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Abstract

Social media user geolocation is a fundamental yet challenging prob-
lem due to the scarcity of geotagged data and the heterogeneity of
online user information. To address these challenges, we propose
FewUser, a contrastive learning and prompt-driven framework
for few-shot social media user geolocation. FewUser aligns user
and location representations through a dual-objective framework
that jointly optimizes contrastive and matching losses with hard
negative mining, enabling robust geolocation under limited super-
vision. The model comprises a user representation module that
fuses heterogeneous social media inputs via a pre-trained language
model (PLM) and a lightweight user encoder, and a geographical
prompting module that employs hard, soft, and semi-soft prompts
to bridge PLM semantics with location-specific knowledge. To fa-
cilitate few-shot and cross-platform evaluation, we construct two
new datasets, TwiU and FliU, featuring rich and standardized user-
and post-level metadata. Extensive experiments on TwiU, FliU, and
two public benchmarks demonstrate that FewUser consistently
outperforms competitive baselines in various few-shot settings.
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« Computing methodologies — Machine learning; Represen-
tation learning; « Information systems — Geographic informa-
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1 Introduction

Social media user location is a critical signal for many Web appli-
cations, including web search [9, 19], personalized recommenda-
tions [5, 11], and targeted advertising [7]. Geographical information
also provides valuable context for analyzing regional opinions and
social trends on the Web, such as discussions of COVID-19 and
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presidential elections [17]. However, most users do not explicitly
disclose their locations, and fine-grained signals such as GPS tags or
IP addresses are typically unavailable to third-party consumers [23].
As a result, user locations must be inferred from publicly available
Web data, such as social media profiles, posts, and interactions.

Social media user geolocation aims to infer a user’s residence
city from online traces. Although this task has been widely stud-
ied [1, 16, 20], several limitations hinder its applicability in real-
world, few-shot settings. Most existing methods rely heavily on
large-scale labeled data and suffer sharp performance degradation
when training samples are scarce [36]. In practice, user activity
follows a long-tail distribution: many users are passive or provide
limited information, while only a small number of cities are well rep-
resented. This naturally gives rise to few-shot scenarios that remain
underexplored. To address data sparsity and improve generalization,
we argue that geolocation models should learn transferable repre-
sentations rather than depend solely on supervised classification.
Accordingly, we adopt a contrastive learning objective between
users and cities to capture transferable similarity structures, com-
bined with hard negative mining to improve discrimination among
geographically similar locations.

Another challenge lies in how user information is represented.
Prior methods often concatenate multiple posts into a single se-
quence, overlooking heterogeneous metadata such as profile de-
scriptions and posting timestamps. This simplification limits the
model’s ability to capture informative geolocation cues. To address
this issue, we design a user representation module that system-
atically selects, integrates, and fuses heterogeneous social media
features from user profiles, posts, and metadata, enabling richer
representations even under limited supervision.

A further limitation is the weak utilization and alignment of
geographical semantics. Classification-based approaches treat city
names as discrete labels, ignoring the rich semantic information
they convey, such as linguistic, cultural, and regional cues. More-
over, the semantic space of PLMs is not inherently aligned with
geographical concepts, resulting in a domain gap between textual
representations and location semantics. To mitigate this, we incor-
porate city names directly into contrastive learning and introduce
a geographical prompting module with hard, soft, and semi-soft
templates to align PLM representations with location semantics,
improving generalization to rare locations.

Finally, existing benchmark datasets, such as GeoText and Twit-
terUS, are limited in scale and metadata diversity, restricting the
study of user-level representation learning and cross-platform gen-
eralization. Most prior work relies on uniform input formats [16, 22]
or text-only data that simply concatenate posts, while metadata-
aware approaches [18, 37] are often ad hoc and difficult to reproduce.
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To address these gaps, we construct two new user-level datasets!,
Twil (Twitter-based) and FliU (Flickr-based), which provide rich
and standardized metadata from both user profiles and posts. These
datasets enable systematic investigation of heterogeneous user rep-
resentations and cross-platform evaluation between text-centric
and image-centric social platforms.

Building on these insights, we propose FewUser, a contrastive
and prompt-driven framework for Few-shot social User geolo-
cation. FewUser integrates user representation learning, prompt-
based semantic alignment, and metadata-aware input modeling. By
combining prompt-driven contrastive learning with hard negative
mining, FewUser enables fine-grained user-location alignment and
robust generalization under few-shot settings.

Our contributions are as follows:

e We formulate the few-shot social media user geolocation
problem and introduce two new datasets, TwiU and FliU,
that support user-level and cross-platform evaluation.

e We propose FewUser, a contrastive and prompt-driven frame-
work that integrates heterogeneous user representations and
aligns PLM-based embeddings with geographical semantics.

e We conduct extensive experiments across four datasets and
multiple supervision levels, demonstrating that FewUser
consistently outperforms strong baselines under few-shot
scenarios.

2 Related Work

2.1 Social Media User Geolocation

Social media user geolocation, which aims to predict users’ loca-
tions from social media data, has attracted substantial attention
from both academia and industry, resulting in numerous studies
and shared tasks [2, 24, 32]. Most prior work is developed on widely
used benchmark datasets such as GeoText, TwitterUS, and Twitter-
World, where users are represented by concatenating their tweets
without incorporating additional metadata [6]. As a result, the input
design of these approaches is often unnecessarily uniform [16, 22].
Although some studies explore richer input representations us-
ing external corpora [37], partial metadata [6], or even weather
information [18], these designs are frequently ad hoc and exhibit
limited generalizability. In contrast, our work addresses this gap
by constructing datasets with rich user- and post-level metadata
and systematically examining the impact of input design choices
on geolocation performance (Section 4.4).

User geolocation approaches have evolved from relatively simple
neural models [1, 23, 28] to more complex architectures [15, 20, 36].
MetaGeo [36], for example, adopts a meta-learning strategy via an
ensemble of sub-tasks. More recently, PLM-based methods have
become increasingly popular [13, 17], yet they continue to frame
geolocation as a conventional classification problem. To date, con-
trastive learning has not been applied to social media user geolo-
cation, with its use limited to related tasks such as post geoloca-
tion, including baptti [10] and ContrastGeo [12]. Importantly, user
geolocation differs fundamentally from post geolocation, as it in-
volves more heterogeneous inputs and typically targets broader
geographic scopes [34]. Our work departs from prior approaches

1Codes and data are publicly available at https://github.com/lazylml/FewUser-public.

Menglin Li and Kwan Hui Lim

by introducing an end-to-end contrastive framework for user ge-
olocation, enabling robust few-shot generalization.

2.2 Prompting Learning

Prompt learning frames downstream tasks using natural language
prompts, allowing models to leverage pre-trained knowledge effec-
tively [14]. Early approaches relied on manually designed prompts
crafted by human experts [8], demonstrating strong performance
in few-shot settings [21, 33]. To reduce reliance on human exper-
tise, subsequent work proposed automated prompt optimization
methods such as AutoPrompt [27] and OptiPrompt [35], which aim
to discover effective prompts in a scalable manner. In this work, we
combine manually designed and automatically generated prompts
to guide PLM-based encoders and bridge the semantic gap between
textual representations and geographical knowledge, enabling ef-
fective user geolocation with minimal training data.

3 Our Approach: FewUser

The overall architecture of FewUser is shown in Figure 1, com-
prising two shared text encoders and a user encoder. For effective
representation learning, FewUser integrates a user representation
module for encoding social media inputs, alongside a geographi-
cal prompting module for enhancing location representations. The
model is then trained using a dual-objective strategy that combines
a contrastive loss with a matching loss, further refined through
hard negative mining to improve its discriminative ability.

3.1 User Representation

The user representation module encodes heterogeneous social me-
dia information into a unified embedding for each user. It consists of
three steps: selecting informative inputs, integrating user and post
fields into sentence-level representations, and fusing them through
a user encoder. This design enables FewUser to effectively utilize
both textual and metadata features while adapting to different input
richness and data scales.

Input Selection. Before encoding, we selectively sample user in-
formation to control input richness. Each user contains profile-
level metadata (e.g., description, location, language) and a sequence
of historical tweets with post-level metadata (e.g., source, times-
tamps).We vary both the number of tweets T and the subset of
metadata fields to examine their influence on user representation
quality. This selection design enables FewUser to flexibly scale
from text-only to metadata-rich settings and supports our analysis
of how different user signals affect geolocation performance, as
detailed in Section 4.3.

Integration. For each user, even with a small number of tweets
(e.g., T = 6), the total number of input fields can exceed thirty. To
manage such high dimensionality while maintaining efficiency, we
thus design six integration strategies, as illustrated in Figure 2.

¢ In1: Concatenate all input fields into a single sentence.

e In2: Concatenate user profile fields into one sentence and
tweet-related fields into another, resulting in two sentences.

e InT: Concatenate all user profile fields and combine fields
for each tweet into T sentences, yielding T + 1 sentences.

e InUser+1: Concatenate tweet-related fields into a single
sentence while keeping user-related fields separate.
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Figure 1: The Overall Architecture of FewUser for Few-Shot User Geolocation.

o InUser+T: Keep the original user-related fields and combine
fields related to each tweet into separate sentences.
e Noln: No concatenation of fields.

After integration, we obtain N input sentences, where N depends

on the integration strategy. These sentences are encoded by a PLM,
and their [CLS] tokens form a feature matrix F € RN*H where H
is the hidden size of the encoder.
Fusion. To capture feature-wise dependencies among heteroge-
neous inputs, the feature matrix F is further processed by a user
encoder followed by mean pooling, producing a unified user em-
bedding u € R¥. We explore three types of user encoders. First
are time-sensitive models, like BiLSTM, which capture temporal
dependencies across posts and time-related metadata. Second are
time-insensitive models, including Transformer, Adapter, and MLP
layers, which focus on feature-level correlations independent of
time. Third is a parameter-free model, mean pooling, a simple yet ef-
fective fusion strategy that maintains efficiency and stability under
few-shot settings.

This systematic pipeline, covering input selection, integration,
and feature fusion, enables FewUser to flexibly utilize metadata-rich
user information while maintaining scalability across platforms and
resource settings.

3.2 Geographical Prompting

To enhance the semantic alignment between user and location
representations, we introduce a geographical prompting module
with hard, soft, and semi-soft prompt templates. This module injects
geographical context into the text encoder, which enables it to better
capture city-level semantics and align the embedding space of users
and locations.

Hard Prompts. We define hard prompts based on fixed task-
specific textual templates. The original prompt follows the task
description of user geolocation, such as: "A user resides in [CLASS]."
To enhance lexical diversity while maintaining fidelity to the origi-
nal prompt, we generate prompts through paraphrasing, producing
semantically similar or identical expressions, such as "A user from
[CLASS]" which is paraphrased from the original prompt. The
target location names are inserted into the [CLASS] token slot to
apply the prompt. We also extend the prompt set with a Question-
Answering (QA) format to further increase variation: "Question:
Where does this user reside in? Answer: [CLASS]" All hard prompts
are fixed during training and are not updated.

Soft Prompts. Hard prompts require manual design and rely on
human intuition to determine suitable templates. To reduce this de-
pendence and improve flexibility, we introduce a soft prompt mech-
anism, in which the prompt tokens are learnable vectors directly
optimized in the continuous embedding space. Formally, a learn-
able prompt is defined as: tyromp: = [V]1 [V]2 -+ [V]m [CLASS],
where each [V]; € R¥ is a trainable dense vector with the same
dimension as the hidden size of the text encoder, and m denotes the
number of learnable tokens, a predefined hyperparameter. These
prompt tokens are randomly initialized and jointly optimized with
model parameters during training. By allowing gradient-based up-
dates, soft prompts enable the model to automatically learn latent
representations that better capture geographical semantics, without
requiring any manually crafted template.

Semi-Soft Prompts. While soft prompts provide flexibility, their
random initialization may lead to unstable training and suboptimal
convergence. To leverage linguistic priors from natural language,
we further design a semi-soft prompt strategy that combines the in-
terpretability of hard prompts with the adaptability of soft prompts.
Specifically, the number and layout of learnable tokens [V]; are



WWW Companion ’26, April 13-17, 2026, Dubai, United Arab Emirates

User Inputs

User Profile

First Tweet

T-th Tweet

Mean
Pooling

User Embedding m

Encoder

Menglin Li and Kwan Hui Lim

User Text

F e pVeH Encoder

Figure 2: User Representation Module.

aligned with the word tokens in a hard prompt template (e.g., “A
user resides in [CLASS]”), and each [V]; is initialized using the
embedding of its corresponding token. These vectors are then fine-
tuned during training, enabling the model to start from meaning-
ful lexical representations while still benefiting from continuous
optimization. In practice, the learnable tokens are registered as
additional embeddings in the tokenizer and concatenated with the
class token [CLASS] to form the label representation used in the
contrastive and matching objectives.

3.3 Training Objectives

Contrastive learning is implemented through a contrastive loss and
a matching loss based on user and location representations.
Contrastive Loss is designed to minimize the distance between
positive pairs and maximize the distance between negative pairs.
Let u denote a user, and its embedding be obtained via the user
representation module g, (u). For a dataset of K locations, each
location [; is represented by its name and encoded using a transfor-
mation function g;(l;) to generate dense embeddings as location
representations. We define the ground-truth label of the user u as
I*, with a positive user-location pair as (u, [*) and negative pairs
as (u,l) VI # I*. Following InfoNCE [4], we utilize the dot product
as a measure of similarity and define contrastive loss as:

exp(gu(w) - g1(I")/7)
¢ )
j=1 exp(gu(u) . gl(lj)/f)

Leontrast = =1

where 7 is a temperature hyperparameter. This loss can be inter-
preted as the log loss of a K-way softmax-based classifier that aims
to classify u as [*.

Matching Loss is designed to determine whether a user-location
pair is positive (matched) or negative (unmatched). To compute
this loss, we first construct a joint representation by a feature-
wise concatenation of the user embedding and location embedding,
followed by passing this concatenated vector through a bottle-
neck adapter to obtain a fused representation. A classification head,
comprising a fully connected layer followed by a softmax function,

then computes a probability distribution p over (k + 1) classes,
where k represents the number of hard negatives. The matching
loss is defined as the cross entropy loss between the predicted
probability and the true distribution:

Lonatch = IE;(u,l)~l) [Fcruss—entropy(y(us l)) P(us l))]) (2)

where y is a (k + 1)-dimensional one-hot vector representing the
ground-truth label and Feyos5-entropy is the cross entropy loss func-
tion.

Hard Negative Mining. To select k hard negatives from the K — 1
locations (excluding the ground-truth location [*), we present two
approaches: multinomial and top. The multinomial approach
samples negative locations based on a multinomial distribution
weighted by user-location similarity, while the top approach selects
the top-k most similar but incorrect locations, providing the most
challenging negative examples for robust representation learning.

The final training objective combines both losses:

L= -Lcontrast + Lmutch- (3)

Inference. During inference, we utilize contrastive similarity scores
between the target user and all unique prompted locations in the
dataset to identify the most probable (user, location) pair, thereby
determining the predicted location according to FewUser.

4 Experiment

4.1 Experiment Setting

Datasets. We conducted experiments on four social media datasets,
comprising public benchmarks, TwitterUS [25] and TwitterWorld [3],
as well as two newly constructed datasets, TwiU and FliU, which we
publicly release. Dataset construction follows three design criteria.
(i) Benchmark Continuity: We extend existing datasets while pre-
serving user and post identities to ensure comparability with prior
work; (ii) Metadata Enrichment: We retrieve all available user and
post metadata via official APIs to enable multimodal and user-level
modeling; (iii) Few-Shot and Cross-Platform Compatibility: We or-
ganize data at user level with standardized city labels to support



A Contrastive Learning and Prompt-Driven Framework for Low-Resource User Geolocation

Table 1: 1-shot performance comparison across four datasets.
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TwiU TwitterUS TwitterWorld FliU

Model

acc acc@161 meanD medD acc acc@161 meanD medD acc acc@161 meanD medD acc
GeoBERT 7.02 10.21 8045 7825 3.85 6.68 1918 1714 3.67 4.97 6664 3730 6.50
GeoDare 11.32 16.43 6260 4444 6.99 8.62 1497 1036 3.93 491 5301 2543 7.92
HLPNN 23.29 24.24 4263 898 2.52 8.46 1567 1273 3.83 5.40 7223 6307 9.35
transTagger  8.45 15.47 7046 5886 3.22 7.40 1646 1577 2.53 4.21 6890 5286 9.46
SetFit 16.27 25.68 5138 1344 10.82 17.50 1583 1218 4.10 5.40 5190 2394 11.46
LLM 45.77 54.23 3411 60 4.46 7.65 2013 1932 4.21 5.88 5744 3197 45.75
ClassUser 12.92 16.43 5997 3513 2.86 2.86 1740 1652 4.64 5.85 4646 1706 10.04
FewUser 58.21 66.67 1303 0 31.81 45.65 879 322 17.79 21.84 2947 1304 51.35

Table 2: 8-shot performance comparison across four datasets.
TwiU TwitterUS TwitterWorld FliU

Model

acc acc@161 meanD medD acc acc@161 meanD medD acc acc@161 meanD medD acc
GeoBERT 19.94 28.71 3386 906 16.56 22.82 1513 1154 6.72 9.65 4719 1707 7.18
GeoDare 15.63 22.81 5321 2727 8.71 16.81 1653 1273 3.49 4.94 4987 2379 7.61
HLPNN 38.12 43.70 3417 358 4.08 4.08 1482 1203 1.93 1.93 4543 1721 3.96
transTagger 28.07 37.16 3318 657 9.57 11.81 1776 1533 4.89 7.33 6345 4491 19.81
SetFit 51.04 61.88 887 11 31.36 45.79 832 328 16.30 20.42 2600 1264 51.93
LLM 49.44 57.26 2908 11 4.58 7.79 1950 1760 4.86 6.64 5702 3034 46.75
ClassUser 51.83 63.80 1005 13 5.99 6.74 1449 829 3.11 4.87 4874 2271 45.01
FewUser 69.86 78.47 582 0 36.08 50.17 718 114 28.06 32.26 2317 1009 58.58

few-shot adaptation and cross-platform evaluation. Specifically,
TwiU is constructed based on WNUT16 [2], containing 7,789 users
from 1,261 cities worldwide. User metadata include user name, de-
scription, account creation time, self-declared location, language,
and time zone. Post metadata include creation time, posting source,
and hashtags. FliU is derived from YFCC-100M [29], comprising
11,395 users from 1,688 cities across U.S. User metadata consist of
user name, description, joined time, occupation, hometown, and
country, while post metadata cover creation time, posting source,
user tag, machine tag, and upload time.

Metrics. We evaluate user geolocation performance using three
commonly used metrics in geolocation prediction: accuracy (acc),
accuracy@161 (acc@161), mean distance error (MeanD), and me-
dian distance error (MedD). acc@161 measures the proportion of
correctly predicted users whose predicted locations fall within 161
km (approximately 100 miles) of their true locations. MeanD and
MedD measure the average and median distances between the pre-
dicted and true locations, respectively, providing a complementary
view of model accuracy, which are reported in kilometers. Note that
only the FliU dataset contains no coordinate information of labels,
making distance-related metric computation infeasible. However,
as the primary evaluation metric, acc provides sufficient insight
into geolocation performance.

Baselines. We benchmark FewUser against several established
social media user geolocation models, including HLPNN [6] and

GeoDare [23]. In addition, we include two PLM-based geoloca-
tion models, transTagger [13] and GeoBERT [26], as well as Set-
Fit [30], a representative few-shot method that fine-tunes sentence
transformers with contrastive learning. We implement a Large
Language Model (LLM) baseline, following the prompting frame-
work proposed by Xiao et al. [31], who analyzed the capability of
instruction-tuned LLMs (e.g., FLAN-T5) for location prediction. We
replace their models with the more recent LLaMA-3-8B-Instruct
while keeping the overall few-shot prompting setup consistent.
Considering the unpredictability of LLM outputs (e.g., explanations
or inconsistent formats), we map model responses to the predefined
label set through exact and fuzzy string matching before comput-
ing evaluation metrics. Moreover, to enable a direct comparison
between contrastive learning—based and classification-based ap-
proaches in user geolocation, we introduce a variant of FewUser
named ClassUser, which replaces the contrastive learning objective
with cross-entropy loss for location classification while keeping
the rest of the framework unchanged.

4.2 Few-Shot User Geolocation

Main Results. To evaluate model performance under limited super-
vision, we conduct experiments under both 1-shot and 8-shot set-
tings, as summarized in Tables 1 and 2. Across all datasets, FewUser
consistently achieves the best performance in both accuracy and
localization precision.
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In the 1-shot scenario, FewUser reaches 58.21% accuracy on
TwiU and 51.35% on FliU, surpassing all baselines by a large mar-
gin. On TwitterUS and TwitterWorld, FewUser maintains strong
results, while achieving the lowest mean and median distances,
indicating superior spatial consistency even with minimal training
data. Compared with large-scale pretrained models like LLaMA3,
FewUser demonstrates significantly smaller distance errors (e.g.,
1,303 km vs. 3,411 km on TwiU), highlighting its robustness and
better alignment between semantic and geographic representa-
tions. While instruction-tuned LLMs benefit from extensive world
knowledge, they require substantial computational resources and
may produce unpredictable outputs that require post-processing.
In contrast, FewUser is a lightweight, task-specific model that can
be trained efficiently with limited labeled data, offers stable infer-
ence behavior, and explicitly optimizes user—location alignment
through contrastive objectives. This makes FewUser more suitable
for practical, resource-constrained geolocation scenarios.

When supervision increases to 8-shot, FewUser further improves
across all datasets, achieving 69.86% on TwiU and 58.58% on FliU.
The consistent improvement over 1-shot results shows strong scal-
ability with additional samples. On TwitterUS and TwitterWorld,
FewUser again achieves the best results, substantially lower than
all other baselines, including SetFit and ClassUser.

Table 3: Cross-dataset performance under different label sets.

Label Set TwiU FliU CrossT2F CrossF2T

1 59.46 62.82 57.48 61.26
1-shot 2 71.74  60.46 54.83 59.42
3 68.39  56.85 54.71 60.92
1 75.68  65.81 66.45 64.87
8-shot 2 79.71  61.49 57.59 73.91
3 66.67 59.38 53.45 64.94

Cross Datasets. To further evaluate FewUser’s generalization abil-
ity across platforms, we conduct cross-dataset experiments between
the two representative datasets, TwiU and FliU. We identify their
common city labels and construct three different label sets with
varying sizes. As shown in Table 3, we report results for both within-
dataset (TwiU and FliU) and cross-dataset settings, where CrossT2F
denotes training on TwiU and testing on FliU, and CrossF2T repre-
sents the opposite direction.

Across all label sets and shot configurations, FewUser demon-
strates strong generalization across domains. In the 1-shot setting,
cross-dataset performance remains comparable to within-dataset
training, showing the model’s robustness even under limited super-
vision. For example, under Label Set 1, FewUser achieves 59.46%
on TwiU and 57.48% on CrossT2F, indicating minimal degrada-
tion when transferring between platforms. In the 8-shot setting,
performance improves across all scenarios, with the highest cross-
dataset accuracy reaching 73.91% in CrossF2T (Label Set 2). Notably,
the small gap between within- and cross-dataset results highlights
FewUser’s ability to transfer learned representations between het-
erogeneous social media domains.

Shot Sensitivity. We further analyze the effect of the number of
shots s on FewUser’s few-shot geolocation performance and take
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Figure 3: Effect of the number of shots on FewUser’s geoloca-
tion performance on TwiU.

TwiU as an illustrative example, with similar trends observed on
other datasets. As shown in Figure 3, with the number of training
samples per class increasing from 1 to 8, both acc and acc@161 con-
sistently improve, while meanD gradually decreases. The largest
improvement occurs between 1-shot and 2-shot, indicating that
FewUser can rapidly adapt even with a few additional examples. Be-
yond 4-shot, performance gains become smoother, suggesting that
FewUser efficiently leverages small-scale supervision and quickly
reaches a stable representation space. These results demonstrate
that FewUser is data-efficient and robust to variations in the num-
ber of shots, maintaining stable geolocation performance under
few-shot conditions.

Table 4: Effect of different numbers of tweets on geolocation.

TwiU FliU
#Tweets
FewUser ClassUser FewUser ClassUser
1 65.23 54.07 54.41 40.52
2 65.71 51.04 55.63 42.16
3 66.35 52.95 56.68 42.63
4 68.42 29.35 56.52 43.85
5 67.94 40.03 56.74 45.01
6 69.86 51.36 58.58 44.32
7 67.15 34.45 57.74 44.32
8 66.03 38.44 58.53 44.43
9 68.42 2791 58.48 43.11
10 66.99 27.43 58.58 44.80

4.3 User Representation

In this section, we conduct comprehensive experiments with FewUser
and ClassUser on the TwiU and FliU datasets, to examine the im-
pact of user representation on the performance of few-shot social
media user geolocation, for both contrastive learning-based and
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classification-based models across different social media platforms.
Specifically, we perform these experiments under an 8-shot setting.
What information is useful? We investigate this problem from
two perspectives: the number of tweets and field selection. Older
tweets may provide limited relevance to a user’s current location,
and including too many tweets increases computational cost. The
results in Table 4 show that increasing the number of tweets gen-
erally improves geolocation accuracy for both models. FewUser
demonstrates more stable gains as tweet count increases, reaching
its best performance at six tweets, while ClassUser fluctuates more
significantly across different counts. This suggests that FewUser
effectively aggregates multi-tweet information through its con-
trastive learning framework, enabling robust user representation
even with limited input data.

Table 5: Effect of various input sets on geolocation.

TwiU FliU

Input Set

FewUser ClassUser FewUser ClassUser
All 69.86 54.07 58.58 45.01
NoMeta 45.61 10.05 24.78 8.08
NoUserMeta 44.34 16.59 33.76 17.54
NoPostMeta 66.19 56.30 51.56 39.41
NoUserLocation 49.44 35.41 41.73 21.45
NoUserTime 68.42 55.50 57.16 42.53
NoUserTimezone 66.35 48.17 - -
NoUserLanguage 67.31 54.23 - -
NoUserDescription 65.23 48.64 54.78 42.00
NoUserName 65.39 55.34 57.79 43.32
NoUserOccupation - - 57.63 43.85
NoPostSource 66.99 55.98 58.43 45.01
NoPostTime 66.83 56.14 57.69 43.11
NoPostTag 67.46 53.91 51.19 38.56

To understand which specific metadata elements contribute pos-
itively or potentially interfere with model learning, we construct
multiple input sets by removing certain metadata fields, as pre-
sented in Table 5. Removing all metadata leads to the most se-
vere performance degradation across both datasets, confirming
that metadata plays a crucial role in user geolocation. On TwiU,
FewUser’s accuracy drops by 32.22%, while ClassUser suffers an
even larger 46.41% decrease. This pattern holds on FliU, indicating
that FewUser maintains stronger robustness when metadata is lim-
ited. Among individual metadata fields, NoUserLocation causes the
most substantial decline, highlighting that self-declared location
is the most informative signal for city prediction. In contrast, re-
moving time, timezone, or language has relatively minor effects,
suggesting that temporal and linguistic cues are less decisive. Post-
level metadata such as posting time and source produce only small
variations in accuracy, implying that textual content remains a
strong indicator for location inference. Finally, platform-specific
features exhibit different levels of importance: Twitter-specific
attributes (timezone, language) show moderate impact, whereas
Flickr-specific attributes (occupation) contribute minimally.

How to integrate inputs? As shown in Table 6, we evaluate var-
ious integration strategies for user geolocation. For FewUser, the
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Table 6: Effect of different integration methods on geoloca-
tion.

TwiU FliU
FewUser ClassUser FewUser ClassUser
In1 69.86 51.83 58.58 45.01
In2 65.07 54.07 58.95 45.27
InT 50.72 51.04 42.16 19.02
InUser+1 51.99 39.55 58.21 33.70
InUser+T 47.53 39.23 49.71 24.99
Noln 33.01 39.23 17.64 11.36

overall best performance is achieved with In1, which simply con-
catenates all inputs into a single sentence. This supports the idea
that contrastive learning benefits from unified representations that
preserve alignment between user and location embeddings. Inter-
estingly, In2 performs slightly worse than Inl for FewUser but
achieves the best result in the ClassUser setting. This indicates that
separating tweet content and user profile features is more effec-
tive for classification tasks. More complex integration strategies
such as InT and InUser+T result in a significant performance drop
across both datasets. These methods introduce fragmented input
structures, which increases sparsity and reduces the effectiveness
of representation learning. The consistent trends across TwiU and
FliU suggest that these observations are not dataset-specific but
instead reflect the sensitivity of geolocation models to input design.

Table 7: Effect of various user encoders on geolocation.

TwiU FliU

User Encoder
FewUser ClassUser FewUser ClassUser

BiLSTM 68.10 22.17 57.95 45.17
Transformer 67.62 49.28 57.58 35.08
Adapter 69.06 40.35 56.37 26.99
MLP 66.99 51.36 58.06 40.62
MP 69.86 45.77 58.58 30.53

How to fuse user features? We evaluate different user encoders of
input representation, as shown in Table 7. Among all methods, MP
achieves the best performance for FewUser on both TwiU and FliU
datasets, highlighting the strength of this simple, parameter-free ap-
proach in few-shot scenarios. However, for ClassUser, MLP outper-
forms others on TwiU, while BiLSTM achieves the highest accuracy
on FliU. These results suggest that more expressive models like MLP
and BiLSTM can be beneficial for traditional classification-based
geolocation models. Interestingly, Transformer-based encoders and
Adapter modules do not consistently outperform simpler baselines,
indicating that added complexity does not always translate into
better geolocation performance.

4.4 Geographical Prompting

To examine the impact of geographical prompting, we conduct
detailed experiments.
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Hard Prompts. We use “[CLASS]” as the baseline for hard prompts.
Prompts that state residence and include the word “city” are robust.
On FliU, “A user resides in the city [CLASS]” is best, and on TwiU it
also improves performance. In addition, declarative and colloquial
phrasing shows domain effects. “I'm in [CLASS].” is the top template
on TwiU, but drops below baseline on FliU. Interestingly, the slangy
“[CLASS] in the house!” ranks near the top on FliU yet brings only
a small gain on TwiU. This suggests that the best wording depends
on the platform/domain. Furthermore, QA-style prompts help, but
the exact question matters. On TwiU, “Question: where does this
user reside in? Answer: [CLASS]” reaches second only to “I'm in
[CLASS]” On FliU, the best QA variant is “Question: which city
does this user live in? Answer: [CLASS]”, while other QA wordings
are close to baseline. Some phrasings even reduce accuracy (e.g.,
“Representing [CLASS].” on TwiU). Overall, hard prompts provide
steady gains but are dataset-sensitive.

Table 8: Performance with hard and semi-soft prompts.

Hard Semi-soft

Prompt

TwiU FliU TwiU FliU
[CLASS] 66.51 57.21 67.94 57.26
A user from the city [CLASS].  65.71 57.63 68.10 58.06
Someone from the city 67.15 57.32 67.94 57.05
[CLASS].
A user resides in the city 67.46 58.16 66.19 57.00
[CLASS].
This user resides in the city 67.31 56.84 67.62 57.32
[CLASS].
Question: which city does this  66.83  57.79  66.03  58.00
user live in? Answer: [CLASS].
Question: which city does 66.67 57.11 66.83 57.32
this user reside in? Answer:
[CLASS].
Question: where does this user 67.78 57.26  66.35 57.95
reside in? Answer: [CLASS].
I'm in [CLASS]. 68.26 56.73 69.86 57.85
A guy from the city [CLASS].  66.83 57.11 68.26 57.58
[CLASS] in the house! 66.67 58.11 68.58 57.26
Representing [CLASS]. 66.03 57.11 66.83 57.26
Avg. 66.78  57.37 6797 57.62

Semi-soft Prompts. Compared with hard prompts, semi-soft prompts
consistently improve performance across both datasets, with most
templates showing small but stable gains. This indicates that FewUser
benefits from learnable prompt representations that preserve lin-
guistic priors from hard templates while refining them for geolo-
cation. A closer examination reveals several trends. First, the best-
performing template remains “I'm in [CLASS].” on both datasets.
This shows that the semi-soft mechanism can further strengthen
concise and natural patterns. Second, templates that were subop-
timal in the hard setting, such as “A user from the city [CLASS]”,
improve notably, implying that learnable prompts can mitigate the
brittleness of fixed wording. Third, QA-style templates also benefit
from semi-soft tuning. For example, “Question: which city does this

Menglin Li and Kwan Hui Lim

user live in? Answer: [CLASS] lifts performance, suggesting that
adaptive representations help the model understand QA structure.

Table 9: Performance of FewUser with soft prompts.

m 1 2 3 4 5 6 7
TwiU 65.87 64.75 6587 68.26 66.19 67.46 65.87
FliU 56.84 57.48 57.90 57.53 58.00 5827 57.00

m 8 9 10 11 12 13 14
TwiU 66.19 66.19 66.51 6539 67.62 63.80 65.55
FiU 58.06 5858 57.11 57.63 57.79 5811 57.53

Soft Prompts. As shown in Table 9, geolocation performance varies
with the number of soft tokens m. On TwiU, the accuracy peaks with
4 soft tokens. This suggests that a moderate number of learnable
tokens is sufficient to represent location-related semantics without
overfitting to noisy features. When the token count exceeds 10,
performance begins to decline, implying that overly long prompts
may disrupt the alignment between text and label representations.
On FliU, the trend is smoother but still clear: performance steadily
improves up to 9 tokens, after which additional tokens bring no
benefit or cause slight drops. This moderate growth pattern indi-
cates that photo-sharing platforms, such as Flickr, require more
prompt capacity to encode heterogeneous user information.
These strategies exhibit complementary characteristics. Hard
prompts offer interpretability, semi-soft prompts balance between
human knowledge and adaptability, and soft prompts deliver maxi-
mum flexibility and performance with sufficient prompt capacity.

5 Conclusion

In this work, we introduced FewUser, a contrastive and prompt-
driven framework for few-shot social media user geolocation. FewUser
jointly models heterogeneous user information and geographical
semantics through a user representation module and a geograph-
ical prompting module. Trained under a dual-objective scheme
combining contrastive and matching losses with hard negative
mining, FewUser demonstrates robust generalization across limited-
supervision and cross-domain settings. Comprehensive experiments
on four datasets show that FewUser consistently outperforms strong
baselines in both accuracy and localization precision. Our analyses
further reveal that simple yet unified representations, combined
with prompt-based semantic alignment, can yield substantial im-
provements in few-shot user geolocation. In future work, we plan
to extend FewUser toward multimodal social media geolocation,
by incorporating visual and temporal cues from images and videos
alongside textual and metadata signals. Such an extension would
bridge the gap between text-centric and multimodal user modeling,
enabling more comprehensive understanding of social users across
platforms and modalities.
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