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Abstract

Spatio-temporal point processes (STPPs) provide a principled frame-
work for forecasting discrete events in continuous time and space,
yet most existing models represent additional event information as
fixed categorical marks. This abstraction is increasingly restrictive
for modern event streams, where events are often accompanied by
rich free-form textual descriptions and reducing them into cate-
gorical labels can lose valuable information about the underlying
event dynamics. Large language models emerge as powerful tools
for handling textual context. However, they still lack principled
mechanisms for modeling complex spatio-temporal dynamics. We
introduce language-augmented spatio-temporal point process (LA-
STPP), a framework that leverages rich texts in the past events for
future event prediction. More importantly, our framework enables
free-form text generation as part of the event forecasting. LA-STPP
couples an STPP-based forecaster with a fine-tuned language model
via a shared history representation that encodes past event times,
locations, and textual content. By conditioning language generation
on spatio-temporal dynamics, LA-STPP predicts not only the timing
and location of future events but also their semantic content. Exper-
iments show that LA-STPP largely improves text prediction quality
over text-only baselines while preserving superior spatio-temporal
forecasting capability, suggesting a path toward language-capable
world models that forecast when, where, and what will happen
next.
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1 Introduction

Point processes are widely used to model asynchronous event data
in real-world applications. These data typically consist of sequences
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of events, each recording when and where the event occurred, along
with additional information that goes beyond the spatio-temporal
coordinates, commonly referred to as marks. For example, these
marks can represent the specific type of offense in crime forecasting
[7], earthquake magnitudes in seismology [28], or patient vitals in
medical research [17]. To effectively capture the complex dependen-
cies inherent in these marked spatio-temporal sequences, recent
deep learning-based point process models [2, 5, 27, 33, 35, 41, 43]
have been developed. These neural frameworks have demonstrated
considerable success in modeling intricate event dynamics and
serve as principled tools for event forecasting.

Nonetheless, existing neural point process models face signif-
icant challenges when applied to modern applications. The rise
of complex systems increasingly involve event marks that take
the form of textual descriptions, encoding rich information about
the underlying event dynamics. For instance, police reports details
criminal activity [42] and selling product reviews describe user ex-
periences. This unstructured textual data demands more expressive
architectures for capturing the mechanisms that drive event occur-
rence. Existing neural point process models cannot accommodate
such data because they handle only categorical or continuous scalar
marks. Reducing rich textual content to categorical labels discards
information that may be critical for accurate forecasting. A more
fundamental limitation is that current neural point processes pre-
dict only event times, locations, or categorical marks and possess
no capability to generate free-form text. This hinders their poten-
tial for wider applications in modern forecasting tasks, where text
generation is indispensable for the development of language-based
world models.

Large language models (LLMs) provide powerful text understand-
ing and generation capabilities, yet they lack principled mechanisms
for modeling complex spatio-temporal event dynamics. Recent ef-
forts to bridge two paradigms [13, 26] improve event representa-
tions through language embeddings. However, they still rely on the
LLM’s innate capability to capture spatio-temporal structure and
treat event marks as discrete types without handling rich event-
level text.

We introduce LA-STPP, a language-augmented spatio-temporal
point process to address this gap. LA-STPP enables the model to
take full advantage of past textual information in event marks for
spatio-temporal forecasting, while simultaneously generating free-
form descriptions for future events. The framework achieves this
by coupling principled STPP components with a decoder-only LLM
through a shared causal history encoding. Our contributions are:

(1) We introduce the first spatio-temporal point process that

integrates free-form event text for spatio-temporal event
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forecasting, learning the underlying event dynamics implic-
itly captured by rich semantic information. This extends the
mark space from categorical labels to unrestricted natural
language.

(2) The framework generates time-aware natural language event
descriptions that encode complex spatio-temporal dependen-
cies, rather than producing text independently of the event
dynamics.

(3) Experiments on spatio-temporal event datasets with textual
marks demonstrate that our spatio-temporal-conditioned
text prediction outperforms text-only LLMs, and that text-
driven history encoding achieves superior forecasting per-
formance compared to categorical-mark baselines.

2 Related Work

Neural spatio-temporal point processes. Early attempts [10, 27]
in neural point processes [32] use RNNs for intensity modeling.
Subsequent work adopted transformer architectures [35, 38, 43]
to model the event intensity and capture long-range event depen-
dencies, overcoming the limitations of RNN-based architectures. In
the spatio-temporal setting, NSTPP [2] uses neural ODEs to model
continuous-space dynamics, while DSTPP [33] employs diffusion-
based density estimation. All these methods represent event marks
as fixed categorical labels. Another line of research [3, 5, 8, 9, 40, 41]
adopts kernel-based method in point processes for modeling the in-
tricate event dependencies via a so-called influence kernel, leverag-
ing the statistically principled self-exciting architecture in Hawkes
processes [11]. Early attempt on building text-aware influence ker-
nel [42] also demonstrates the benefits of incorporating text in-
formation for capturing the underlying event dynamics. However,
the reliance on the influence kernel restricts the model capability
to handle free-form text, with a more fundamental limitation in
generating high-dimensional textual event marks. The application
of generative models to point processes has received increasing
attention. RNN [15, 31, 34] and diffusion models [6, 18] have been
adopted for enhancing both the generation capability and scala-
bility of point process models. However, while these approaches
have demonstrated success in event sequence generation, none of
them have accounted for the event-level narrative text generation
in natural language.

Language models for forecasting. TPP-LLM [26] embeds event
type descriptions via an LLM backbone but still classifies into K
discrete categories. Language-TPP [13] encodes time intervals as
byte tokens for seamless LLM integration, yet predicts categorical
marks. LA-STPP uniquely occupies the intersection of principled
spatio-temporal forecasting and natural language generation. It dif-
fers fundamentally from existing models in its capability to handle
rich semantic knowledge encapsulated in the complex event data
from modern applications. LA-STPP allows the principled modeling
of event dynamics while generates unrestricted natural language
descriptions conditioned on learned spatio-temporal dynamics, a
key step towards the development of language-based world models.

Spatio-temporal event forecasting. Beyond point process model-
ing, spatio-temporal event forecasting is a broader research area en-
compassing graph neural network-based approaches for traffic and
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urban computing [16, 36], attention-based models for multi-variate
time series [39], and physics-informed methods for environmental
prediction [29]. It also serves as a critical input to operational plan-
ning under uncertainty, such as stochastic capacity planning [20-
22], resource allocation [19, 23, 25], and network design [14, 24],
where richer predictive signals over space and time can directly
improve downstream decision quality. Our work contributes to this
ecosystem by producing not only quantitative forecasts but also
interpretable textual descriptions of predicted events.

3 Background

Spatio-temporal point processes (STPPs) [30] model a sequence
of discrete events H = {(t;, i)}, where t; € [0,T] is the time
ands; € S C RYS is the location of ith event. The event number
n is also random. Given the history H; = {(#;,s;) € H|t; < t}, an
STPP is fully characterized by the conditional intensity function

E [N([t, t + At] X B(s, As)) | Hz]

At = i
(t:s | Hp) oA IB(s, As)|At

At]0,As]0

>

where B(s, As) is a ball centered at s € RS with radius As, and the
counting measure N is defined as the number of events occurring
in [t, £+ At] x B(s, As) € R4s*! Naturally A (¢, s|H;) > 0 for any
arbitrary ¢ and s. By conditioning on time aspect, we can re-write
the intensity function as A(t, s|H;) = A(¢|H;) - f(s|t, H;), where
A(t|H;) is the ground intensity of the temporal process, and f is the
conditional event spatial density. The log-likelihood of observing
H on [0,T] xS is given by [4]

n T
((W):Zlogl(ti,sﬂﬂti)—/o A(t|Hy)dt (1)
i=1

1

4 Method: language-augmented STPP

We consider event sequences with text information for each event,
denoted as H = {(t;, s;, text;) }I_, where text; is a variable-length
free-form textual description from vocabulary V. Our goal is two-
fold: (1) model the event spatio-temporal dynamics via the intensity
A, and (2) predict the next event’s time, location, and text given
history.

Given history, we model the joint event distribution via decom-
posed marked point process intensity [30]:

Aty s text | Hy) = At | Hy) - f(s | &, Hy) - ptext | 1,5, Hp).

where A(t | H;) and f are the conditional temporal intensity and
spatial density, respectively, and p(text | -) is the conditional text
likelihood. This factorization separates the modeling challenge into
three components that operates on a shared history vector repre-
sentation. Figure 1 shows an overview of the LA-STPP architecture.

4.1 History Vector

The history encoder jointly represent temporal dynamics, spatial
patterns, and textual semantics from the event history. We adopt
a decoder-only LLM and inject spatio-temporal event information
directly at the embedding level. This preserves the continuous
nature of times and locations while leveraging the LLM’s capacity
for sequential reasoning.
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Figure 1: LA-STPP architecture.

Event embedding. Each event (t;, s;, text;) is mapped to: E; =
[TE(t;), SE(s;), LLM_Emb(text;)]. The temporal embedding TE(#;) €
RP encodes the continuous timestamp using sinusoidal positional
encoding:

TE(t); = sin(¢/10000%//P),

TE(t)2j+1 = cos(/10000%//P),
where j =0,1,...,D/2— 1. The spatial embedding SE(s;) = Wys; +
bs € RD is a learned linear projection, where W € RDP*Z andbs €
RP are trainable parameters. The text embedding LLM_Emb(text;) €
RLiXD js obtained by tokenizing text; and passing the token IDs
through the LLM’s frozen embedding layer. Each event contributes
L; text tokens (truncated to a maximum of Lyay tokens).

History vector extraction. We concatenate embeddings of all
eventsin the sequence and get X = [E1, Ey,...,En] € R(Zi Li+2n)xD
We then input it to the LLM, producing hidden states at every po-
sition. The history vector h; € R¥ for observed history up to i-th
event is defined as the hidden state at the last token position (the
final text token) of event i. This vector encodes the previously ob-
served history and serves as the shared representation for modeling
event intensity and predicting next event i+1. Note that we apply
causal attention masking to prevent future events from influencing
previous events.

4.2 Spatio-Temporal Intensity

Given history vector h;, the conditional intensity for the next event
at time ¢t > t; is modeled as:

A(t | H;) = softplus(ar - (£ —1;) + w'h; + b),

where @ € R, w € R¥, and b € R are learnable parameters. The
softplus activation ensures the practicality of an non-negative in-
tensity. To model conditional spatial event density, we model it as
a K-component Gaussian mixture:

K
FGIEH) =Y me N(s; po B
k=1

To reflect the dependency on the history, all parameters in the mix-
ture model are predicted based the history vector h;. For each com-

ponent k, the weight ;. and the mean vector p;. = [yl(cl),yl(cz)]T €

R? are directly learned. We model the covariance matrix ¥ via
Cholesky decomposition as

eak 0 T
b = [bk ek |’ Tk = iy,

where (ag, by, c) are learnable parameters. We use a single linear

network Wgmm € RHX6K that outputs K X 6 values as all the

mixture parameters.

4.3 Conditional Text Generation

The design of the shared representation in LA-STPP eliminates
the need for a separate model or LLM forward pass for the text
generation capability. During the forward pass of history vector
computation, the LLM produces hidden states at every position in
the input sequence, including all text token positions. Thus, we
can apply the language model head to project the embeddings to
vocabulary at all text token position, predicting the next text token
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Table 1: Spatio-temporal event modeling and forecasting performance. Time MAE in hours. Location MAE in km. Best results
in bold. The numbers in the parentheses are standard deviation from three independent runs.

Method Amazon reviews GitHub events Chicago Crime
Testing £ (T) Time MAE (]) Testing # (T) Time MAE (]) Testing ¢ () Time MAE (]) Loc. MAE (|)

NHP -4.597 (0.102) 9.48 0.373 (0.069) 1.41 -5.560 (0.027) 8.87 /

THP -9.942 (0.084) 8.93 -0.469 (0.055) 1.24 -4.341 (0.032) 7.62 /

SAHP -6.638 (0.061) 8.25 -0.024 (0.021) 0.83 -4.942 (0.018) 7.49 /

TPP-LLM  -4.127 (0.072) 7.10 0.185 (0.030) 1.17 -4.578 (0.012) 7.02 /

NSTPP / / / / -3.050 (0.065) 7.54 0.89
DSTPP / / / / -2.824 (0.037) 7.35 0.73
LA-STPP  -3.931 (0.039) 6.42 0.535 (0.031) 0.62 -3.172 (0.010) 6.81 0.68

based on: Fine-tuning strategy. The LLM backbone is fine-tuned with LoRA [12],

Pp(xijr1 | X<, ti, i, Hy,) = softmax(Wyp, - h ;)

where x; j is the j-th text token in i-th event, h; ; is the hidden state
at the corresponding token position, and Wy, is the language model
head. Therefore, the text generation considers not only the text
tokens but also the spatio-temporal knowledge of previous events.
The temporal and spatial embeddings preceding each event’s text
tokens provide spatio-temporal conditioning to the text predictions
at no additional computational cost.

4.4 Model Training
The STPP model is trained through Maximum likelihood estima-
tion (MLE) [30]. The final log-likelihood of observing H can be
expressed as
n n T
£(H) = > log A (tilHy,) + D f(slt, Hy) - / A(t|Hy)dt
i=1 i=1 0
+ Z log p(xi j+1 | xi,<js tis s, Hy,)s

(Lj)eT
where 7 is the set of all valid text prediction positions. A higher
log-likelihood suggests a better model goodness-of-fit of the event
dynamics. For the prediction purpose, we add auxiliary losses Liime
and L}, for time and location. The time prediction loss is defined
as

1 < .
Ltime = n_1 § (log At; - yi)z,
i=2

where At; = t; — tji—1 and §; = W;';mehi_l + btime 1s the next-event
time interval prediction. The location prediction loss measures the

error between the predicted and true spatial coordinates:

1 -
Lioe=-—7 Z llsi = Sill*,
i=2
where §; = Wiochj—1 + boe € R2. The final training objective
combines both as:
L=—t(H)+ ﬂtimeztime + ﬁloc‘Lloc-

The weights Sime and fjo. balance the contribution of the two-fold
goal during training.

keeping the majority of parameters frozen while adapting the model
to encode domain-specific event dynamics. Other parameters for
embedding and intensity are all trained from scratch. The LM head
is shared with the pretrained LLM output projection.

5 Experiments

Datasets. We evaluate on three event sequence datasets spanning
different domains and modalities: (1) Amazon Reviews: user review
sequences with timestamps and review text; (2) GitHub Events:
repository activity streams with timestamps and event descrip-
tions; (3) Chicago Crime: crime incident reports with timestamps,
geographic coordinates, and textual descriptions.

Implementation. We use TinyLlama-1.1B [37] as the default back-
bone with LoRA (rank 16, =16). Training uses Adam with learning
rate 5 X 10™4, batch size 4, gradient checkpointing, and 20 MC
samples for the compensator. More details of the hyper-parameter
selection and sensitivity analysis are provided in Appendix A and B.

Baselines. For event modeling and forecasting, we compare against
state-of-the-art neural point process models, including NHP [27],
THP [43], SAHP [38], NSTPP [2], DSTPP [33], and TPP-LLM [26].
We also compare against three text-only baselines on model text
generation quality: Random, Claude Sonnet 4 [1], and LoRA Fine-
tuned TinyLlama on event text without point process structure.

Metrics. We report log-likelihood on test set to reflect model
goodness-of-fit of the data. We use time and location MAE to mea-
sure the model prediction power. For generated text quality assess-
ment, we use a retrieval-based protocol since exact-match on free-
form text is unreliable: given history and true timestamp/location,
we rank the correct next event text against K=50 distractors sam-
pled from the test split, reporting Mean Reciprocal Rank (MRR),
Hits@1, and Hits@5. Higher values suggests closer text prediction
to the ground truth. More metric details and evaluation protocol
are provided in Appendix A.

5.1 Baseline Comparisons

Spatio-temporal forecasting. Table 1 presents the quantitative
results on spatio-temporal modeling when handling discrete events
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Table 2: Text generation performance. Best results in bold.

Method MRR () Hits@1 () Hits@5 (T)
Amazon Reviews

Random 0.090 0.020 0.100
Claude Sonnet 4 0.278 0.172 0.336
TinyLlama-Fine-tuned  0.491 0.359 0.447
LA-STPP 0.700 0.628 0.782
GitHub Events

Random 0.090 0.020 0.100
Claude Sonnet 4 0.806 0.778 0.838
TinyLlama-Fine-tuned  0.723 0.655 0.804
LA-STPP 0.770 0.700 0.842
Chicago Crime

Random 0.090 0.020 0.100
Claude Sonnet 4 0.665 0.528 0.852
TinyLlama-Fine-tuned  0.479 0.312 0.583
LA-STPP 0.683 0.536 0.896

associated with free-form texts. On temporal-only textual dataset,
LA-STPP achieves the best log-likelihood and time MAE among all
methods, outperforming both classical neural point processes and
TPP-LLM. This confirms that our text-aware history encoding ac-
tively leverages the rich semantic content in event texts, providing
informative features for modeling temporal dynamics that categor-
ical marks cannot capture. On the spatio-temporal Chicago Crime
dataset, LA-STPP produces competitive goodness-of-fit to the data
dynamics against dedicated neural STPP models (NSTPP, DSTPP).
While they have no capability to digest textual information, the
superior forecasting power of LA-STPP indicates the benefits of
incorporating semantic knowledge into event forecasting.

Next-event text generation. Table 2 compares the text genera-
tion performance of different methods. As we can see, LA-STPP
achieves the best overall performance and has superior performance
on Amazon and Chicago Crime across all metrics. These results
demonstrate the benefits of our STPP-principled LLM architecture
against text-only approaches in providing more accurate text pre-
diction for events that exhibit intricate spatio-temporal dynamics.
The frozen pre-trained LLM (Claude Sonnet 4) performs well on
GitHub. A possible reason is that repository-specific terminology
provides strong lexical cues even without temporal conditioning.
The comparison between the fine-tuned LLM and LA-STPP is also
valuable, as it showcases that the lack of spatio-temporal knowledge
of the event history can result in consistently lower text prediction
accuracy.

5.2 Ablation Study

We further study two architectural choices in LA-STPP to show-
case the benefits of a fine-tuned LLM adapted to event text and the
performance robustness over the choice of LLM backbone. We first
remove the LoORA LLM fine-tuning, making LLM backbone frozen as
a fixed feature extractor, while the temporal and spatial embedding
layers, the intensity head, the spatial GMM head, and the auxiliary
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Table 3: Ablation study results on Chicago crime data.

Variant Testing £ MRR

(a) Text fine-tuning ablation
LA-STPP -3.172 0.683
LA-STPP (no text fine-tuning) -3.455 0.309

(b) LLM backbone comparison

TinyLlama-1.1B -3.172  0.683
Qwen2.5-1.5B -3.178 0.677
Phi-3.5-mini -3.168 0.696

prediction heads remains trainable. As shown in Table 3(a), the
impact on text prediction is substantial with a significant drop in
MRR. This confirms that domain-adapted representations are es-
sential for the model to discriminate between temporally plausible
event descriptions. The degradation in testing log-likelihood also
suggests the benefits of fine-tuning on learning shared history vec-
tor to better capture the underlying event dynamics for intensity
modeling. We then evaluate the effect of the pretrained backbone
on downstream performance. We varies the LLM backbone while
keeping other components identical. As shown in Table 3(b), the
three backbones achieve comparable forecasting log-likelihood, sug-
gesting that the STPP component provides a robust mechanism for
modeling spatio-temporal dynamics. The comparable MRR scores,
with Phi-3.5-mini achieving the best retrieval performance, indi-
cates that stronger backbones can provide modest gains in semantic
discrimination.

6 Conclusion

We presented LA-STPP, a language-augmented spatio-temporal
point process framework that bridges principled event dynamics
modeling with free-form text generation. LA-STPP leverages rich
textual information in past events to improve spatio-temporal fore-
casting, while simultaneously generating semantically meaningful
descriptions of future events conditioned on the learned dynamics.
Experiments confirm the advantages of LA-STPP in both event
forecasting and text generation in spatio-temporal context.
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Experimental Setup

Dataset details. We construct event sequences from three publicly
available sources, each exhibiting distinct characteristics in terms
of temporal regularity, spatial structure, and textual diversity.

o Amazon Reviews consists of product review sequences grouped
by individual reviewers. Each event corresponds to a review
posted by a user, with the timestamp recording the posting
date and the text containing the full review body. We se-
lect users with at least 10 reviews and construct sequences
ordered chronologically. This dataset is temporal-only (no
spatial coordinates) and exhibits irregular inter-event times
ranging from hours to months, with review text that varies
substantially in length and topic across product categories.

o GitHub Events captures repository activity streams from pub-
lic GitHub repositories. Each event records an action (e.g.,
push, pull request, issue comment) with a timestamp and
an automatically generated or user-written description. Se-
quences are grouped by repository, producing temporal-only
event streams with relatively regular activity patterns. The
text in this dataset tends to be concise and repository-specific,
making it lexically distinctive across sequences.

o Chicago Crime contains crime incident reports from the City
of Chicago open data portal. Each event records the times-
tamp, geographic coordinates (latitude and longitude), and a
textual description combining the primary crime type with a
detailed narrative of the incident. Sequences are constructed
by grouping incidents within geographic regions. This is the
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only spatio-temporal dataset in our evaluation, and it fea-
tures relatively homogeneous text across incidents of similar

type.

All datasets are split into train, validation, and test sets with
an 80/10/10 ratio. Sequences shorter than 5 events are discarded.
Event texts are truncated to a maximum of 32 tokens to maintain
tractable sequence lengths during training.

Training configuration. We fine-tune the LLM backbone using
LoRA with rank 16, scaling factor a = 16, and dropout 0.05, applied
to the query, key, value, and output projections of each attention
layer. The auxiliary loss weights are set to fime = 1.0 and fioc =
1.0. The spatial GMM uses K = 5 mixture components. We train
all models for up to 20 epochs using the Adam optimizer with
a learning rate of 5 x 10~ and apply early stopping based on
validation loss with a patience of 5 epochs. Gradient norms are
clipped at 1.0 to stabilize training. All experiments are conducted
on a single NVIDIA A100 GPU with gradient checkpointing enabled
to accommodate the memory requirements of the LLM backbone.

Text generation evaluation protocol. For each test event, we
construct a candidate pool of K=50 texts: the ground-truth next
event text plus 49 distractors randomly sampled without replace-
ment from all unique texts in the test split. Each model scores all
candidates by computing the conditional log-likelihood of each text
given the event history and true timestamp/location, then ranks
them in descending order. We report three metrics: Mean Recip-
rocal Rank (MRR = ﬁ Ygeq ﬁ), Hits@1 (fraction of queries
where the correct text is ranked first), and Hits@5 (fraction where
the correct text appears in the top 5). The Random baseline assigns
uniform scores to all candidates, yielding Hits@k = k/K and MRR
= Hg/K (where Hgx = Zf:l 1/j is the K-th harmonic number),
producing identical performance across datasets. The difficulty of
the retrieval task varies by dataset due to differences in text pool
diversity: datasets with highly distinctive per-sequence patterns
(e.g., GitHub repository-specific terminology) are easier to rank
correctly than datasets with more homogeneous text (e.g., Chicago
crime descriptions that share similar phrasing across incidents).

B Hyperparameter Sensitivity Analysis

We investigate the sensitivity of LA-STPP to key hyperparameters
on the Chicago Crime dataset, varying one parameter at a time
while holding all others at their default values. Results are reported
in Table 4.

LoRA rank. The LoRA rank r controls the expressiveness of the
low-rank adaptation applied to the LLM backbone. Performance
improves substantially as rank increases from 4 to 16, reflecting
the model’s growing capacity to encode domain-specific event pat-
terns into its hidden representations. However, increasing the rank
beyond 16 yields slightly worse results, suggesting that excessive
adaptation capacity leads to overfitting on the training sequences.
The default rank of 16 provides a favorable balance between adap-
tation expressiveness and generalization.
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Table 4: Hyperparameter sensitivity analysis on Chicago
Crime. Each row varies one parameter from its default
(marked with *). We report testing log-likelihood, time MAE,
location MAE, and text retrieval MRR.

Parameter Value Testing ¢ Time MAE Loc. MAE
4 -4.819 8.71 0.84
8 -3.540 7.29 0.75
LoRA rank
ORA rank (r) 16* -3.172 6.81 0.68
32 -3.284 6.92 0.70
-3.183 6.86 0.98
-3.177 6.83 0.78
MM K
GMM components (K) . 3.172 6.81 0.68
7 -3.175 6.80 0.69
0.0 -3.166 7.98 0.63
5 0.5 -3.170 7.23 0.67
time 1.0* -3.172 6.81 0.68
2.0 -3.389 6.49 0.82
0.0 -3.168 6.76 0.85
5 0.5 -3.171 6.79 0.74
loc 1.0* -3.172 6.81 0.68
2.0 -3.179 6.82 0.66

GMM components. The number of Gaussian mixture components
K governs the flexibility of the spatial density model. A single com-
ponent produces notably higher location error, as it cannot capture
the multi-modal spatial distribution of crime incidents across dif-
ferent neighborhoods. Increasing K from 1 to 5 steadily improves
spatial prediction, but further increases to 7 yield diminishing re-
turns with comparable performance. The log-likelihood and time
MAE remain largely unaffected by K, confirming that the spatial
head operates independently of the temporal intensity component.

Loss weights. The auxiliary loss weights fiime and fio. exhibit
complementary trade-offs. For fijmye, removing auxiliary time su-
pervision entirely preserves log-likelihood but degrades time pre-
diction accuracy, while over-weighting it begins to interfere with
the intensity-based log-likelihood optimization. For fj,, the lo-
cation MAE improves monotonically with increasing weight, but
aggressive weighting marginally degrades the log-likelihood. The
default setting of Brime = Ploc = 1.0 achieves a balanced trade-off
across all metrics without substantially compromising any single
objective.
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