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Abstract
Geocoding in India presents unique challenges due to the unstruc-
tured, multilingual and diverse nature of its address systems. While
recent advances in geospatial AI have explored the combination
of spatial and semantic cues, existing methods often fall short in
effectively integrating both dimensions for robust address resolu-
tion. In this work, we propose GeoIndia-V2, an enhanced version
of GeoIndia [21], that unifies geospatial and semantic modeling
through a novel fusion framework. Our unified model combines the
Graphormer architecture [27] and a Pre-trained Transformer based
Language Model (PTLM) that is trained from scratch on proprietary
Indian address data, using our proposed Key Modulated Cross-
Attention (KMCA) mechanism. KMCA enables deep cross-modal
interaction between geospatial topology and linguistic structure
and allows the model to reason contextually across both geographic
and textual dimention, effectively handling the semantic intrica-
cies of Indian addresses—including colloquial usage, inconsistent
formatting, and multilinguality. We leverage last-mile e-commerce
delivery data to construct a fine-grained graph of neighbourhood
connectivity, enabling Graphormer to capture rich spatial relation-
ships. Unlike prior methods that rely on self-loops, we generate
graphs dynamically at inference time to exploit Graphormer’s topo-
logical strength. Additionally, we introduce a generative decoding
strategy for predicting hierarchical H3 cells1, moving beyond con-
ventional bit-wise classification approaches. To the best of our
knowledge, this is the first method to explicitly fuse graph-based
geospatial learning with language-driven semantic modeling via
cross-attention in the Indian geocoding context. Our approach sig-
nificantly outperforms existing solutions and marks a substantial
advancement toward building scalable real-world geocoding sys-
tems for complex address ecosystems like India.

1https://www.uber.com/en-IN/blog/h3/
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1 Introduction
The rapid growth of e-commerce has intensified the need for ac-
curate last-mile delivery, especially in countries like India where
addressing systems are often informal and unstructured. In most
Tier-2 and Tier-3 cities, addresses rely heavily on local landmarks
or personal references—such as “next to Golu Mishra’s house” or “in
front of the temple”—rather than standardized formats [18]. While
easily understood by locals, such descriptions are difficult for auto-
mated systems to interpret, complicating geocoding and increasing
delivery inefficiencies. These challenges contribute to an estimated
annual economic loss of $10–14 billion in India, roughly 0.5% of
GDP [2].

Geocoding in India demands more than just parsing the tokens
in an address—it requires spatial awareness and contextual un-
derstanding. As shown in Figure 1a, multiple addresses from the
same locality describe nearby locations using completely differ-
ent cues—some refer temples (e.g., “Shri Bhagvati Amma Temple”,
“Panchmukhi Ganpati Temple” ), others refer to offices, cafes, or
business parks (e.g., “Relish Cafe”, “Helios Business Park” ). These
variations involve different types of landmarks and phrasing, with
little lexical overlap, making it difficult for models to recognize
their geographic closeness. In contrast, Figure 1b shows addresses
from Uttar Pradesh, a northern Indian state, which share similar
terms like “SBI Bank” and “Raipur” but refer to different towns
across the region. This misleading lexical similarity often confuses
models lacking geographic context, highlighting the importance of
spatially grounded address representations.

Several recent approaches have used pretrained language models
or Seq2Seq architectures to resolve unstructured addresses [8, 19].
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Our prior work, GeoIndia [21], framed address resolution as a struc-
tured generation task, using a transformer-based model to map
raw text to hierarchical H3 cells. However, it relied solely on sur-
face text and lacked spatial understanding, leading to errors in
cases of misleading lexical similarity or disjoint phrasing for nearby
locations—common in the Indian context. To address these limi-
tations, we propose GeoIndia-V2, a unified model that augments
language-based address understanding with spatial context derived
from real-world delivery data. Field executives (FEs), who deliver
packages, have practical knowledge of localities and can resolve
vague or inconsistent addresses based on past experience and neigh-
borhood layout. GeoIndia-V2 captures this intuition by building a
large address graph from historical FE delivery traces, where edges
represent local connectivity inferred from delivery sequences. This
graph is then encoded using a Graphormer [27] to learn topological
relationships between addresses.

(a)

(b)

Figure 1: Examples illustrating lexical variability in In-
dian addresses. (a): Diverse expressions for nearby locations
within the same locality. (b): Lexically similar addresses re-
ferring to distinct locations across Uttar Pradesh.

Graphormer was originally proposed for molecular property pre-
diction [20]. Since then, it has demonstrated strong performance
in various domains, including time-series forecasting [1], decision-
making [6], and hierarchy-aware text classification [9]. In geocod-
ing, models like G2PTL [24] combine spatial and textual features but
exhibit limited modality interaction and lack explicit modeling of
hierarchical dependencies across the bits of geospatial grid system

cells. Our framework addresses these gaps through several enhance-
ments: (1) a multilingual pretrained language model for regional
and vernacular inputs, (2) KMCA for fusing token-level semantics
with Graphormer-derived spatial embeddings, (3) an autoregressive
decoder for structured spatial outputs, and (4) preservation of the
natural topological structure of the input address during inference,
avoiding reliance on synthetic self-loops. These design choices en-
able robust, context-aware geolocation from noisy, unstructured
addresses. Our major contributions can be summarized as follows:

• We introduced GeoIndia-V2, an extension of our previous
work GeoIndia, designed to handle noisy, unstructured ad-
dresses by leveraging graph structures built from real-world
delivery paths of FEs.

• Our architecture integrates Graphormer for spatial encoding
and a multilingual pretrained language model for token-level
semantics, fused using our proposed KMCA mechanism to
combine geographic and linguistic context. A decoder then
generates hierarchical spatial representations using the H3
indexing system.

• We conducted ablation studies to assess the impact of each
architectural component and demonstrated the effectiveness
of our approach against recent geocoding benchmarks.

• We devised a graph construction strategy during inference
that avoids synthetic self-loops, thereby preserving spatial
fidelity and maintaining the original topological structure.
GeoIndia-V2 is now deployed on Meesho’s2 platform, sup-
porting multiple real-world use cases.

2 Related Work
Recent works have used large languagemodels (LLMs) and retrieval-
augmented generation (RAG) to handle noisy address inputs. Ad-
drLLM [25] normalized irregular addresses for better geocoding,
while GeoAgent [5] and RACCOON [11] combined LLMs with
spatial tools for reasoning and coordinate extraction. [26] showed
strong generalization in GPT-3 for address parsing with retrieval.
However, these models often lack spatial grounding and struggle
with reasoning over address hierarchies.

Seq2Seq models have been widely used for geocoding by fram-
ing address resolution as a structured generation task, offering
more control and better parsing than general-purpose LLMs. In
India, GeoIndia [21] used transformer-based models with state-
specific fine-tuning to predict H3 cells, while others [8, 19] tackled
GPS mismatches and data sparsity. Globally, T5-based models [22],
hierarchy-aware frameworks [10], and Chinese efforts like [13, 17]
targeted coordinate prediction and standardization. Despite their
effectiveness, Seq2Seq models treat addresses as flat sequences and
struggle with spatial hierarchies, which graph-basedmethods better
capture.

Graph-based models improved upon sequence methods by cap-
turing spatial and hierarchical address structures. G2PTL [24] pre-
trained on a heterogeneous address graph but suffered from weak
modality interaction and limited global consistency. Weakly su-
pervised models [16] relied on inferred neighborhood structures
but were sensitive to noise. Other works enhanced matching using

2https://www.meesho.com/
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Figure 2: Schematic of graph construction from delivery scan logs.

graph attention [29], relational modeling [15], or subgraph learn-
ing [28], though many were limited to specific tasks like pairwise
matching or trajectory data. IP-focusedmodels [3, 14] demonstrated
spatial reasoning via GNNs but did not support informal addresses.
Hybrid models [7, 12] combined transformers and graphs, yet often
featured shallow fusion and limited multimodal capability.

3 Proposed Method
Our approach draws inspiration from recent efforts such as GeoIn-
dia [21], which addressed the challenges of noisy and diverse Indian
addresses, and G2PTL [24], which highlighted the effectiveness of
graph-based pretraining on real-world delivery networks. Build-
ing on these ideas, we design a system that combines token-level
semantic embeddings with address-level spatial representations
through graph-based modeling. In this section, we first present the
construction of a graph-based input representation, describe our
model architecture that integrates semantic and spatial features,
and outline the training strategy used for model learning.

3.1 Graph construction
We represent the delivery address space as a undirected graph
𝐺 = (𝑉 , 𝐸), where each node 𝑣 ∈ 𝑉 corresponds to a unique delivery
address, and each undirected edge 𝑒𝑖 𝑗 ∈ 𝐸 connects a source node
𝑣𝑖 ∈ 𝑉 to a target node 𝑣 𝑗 ∈ 𝑉 . These edges model spatial proximity
derived from real-world delivery traces. Each node is associated
with both the raw address text and its geographic coordinates.

To construct the graph topology, we utilize two years of Field
Executive (FE) delivery scan logs. For each FE, deliveries are or-
dered chronologically by scan timestamps. A 1-hop edge is added
between two consecutive deliveries, and a 2-hop edge connects de-
liveries with exactly one intermediate stop. We enforce a maximum
time gap of 15 minutes between scans to ensure spatial locality.
Each edge 𝑒𝑖 𝑗 is annotated with a one-hot vector 𝐹𝑖 𝑗 ∈ {0, 1}2 indi-
cating whether it corresponds to a 1-hop or 2-hop transition. The
resulting large and sparse graph is implemented using the Deep
Graph Library (DGL) [23].

Each node 𝑣 ∈ 𝑉 is assigned a tokenized sequence 𝑥𝑣 ∈ Z𝑙 , where
𝑙 = 90, using a tokenizer trained on 67 million Indian addresses3.
These token sequences are used both as node features and as input
to the PTLM encoder during model training. To enable scalable

3Tokenizer training details are provided in GeoIndia [21].

training, we constructed subgraphs 𝑆 = (𝑉𝑆 , 𝐸𝑆 ) ⊆ 𝐺 using ran-
dom walks. Each walk began from a randomly chosen node and
expanded by traversing connected neighbors, resulting in a sub-
graph composed of 𝑛𝑆 = |𝑉𝑆 | address nodes and𝑚𝑆 = |𝐸𝑆 | edges
between them. This approach preserves local graph structure while
balancing computational efficiency.

3.2 Model Architecture
Our proposed architecture consisted of five main components: a
Pretrained Transformer Language Model (PTLM)-based encoder, a
Graphormer for spatial encoding, a Key-Modulated Cross Attention
(KMCA) fusion block, a Multi-Layer Perceptron (MLP) based pro-
jection block, and an autoregressive decoder for H3-cell prediction.
An overview of the model architecture is illustrated in Figure 3.

As described earlier in section 3.1, we modeled the full address
space as a undirected graph 𝐺 = (𝑉 , 𝐸), where each node 𝑣 ∈ 𝑉

represented a unique delivery address, and each edge 𝑒 ∈ 𝐸 captured
spatial proximity between address pairs. Specifically, an edge 𝑒𝑖 𝑗 ∈
𝐸 connected two nodes 𝑣𝑖 , 𝑣 𝑗 ∈ 𝑉 if they were observed within
1-hop or 2-hop delivery transitions, based on field executive traces.

We sampled individual subgraphs 𝑆 = (𝑉𝑆 , 𝐸𝑆 ) ⊆ 𝐺 , where 𝑉𝑆
was a set of 𝑛𝑆 address nodes and 𝐸𝑆 represented edges between
them.

Each address for node 𝑣 ∈ 𝑉𝑆 was associated with a raw textual
address. We tokenized it using a PTLM tokenizer, producing a fixed-
length token sequence of 𝑙 = 90 tokens:

𝑥𝑣 = Tokenizer(𝐴𝑑𝑑𝑟𝑒𝑠𝑠 𝑣) ∈ Z𝑙

𝑥𝑆 = {𝑥𝑣 | 𝑣 ∈ 𝑉𝑆 } ∈ Z𝑛𝑆 ×𝑙

}
Tokenization (1)

The token sequences were passed through a shared PTLM encoder,
yielding contextual token embeddings with hidden dimension 𝑑 =

768:
𝑋𝑣 = PTLMEncoder(𝑥𝑣 ) ∈ R𝑙×𝑑

𝑋𝑆 = {𝑋𝑣 | 𝑣 ∈ 𝑉𝑆 } ∈ R𝑛𝑆 ×𝑙×𝑑

}
Semantic encoding (2)

We then constructed structural information for each subgraph.
The shortest-path distance matrix 𝐴𝑆 ∈ Z𝑛𝑆×𝑛𝑆 recorded distances
between node pairs. The path-type tensor 𝑄𝑆 ∈ Z𝑛𝑆×𝑛𝑆×(𝑛𝑆−1)×2

encoded sequences of 1-hop or 2-hop edge types. The degree vector
𝐷𝑆 ∈ Z𝑛𝑆×2 stored in-degrees and out-degrees. The subgraph edge-
type matrix can be defined as:

𝐹𝑆 = {𝐹𝑖 𝑗 | 𝑒𝑖 𝑗 ∈ 𝐸𝑆 , 𝑣𝑖 ∈ 𝑉𝑆 , 𝑣𝑗 ∈ 𝑉𝑆 } ∈ Z𝑚𝑆 ×2 (3)
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Figure 3: Overview of the GeoIndia-V2 architecture. The model first tokenizes address, which are then encoded separately by
Graphormer and a domain-specific PTLM. The outputs are fused using our Key Modulated Cross-Attention (KMCA) module
and passed to a PTLM decoder for hierarchical H3-cell generation.

To prepare spatial inputs, we learned semantic bias embeddings
𝑥𝑆 ∈ R𝑛𝑆×𝑙 and degree-based embeddings 𝐷̂𝑆 ∈ R𝑛𝑆×𝑙 . These were
combined and passed to the Graphormer:

𝑥 ′𝑆 = 𝑥𝑆 + 𝐷̂𝑆 ∈ R𝑛𝑆 ×𝑙

𝐻𝑣 = Graphormer(𝑥 ′𝑆 , 𝐹𝑆 , 𝐴𝑆 ,𝑄𝑆 ) ∈ R𝑑

𝐻𝑆 = {𝐻𝑣 | 𝑣 ∈ 𝑉𝑆 } ∈ R𝑛𝑆 ×𝑑

 Spatial encoding (4)

To integrate spatial and semantic representations, we employed
KMCA mechanism. In this formulation, token-level embeddings
act as keys and values, while the graph embedding serves as the
query. The attention weights 𝛼𝑣 are computed for each token based
on its interaction with the global graph context. Unlike standard
cross-attention, where the query is enriched, KMCAmodulates
and enriches the keys themselves. This key-centric modulation
enables the model to adaptively emphasize tokens relevant to graph
context.

𝐾𝑣 = 𝑋𝑣𝑊𝐾 , 𝑉𝑣 = 𝑋𝑣𝑊𝑉 , 𝑄𝑣 = 𝐻𝑣𝑊𝑄

𝛼𝑣 = softmax
(
𝑄𝑣𝐾

⊤
𝑣√
𝑙

)
𝑋 ′
𝑣 = [𝑋𝑣 ∥ 𝛼𝑣𝑉𝑣 ] ∈ R𝑙×2𝑑


KMCA fusion (5)

The fused representation was projected and decoded to produce
H3-cell predictions. The output sequence length was set to ℎ = 15,
corresponding to the resolution of the hierarchical H3 representa-
tion:

𝑋̃𝑣 = MLP(𝑋 ′
𝑣 ) ∈ R𝑙×𝑑

𝑦𝑣 = PTLMDecoder(𝑋̃𝑣 ) ∈ Zℎ

𝑦𝑆 = {𝑦𝑣 | 𝑣 ∈ 𝑉𝑆 } ∈ Z𝑛𝑆 ×ℎ

 Projection and decoding (6)

This architecture enabled joint spatial-semantic reasoning by fusing
structural topology with language-aware address features.

3.3 Training Strategy
The model was trained to generate an H3-cell sequence of length
ℎ = 15 for each address node within a sampled subgraph. Each
subgraph contained 𝑛𝑆 nodes, and the architecture was designed
to process all nodes in parallel using shared encoder and decoder
components. At each training step, a batch of 𝐵 sampled subgraphs
was provided as input, resulting in 𝐵 × 𝑛𝑆 nodes being processed
concurrently. Each node independently underwent tokenization,
semantic encoding, KMCA fusion, and autoregressive decoding,
while graph-based spatial encoding is calculated by passing the
entire sub-graph. For each node 𝑣𝑖 , the model predicted a sequence
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of H3-cell tokens, and a cross-entropy loss L𝑖 was computed over
the sequence. The total batch loss was computed as the average of
individual node-level losses:

L =
1

𝐵 × 𝑛𝑆

𝐵×𝑛𝑆∑︁
𝑖=1

L𝑖 (7)

This formulation ensured that each node contributed equally to the
parameter updates. For example, with 𝐵 = 8 and 𝑛𝑆 = 6, a total of 48
nodes were processed in parallel, and the loss was averaged across
them. The model was optimized using the AdamW optimizer with
a learning rate of 5 × 10−5. Weight decay was applied to reduce
overfitting. To stabilize training, gradient clipping with a maxi-
mum norm of 1.0 was employed. Dropout was used after the MLP
projection block and within the decoder layers as a regularization
technique. During training, teacher forcing was used, where the
ground truth H3 token from the previous timestep was supplied to
the decoder to predict the next token in the sequence.

4 Experiments
In this section, we verify the effectiveness of GeoIndia-V2 by con-
ducting extensive experiments.

4.1 Experimental Setup

State #Addresses Train #Test
WSD HCD #sub-graphs #edges

UP 6774636 15795510 70M 276864988 1763104
HR 1344594 2374582 15M 29634783 174155
KR 3225645 7020804 25M 95342518 515088

Table 1: Dataset statistics across states. WSD: Weakly Super-
vised Dataset, HCD: High-Confidence Dataset.

4.1.1 Dataset. To support robust learning under variable label
quality, we partition the training data into two sets based on anno-
tation reliability. The Weakly Supervised Dataset (WSD) comprises
large-scale address GPS pairs from historical delivery logs with min-
imal human oversight, offering broad linguistic coverage despite
noisy labels. It is used for initial training to expose the model to
real world address variability. The High-Confidence Dataset (HCD)
is curated using stricter criteria, such as consistent multi-day deliv-
eries, spatial proximity between initial and final scans, along with
manual spot checks and subsequently used for fine-tuning. Both
datasets follow the same normalization process as GeoIndia [21],
with GPS coordinates converted to H3-cell sequences at resolution
94. Data statistics are summarized in Table 1.

4.1.2 Baselines. We evaluate our proposed approach against the
following state-of-the-art (SOTA) baselines:

• Google Maps Geocoding API(GMaps) [4]: A commercial
geocoding system with global coverage and widespread us-
age.

• GeoIndia [21]: A sequence-to-sequence transformer model
trained to predict hierarchical H3-cell sequences from ad-
dress text.

• G2PTL [24]: AG2PTL like architecture trained on our dataset
without any additional pretraining.

4https://h3geo.org/docs/core-library/restable

4.1.3 Implementation Details and Evaluation Protocol. For fair com-
parison, all models—including ours and the baselines—were trained
using a two-stage process. First, the PTLM was pretrained on the
WSD dataset to learn from noisy, informal address structures. Then,
the full model was fine-tuned on the cleaner HCD dataset for better
generalization. At inference time, we compared two subgraph con-
struction strategies: (1) a self-loop setup where the same address is
repeated across six isolated nodes, and (2) our proposed method,
that generates dynamic graph during inference using historical suc-
cessful deliveries (refer Section 5). All models were implemented in
PyTorch and trained on NVIDIA A100 GPUs. We evaluated perfor-
mance using standard geocoding metrics: Accuracy within 1 km
(Acc@1km), Mean distance error (Mean), and the 90th (P90) and
99th (P99) percentile distance errors. These metrics were computed
using the Haversine formula5, with results reported separately for
each state.

4.2 Overall Performance
We evaluate the geocoding performance of all models across three
linguistically and structurally diverse Indian states: Uttar Pradesh
(UP), Haryana (HR), and Karnataka (KR). These regions present
a broad spectrum of address patterns, from highly informal rural
areas to densely structured urban layouts. Table 2 summarizes the
results for all baseline models and our proposed approach across
these states. Our model consistently outperforms all baselines on
Acc@1km, Mean, P90 and P99, demonstrating strong generalization
across varied geographic and linguistic contexts. In addition to
standard baselines, we also report ablated variants of each model
trained without the initial weak supervision phase using WSD
(denoted as -w/o WSD). This variant shows a noticeable drop in
performance, highlighting the value of pretraining on noisy but
diverse address data to build stronger initial representations.

4.3 Ablation Study
We conducted a series of experiments to analyze the contribu-
tion of key architectural components, using address data from
two high-density Indian states—Uttar Pradesh (UP) and Haryana
(HR)—evaluated with standard geocoding metrics described in Sec-
tion 4.1.3.

4.3.1 Bridging Local Semantics with Global Structure. Graphormer
captured global spatial context, while the PTLM encoder extracted
token-level semantics. To combine these views, we introduced
KMCA, a fusion module that aligns the global node embedding
with each token in the address (Figure 3). The PTLM outputs token
embeddings 𝑋𝑣 ∈ R𝑙×𝑑 , and Graphormer produces a global vector
𝐻𝑣 ∈ R𝑑 . Each token embedding is cross-attended with 𝐻𝑣 , then
concatenated with the original sequence to form a fused 𝑙 × 2𝑑 rep-
resentation, which is projected back to 𝑙×𝑑 using MLP for decoding
(Section 3.2).

We repeated H𝑣 across the sequence length to form a matrix
M(𝑣) ∈ R𝑙×𝑑 defined as:

M(𝑣)
𝑖,: = H𝑣, ∀𝑖 ∈ {1, . . . , 𝑙 } (8)

5https://en.wikipedia.org/wiki/Haversine_formula
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Model Acc@1km ↑ Mean (km) ↓ P90 (km) ↓ P99 (km) ↓
HR UP KR HR UP KR HR UP KR HR UP KR

GMaps 57.54% 43.73% 49.18% 5.71 9.84 7.88 6.30 16.23 12.56 38.29 61.48 60.33

G2PTL 66.10% 51.70% 56.80% 4.10 7.60 6.10 5.60 12.80 10.20 30.00 50.20 51.00
-w/o WSD 61.20% 47.60% 52.80% 4.90 8.60 7.00 5.90 14.80 11.30 34.10 55.90 54.20

GeoIndia 74.31% 57.30% 62.42% 3.31 6.71 5.29 5.46 9.49 9.70 24.51 44.69 48.92
-w/o WSD 69.80% 54.60% 59.70% 3.80 7.20 5.90 5.70 10.20 10.00 27.30 47.60 50.60

GeoIndia-V2 89.62% 86.34% 87.73% 0.91 1.98 1.67 1.08 2.07 1.85 11.2 23.55 23.13
-w/o WSD 76.12% 60.02% 63.23% 2.37 5.62 4.68 3.51 8.26 8.41 29.23 42.44 47.36
-w self-loop 85.30% 81.40% 84.90% 1.20 2.40 1.90 1.50 2.90 2.10 13.60 26.40 25.30

Table 2: Overall Performance Comparison.

Strategy Acc@1km ↑ Mean (km) ↓
HR UP HR UP

Concat 80.21% 76.30% 1.65 3.45
Mean Pool 83.90% 79.74% 1.41 2.88
Gated-Sigmoid 85.57% 81.90% 1.22 2.56
Gated-ReLU 87.13% 84.01% 1.09 2.31
KMCA 89.62% 86.43% 0.91 1.98

Table 3: Performance comparison of different fusion strate-
gies.

#Nodes Acc@1km ↑ Mean (km) ↓
HR UP HR UP

2 81.40% 76.22% 1.71 3.29
4 86.34% 82.57% 1.18 2.48
6 89.62% 86.43% 0.91 1.98
8 89.03% 85.81% 0.94 2.11
10 88.25% 84.95% 1.02 2.24

Table 4: Performance comparison of different Graph Neigh-
borhood Size.

The fused representation 𝑋 ′
𝑣 was used to generate the final H3-

cell sequence. As shown in Table 3, we evaluated several fusion
strategies, formally defined as follows:

Concatenation: 𝑋 ′
𝑣 = [𝑋𝑣 ∥M(𝑣) ] (9)

Mean Pooling: 𝑋 ′
𝑣 =

1
2
(𝑋𝑣 +M(𝑣) ) (10)

Gated Fusion (Sigmoid): 𝑋 ′
𝑣 = 𝑋𝑣 ⊙ 𝜎 (𝑊M(𝑣) + 𝑏) (11)

Gated Fusion (ReLU): 𝑋 ′
𝑣 = 𝑋𝑣 ⊙ ReLU(𝑊M(𝑣) + 𝑏) (12)

Here,𝑊 ∈ R𝑑×𝑑 and 𝑏 ∈ R𝑑 are learnable parameters, 𝜎 denotes
the sigmoid activation function, and ⊙ represents element-wise
multiplication. The resulting fused representation 𝑋 ′

𝑣 ∈ R𝑙×𝑑 was
passed to the decoder for H3-cell sequence prediction. And as shown
in Table 3, KMCA consistently outperformed other strategies.

4.3.2 Effect of Graph Neighborhood Size. To assess the impact of
spatial context, we varied subgraph size 𝑛𝑠 from 2 to 10 nodes,
each representing a delivery address with edges from real delivery
sequences. As shown in Table 4, performance improved up to 6
nodes—Acc@1km increased and Mean distance error dropped, indi-
cating that moderate context aids disambiguation. Beyond 6 nodes,
performance gains diminished, with slight drops in accuracy and
increased variance in error metrics, likely due to noise from overly
dense or less relevant connections. These results highlight the need
to balance subgraph size for effective, context-aware geocoding.

4.3.3 Effect of Weak Supervision. To assess the impact of weak
supervision, we evaluated all baselines and GeoIndia-V2 with and
without pretraining on WSD. As shown in Table 2, omitting WSD
led to a consistent drop in Acc@1km and an increase in Mean error,
indicating reduced generalization and robustness across all mod-
els. This effect was especially pronounced for informal or under-
specified addresses, where the linguistic and spatial diversity in
WSD played a crucial role. These results highlight that weak super-
vision provided a valuable initialization for address representation
learning, enabling both our model and baselines to better handle
structural variability before fine-tuning on high-quality data.

4.3.4 Effect of Inference Strategy. GeoIndia-V2 is trained on sub-
graphs from real delivery trajectories, but inference often involves
a single address without context. We compare two inference strate-
gies: (1) a self-loop-based setup where the same query address is
replicated across six nodes, each connected only to itself (as in
G2PTL), and (2) our proposed method, that generates dynamic
graph during inference using historical successful deliveries to re-
tain spatial structure. As shown in Table 2, the self-loop strategy
(-w self-loop) leads to a notable drop in performance—for example,
Acc@1km drops from 89.62% to 85.30% in HR, and from 86.34%
to 81.40% in UP—with similar trends across other metrics. These
results highlight the importance of spatial context at inference, en-
abling better disambiguation of lexically similar but geographically
distant addresses, a common challenge in India.

4.3.5 Embedding-Based Analysis of Geographical Knowledge. To
evaluate how well different models capture geographical structure,
we visualized address embeddings using t-SNE. We sampled ad-
dresses from seven districts in Haryana and extracted embeddings
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from G2PTL, GeoIndia, and GeoIndia-V2. As shown in Figure 4,
GeoIndia-V2 produced the most distinct and compact district-level
clusters, in contrast to the significant overlap observed in G2PTL
and GeoIndia. This indicates that GeoIndia-V2 encodes stronger ge-
ographical inductive biases, allowing it to distinguish addresses not
just by local semantics but also by their broader regional context.

G2PTL GeoIndia GeoIndia-V2

Ambala Karnal Rohtak Hisar Gurgaon Jind Sirsa

Figure 4: t-SNE visualization of address embeddings across
seven districts in Haryana using models.

5 Real World Deployment
Our method leverages structured topological input during training,
but inference poses challenges when relational context is missing
for unseen addresses. A common fallback is using self-loop-only
graphs, which preserve architectural compatibility but fail to exploit
the model’s structural inductive bias. To assess the value of graph
topology at inference, we ran batch experiments using real delivery
sequences. By reconstructing graphs with one-hop and two-hop
edges between delivered addresses, we observed significant perfor-
mance gains over the self-loop baseline (refer Table 2)—highlighting
the importance of relational context during inference. In production,
fine-grained delivery sequences are not available. To approximate
relational context at inference, we construct graphs using nearest
neighbor retrieval over a curated address database, based on em-
beddings from the GeoIndia-V2 encoder. Given a query address 𝑞,
the inference-time graph is defined as 𝐺𝑞 = (𝑉𝑞, 𝐸𝑞), where the
node set is given by:

𝑉𝑞 = {𝑣𝑞, 𝑣1, 𝑣2, . . . , 𝑣5} (13)
where {𝑣1, . . . , 𝑣5} are the top-5 nearest neighbors retrieved from

a pre-indexed address database using Approximate Nearest Neigh-
bor (ANN) search over GeoIndia-V2 embeddings.

To construct the edge set 𝐸𝑞 , we define two types of connections:
One-hop edges: For each node 𝑣𝑖 ∈ 𝑉𝑞 , we connect it to its

most similar neighbor within the subgraph based on embedding
similarity:

𝐸
(1-ℎ𝑜𝑝 )
𝑞 =

{
𝐸𝑖 𝑗

����� 𝑣𝑖 ∈ 𝑉𝑞, 𝑗 =
𝑘≠𝑖

argmax
𝑘 |𝑣𝑘 ∈𝑉𝑞

Sim(Addr(𝑣𝑖 ),Addr(𝑣𝑘 ))
}

(14)
Two-hop edges: To enrich the graph with indirect structure

while maintaining sparsity, we introduced transitive connections.
For any pair of nodes 𝑣𝑖 and 𝑣 𝑗 , if there exists a common neighbor
𝑣𝑘 ∈ 𝑉𝑞 such that:

𝐸
(2-ℎ𝑜𝑝 )
𝑞 =

{
𝐸𝑖 𝑗

���𝐸𝑖𝑘 , 𝐸𝑘 𝑗 ∈ 𝐸
(1-ℎ𝑜𝑝 )
𝑞 , 𝑘 ≠ 𝑖, 𝑗 ; 𝑣𝑖 , 𝑣 𝑗 , 𝑣𝑘 ∈ 𝑉𝑞

}
(15)

𝐸𝑞 = 𝐸
(1-ℎ𝑜𝑝 )
𝑞 ∪ 𝐸

(2-ℎ𝑜𝑝 )
𝑞 (16)
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Figure 5: GeoIndia-V2 Real-Time Inference Workflow

Self-loops were intentionally omitted to encourage the model
to rely on relational structure rather than identity shortcuts. Our
ANN-based graph construction provided a practical approxima-
tion of real delivery graphs, enabling contextual inference without
explicit relational data. Currently, we are observing a median la-
tency of ∼495 ms for GeoIndia-v2. Figure 5 illustrated the pipeline,
highlighting the method’s scalability and production readiness.

6 Conclusion and Future work
In this work, we introduced GeoIndia-V2, a novel geocoding frame-
work that explicitly fuses geospatial and semantic representations
through our proposed Key Modulated Cross-Attention (KMCA)
mechanism. By integrating a Graphormer-based geospatial encoder
with a domain-specific PTLM, our system explicitly models spatial
topology and linguistic variability, to the best of our knowledge, has
not been operationalised in prior geocoding systems. In contrast
to previous approaches we also proposed dynamic graph creation
at inference time, enabling fine-grained neighbourhood modelling,
and adopted a decoder-based generative strategy for hierarchi-
cal H3-cell prediction, which captures dependencies across bits.
Our method consistently outperforms industry baselines such as
GeoIndia and Google Maps on multiple evaluation metrics, demon-
strating both accuracy and robustness in handling India’s com-
plex address ecosystem. Extensive ablation studies further vali-
date the effectiveness of our design choices, including dynamic
graph generation and KMCA-based fusion. We also aim to extend
our proposed framework to other real-world applications such as
high-precision address matching, address quality assessment, and
address enrichment, further demonstrating its versatility across
downstream geospatial tasks.
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7 GenAI Usage Disclosure
During the preparation of this work, the authors used generative
AI (GenAI) tools in limited, supportive roles under direct human
supervision. Specifically:

• ManuscriptWriting andRevision:GenAI tools (e.g., Chat-
GPT) were used to assist in refining the structure and phras-
ing of certain sections of the manuscript, including the ab-
stract, related work, and ablation study descriptions. All
AI-generated suggestions were manually reviewed, edited,
and verified by the authors to ensure technical accuracy,
originality, and alignment with the research contributions.

• No Use in Code or Data: No generative AI tools were
used in the development of the model architecture, training
code, data preprocessing pipeline, or during experimental
evaluation. All implementation and data processing were
performed manually by the authors.

The authors affirm that they take full responsibility for the con-
tent of this paper, and that the use of GenAI tools complies with
ACM’s authorship and publication policies.
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