, exac-
erbating the socio-economic divide, or implying disre-
spect to societies or cultures? Yes, our research aims
to leverage AI for social good by enhancing commu-
nication and information access during disaster events.
This contributes to a deeper understanding of how so-
cial media can be used for effective disaster response,
potentially aiding in rescue efforts, resource alloca-
tion, and community support. Our approach respects
privacy by not relying on personally identifiable in-
formation and promotes ethical considerations by ac-
tively mitigating potential biases in the data and algo-
rithms. By improving information dissemination and
facilitating a more equitable response to disasters, this
research aligns with societal values and promotes the
well-being of individuals and communities.

(b) Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes, please see Abstract and Introduction.

(c) Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made? Yes, please
refer to Experimental Results subsection and Ap-
pendix.

(d) Do you clarify what are possible artifacts in the data
used, given population-specific distributions? No, we
do not have any artifacts in the data employed for this
study.

(e) Did you describe the limitations of your work? Yes,
please see the Appendix.

(f) Did you discuss any potential negative societal im-
pacts of your work? Yes, please see the Appendix.

(g) Did you discuss any potential misuse of your work?
NA

(h) Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? Yes, please see Future work in Ap-
pendix that discusses preventive steps to be adopted
for mitigating any potential biases. For reproducibility,
we have made the code and data publicly available and
provided the implementaion details (see Experimental
Setup).

(i) Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes, we
have ensured that the paper conforms to the mentioned
guidelines.

2. Additionally, if your study involves hypotheses testing...

(a) Did you clearly state the assumptions underlying all
theoretical results? Yes, we have stated assumptions
wherever necessary.

(b) Have you provided justifications for all theoretical re-
sults? Yes, please see Experimental Evaluations and
Appendix.

(c) Did you discuss competing hypotheses or theories
that might challenge or complement your theoretical
results? We have compared the performance of our
model (ASSIGNER) against several baseline models.
This implies an underlying hypothesis that our model
is superior to the existing methods.

(d) Have you considered alternative mechanisms or ex-
planations that might account for the same outcomes
observed in your study? We have explored the impact
of different hyperparameters (the number of diffusion
steps, the probability parameter for self-conditioning)
on the model’s performance. This implies a hypothesis
that certain hyperparameter values will lead to better
performance than others. The analysis of the results of
the parameter sensitivity study can also be viewed as
hypothesis testing, where we are testing the hypoth-
esis that different parameter values will lead to sig-
nificantly different performance outcomes. Please see
Appendix for details.

(e) Did you address potential biases or limitations in your
theoretical framework? Yes, please refer to Discussion
section in the Appendix.

(f) Have you related your theoretical results to the exist-
ing literature in social science? Yes, we have related
our theoretical results to the existing literature in social
science. A detailed discussion of these connections can
be found in Introduction and the Related Works sec-
tion of our paper. We discuss how our work builds
upon these existing studies and contributes to a deeper
understanding of the social and behavioral aspects of
hashtag usage.

(g) Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? Yes, please refer to theoretical
and practical implications under the Discussion sec-
tion in the Appendix.

3. Additionally, if you are including theoretical proofs...
(a) Did you state the full set of assumptions of all theoret-

ical results? NA
(b) Did you include complete proofs of all theoretical re-

sults? NA
4. Additionally, if you ran machine learning experiments...

(a) Did you include the code, data, and instruc-
tions needed to reproduce the main experimen-
tal results (either in the supplemental material or
as a URL)? The url for the code and dataset
has been given under the Dataset in Experimen-
tal Evaluations Section. Alternatively, please see:
https://github.com/abcd3007/ASSIGNER

(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? Yes, please
see Implementation Details in Experimental Evalua-
tions section for training details and Parameter Sensi-
tivity Study in Appendix for hyperparameters.
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(c) Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
Yes, please see Implementation Details in Experimen-
tal Evaluations section

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? Yes, please see Implemen-
tation Details in Experimental Evaluations section.

(e) Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? We employ
the evaluation metrics widely used for generation tasks
(see Appendix). Further, we conduct ablation studies
to validate the importance of each novel component of
the proposed framework (see Ablation Studies in Ex-
perimental Results Section).

(f) Do you discuss what is “the cost“ of misclassification
and fault (in)tolerance? Yes, please see Implementa-
tion Details in Experimental Evaluations section.

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? We have given proper credit to original creators
of any technique and datasets used with proper cita-
tions throughout the paper.

(b) Did you mention the license of the assets? Yes, please
see Ethics Statement in Appendix

(c) Did you include any new assets in the supplemental
material or as a URL? Yes, the supplemental material
includes details of evaluation metrics, compared meth-
ods, study on performance of ASSIGNER with differ-
ent noise schedulers (Table 4), parameter sensitivity
studies (Tables 5,6,7, and 8) followed by discussion
on merits and demerits of the proposed framework.

(d) Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curat-
ing? Yes, the dataset used in this study was made
publicly available by the authors: https://github.com/
JRC1995/Tweet-Disaster-Keyphrase. As the data con-
sists of public posts on social media platforms, it is
generally considered that users have provided implied
consent for their posts to be used in research and
analysis. However, we acknowledge the ethical con-
siderations surrounding the use of social media data
and have taken steps to ensure responsible use, such
as: Anonymization: We have removed any personally
identifiable information from the dataset to protect
user privacy. Data usage: The data is solely utilized
for academic research purposes and will not be used
for any commercial applications. Transparency: We
clearly acknowledge the source of the dataset and pro-
vide access to the preprocessed data for reproducibil-
ity.

(e) Did you discuss whether the data you are using/cu-
rating contains personally identifiable information or
offensive content? No, the dataset comprises publicly
available information, no personally identifiable or
sensitive data was collected or used.

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR
(see FORCE11 (2020))? NA

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset (see Gebru et al.
(2021))? NA

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? NA

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? NA

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? NA

(d) Did you discuss how data is stored, shared, and dei-
dentified? NA

Appendix
Evaluation Metrics
• BERTScore: BERTScore leverages pre-trained contex-

tual embeddings from Bidirectional Encoder Representa-
tions from Transformers (BERT) (Devlin et al. 2019) to
assess the semantic similarity between generated and ref-
erence hashtag sequences. It computes a similarity score
by comparing contextualized representations of corre-
sponding tokens in both sequences.

𝐵𝐸𝑅𝑇𝑆𝑐𝑜𝑟𝑒(𝐺, 𝑅) = 1
|𝐺 |

∑︁
𝑔∈𝐺

max
𝑟∈𝑅

cos(𝑐, 𝑟) (15)

Here,𝐺 represents the generated hashtag sequence, 𝑅 de-
notes the reference hashtag sequence, 𝑔 and 𝑟 are con-
textualized embeddings of each hashtag in 𝐺 and 𝑅, re-
spectively, and 𝑐𝑜𝑠(𝑔, 𝑟) denotes the cosine similarity be-
tween embeddings 𝑔 and 𝑟 .

• Distance-1 (dist. 1): This metric assesses the similarity
between two sequences based on the minimum number
of edits required to make them identical.

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒−1(𝐺, 𝑅) = minimum number of edits(𝐺 → 𝑅)
(16)

High values of Distance-1 implies high diversity.
• BLEU: Bilingual Evaluation Understudy (BLEU) mea-

sures the precision of n-gram matches between generated
and reference hashtag sequences. It calculates the overlap
of n-grams of varying lengths (typically 1 to 4) and com-
bines them with a brevity penalty to discourage overly
short generations.

𝐵𝐿𝐸𝑈 (𝐺, 𝑅) = 𝐵𝑃 · exp

(
𝑁∑︁
𝑛=1

𝑤𝑛 log 𝑝𝑛

)
(17)

Here, 𝐵𝑃 represents the brevity penalty that penalizes
generated sequences that are shorter than the reference
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sequence. The variable 𝑁 denotes the maximum n-gram
order considered in the calculation, typically set to 4. The
n-gram precision accounting for length differences is rep-
resented by 𝑝𝑛. 𝐵𝑃 is calculated as follows:

BP =

{
1, if 𝑐 > 𝑟
𝑒1−(𝑟/𝑐) , otherwise

(18)

where, 𝑐 and 𝑟 represent the number of tokens in the gen-
erated and ground-truth sequences, respectively.

• ROUGE-L (Longest Common Subsequence) measures
the longest common subsequence of words between the
generated and reference hashtag sequences. It focuses on
recall, assessing the extent to which the generated se-
quence covers the reference sequence.

𝑅𝑂𝑈𝐺𝐸 − 𝐿 (𝐺, 𝑅) = 𝐿𝐶𝑆(𝐺, 𝑅)
|𝑅 | (19)

Here, 𝐿𝐶𝑆(𝐺, 𝑅) is the length of the longest common
subsequence between sequences 𝐺 and 𝑅. |𝑅 | is the
length of actual sequence i.e., ground-truth hashtags (𝑅).
We utilize ROUGE-1 to assess the similarity between the
generated hashtag sequence and ground-truth sequence
by measuring the overlap of unigrams. This metric is
widely used for sequence generation tasks and can iden-
tify relevant hashtags even if they are not identical to the
ground-truth, which is crucial in hashtag recommenda-
tion where multiple hashtags can contribute to convey-
ing the overall topic. Additionally, we examine n-gram
overlaps between generated and ground-truth hashtags to
evaluate the model’s ability to identify and utilize salient
information from text for hashtag generation.

Role of Semantic Similarity Metrics in Hashtag Genera-
tion: Hashtags serve as a bridge among tweets and broader
conversations on social media. Unlike traditional text gen-
eration tasks, where Exact Matches (EM) score are often
critical, hashtag generation requires a balance between rel-
evance, popularity, and semantic coherence. For instance,
a tweet about “flood relief efforts” could be associated
with multiple semantically similar hashtags, such as #Flood-
Relief, #DisasterResponse, or #EmergencyAid. While these
hashtags are not exact matches, they are contextually appro-
priate and align with the tweet’s content. Therefore, evaluat-
ing hashtag generation solely based on EM would overlook
semantic relationships that make hashtags effective in real-
world applications.

Limitations of Exact Match Metrics Exact Match (EM)
metrics, while useful in tasks such as question answering or
information retrieval, are less suitable for evaluating hashtag
generation due to the following reasons:

• Variability in Hashtag Usage: A single concept can
be expressed using multiple hashtags (e.g., #COVID19,
#Coronavirus, #Pandemic). EM metrics would penalize
such variations, even though they are semantically equiv-
alent.

• Contextual Relevance: Hashtags often capture broader
themes or sentiments rather than specific keywords. For

example, a tweet about “donating to earthquake victims”
might use hashtags such as #HumanitarianAid or #Dis-
asterRelief, which are contextually relevant but not exact
matches.

• Dynamic Nature of Hashtags: Social media trends evolve
rapidly, and new hashtags emerge frequently. EM metrics
cannot account for the dynamic and adaptive nature of
hashtag usage.

Advantages of Semantic Similarity Metrics To address
limitations of EM metrics, we employ semantic similarity
metrics such as BERTScore, ROUGE-1, and BLEU. These
metrics are better suited for evaluating hashtag generation
because of the following reasons:

• Capture Contextual Relevance: BERTScore, for instance,
leverages contextual embeddings from pre-trained lan-
guage models (BERT) to measure the semantic over-
lap between generated and ground-truth hashtags. This
ensures that contextually appropriate hashtags are re-
warded, even if they are not exact matches.

• Evaluate Coherence and Fluency: ROUGE-1 and BLEU
assess the overlap between generated and ground-truth
hashtags at the n-gram level, providing insights into the
coherence and fluency of generated sequences.

• Align with Real-World Use Cases: In practice, hashtags
are used to categorize and discover content based on
themes rather than exact keywords. Semantic similarity
metrics align with this use case by prioritizing relevance
over exact matches.

• Complementary Role of dist. 1: In addition to semantic
similarity metrics, we used dist. 1 to evaluate the proxim-
ity of generated hashtags to ground-truth hashtags in the
embedding space. This metric complements BERTScore,
ROUGE-1, and BLEU by providing a geometric perspec-
tive on the relevance of generated hashtags.
Together, these metrics offer a comprehensive evaluation
framework that balances semantic relevance, coherence,
and contextual appropriateness.

Dataset Analysis
Disaster Type Distribution To evaluate potential biases
in our dataset, we provide a detailed breakdown of the dis-
tribution of tweets across different disaster categories. Table
4 presents the number and percentage of tweets associated
with each disaster type. As shown in Table 4, the dataset ex-
hibits a diverse representation of disaster types, with floods
being the most prevalent (29.64%), followed by hurricanes
(16.44%) and earthquakes (10.80%). Conversely, disasters
such as tornadoes (2.35%), typhoons (2.42%), and viruses
(1.25%) are less represented. This imbalance reflects the fre-
quency and visibility of disasters in social media discourse,
where high-impact events such as floods and hurricanes nat-
urally generate more engagement. While this skew mirrors
real-world attention patterns, it may limit the model’s gen-
eralizability to less frequent disasters. Further, we discuss
implications of this imbalance in the limitations section.
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Disaster Number of Tweets (in %)

Tornado 627 2.35
Hurricane 4386 16.44
Fire 1567 5.87
Earthquake 2882 10.8
Flood 7904 29.64
Haze 1830 6.86
Typhoon 645 2.42
Virus 332 1.25
MERS 735 2.76
Cyclone 2486 9.32
Tsunami 1861 6.98
Explosion 1410 5.56

Table 4: Dataset distribution by number of tweets and per-
centage of total tweets for each disaster type.

Compared Methods
1. AMNN (Yang et al. 2020) employed a seq2seq encoder-

decoder architecture with CNN for visual and Bi-
LSTM for textual feature extraction from multimodal mi-
croblogs. An attention mechanism identifies salient in-
formation, and a GRU-based decoder generates the hash-
tag sequence.

2. SEGTRM (Mao et al. 2022) proposed a model for mi-
croblog hashtag generation that operates in three phases.
The encoder processes the input text using segment
tokens and various attention mechanisms. A segment-
selector block identifies important segments based on
semantic similarity, while the decoder generates hash-
tags sequentially using selected segmental representa-
tions. The model efficiently determines the number of
hashtags required and learns to generate hashtags based
on post content.

3. HashTation (Diao et al. 2023) The authors propose a
multi-component framework for hashtag recommenda-
tion and tweet classification, with four main modules
namely, Hashtag Generator, Tweet Attention Module
(TAM), Entity Attention Module (EAM), and Tweet
Classifier. It begins with Hashtag Generator using self-
attention mechanism to create hashtags of an input tweet.
TAM is combined with a cross-document attention net-
work to capture latent topics in relevant tweets within
a collection and thus improve hashtag generation. EAM
employs a graph attention network to extract and uti-
lize semantic information at the entity level, thereby con-
structing an entity graph from named entities present in
tweets. The Tweet Classifier then utilizes a transformer-
based encoder equipped with a classification head to clas-
sify tweets.

4. LSTM-MTL (Chowdhury, Caragea, and Caragea 2020)
developed a joint-layer Long Short Term Memory
(LSTM) network trained using Multi-Task Learning
(LSTM-MTL) to recommend hashtags for disaster-
related tweets. The authors incorporate features captur-
ing informal writing and identify relevant hashtags based

on disaster name, location, and situational awareness.
The model’s variant, utilizing ELMo embeddings, Parts
of Speech (POS) tags, and CNN-encoded phonetic fea-
tures, achieves the best overall performance.

5. RIGHT (Fan et al. 2024) proposed a mainstream hash-
tag recommendation framework comprising a retriever,
selector, and generator. The retriever employs sparse
(BM25) and dense (SimCSE) retrieval techniques to
identify relevant tweet-hashtag pairs. The selector uti-
lizes a contrastive learning approach with three fea-
tures (hashtag similarity, frequency, and positive/nega-
tive samples) to filter non-mainstream hashtags. The gen-
erator combines the input tweet with selected hashtags
and employs a generative model fine-tuned with cross-
entropy loss to recommend final set of hashtags, ranked
by similarity and frequency.

6. Diffuseq (Gong et al. 2022) a diffusion-based model for
conditional text generation adapted for seq2seq tasks.
The model employs a partial noising strategy, injecting
noise only into the target sequence during the forward
process. In the reverse process, a transformer architec-
ture predicts the mean and standard deviation of the dis-
tribution at each step to denoise the target sequence.
The training objective is designed as a variational lower
bound with regularization terms. The model also utilizes
importance sampling to address training inefficiencies.
During inference, sequences are generated by sampling
from a learned diffusion process and employing Mini-
mum Bayes Risk (MBR) decoding for quality enhance-
ment.

7. SeqDiffuseq (Yuan et al. 2024) proposed a diffusion-
based model for seq2seq language generation. In the for-
ward process, the target output sequence is transformed
into random noise. The reverse process utilizes a denois-
ing function, conditioned on the input sequence, to it-
eratively reconstruct the sequence. The model employs
an encoder-decoder transformer architecture and incor-
porates self-conditioning to improve text quality. It also
features an adaptive noise schedule that adjusts the de-
noising difficulty at each token position and time step,
enhancing generation performance.

Visualisation of Quantitative Results
To enhance the readability of our experimental results, Fig-
ure 3 presents a comparative analysis of hashtag recom-
mendation models’ performance across varying recommen-
dation set sizes (𝑡𝑜𝑝 − ℎ), ranging from 1 to 9. As de-
picted in Figure 3a, ASSIGNER consistently achieves the
highest BERTScore values across all 𝑡𝑜𝑝 − ℎ settings, in-
dicating superior semantic similarity between its generated
and ground-truth hashtags. The observed stability of AS-
SIGNER’s BERTScore, even with increasing recommen-
dation set sizes, demonstrates its robustness. In contrast,
AMNN, RIGHT, SeqDiffuseq, LSTM-MTL, HashTation,
and SEGTRM, exhibit lower BERTScore values, highlight-
ing their limitations in capturing semantic relevance. Figure
3b further illustrates ASSIGNER’s superior performance in
terms of hashtag diversity, achieving dist. 1 scores close to
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(a) BERTScore (b) dist. 1

Figure 3: Effectiveness comparison curves. The proposed ASSIGNER significantly outperforms the compared methods in
evaluation metrics.

1.0 across all 𝑡𝑜𝑝 − ℎ values. While AMNN and RIGHT
show relatively better diversity compared to other state-of-
the-art (SOTA) methods, their scores remain significantly
lower than that of ASSIGNER. SeqDiffuseq, LSTM-MTL,
HashTation, and SEGTRM exhibit substantially lower dist.
1 scores, indicating limited diversity. Thus, the graphical
representation in Figure 3 visually confirms ASSIGNER’s
competitive advantage in both semantic similarity and hash-
tag diversity. The consistent and significant gaps in both
BERTScore and dist. 1 between ASSIGNER and existing
methods underscore the efficacy of our proposed approach.

Performance Comparison with Noise Scheduling
Algorithms
To investigate the impact of different noise scheduling al-
gorithms on performance of ASSIGNER in recommending
hashtags for disaster-related tweets, we conducted experi-
ments with various schedulers. As demonstrated in Table

Noise Scheduler BERTScore dist. 1 ROUGE-1 BLEU

Gaussian 0.167 0.302 0.001 0.001
Adaptive Linear 0.414 0.846 0.007 0.010
Adaptive Quadratic 0.202 0.565 0.002 0.002
Adaptive Cubic 0.171 0.427 0.001 0.0004
Adaptive Fibonacci 0.383 0.733 0.004 0.002
Adaptive Cosine 0.210 0.405 0.005 0.006
Adaptive Exponential 0.310 0.602 0.012 0.014

Adaptive Sigmoid 0.458 0.987 0.008 0.011

Table 5: Performance comparison of ASSIGNER with vari-
ous noise scheduling algorithms for disaster-related hashtag
recommendation, showing optimal results with the token-
level adaptive sigmoid scheduler. The best result is high-
lighted in bold, while the second-best is underlined

.

5, the token-level adaptive sigmoid scheduler achieves the
highest BERTScore (0.4581), dist. 1 (0.9872), ROUGE-1,
and BLEU scores. This scheduler outperforms others, in-
cluding token-level adaptive (Fibonacci, exponential) and
non-adaptive Gaussian scheduler. The success of the token-
level adaptive sigmoid scheduler is attributed to its precise

Figure 4: Example tweet showing hashtag generation er-
rors from different methods, including misclassification
(red: #storm, #cyclone, #quake), overgeneralization (blue:
#blockade, #protest), and irrelevant predictions.

and dynamic noise control, which is crucial for disaster-
related hashtags where keyword relevance can fluctuate
rapidly. The sigmoid curve introduces noise gradually to
each token, promoting exploration of hashtag spaces, and
then reduces it sharply for fine-grained refinement. This dy-
namic approach enhances contextual sensitivity by adjust-
ing noise based on specific context of each token within the
input tweet and generated sequence. Furthermore, the sig-
moid curve, combined with token-level adaptation, allows
the model to effectively learn intricate inter-token relation-
ships, crucial for generating pertinent hashtags.

Error Analysis
To gain a deeper understanding of the model’s performance
and to address the prevalence of irrelevant predictions, we
conducted an error analysis. Figure 4 presents an exam-
ple tweet which describes a trucker protest in Joplin from
test dataset, comparing hashtags generated by ASSIGNER
and SOTA methods against ground-truth hashtags. As de-
picted in Figure 4, a notable prevalence of irrelevant pre-
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dictions is observed across various methods. SeqDiffuSeq
predicts #quake, and AMNN predicts #storm, neither of
which are contextually relevant to the input tweet. Simi-
larly, SEGTRM generates #cyclone, an entirely unrelated
hashtag. This demonstrates a common failure mode where
methods struggle to accurately capture the specific context
of the tweet, generating hashtags that are completely discon-
nected from the event being described. HashTation also ex-
hibits overgeneralization, generating generic hashtags such
as #protest and #blockade. While these hashtags are related
to the event, they lack the specificity of ground-truth hash-
tags (#Westboro and #Joplin). Even ASSIGNER, despite its
superior overall performance, generates #cyclone in this in-
stance. The #cyclone hashtag is irrelevant as it represents a
distinct event type, lacks geographical or semantic connec-
tion to the tweet’s content, contradicts other hashtags and
the overall message of the tweet. This error suggests a lack
of robust contextual understanding and may be attributed to
biases within training data.

Parameter Sensitivity Analysis
• Number of Recommended Hashtags (𝑡𝑜𝑝 − ℎ): To inves-

tigate the impact of this parameter on ASSIGNER’s per-
formance, we conducted experiments with varying val-
ues of 𝑡𝑜𝑝−ℎ, ranging from 1 to 9. This parameter signif-
icantly influences the user experience and effectiveness
of the recommendation system. The results, presented in
Figure 3, show that ASSIGNER achieves the best per-
formance with 𝑡𝑜𝑝 − ℎ value set to 2, indicating that
recommending two hashtags strikes an optimal balance
between providing sufficient information and avoiding
overwhelming the user with excessive suggestions. In-
creasing 𝑡𝑜𝑝 − ℎ from 1 to 2 leads to a slight improve-
ment in performance across most metrics. However, fur-
ther increasing 𝑡𝑜𝑝 − ℎ beyond 2 results in a gradual de-
cline in performance, suggesting that recommending too
many hashtags can lead to decreased relevance and user
satisfaction. This decline could be attributed to the inclu-
sion of less relevant or redundant hashtags in 𝑡𝑜𝑝− ℎ list,
potentially diluting the overall quality of recommended
hashtags.

• Probability for Self-conditioning (𝑝): The probability pa-
rameter (𝑝) in ASSIGNER controls the extent of self-
conditioning during training. With probability 𝑝, the
model conditions on past outputs to generate the next
hashtag. With probability (1 − 𝑝), it explores a wider
range of hashtag possibilities without self-conditioning.
To determine the optimal 𝑝, we experimented with val-
ues ranging from 0.1 to 0.9. As shown in Table 6, 𝑝 value
set to 0.7 yielded the best performance, balancing self-
conditioning with exploration to generate diverse hash-
tags. Increasing 𝑝 from 0.1 to 0.7 led to a noticeable im-
provement in performance. However, further increasing
𝑝 beyond 0.7 slightly reduced performance, indicating
that excessive reliance on self-conditioning hinders the
ability of ASSIGNER in generating diverse hashtags.

• Number of Steps in Diffusion (𝑇): The number of steps
(𝑇) in diffusion significantly influences the quality and

Values BERTScore dist. 1 ROUGE-1 BLEU

0.1 0.447 0.992 0.005 0.008
0.3 0.410 0.919 0.011 0.014
0.5 0.453 0.991 0.005 0.007

0.7 0.458 0.987 0.008 0.011

0.9 0.450 0.990 0.006 0.010

Table 6: Performance of ASSIGNER with varying prob-
ability parameter (𝑝) ranging between 0.1-0.9 for self-
conditioning during diffusion, showing optimal performance
at 𝑝=0.7.

Values BERTScore dist. 1 ROUGE-1 BLEU

100 0.401 0.977 0.004 0.006
200 (Ours) 0.458 0.987 0.008 0.011
300 0.439 0.992 0.006 0.006
400 0.417 0.984 0.006 0.013

Table 7: Performance of ASSIGNER with varying number
of steps (𝑇) in Diffusion ranging between 100-400, showing
optimal performance ar 𝑇=200.

diversity of generated data. A larger 𝑇 allows for more
variation in data but makes it harder to recover from
noise. Conversely, a smaller 𝑇 limits variation but sim-
plifies noise recovery. To investigate the impact of 𝑇 on
ASSIGNER’s performance, we conducted experiments
by varying 𝑇 from 100 to 400. As shown in Table 7, AS-
SIGNER achieves the best performance with 200 diffu-
sion steps. Increasing 𝑇 from 100 to 200 improves per-
formance. However, further increasing them beyond 200
results in a slight performance decline, indicating that
excessive noise hinders ASSIGNER’s ability to generate
high-quality hashtags. Therefore, we set 𝑇=200 to ensure
an effective tradeoff between data variation and noise re-
covery, generating high-quality and diverse hashtags.

• Stride in Sigmoid Noise Scheduler (𝐾): To determine
the optimal stride (𝐾) for discretizing the noise sched-
ule in the adaptive sigmoid scheduler, we conducted ex-
periments with varying values. As shown in Table 8,

Values BERTScore dist. 1 ROUGE-1 BLEU

5 0.411 0.896 0.003 0.003
10 0.452 0.988 0.005 0.009
15 0.458 0.987 0.008 0.011
20 0.450 0.990 0.007 0.009
25 0.450 0.984 0.008 0.001
30 0.455 0.989 0.001 0.001

Table 8: Performance of ASSIGNER with varying param-
eter (𝑘) ranging between 5-30 in sigmoid noise scheduler,
showing optimal performance at 𝑘=15.

𝐾 value set to 15 yielded the best performance across
all evaluation metrics. This value likely balances captur-
ing dynamic denoising difficulty with smoothing noise
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Methods Time (in seconds)
Sequence Generation

AMNN 273
SEGTRM 146
HashTation 238

Keyphrase Extraction

LSTM-MTL 204

Retrieval-Augmented Generation

RIGHT 312

Diffusion

Diffuseq 169
SeqDiffuseq 185

ASSIGNER 137

Table 9: Training time per epoch (in seconds) on NVIDIA
Tesla T4 GPU. All models were run on the same hardware.
Times reported here are the average of multiple runs.

in the loss signal, thereby enabling the sigmoid function
to learn a more stable mapping between loss and noise
level. Values of 𝐾 that were either too small (5) or too
large (30) resulted in reduced performance, likely due to
overfitting to noise or oversimplification of loss-noise re-
lationship, respectively. Therefore, 𝐾 value set to 15 fa-
cilitates effective learning of individual token schedules
without excessive sensitivity to minor fluctuations in the
loss signal.

Efficiency and Scalability Analysis
To assess ASSIGNER’s suitability for real-time disaster re-
sponse platforms, we evaluate its computational efficiency
and scalability.

Computational Time Analysis We analyzed and com-
pared the computational time of ASSIGNER with various
SOTA methods. Table 9 presents the training time, in sec-
onds, for each method. Experiments were conducted on a
Linux Server equipped with Intel(R) Xeon(R) Silver 4215R
CPU @ 3.20 GHz, 256-GB RAM, and 16-GB NVIDIA
Tesla T4 GPU. As observed from Table 9, ASSIGNER
demonstrates the lowest training time among the compared
methods. This efficiency stems from its streamlined archi-
tecture, which combines a retrieval mechanism, a selector
module, and a diffusion-based generative model. Specifi-
cally, the retrieval mechanism identifies semantically similar
tweets and associated hashtags, reducing the search space
for the generative model. The selector module filters and re-
fines retrieved hashtags, ensuring the generator focuses on
pertinent candidates. The diffusion-based generator, built on
a BART-based encoder-decoder, employs self-conditioning
to guide the generative process, minimizing iterations.

Despite its computational efficiency, ASSIGNER main-
tains state-of-the-art performance in quantitative metrics
while recommending high-quality and contextually relevant

Methods BERTScore dist. 1 ROUGE-1 BLEU

Cosine similarity 0.198 0.402 0.0003 0.001
SimCSE (Ours) 0.458 0.987 0.008 0.011

Table 10: Performance comparison of retrieval methods (Co-
sine Similarity vs. SimCSE) for hashtag recommendation on
disaster-related tweets.

hashtags. This balance makes it suitable for real-world appli-
cations, particularly in time-sensitive scenarios such as dis-
aster management and social media communication.

Addressing Diffusion Training Challenges While
diffusion-based models are known for their effectiveness,
they suffer from long training times. ASSIGNER mitigates
this challenge through several key design choices:

• Efficient Retrieval Mechanism: ASSIGNER employs
a retrieval mechanism to identify semantically similar
tweets and associated hashtags from an existing corpus.
This reduces the burden on the diffusion model by pro-
viding high-quality and contextually relevant hashtags as
initial inputs, thereby shortening the training time.

• Selector Module: The selector module refines retrieved
hashtags, filtering out irrelevant or low-quality hashtag
candidates. This ensures that the diffusion model focuses
only on the most pertinent hashtags, further improving
training efficiency.

• Self-conditioning in Diffusion: ASSIGNER’s diffusion-
based generative model leverages self-conditioning,
where previous predictions and selected hashtag embed-
dings are reintroduced as additional context during the it-
erative diffusion process. This guides the model towards
generating relevant hashtag sequences more efficiently,
reducing the number of iterations required for conver-
gence.

• Streamlined Architecture: By integrating retrieval aug-
mentation, selection, and diffusion into a unified frame-
work, ASSIGNER minimizes redundant computations
and optimizes resource utilization. This is reflected in its
training time of 137 seconds, which is significantly lower
than other diffusion-based models such as Diffuseq (169
seconds) and SeqDiffuseq (185 seconds).

Thus, ASSIGNER effectively addresses computational chal-
lenges associated with diffusion training while maintaining
high performance.

Efficiency of Retrieval Mechanism To evaluate the ef-
ficiency and effectiveness of our retrieval mechanism, we
compared our chosen dense retrieval method, SimCSE, with
an approach using cosine similarity on tweet embeddings.
Table 10 demonstrates the significant performance improve-
ments achieved by SimCSE across all evaluation metrics.
SimCSE, by leveraging contrastive learning, produces em-
beddings that are more effective at capturing semantic sim-
ilarities, leading to improved retrieval of relevant tweet-
hashtag pairs. This improved accuracy directly translates to
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a more effective selection of candidate hashtags for the sub-
sequent generation stage.

While SimCSE is computationally more intensive than
basic cosine similarity during the embedding generation
phase, its accuracy reduces the workload of selector and gen-
erator modules, leading to overall efficiency gains. Further-
more, high-quality retrieved hashtags enable more effective
filtering by the selector, reducing iterations required by the
diffusion model. By precomputing embeddings for the entire
tweet-hashtag corpus, the retriever reduces online computa-
tional overhead. Our experiments demonstrate that SimCSE-
based retrieval offers both accuracy and efficiency in RAG
frameworks.

Scalability and Real-time Deployment Scalability is pri-
marily dependent on retriever’s ability to handle a growing
corpus of tweets. The low training time and memory require-
ments of ASSIGNER make it suitable for deployment in dis-
aster response platforms as a REST API or edge-computing
module. The modular design allows for optimization of in-
dividual components for further speed improvements. How-
ever, real-time deployment in resource-constrained environ-
ments may require further optimization, such as model quan-
tization or pruning, which we leave to future work.

Discussion
Theoretical Implications The proposed framework, AS-
SIGNER offers several theoretical contributions to the field
of NLP and hashtag recommendation, enlisted below:

• The integration of a retrieval mechanism with a
diffusion-based generator presents a novel approach to
hashtag recommendation. This hybrid framework lever-
ages strengths of retrieval and generation, overcoming
limitations of traditional methods that rely solely on ei-
ther retrieval or generation.

• The introduction of an adaptive sigmoid noise scheduler
at the token level represents a significant advancement in
diffusion models for text generation. This technique al-
lows for fine-grained control over the denoising process,
enabling ASSIGNER to capture the dynamic nature of
language and generate more contextually relevant hash-
tags.

• Incorporating self-conditioning into diffusion-based gen-
erator enhances the ASSIGNER’s ability to utilize pre-
viously predicted sequence information, leading to im-
proved coherence and relevance in hashtag generation.

• The proposed framework tackles the challenge of hashtag
recommendation in disaster scenarios, where language
is often informal and dynamic. By effectively capturing
these nuances, the model contributes to a better under-
standing of how hashtags can be used to organize and
disseminate information during critical events.

Practical Implications ASSIGNER, leveraging its re-
trieval augmented diffusion architecture offers a robust solu-
tion for enhancing information dissemination and situational
awareness in critical real-world scenarios, particularly disas-
ter management and social media communication.

1. Rapid Information Dissemination and Enhanced Search-
ability: ASSIGNER can be integrated into social media
platforms or emergency response systems to automati-
cally generate relevant hashtags for incoming posts dur-
ing disaster events. This facilitates the immediate cate-
gorization and indexing of critical information, enabling
emergency responders and the public to quickly search
for and access relevant updates. For instance, a system
could analyze incoming tweets about a flood and auto-
matically append hashtags such as #FloodAlert, #Evacu-
ationZone, or #ReliefEfforts. By ensuring that posts are
tagged with relevant and widely understood hashtags,
ASSIGNER significantly improves the discoverability of
time-sensitive information.

2. Real-Time Situational Awareness and Decision Support:
The model can be deployed to analyze real-time social
media streams, generating hashtags that provide insights
into the evolving disaster situation. Emergency manage-
ment agencies can use generated hashtags to monitor
affected areas, identify emerging needs, and track the
spread of information. For example, during a wildfire,
ASSIGNER could identify hashtags related to specific
evacuation routes or requests for medical assistance. This
real-time hashtag generation can be integrated into dash-
boards and decision-support systems, providing up-to-
the-minute insights for informed decision-making.

3. Streamlined Communication and Coordination: AS-
SIGNER can be used to standardize hashtag usage across
multiple communication channels, ensuring that different
stakeholders use consistent terminology. This is partic-
ularly important in large-scale disaster response efforts,
where coordination between various agencies and orga-
nizations is crucial. The model can also be used to iden-
tify and promote the use of widely recognized and infor-
mative hashtags, facilitating efficient communication and
coordination.

4. Targeted Needs Assessment and Resource Allocation:
By analyzing generated hashtags, emergency responders
can quickly identify specific needs and requests for as-
sistance. For instance, hashtags such as #MedicalAid or
#ShelterRequest can be used to prioritize resource alloca-
tion and ensure that aid reaches those who need it most.
ASSIGNER can also be used to identify emerging pat-
terns and trends in social media data, providing valuable
insights for targeted interventions.

5. Social Media Analytics and Public Sentiment Analysis:
Generated hashtags can be used to analyze public sen-
timent and track the impact of disaster on social media.
This information can be used to inform public commu-
nication strategies and improve disaster response efforts.
For example, the model can be used to identify hashtags
related to public concerns or misinformation, enabling
authorities to address these issues proactively.

In summary, ASSIGNER’s retrieval augmented diffusion
architecture offers a practical solution for leveraging so-
cial media data in real-world disaster management scenar-
ios, enhancing information dissemination, coordination, and
decision-making.
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Limitations and Potential Societal Impacts While AS-
SIGNER offers several advantages, it is essential to ac-
knowledge its limitations and potential societal impacts.

• Dataset Limitations:

– The dataset exhibits a non-uniform distribution across
disaster types, potentially introducing biases favoring
hashtags associated with more prevalent disasters.

– The dataset primarily consists of English tweets, limit-
ing the model’s generalization to multilingual disaster
scenarios. While ASSIGNER’s diffusion-based archi-
tecture is theoretically language-agnostic, its current
performance is optimized for English due to training
data constraints. Multilingual generalization remains a
challenge, as informal language, dialects, and cultural
nuances in non-English tweets may reduce recommen-
dation accuracy.

• Model Limitations:

– The effectiveness of selector module depends on the
comprehensiveness and diversity of tweet-hashtag cor-
pus. Biases in the corpus could influence selection,
leading to incomplete or skewed recommendations.

– Hashtags recommended by ASSIGNER could amplify
biases or contribute to misinformation if the training
data is biased or inaccurate.

– Edge Cases: ASSIGNER may underperform in edge
cases, such as tweets with ambiguous language, sar-
casm, or very low information content. These cases
present challenges for both the selector and generator
modules, potentially resulting in less relevant hashtag
suggestions.

• Societal Impacts: Over-reliance on automated hashtag
recommendations could diminish human oversight and
critical thinking in hashtag selection, potentially over-
looking context-specific information.

Future Work To further enhance the efficacy and societal
impact of automated hashtag recommendation systems for
disaster response, future research should focus on several
key areas. First, expanding and diversifying the training cor-
pus can reduce bias and improve the model’s ability to han-
dle diverse disaster scenarios. Second, developing more ro-
bust selection mechanisms that are less susceptible to ambi-
guity and better capture disaster-related language character-
istics is crucial. Future researchers can optimize the retrieval
process to improve efficiency and scalability for large-scale
applications. To enhance cross-linguistic adaptability, future
work will explore posts in multiple languages and corre-
sponding datasets. Future work may incorporate EM met-
rics alongside semantic similarity metrics to provide a more
holistic evaluation of hashtag generation models. By ad-
dressing these limitations, future research can contribute to
the development of more reliable, responsible, and effective
automated hashtag recommendation systems for disaster re-
sponse.

Ethical Considerations and Safeguards While AS-
SIGNER demonstrates potential for enhancing disaster com-

munication, it is imperative to acknowledge and address po-
tential ethical risks.
1. Misinformation Amplification: The automated genera-

tion of hashtag recommendations by ASSIGNER may
inadvertently amplify misinformation if the training data
contains biases or inaccuracies. Malicious actors could
exploit this functionality to disseminate hashtags that
propagate false claims, such as designating a hazardous
area as a #SafeZoneDuringHurricane. Although the se-
lector module aims to mitigate irrelevant hashtags, it can-
not guarantee complete elimination of harmful content.

2. Bot-Generated Spam: Automated accounts may misuse
hashtag recommendations to flood platforms with irrele-
vant and promotional content during disaster events. This
could disrupt legitimate information dissemination and
impede effective disaster response.

Mitigation Strategies:
• Human-in-the-Loop Validation: We recommend imple-

menting a post-processing filter that cross-references
generated hashtags with verified information sources.
Furthermore, moderators should review recommended
hashtags before dissemination in critical scenarios.

• Bias Audits and Corpus Maintenance: Researchers
should regularly audit the retriever’s corpus to identify
and remove biased or outdated hashtags and implement
strategies to ensure corpus diversity.

• Rate Limiting: Implementing rate-limiting and anomaly
detection mechanisms can aid in mitigating the impact of
bot-generated spam.

• Explainability: Providing confidence scores for rec-
ommended hashtags can enable users to filter low-
confidence suggestions, enhancing transparency and user
control.

We emphasize that ASSIGNER should augment, not re-
place, human decision-making in disaster response.

Ethics Statement
The dataset used in this study was publicly available under
the terms of the Apache License Version 2.0, January 2004
3. We further refined the data according to our needs. Proper
attribution has been given to the original dataset creators.
While the dataset is publicly available, we acknowledge the
potential for inherent biases that could affect the model’s
predictions. We are committed to ongoing efforts to iden-
tify and mitigate such biases in future work. Additionally,
we recognize the potential for misinformation and harmful
content in disaster-related tweets. Our model is designed to
prioritize relevant and informative hashtags, and we plan to
incorporate mechanisms to filter out inappropriate or mis-
leading content in future iterations. We are mindful of the
ethical implications of automated hashtag recommendation,
particularly during sensitive events such as disasters. We are
committed to ensuring that our research is used responsibly
and ethically. Moreover, we will continue to explore poten-
tial safeguards to prevent the misuse of our model.

3https://github.com/JRC1995/Tweet-Disaster-
Keyphrase/tree/master/Data
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