
Towards transferable activity-based models – an activity scheduling case
study evaluating transfer learning of human behaviours

Fred Shone*1 and Tim Hillel2

1PhD Student, Behaviour and Infrastructure Group (BIG), UCL, UK
2Assistant Professor, Behaviour and Infrastructure Group (BIG), UCL, UK

Short summary

Activity-based transport models are expensive. New models or scenarios require expensive data
collection, re-specification, re-calibration and estimation. Adopting models in new locations or
adapting them for novel scenarios is challenging. We collect and consolidate 3.6 million worldwide
household travel surveys. We train a deep generative scheduling model on these schedules. We
show that this model can transfer learning about human scheduling behaviours temporally and,
to a very limited extent, spatially. Potentially enabling predictions in novel settings without new
data collection, re-specification, re-calibration, or re-training.
We share experiments demonstrating (i) transfer learning temporally and spatially, allowing models
to perform better given additional data from other years and, to a limited extent, other places,
and (ii) the ability to make out-of-context predictions in novel scenarios, such as for missing data
or a new location. Our work demonstrates a promising route towards foundational behavioural
models that can make high-quality predictions in novel scenarios. For certain situations, such as
where standard models are infeasible due to cost, time or data constraints, such models would be
valuable.
Keywords: Activity Based Modelling, Activity Scheduling, Choice Modelling, Deep Generative
Machine Learning

1 Introduction

Activity-based modelling is now the dominant paradigm in strategic demand modelling (Freedman
et al., 2025). However, E. Miller (2023) notes - “the (very) slow adoption of activity-based travel
demand models in operational planning practice”. Even in the US, arguably the home of activity-
based modelling, adoption is not straightforward (Atchley et al., 2025), and application further
afield (My et al., 2024) is particularly challenging, due to onerous data requirements and complex
bespoke architectures.
For this work, we focus on activity scheduling - the prediction of activity participations, their order
and durations. Schedule prediction requires the generation of some number of activity types and
durations across 24 hours, a particularly thorny sub-problem of broader activity-based modelling.
The most prevalent applied approaches to activity scheduling, such as by CT-RAMP (Davidson
et al., 2010) and ActivitySim (Li et al., 2025), decompose the schedule generation process into
sequences of discrete choice models, such as primary tour, secondary sub-tours and then durations
or start times. The structure of decompositions is calibrated such that transfer to new locations
is difficult (Bowman & Bradley, 2017).
Some models, such as TASHA (E. J. Miller & Roorda, 2003), ALBATROSS (Arentze & Tim-
mermans, 2004), and ADAPTS (Auld & Mohammadian, 2009), incorporate more heuristic or
rule-based processes to generate schedules. This potentially improves the realism of the modelling
process, but is also highly sensitive to calibration, which further hinders reuse or repurposing for
new locations or scenarios.
There is also now a significant body of research that broadly seeks to simplify the activity schedul-
ing process into fewer decompositions, based on the idea that jointly predicted components can
better capture real scheduling dependencies. Multiple discrete–continuous extreme value (MD-
CEV) approaches, such as by Bhat (2005) and Wang et al. (2025), can be used to jointly predict
both activity participations and their durations. However, additional modelling is still required to
generate the activity order.
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Table 1: Experiments summary

Section Name Description
3 Temporal transfer learning Extending the temporal scope of training.
4 Spatial transfer learning Extending the spatial scope of training.
5 Out-of-context attribute inference Inference with missing attribute.
6 Out-of-context population inference Inference in novel scenario.

Figure 1: Illustrations of (a) traditional scenario scope and training data, (b) extending
training data to benefit from transfer learning, and (c) modelling scenarios out-of-context
of training data.

OASIS by Pougala et al. (2023) is a fully simultaneous approach to activity scheduling (and also
mode and location choice). However, estimation and simulation of schedules is computationally
challenging. Manser et al. (2021) manage to scale the approach to application as part of an activity-
based transport demand model, but they limit the scope of the approach to activity timings only.
We base our experiments on a simultaneous activity scheduling model called ActVAE by Shone
& Hillel (2025). ActVAE uses a deep generative machine learning approach to model activity
schedules. Deep generative models, particularly large language models, have demonstrated strong
generalisation capabilities, including the ability to perform effectively in novel or out-of-distribution
scenarios through large-scale pre-training and transfer learning (Budnikov et al., 2025). These
advances raise the question of whether similar approaches can enhance behavioural modelling in
transportation.

Contributions

We contribute (i) a dataset of 3.6 million reconciled activity schedules and attributes, and (ii) sys-
tematic testing of ActVAE for transfer learning and out-of-context inference. These concepts are
illustrated in Figure 1. We present four experiments summarised in Table 1.

2 Methodology

Data

We contribute Foundata1, a project for extracting trips from various open household travel survey
sources with homogenised attributes and activity types. Using Foundata, we create a dataset of
3.6 million 24-hour activity schedules and associated attributes from the US, UK, Australia and
South Korea, spanning from 2002 to 2024. Available attributes are summarised in Table 2. Please
refer to Foundata for details of attribute availability.
Activity schedules are assembled from trip data using PAM (Shone et al., 2024). We remove trips
(trip durations are added to the following activity) and map the activity types to the set {home,
work, education, leisure, medical, escort, other, visit, shop}. Schedules are filtered to only include
sequences that start and end at home.

1https://github.com/fredshone/foundata
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Table 2: Foundata Label Summary

Type Label Categories
Day Day {monday, tuesday, ..., unknown}
Day Month {january, february, ..., unknown}
Day Year {2000, 2001, ..., 2024}
Day Max temperature {lowest, low, mid, high, highest, unknown}
Day Rainfall {yes, no, unknown}
Person Gender {male, female, unknown}
Person Age {0, 1, 2, 3, ..., unknown}
Person Employment {ft, pt, education, unemployed, retired, unknown}
Person Can WFH {n/a, yes, no, unknown}
Person Disability {yes, no, unknown}
Person Education {n/a, none, school, high-school, degree, unknown}
Person Licence {n/a, yes, no, unknown}
Person Occupation {n/a, clerical, managerial, manual, professional, ..., unknown}
Person Race {asian, black, multi-racial, non-white, white, other, unknown}
Person Relationship to head {self, child, parent, partner, relative, sibling, ..., unknown}
Household Income {highest, high, medium, low, lowest}
Household Ownership {owned, rented, other, unknown}
Household Dwelling {house, flat, other, unknown}
Household Vehicles {0, 1, 2, 3, ..., unknown}
Household Size {0, 1, 2, 3, ..., unknown}
Household Area classification {urban, suburban, rural, unknown}
Supply PT access/egress distance {lowest, low, mid, high, highest, unknown}
Supply Avg. trip speed {lowest, low, mid, high, highest, unknown}

Evaluation

For all experiments, we establish a target sample of schedules and attributes. For example, UK
2024. We then define training samples of schedules and attributes, for example, UK 2002 to
2024, or US+UK 2002 to 2024. This dataset is further split 80-10-10 into train, validate and test
datasets. These are then used to train the model.
We use the following attributes for both training, generation and evaluation: (i) year of travel,
(ii) day of travel, (iii) household zone (urban, suburban, or rural), (iv) household income, (v) person
sex, (vi) person age, (vii) public transit access/egress distance, and (viii) average travel speed.
After training, synthetic schedules are generated for all of the target attributes. We then evalu-
ate how well the synthetic joint distributions of schedules and their attributes match the target
distribution of schedules and attributes.
Evaluation of how well distributions match is via density estimation. We use a strategy of compar-
ing many different marginal distributions to approximate the full joint distributions. The distance
between these distributions, in the target and synthetics, is then measured using the Wasserstein
distance, such that lower is better. The full suite of distributions is detailed in Shone & Hillel
(2025). For brevity, we report distances aggregated to activity (i) participations, (ii) transitions
(ordering), (iii) and timings.

Model design

We use ActVAE by Shone & Hillel (2025) to model schedules for given input attributes. ActVAE is a
Conditional Variational Auto-Encoder (VAE), specially developed for generating activity schedules,
conditional on input attributes.
Formally, ActVAE learns the joint distribution of schedules and attributes, p(x̂ | y), where p(x̂)
is an estimate of the target distribution of schedules p(x), and p(y) the target distribution of
attributes. This is done by learning a decoder, pθ, that maps from a latent representation z and
input attributes y, to output schedules x̂. The model is trained such that the latent has a prior
normal distribution:

p(x | y) = pθ(x̂ | y, z)p(z), with p(z) ∼ N (0, I). (1)

To learn pθ, VAEs also learn an encoder, qϕ, that maps from the observed distribution p(x) to the
latent prior p(z). The training process is illustrated in Figure 2(a) and is formulated as follows:
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Figure 2: ActVAE: (a) statistical model, (b) training architecture, (c) generating architec-
ture

p(x | y) = pθ(x̂ | z)qϕ(z | x), with p(z) ∼ N (0, I). (2)

ActVAE separates the encoder and decoder into a schedule encoder, a schedule decoder and an
attribute encoder, which is shared across the encoder and decoder, as per Figure 2(b). For schedule
generation, the encoder is discarded and new schedules are predicted by passing input attributes y
into the label encoder and random samples from p(z) into the schedule decoder as per Figure 2(c).
The ActVAE architecture combines a flexible learnt embedding for multiple attributes, a continuous
schedule duration encoding, and recurrent schedule encoder/decoder architectures. These are
briefly described in the following sections. Please refer to Shone & Hillel (2025) for full details.

Attributes encoding and encoder architecture

Attributes are treated as categorical tokens, which are first embedded by the attribute encoder
using learn embeddings of size 64. These are then added element-wise and then passed through a
single fully connected layer, which resizes the joint attribute embedding as required for input to
the schedule encoder or decoder.

Schedule encoding and encoder/decoder architectures

As per Shone & Hillel (2024), schedules are encoded as sequences of tokenised activity types and
durations, normalised between 0 and 1. Activity tokens are embedded using learnt embeddings of
size 255 and their durations concatenated, so that the final schedule embedding size is 256 by 16,
where 16 is the maximum sequence length. Sequences are padded using special end-of-sequence
tokens as required.
The schedule encoder and decoder use recurrent LSTM architectures of depth 4 and size 256.
Embedded attributes are injected into the initial hidden state of the LSTM layers using element-
wise addition. The decoder’s initial hidden state is somewhat analogous to a human plan, or
intention, at the start of the day, comprised of both deterministic information from input attributes
and random information from the latent.
Please note that although the decoder architecture is recurrent, we use argmax sampling, such
that the model is not auto-regressive generative. Instead, all random variance is represented in the
latent prior. This variation is important for scheduling, which is observed to vary, often greatly,
even for individuals with similar or equal attributes. Although auto-regressive approaches are
expected to be more powerful than VAEs, we find the benefit of the VAE to be data efficiency,
allowing it to be trained on relatively small datasets appropriate for our domain.

Model training and hyper-parameters

For each scenario, the model is trained on 80% of the training dataset. We use the remaining for
validation during training and checking for over-fitting afterwards. We train models until validation
loss stabilises, typically for around 10,000 batch steps. We use Adam for gradient descent. We
use a learning rate of 0.001, a batch size of 1024, and a latent size of 6 throughout. Code and
documentation for the following experiments are available from Caveat2.

2https://github.com/big-ucl/caveat
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Table 3: Experiment A evaluation and training data summary

A0 baseline A1 (2 yrs) A2 (4 yrs) A3 (8 yrs) A4 (16 yrs)
Domain Scenario evaluation scores
Participations 0.046 0.056 0.054 0.047 0.035
Transitions 0.003 0.003 0.002 0.002 0.003
Timing 0.022 0.020 0.018 0.016 0.015
Domain (Compared to naive case)
Participations -0.1% 25.2% 5.7% -28.7% -50.7%
Transitions 28.2% 46.0% 10.6% -47.1% -29.2%
Timing 13.9% 15.5% 13.2% -29.4% -28.9%
Year Training data quantity by year (NTS)
2024 69,826 69,826 69,826 69,826 69,826
2023 0 58,263 58,263 58,263 58,263
2022 0 0 33,185 33,185 33,185
2021 0 0 36,909 36,909 36,909
2020 0 0 0 23,145 23,145
2019 0 0 0 60,446 60,446
2018 0 0 0 59,825 59,825
2017 0 0 0 60,213 60,213
2016 0 0 0 0 66,501
2015 0 0 0 0 66,080
2014 0 0 0 0 69,871
2013 0 0 0 0 68,140
2012 0 0 0 0 81,344
2011 0 0 0 0 76,605
2010 0 0 0 0 80,651
2009 0 0 0 0 85,435
Total 69,826 128,089 198,183 401,812 996,439

3 Experiment A - temporal transfer learning

We first evaluate the ability of the model to transfer learning temporally. We use NTS (UK) 2024
data as our target. We then train and evaluate (i) a baseline (A0), trained on data equal to the
target, and (ii) 4 scenarios (A1 to A4) with 2, 4, 8 and 16 years of NTS data. The resulting training
datasets are summarised in Table 3.
The evaluation summary in Table 3 shows improving density estimations with more years of data.
In Figure 3 we illustrate successful model sensitivities with a sample of expected distributions
varying by (i) day of week, (ii) PT accessibility, and (iii) age.
Trivially, more data leads to a better-performing model. However, the target distribution remains
2024, while the 16-year scenario includes training data from as far back as 2009. This period
includes diversity in behaviour, for example, due to the Covid pandemic, as well as longer-term
shifts in behaviour. This is illustrated in Figure 3, where we can see that the largest training
dataset - 16 years actual - varies, sometimes significantly, from the target distribution.
To untangle the benefit of simply adding more data from that of transferring information from
other contexts, we consider a naive model, with the travel year attribute omitted. Table 3 shows
that this temporal naivety significantly weakens performance for the longer-term scenarios. This
shows that the model is using temporal attribute information to improve predictions in the 2024
context. However, the impact of removing the travel year attribute is sometimes positive for smaller
training datasets, suggesting that its addition may be confusing models with less training data.

4 Experiment B - spatial transfer learning

We evaluate the ability of the model to transfer learning spatially, from different sources of surveys
and locations. We again use NTS 2024 data as our target. We then train and evaluate an NTS
baseline (B0) and 4 scenarios (B1 to B4) with increasing spatial scope; (i) UK, (ii) UK+AUS,
(iii) Western, and (iv) World. The baseline and scenarios all use data from 2021-2024. The
resulting training datasets are summarised in Table 4.
Unlike temporal transfer learning, evidence for spatial transfer learning is mixed. The evaluation
summary in Table 4 suggests that density estimation is generally worsened as the training dataset
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Figure 3: Experiment A - sample of modelled and target expected distributions by day,
public transit accessibility and age.
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Table 4: Experiment B evaluation and training data summary

B0 (baseline) B1 (UK) B2 (UK+AUS) B3 (western) B4 (world)
Domain Scenario evaluation scores
Participations 0.059 0.065 0.070 0.082 0.070
Transitions 0.003 0.003 0.006 0.009 0.007
Timing 0.023 0.022 0.056 0.066 0.060
Domain (Compared to naive case)
Participations 29.0% 5.4% 3.3% 23.0% -20.0%
Transitions 6.3% -42.1% -26.2% 50.7% 2.1%
Timing -7.5% -23.8% 10.4% 36.5% 13.8%
Source Training data quantity by source
NTS 69,826 69,826 69,826 69,826 69,826
LTDS 0 25,812 25,812 25,812 25,812
VISTA 0 0 11,014 11,014 11,014
QHTS 0 0 23,271 23,271 23,271
NHTS 0 0 0 8,623 8,623
KTDB 0 0 0 0 90,798
Total 69,826 95,638 129,923 138,546 229,344

is extended further afield, and there is no clear improvement over the naive case (with the source
attribute concealed from the model). However, there is some evidence that the inclusion of LTDS
data (London) for the UK scenario is beneficial. Figure 4 shows that for some sensitivities, the
UK scenario performs better.
We can reasonably expect scheduling behaviour to vary internationally, and therefore that the
western and world datasets have more varied and complex distributions. This likely causes con-
ditional collapse - a failure to consider attribute information when generating schedules, resulting
in the flat lines observed in Figure 4.

5 Experiment C - out-of-context attribute learning

We evaluate the ability of the model to make out-of-context predictions. We simulate missing
household income attributes from the target dataset and then test the model’s ability to recreate
them from other data sources. We again use NTS 2024 data as our target. We then train and
evaluate three scenarios; (i) C0, baseline, trained on target data, (ii) C1, temporal transfer, trained
on NTS 2017 to 2024 data, and (iii) C2, spatial transfer, trained on UK (NTS and LTDS) 2017 to
2024.
For scenario C1, the household income attribute is concealed from the target year 2024. The
model is therefore tested to see how well it can recover the household income distribution from
other years. For C2, the household income attribute is concealed from the entire NTS dataset
for all years. The model is therefore tested to see how well it can recover the target household
income distribution from the LTDS (London) data. Note that the evaluation considers the joint
distributions between schedules and household incomes specifically.
As per Table 5 and example distributions in Figure 5, we see that temporal transfer is able to best
recover the information about household income for generating schedules, including outperforming
the baseline. The distributions of incomes and schedules in the LTDS (London) and target NTS
(UK) datasets vary. Crucially for this work, they also may not be easily comparable, for example,
due to varying costs of living. We can therefore reasonably expect spatial transfer to be challenging.
However, we can also expect similarities and therefore useful information for transfer, for example,
by persons in the NTS data who live in urban areas. The challenge of spatial transfer is therefore
some combination of insufficient context and noisy context, preventing the model from successfully
learning transferable patterns.

6 Experiment D - out-of-context population inference

We test the ability of ActVAE to predict schedules for an unobserved population. We use VISTA
(Victoria, Australia) 2017 to 2024 data as our target. We then train and evaluate three scenarios;
(i) D0, baseline, trained on target data, (ii) D1, Australian, trained on QHTS (Queensland, Aus-
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Figure 4: Experiment B - sample of modelled and target expected distributions by day,
travel speed and age.

Table 5: Experiment C - Evaluation and training data summary

C0 (baseline) C1 (temporal) C2 (spatial)
Domain Evaluation scores
Participations 0.056 0.042 0.090
Transitions 0.007 0.003 0.013
Timing 0.024 0.017 0.044
Source Training data quantity by source
NTS 69,826 401,812 401,812
LTDS 0 0 37,728
Total 69,826 401,812 439,540
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Figure 5: Experiment C - sample of modelled and target expected distributions by house-
hold income.

Table 6: Experiment D evaluation and training data summary

Domain D0 (baseline) D1 (Australian) D2 (Western)
Scenario evaluation scores

Participations 0.153 0.279 0.239
Transitions 0.009 0.014 0.013
Timing 0.036 0.188 0.047
Source Training data quantity by source
VISTA (Target) 25,531 0 0
QHTS 0 37,002 37,002
LTDS 0 0 17,645
NHTS 0 0 63,888
NTS 0 0 401,781
Total 25,531 37,002 520,316

tralia) 2017 to 2024 data, and (iii) D2, Western, trained on QHTS, UK and US 2017 to 2024 data.
Note that the target dataset for Victoria is omitted from scenarios D1 and D2. We are therefore
evaluating how well the model is able to recover this distribution from elsewhere.
Results in Table 6 show that both scenarios D1 and D2 poorly estimate the target VISTA distri-
bution. The significantly larger Western context from D2 improves evaluations compared to D1,
suggesting some benefit from transfer learning. However, Figure 6 shows that D2 in particular has
suffered conditional collapse, and therefore that useful transfer of learning is unlikely to be taking
place.

7 Conclusions

We consolidate 3.6 million household travel surveys to demonstrate temporal transfer learning and
some limited spatial transfer learning for activity schedule modelling. Using transfer learning, we
are able to model missing household income distributions and, to a very limited extent, an out-
of-context scenario. Such model capability has the future potential to (i) improve existing model
performances at predicting activity schedules, (ii) enable conditionality on unknown attributes,
and (iii) make modelling in new locations with no survey data feasible.
For transferring learning spatially, from one country to another, the model does not perform. Even
in the easier temporal case, the model shows some unexplained behaviours. However, the ability
to model scenarios from a pre-trained world model is alluring, and we take some steps towards it.
We note that the failure mechanism appears to be conditional collapse, where the model learns
to ignore conditional information, preventing it from transferring learning from one context to
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Figure 6: Experiment D - sample of modelled and target distributions, by zone type, travel
speed and age.
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another. Improving the conditional capability is therefore a priority for further research. Addi-
tionally, further work will look to compare ActVAE to more conventional models, which may also
benefit from more data.
Conditional collapse is a particular challenge with human behaviours, because they are noisy. For
example, a person or similar persons can have radically different schedules, depending in if they
remember to set their alarm, whilst two radically different persons can have the same schedule.
For image classification, this would be analogous to systematically mislabelling some cats as dogs.
The noisiness of human behaviours is exacerbated by the reconciliation of attributes and activity
types across different survey sources. Some attributes are unknown and, more generally, encodings
may have different meanings for different countries. Further work with Foundata3 will look to
improve the consolidation of attributes and activities, as well as extend the available data to more
locations, such as Asia and Europe. There is also an opportunity to learn general embeddings for
attributes and activity types that are context aware – taking into account where and when they
are from.
Finally, we note that ActVAE was developed for conventional scenario modelling applications,
with relatively limited data availability. A core design requirement of ActVAE was therefore
data efficiency. However, with access to millions of training samples, alternative approaches and
architectures are likely viable.
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