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Learned database components, which deeply integrate machine learning into their design, have been exten-

sively studied in recent years. Given the dynamism of databases, where data and workloads continuously

drift, it is crucial for learned database components to remain effective and efficient in the face of data and

workload drift. Robustness, therefore, is a key factor in assessing their practical applicability. Although recent

works examine learned database components under specific drift, they fail to enable systematic performance

evaluations across a broad range of drift or under customized drift as needed. This paper presents NeurBench,
a new benchmark suite that supports evaluating learned database components under measurable and control-

lable data and workload drift. We quantify diverse types of drift by introducing a key concept called the drift

factor. Building on this formulation, we propose a drift-aware data and workload generation framework that

effectively simulates real-world drift while preserving inherent correlations. Experimental results demonstrate

the effectiveness of NeurBench in generating realistic data and workload drift, while providing insights into

the performance of representative learned database components under different drift scenarios.
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1 Introduction
Database systems are increasingly embracing machine learning (ML) techniques in their design. Key

database components, such as query optimizers, indexes, and concurrency control (CC), are being

upgraded with ML models to boost performance. For example, learned query optimizers [40, 41, 64,

65, 71] treat query optimization as an ML problem to obtain more efficient query plans. Learned

indexes [12, 26, 53, 60] leverage ML models to predict the positions of query keys, enabling faster

key lookups than traditional indexes. Similarly, learned CC algorithms [56] predict optimal CC

actions (e.g., locking strategies and blocking timeouts) for concurrent reads and writes to improve

transaction throughput.

One major challenge faced by learned database components is the dynamic nature of databases,

commonly referred to as data and workload drift [27, 28, 61]. Specifically, the data stored in databases
constantly changes over time due to inserts, updates, and deletions, while workloads also evolve,

with drift in query patterns [44, 61] and query/transaction arrival rates [34, 54, 55]. In contrast,

ML models typically derive insights from static datasets. This fundamental difference between

the paradigms of databases and ML can cause learned database components to be ineffective and

outdated in the face of data and workload drift. For instance, as data is updated over time, learned

query optimizers may lose precision because the knowledge they initially learned for generating

query plans becomes obsolete [30, 32]. Likewise, learned CC algorithms may choose actions that

were once optimal but no longer suit the current workload with drifted transaction arrival rates [56].

Achieving robust learned database components that remain effective regarding data and work-

load drift is crucial. In tandem with the advancement of ML techniques, more learned database

components are being designed with robustness in mind. For example, learned query optimiz-

ers [40, 71] adopt techniques such as periodic model retraining and fine-tuning to handle workload

drift. Learned indexes [12, 60] have also become updatable by supporting structural modifications

with model retraining in response to new data. These rapid developments naturally raise a pertinent

question: How well do existing learned database components perform under data and workload

drift, and to what extent does drift affect their performance? Answering this question can provide

valuable insights to guide the design of more robust learned database components.

Thus far, several benchmarks have been proposed to examine learned database components under

specific types of drift. For example, existing evaluations of learned query optimizers typically model

workload drift by training models on some queries and testing on other queries [30, 44], and model

data drift by training models on one data snapshot and testing on other snapshots [22]. Similarly,

existing works [52, 59] initialize learned indexes on a filtered subset of the data, and reinsert

the excluded records at test time to model data drift. Although effective, these drift treatments

are case-specific and therefore only partially reveal how drift affects the performance of learned

database components. Some important insights, such as how their key design choices impact

performance under drift, or the threshold at which learned components cease to be effective,

remain implicit. Completely addressing this requires new benchmarks that support comprehensive

empirical evaluations across a broad range of data and workload drift.

Systematic benchmarks typically use a metric to quantify the variable of interest and adjust it

during evaluations to, in principle, cover all possible scenarios. For example, previous works [8]

leverage the well-defined skew factor to measure data skewness and assess system performance

under varying skew levels. Following this principle, enabling systematic benchmarks under drift has

to address two key requirements: First, designing a metric to quantify drift. Given the various types

of drift in databases, such as data drift, query pattern drift, etc., defining a unified and effective drift
metric is not trivial. Second, supporting meaningful evaluation under controlled drift. In practice,

real-world data and workload drift follow certain patterns, such as data drift often occurring with
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specific inherent correlation changes [44]. Controlling drift injection while preserving realistic

drift patterns is therefore challenging.

In this paper, we present NeurBench, a novel benchmark suite designed to evaluate learned

database components under controllable data and workload drift. We first introduce a concept

called the drift factor to quantify both data and workload drift. In particular, we model data and

workloads as underlying probabilistic distributions and measure drift as the distance between these

distributions. We formally define the drift factor based on the distribution distance, i.e., Jensen-
Shannon (JS) divergence [39], ensuring a bounded value range. Given that the performance of ML

models is generally sensitive to the distance between training and testing distributions [2, 17, 66],

the drift factor allows us to define and control evaluation scenarios with varying degrees of drift

between training and testing data and workloads, thereby enabling the comprehensive robustness

evaluation for learned database components.

Leveraging this concept, we then design NeurBench to supply data and workload drift according

to a specified drift factor. Ideally, it would be desirable to adopt real-world data and workload drift

directly. Nonetheless, purely relying on real-world drift constrains the scope of drift that can be

evaluated. Real drift only reflects what has happened, and it cannot cover unseen or more severe

drift that may occur in the future. Moreover, real data drift may be incomplete or inaccessible. For

example, the public IMDB dataset switched to only providing partial data after 2017 [7], making

real drift not fully observable. To address these problems, we opt to synthesize data and workloads

that capture realistic drift patterns while allowing effective control over the drift factor. However,

real-world data and workloads typically exhibit complex correlations. For example, movie ratings

and the number of votes are highly correlated in the IMDB dataset [21]. Thus, we must capture the

inherent correlations in the drift generation process to approximate real data and workload drift.

We therefore propose a drift-aware data and workload generation framework that enables the

synthesis of realistic drift. Specifically, we first utilize a base generative model, called diffuser,

to fit the underlying distribution of the real data and workload. We use the Denoising Diffusion

Probabilistic Model (DDPM) [20] as the base generative model. We then train an independent drifter
module to capture the real-world data and workload drift patterns. Given a drift factor, the drifter

guides the base model, i.e., the denoising process of DDPM, to synthesize data and workloads

that approximate real drift with the desired severity. Further, by decoupling the drifter from the

base model, our framework avoids retraining the base model when adapting to new drift patterns,

enabling generalization across various types of drift.

In summary, we make the following contributions:

• We introduce NeurBench, a practical benchmark suite that facilitates the evaluation of learned

database components under controllable data and workload drift. The suite will help further

advance the design of next generation learned components.

• We formalize a unified concept called the drift factor to model data and workload drift, enabling

the systematic performance evaluation of learned database components under diverse drift

scenarios. NeurBench allows users to configure the settings to match their own environment

and applications.

• We propose a drift-aware data and workload generation framework that synthesizes data and

workload drift according to a specified drift factor while preserving their inherent correlations.

• We conduct extensive experiments to evaluate NeurBench, and the results demonstrate the

effectiveness of NeurBench in generating realistic data and workload drift.

• We use NeurBench to evaluate start-of-the-art learned query optimizers, learned indexes, and

learned CC. The results reveal how their design choices trade off performance under varying

degrees and kinds of drift, offering insights into their robustness and generalizability.
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Fig. 1. Example of Real-World Data Drift

NeurBench is a benchmark suite designed to evaluate the efficiency and robustness of learned

database components in NeurDB [46, 69].

The remainder of the paper is structured as follows. Section 2 provides relevant background.

Section 3 formally defines the drift factor and describes the overall design of NeurBench. Section 4

presents the drift-aware data and workload generation framework in detail. Section 6 presents the

implementation of NeurBench. Section 6 describes the experimental setup, and Section 7 shows

the results. Section 8 discusses the related work, and Section 9 concludes.

2 Background
In this section, we provide the necessary background on learned database components, data and

workload drift in databases, and diffusion models. Since learned database components typically

rely on ML models, we provide a general definition of learned database components by mapping

them to learnable ML functions:

Definition 1 (Learned Database Component). Consider a database that stores data R and handles

workload Q. A learned database component can be formulated as an ML function 𝑓 (·;𝜃 ) : Z→ Y,
where 𝜃 denotes the trainable parameters. The input space Z consists of features derived from the

data R and workload Q, such as data distributions and query patterns. The output space Y represents

the predictions or decisions, such as estimated query plans, index positions, or concurrency control

actions.

2.1 Data and Workload Drift
Data stored in databases, as well as the workloads they handle, are subject to continuous drift.

Data drift occurs due to operations including inserts, updates, deletes, and schema modifications.

Workload drift refers to variations in the queries and transactions processed by the database over

time, which can be further categorized into, 1) Query pattern drift: changes in query structure, such

as join patterns (FROM clauses) and predicates (WHERE clauses); 2) Arrival rate drift: fluctuations in
the volume and concurrency of queries and transactions.

The effectiveness of ML models is generally related to the distance between training and testing

distributions [2, 17, 66], and therefore, we consider measuring the data and workload drift based on

the distance of their underlying distributions. Drift may occur in the data, the workload, or both,

depending on whether the distribution of R, Q, or their joint distribution drifts over time.

Definition 2 (Data and Workload Drift). Consider a database that operates over a time window T
consisting of 𝑁 time slots, i.e., T = (𝑡𝑠1, 𝑡𝑠2, . . . , 𝑡𝑠𝑁 )⊤, where 𝑁 ≥ 2. Let R(𝑖 ) and Q(𝑖 ) be random
variables representing the state of the data and the workload, respectively, at time 𝑡𝑠𝑖 . Data and

workload drift occur when the distributions of data R and workload Q exhibit temporal changes
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across the time window T. Let PR(𝑖 ) ,Q(𝑖 ) (r, q) represent the joint probability density function of data

R and workload Q at time 𝑡𝑖 . Drift happens if, for any two timestamps 𝑖, 𝑗 ∈ 𝑁 , where 𝑖 ≠ 𝑗 ,

PR(𝑖 ) ,Q(𝑖 ) (r, q) ≠ PR( 𝑗 ) ,Q( 𝑗 ) (r, q).

Constructing realistic data and workload drift that captures meaningful distribution drift is

crucial. As shown in Figure 1, we illustrate using movie ratings and their associated number of

ratings (num_rates) as an example. Let the relation 𝑟1 denote a data snapshot from 2013 and 𝑟 ′
1

from 2017. First, while the schema remains unchanged, the underlying data distribution can drift

over time as new data arrives [44, 54]. Second, inherent data correlations are largely preserved.

Real-world data drift typically maintains the original correlation structure and distributional shape,

with shifts mainly in density. Here, the movie rating is consistently positively correlated with the

num_rates. For example, movie ratings and num_rates consistently exhibit a positive correlation as

movies get added. Other attribute pairs, such as country and language, or release_year and genre,

also tend to remain highly correlated across time, as observed in prior studies [30, 44]. Similarly,

workload drift typically manifests as changes in the frequency or usage of query templates and

predicates, while still preserving structural elements such as join patterns or access paths [54, 55].

These insights form the foundation for the drift modeling framework in NeurBench.
In our design, we learn the underlying distribution drift from real data and workloads, and

propose a generation framework that enables the controllable synthesis of data and workload drift.

2.2 Diffusion Model
Diffusion models are powerful generative models that have been recently adopted to synthesize

high-quality data, such as images [10], audio [35], and tabular data [25, 36]. Inspired by the physical

process of diffusion, where information (e.g., particles, data) is gradually dispersed over time, these

models learn to reverse this process so that a target distribution can be generated from a given prior

distribution. In particular, diffusion models operate in two key stages, i.e., forward process and

reverse process, with slight variations in the details depending on the specific model. For illustration

purposes, we use the Denoising Diffusion ProbabilisticModel (DDPM) as a representative to formally

explain these stages:

Diffusion (Forward) Process. This process incrementally corrupts the data by adding Gaussian

noise in discrete timesteps, ultimately transforming it into a simple noise distribution. Given a

data sample x0 ∼ 𝑞(x) from the true data distribution 𝑞(x), the forward process is formulated as a

Markov chain:

𝑞(x𝑡 |x𝑡−1) =N(x𝑡 ;
√︁

1 − 𝛽𝑡x𝑡−1, 𝛽𝑡 I),

where 𝛽𝑡 represents the variance schedule controlling the noise added at each step 𝑡 . The data

distribution after 𝑇 timesteps, 𝑞(x𝑇 ), approximates an isotropic Gaussian distribution N(0, I).
Denoising (Reverse) Process. This process reconstructs the target data x0 by iteratively denois-

ing x𝑡 in reverse timesteps, starting from x𝑇 ∼ N(0, I). The reverse process 𝑝 (x𝑡−1 |x𝑡 ) can be

approximated as a Gaussian distribution:

𝑝 (x𝑡−1 |x𝑡 ) =N(x𝑡−1; 𝝁 (x𝑡 , 𝑡 ;𝜃 ), 𝜎2

𝑡 I),

where 𝝁 is learned parameters that estimate the mean of the reverse process, while 𝜎2

𝑡 is derived

from 𝛽𝑡 .

Guided Diffusion. The reverse process can incorporate auxiliary information 𝑐 , yielding a condi-

tional reverse process 𝑝 (x𝑡−1 |x𝑡 , 𝑐), where the conditioning variable 𝑐 may represent factors such

as correlation-preserving constraints, or contextual information [10, 36]. By applying the Bayes’
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theorem, 𝑝 (x𝑡−1 |x𝑡 , 𝑐) can be decomposed as:

𝑝 (x𝑡−1 |x𝑡 , 𝑐) ∝ 𝑝 (x𝑡−1 |x𝑡 )Pr(𝑐 |x𝑡−1, x𝑡 ).
In particular, 𝑝 (x𝑡−1 |x𝑡 ) should perform unconditional generation, while Pr(𝑐 |x𝑡−1, x𝑡 ) guides the
reverse process to introduce the specified condition 𝑐 .

Inspired by such guided diffusion models, we treat the introduction of drift to data and workloads

as a specific condition, and propose a novel drift-aware data and workload generation framework

based on DDPM. Our generation process differs from prior work [49] in that we directly inject drift

signals into the denoising steps. This allows NeurBench to generate drifted data controlled by a

drift factor with correlation retained.

3 Overview of NeurBench
In this section, we define the drift factor and then present the system overview of NeurBench.

3.1 Drift Factor Modeling
We define a drift factor that can uniformly and effectively describe the data and workload drift. In

our problem setting, the drift factor must satisfy two key properties: 1) It should effectively capture

the differences between data or workloads while providing a bounded value range for users to

specify the desired drift. 2) Its value should provide a consistent representation for all types of drift.

According to Definition 2, where drift is mapped to the underlying distribution of data and

workloads, we define the drift factor based on the distance of distributions. To satisfy the properties

above, we utilize the Jensen-Shannon (JS) divergence [39]. Specifically, given a distribution P and

the drifted one P′, their JS divergence D𝐽 𝑆 (P ∥ P′) is defined as:

D𝐽 𝑆 (P ∥ P′) =
1

2

D𝐾𝐿 (P ∥ 𝑀) +
1

2

D𝐾𝐿 (P′ ∥ M),

whereM = 1

2
(P + P′), and 𝐷𝐾𝐿 is the Kullback–Leibler (KL) divergence, which is defined by:

D𝐾𝐿 (P ∥ P′) =
∑︁
𝑥

P(𝑥) log

P(𝑥)
P′ (𝑥) .

D𝐽 𝑆 satisfies D𝐽 𝑆 (P ∥ P′) =D𝐽 𝑆 (P′ ∥ P), and is bounded within [0, log 2]. Normalizing it by log 2,

the drift factor 𝑑 is defined as:

𝑑 (P, P′) =
D𝐽 𝑆 (P ∥ P′)

log 2

, 𝑑 ∈ [0, 1] .

We allow users to specify the desired drift level using a drift factor 𝑑 , where 𝑑 ∈ [0, 1]. By default,
users can independently indicate drift factors for either data or workload to achieve effective control

over each. A drift factor of 𝑑=0 indicates no drift, while 𝑑=1 denotes that the entire data or workload

is fully drifted.

3.2 System Overview
As shown in Figure 2, we design NeurBenchwith two key modules, a drift-aware data and workload
generator, and a performance evaluator. In particular, the generator, based on guided diffusion,

consists of: 1) the diffuser, a DDPM-based generative model that learns the underlying distribution

of the real data and workloads; 2) the drifter, a classification model that guides the diffuser to

generate data and workloads with specified drift. The evaluator is responsible for assessing the

performance of learned database components under drift. We organize the overall workflow of

NeurBench into three stages: training, drift-aware generation, and evaluation. In the following, we

focus on how to use NeurBench to conduct experiments under data drift for illustration purposes.
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Fig. 2. System Overview of NeurBench

Diffuser and Drifter Training.We input real data and workloads to train the drift-aware data

and workload generator, with the diffuser and drifter trained separately. The diffuser is first trained

on a fixed data snapshot (e.g., 2013 data) to understand the underlying distribution Pbase, following
the DDPM framework. The drifter is then trained to model real drift patterns using a sequence of

real data snapshots (e.g., 2013–2016). In particular, the drifter maps real drift patterns to modulation

vectors that condition the diffuser’s denoising process, enabling the diffuser to generate data that

reflects realistic drift while preserving key correlations. By decoupling the training of the diffuser

and drifter, our framework allows the diffuser to remain fixed while adapting to new types of drift

by simply learning new drifter mappings, thereby improving generality and reusability. We will

detail the diffuser and drifter training in Section 4.3.

Drift-aware Data and Workload Generation. Given a specified drift factor 𝑑 and original data

as input, we use the generator to drift the given data to a target data that aligns with 𝑑 . In particular,

starting from a standard normal distribution, the generator iteratively invokes the diffuser to

denoise the distribution, while leveraging the drifter to introduce controlled drift at each denoising

step, gradually transforming the distribution into the target distribution. Section 4.4 details how to

use the trained diffuser and drifter to generate required data and workload drift.

Performance Evaluation. We assess the robustness of learned database components under data

and workload drift using the evaluator. For a given drift factor 𝑑 , we first use the generator to

produce a pair of data: the base and its drifted counterpart. A target component is then trained

on the original data and workload and tested on the drifted data and workload. By repeating

this procedure across a spectrum of drift factors, we can systematically evaluate performance

degradation to varying degrees of drift.

4 Controllable Drift Synthesis Framework
In this section, we detail the design of the drift-aware data and workload generation framework.
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4.1 Mapping Data and Workload Drift to Distribution Drift
Here we describe howwemap both data and workload drift to the corresponding distribution drift in

detail. For data, we consider a relational database R containing multiple tables, each comprising a set

of attributes. The distribution of R, PR, can be approximated as the product of its marginal attribute

distributions, i.e., PR (𝐴1, 𝐴2, . . . , 𝐴𝑚) ≈
∏𝑚
𝑖=1

P(𝐴𝑖 ), where P(𝐴𝑖 ) represents the distribution of the

𝑖-th attribute. Note that this approximation is used solely for distribution measurement. During

data generation, we jointly synthesize multiple columns per tuple to preserve attribute correlations,

as discussed in Section 4.4. For each attribute, we employ specific strategies based on its data type

to approximate its distribution. Categorical attributes (e.g., CHAR, VARCHAR) and discrete numerical

values are handled by computing distributions over all observed values in the table. Continuous

numerical attributes are approximated by discretizing values into a fixed number of bins. The

corresponding distribution is then estimated by computing the probability density of each bin. This

binning strategy is commonly employed in database histograms to estimate attribute distributions

and query selectivity.

For a workload consisting of 𝑁 queries Q = {q1, q2, . . . , q𝑁 }, we define the workload distribution
PQ as the distribution over query templates. Specific features, such as query patterns, query arrival

rates, etc., characterize each query template. To model query patterns and arrival rates in a unified

manner, we define a workload table with 3 attributes: Join Pattern, Predicate, and Query Interval.

The Join Pattern and Predicate columns capture the query pattern, representing table join patterns

(e.g., 𝑟1 ⊲⊳ 𝑟2), and predicates (e.g., Bal = ‘10K’). The Query Interval column quantifies the arrival

rate by recording the time gap between consecutive queries. We control the distributions of the

workload table to synthesize workloads with query pattern drift, arrival rate drift, or both, while

preserving the inherent correlations. Note that the workload table used here is for illustration

purposes; it can be extended with additional attributes for more complex queries.

4.2 Theoretical Analysis
To generate data and workload drift that satisfy a specified𝑑 , we provide a formal problem definition

and then theoretically explain how we enable the drift-aware data and workload generation.

4.2.1 Problem Definition. We define a database running in a time window T with 𝑁 (𝑁 ≥ 2) time

slots, i.e., T = (𝑡𝑠1, 𝑡𝑠2, ..., 𝑡𝑠𝑁 )⊤. Recall that we denote R and Q as random variables of the data and

workload in the database, respectively, and we map them to their underlying distributions P(𝑖 )R and

P(𝑖 )Q at 𝑡𝑠𝑖 . Formally, we define the drift-aware data and workload generation below.

Definition 3 (Drift-aware Data and Workload Generation). Given a series of drift factors D =

(𝑑1, 𝑑2, ..., 𝑑𝑁 )⊤, where each drift factor 𝑑𝑖 quantifies the degree of change in the distribution

between adjacent time slots (𝑡𝑠 𝑗 , 𝑡𝑠𝑖 ). The distribution of either data or workload at time 𝑡𝑠 𝑗 is

obtained by transforming the distribution at time 𝑡𝑠𝑖 with a function 𝑔, according to the drift factor

𝑑𝑖 :

P( 𝑗 )R = 𝑔R (P(𝑖 )R , 𝑑𝑖 , C), P( 𝑗 )Q = 𝑔Q (P(𝑖 )Q , 𝑑𝑖 , C),

where C is the corresponding inherent correlations, and 𝑔Z : ΩZ × [0, 1] × C → ΩZ is the drift

function applied on input space Z, transforming its distribution on the same domain.

Given a distribution P(𝑖 ) and the drift factor 𝑑𝑖 , the generated new distribution P( 𝑗 ) should 1)

exhibit drift quantified by 𝑑 from P(𝑖 ) ; and 2) preserve inherent correlations C. The quality of

P( 𝑗 ) degrades as either requirement is violated. Mathematically, this is equivalent to finding a

hypersurface in ΩZ, the domain of input space Z (i.e., either data and workload), which satisfies
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the equation:

𝑑 (P𝑖 , P𝑗 ) ≈ 𝑑∗ subject to C(P𝑗 ) ≈ C(P𝑖 ). (1)

However, there are infinite solutions to Equation 1, which makes it difficult to interpret and control.

To solve this, we limit the expressiveness of P𝑗 through a DDPM-based generator.

4.2.2 Theoretical Proof. Given a desired drift factor 𝑑 , our objective as outlined in Section 4.2.1

is to generate the drifted data xdrift by sampling from 𝑝 (x𝑡−1 |x𝑡 , 𝑑), i.e., a conditional DDPM

reverse process that incorporates the desired drift 𝑑 . As outlined in Section 2.2, 𝑝 (x𝑡−1 |x𝑡 , 𝑑) can be

decomposed as:

𝑝 (x𝑡−1 |x𝑡 , 𝑑) ∝ 𝑝 (x𝑡−1 |x𝑡 )Pr(𝑑 |x𝑡−1, x𝑡 ), (2)

where 𝑝 (x𝑡−1 |x𝑡 ) can be modeled by the denoising process of DDPM, i.e., 𝑝 (x𝑡−1 |x𝑡 ) =

N(x𝑡−1; 𝝁 (x𝑡 , 𝑡 ;𝜃 ), 𝜎2

𝑡 I), and Pr(𝑑 |x𝑡−1, x𝑡 ) guides the process to introduce the specified drift 𝑑 .

Since the drifted data x𝑑𝑟𝑖 𝑓 𝑡 is the target output, Equation (2) can be rewritten as:

𝑝 (x𝑡−1 |x𝑡 , xdrift) ∝ 𝑝 (x𝑡−1 |x𝑡 )Pr(xdrift |x𝑡−1, x𝑡 ). (3)

Note that the mean of the Gaussian distribution, 𝝁 (x𝑡 , 𝑡 ;𝜃 ), determines the trajectory of the

denoising process [10, 36]. We therefore leverage Pr(xdrift |x𝑡−1, x𝑡 ) to introduce a controlled drift

to the mean 𝝁.

Theorem 1. The controlled reverse distribution 𝑝 (x𝑡−1 |x𝑡 , xdrift) is able to be approximated using

Pr(xdrift |x𝑡 ) and its gradient at x𝑡 , or ∇x𝑡 Pr(xdrift |x𝑡 ).

Proof. For Equation (3), the first part is approximated by a Gaussian model, while the second

part can be simplified using conditional independence, which transforms the equation to:

𝑝 (x𝑡−1 |x𝑡 , xdrift) ≈ 𝑧N(x𝑡 ; 𝝁,Σ)Pr(xdrift |x𝑡 ),
where 𝑧 is the normalizing factor. Next, as proven by Dickstein et al. [50], we can perform Taylor ex-

pansion around 𝝁 to further approximate 𝑝 (x𝑡−1 |x𝑡 , xdrift) so that a perturbed Gaussian distribution

can be used to model it:

log 𝑝 (x𝑡−1 |x𝑡 , xdrift) ≈ logN(x𝑡 ; 𝝁,Σ) + log Pr(xdrift |x𝑡 )

≈ −1

2

(x𝑡 − 𝝁)⊤Σ−1 (x𝑡 − 𝝁) + (x𝑡 − 𝝁) · 𝑔 +𝐶

= −1

2

(x𝑡 − 𝝁 − Σ · 𝑔)⊤Σ−1 (x𝑡 − 𝝁 − Σ · 𝑔) +𝐶

= logN(x𝑡 ; 𝝁 + Σ · 𝑔,Σ),
where 𝑔 = ∇x𝑡 Pr(xdrift |x𝑡 ), and the constant term𝐶 can be ignored. In other words, 𝑝 (x𝑡−1 |x𝑡 , xdrift)
can be approximated by N(x𝑡 ; 𝝁 + Σ · ∇x𝑡 Pr(xdrift |x𝑡 ),Σ). □

Conceptually, Theorem 1 ensures the generated data moves toward the target drifted distribution.

Unlike existing data generators [49], our method directly injects drift signals into the denoising

steps, and with the ability of the DDPM to preserve correlations in the latent space, we enable

NeurBench to generate drifted data controlled by a drift factor with correlation retained.

4.3 Diffuser and Drifter Training
Based on Theorem 1, we design a generation framework comprising two key components: the

diffuser and the drifter. Concretely, the Diffuser learns the reverse denoising distribution to map

N(0, 𝐼 ) to data, while the Drifter conditions each reverse step to match a specified drift factor. We

illustrate the training process of the diffuser and drifter in Figure 3.
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<latexit sha1_base64="V/GU86qO18wYODbwfVC0XCbD0hs=">AAAB83icbVBNTwIxEO3iF+IX6tFLI5h4Irtc9Ej04hETARN2Q7qlCw3dtmlnTciGv+HFg8Z49c94899YYA8KvmSSl/dmMjMv1oJb8P1vr7SxubW9U96t7O0fHB5Vj0+6VmWGsg5VQpnHmFgmuGQd4CDYozaMpLFgvXhyO/d7T8xYruQDTDWLUjKSPOGUgJPCesi05ULJAdQH1Zrf8BfA6yQoSA0VaA+qX+FQ0SxlEqgg1vYDX0OUEwOcCjarhJllmtAJGbG+o5KkzEb54uYZvnDKECfKuJKAF+rviZyk1k7T2HWmBMZ21ZuL/3n9DJLrKOdSZ8AkXS5KMoFB4XkAeMgNoyCmjhBquLsV0zExhIKLqeJCCFZfXifdZiPwG8F9s9a6KeIoozN0ji5RgK5QC92hNuogijR6Rq/ozcu8F+/d+1i2lrxi5hT9gff5A5nPkWE=</latexit><latexit sha1_base64="V/GU86qO18wYODbwfVC0XCbD0hs=">AAAB83icbVBNTwIxEO3iF+IX6tFLI5h4Irtc9Ej04hETARN2Q7qlCw3dtmlnTciGv+HFg8Z49c94899YYA8KvmSSl/dmMjMv1oJb8P1vr7SxubW9U96t7O0fHB5Vj0+6VmWGsg5VQpnHmFgmuGQd4CDYozaMpLFgvXhyO/d7T8xYruQDTDWLUjKSPOGUgJPCesi05ULJAdQH1Zrf8BfA6yQoSA0VaA+qX+FQ0SxlEqgg1vYDX0OUEwOcCjarhJllmtAJGbG+o5KkzEb54uYZvnDKECfKuJKAF+rviZyk1k7T2HWmBMZ21ZuL/3n9DJLrKOdSZ8AkXS5KMoFB4XkAeMgNoyCmjhBquLsV0zExhIKLqeJCCFZfXifdZiPwG8F9s9a6KeIoozN0ji5RgK5QC92hNuogijR6Rq/ozcu8F+/d+1i2lrxi5hT9gff5A5nPkWE=</latexit><latexit sha1_base64="V/GU86qO18wYODbwfVC0XCbD0hs=">AAAB83icbVBNTwIxEO3iF+IX6tFLI5h4Irtc9Ej04hETARN2Q7qlCw3dtmlnTciGv+HFg8Z49c94899YYA8KvmSSl/dmMjMv1oJb8P1vr7SxubW9U96t7O0fHB5Vj0+6VmWGsg5VQpnHmFgmuGQd4CDYozaMpLFgvXhyO/d7T8xYruQDTDWLUjKSPOGUgJPCesi05ULJAdQH1Zrf8BfA6yQoSA0VaA+qX+FQ0SxlEqgg1vYDX0OUEwOcCjarhJllmtAJGbG+o5KkzEb54uYZvnDKECfKuJKAF+rviZyk1k7T2HWmBMZ21ZuL/3n9DJLrKOdSZ8AkXS5KMoFB4XkAeMgNoyCmjhBquLsV0zExhIKLqeJCCFZfXifdZiPwG8F9s9a6KeIoozN0ji5RgK5QC92hNuogijR6Rq/ozcu8F+/d+1i2lrxi5hT9gff5A5nPkWE=</latexit><latexit sha1_base64="V/GU86qO18wYODbwfVC0XCbD0hs=">AAAB83icbVBNTwIxEO3iF+IX6tFLI5h4Irtc9Ej04hETARN2Q7qlCw3dtmlnTciGv+HFg8Z49c94899YYA8KvmSSl/dmMjMv1oJb8P1vr7SxubW9U96t7O0fHB5Vj0+6VmWGsg5VQpnHmFgmuGQd4CDYozaMpLFgvXhyO/d7T8xYruQDTDWLUjKSPOGUgJPCesi05ULJAdQH1Zrf8BfA6yQoSA0VaA+qX+FQ0SxlEqgg1vYDX0OUEwOcCjarhJllmtAJGbG+o5KkzEb54uYZvnDKECfKuJKAF+rviZyk1k7T2HWmBMZ21ZuL/3n9DJLrKOdSZ8AkXS5KMoFB4XkAeMgNoyCmjhBquLsV0zExhIKLqeJCCFZfXifdZiPwG8F9s9a6KeIoozN0ji5RgK5QC92hNuogijR6Rq/ozcu8F+/d+1i2lrxi5hT9gff5A5nPkWE=</latexit>

Fitted 
Noise ✏̃t

<latexit sha1_base64="MFXjOuceNSdKm/Sf+ApEM9ucxN8=">AAAB/XicbVC5TsNAEF2HK4TLHB2NRYJEFdlpoIygoQwSOaTYitbrcbLK+tDuGClYEb9CQwFCtPwHHX/DJnEBCU8a6em9Gc3M81PBFdr2t1FaW9/Y3CpvV3Z29/YPzMOjjkoyyaDNEpHInk8VCB5DGzkK6KUSaOQL6Prjm5nffQCpeBLf4yQFL6LDmIecUdTSwDypuchFALkLqeJCSzitDcyqXbfnsFaJU5AqKdAamF9ukLAsghiZoEr1HTtFL6cSORMwrbiZgpSyMR1CX9OYRqC8fH791DrXSmCFidQVozVXf0/kNFJqEvm6M6I4UsveTPzP62cYXnk5j9MMIWaLRWEmLEysWRRWwCUwFBNNKJNc32qxEZWUoQ6sokNwll9eJZ1G3bHrzl2j2rwu4iiTU3JGLohDLkmT3JIWaRNGHskzeSVvxpPxYrwbH4vWklHMHJM/MD5/AJJblUg=</latexit><latexit sha1_base64="MFXjOuceNSdKm/Sf+ApEM9ucxN8=">AAAB/XicbVC5TsNAEF2HK4TLHB2NRYJEFdlpoIygoQwSOaTYitbrcbLK+tDuGClYEb9CQwFCtPwHHX/DJnEBCU8a6em9Gc3M81PBFdr2t1FaW9/Y3CpvV3Z29/YPzMOjjkoyyaDNEpHInk8VCB5DGzkK6KUSaOQL6Prjm5nffQCpeBLf4yQFL6LDmIecUdTSwDypuchFALkLqeJCSzitDcyqXbfnsFaJU5AqKdAamF9ukLAsghiZoEr1HTtFL6cSORMwrbiZgpSyMR1CX9OYRqC8fH791DrXSmCFidQVozVXf0/kNFJqEvm6M6I4UsveTPzP62cYXnk5j9MMIWaLRWEmLEysWRRWwCUwFBNNKJNc32qxEZWUoQ6sokNwll9eJZ1G3bHrzl2j2rwu4iiTU3JGLohDLkmT3JIWaRNGHskzeSVvxpPxYrwbH4vWklHMHJM/MD5/AJJblUg=</latexit><latexit sha1_base64="MFXjOuceNSdKm/Sf+ApEM9ucxN8=">AAAB/XicbVC5TsNAEF2HK4TLHB2NRYJEFdlpoIygoQwSOaTYitbrcbLK+tDuGClYEb9CQwFCtPwHHX/DJnEBCU8a6em9Gc3M81PBFdr2t1FaW9/Y3CpvV3Z29/YPzMOjjkoyyaDNEpHInk8VCB5DGzkK6KUSaOQL6Prjm5nffQCpeBLf4yQFL6LDmIecUdTSwDypuchFALkLqeJCSzitDcyqXbfnsFaJU5AqKdAamF9ukLAsghiZoEr1HTtFL6cSORMwrbiZgpSyMR1CX9OYRqC8fH791DrXSmCFidQVozVXf0/kNFJqEvm6M6I4UsveTPzP62cYXnk5j9MMIWaLRWEmLEysWRRWwCUwFBNNKJNc32qxEZWUoQ6sokNwll9eJZ1G3bHrzl2j2rwu4iiTU3JGLohDLkmT3JIWaRNGHskzeSVvxpPxYrwbH4vWklHMHJM/MD5/AJJblUg=</latexit><latexit sha1_base64="MFXjOuceNSdKm/Sf+ApEM9ucxN8=">AAAB/XicbVC5TsNAEF2HK4TLHB2NRYJEFdlpoIygoQwSOaTYitbrcbLK+tDuGClYEb9CQwFCtPwHHX/DJnEBCU8a6em9Gc3M81PBFdr2t1FaW9/Y3CpvV3Z29/YPzMOjjkoyyaDNEpHInk8VCB5DGzkK6KUSaOQL6Prjm5nffQCpeBLf4yQFL6LDmIecUdTSwDypuchFALkLqeJCSzitDcyqXbfnsFaJU5AqKdAamF9ukLAsghiZoEr1HTtFL6cSORMwrbiZgpSyMR1CX9OYRqC8fH791DrXSmCFidQVozVXf0/kNFJqEvm6M6I4UsveTPzP62cYXnk5j9MMIWaLRWEmLEysWRRWwCUwFBNNKJNc32qxEZWUoQ6sokNwll9eJZ1G3bHrzl2j2rwu4iiTU3JGLohDLkmT3JIWaRNGHskzeSVvxpPxYrwbH4vWklHMHJM/MD5/AJJblUg=</latexit>

Drifter Training

Di↵✓(xt, t)
<latexit sha1_base64="7Pz2G9e05thCp4OrZ11iHEE75wQ=">AAACDnicbVA9SwNBEN2L3/ErammzmAQiSLhLo2VQC0sFYwK5cOxt5pIlex/szknCkV9g41+xsVDE1trOf+MmptDEBwOP92aYmecnUmi07S8rt7S8srq2vpHf3Nre2S3s7d/pOFUcGjyWsWr5TIMUETRQoIRWooCFvoSmP7iY+M17UFrE0S2OEuiErBeJQHCGRvIK5ZKLMMTsUgTB2HOxD8gqbsiw7wfZcOzhCcXjklco2lV7CrpInBkpkhmuvcKn2415GkKEXDKt246dYCdjCgWXMM67qYaE8QHrQdvQiIWgO9n0nTEtG6VLg1iZipBO1d8TGQu1HoW+6Zwcque9ifif104xOOtkIkpShIj/LApSSTGmk2xoVyjgKEeGMK6EuZXyPlOMo0kwb0Jw5l9eJHe1qmNXnZtasX4+i2OdHJIjUiEOOSV1ckWuSYNw8kCeyAt5tR6tZ+vNev9pzVmzmQPyB9bHN82Rm+g=</latexit><latexit sha1_base64="7Pz2G9e05thCp4OrZ11iHEE75wQ=">AAACDnicbVA9SwNBEN2L3/ErammzmAQiSLhLo2VQC0sFYwK5cOxt5pIlex/szknCkV9g41+xsVDE1trOf+MmptDEBwOP92aYmecnUmi07S8rt7S8srq2vpHf3Nre2S3s7d/pOFUcGjyWsWr5TIMUETRQoIRWooCFvoSmP7iY+M17UFrE0S2OEuiErBeJQHCGRvIK5ZKLMMTsUgTB2HOxD8gqbsiw7wfZcOzhCcXjklco2lV7CrpInBkpkhmuvcKn2415GkKEXDKt246dYCdjCgWXMM67qYaE8QHrQdvQiIWgO9n0nTEtG6VLg1iZipBO1d8TGQu1HoW+6Zwcque9ifif104xOOtkIkpShIj/LApSSTGmk2xoVyjgKEeGMK6EuZXyPlOMo0kwb0Jw5l9eJHe1qmNXnZtasX4+i2OdHJIjUiEOOSV1ckWuSYNw8kCeyAt5tR6tZ+vNev9pzVmzmQPyB9bHN82Rm+g=</latexit><latexit sha1_base64="7Pz2G9e05thCp4OrZ11iHEE75wQ=">AAACDnicbVA9SwNBEN2L3/ErammzmAQiSLhLo2VQC0sFYwK5cOxt5pIlex/szknCkV9g41+xsVDE1trOf+MmptDEBwOP92aYmecnUmi07S8rt7S8srq2vpHf3Nre2S3s7d/pOFUcGjyWsWr5TIMUETRQoIRWooCFvoSmP7iY+M17UFrE0S2OEuiErBeJQHCGRvIK5ZKLMMTsUgTB2HOxD8gqbsiw7wfZcOzhCcXjklco2lV7CrpInBkpkhmuvcKn2415GkKEXDKt246dYCdjCgWXMM67qYaE8QHrQdvQiIWgO9n0nTEtG6VLg1iZipBO1d8TGQu1HoW+6Zwcque9ifif104xOOtkIkpShIj/LApSSTGmk2xoVyjgKEeGMK6EuZXyPlOMo0kwb0Jw5l9eJHe1qmNXnZtasX4+i2OdHJIjUiEOOSV1ckWuSYNw8kCeyAt5tR6tZ+vNev9pzVmzmQPyB9bHN82Rm+g=</latexit><latexit sha1_base64="7Pz2G9e05thCp4OrZ11iHEE75wQ=">AAACDnicbVA9SwNBEN2L3/ErammzmAQiSLhLo2VQC0sFYwK5cOxt5pIlex/szknCkV9g41+xsVDE1trOf+MmptDEBwOP92aYmecnUmi07S8rt7S8srq2vpHf3Nre2S3s7d/pOFUcGjyWsWr5TIMUETRQoIRWooCFvoSmP7iY+M17UFrE0S2OEuiErBeJQHCGRvIK5ZKLMMTsUgTB2HOxD8gqbsiw7wfZcOzhCcXjklco2lV7CrpInBkpkhmuvcKn2415GkKEXDKt246dYCdjCgWXMM67qYaE8QHrQdvQiIWgO9n0nTEtG6VLg1iZipBO1d8TGQu1HoW+6Zwcque9ifif104xOOtkIkpShIj/LApSSTGmk2xoVyjgKEeGMK6EuZXyPlOMo0kwb0Jw5l9eJHe1qmNXnZtasX4+i2OdHJIjUiEOOSV1ckWuSYNw8kCeyAt5tR6tZ+vNev9pzVmzmQPyB9bHN82Rm+g=</latexit>

Diffuser Training

Fitted Drifted 
data

r1<latexit sha1_base64="Uk7SWPKRpnJep4S3LWCsgbFQlyY=">AAAB7HicbVBNT8JAEJ3iF+IX6tHLRjDxRFoueiR68YiJBRNoyHaZwobtttndmpCG3+DFg8Z49Qd589+4QA8KvmSSl/dmMjMvTAXXxnW/ndLG5tb2Tnm3srd/cHhUPT7p6CRTDH2WiEQ9hlSj4BJ9w43Ax1QhjUOB3XByO/e7T6g0T+SDmaYYxHQkecQZNVby62rg1QfVmttwFyDrxCtIDQq0B9Wv/jBhWYzSMEG17nluaoKcKsOZwFmln2lMKZvQEfYslTRGHeSLY2fkwipDEiXKljRkof6eyGms9TQObWdMzVivenPxP6+Xmeg6yLlMM4OSLRdFmSAmIfPPyZArZEZMLaFMcXsrYWOqKDM2n4oNwVt9eZ10mg3PbXj3zVrrpoijDGdwDpfgwRW04A7a4AMDDs/wCm+OdF6cd+dj2VpyiplT+APn8we6cI30</latexit><latexit sha1_base64="Uk7SWPKRpnJep4S3LWCsgbFQlyY=">AAAB7HicbVBNT8JAEJ3iF+IX6tHLRjDxRFoueiR68YiJBRNoyHaZwobtttndmpCG3+DFg8Z49Qd589+4QA8KvmSSl/dmMjMvTAXXxnW/ndLG5tb2Tnm3srd/cHhUPT7p6CRTDH2WiEQ9hlSj4BJ9w43Ax1QhjUOB3XByO/e7T6g0T+SDmaYYxHQkecQZNVby62rg1QfVmttwFyDrxCtIDQq0B9Wv/jBhWYzSMEG17nluaoKcKsOZwFmln2lMKZvQEfYslTRGHeSLY2fkwipDEiXKljRkof6eyGms9TQObWdMzVivenPxP6+Xmeg6yLlMM4OSLRdFmSAmIfPPyZArZEZMLaFMcXsrYWOqKDM2n4oNwVt9eZ10mg3PbXj3zVrrpoijDGdwDpfgwRW04A7a4AMDDs/wCm+OdF6cd+dj2VpyiplT+APn8we6cI30</latexit><latexit sha1_base64="Uk7SWPKRpnJep4S3LWCsgbFQlyY=">AAAB7HicbVBNT8JAEJ3iF+IX6tHLRjDxRFoueiR68YiJBRNoyHaZwobtttndmpCG3+DFg8Z49Qd589+4QA8KvmSSl/dmMjMvTAXXxnW/ndLG5tb2Tnm3srd/cHhUPT7p6CRTDH2WiEQ9hlSj4BJ9w43Ax1QhjUOB3XByO/e7T6g0T+SDmaYYxHQkecQZNVby62rg1QfVmttwFyDrxCtIDQq0B9Wv/jBhWYzSMEG17nluaoKcKsOZwFmln2lMKZvQEfYslTRGHeSLY2fkwipDEiXKljRkof6eyGms9TQObWdMzVivenPxP6+Xmeg6yLlMM4OSLRdFmSAmIfPPyZArZEZMLaFMcXsrYWOqKDM2n4oNwVt9eZ10mg3PbXj3zVrrpoijDGdwDpfgwRW04A7a4AMDDs/wCm+OdF6cd+dj2VpyiplT+APn8we6cI30</latexit><latexit sha1_base64="Uk7SWPKRpnJep4S3LWCsgbFQlyY=">AAAB7HicbVBNT8JAEJ3iF+IX6tHLRjDxRFoueiR68YiJBRNoyHaZwobtttndmpCG3+DFg8Z49Qd589+4QA8KvmSSl/dmMjMvTAXXxnW/ndLG5tb2Tnm3srd/cHhUPT7p6CRTDH2WiEQ9hlSj4BJ9w43Ax1QhjUOB3XByO/e7T6g0T+SDmaYYxHQkecQZNVby62rg1QfVmttwFyDrxCtIDQq0B9Wv/jBhWYzSMEG17nluaoKcKsOZwFmln2lMKZvQEfYslTRGHeSLY2fkwipDEiXKljRkof6eyGms9TQObWdMzVivenPxP6+Xmeg6yLlMM4OSLRdFmSAmIfPPyZArZEZMLaFMcXsrYWOqKDM2n4oNwVt9eZ10mg3PbXj3zVrrpoijDGdwDpfgwRW04A7a4AMDDs/wCm+OdF6cd+dj2VpyiplT+APn8we6cI30</latexit>

Real Data
…

…

…
…

…8.0C
…B 7.2
…A 6.5
…Title Rating

6.3 … …D
…

…

…
…

…8.3C
…B 7.6
…A 6.9
…Title Rating

r01<latexit sha1_base64="J8kByEr5oDs8td2Gkes5sHJMa1k=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmIxityB2NlkQbS0wESeBC9pY9WNmPy+6eCbnwH2wsNMbW/2Pnv3GBKxR8ySQv781kZl6UcGas7397hbX1jc2t4nZpZ3dv/6B8eNQ2KtWEtojiSncibChnkrYss5x2Ek2xiDh9iMY3M//hiWrDlLy3k4SGAg8lixnB1kntqu4H59V+ueLX/DnQKglyUoEczX75qzdQJBVUWsKxMd3AT2yYYW0Z4XRa6qWGJpiM8ZB2HZVYUBNm82un6MwpAxQr7UpaNFd/T2RYGDMRkesU2I7MsjcT//O6qY2vwozJJLVUksWiOOXIKjR7HQ2YpsTyiSOYaOZuRWSENSbWBVRyIQTLL6+Sdr0W+LXgrl5pXOdxFOEETuECAriEBtxCE1pA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPG9SOJQ==</latexit><latexit sha1_base64="J8kByEr5oDs8td2Gkes5sHJMa1k=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmIxityB2NlkQbS0wESeBC9pY9WNmPy+6eCbnwH2wsNMbW/2Pnv3GBKxR8ySQv781kZl6UcGas7397hbX1jc2t4nZpZ3dv/6B8eNQ2KtWEtojiSncibChnkrYss5x2Ek2xiDh9iMY3M//hiWrDlLy3k4SGAg8lixnB1kntqu4H59V+ueLX/DnQKglyUoEczX75qzdQJBVUWsKxMd3AT2yYYW0Z4XRa6qWGJpiM8ZB2HZVYUBNm82un6MwpAxQr7UpaNFd/T2RYGDMRkesU2I7MsjcT//O6qY2vwozJJLVUksWiOOXIKjR7HQ2YpsTyiSOYaOZuRWSENSbWBVRyIQTLL6+Sdr0W+LXgrl5pXOdxFOEETuECAriEBtxCE1pA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPG9SOJQ==</latexit><latexit sha1_base64="J8kByEr5oDs8td2Gkes5sHJMa1k=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmIxityB2NlkQbS0wESeBC9pY9WNmPy+6eCbnwH2wsNMbW/2Pnv3GBKxR8ySQv781kZl6UcGas7397hbX1jc2t4nZpZ3dv/6B8eNQ2KtWEtojiSncibChnkrYss5x2Ek2xiDh9iMY3M//hiWrDlLy3k4SGAg8lixnB1kntqu4H59V+ueLX/DnQKglyUoEczX75qzdQJBVUWsKxMd3AT2yYYW0Z4XRa6qWGJpiM8ZB2HZVYUBNm82un6MwpAxQr7UpaNFd/T2RYGDMRkesU2I7MsjcT//O6qY2vwozJJLVUksWiOOXIKjR7HQ2YpsTyiSOYaOZuRWSENSbWBVRyIQTLL6+Sdr0W+LXgrl5pXOdxFOEETuECAriEBtxCE1pA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPG9SOJQ==</latexit><latexit sha1_base64="J8kByEr5oDs8td2Gkes5sHJMa1k=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmIxityB2NlkQbS0wESeBC9pY9WNmPy+6eCbnwH2wsNMbW/2Pnv3GBKxR8ySQv781kZl6UcGas7397hbX1jc2t4nZpZ3dv/6B8eNQ2KtWEtojiSncibChnkrYss5x2Ek2xiDh9iMY3M//hiWrDlLy3k4SGAg8lixnB1kntqu4H59V+ueLX/DnQKglyUoEczX75qzdQJBVUWsKxMd3AT2yYYW0Z4XRa6qWGJpiM8ZB2HZVYUBNm82un6MwpAxQr7UpaNFd/T2RYGDMRkesU2I7MsjcT//O6qY2vwozJJLVUksWiOOXIKjR7HQ2YpsTyiSOYaOZuRWSENSbWBVRyIQTLL6+Sdr0W+LXgrl5pXOdxFOEETuECAriEBtxCE1pA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPG9SOJQ==</latexit>

Real Data

P<latexit sha1_base64="7VVydhi5VjHIOOwQCkJ3GBXj9/4=">AAAB83icbVBNT8JAFHzFL8Qv1KOXjWDiibRc9Ej04hETARPakO2ywIbtttl9NSENf8OLB43x6p/x5r9xCz0oOMkmk5n38mYnTKQw6LrfTmljc2t7p7xb2ds/ODyqHp90TZxqxjsslrF+DKnhUijeQYGSPyaa0yiUvBdOb3O/98S1EbF6wFnCg4iOlRgJRtFKft2PKE7CMGvP64NqzW24C5B14hWkBgXag+qXP4xZGnGFTFJj+p6bYJBRjYJJPq/4qeEJZVM65n1LFY24CbJF5jm5sMqQjGJtn0KyUH9vZDQyZhaFdjKPaFa9XPzP66c4ug4yoZIUuWLLQ6NUEoxJXgAZCs0ZypkllGlhsxI2oZoytDVVbAne6pfXSbfZ8NyGd9+stW6KOspwBudwCR5cQQvuoA0dYJDAM7zCm5M6L86787EcLTnFzin8gfP5A3ZwkUo=</latexit><latexit sha1_base64="7VVydhi5VjHIOOwQCkJ3GBXj9/4=">AAAB83icbVBNT8JAFHzFL8Qv1KOXjWDiibRc9Ej04hETARPakO2ywIbtttl9NSENf8OLB43x6p/x5r9xCz0oOMkmk5n38mYnTKQw6LrfTmljc2t7p7xb2ds/ODyqHp90TZxqxjsslrF+DKnhUijeQYGSPyaa0yiUvBdOb3O/98S1EbF6wFnCg4iOlRgJRtFKft2PKE7CMGvP64NqzW24C5B14hWkBgXag+qXP4xZGnGFTFJj+p6bYJBRjYJJPq/4qeEJZVM65n1LFY24CbJF5jm5sMqQjGJtn0KyUH9vZDQyZhaFdjKPaFa9XPzP66c4ug4yoZIUuWLLQ6NUEoxJXgAZCs0ZypkllGlhsxI2oZoytDVVbAne6pfXSbfZ8NyGd9+stW6KOspwBudwCR5cQQvuoA0dYJDAM7zCm5M6L86787EcLTnFzin8gfP5A3ZwkUo=</latexit><latexit sha1_base64="7VVydhi5VjHIOOwQCkJ3GBXj9/4=">AAAB83icbVBNT8JAFHzFL8Qv1KOXjWDiibRc9Ej04hETARPakO2ywIbtttl9NSENf8OLB43x6p/x5r9xCz0oOMkmk5n38mYnTKQw6LrfTmljc2t7p7xb2ds/ODyqHp90TZxqxjsslrF+DKnhUijeQYGSPyaa0yiUvBdOb3O/98S1EbF6wFnCg4iOlRgJRtFKft2PKE7CMGvP64NqzW24C5B14hWkBgXag+qXP4xZGnGFTFJj+p6bYJBRjYJJPq/4qeEJZVM65n1LFY24CbJF5jm5sMqQjGJtn0KyUH9vZDQyZhaFdjKPaFa9XPzP66c4ug4yoZIUuWLLQ6NUEoxJXgAZCs0ZypkllGlhsxI2oZoytDVVbAne6pfXSbfZ8NyGd9+stW6KOspwBudwCR5cQQvuoA0dYJDAM7zCm5M6L86787EcLTnFzin8gfP5A3ZwkUo=</latexit><latexit sha1_base64="7VVydhi5VjHIOOwQCkJ3GBXj9/4=">AAAB83icbVBNT8JAFHzFL8Qv1KOXjWDiibRc9Ej04hETARPakO2ywIbtttl9NSENf8OLB43x6p/x5r9xCz0oOMkmk5n38mYnTKQw6LrfTmljc2t7p7xb2ds/ODyqHp90TZxqxjsslrF+DKnhUijeQYGSPyaa0yiUvBdOb3O/98S1EbF6wFnCg4iOlRgJRtFKft2PKE7CMGvP64NqzW24C5B14hWkBgXag+qXP4xZGnGFTFJj+p6bYJBRjYJJPq/4qeEJZVM65n1LFY24CbJF5jm5sMqQjGJtn0KyUH9vZDQyZhaFdjKPaFa9XPzP66c4ug4yoZIUuWLLQ6NUEoxJXgAZCs0ZypkllGlhsxI2oZoytDVVbAne6pfXSbfZ8NyGd9+stW6KOspwBudwCR5cQQvuoA0dYJDAM7zCm5M6L86787EcLTnFzin8gfP5A3ZwkUo=</latexit>

Pbase
<latexit sha1_base64="63Fr8ROowS3WibnRU6oZugsK1mo=">AAACAXicbVC7TsMwFHV4lvIKsCCxRLRITFXSBcYKFsYi0YfURJHjOq1Vx4nsG0QVhYVfYWEAIVb+go2/wWkzQMuRLB2dc+/1vSdIOFNg29/Gyura+sZmZau6vbO7t28eHHZVnEpCOyTmsewHWFHOBO0AA077iaQ4CjjtBZPrwu/dU6lYLO5gmlAvwiPBQkYwaMk3j+tuhGEcBFk7912gD5AV4/K6b9bshj2DtUycktRQibZvfrnDmKQRFUA4Vmrg2Al4GZbACKd51U0VTTCZ4BEdaCpwRJWXzS7IrTOtDK0wlvoJsGbq744MR0pNo0BXFuuqRa8Q//MGKYSXXsZEkgIVZP5RmHILYquIwxoySQnwqSaYSKZ3tcgYS0xAh1bVITiLJy+TbrPh2A3ntllrXZVxVNAJOkXnyEEXqIVuUBt1EEGP6Bm9ojfjyXgx3o2PeemKUfYcoT8wPn8Ar7uXBg==</latexit><latexit sha1_base64="63Fr8ROowS3WibnRU6oZugsK1mo=">AAACAXicbVC7TsMwFHV4lvIKsCCxRLRITFXSBcYKFsYi0YfURJHjOq1Vx4nsG0QVhYVfYWEAIVb+go2/wWkzQMuRLB2dc+/1vSdIOFNg29/Gyura+sZmZau6vbO7t28eHHZVnEpCOyTmsewHWFHOBO0AA077iaQ4CjjtBZPrwu/dU6lYLO5gmlAvwiPBQkYwaMk3j+tuhGEcBFk7912gD5AV4/K6b9bshj2DtUycktRQibZvfrnDmKQRFUA4Vmrg2Al4GZbACKd51U0VTTCZ4BEdaCpwRJWXzS7IrTOtDK0wlvoJsGbq744MR0pNo0BXFuuqRa8Q//MGKYSXXsZEkgIVZP5RmHILYquIwxoySQnwqSaYSKZ3tcgYS0xAh1bVITiLJy+TbrPh2A3ntllrXZVxVNAJOkXnyEEXqIVuUBt1EEGP6Bm9ojfjyXgx3o2PeemKUfYcoT8wPn8Ar7uXBg==</latexit><latexit sha1_base64="63Fr8ROowS3WibnRU6oZugsK1mo=">AAACAXicbVC7TsMwFHV4lvIKsCCxRLRITFXSBcYKFsYi0YfURJHjOq1Vx4nsG0QVhYVfYWEAIVb+go2/wWkzQMuRLB2dc+/1vSdIOFNg29/Gyura+sZmZau6vbO7t28eHHZVnEpCOyTmsewHWFHOBO0AA077iaQ4CjjtBZPrwu/dU6lYLO5gmlAvwiPBQkYwaMk3j+tuhGEcBFk7912gD5AV4/K6b9bshj2DtUycktRQibZvfrnDmKQRFUA4Vmrg2Al4GZbACKd51U0VTTCZ4BEdaCpwRJWXzS7IrTOtDK0wlvoJsGbq744MR0pNo0BXFuuqRa8Q//MGKYSXXsZEkgIVZP5RmHILYquIwxoySQnwqSaYSKZ3tcgYS0xAh1bVITiLJy+TbrPh2A3ntllrXZVxVNAJOkXnyEEXqIVuUBt1EEGP6Bm9ojfjyXgx3o2PeemKUfYcoT8wPn8Ar7uXBg==</latexit><latexit sha1_base64="63Fr8ROowS3WibnRU6oZugsK1mo=">AAACAXicbVC7TsMwFHV4lvIKsCCxRLRITFXSBcYKFsYi0YfURJHjOq1Vx4nsG0QVhYVfYWEAIVb+go2/wWkzQMuRLB2dc+/1vSdIOFNg29/Gyura+sZmZau6vbO7t28eHHZVnEpCOyTmsewHWFHOBO0AA077iaQ4CjjtBZPrwu/dU6lYLO5gmlAvwiPBQkYwaMk3j+tuhGEcBFk7912gD5AV4/K6b9bshj2DtUycktRQibZvfrnDmKQRFUA4Vmrg2Al4GZbACKd51U0VTTCZ4BEdaCpwRJWXzS7IrTOtDK0wlvoJsGbq744MR0pNo0BXFuuqRa8Q//MGKYSXXsZEkgIVZP5RmHILYquIwxoySQnwqSaYSKZ3tcgYS0xAh1bVITiLJy+TbrPh2A3ntllrXZVxVNAJOkXnyEEXqIVuUBt1EEGP6Bm9ojfjyXgx3o2PeemKUfYcoT8wPn8Ar7uXBg==</latexit>

Sampled 
Drift 
Factor d⇤

<latexit sha1_base64="oECCx57NRmezoEg9DivfG3Ym5rI=">AAAB7HicbVBNT8JAEJ3iF+IX6tHLRjAxHkjLRY9ELx4xsUgClWy3W9iwu212tyak4Td48aAxXv1B3vw3LtCDgi+Z5OW9mczMC1POtHHdb6e0tr6xuVXeruzs7u0fVA+POjrJFKE+SXiiuiHWlDNJfcMMp91UUSxCTh/C8c3Mf3iiSrNE3ptJSgOBh5LFjGBjJb8ePV7UB9Wa23DnQKvEK0gNCrQH1a9+lJBMUGkIx1r3PDc1QY6VYYTTaaWfaZpiMsZD2rNUYkF1kM+PnaIzq0QoTpQtadBc/T2RY6H1RIS2U2Az0sveTPzP62UmvgpyJtPMUEkWi+KMI5Og2ecoYooSwyeWYKKYvRWREVaYGJtPxYbgLb+8SjrNhuc2vLtmrXVdxFGGEziFc/DgElpwC23wgQCDZ3iFN0c6L86787FoLTnFzDH8gfP5A5jljd4=</latexit><latexit sha1_base64="oECCx57NRmezoEg9DivfG3Ym5rI=">AAAB7HicbVBNT8JAEJ3iF+IX6tHLRjAxHkjLRY9ELx4xsUgClWy3W9iwu212tyak4Td48aAxXv1B3vw3LtCDgi+Z5OW9mczMC1POtHHdb6e0tr6xuVXeruzs7u0fVA+POjrJFKE+SXiiuiHWlDNJfcMMp91UUSxCTh/C8c3Mf3iiSrNE3ptJSgOBh5LFjGBjJb8ePV7UB9Wa23DnQKvEK0gNCrQH1a9+lJBMUGkIx1r3PDc1QY6VYYTTaaWfaZpiMsZD2rNUYkF1kM+PnaIzq0QoTpQtadBc/T2RY6H1RIS2U2Az0sveTPzP62UmvgpyJtPMUEkWi+KMI5Og2ecoYooSwyeWYKKYvRWREVaYGJtPxYbgLb+8SjrNhuc2vLtmrXVdxFGGEziFc/DgElpwC23wgQCDZ3iFN0c6L86787FoLTnFzDH8gfP5A5jljd4=</latexit><latexit sha1_base64="oECCx57NRmezoEg9DivfG3Ym5rI=">AAAB7HicbVBNT8JAEJ3iF+IX6tHLRjAxHkjLRY9ELx4xsUgClWy3W9iwu212tyak4Td48aAxXv1B3vw3LtCDgi+Z5OW9mczMC1POtHHdb6e0tr6xuVXeruzs7u0fVA+POjrJFKE+SXiiuiHWlDNJfcMMp91UUSxCTh/C8c3Mf3iiSrNE3ptJSgOBh5LFjGBjJb8ePV7UB9Wa23DnQKvEK0gNCrQH1a9+lJBMUGkIx1r3PDc1QY6VYYTTaaWfaZpiMsZD2rNUYkF1kM+PnaIzq0QoTpQtadBc/T2RY6H1RIS2U2Az0sveTPzP62UmvgpyJtPMUEkWi+KMI5Og2ecoYooSwyeWYKKYvRWREVaYGJtPxYbgLb+8SjrNhuc2vLtmrXVdxFGGEziFc/DgElpwC23wgQCDZ3iFN0c6L86787FoLTnFzDH8gfP5A5jljd4=</latexit><latexit sha1_base64="oECCx57NRmezoEg9DivfG3Ym5rI=">AAAB7HicbVBNT8JAEJ3iF+IX6tHLRjAxHkjLRY9ELx4xsUgClWy3W9iwu212tyak4Td48aAxXv1B3vw3LtCDgi+Z5OW9mczMC1POtHHdb6e0tr6xuVXeruzs7u0fVA+POjrJFKE+SXiiuiHWlDNJfcMMp91UUSxCTh/C8c3Mf3iiSrNE3ptJSgOBh5LFjGBjJb8ePV7UB9Wa23DnQKvEK0gNCrQH1a9+lJBMUGkIx1r3PDc1QY6VYYTTaaWfaZpiMsZD2rNUYkF1kM+PnaIzq0QoTpQtadBc/T2RY6H1RIS2U2Az0sveTPzP62UmvgpyJtPMUEkWi+KMI5Og2ecoYooSwyeWYKKYvRWREVaYGJtPxYbgLb+8SjrNhuc2vLtmrXVdxFGGEziFc/DgElpwC23wgQCDZ3iFN0c6L86787FoLTnFzDH8gfP5A5jljd4=</latexit>

P
<latexit sha1_base64="+rpUu/m3LEQqPJ2D1eAWAtZUTpQ=">AAACAHicbVC7TsMwFL3hWcorwMDAYtEiMVVJFxgrWBiLRB9SE1WO67RWHSeyHaQqysKvsDCAECufwcbf4LQZoOVIlo7OuUe+9wQJZ0o7zre1tr6xubVd2anu7u0fHNpHx10Vp5LQDol5LPsBVpQzQTuaaU77iaQ4CjjtBdPbwu89UqlYLB70LKF+hMeChYxgbaShfVr3YuMX8cyLsJ4EQdbO8/rQrjkNZw60StyS1KBEe2h/eaOYpBEVmnCs1MB1Eu1nWGpGOM2rXqpogskUj+nAUIEjqvxsfkCOLowyQmEszRMazdXfiQxHSs2iwEwWO6plrxD/8wapDq/9jIkk1VSQxUdhypGOUdEGGjFJieYzQzCRzOyKyARLTLTprGpKcJdPXiXdZsN1Gu59s9a6KeuowBmcwyW4cAUtuIM2dIBADs/wCm/Wk/VivVsfi9E1q8ycwB9Ynz/5QZah</latexit><latexit sha1_base64="+rpUu/m3LEQqPJ2D1eAWAtZUTpQ=">AAACAHicbVC7TsMwFL3hWcorwMDAYtEiMVVJFxgrWBiLRB9SE1WO67RWHSeyHaQqysKvsDCAECufwcbf4LQZoOVIlo7OuUe+9wQJZ0o7zre1tr6xubVd2anu7u0fHNpHx10Vp5LQDol5LPsBVpQzQTuaaU77iaQ4CjjtBdPbwu89UqlYLB70LKF+hMeChYxgbaShfVr3YuMX8cyLsJ4EQdbO8/rQrjkNZw60StyS1KBEe2h/eaOYpBEVmnCs1MB1Eu1nWGpGOM2rXqpogskUj+nAUIEjqvxsfkCOLowyQmEszRMazdXfiQxHSs2iwEwWO6plrxD/8wapDq/9jIkk1VSQxUdhypGOUdEGGjFJieYzQzCRzOyKyARLTLTprGpKcJdPXiXdZsN1Gu59s9a6KeuowBmcwyW4cAUtuIM2dIBADs/wCm/Wk/VivVsfi9E1q8ycwB9Ynz/5QZah</latexit><latexit sha1_base64="+rpUu/m3LEQqPJ2D1eAWAtZUTpQ=">AAACAHicbVC7TsMwFL3hWcorwMDAYtEiMVVJFxgrWBiLRB9SE1WO67RWHSeyHaQqysKvsDCAECufwcbf4LQZoOVIlo7OuUe+9wQJZ0o7zre1tr6xubVd2anu7u0fHNpHx10Vp5LQDol5LPsBVpQzQTuaaU77iaQ4CjjtBdPbwu89UqlYLB70LKF+hMeChYxgbaShfVr3YuMX8cyLsJ4EQdbO8/rQrjkNZw60StyS1KBEe2h/eaOYpBEVmnCs1MB1Eu1nWGpGOM2rXqpogskUj+nAUIEjqvxsfkCOLowyQmEszRMazdXfiQxHSs2iwEwWO6plrxD/8wapDq/9jIkk1VSQxUdhypGOUdEGGjFJieYzQzCRzOyKyARLTLTprGpKcJdPXiXdZsN1Gu59s9a6KeuowBmcwyW4cAUtuIM2dIBADs/wCm/Wk/VivVsfi9E1q8ycwB9Ynz/5QZah</latexit><latexit sha1_base64="+rpUu/m3LEQqPJ2D1eAWAtZUTpQ=">AAACAHicbVC7TsMwFL3hWcorwMDAYtEiMVVJFxgrWBiLRB9SE1WO67RWHSeyHaQqysKvsDCAECufwcbf4LQZoOVIlo7OuUe+9wQJZ0o7zre1tr6xubVd2anu7u0fHNpHx10Vp5LQDol5LPsBVpQzQTuaaU77iaQ4CjjtBdPbwu89UqlYLB70LKF+hMeChYxgbaShfVr3YuMX8cyLsJ4EQdbO8/rQrjkNZw60StyS1KBEe2h/eaOYpBEVmnCs1MB1Eu1nWGpGOM2rXqpogskUj+nAUIEjqvxsfkCOLowyQmEszRMazdXfiQxHSs2iwEwWO6plrxD/8wapDq/9jIkk1VSQxUdhypGOUdEGGjFJieYzQzCRzOyKyARLTLTprGpKcJdPXiXdZsN1Gu59s9a6KeuowBmcwyW4cAUtuIM2dIBADs/wCm/Wk/VivVsfi9E1q8ycwB9Ynz/5QZah</latexit>

Drift�(xt, t, d
⇤)

<latexit sha1_base64="5gq+Np5KmDIq+f5Cg7LtAoRdgDU=">AAACEnicbVC7TgJBFJ3FF+Jr1dJmIpiAMWSXRkuiFpaYyCNhcTM7zMKE2Udm7hrIhm+w8VdsLDTG1srOv3F4FAqezCQn59ybe+/xYsEVWNa3kVlZXVvfyG7mtrZ3dvfM/YOGihJJWZ1GIpItjygmeMjqwEGwViwZCTzBmt7gauI3H5hUPArvYBSzTkB6Ifc5JaAl1ywVHGBDSK8l92HsOnGfF52AQN/z0+HYhTOsX/f+tFRwzbxVtqbAy8Sekzyao+aaX043oknAQqCCKNW2rRg6KZHAqWDjnJMoFhM6ID3W1jQkAVOddHrSGJ9opYv9SOofAp6qvztSEig1CjxdOdlWLXoT8T+vnYB/0Ul5GCfAQjob5CcCQ4Qn+eAul4yCGGlCqOR6V0z7RBIKOsWcDsFePHmZNCpl2yrbt5V89XIeRxYdoWNURDY6R1V0g2qojih6RM/oFb0ZT8aL8W58zEozxrznEP2B8fkD9PCc8w==</latexit><latexit sha1_base64="5gq+Np5KmDIq+f5Cg7LtAoRdgDU=">AAACEnicbVC7TgJBFJ3FF+Jr1dJmIpiAMWSXRkuiFpaYyCNhcTM7zMKE2Udm7hrIhm+w8VdsLDTG1srOv3F4FAqezCQn59ybe+/xYsEVWNa3kVlZXVvfyG7mtrZ3dvfM/YOGihJJWZ1GIpItjygmeMjqwEGwViwZCTzBmt7gauI3H5hUPArvYBSzTkB6Ifc5JaAl1ywVHGBDSK8l92HsOnGfF52AQN/z0+HYhTOsX/f+tFRwzbxVtqbAy8Sekzyao+aaX043oknAQqCCKNW2rRg6KZHAqWDjnJMoFhM6ID3W1jQkAVOddHrSGJ9opYv9SOofAp6qvztSEig1CjxdOdlWLXoT8T+vnYB/0Ul5GCfAQjob5CcCQ4Qn+eAul4yCGGlCqOR6V0z7RBIKOsWcDsFePHmZNCpl2yrbt5V89XIeRxYdoWNURDY6R1V0g2qojih6RM/oFb0ZT8aL8W58zEozxrznEP2B8fkD9PCc8w==</latexit><latexit sha1_base64="5gq+Np5KmDIq+f5Cg7LtAoRdgDU=">AAACEnicbVC7TgJBFJ3FF+Jr1dJmIpiAMWSXRkuiFpaYyCNhcTM7zMKE2Udm7hrIhm+w8VdsLDTG1srOv3F4FAqezCQn59ybe+/xYsEVWNa3kVlZXVvfyG7mtrZ3dvfM/YOGihJJWZ1GIpItjygmeMjqwEGwViwZCTzBmt7gauI3H5hUPArvYBSzTkB6Ifc5JaAl1ywVHGBDSK8l92HsOnGfF52AQN/z0+HYhTOsX/f+tFRwzbxVtqbAy8Sekzyao+aaX043oknAQqCCKNW2rRg6KZHAqWDjnJMoFhM6ID3W1jQkAVOddHrSGJ9opYv9SOofAp6qvztSEig1CjxdOdlWLXoT8T+vnYB/0Ul5GCfAQjob5CcCQ4Qn+eAul4yCGGlCqOR6V0z7RBIKOsWcDsFePHmZNCpl2yrbt5V89XIeRxYdoWNURDY6R1V0g2qojih6RM/oFb0ZT8aL8W58zEozxrznEP2B8fkD9PCc8w==</latexit><latexit sha1_base64="5gq+Np5KmDIq+f5Cg7LtAoRdgDU=">AAACEnicbVC7TgJBFJ3FF+Jr1dJmIpiAMWSXRkuiFpaYyCNhcTM7zMKE2Udm7hrIhm+w8VdsLDTG1srOv3F4FAqezCQn59ybe+/xYsEVWNa3kVlZXVvfyG7mtrZ3dvfM/YOGihJJWZ1GIpItjygmeMjqwEGwViwZCTzBmt7gauI3H5hUPArvYBSzTkB6Ifc5JaAl1ywVHGBDSK8l92HsOnGfF52AQN/z0+HYhTOsX/f+tFRwzbxVtqbAy8Sekzyao+aaX043oknAQqCCKNW2rRg6KZHAqWDjnJMoFhM6ID3W1jQkAVOddHrSGJ9opYv9SOofAp6qvztSEig1CjxdOdlWLXoT8T+vnYB/0Ul5GCfAQjob5CcCQ4Qn+eAul4yCGGlCqOR6V0z7RBIKOsWcDsFePHmZNCpl2yrbt5V89XIeRxYdoWNURDY6R1V0g2qojih6RM/oFb0ZT8aL8W58zEozxrznEP2B8fkD9PCc8w==</latexit>

Encoded 
Real Data

d
<latexit sha1_base64="2hcL1CNFtf5KHhXFLgTjFb8V2Ng=">AAAB9XicbVC7TsMwFL3hWcqrwMhi0SIxVUkXGCtYGItEH1IbKsdxWquOHdkOqIr6HywMIMTKv7DxNzhtBmg5kqWjc+7RvT5Bwpk2rvvtrK1vbG5tl3bKu3v7B4eVo+OOlqkitE0kl6oXYE05E7RtmOG0lyiK44DTbjC5yf3uI1WaSXFvpgn1YzwSLGIEGys91AbSunk4C2e1YaXq1t050CrxClKFAq1h5WsQSpLGVBjCsdZ9z02Mn2FlGOF0Vh6kmiaYTPCI9i0VOKbaz+ZXz9C5VUIUSWWfMGiu/k5kONZ6Ggd2MsZmrJe9XPzP66cmuvIzJpLUUEEWi6KUIyNRXgEKmaLE8KklmChmb0VkjBUmxhZVtiV4y19eJZ1G3XPr3l2j2rwu6ijBKZzBBXhwCU24hRa0gYCCZ3iFN+fJeXHenY/F6JpTZE7gD5zPH16Lkmg=</latexit><latexit sha1_base64="2hcL1CNFtf5KHhXFLgTjFb8V2Ng=">AAAB9XicbVC7TsMwFL3hWcqrwMhi0SIxVUkXGCtYGItEH1IbKsdxWquOHdkOqIr6HywMIMTKv7DxNzhtBmg5kqWjc+7RvT5Bwpk2rvvtrK1vbG5tl3bKu3v7B4eVo+OOlqkitE0kl6oXYE05E7RtmOG0lyiK44DTbjC5yf3uI1WaSXFvpgn1YzwSLGIEGys91AbSunk4C2e1YaXq1t050CrxClKFAq1h5WsQSpLGVBjCsdZ9z02Mn2FlGOF0Vh6kmiaYTPCI9i0VOKbaz+ZXz9C5VUIUSWWfMGiu/k5kONZ6Ggd2MsZmrJe9XPzP66cmuvIzJpLUUEEWi6KUIyNRXgEKmaLE8KklmChmb0VkjBUmxhZVtiV4y19eJZ1G3XPr3l2j2rwu6ijBKZzBBXhwCU24hRa0gYCCZ3iFN+fJeXHenY/F6JpTZE7gD5zPH16Lkmg=</latexit><latexit sha1_base64="2hcL1CNFtf5KHhXFLgTjFb8V2Ng=">AAAB9XicbVC7TsMwFL3hWcqrwMhi0SIxVUkXGCtYGItEH1IbKsdxWquOHdkOqIr6HywMIMTKv7DxNzhtBmg5kqWjc+7RvT5Bwpk2rvvtrK1vbG5tl3bKu3v7B4eVo+OOlqkitE0kl6oXYE05E7RtmOG0lyiK44DTbjC5yf3uI1WaSXFvpgn1YzwSLGIEGys91AbSunk4C2e1YaXq1t050CrxClKFAq1h5WsQSpLGVBjCsdZ9z02Mn2FlGOF0Vh6kmiaYTPCI9i0VOKbaz+ZXz9C5VUIUSWWfMGiu/k5kONZ6Ggd2MsZmrJe9XPzP66cmuvIzJpLUUEEWi6KUIyNRXgEKmaLE8KklmChmb0VkjBUmxhZVtiV4y19eJZ1G3XPr3l2j2rwu6ijBKZzBBXhwCU24hRa0gYCCZ3iFN+fJeXHenY/F6JpTZE7gD5zPH16Lkmg=</latexit><latexit sha1_base64="2hcL1CNFtf5KHhXFLgTjFb8V2Ng=">AAAB9XicbVC7TsMwFL3hWcqrwMhi0SIxVUkXGCtYGItEH1IbKsdxWquOHdkOqIr6HywMIMTKv7DxNzhtBmg5kqWjc+7RvT5Bwpk2rvvtrK1vbG5tl3bKu3v7B4eVo+OOlqkitE0kl6oXYE05E7RtmOG0lyiK44DTbjC5yf3uI1WaSXFvpgn1YzwSLGIEGys91AbSunk4C2e1YaXq1t050CrxClKFAq1h5WsQSpLGVBjCsdZ9z02Mn2FlGOF0Vh6kmiaYTPCI9i0VOKbaz+ZXz9C5VUIUSWWfMGiu/k5kONZ6Ggd2MsZmrJe9XPzP66cmuvIzJpLUUEEWi6KUIyNRXgEKmaLE8KklmChmb0VkjBUmxhZVtiV4y19eJZ1G3XPr3l2j2rwu6ijBKZzBBXhwCU24hRa0gYCCZ3iFN+fJeXHenY/F6JpTZE7gD5zPH16Lkmg=</latexit>
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Fig. 3. Diffuser and Drifter Training

Diffuser Training. The diffuser Diff serves as the core generative model, learning to approximate

the unconditional distribution 𝑝 (x𝑡−1 |x𝑡 ). To achieve this, we train Diff to predict the mean

𝝁 (x𝑡 , 𝑡 ;𝜃 ) of the reverse denoising process, which is directly related to the noise added during the

forward process. In particular, the reverse process can be rewritten in terms of noise 𝜖𝑡 , where:

𝝁 (x𝑡 , 𝑡 ;𝜃 ) = 1√
𝛼𝑡

(
x𝑡 −
√

1 − 𝛼𝑡 · 𝜖𝑡
)
, and 𝛼𝑡 is a parameter derived from the variance schedule

𝜎𝑡 . This formulation makes noise reconstruction a central task in training, and thus, the noise

prediction output of the diffuser at timestep 𝑡 , or Diff(x𝑡 , 𝑡), is trained by minimizing the noise

reconstruction error:

LDiff = E𝑡
[
∥𝜖𝑡 − Diff(x𝑡 , 𝑡)∥2

]
.

As shown in Figure 3, the diffuser is trained to reconstruct samples from the base data with the

distribution Pbase by learning to predict the added noise during the forward diffusion process. In

each training iteration, a clean encoded sample x0 is drawn from real data 𝑟1 ∼ Pbase. A timestep 𝑡

and Gaussian noise 𝜖𝑡 are sampled, and noise is added to x0 to produce the diffused sample x𝑡 . The
diffuser Diff takes x𝑡 and 𝑡 as inputs, and predicts the noise 𝜖𝑡 used in denoising. We train Diff by
minimizing the mean squared error between the predicted noise 𝜖𝑡 and the true noise 𝜖𝑡 , denoted

as LDiff. This enables the diffuser to capture the underlying distribution and latent correlations in

Pbase.
Drifter training. The drifter Drifter is used to fit Pr(xdrift |x𝑡 ) to generate xdrift with the same

size as the current noisy data x𝑡 , and satisfies any drift factor 𝑑 , i.e., xdrift = Drifter(x𝑡 , 𝑡, 𝑑). After
that, the expected drift factor 𝑑∗ is input into Drifter to compute ∇x𝑡 Pr(xdrift |x𝑡 ) and guide Diff
toward the expected distribution. The drifter is trained to guide the denoising process toward

drifted target distributions while preserving key statistical properties of the base data. To achieve

this, we adopt a composite loss function so that it balances among the accuracy of drift-introduction,

preservation of original correlations, and coherence with the real data.

The detailed algorithm to train the drifter is illustrated in Algorithm 1. It first initializes drifter

parameters 𝜙 , pre-computes 𝛼𝑡 and 𝛼𝑡 based on {𝛽𝑡 }𝑇𝑡=1
, where both the definition of {𝛽𝑡 } and

the computation of 𝛼𝑡 and 𝛼𝑡 (Lines 1-2). After that, it starts the training by looping through the

training steps. At each training step, it first samples a clean base sample 𝑥0 from Pbase and selects

a target real data P from {Ptarget}. After that, a random drift factor 𝑑∗, a timestep 𝑡 , and a noise

𝜖 ∼ N(0, 𝐼 ) are sampled (Lines 4-5). The drifter then constructs a noisy sample x𝑡 via the forward
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Algorithm 1: Drifter Training Procedure
Input: Base distribution Pbase, drifted target distribution set {Ptarget}, schedule variables {𝛽𝑡 }𝑇𝑡=1

, loss

balancer 𝜆1, 𝜆2

Output: Trained drifter Drifter𝜙
11 Initialize drifter parameters 𝜙 ;

/* Pre-compute 𝛼𝑡 and 𝛼𝑡 for all timesteps */

2 {𝛼𝑡 }𝑇𝑡=1
← {1 − 𝛽𝑡 }𝑇𝑡=1

, {𝛼𝑡 }𝑇𝑡=1
← {∏𝑡

𝑖=1
𝛼𝑖 }𝑇𝑡=1

;

3 while not converged do
4 x0 ∼ Pbase, P ∼ {Ptarget};
5 𝑑∗ ∼ 𝑈 (0, 1), 𝑡 ∼ {1, . . . ,𝑇 }, 𝝐𝑡 ∼ N(0, I);
6 x𝑡 ←

√
𝛼𝑡x0 +

√
1 − 𝛼𝑡𝝐𝑡 ;

7 xdrift ← Drifter𝜙 (x𝑡 , 𝑡, 𝑑∗);
8 P← 𝑝 (xdrift); // get distribution of xdrift

9 𝑑 ← 1

log 2
D𝐽 𝑆 (Pbase ∥ P);

10 LDrift =




𝑑 − 𝑑∗


2

2

+ 𝜆1 ∥C(xdrift) − C(x𝑡 )∥22
+𝜆2D𝐽 𝑆 (P ∥ P);

11 Update 𝜙 using gradient descent;
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Drifter

Drift
Controlling

Diffuser
Denoise

Drifter

Drift
Controlling

+

Relation

…

+

Denoise

r01<latexit sha1_base64="J8kByEr5oDs8td2Gkes5sHJMa1k=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmIxityB2NlkQbS0wESeBC9pY9WNmPy+6eCbnwH2wsNMbW/2Pnv3GBKxR8ySQv781kZl6UcGas7397hbX1jc2t4nZpZ3dv/6B8eNQ2KtWEtojiSncibChnkrYss5x2Ek2xiDh9iMY3M//hiWrDlLy3k4SGAg8lixnB1kntqu4H59V+ueLX/DnQKglyUoEczX75qzdQJBVUWsKxMd3AT2yYYW0Z4XRa6qWGJpiM8ZB2HZVYUBNm82un6MwpAxQr7UpaNFd/T2RYGDMRkesU2I7MsjcT//O6qY2vwozJJLVUksWiOOXIKjR7HQ2YpsTyiSOYaOZuRWSENSbWBVRyIQTLL6+Sdr0W+LXgrl5pXOdxFOEETuECAriEBtxCE1pA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPG9SOJQ==</latexit><latexit sha1_base64="J8kByEr5oDs8td2Gkes5sHJMa1k=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmIxityB2NlkQbS0wESeBC9pY9WNmPy+6eCbnwH2wsNMbW/2Pnv3GBKxR8ySQv781kZl6UcGas7397hbX1jc2t4nZpZ3dv/6B8eNQ2KtWEtojiSncibChnkrYss5x2Ek2xiDh9iMY3M//hiWrDlLy3k4SGAg8lixnB1kntqu4H59V+ueLX/DnQKglyUoEczX75qzdQJBVUWsKxMd3AT2yYYW0Z4XRa6qWGJpiM8ZB2HZVYUBNm82un6MwpAxQr7UpaNFd/T2RYGDMRkesU2I7MsjcT//O6qY2vwozJJLVUksWiOOXIKjR7HQ2YpsTyiSOYaOZuRWSENSbWBVRyIQTLL6+Sdr0W+LXgrl5pXOdxFOEETuECAriEBtxCE1pA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPG9SOJQ==</latexit><latexit sha1_base64="J8kByEr5oDs8td2Gkes5sHJMa1k=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmIxityB2NlkQbS0wESeBC9pY9WNmPy+6eCbnwH2wsNMbW/2Pnv3GBKxR8ySQv781kZl6UcGas7397hbX1jc2t4nZpZ3dv/6B8eNQ2KtWEtojiSncibChnkrYss5x2Ek2xiDh9iMY3M//hiWrDlLy3k4SGAg8lixnB1kntqu4H59V+ueLX/DnQKglyUoEczX75qzdQJBVUWsKxMd3AT2yYYW0Z4XRa6qWGJpiM8ZB2HZVYUBNm82un6MwpAxQr7UpaNFd/T2RYGDMRkesU2I7MsjcT//O6qY2vwozJJLVUksWiOOXIKjR7HQ2YpsTyiSOYaOZuRWSENSbWBVRyIQTLL6+Sdr0W+LXgrl5pXOdxFOEETuECAriEBtxCE1pA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPG9SOJQ==</latexit><latexit sha1_base64="J8kByEr5oDs8td2Gkes5sHJMa1k=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmIxityB2NlkQbS0wESeBC9pY9WNmPy+6eCbnwH2wsNMbW/2Pnv3GBKxR8ySQv781kZl6UcGas7397hbX1jc2t4nZpZ3dv/6B8eNQ2KtWEtojiSncibChnkrYss5x2Ek2xiDh9iMY3M//hiWrDlLy3k4SGAg8lixnB1kntqu4H59V+ueLX/DnQKglyUoEczX75qzdQJBVUWsKxMd3AT2yYYW0Z4XRa6qWGJpiM8ZB2HZVYUBNm82un6MwpAxQr7UpaNFd/T2RYGDMRkesU2I7MsjcT//O6qY2vwozJJLVUksWiOOXIKjR7HQ2YpsTyiSOYaOZuRWSENSbWBVRyIQTLL6+Sdr0W+LXgrl5pXOdxFOEETuECAriEBtxCE1pA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPG9SOJQ==</latexit>

Q0
1<latexit sha1_base64="YT+Imx+mL6ce3Z1ZAsxGbmSIkLQ=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmIxityB2NlkQbS0jkI4EL2Vv2YGVv97K7Z0Iu/AcbC42x9f/Y+W9cjisUfMkkL+/NZGZeEHOmjet+O4WNza3tneJuaW//4PCofHzS0TJRhLaJ5FL1AqwpZ4K2DTOc9mJFcRRw2g2mdwu/+0SVZlI8mFlM/QiPBQsZwcZKnWpr6F1Wh+WKW3MzoHXi5aQCOZrD8tdgJEkSUWEIx1r3PTc2foqVYYTTeWmQaBpjMsVj2rdU4IhqP82unaMLq4xQKJUtYVCm/p5IcaT1LApsZ4TNRK96C/E/r5+Y8MZPmYgTQwVZLgoTjoxEi9fRiClKDJ9Zgoli9lZEJlhhYmxAJRuCt/ryOunUa55b81r1SuM2j6MIZ3AOV+DBNTTgHprQBgKP8Ayv8OZI58V5dz6WrQUnnzmFP3A+fwDpPY4E</latexit><latexit sha1_base64="YT+Imx+mL6ce3Z1ZAsxGbmSIkLQ=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmIxityB2NlkQbS0jkI4EL2Vv2YGVv97K7Z0Iu/AcbC42x9f/Y+W9cjisUfMkkL+/NZGZeEHOmjet+O4WNza3tneJuaW//4PCofHzS0TJRhLaJ5FL1AqwpZ4K2DTOc9mJFcRRw2g2mdwu/+0SVZlI8mFlM/QiPBQsZwcZKnWpr6F1Wh+WKW3MzoHXi5aQCOZrD8tdgJEkSUWEIx1r3PTc2foqVYYTTeWmQaBpjMsVj2rdU4IhqP82unaMLq4xQKJUtYVCm/p5IcaT1LApsZ4TNRK96C/E/r5+Y8MZPmYgTQwVZLgoTjoxEi9fRiClKDJ9Zgoli9lZEJlhhYmxAJRuCt/ryOunUa55b81r1SuM2j6MIZ3AOV+DBNTTgHprQBgKP8Ayv8OZI58V5dz6WrQUnnzmFP3A+fwDpPY4E</latexit><latexit sha1_base64="YT+Imx+mL6ce3Z1ZAsxGbmSIkLQ=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmIxityB2NlkQbS0jkI4EL2Vv2YGVv97K7Z0Iu/AcbC42x9f/Y+W9cjisUfMkkL+/NZGZeEHOmjet+O4WNza3tneJuaW//4PCofHzS0TJRhLaJ5FL1AqwpZ4K2DTOc9mJFcRRw2g2mdwu/+0SVZlI8mFlM/QiPBQsZwcZKnWpr6F1Wh+WKW3MzoHXi5aQCOZrD8tdgJEkSUWEIx1r3PTc2foqVYYTTeWmQaBpjMsVj2rdU4IhqP82unaMLq4xQKJUtYVCm/p5IcaT1LApsZ4TNRK96C/E/r5+Y8MZPmYgTQwVZLgoTjoxEi9fRiClKDJ9Zgoli9lZEJlhhYmxAJRuCt/ryOunUa55b81r1SuM2j6MIZ3AOV+DBNTTgHprQBgKP8Ayv8OZI58V5dz6WrQUnnzmFP3A+fwDpPY4E</latexit><latexit sha1_base64="YT+Imx+mL6ce3Z1ZAsxGbmSIkLQ=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmIxityB2NlkQbS0jkI4EL2Vv2YGVv97K7Z0Iu/AcbC42x9f/Y+W9cjisUfMkkL+/NZGZeEHOmjet+O4WNza3tneJuaW//4PCofHzS0TJRhLaJ5FL1AqwpZ4K2DTOc9mJFcRRw2g2mdwu/+0SVZlI8mFlM/QiPBQsZwcZKnWpr6F1Wh+WKW3MzoHXi5aQCOZrD8tdgJEkSUWEIx1r3PTc2foqVYYTTeWmQaBpjMsVj2rdU4IhqP82unaMLq4xQKJUtYVCm/p5IcaT1LApsZ4TNRK96C/E/r5+Y8MZPmYgTQwVZLgoTjoxEi9fRiClKDJ9Zgoli9lZEJlhhYmxAJRuCt/ryOunUa55b81r1SuM2j6MIZ3AOV+DBNTTgHprQBgKP8Ayv8OZI58V5dz6WrQUnnzmFP3A+fwDpPY4E</latexit>

6.3 2017 …D
…

…

…
…

20158.3C
2010B 7.6
2005A 6.9
YearTitle Rating

…
…      = 10
…            > 100
TSJoin Predicate

Workload

./
<latexit sha1_base64="Mv19DTEDzAtqUvKGJhxV/bbeT7g=">AAAB8HicbVDLTgJBEJz1ifhCPXqZCCaeyC4XPRK9eMREHgY2ZHaYhQnz2Mz0asiGr/DiQWO8+jne/BsH2IOClXRSqepOd1eUCG7B97+9tfWNza3twk5xd2//4LB0dNyyOjWUNakW2nQiYpngijWBg2CdxDAiI8Ha0fhm5rcfmbFcq3uYJCyUZKh4zCkBJz1UepF+As4q/VLZr/pz4FUS5KSMcjT6pa/eQNNUMgVUEGu7gZ9AmBEDnAo2LfZSyxJCx2TIuo4qIpkNs/nBU3zulAGOtXGlAM/V3xMZkdZOZOQ6JYGRXfZm4n9eN4X4Ksy4SlJgii4WxanAoPHsezzghlEQE0cINdzdiumIGELBZVR0IQTLL6+SVq0a+NXgrlauX+dxFNApOkMXKECXqI5uUQM1EUUSPaNX9OYZ78V79z4WrWtePnOC/sD7/AE1rZAA</latexit><latexit sha1_base64="Mv19DTEDzAtqUvKGJhxV/bbeT7g=">AAAB8HicbVDLTgJBEJz1ifhCPXqZCCaeyC4XPRK9eMREHgY2ZHaYhQnz2Mz0asiGr/DiQWO8+jne/BsH2IOClXRSqepOd1eUCG7B97+9tfWNza3twk5xd2//4LB0dNyyOjWUNakW2nQiYpngijWBg2CdxDAiI8Ha0fhm5rcfmbFcq3uYJCyUZKh4zCkBJz1UepF+As4q/VLZr/pz4FUS5KSMcjT6pa/eQNNUMgVUEGu7gZ9AmBEDnAo2LfZSyxJCx2TIuo4qIpkNs/nBU3zulAGOtXGlAM/V3xMZkdZOZOQ6JYGRXfZm4n9eN4X4Ksy4SlJgii4WxanAoPHsezzghlEQE0cINdzdiumIGELBZVR0IQTLL6+SVq0a+NXgrlauX+dxFNApOkMXKECXqI5uUQM1EUUSPaNX9OYZ78V79z4WrWtePnOC/sD7/AE1rZAA</latexit><latexit sha1_base64="Mv19DTEDzAtqUvKGJhxV/bbeT7g=">AAAB8HicbVDLTgJBEJz1ifhCPXqZCCaeyC4XPRK9eMREHgY2ZHaYhQnz2Mz0asiGr/DiQWO8+jne/BsH2IOClXRSqepOd1eUCG7B97+9tfWNza3twk5xd2//4LB0dNyyOjWUNakW2nQiYpngijWBg2CdxDAiI8Ha0fhm5rcfmbFcq3uYJCyUZKh4zCkBJz1UepF+As4q/VLZr/pz4FUS5KSMcjT6pa/eQNNUMgVUEGu7gZ9AmBEDnAo2LfZSyxJCx2TIuo4qIpkNs/nBU3zulAGOtXGlAM/V3xMZkdZOZOQ6JYGRXfZm4n9eN4X4Ksy4SlJgii4WxanAoPHsezzghlEQE0cINdzdiumIGELBZVR0IQTLL6+SVq0a+NXgrlauX+dxFNApOkMXKECXqI5uUQM1EUUSPaNX9OYZ78V79z4WrWtePnOC/sD7/AE1rZAA</latexit><latexit sha1_base64="Mv19DTEDzAtqUvKGJhxV/bbeT7g=">AAAB8HicbVDLTgJBEJz1ifhCPXqZCCaeyC4XPRK9eMREHgY2ZHaYhQnz2Mz0asiGr/DiQWO8+jne/BsH2IOClXRSqepOd1eUCG7B97+9tfWNza3twk5xd2//4LB0dNyyOjWUNakW2nQiYpngijWBg2CdxDAiI8Ha0fhm5rcfmbFcq3uYJCyUZKh4zCkBJz1UepF+As4q/VLZr/pz4FUS5KSMcjT6pa/eQNNUMgVUEGu7gZ9AmBEDnAo2LfZSyxJCx2TIuo4qIpkNs/nBU3zulAGOtXGlAM/V3xMZkdZOZOQ6JYGRXfZm4n9eN4X4Ksy4SlJgii4WxanAoPHsezzghlEQE0cINdzdiumIGELBZVR0IQTLL6+SVq0a+NXgrlauX+dxFNApOkMXKECXqI5uUQM1EUUSPaNX9OYZ78V79z4WrWtePnOC/sD7/AE1rZAA</latexit>r01<latexit sha1_base64="J8kByEr5oDs8td2Gkes5sHJMa1k=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmIxityB2NlkQbS0wESeBC9pY9WNmPy+6eCbnwH2wsNMbW/2Pnv3GBKxR8ySQv781kZl6UcGas7397hbX1jc2t4nZpZ3dv/6B8eNQ2KtWEtojiSncibChnkrYss5x2Ek2xiDh9iMY3M//hiWrDlLy3k4SGAg8lixnB1kntqu4H59V+ueLX/DnQKglyUoEczX75qzdQJBVUWsKxMd3AT2yYYW0Z4XRa6qWGJpiM8ZB2HZVYUBNm82un6MwpAxQr7UpaNFd/T2RYGDMRkesU2I7MsjcT//O6qY2vwozJJLVUksWiOOXIKjR7HQ2YpsTyiSOYaOZuRWSENSbWBVRyIQTLL6+Sdr0W+LXgrl5pXOdxFOEETuECAriEBtxCE1pA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPG9SOJQ==</latexit><latexit sha1_base64="J8kByEr5oDs8td2Gkes5sHJMa1k=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmIxityB2NlkQbS0wESeBC9pY9WNmPy+6eCbnwH2wsNMbW/2Pnv3GBKxR8ySQv781kZl6UcGas7397hbX1jc2t4nZpZ3dv/6B8eNQ2KtWEtojiSncibChnkrYss5x2Ek2xiDh9iMY3M//hiWrDlLy3k4SGAg8lixnB1kntqu4H59V+ueLX/DnQKglyUoEczX75qzdQJBVUWsKxMd3AT2yYYW0Z4XRa6qWGJpiM8ZB2HZVYUBNm82un6MwpAxQr7UpaNFd/T2RYGDMRkesU2I7MsjcT//O6qY2vwozJJLVUksWiOOXIKjR7HQ2YpsTyiSOYaOZuRWSENSbWBVRyIQTLL6+Sdr0W+LXgrl5pXOdxFOEETuECAriEBtxCE1pA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPG9SOJQ==</latexit><latexit sha1_base64="J8kByEr5oDs8td2Gkes5sHJMa1k=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmIxityB2NlkQbS0wESeBC9pY9WNmPy+6eCbnwH2wsNMbW/2Pnv3GBKxR8ySQv781kZl6UcGas7397hbX1jc2t4nZpZ3dv/6B8eNQ2KtWEtojiSncibChnkrYss5x2Ek2xiDh9iMY3M//hiWrDlLy3k4SGAg8lixnB1kntqu4H59V+ueLX/DnQKglyUoEczX75qzdQJBVUWsKxMd3AT2yYYW0Z4XRa6qWGJpiM8ZB2HZVYUBNm82un6MwpAxQr7UpaNFd/T2RYGDMRkesU2I7MsjcT//O6qY2vwozJJLVUksWiOOXIKjR7HQ2YpsTyiSOYaOZuRWSENSbWBVRyIQTLL6+Sdr0W+LXgrl5pXOdxFOEETuECAriEBtxCE1pA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPG9SOJQ==</latexit><latexit sha1_base64="J8kByEr5oDs8td2Gkes5sHJMa1k=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmIxityB2NlkQbS0wESeBC9pY9WNmPy+6eCbnwH2wsNMbW/2Pnv3GBKxR8ySQv781kZl6UcGas7397hbX1jc2t4nZpZ3dv/6B8eNQ2KtWEtojiSncibChnkrYss5x2Ek2xiDh9iMY3M//hiWrDlLy3k4SGAg8lixnB1kntqu4H59V+ueLX/DnQKglyUoEczX75qzdQJBVUWsKxMd3AT2yYYW0Z4XRa6qWGJpiM8ZB2HZVYUBNm82un6MwpAxQr7UpaNFd/T2RYGDMRkesU2I7MsjcT//O6qY2vwozJJLVUksWiOOXIKjR7HQ2YpsTyiSOYaOZuRWSENSbWBVRyIQTLL6+Sdr0W+LXgrl5pXOdxFOEETuECAriEBtxCE1pA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPG9SOJQ==</latexit>

…

./
<latexit sha1_base64="Mv19DTEDzAtqUvKGJhxV/bbeT7g=">AAAB8HicbVDLTgJBEJz1ifhCPXqZCCaeyC4XPRK9eMREHgY2ZHaYhQnz2Mz0asiGr/DiQWO8+jne/BsH2IOClXRSqepOd1eUCG7B97+9tfWNza3twk5xd2//4LB0dNyyOjWUNakW2nQiYpngijWBg2CdxDAiI8Ha0fhm5rcfmbFcq3uYJCyUZKh4zCkBJz1UepF+As4q/VLZr/pz4FUS5KSMcjT6pa/eQNNUMgVUEGu7gZ9AmBEDnAo2LfZSyxJCx2TIuo4qIpkNs/nBU3zulAGOtXGlAM/V3xMZkdZOZOQ6JYGRXfZm4n9eN4X4Ksy4SlJgii4WxanAoPHsezzghlEQE0cINdzdiumIGELBZVR0IQTLL6+SVq0a+NXgrlauX+dxFNApOkMXKECXqI5uUQM1EUUSPaNX9OYZ78V79z4WrWtePnOC/sD7/AE1rZAA</latexit><latexit sha1_base64="Mv19DTEDzAtqUvKGJhxV/bbeT7g=">AAAB8HicbVDLTgJBEJz1ifhCPXqZCCaeyC4XPRK9eMREHgY2ZHaYhQnz2Mz0asiGr/DiQWO8+jne/BsH2IOClXRSqepOd1eUCG7B97+9tfWNza3twk5xd2//4LB0dNyyOjWUNakW2nQiYpngijWBg2CdxDAiI8Ha0fhm5rcfmbFcq3uYJCyUZKh4zCkBJz1UepF+As4q/VLZr/pz4FUS5KSMcjT6pa/eQNNUMgVUEGu7gZ9AmBEDnAo2LfZSyxJCx2TIuo4qIpkNs/nBU3zulAGOtXGlAM/V3xMZkdZOZOQ6JYGRXfZm4n9eN4X4Ksy4SlJgii4WxanAoPHsezzghlEQE0cINdzdiumIGELBZVR0IQTLL6+SVq0a+NXgrlauX+dxFNApOkMXKECXqI5uUQM1EUUSPaNX9OYZ78V79z4WrWtePnOC/sD7/AE1rZAA</latexit><latexit sha1_base64="Mv19DTEDzAtqUvKGJhxV/bbeT7g=">AAAB8HicbVDLTgJBEJz1ifhCPXqZCCaeyC4XPRK9eMREHgY2ZHaYhQnz2Mz0asiGr/DiQWO8+jne/BsH2IOClXRSqepOd1eUCG7B97+9tfWNza3twk5xd2//4LB0dNyyOjWUNakW2nQiYpngijWBg2CdxDAiI8Ha0fhm5rcfmbFcq3uYJCyUZKh4zCkBJz1UepF+As4q/VLZr/pz4FUS5KSMcjT6pa/eQNNUMgVUEGu7gZ9AmBEDnAo2LfZSyxJCx2TIuo4qIpkNs/nBU3zulAGOtXGlAM/V3xMZkdZOZOQ6JYGRXfZm4n9eN4X4Ksy4SlJgii4WxanAoPHsezzghlEQE0cINdzdiumIGELBZVR0IQTLL6+SVq0a+NXgrlauX+dxFNApOkMXKECXqI5uUQM1EUUSPaNX9OYZ78V79z4WrWtePnOC/sD7/AE1rZAA</latexit><latexit sha1_base64="Mv19DTEDzAtqUvKGJhxV/bbeT7g=">AAAB8HicbVDLTgJBEJz1ifhCPXqZCCaeyC4XPRK9eMREHgY2ZHaYhQnz2Mz0asiGr/DiQWO8+jne/BsH2IOClXRSqepOd1eUCG7B97+9tfWNza3twk5xd2//4LB0dNyyOjWUNakW2nQiYpngijWBg2CdxDAiI8Ha0fhm5rcfmbFcq3uYJCyUZKh4zCkBJz1UepF+As4q/VLZr/pz4FUS5KSMcjT6pa/eQNNUMgVUEGu7gZ9AmBEDnAo2LfZSyxJCx2TIuo4qIpkNs/nBU3zulAGOtXGlAM/V3xMZkdZOZOQ6JYGRXfZm4n9eN4X4Ksy4SlJgii4WxanAoPHsezzghlEQE0cINdzdiumIGELBZVR0IQTLL6+SVq0a+NXgrlauX+dxFNApOkMXKECXqI5uUQM1EUUSPaNX9OYZ78V79z4WrWtePnOC/sD7/AE1rZAA</latexit>r01<latexit sha1_base64="J8kByEr5oDs8td2Gkes5sHJMa1k=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmIxityB2NlkQbS0wESeBC9pY9WNmPy+6eCbnwH2wsNMbW/2Pnv3GBKxR8ySQv781kZl6UcGas7397hbX1jc2t4nZpZ3dv/6B8eNQ2KtWEtojiSncibChnkrYss5x2Ek2xiDh9iMY3M//hiWrDlLy3k4SGAg8lixnB1kntqu4H59V+ueLX/DnQKglyUoEczX75qzdQJBVUWsKxMd3AT2yYYW0Z4XRa6qWGJpiM8ZB2HZVYUBNm82un6MwpAxQr7UpaNFd/T2RYGDMRkesU2I7MsjcT//O6qY2vwozJJLVUksWiOOXIKjR7HQ2YpsTyiSOYaOZuRWSENSbWBVRyIQTLL6+Sdr0W+LXgrl5pXOdxFOEETuECAriEBtxCE1pA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPG9SOJQ==</latexit><latexit sha1_base64="J8kByEr5oDs8td2Gkes5sHJMa1k=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmIxityB2NlkQbS0wESeBC9pY9WNmPy+6eCbnwH2wsNMbW/2Pnv3GBKxR8ySQv781kZl6UcGas7397hbX1jc2t4nZpZ3dv/6B8eNQ2KtWEtojiSncibChnkrYss5x2Ek2xiDh9iMY3M//hiWrDlLy3k4SGAg8lixnB1kntqu4H59V+ueLX/DnQKglyUoEczX75qzdQJBVUWsKxMd3AT2yYYW0Z4XRa6qWGJpiM8ZB2HZVYUBNm82un6MwpAxQr7UpaNFd/T2RYGDMRkesU2I7MsjcT//O6qY2vwozJJLVUksWiOOXIKjR7HQ2YpsTyiSOYaOZuRWSENSbWBVRyIQTLL6+Sdr0W+LXgrl5pXOdxFOEETuECAriEBtxCE1pA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPG9SOJQ==</latexit><latexit sha1_base64="J8kByEr5oDs8td2Gkes5sHJMa1k=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmIxityB2NlkQbS0wESeBC9pY9WNmPy+6eCbnwH2wsNMbW/2Pnv3GBKxR8ySQv781kZl6UcGas7397hbX1jc2t4nZpZ3dv/6B8eNQ2KtWEtojiSncibChnkrYss5x2Ek2xiDh9iMY3M//hiWrDlLy3k4SGAg8lixnB1kntqu4H59V+ueLX/DnQKglyUoEczX75qzdQJBVUWsKxMd3AT2yYYW0Z4XRa6qWGJpiM8ZB2HZVYUBNm82un6MwpAxQr7UpaNFd/T2RYGDMRkesU2I7MsjcT//O6qY2vwozJJLVUksWiOOXIKjR7HQ2YpsTyiSOYaOZuRWSENSbWBVRyIQTLL6+Sdr0W+LXgrl5pXOdxFOEETuECAriEBtxCE1pA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPG9SOJQ==</latexit><latexit sha1_base64="J8kByEr5oDs8td2Gkes5sHJMa1k=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmIxityB2NlkQbS0wESeBC9pY9WNmPy+6eCbnwH2wsNMbW/2Pnv3GBKxR8ySQv781kZl6UcGas7397hbX1jc2t4nZpZ3dv/6B8eNQ2KtWEtojiSncibChnkrYss5x2Ek2xiDh9iMY3M//hiWrDlLy3k4SGAg8lixnB1kntqu4H59V+ueLX/DnQKglyUoEczX75qzdQJBVUWsKxMd3AT2yYYW0Z4XRa6qWGJpiM8ZB2HZVYUBNm82un6MwpAxQr7UpaNFd/T2RYGDMRkesU2I7MsjcT//O6qY2vwozJJLVUksWiOOXIKjR7HQ2YpsTyiSOYaOZuRWSENSbWBVRyIQTLL6+Sdr0W+LXgrl5pXOdxFOEETuECAriEBtxCE1pA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPG9SOJQ==</latexit>
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Fig. 4. Data and Workload Generation Process

diffusion process and applies Drift to denoise, retrieving the drifted sample xdrift, and computes its

distribution P (Lines 6-8). The drift factor between distributions of the base and synthesized data

¯𝑑 is computed afterward (Line 9). The loss value LDrift is constructed by combining three factors

(Line 10). First, a drift loss between
¯𝑑 and the real drift factor 𝑑∗ is measured. Second, a correlation

loss is also computed and adjusted by the hyperparameter 𝜆1 to preserve statistical dependencies

in the base data, such as the strong primary-foreign key correlation between two tables. Third, a

divergence loss between the synthesized and real drifted sample is included and adjusted by 𝜆2

to shift the distribution toward real drift. Finally, LDrift is used to update Drifter via gradient

descent.

4.4 Drift-aware Data and Workload Generation
We synthesize data and workload drift based on the diffuser and the drifter, as shown in Figure 4.

After sampling an initial noise x𝑇 ∼ N(0, I), the diffuser transforms x𝑇 into drifted data x̃0

over 𝑇 discrete timesteps. At each step 𝑡 , the drifter computes a gradient 𝑔𝑡 = ∇x𝑡 Pr(xdrift |x𝑡 ) =
∇x𝑡 Drifter(x𝑡 , 𝑡, 𝑑), which adjusts the predicted mean 𝝁̃𝑡 = 𝝁 + Σ · 𝑔𝑡 , and use the adjusted mean

𝝁̃𝑡 to sample the next state x𝑡−1. We repeat this process for timesteps 𝑡 =𝑇,𝑇 − 1, . . . , 1, gradually
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refining x𝑡 toward xdrift. After decoding xdrift, we obtain the data or workload that reflects the

desired drift while maintaining the inherent correlations.

Correlation Preservation.NeurBench generates data as full tuples withmultiple columns, thereby

preserving inter-column correlations throughout the process. First, the diffuser learns the joint

distribution of columns and captures their correlations in the latent space. Second, the drifter is

trained using a composite loss (Algorithm 1, Line 10) that includes both a drift loss and a correlation

preservation loss. As a result, during generation, the drifter injects drift signals that drift data

distributions, while the diffuser ensures that column correlations are retained.

Snapshot-based Generation.We would like to note that using a single generator trained across a

broad temporal span (e.g., 2014–2017) may miss fine-grained drift patterns, especially for a small

drift factor 𝑑 . For example, if a user sets 2013 as the baseline and specifies 𝑑 = 0.05 to simulate drift

toward 2014, a generator trained on 2014–2017 data may capture overall trends but overlook subtle

shifts between 2013 and 2014, due to smoothing effects from large-scale drift exposure. To alleviate

this, we introduce an agent-based mechanism that selects the most appropriate generator for a

target drift 𝑑∗. Specifically, we train multiple snapshot-specific generators G𝑖 ∈ {G14-15,G15-17, . . . },
where each G𝑖 consists of a diffuser trained on data up to time 𝑖 , and a drifter guided by subsequent

data. For example, G14-15 uses data up to 2014 for diffusion and captures drift patterns up to

2015. At runtime, the agent selects the best-matching generator by computing a distance metric

dist(𝑑, 𝛼𝑖 ) between the requested drift 𝑑 and the representative drift 𝛼𝑖 of each generator 𝑆𝑖 . The

agent then selects the generator G𝑖∗ with the minimal distance: G𝑖∗ = arg minG𝑖 dist(𝑑, 𝛼𝑖 ).

5 Implementation
We have made the source code of NeurBench available [45], which includes a drift-aware generator

and evaluation suites for learned database components. We implement the generator based on

DDPM [25, 36]. In particular, the diffuser is based on aMultilayer Perceptron (MLP)with hidden layer

dimensions of (512, 1024, 1024, 512) and the drifter is a similar MLP with hidden layer dimensions

of (512, 512). We use tables to represent both data and workloads, as specified in Section 4.1, and

encode the tables using the analog bit encoding [36]. For each table, we dynamically adjust the

learning rate from 1𝑒−4
to 2𝑒−3

to ensure the convergence of the training process.

NeurBench provides user commands such as gd for drift-aware data generation and tqo for

learned query optimizer evaluations. Users can easily reconfigure these settings to match their own

environments and workloads for customized benchmarking. Since no existing database integrates

all tested learned database components, we adopt and extend existing evaluation suites [30, 56, 59]

to support benchmarking under data and workload drift. NeurBench is designed to be extensible

to support additional evaluators.

NeurBench is functionally adequate for our use case by enabling the generation of both numerical

and categorical attributes. However, as a diffusion-based method, NeurBench introduces training

and inference overhead. Its generation efficiency can be constrained by available resources, and the

long generation time required for TB-scale data is a potential limitation.

6 Experimental Setup
In this section, we specify the experimental setup.

6.1 Datasets and Workloads
We use two real-world datasets and generate synthetic datasets based on them. 1) IMDB [21]
is a real-world dataset containing 21 tables with complex correlations. By default, we use the

IMDB version collected by Leis et al. [31], containing real data up to 2013. In addition, we collected
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snapshots from the IMDB archives [1], which contain IMDB data up to 2017. STACK [40] consists
of questions and answers from StackExchange websites [51]. We split the table by year to construct

multiple yearly snapshots.

We execute JOB queries [31] on IMDB, which consists of 113 queries derived from 33 real-world

query templates, and execute another 113 queries sampled by [30] on STACK.

6.2 Evaluated Data Generators
We compare the drift-aware data and workload generation framework of NeurBench with two data

generation techniques that can be extended to support drift data generation: 1) RelDDPM [36] is a
state-of-the-art data synthesis framework that generates correlation-preserving tabular data using

DDPM. RelDDPM originally supported only non-drift data generation. We adjust the strength

of the guidance in the denoising process of RelDDPM to generate drifted data, and use it as our

baseline. 2) CTGAN [63] is a widely used framework for modeling tabular data distributions via

conditional GANs. As CTGAN lacks explicit drift control, we vary its hyperparameters to generate

drifted datasets.

6.3 Evaluated Learned Components
We select representative learned database components, as listed in Table 1, to conduct our evalua-

tions. We ensure the evaluated components cover as many key design choices as possible. Due to

space constraints, we opt not to conduct exhaustive evaluations of all existing learned components.

6.3.1 End-to-end Learned Query Optimizer. Given a query q, the optimizer first performs plan
search to obtain a set of candidate query plans P(q) = {p0, p1, ..., p𝑁 }, and then select the best one

from P(q) for real execution. During the plan search and selection, it interacts with an ML model
to assess the plan quality. Existing approaches [40, 41, 64, 65, 71] typically repeat the above steps

to construct an experience set, which is then used to guide learning.

Model. There are two main types of models for assessing plan quality: 1) Regression model predicts

the execution cost or latency 𝐿̂(p) of a given plan p, optionally providing a confidence score 𝐶 (p)
that reflects the model’s certainty, i.e., 𝑓𝑞𝑜 (p) = (𝐿̂(p),𝐶 (p)) [40, 41, 65]. 2) Ranking model predicts
a binary ranking value 𝑟 for two given plans p1 and p2, where 𝑟 = 1 if p1 is expected to outperform

p2, and 𝑟 = 0 otherwise, i.e., 𝑓𝑞𝑜 (p1, p2) = 𝑟 , 𝑟 ∈ {0, 1} [71].
Plan Search. There are two paradigms in plan search, which differ in whether they rely on

traditional query optimizers: 1)White-box search provides auxiliary information to traditional query

optimizers for generating candidate plans. Based on the type of information provided, it can be

further categorized into: (a) Hint-based. It supplies hints (parameters that control physical operators,

such as join or scan types) to the traditional optimizer, guiding it to generate corresponding query

plans [40, 65]. (b) Cardinality-based. It adjusts (by magnifying or reducing) estimated cardinalities

multiple times to generate a variety of candidate plans [71]. 2) Black-box search embeds the model

directly into the plan search process without relying on the traditional optimizers [41]. It starts

with an empty or partial plan and iteratively constructs a complete query plan until a predefined

number of candidate plans is reached. At each step, multiple subplans are generated. After using

an ML model to evaluate their quality, ineffective subplans are pruned while the remaining ones

are expanded in subsequent iterations.

6.3.2 Updatable Learned Index. Given a search key k, the learned index 𝑓𝑖𝑑𝑥 predicts its position

𝑃𝑆 (k) in the data table, i.e., 𝑓𝑖𝑑𝑥 (k) = 𝑃𝑆 (k). Learned indexes organize a set of ML models in a

layered structure, where each node contains a model for position prediction.
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Table 1. A Taxonomy of Evaluated Learned Components

End-to-end

Learned Query

Optimizer

Method Model Plan Search
Bao [40] Regression Hint-based

Balsa [64] Regression Black-box

Lero [71] Ranking Cardinality-based

Updatable

Learned Index

Method Structure Index Insertion
ALEX [12] Heterogeneous In-place

LIPP [60] Homogeneous In-place

XIndex [53] Heterogeneous Delta-buffer

Learned CC PolyJuice [56]

Structure. Existing learned indexes can be classified into two representative structures, based on

whether they have different node types: 1) Heterogeneous structure. It consists of two node types:

inner nodes and leaf nodes. Inner nodes do not store data but predict the next step in the index.

Leaf nodes store the actual data, and a local search is performed to locate the exact key position. 2)

Homogeneous structure. Each node is responsible for storing part of the data and also predicting

whether the key falls within its range or should be passed to a corresponding child node.

Index Insertion. A learned index is regarded as updatable if it supports key insertions. There are

two main key insertion mechanisms: 1) In-place. Index nodes reserve gaps (empty slots), and newly

inserted keys are directly inserted into an appropriate node. 2) Delta-buffer. Dedicated buffers are

maintained, and new keys are first inserted into the buffer and later merged into the main structure

periodically.

6.3.3 Learned Concurrency Control (CC). Learned CC algorithm dynamically selects the most

suitable CC actions, such as locking, optimistic validation, etc., to gain higher transaction throughput.
It takes a transaction operation 𝑜𝑝 (e.g., read/write) and the current system condition 𝐶 (𝑜𝑝) (e.g.,
contention levels) as inputs, and leverages an ML model 𝑓𝑐𝑐 to predict the most appropriate CC

action for the operation 𝑜𝑝 . Formally, let A be the set of available CC actions, 𝑓𝑐𝑐 can be defined as

𝑓𝑐𝑐 (𝑜𝑝,𝐶 (𝑜𝑝)) = 𝑎, where 𝑎 ∈ A.

6.4 Evaluation Metrics
We assess the quality of synthesized drift by comparing its drift factor and correlation difference
(corr. diff.) to those observed in real data. A drift factor closer to the real drift indicates more realistic

distributional changes. Corr. diff., measured via Pearson correlation coefficient [58], quantifies how

much attribute-level correlation deviates from the original data. Lower correlation difference, i.e.,

similar to that under real drift, suggests better correlation preservation. We define a good drift as

one that achieves the target drift factor while preserving correlations as much as possible.

We use execution time to assess learned query optimizers, which is the actual time to execute

a query. We do not include query planning time in the execution time. We use throughput, the
number of operations/transactions processed per second, to evaluate learned indexes and learned

CC.

6.5 Default Configuration
We conduct all experiments on a server with 2 Intel Xeon Silver 4214R @ 2.40GHz CPUs, a total of

24 cores and 48 threads, and 128 GB of memory. The server is equipped with 8 NVIDIA RTX 3090

GPUs. All experiments are run within Docker containers (Ubuntu 22.04 with CUDA 11.8.0).
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Fig. 5. Extrapolation Performance of Drift-aware Generator
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Fig. 6. Interpolation Performance of Drift-aware Generator

Unless otherwise specified, we train the evaluated components on one dataset and workload,

and test on other datasets and workloads to rigorously evaluate drift [44]. We randomly sample

and repeatedly execute the queries provided in Section 6.1 to train the evaluated learned query

optimizers, following current practices [30, 64]. By default, we execute 1500/33900/1500 queries

to train Bao/Balsa/Lero, respectively. Note that Lero may execute additional queries during its

exploratory process. We only report execution time in our experiments, while excluding planning

time. We do not implement parallel planning for Bao, and use the planning code provided in the

original Bao repository [40]. For data drift experiments, we compare the delta between the drifted

data and the original data, and apply updates or inserts accordingly. The statistics are updated in

PostgreSQL. We standardize the PostgreSQL version to v12.20 and apply consistent configurations

to ensure fair comparisons. Following [30], we set the shard buffer size of PostgreSQL to 32GB.

Consequently, the absolute performance levels of the evaluated learned query optimizers may differ

from those reported in their original papers.
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Fig. 7. Column-level Distribution of Generated Data (IMDB)

7 Experimental Results
In this section, we first evaluate the effectiveness of NeurBench in generating realistic drift, and

then conduct benchmarks on selected learned database components using NeurBench.

7.1 Experiments on Drift Generator
7.1.1 Experiments on the quality of synthesized data drift. We evaluate the effectiveness of

NeurBench in drift data generation by comparing synthesized drift with real drift across two

settings: extrapolation and interpolation. In the extrapolation setting, we train NeurBench using

data from 2013–2016 and generate synthetic data for 2017 (denoted as 2017*). In the interpolation

setting, we train using 2013–2017 excluding 2015, and generate 2015* to fill the gap. For illustrative

purposes, we first analyze the results on the IMDB dataset, followed by those on the STACK dataset.

Drift Analysis. Figure 5(a) and Figure 6(a) show that the synthesized snapshots exhibit drift factors

highly similar to real snapshots, confirming that the generated data induces realistic distributional

drift. We further report the per-column distribution of 2017* in Figure 7, which shows that the

generated data exhibits comparable distribution patterns and similar density to the real data.

Correlation Preservation. Figure 5(b) and Figure 6(b) report the correlation difference between

generated data and real data. We observe that the generated snapshots maintain low correlation

differences, comparable to those of real data, indicating that NeurBench effectively preserves

attribute dependencies during generation.

Downstream Performance. To evaluate the realism of the generated drift from a workload

perspective, we train learned query optimizers (Bao, Balsa, Lero) on IMDB and evaluate them on

both real (e.g., 2017) and generated (e.g., 2017*) datasets. We report the accumulated query execution

time in Figure 5(c) and Figure 6(c). We can observe that all evaluated systems exhibit performance

degradation on both real and synthetic drifted data. This is expected, as learned query optimizers

may suffer from suboptimal plan choices due to outdated knowledge about data distributions,

which we will further evaluate in Section 7.2. Further, the degradation patterns are highly similar,

indicating that the generated data successfully simulates the impact of real-world drift on query

performance.
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Fig. 8. Overhead and In-depth Analysis

We also perform experiments in generating drifted STACK data. As shown in Figure 5(d) and

Figure 5(e), NeurBench is able to synthesize drifted data with a relatively low correlation difference.

In addition, Figure 5(f) demonstrates similar performance degradation for learned query optimizers

under both synthesized and real drift.

Observation:NeurBench can synthesize data with realistic distribution drift and strong correlation

fidelity, which in turn enables faithful downstream performance evaluation across multiple datasets.

7.1.2 Experiments on generating drifted datasets under varying drift factors. We compare the data

generation quality of NeurBench against RelDDPM and CTGAN. Following RelDDPM [36], we

evaluate on joined IMDB tables and measure the correlation difference between the generated

and real tables to quantify drift quality. Specifically, we construct two joined tables: 1) Movie ⊲⊳

Director, where movies are linked to directors via director ID; and 2) Movie ⊲⊳ Actor, where
movies are linked to actors via actor ID. We plot the results of these two joint tables in Figure 8(a)

and Figure 8(b), respectively. We can observe that NeurBench consistently achieves lower average

correlation differences across all drift factors. RelDDPM fails to generate data for drift factors greater

than 0.4, and the correlation difference fluctuates unpredictably, showing no clear relationship

with the drift factor. CTGAN produces data with less consistent correlation control. Its conditional

generation mechanism is not tailored for modeling data drift, making it difficult to produce a

controlled spectrum of drifted distributions.

Observation: NeurBench effectively synthesizes data across a wide range of drift factors with

relatively low correlation differences.

7.1.3 Generation Quality Analysis. We test the factors that can affect the data generation quality.

We first evaluate the effects of drift severity. We generate a series of synthetic datasets from IMDB

with drift factors 𝑑 ∈ 0.1, 0.3, 0.5, representing mild, medium, and severe drift. We keep the data size

the same as the original IMDB. As shown in Figure 8(c), the correlation difference increases with

drift factor, indicating that preserving correlations becomes more challenging under more severe

drift. However, as shown in Figure 8(a) and Figure 8(b), the average correlation difference rises

nearly linearly with increased drift. The results confirm that NeurBench can effectively synthesize

drifted data while preserving correlations in a controlled manner.

We then evaluate the effects of snapshot quality. With the same setup as in Figure 5(b), we

additionally include a variant (Gen–) that omits the 2016 snapshot, representing a case without
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Fig. 9. Extended Data Drift and Workload Drift Analysis

a high-quality snapshot. As shown in Figure 8(d), Gen– exhibits higher correlation differences

compared to Gen, confirming that high-quality snapshots improve the correlation preservation

ability.

Observation: The drift data generation quality can be affected by the drift severity and snapshot

quality.

7.1.4 Overhead Analysis. We evaluate the time overhead incurred by drift generator training and

drift data generation. We first study the overhead under varying data sizes. IMDB* refers to the

IMDB dataset generated with different drift factors. As shown in Figure 8(e), generation time

increases from 5.8 minutes on IMDB* (16.3M tuples) to 10.4 minutes on IMDB 2017* (25.7M tuples).

This is due to the fact that the generator produces one batch of tuples at a time, and as the dataset

grows, more batches are required, leading to a near-linear increase in generation time. In contrast,

the training time remains stable (∼13 minutes), as it depends solely on the number of training

steps, which we fix to 500 across all experiments. We then evaluate the overhead under varying

GPU resources, and plot the results in Figure 8(f). As observed, both training and generation

times decrease as the number of GPUs increases from 2 to 8. This is expected, as batch-based

generation can be effectively parallelized across multiple GPUs, demonstrating good scalability of

our approach.

Observation: The factors that determine the generation overhead are data sizes and GPU resources.

7.1.5 Data Drift Generator Extensibility. We study whether a drifter trained on one dataset can

be transferred to another dataset. Specifically, we apply a drifter trained on the STACK dataset to

an IMDB diffuser to generate drifted IMDB data, denoted as IMDB(S)*. As shown in Figure 9(a),

this transfer is feasible because the drifter predicts noise at each denoising step of the diffuser.

Since the diffusion process starts from a Gaussian distribution, injecting such noise still induces

meaningful distributional changes on the target dataset. We further examine whether IMDB data

can be extrapolated to approximate a snapshot with incomplete information. We collect partial

IMDB data for 2019 from [21] and use it as a snapshot to train the data generator, synthesizing

2019*. As shown in Figure 9(a), 2019* leads to more severe performance degradation than 2017*,

indicating that NeurBench can synthesize stronger drift over a larger temporal span.

Observation: A drifter trained on one dataset can be transferred to another dataset to enable drift

generation.

7.1.6 Experiments on the quality of synthesized workload drift. We validate the effectiveness of

NeurBench in generating realistic workload drift. Following Krid et al.[14], we adopt JOB+C, a

hybrid workload composed of 46 queries from JOB and 66 from CEB [43], constructed based on

workload pattern mappings derived from real Redshift traces [55]. We use NeurBench to synthesize

JOB+C*, aiming to mimic the drift from JOB to JOB+C. The workload generator of NeurBench is

trained with a query set collected from [13, 43, 65], excluding those used in JOB+C. We fix the
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Fig. 10. Evaluation of LearnedQuery Optimizers under Synthetic Data Drift with Various Drift Factors

dataset to the default IMDB, train each system on JOB, and test on both JOB+C and JOB+C*. As

shown in Figure 9(b), the performance on both workloads is highly comparable, indicating that

NeurBench effectively captures realistic workload drift. Moreover, the effectiveness of learned

query optimizers reduces under drifted workloads, which we will further investigate in Section 7.4.1.

7.2 Experiments on LearnedQuery Optimizers under Synthetic Data Drift
In this set of experiments, we evaluate the selected learned query optimizers under the drift

synthesized by NeurBench.

7.2.1 Experiments under synthesized data drift with various drift factors. We construct synthesized

datasets with gradually increasing drift factors to evaluate the impact of data drift. By default, we use

the drifted datasets generated in Section 7.1.3. We train each system on the original IMDB (denoted

as ORIG) and evaluate on datasets with increasing 𝑑 . As shown in Figure 10(a), the execution time

increases with larger drift values. This aligns with our expectation that models trained on less

similar data distributions experience more severe staleness.

To better understand the performance degradation caused by data drift (Figure 10(a)), we compute

model accuracy metrics and report the results in Table 2. We use the median Q-error to measure

the ratio between the estimated and true execution time [19, 22]. Top-3 AUC measures how often

the best plan appears in the top 3 results ranked by the model. We observe that learned query

optimizers generally suffer from reduced model accuracy under data drift, which aligns with their

overall performance degradation. Among them, Balsa shows the most significant decline, as it
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Table 2. Model Accuracy of LearnedQuery Optimizers

Competitors Metrics ORIG 𝑑=0.1 𝑑=0.3 𝑑=0.5

Bao

Median Q-error

1.184 1.489 2.057 2.671

Balsa 1.723 1.974 2.156 3.512

Lero Top-3 AUC 0.646 0.478 0.407 0.389

follows a black-box design that fully depends on the model’s predictions to generate query plans. In

contrast, white-box approaches such as Bao embed learned hints into the optimizer, and therefore,

they still partially leverage the DBMS’s native cardinality estimates.

To further validate this, we analyze the speedup of query execution times under data drift, and

plot the speedup in Figure 10(b), Figure 10(c) and Figure 10(d). We observe that Balsa exhibits

much higher variance in speedup than Bao, confirming its greater sensitivity to drift. Interestingly,

for certain queries, Balsa even outperforms PostgreSQL by a larger margin, suggesting that fine-

grained black-box models can still identify better plans when they generalize well. We take a

closer look at the plans generated by each system for a representative query, q10c. Before the drift,

as shown in Figure 10(e) and Figure 10(f), Bao improves performance by applying the hint ‘SET

enable_indexscan TO off’. However, after the drift (Figure 10(g) and Figure 10(h)), Bao switches to

disabling nested loop joins with ‘SET enable_nestloop TO off’. Despite this change, the join order

selected by Bao remains largely similar to that of PostgreSQL because Bao relies on PostgreSQL’s

initial plan structure. In contrast, Balsa directly predicts join orders via its model, which allows

it to produce plans that differ significantly from both PostgreSQL and Bao. Notably, as shown in

Figure 10(i), Balsa generates the same plan before and after the drift, suggesting that the model

failed to adapt to distributional changes. This static behavior under drift likely leads to mispredicted

plans and performance degradation.

Observation:White-box approaches can achieve better robustness. Black-box approaches, with

larger search spaces, offer greater potential robustness but are often limited by current model

capacity.

7.2.2 Regression model vs. Ranking model. We further study the effect of the regression model

and the ranking model on the performance of white-box approaches. We implement Bao+R, a

variant of Bao that employs Lero’s ranking model while retaining Bao’s hint-based plan search

strategy. Therefore, comparing the performance degradation of Bao+R and Bao can directly evaluate

the robustness of the ranking model. As shown in Figure 11(a), Bao+R suffers less performance

degradation than Bao, suggesting that the ranking model improves robustness under drift. However,

because the ranking model does not explicitly estimate predicate costs, its performance under

non-drift scenarios is less competitive compared to Bao’s regression-based model.

Observation: Ranking-based models tend to be slightly more robust under data drift but may

struggle to achieve optimal performance in stable settings.

7.2.3 Experiments under synthesized data drift with varying data sizes. We also evaluate the indi-

vidual effects of data distribution drift and dataset size on learned query optimizers. We construct

ORIG+ by increasing the dataset size of ORIG to match that of 2017, while minimizing distribution

drift. Comparing ORIG+ to ORIG isolates the effect of data size, while comparing 2017* to ORIG+

indicates the impact of distribution drift alone. As shown in Figure 11(b), both data scale and

distribution drift affect the performance of learned query optimizers. In particular, under pure

distribution drift (i.e., 𝑑=0.5), we observe clear performance degradation, indicating that learned

optimizers are sensitive to distributional changes. We further introduce 𝑑=0.5+, a variant of drifted

IMDB data 𝑑=0.5 with the data size matching 2017*. Compared to the standard distribution drift
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Fig. 11. Analysis of LearnedQuery Optimizers under Various Synthetic Data Drift

𝑑=0.5, 𝑑=0.5+ leads to more pronounced performance degradation, suggesting that distributional

drift is the dominant factor and its negative effects can be amplified by larger data sizes.

Observation: While data size contributes to performance variance, distribution drift more directly

affects the models’ robustness.

7.2.4 Experiments for learned query optimizers with dynamic structures. The results presented thus

far indicate that both the model type and the plan search strategy have an effect on learned query

optimizer robustness. Therefore, we investigate the possibility of a learned query optimizer that is

allowed to dynamically select a model based on the system conditions. We implement a prototype

of a dynamic learned query optimizer, D-LQO, which uses a coarse-grained router to select the

optimizer (trained on non-drift data) expected to yield the lowest execution time for a given query

under a specific drift. The router is trained using query encodings as inputs and their respective

execution times under different drift levels (𝑑=0.1, 0.3, 0.5) in Figure 10(a), as supervision. As shown

in Figure 11(c), D-LQO achieves an 15.01% performance improvement over PostgreSQL without

retraining under 𝑑=0.5. To further study the robustness, we evaluate D-LQO on three unseen drift

scenarios, 𝑑=0.4, IMDB(S)*, and 2019*, as specified in Section 7.1.5. As observed in Figure 11(c),

D-LQO still maintains up to 12.13% improvement in these cases. This robustness stems from the

fact that learned query optimizers respond differently to drift. By learning these patterns, D-LQO

selects the best-performing optimizer under a given drift.

Observation: A learned query optimizer with dynamic structures can deliver robustness without

retraining.

7.2.5 Performance with periodical retraining. We evaluate the effectiveness of periodic retraining

in learned query optimizers under data drift. In this setting, we simulate an online deployment

by continuously injecting drifted data and retraining the model after a fixed number of query

executions. As shown in Figure 11(d), periodic retraining helps the learned optimizers to regain

their performance advantage over PostgreSQL. This stems from the model’s gradual adaptation

to the evolving data distribution. As the system executes queries on drifted data, it accumulates

additional knowledge reflective of the new distribution, which is then leveraged during periodic

retraining to restore performance.
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Fig. 12. Throughput of Updatable Learned Indexes under Synthetic Data Drift

Table 3. Detailed Metrics of Updatable Learned Indexes

Competitors Detailed Metrics ORIG 𝑑=0.1 𝑑=0.3 𝑑=0.5

B
+
-tree

Avg Search Bound

3.467 3.507 3.630 3.652

ALEX 3.428 4.090 4.126 4.222

XIndex 4.556 5.179 11.620 12.842

LIPP Avg Search Depth 2.279 2.837 2.976 3.229

Observation:When drift is smoothly injected and resources are sufficient, retraining is a viable

strategy to enhance robustness, as its cost can be amortized across executions.

7.3 Experiments on Updatable Learned Indexes under Synthetic Data Drift
We study the performance of updatable learned indexes with varying synthesized data drift. Since

all the evaluated learned indexes are in-memory, we include the in-memory B
+
-tree [59] as a

baseline. We use the Facebook [16] dataset to conduct our experiments. Based on it, we generate

an original dataset (ORIG) and three drifted versions with drift factors 𝑑= 0.1, 0.3, and 0.5. Each

drifted dataset is kept the same size as ORIG. We initialize each learned index using ORIG, and

then incrementally apply insertions and deletions to introduce data drift. After applying drift, we

perform point lookups to evaluate performance under different drift levels.

7.3.1 Experiments under synthesized data drift with various drift factors. We plot the overall through-

put in Figure 12. As data drift increases, all learned indexes exhibit degraded performance, while

the B
+
-tree maintains relatively stable throughput. This is due to the fact that learned indexes

rely on trained models to guide key placements, but the model accuracy deteriorates as the data

distribution changes, leading to higher search costs. ALEX and LIPP insert data in-place, which

leads to higher key lookup overhead as the data distribution evolves. XIndex, though designed

to handle updates via a separate buffer, suffers from increased buffer size under drift, leading to

additional lookup overhead. In contrast, B
+
-tree does not rely on data distribution modeling; its

structural properties remain effective regardless of drift, thus preserving stable search bounds and

throughput. Among the learned indexes, LIPP experiences the most significant performance drop

due to its chaining-based conflict resolution mechanism, which triggers frequent node splits. These

splits deepen the tree structure, further increasing search cost. To validate these observations,

Table 3 reports the search bounds on leaf nodes. A higher search bound and tree height indicate

reduced model accuracy. We observe that the search bounds of ALEX, LIPP, and XIndex increase

consistently with the degree of drift, aligning with their respective throughput degradation trends.

Observation: For learned indexes, heterogeneous structures generally offer greater stability under

drift compared to homogeneous ones, but may fail to achieve optimal performance in non-drift or

well-sampled scenarios.
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7.3.2 Experiments for learned index with dynamic structures. To investigate how to enhance the

robustness of learned indexes, we build A-LI, a learned index where each node independently

adopts different design choices, including node size and split strategy. We employ a model to predict

the optimal configuration parameters for a given drift level. We execute point lookups on data with

drift factors (𝑑=0.1,0.3,0.5) using various parameter settings and collect the resulting throughout as

supervision signals to train the model. In our experiments, we collect 1000 samples. Apart from

𝑑=0.5, we evaluate the performance of A-LI under 𝑑=0.4 and FB(S)*, a variant of the Facebook

dataset generated using the STACK drifter. As shown in Figure 12(b), A-LI achieves up to 32.18%

higher throughput than the next-best learned index under 𝑑=0.5, and up to 24.45% improvement

under unseen drifts. A-LI adapts its structure by applying different split strategies and node sizes

across nodes according to local drift characteristics. In particular, nodes experiencing stronger drift

are assigned larger node sizes, which helps reduce search error and maintain high performance.

Under 𝑑=0.5, A-LI achieves an average search error of 3.037, lower than all evaluated baselines.

These results demonstrate that a learned index with an adaptive structure can remain efficient

under drift. Recent work, such as SELIX [18], further explores this direction.

Observation: Designing adaptive learned indexes that employ different structures for different

nodes or subtrees can be a promising direction to improve robustness.

7.4 Experiments under Workload Drift
7.4.1 Experiments on learned query optimizer. We apply different drift factors (𝑑 ∈ 0.1, 0.3, 0.5) to

the join patterns. We use the generated drifted workloads to train learned query optimizers, and

evaluate them on the original JOB workload, ensuring the performance can be compared between

different drifts. As observed in Figure 13(a), Balsa exhibits the most pronounced performance

degradation, due to its reliance on a black-box plan enumeration process. When training join

patterns no longer align with the test workload, Balsa’s model produces inaccurate plan predictions,

resulting in suboptimal performance. This is consistent with our finding in Section 7.2.1.

7.4.2 Evaluation on learned CC. We test Polyjuice [56], with two traditional algorithms, 2PL

and OCC [62], and a hybrid CC algorithm, IC3 [57] under varying workload drift. We use an

initial arrival rate simulated with a single client thread, and increase the drift factors to simulate

transaction arrival rates. Polyjuice is first trained on the initial arrival rate and then retrained after

each arrival rate drift, following the original retraining procedure. We execute the default TPC-C [9]

transactions and plot the throughput in Figure 13(b). As drift increases, Polyjuice achieves higher

throughput due to the increased arrival rate. However, it requires more time to converge to an

efficient policy under higher drift, as greater drift increases learning complexity due to limited

prior knowledge In addition, Polyjuice’s retraining is time-consuming, hindering its responsiveness

to continuous drift in arrival rates. These results demonstrate that learned CC still has room for

improvement in fast adaptation, as discussed in recent work [47].

Observation: Fast adaptation is crucial for learned CC to be practical in real-world scenarios, since

transactions can be completed in milliseconds or less.

8 Related Work
Data Generators. Existing data generators for tabular data typically focus on modeling the

distribution of a static table [25, 49, 67]. To improve flexibility, some recent approaches [36, 63]

propose conditional generation models that support data synthesis under given schema constraints

or workload patterns. However, these methods do not explicitly incorporate distribution drift into

the generation process. As a result, their conditional mechanisms are not designed to support

effective generation of evolving data distributions. In contrast, the drift generator in NeurBench
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Fig. 13. Evaluations under Workload Drift

explicitly models distributional changes, enabling the synthesis of data with controlled drift. This

further enables fine-grained evaluation of learned database components under evolving drift

conditions.

Benchmarks for Learned Database Components. Multiple benchmarks have been devised for

various learned database components [6, 19, 29, 38, 42, 52, 68]. Among them, several recent studies

have attempted to benchmark learned database components under data and workload drift [22, 30,

44, 52, 59]. These efforts typically treat drift in a case-by-case manner, and therefore only partially

reveal how different types and degrees of drift affect system performance. NeurBench, in contrast,

provides controllable and effective drift-aware data and workload generation, enabling a more

comprehensive performance evaluation under diverse drift scenarios. As more learned database

components emerge, such as cardinality estimators based on more generalizable models [23, 32, 70],

and as end-to-end learned DBMSs begin to integrate these components [46], NeurBench serves as

a valid and general benchmark suite to support the continued improvement of their robustness.

Benchmarks with Distribution Drift. Several benchmarks have been proposed to evaluate

performance under distribution drift. DSB [11], a standard benchmark for decision-making ap-

plications, enables evaluations under distribution drift using TPC-DS. However, it is restricted

to exponential distributions and does not quantitatively measure drift as NeurBench. In addition,

concept drift modeling [4, 5, 15, 24, 33, 37, 48] has gained traction for evaluating ML-based pre-

diction and analysis tasks. Although they are not directly applicable to database benchmarking,

these methods also treat drift as distribution drift. Emerging dynamic benchmarks [3, 15] show

promising potential. As a dynamic benchmark, NeurBench introduces measurable and controllable

data and workload drift based on real drifts to enable systematic performance evaluations.

9 Conclusion
This paper introduced NeurBench, a new benchmark suite designed to evaluate end-to-end learned

DBMSs containing all learned components under controllable data and workload drift. We defined

the drift factor to effectively quantify drift and introduced a novel drift-aware data and workload

generation framework. Extensive experimental results show the effectiveness of NeurBench in

generating realistic drift, and demonstrate that different learned database components withstand

and adapt to data and workload drift to varying degrees, depending on their specific design choices.

Through in-depth analysis, we offer recommendations for enhancing the robustness of learned

database components.
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