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ABSTRACT Event logs record the execution of business processes as sequences of timestamped events.
Most predictive process monitoring methods still learn a separate model per log: when the process, the
activity vocabulary, or the time scale changes, the model must be retrained and revalidated. This paper takes
a different route and argues for a foundation model for process mining: a single reusable model trained
across heterogeneous event logs, designed to generalize to new logs and to be adapted with only a small set
of in-log examples. To the best of our knowledge, we present the first event-log-native foundation model
specifically tailored to process mining. The model consumes prefixes of cases directly (as ordered event
sequences with timestamps and attributes), produces a compact representation of the running case, and
supports two core monitoring tasks: next-activity prediction and remaining-time estimation, without any
per-log parameter updates. At use time, it adapts in context from a support set sampled from the target log,
which aligns the model to the local activity set and temporal scale; string attributes can optionally provide
additional semantic hints. We study both balanced few-shot contexts and retrieval-based contexts built by
nearest-neighbor selection with same-case masking, and we report extensive ablations over context size and
design choices. Results on held-out logs and a real-life case study show that a single pretrained model can
transfer to unseen event logs and improve with a handful of contextual examples. Overall, this work is a first
step toward general-purpose, reusable foundation models for process mining that can be trained once and
applied broadly across organizations and processes.

INDEX TERMS Foundation Models, Process Mining, Predictive Process Monitoring, In-Context Learning

I. INTRODUCTION

Process mining studies event data recorded by information
systems to discover, monitor, and improve real processes
[1]. An event log captures process executions as cases (e.g.,
orders, tickets, applications), each represented by a time-
ordered sequence of events with activity labels, timestamps,
and optional attributes. This sequential, time-stamped struc-
ture is central: it encodes control-flow (what happened and
in which order) and performance (how long things took).
Figure 1 sketches this setting: a single event-log-native foun-
dation model is pretrained across heterogeneous logs and, at
deployment on an unseen log, adapts purely in context from
a small set of labeled support prefixes to predict the next
activity and the remaining time.

A key application area is predictive process monitoring:
using partial case histories to anticipate what will happen
next in a running case. Typical tasks include predicting the

next activity and estimating the remaining cycle time [2], [3].
Most approaches address these tasks by training a supervised
model on one historical log and then deploying it on the same
process setting [2], [4]. In practice, however, organizations
face many event logs and frequent change: activity vocab-
ularies differ across systems, naming conventions vary, and
temporal regimes shift. As a result, per-log models often re-
quire retraining, retuning, and renewed validation whenever
the context changes [2]–[4].

This paper proposes a foundation-model perspective for
predictive process monitoring. In this work, foundation
model does not mean a specific kind of neural architecture or
simply a “deep” model. Rather, it refers to a single reusable
model trained across many datasets in the same domain, with
the explicit goal of (i) capturing reusable regularities and (ii)
transferring to unseen datasets with little or no additional
training [5]. In other domains, foundation models have en-
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FIGURE 1: Event-log-native foundation model with in-context adaptation to unseen logs. The foundation model (FM) is
pretrained once on many heterogeneous event logs. At deployment on a new unseen log, we do not retrain the FM: complete
historical cases from the target log are used to extract labeled support prefixes (context), while prefixes from running cases
serve as query prefixes. Given the support and query prefixes, the frozen FM predicts the next activity and the remaining time,
adapting to the new log through the provided context rather than through parameter updates.

abled strong transfer across datasets (e.g., language models;
and more recently models for time series and tables) [5]–[9].
Yet process mining has a distinct input structure: event logs
are sequences of timestamped events, not plain tables, and
they require models that respect ordering, timing, and local
activity vocabularies.

To the best of our knowledge, we introduce the first
process-mining-specific, event-log-native foundation model.
Event-log-native means that the model consumes event se-
quences directly (case prefixes as ordered events with times-
tamps and attributes), instead of relying on log-specific fea-
ture engineering or flattening prefixes into fixed encodings
that implicitly assume a stable global activity set. The central
claim is that a single pretrained model can generalize across
event logs: when given a small set of labeled examples from
a new target log, it can adapt to that log’s local activity space
and temporal scale without retraining or updating parameters.

Concretely, the proposed model learns a general way to
represent (i) individual events using simple time-derived
signals and optional string-based cues, and (ii) whole prefixes
by summarizing the event sequence into a fixed-dimensional
“state” vector. Predictions for a target prefix are then made
in context by comparing it to a small support set drawn from
the same target log. This makes the adaptation mechanism
explicit and lightweight: the support set supplies the local
meaning of activity labels and anchors time-related predic-
tions to the target log. We study two practical ways to build
such support sets: controlled, balanced few-shot contexts and
retrieval-based contexts built from nearest neighbors (while
masking examples from the same case to avoid information
leakage).

Overall, this work should be read as a first step toward
broader foundation models for process mining: models that

are trained once on diverse event logs and can be reused
across new processes, organizations, and tasks, reducing the
need for repeated per-log training cycles and enabling more
plug-and-play process analytics.

To make the scope precise, we investigate the following
research questions:
RQ1. Cross-log generalization. To what extent can a single

event-log-native foundation model, trained across het-
erogeneous logs, transfer to unseen logs using only a
small in-log context and no parameter updates?

RQ2. How to form the context. How do balanced few-shot
support sets compare to retrieval-based support sets in
terms of accuracy, data efficiency, and robustness to
label imbalance?

RQ3. Design choices. Which components most affect trans-
fer (event representation, prefix summarization, con-
text size, and optional use of string semantics)?

RQ4. Reliability. Do the model’s built-in confidence signals
correlate with errors and help diagnose when predic-
tions are well supported by the available context?

RQ5. Baselines under the same data budget. How does in-
context transfer compare to strong baselines that fit a
small model directly on the same support examples
from the target log?

The rest of the paper is organized as follows: Section II
reviews related work on predictive process monitoring and
foundation models; Section III introduces notation for event
logs, prefixes, and predictive tasks; Section IV describes
the proposed event-log-native foundation model and its in-
context adaptation mechanism; Section V summarizes the
implementation; Section VI reports experimental results and
ablations; Section VII discusses alternative design options;
and Section VIII concludes and outlines future directions.
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II. RELATED WORK
Research on predictive process monitoring and on foundation
models spans several directions. We group related work into
three areas and compare them with our approach.

A. PREDICTIVE PROCESS MONITORING
Early work focused on supervised learning models trained
per event log to predict the next activity, the remaining time,
or other process outcomes [2]. Deep learning approaches then
gained traction. Recurrent neural networks and LSTMs were
used to predict next activities, timestamps, or trace suffixes
[4], [10], [11]. More recent work investigated transformer-
based architectures for next-activity prediction [12]. Surveys
provide broad overviews of machine learning in business
process management [13].

These methods are trained for a specific process or dataset.
When applied to a new log, they require retraining and as-
sume a fixed activity vocabulary and stable data distribution
[2]. They also do not provide mechanisms for in-context
adaptation.

Our approach differs by training a single foundation model
across heterogeneous logs and adapting it to a new log
through in-context examples at inference time, without pa-
rameter updates. It operates directly on event sequences
rather than static prefix encodings.

B. FOUNDATION MODELS FOR TABULAR AND
TIME-SERIES DATA
Foundation models have been developed for time-series fore-
casting and tabular prediction. Time-series models such as
TimesFM and TimeGPT-1 demonstrate strong zero-shot or
few-shot forecasting performance across diverse datasets [6],
[14]. For tabular data, TabPFN treats classification as amor-
tized Bayesian inference and achieves strong accuracy with
minimal configuration [15]. SAP-RPT-1-OSS and ConText-
Tab extend in-context learning to relational tabular data and
incorporate semantic embeddings [8], [9].

However, these models are not designed for event logs.
They operate on row-based structures and thus cannot di-
rectly exploit the sequential dependencies, control-flow pat-
terns, and timestamp relationships inherent to process execu-
tions.

Our work introduces a foundation model specifically for
event-log sequences. Rather than flattening prefixes into
tabular rows, the model encodes the sequence of events,
enabling richer extraction of control-flow and temporal cues.

C. FEW-SHOT AND METRIC-BASED META-LEARNING
Prototypical networks [16] represent classes through pro-
totypes in an embedding space and perform prediction via
distance comparisons. They have been influential in few-shot
learning due to their simplicity and effectiveness.

Our method integrates prototypical classification and re-
gression heads with a transformer-based prefix encoder
trained on event logs. At inference time, a small support set
from the target log defines the context for in-situ adaptation,

combining ideas from meta-learning with process-mining-
specific sequential modeling.

III. PRELIMINARIES
The following preliminaries formalize event data structures
and core prediction problems.

A. EVENT LOGS, CASES, TRACES, AND ATTRIBUTES
We work with event data produced by information systems.
Intuitively, a case records one execution of a process; the
history of a case is a time-ordered list of events; and an
event log is a finite collection of such case histories. This
subsection formalizes these objects and fixes the notation
used throughout the paper. Let � be an alphabet of strings
and let A � � denote the (finite) set of activity labels
present in the current log. We write E for the universe of
events. Each event e 2 E comes with projections for the
mandatory fields �act : E ! A and �time : E ! R,
mapping e to its activity label and its timestamp, respectively.
Optional attributes are represented as partial maps indexed
by attribute names. Let NR and N� be finite sets of names
for numeric and string attributes. For every e 2 E we use
�R(e) : NR * R and ��(e) : N� * � to denote the
(possibly undefined) value of each named numeric or string
attribute on e. When an attribute is missing, its projection
is undefined; in later components this is handled explicitly
but no special convention is needed here. A trace (or case
history) is a finite sequence of events ordered by time, � =
(e1; : : : ; eT ) with T 2 N�1, such that timestamps are strictly
increasing within the sequence: �time(ei) < �time(ei+1)
for all i 2 f1; : : : ; T � 1g. If the source system produces
equal timestamps for consecutive events, we assume a stable
tie-break that induces a strict order; none of the results
depends on how ties are broken. We write j� j = T for the
length of a trace and last(�) = eT for its last event. An
event log L is a finite set of traces, L �

S
T�1E

T , where
each trace in L corresponds to one case. By construction, the
activity set A is exactly the set of activity labels observed in
L, i.e.,

A := f�act(e) : e 2 �; � 2 Lg:

Unless stated otherwise we do not compare timestamps
across different traces; time is only ordered within a case.

B. PREFIXES OF TRACES
Predictions in this work are conditioned on what has hap-
pened so far in a running case. Given a trace � = (e1; : : : ; eT )
in time order, the prefix of length m, with 1 � m � T , is the
initial segment ��m = (e1; : : : ; em). We use j��mj = m
for its length and keep the time order inherited from � .
The case is non-complete at position m when m < T ;
in that situation the next event in the full trace is em+1

and its activity label �act(em+1) becomes the target for
next-activity prediction introduced later. The last timestamp
observed in the prefix is �time(em), which serves as the
origin for remaining-time prediction. It is useful to make
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simple elapsed-time quantities explicit on prefixes. The time
since the start of the case at position m is �start(em) =
�time(em)��time(e1), and the time since the previous event
is �prev(em) = 0 if m = 1 and �time(em)� �time(em�1)
if m � 2. These quantities depend only on the information
contained in the prefix and will be reused as basic numeric
features. A prefix is determined entirely by its first m events
and their attributes. When we write functions of a prefix, we
will often suppress explicit mention of � andm if the context
is unambiguous; for example, we write �start and �prev for
the values at the current last event in the prefix.

C. PREDICTIVE TASKS
We study two standard predictive questions on non-complete
prefixes. Let � = (e1; : : : ; eT ) be a trace in a log L, let 1 �
m < T , and write ��m = (e1; : : : ; em) for its prefix. The
set of admissible inputs for prediction is the collection of all
such prefixes, denoted Pref�(L).

The first task is next-activity prediction. The goal is to
determine which activity occurs immediately after the prefix.
Formally, the target is the map

a? : Pref�(L) �! A; a?(��m) := �act(em+1);

where A is the set of activity labels observed in the log (cf.
Section III-A). The learning problem later associates to each
��m a probability distribution overA supported on the labels
relevant to the episode.

The second task is remaining-time prediction. The aim is
to estimate how much time remains from the last event in the
prefix to the completion of the case. With tm := �time(em)
and tT := �time(eT ), the target is the nonnegative map

r? : Pref�(L) �! R�0; r?(��m) := tT � tm:

To stabilize heavy-tailed durations we may work on the
transformed scale ~r? =  

�
r?
�

with  (x) = log(1 + x)
and recover original units by  �1(z) = exp(z) � 1 when
reporting results.

Both targets depend only on information contained in the
prefix together with, for r?, the end-of-case timestamp used
here for definition and evaluation. Predictions are not defined
for complete prefixes (m = T ) and such inputs are excluded
from Pref�(L).

D. VECTOR INTERFACES FOR EVENTS AND PREFIXES
We represent each prefix by a fixed-dimensional embedding
and compare embeddings through a similarity function used
by the in-context heads.

Let d�; d 2 N denote the event-vector and prefix-
embedding dimensions. An event encoder is a map � : E !
Rd� and a prefix encoder is a map 
 : (Rd�)� ! Rd. For a
prefix ��m = (e1; : : : ; em) we write

y(��m) := 

�
�(e1); : : : ;�(em)

�
2 Rd:

To compare prefixes we use a similarity function � :
Rd � Rd ! R, where larger values indicate more similar

embeddings. All subsequent episode, prototype, and ker-
nel constructions depend on prefixes only through y(�) and
�(�; �). Section IV specifies concrete choices for �, 
, and �.

E. IN-CONTEXT EPISODES AND ADAPTATION
We formalize adaptation to a new log through small, self-
contained prediction problems called episodes. Each episode
provides a tiny labeled context drawn from the target log
and a disjoint set of query prefixes. Crucially, in realistic
monitoring, and in many test-time settings, the targets of
query prefixes (the next activity and the remaining time) are
future quantities and therefore unknown at prediction time.
We thus distinguish between (i) the observable query inputs
used for inference and (ii) the corresponding targets, which
are available only in supervised training or offline evaluation
on fully observed traces.

Let d 2 N be the prefix-embedding dimension and write
Y = Rd. Using the interfaces of Section III-D, every prefix
��m is mapped to a vector y(��m) 2 Y . An episode is a pair
(S;Q) with

S = f(yi; ti)gKi=1 and Q = fy0jgJj=1;

where yi; y0j 2 Y are embeddings of distinct prefixes from
the same target log, and ti are task-specific targets as defined
in Section III-C. For next-activity prediction one has ti 2
A, while for remaining-time prediction one has ti 2 R�0

(optionally on the transformed scale  ). Inputs are disjoint in
the sense that the prefixes that yield fyig and fy0jg share no
events.

When supervised signals for the queries are available (dur-
ing episodic training, or when evaluating on a fully observed
log), we denote the corresponding (held-out) query targets by
ft0jgJj=1 and may write the labeled query set as

Q = f(y0j ; t0j)gJj=1:

However, the predictor never receives t0j as input: at inference
time the model conditions only on S and on the query
embeddings fy0jg, while t0j (if known at all) is used solely
to compute losses or evaluation metrics.

The support set S is the context of the episode. It defines
the information available for adaptation and fixes the local
scope of the prediction. In classification we use the local label
set

AS := fti : (yi; ti) 2 Sg � A;

and predictions for a query embedding y0 are distributions
supported on AS . In regression the numeric scale is likewise
local: the remaining-time estimate for y0 is computed relative
to the values ftig present in S and, if  is used, is reported
back on the original scale via  �1.

By in-context adaptation we mean that the predictor for
queries takes the form of a mapping f(� j S) whose
behavior depends on S but not on any parameter update.
Concretely, for classification one obtains a conditional dis-
tribution fcls(y

0 j S) over AS , and for regression a scalar
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estimate freg(y0 j S) 2 R�0; in both cases S is an explicit
argument of the predictor at inference time.

Section IV-F details how we build S in episodic and
retrieval modes. An overview of how the shared mixture-of-
experts processes an episode for both next-activity classifica-
tion and remaining-time regression is shown in Figure 2.

IV. APPROACH
This section presents the architecture and learning paradigm
of the proposed foundation model. We build on the formal
interfaces introduced in the preliminaries and describe how
the implemented system instantiates them.

A. ARCHITECTURE OVERVIEW: MIXTURE-OF-EXPERTS
FOUNDATION MODEL
The model is a mixture-of-experts (MoE) with E experts.
Each expert e implements its own event encoder �(e) and
prefix encoder 
(e), thus inducing an embedding function
y(e)(��m) 2 Rd as defined in Section III-D. Given an
episode support set S from the target log (formalized in
Section III-E), each expert predicts for a query prefix using
two nonparametric, in-context heads: (i) a prototype classifier
for next-activity prediction and (ii) a kernel regressor for
remaining-time prediction (Section IV-D).

Training uses episodes sampled across heterogeneous logs.
Each training step routes one full episode to a single ran-
domly chosen expert and updates only that expert. At infer-
ence time, all experts process the same query and support
set in parallel; their outputs are combined using confidence-
aware aggregation (Section IV-G2). Episode construction for
training and test-time context is described in Section IV-E
and Section IV-F.

We route whole episodes to a single randomly chosen
expert during training, updating only that expert; at inference,
all experts are evaluated and their predictions are aggre-
gated. Episode construction is detailed in Section IV-E and
Section IV-F, while the aggregation rules are given in Sec-
tion IV-G2. A schematic comparison of training-time single-
expert updates versus inference-time all-expert aggregation
is provided in Figure 9.

B. EVENT-TO-VECTOR MAPPING �

The event-to-vector mapping � produces a fixed-size vec-
tor for each event, ready for the prefix encoder 
. The
concrete decomposition of � into basic temporal/numeric
features and an optional string/semantic channel is illustrated
in Figure 3. It is open-vocabulary, applying uniformly across
processes, and fuses two channels: an optional string channel
for attributes like activity names or resources, and a numeric
channel for features such as elapsed times.

The string channel embeds strings so that semantically
related terms (e.g., “approve”, “authorize”) map nearby when
semantics are enabled, aiding transfer across logs with vari-
ant naming. This is optional and can be regularized via
episode-level label shuffling during training (Section IV-E3):
with probability pshu�e, we apply a random permutation

of activity labels within an episode (to all events in sup-
port/query prefixes and to the next-activity targets), which
breaks any fixed global mapping from activity names to
labels and forces support-set-based meaning.

Semantics help when names follow consistent conventions
or span languages, clustering related labels pre-context. They
are often unnecessary with shuffling, as structure and timing
suffice, and can be disabled for noisy or idiosyncratic names,
yielding a structure-only mode where strings act as opaque
IDs. Predictions then depend solely on event order (via 
),
numeric features, and the support set. Two options exist: a
frozen pretrained text encoder for stable cross-log semantics
(fusing activity and resource vectors, e.g., by addition), or a
learned character/subword encoder robust to typos and styles
like “ApproveInvoice” or “approve_invoice”.

The numeric channel encodes universal signals like time
since case start (�start), time since previous event (�prev),
and cost (if present). We apply the monotone transform  
(defined in Section III-C) to heavy-tailed durations.

Channels combine by concatenation followed by a small
nonlinear projection and normalization, aligning scales for a
compact event vector. This supports unseen strings, retains
event-level temporal cues, and works in both semantic and
structure-only modes. The prefix encoder sees only these
vectors; all task-specific adaptation occurs in-context via
support sets.

C. PREFIX ENCODER 


The prefix encoder turns a variable-length sequence of event
vectors into a single vector that summarizes the state of the
case so far. The resulting prefix-to-vector mapping y(��m) =

(�(e1); : : : ;�(em)), including the summary token and
attention-style pooling used to obtain a fixed-dimensional
prefix embedding, is depicted in Figure 4. It must remember
order, focus on the few events that matter for the next deci-
sion, and work for short and long prefixes alike. We use an
attention-based encoder with a small learned summary token
and a pooling mechanism that produces one fixed-size vector
per prefix.

1) Order Encoding
The encoder first prepares the sequence so that order is
explicit and padding is ignored.

� Learned summary token. A special vector is added at
the front of every sequence. It plays the role of a global
collector that accumulates information from the whole
prefix.

� Positional signal. Each event vector receives a position-
specific signal so the model can tell whether an event
happened early or late in the case and how far apart events
are.

� Masking of padding. Prefixes have different lengths. We
keep a mask that marks padded positions. The attention
layers respect this mask so that padding never influences
the summary.
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FIGURE 2: Shared mixture-of-experts for classification and regression. Episodes consisting of support and query prefixes
are processed by a single mixture-of-experts encoder. For next-activity prediction (top), each expert applies a prototype-based
classifier and returns a class prediction with a confidence score; the model aggregates expert outputs by summing their class
probabilities and predicts the most probable next activity. For remaining-time prediction (bottom), the same experts use a
kernel-style regressor and produce time estimates with confidence scores; these are combined through a confidence-weighted
average to obtain the final remaining-time prediction.

FIGURE 3: Event-to-vector mapping (�). Each row of the event log (case, activity, timestamp, and additional attributes) is
mapped by � to a fixed-dimensional vector vi. The vector components combine simple temporal features (e.g., time since case
start and since the previous event), numeric attributes, and (optionally) semantic embeddings of string attributes such as the
activity name.

With these ingredients the encoder can compare and combine
events while preserving their order and spacing.

2) Context Aggregation

After order is made explicit, the sequence passes through a
stack of attention layers. Each layer lets an event look at
other events and refine its representation based on what came
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FIGURE 4: Pre�x-to-vector mapping (
). Given the events of a case pre�x ��m , the model �rst maps each event to an
event vector �(ei ) and de�nes the pre�x embedding as y(��m ) = 
(�(e 1); : : : ; �(e m )). The example shows the pre�x of
length m = 2 for case C1: the two event vectors v1 and v2 are stacked into a length-2 sequence, a learned summary ([CLS])
token is prepended, and the sequence is processed by transformer layers. The �nal pre�x embedding is obtained by combining
the summary token with an attention-pooled vector (as described in Section IV-C2) and projecting to a �xed-dimensional
embedding y(��m ) 2 R d.

before and after.
To reduce the re�ned sequence to a single vector, we use a

two-part pooling step:

� Attention pooling with a learned query. A small learned
query attends to all re�ned event vectors and returns a
pooled vector that emphasizes the most relevant positions
for the current pre�x.

� Hybrid merge with the summary token. The pooled vector
is combined with the learned summary token from the
front of the sequence. The merge is done by a simple pro-
jection that learns how much to trust the global summary
versus the attention pool. A light normalization stabilizes
the scale.

The result is one �xed-size pre�x embedding. It is order-
aware, it highlights informative events, and it is stable across
different pre�x lengths. The same embedding is then used
by the in-context heads for both next-activity and remaining-

time prediction, and it supports nearest-neighbor retrieval
when building the support set at test time.

D. IN-CONTEXT PREDICTION HEADS

The two nonparametric in-context heads are illustrated in
Figure 5 (prototype classi�er for next-activity prediction1)
and Figure 6 (kernel regressor for remaining time2).

Each expert predicts from a query pre�x embedding y0

1For clarity, the illustration shows a single embedding space with one
prototype-based head. In the implemented model, each expert in the mixture
has its own event encoder and pre�x encoder, forms its own prototypes from
the local support set, and the �nal next-activity prediction is obtained by
aggregating the per-expert class probabilities as described in Section IV-A.

2The distances and remaining times in the �gure are purely illustrative and
drawn on the raw time scale. In the actual approach, each expert operates in
its own pre�x-embedding space, kernel weights are computed per expert and
aggregated, and remaining times are often modeled on a transformed scale
~r =  (r) (e.g.,  (x) = log(1 + x)) before being mapped back to seconds,
as detailed in Section III-C and Section IV-D2.
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FIGURE 5: Prototype-based head for next-activity prediction. In the pre�x-embedding space Rd, the support set S for a new
log provides labeled pre�x embeddings (here with next activities A and B). For each activity a in the local label set, the model
forms a prototype pa by averaging the embeddings of its support examples. Given a query pre�x embedding y0, similarities
�(y 0; pa) to the prototypes are converted by a softmax into a posterior p̂(a j y0; S). The predicted next activity is the label with
the highest posterior probability, and the peak probability serves as a con�dence score.

FIGURE 6: Kernel regression head for remaining-time prediction. In the pre�x-embedding space Rd, each support pre�x
y i from the target log is paired with its observed remaining time ti . For a query pre�x embedding y0, the model assigns kernel
weights wi (y 0 j S) that decrease with the squared distance between y0 and yi and are normalized to sum to one. The predicted
remaining time is the similarity-weighted average br(y0 j S) =

P
i wi (y 0 j S) t i , while the maximum weight maxi wi (y 0 j S)

serves as a simple con�dence signal.

conditioned on an episode support set S (cf. Section III-E)
without any parameter update. The heads depend on S only
through support embeddings and targets and a similarity
measure in the embedding space.

1) Prototype-based Next-Activity Prediction

Let S = f(y i ; ai )gK
i=1 be support pairs with activity labels

and let AS be the induced local label set (Section III-E). For
each activity a 2 AS with index set Ia = fi : a i = ag, form

the prototype

pa =
1

jI a j

X

i2I a

yi :

Given a query embedding y0, compute class scores using
cosine similarity with temperature � > 0:

sa = � � cos(y 0; pa); p̂(a j y 0; S) =
esa

P
b2A S

esb
:

The prediction is arg maxa2A S p̂(a j y0; S).

8 VOLUME 4, 2016



Berti et al.: In-Context FM for Predictive Process Monitoring

2) Kernel-style Remaining-Time Regression

Let S = f(y i ; t i )gK
i=1 be support pairs with remaining-

time targets (possibly on the transformed scale  from Sec-
tion III-C). For query y0, de�ne normalized kernel weights

wi / exp
�

� 
 ky 0 � y i k2�
;

KX

i=1

wi = 1;

with 
 set by a robust median-distance heuristic to avoid per-
log tuning. The prediction is

t̂(y 0 j S) =
KX

i=1

wi t i ;

followed by  �1 if a transformed target is used.

3) Con�dence Signals

Both heads provide a con�dence signal that is reused by
the MoE aggregator (Section IV-G2): (i) for classi�cation,
the maximum softmax probability maxa2A S p̂(a j y0; S);
and (ii) for regression, a kernel-concentration proxy such
as maxi wi (high when one neighbor dominates, low when
weights are diffuse).

E. TRAINING STRATEGIES

We train the model to rely on small, local contexts and to gen-
eralize across heterogeneous logs. Training is organized in
episodes. Each episode mimics test-time use: a small support
set is provided and predictions are made for disjoint queries.
At each step, the full episode is routed to a single expert in
the mixture. Only that expert is updated. Episodes come in
two �avors that target complementary weaknesses. The two
episode-construction schemes used throughout training (bal-
anced N-way/K-shot sampling and retrieval-driven neighbor
selection) are summarized in Figure 7. The gradient �ow
and parameter updates within a single expert for one routed
episode are depicted in Figure 8.

1) Episodic Meta-learning Across Logs

This strategy teaches the model to learn from few labeled
examples and to respect a local label space.
1) Sample an episode con�guration. Choose N and K (and

a query budget) and select a training log.
2) Form an episode. Draw a small support set and a disjoint

query set from that log. For next-activity prediction,
select N activities with at least K+1 instances each, take
K per class for the support, and reserve at least one per
class for queries. We additionally enforce that support
and query pre�xes come from different cases to avoid
leakage.

3) Predict and learn (multi-task). Using the same episode,
compute (i) a cross-entropy loss for next-activity pre-
diction with the prototype head and (ii) a Huber loss (a
robust squared-error loss with linear tails) for remaining-
time prediction with the kernel head, and optimize a
weighted sum of the two losses.

Episodes are sampled across many training logs so the en-
coder learns patterns that transfer. N and K vary across steps
to avoid over�tting to a single regime.

2) Retrieval-driven Hard-negative Mining

This strategy sharpens decision boundaries by constructing
supports that are challenging.

1) Create a candidate batch. Draw a large set of pre�xes
from a training log and compute their embeddings once.

2) Guarantee a positive. For each query in the batch, include
at least one support example with the same label from a
different case. This prevents degenerate episodes.

3) Add hard neighbors. Fill the rest of the support with the
nearest neighbors of the query in the embedding space.
Exclude examples from the same case to avoid leakage.
These neighbors are often close but belong to other
classes, which creates hard negatives for classi�cation
and informative contrasts for regression.

4) Predict and learn. Use the nonparametric heads with the
constructed support and apply the same losses as above.

By focusing on near neighbors, the encoder learns features
that separate subtle variants and improves robustness to label
imbalance.

3) Label Shuf�ing for Robust In-context Learning

We summarize the two string-channel options for � (pre-
trained text encoder vs. character-level CNN) and the
episode-level label-shuf�ing procedure used as a regularizer
in Figure 10. As an optional step to discourage reliance
on any global label identity, we apply label shuf�ing with
probability pshu�e .

F. INFERENCE-TIME CONTEXT CONSTRUCTION

At test time the model adapts to a new log by building
a small support set directly from that log and using it as
context to predict for unseen query pre�xes. In an operational
monitoring setting, the support is built only from completed
historical cases (so labels are known), while queries are taken
from ongoing cases (so targets are unknown at prediction
time); Section IV-F4 formalizes this realistic split and the
time-windowed candidate pool used for per-query selection.

1) Meta-Learning Mode (N-way, K-shot)

This mode mirrors the few-shot setting used during training
and is useful for controlled evaluation.

1) Collect candidates. From the target log, extract pre�x
examples and group them by next-activity label.

2) Select classes and shots. Choose N activities that have
at least K +1 examples each. For every chosen activity,
sample K examples for the support and one or more
examples for the queries.

3) Construct the episode. The local label space is the set of
the N chosen activities. The support S and queries Q are
disjoint and drawn only from the target log.
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