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Abstract—The rapid progress of artificial intelligence (AI)
has been largely driven by deep neural networks, yet their
insufficient compositional reasoning abilities, limited robustness,
and lack of explainability expose fundamental limitations for
next-generation cognitive systems. Energy-Based Models (EBMs),
adhering to System-2-style thinking, have recently shown remark-
able performance across generative, compositional, and reasoning
tasks, offering a pathway toward more robust and cognitively
grounded AI. However, the system behavior of EBMs remains
poorly understood. Their long sampling loops, strict execution
data dependencies, model compositionality and heterogeneity
make them highly inefficient on off-the-shelf hardware, creating
significant barriers for scalable and real-time deployment.

In this paper, we present the first comprehensive workload
characterization and system study of EBMs. We first intro-
duce a taxonomy that unifies all the diverse EBM algorithms
(around twenty), then formalize their end-to-end runtime to
expose key optimization opportunities, and experimentally profile
representative models across CPU, GPU, and TPU platforms to
understand their runtime breakdowns, memory behavior, com-
putational operators, roofline model, algorithmic performance,
and MCMC (Markov Chain Monte Carlo) sampling impacts.
Our analysis reveals fundamental system bottlenecks unique
to EBMs, including highly repetitive forward and backward
neural operations, long and inefficient sampling trajectories,
and severe hardware under-utilization caused by heterogeneous
model components and operations. Furthermore, based on the
experiments and analysis, we suggest optimization solutions
across the algorithm, system and architecture levels, to improve
EBM computing performance, efficiency, and scalability, aiming
to pinpoint the challenges and future directions of EBM research.

I. INTRODUCTION

Modern Generative AI systems are powered by enormous
datasets and massive computational budgets, yet they fre-
quently underperform on tasks that humans consider trivial,
particularly tasks that diverge from the patterns seen during
training [1], [2]. Humans, by contrast, do not rely solely
on learned associations. Instead, human cognition flexibly
alternates between two complementary modes: System 1,
which reacts quickly based on pattern recognition and past
experience, and System 2, which engages deliberate reasoning,
step-by-step analysis, and structured problem solving when
encountering unfamiliar scenarios [3]–[8].

Classical Symbolic AI frameworks have long attempted to
operationalize the slower, more reflective System-2 style of
reasoning through explicit search, planning, and logic-driven
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Fig. 1: Overview of Energy Based Models (EBM) concepts, work-
load taxonomy, performance formulating, profiling and characteri-
zations, optimization and research opportunities in improving the
performance of next-generation System-2 AI.

inference [9]–[19]. In contrast, today’s mainstream generative
models behave primarily as powerful System-1 engines: they
excel at interpolation within the training distribution but often
struggle to extrapolate or to robustly solve multi-step, com-
positional unseen tasks [20], [21]. This gap has motivated a
search for architectures that can blend the strengths of both
paradigms.

Energy-Based Models (EBMs), with diffusion models rep-
resenting one notable instantiation [22]–[24], offer a promising
route for embedding System-2-like computation directly into
learned generative systems [23]–[40]. Rather than mapping
inputs to outputs directly, an EBM trains a Neural Network
(NN) to score candidate outputs with a scalar energy that
reflects their satisfaction to the task and constraints. Producing
a final answer for a new problem thus becomes a traversal
searching for the lowest-energy on the energy landscape
learned by the NN (Fig. 1). Such framework converts predic-
tion into verification: the model does not need to know how
to generate the correct solution outright, it must only evaluate
how “good” or “plausible” a candidate solution is. Verification-



style functions tend to generalize more robustly to novel and
out-of-distribution tasks. For example, even without being able
to write a paper in a new research domain, humans can usually
recognize whether one is coherent and well structured. EBMs
exploit the same principle by learning to judge rather than
to directly produce, thereby injecting a form of structured
reasoning coupling both System 1 (judging) and System 2
(thinking) into modern generative pipelines.

EBMs provide several fundamental advantages over conven-
tional machine learning (ML) paradigms. 1 Composition-
ality. Because EBMs encode constraints and preferences as
energy functions, multiple EBMs can be seamlessly combined
to solve tasks far more complex than those any individual
model was trained on [25], [27], [29]. For example, planning
in a new environment can be formulated as optimizing over
a candidate trajectory that jointly minimizes (i) an energy
function capturing whether the trajectory obeys the underlying
dynamics and (ii) another energy function verifying goal sat-
isfaction [41]. This modular “plug-and-play” structure allows
EBMs to be programmed much like software components. 2
Adaptability. The energy function provides a flexible interface
for injecting arbitrary behavioral constraints, task require-
ments, or structural priors. Thus, EBMs can be repurposed
across highly diverse domains without retraining from scratch.
For instance, by composing energy terms corresponding to
individual logical clauses, EBMs can systematically tackle
challenging SAT-style reasoning tasks [27]. Similarly, they can
generalize to novel physical-interaction scenarios (e.g., new
object manipulations) by encoding previously unseen physical
constraints directly into the energy landscape [30]. 3 Rea-
soning Ability. EBMs employ iterative sampling and energy
minimization procedures, known as MCMC (Markov Chain
Monte Carlo), that naturally support multi-step refinement,
enabling a form of deliberative, System-2-like reasoning. This
iterative refinement allows the model to adapt its computation
to each new task instance, granting strong performance on
tasks requiring multi-hop, zero-shot, or compositional reason-
ing. For example, [24] frames reasoning itself as repeated
energy minimization and demonstrates exceptional results on
complex out-of-distribution benchmarks.

However, these benefits come with substantial computa-
tional cost. Despite their strong reasoning and generative capa-
bilities, EBMs remain notoriously difficult to deploy efficiently
in practical systems, from large-scale cloud services to real-
time robotics and edge platforms. As shown in TABLE I,
EBMs can exhibit inference latency that is hundreds of times
higher than that of mainstream neural models, due to the
repeated forward and backward passes required for sampling
and optimization. Such system-level inefficiency also makes
it impractical to incorporate large-scale ML models, such
as Transformers with billions of parameters, into the EBM
framework.

Training is even more expensive: the long MCMC chains
needed for stable learning lead to high variance, slow con-
vergence, and considerable instability, which significantly
hinders widespread adoption. Besides, the model and oper-

Tasks Reasoning
[24]

Compositional
Reasoning

[37]

Image
Generation

[36]

Compositional
Image Gene-
ration [23]

Scene
Understanding

[28]
EBM accuracy

over SOTA
+4.80% +33.00% +31.80% +18.50% +12.50%

EBM latency
over SOTA

20× 380× 250× 330× 420×

TABLE I: Algorithm and system performance comparisons between
EBMs and conventional ML models.

ation heterogeneity across EBM-based architectures further
compounds the challenge. Different energy components often
exhibit distinct computational patterns, memory footprints,
and dependency structures. When combined into a single
compositional model, this diversity results in highly irregu-
lar workloads that are poorly matched to existing hardware
accelerators, causing severe under-utilization and inefficiency
across hardware computing platforms.

Thus, as illustrated in Fig. 1, to systematically under-
stand the system-level challenges of EBM, in this work, we
perform an extensive categorization and characterization of
EBM workloads, spanning a broad spectrum of representative
algorithms currently explored in this area. In addition, we
propose cross-layer optimization solutions to improve EBM
computing performance, efficiency and scalability, thereby
pinpointing the challenges in real-world EBM deployment and
outline future directions of EBM research. In conclusion, we
make the following contributions:

• We create a comprehensive collection of EBM workloads,
systematically summarize their implementations and ap-
plications, and propose a unifying taxonomy grounded in
their algorithmic structures and system-level implications.
(Sec. III & Sec. IV)

• We formulate the system performance of EBMs and
conduct extensive profiling and characterization of their
algorithmic and system performances across modern
computing platforms. (Sec. V)

• We identify and propose potential optimization oppro-
tunities at the algorithm, system and hardware levels to
guide future research towards efficient and scalable EBM
systems. (Sec. VI)

To the best of our knowledge, this is the first work to
assess EBM computing from both system and architecture
perspectives, aiming to inspire the design and research of
next-generation generative and reasoning systems through
synergistic advancements in EBM.

II. EBM ALGORITHM STRUCTURE AND FEATURES

EBMs have emerged as a flexible class of ML frameworks
capable of capturing arbitrary data distributions and enabling
compositional reasoning and generation. In this section, we
introduce the core concepts behind EBMs and outline the
algorithmic structure of both inference and training, estab-
lishing the foundation for later system-level analysis. Key
terminologies are highlighted in italic.
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Fig. 2: EBM algorithm architecture and operations. (a) and (b) illustrate generic EBM inference and training algorithm architecture, with
an example task to generate a horse image. (c) showcases forward and backward pass operations for EBM inference where backward only
computes input gradients, to discriminate with training backpropagation which computes both input and weight gradients.

A. EBM Concepts and Algorithm Architecture

EBMs define an unnormalized probability distribution pθ(x)
over data using an energy function Eθ(·) implemented by an
energy model, typically a neural network parameterized by
θ that learns the global energy landscape. For any input x,
the model assigns a scalar energy Eθ(x), where lower values
correspond to higher compatibility or likelihood. The induced
distribution is

pθ(x) ∝ e−Eθ(x) (1)

EBM inference seeks an x that minimizes this energy
function, i.e., region lying at the bottom of the learned
energy landscape. This is achieved through Markov Chain
Monte Carlo (MCMC) sampling, which iteratively trans-
forms an initial random sample into one that better aligns
with the target distribution. Popular MCMC variants in-
clude Langevin Dynamics [42], Metropolis-Adjusted Langevin
Dynamics (MALA) [43], and Hamiltonian Monte Carlo
(HMC) [44]. For illustration, we use Langevin Dynamics, a
widely adopted method in EBM [40]. Each update step is
defined as

xt+1 = xt − η∇xEθ(xt) +
√

2η ϵt, ϵt ∼ N (0, I). (2)

where xt and xt+1 denote the current and next samples, η is
the step size, ∇xEθ(xt) is the gradient of the energy function
with respect to the input, and ϵt is injected Gaussian noise
encouraging exploration.

Fig. 2(a) illustrates the four core steps of EBM inference
within a single iteration at timestep t: 1 the current sample
xt is fed through the energy model Eθ(·) to obtain its energy
Eθ(xt) via a forward pass; 2 a backward pass computes the
input gradient ∇xEθ(xt); 3 Gaussian noise ϵt is generated for
stochastic exploration; and 4 the sample is updated to produce
xt+1 based on the Langevin update rule. The dimensionality
of xt is task-dependent—for instance, pixel space for image
generation, or latent/embedding variables for planning and

reasoning. These four steps repeat for K iterations of MCMC
sampling, where K is typically chosen empirically for each
model and task in existing EBM works.

EBM Training optimizes model parameters θ such that the
induced distribution pθ(x) matches the true data distribution
pD(x). A widely used approach is contrastive divergence [40],
[45], which decreases the energy of real samples while increas-
ing that of model-generated samples:

∇θL = Ex+∼pD

[
∇θEθ(x

+)
]
− Ex−∼pθ

[
∇θEθ(x

−)
]
. (3)

Here, x+ denotes a positive sample drawn from the data, and
x− is a negative sample obtained through MCMC sampling
under the current model. The gradients ∇θEθ(x) drive the
maximum-likelihood update of θ.

As visualized in Fig. 2(b), training consists of: (i) executing
K MCMC steps for generating each negative sample; (ii) two
backpropagations to compute parameter gradients for x− and
x+ (Steps 5 and 6 ); and (iii) updating the weights of the
energy model for each of the N training steps. In practice,
the K used during training is much smaller than that used at
inference time. This is because training only requires negative
samples that approximate the model distribution well enough
for contrastive divergence, whereas inference typically de-
mands a fully mixed Markov chain for high-quality predictions
and generations.

Despite variation in implementations and components across
different EBMs, all methods follow this same algorithmic
template as discussed in the next section.

B. EBM Algorithm Features

Forward + Backward Pass. Unlike standard NN inference,
which runs a single forward pass per input, inference in
EBMs repeatedly performs a forward pass of the energy
model followed by a backward pass that computes only the
input gradient, no weight gradients are involved, creating



substantial latency. Fig. 2(c) illustrates this with a simple three-
layer network: the sample xt is taken as input for forward
pass to produce energy E, then gradients w.r.t. the input are
then backpropagated through all layers, where weight-gradient
computation (computed only during training) is excluded.

MCMC Sampling. Inference relies on MCMC sampling
method to navigate the learned energy landscape, primarily
governed by the step size and the number of sampling steps.
Smaller steps and longer chains typically improve sample
quality but increase runtime linearly. Determining the right
balance is nontrivial, yet most existing EBM implementations
tune these hyperparameters manually [23], [37], [40], often
resulting in suboptimal accuracy-efficiency trade-offs.

Compositionality. A key strength of EBMs is that in-
dependently trained energy functions can be combined to
form richer energy landscapes without additional retraining.
This enables powerful compositional generation and reasoning
capabilities [25]. For example, [37] synthesizes a smiling,
wavy-haired male face by merging separate energy models
trained on each attribute. However, such compositional de-
signs introduce heterogeneity across architectures and kernels,
causing significant inefficiency in real-system deployments.

The following sections are structured as follows: Sec. III
proposes our taxonomy categorizing around twenty selected
EBM workloads, and showcases EBM algorithm designs
with selected models. Sec. IV formulates EBM’s runtime
performance to help understand profiling results and system
bottlenecks. Sec. V profiles and characterizes their system
behavior to uncover the cause of EBM inefficiencies, and re-
ports the MCMC sampling impacts on system and algorithmic
performances. Sec. VI discusses possible optimizations and
future research directions for efficient EBM deployment.

III. EBM TAXONOMY AND WORKLOADS

EBMs increasingly combine diverse neural network archi-
tectures or sometimes symbolic components to define complex
energy landscapes to address compositional generation and
higher-order reasoning. Consequently, these paradigms can
be classified by how their constituent modules are integrated
and the resulting dataflow characteristics. In this section, we
propose a structural taxonomy for EBM compositionality to
characterize model heterogeneity (Sec. III-A), followed by an
analysis of data dependencies to elucidate the system-level
implications of EBM execution (Sec. III-B). Our proposed
taxonomy not only clarifies the architectural attributes of
current EBMs but also provides a roadmap for optimizing
hardware and software stacks for EBM workloads. We select
around twenty representative EBM workloads to form a com-
prehensive collection to capture the full diversity and broad
applicability of EBMs.

A. EBM Compositionality Taxonomy

We primarily categorize EBMs into three distinct classes
based on their architectural compositionality in TABLE II(a).

1) Monolithic (Mono): This category represents the fun-
damental EBM implementation, utilizing a single Neural Net-
work to approximate the energy function without external
algorithmic integration. During inference, these models invoke
a solitary FWD+BWD pass per step, resulting in a linear
computation pattern. For instance, EBT [26] constructs an
energy function using a transformer architecture, enabling
“System 2” reasoning capabilities that demonstrate superior
out-of-distribution performance compared to standard diffu-
sion language models.

2) Homogeneous Compositional (Homo-Comp): EBMs in
this category construct the energy landscape with multiple
instances of an identical neural architecture. During sampling
it applies the same energy model to various inputs or features.
Thus despite the compostionality multiple NN instances bring,
the operation kernels remain uniform. We further differentiate
this category based on their weight-sharing characteristics:

Homo-Comp-DS (Duplicated Structure). In this subtype,
NN instances are trained independently to capture different
features, resulting in different weights and parameters for each
instance which precludes weight reuse during MCMC itera-
tion. For example, EBM-COMP [37] trains separate ResNet-
like networks for specific attributes (e.g., gender, expression,
hair color) and subsequently merges their energy landscapes
via logical conjunction, disjunction, and negation to compose
facial imagery.

Homo-Comp-DW (Duplicated Weights). Conversely, this
subtype runs exactly the same NNs with same weights for
all inputs and features, creating significant opportunities for
data reuse and cache locality across consecutive forward and
backward passes. To discriminate from Mono models, these
systems execute multiple instances of the same model—either
sequentially or in parallel—to extract distinct problem fea-
tures, thereby demanding different runtime parallelism strate-
gies for efficiency. EBM-GR [27] utilizes this approach for
reasoning, i.e. in the N-Queens problem, a single MLP-based
diffusion model is trained to validate a row but is reused
simultaneously across all rows, columns, and diagonals during
inference. Similarly, IRED [24] employs an MLP to learn
annealed energy landscapes within a generalized framework
for reasoning and planning tasks.

3) Heterogeneous Compositional (Hetero-Comp): The
most complex class of workloads, Hetero-Comp, integrates
disparate neural network architectures to form the energy
model, sometimes coordinated with symbolic components
(e.g., logical encoders, replay buffers, constraint solvers). This
heterogeneity supports cohesive problem-solving across gen-
erative and cognitive domains. For instance, EBM-CVR [36]
develops relational energy functions by leveraging CLIP [49]
for symbolic scene encoding, while utilizing distinct archi-
tectures to compute energy for object features versus spa-
tial relations. In the reinforcement learning domain, EBM-
MBP [34] combines an online learning algorithm with a
replay buffer, allowing the model to store trajectories and plan
via continuous interaction with the environment. Furthermore,
CCSP [30] addresses continuous constraint satisfaction prob-
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Compositionality Data Dependency Work Year Models MCMC Tasks
EBM-IMP [40] 2019 CNN Langevin Dynamics Image generation
EBM-EqM [46] 2025 Transformer-based NN Langevin Dynamics Image generation, OOD detectionMono Sequential
EBT [26] 2025 Transformer Langevin Dynamics System 2 thinking, image denoising
IREM [31] 2022 GNN, MLP Langevin Dynamics Reasoning, planning

Mixed Parallel
IRED [24] 2024 GNN, MLP Langevin Dynamics Reasoning, planning
EBM-GR [27] 2025 MLP based Diffusion Model Langevin Dynamics Reasoning, Continual LearningDW

RRR [23] 2024 U-Net based Diffusion Model
Langevin Dynamics,
MALA, HMC

Compositional image generation

EBM-CMP [37] 2020 CNN Langevin Dynamics Image generation

Homo-Comp

DS

Fully Parallel

EBM-IGM [28] 2025 Diffusion model Langevin Dynamics Scene understanding
ADE [39] 2019 CNN, Deep LVM HMC Maximum Likelihood Estimation (MLE)

Sequential
EBM-EBP [47] 2021 MLP, Replay Buffer

Langevin Dynamics,
HMC

Planning, Reinforcement Learning

EBM-CDT [38] 2021 Multi-scale CNNs Langevin Dynamics
Compositional image generation,
OOD detection

EBM-CVR [36] 2021 Multi-scale CNNs, CLIP Langevin Dynamics
Image generation/editing/classification,
scene understanding

Mixed Parallel

EBM-CL [32] 2022 MLP, CNN Langevin Dynamics Classification w/ continual learning
COMET [35] 2021 CNN, Convolutional Encoder Langevin Dynamics Unsupervised scene understanding
EBM-CVG [33] 2023 U-Net based Diffusion Models Langevin Dynamics Image generation

CCSP [30] 2023
MLP-based Diffusion Model,
Transformer Diffusion Model

Langevin Dynamics Constraint Solving

Hetero-Comp

Fully Parallel

EBM-CGID [48] 2024 Diffusion model (U-Net) Langevin Dynamics Inverse Design

TABLE II: EBM Taxonomy. Typical EBM workloads categorized by i) Compositionality, ii) Data Dependency (Sec. III). Each category
highlights representative algorithms with their models employed, MCMC sampling methods, and targeting tasks.

lems in robotics [50]–[54] by aggregating energies from dif-
fusion models trained on individual constraints, demonstrating
robust generalization to novel constraint combinations.

B. EBM Data Dependency Categorization

After defining EBM’s structural components, we categorize
their data dependencies to identify parallelism potential and
provide efficient scheduling implications. As illustrated in
Table II(b), we identify three dependency patterns:

Sequential. This type enforces a sequential execution order
within each sampling step due to strict data dependencies
between models. While Mono models are certainly sequential,
some Hetero-Comp models also fall into this type. For exam-
ple, ADE [34] uses a deep Gaussian latent variable model
(Deep LVM) to initialize distributions and produce outcomes
to execute the CNN-based discriminator’s HMC steps.

Fully Parallel. In this paradigm, energy models and com-
ponents exhibit zero inter-dependency, enabling maximal and
flexible runtime parallelism. A Hetero-Comp example is
COMET [35], which utilizes separate ResNet-based energy
models for concepts and a convolutional encoder for latent
factor inference; all components consume the same image
input and can execute simultaneously. The majority of Homo-
Comp workloads also align with this high-throughput category.

Mixed Parallel. These workloads present hybrid depen-
dencies consisting of both parallel branches and sequential
executions. EBM-CDT [38] for example, uses a multi-scale
architecture where the input image is down-sampled to various
levels. While different levels can be processed in parallel, the
models and operations within each level are enforced to run
in sequential.

Each category of EBM systems exhibits distinct kernel
operators, data dependencies, and compositional structures.
This work presents the first system-level effort to characterize
EBM’s computational behavior, laying the foundation for
the design and deployment of both current and future EBM
systems.

IV. EBM PERFORMANCE FORMULATION

In this section we propose our formulation for EBM’s
runtime to identify system bottleneck implications and help
with understanding profiling results presented in next section.

In light of the EBM algorithm presented in Fig. 2(a), we
first formulate the runtime of EBM’s one sampling step:

Tsamp = Tfwd + Tbwd,in + Trng + Tupdate (4)

Tfwd and Tbwd,in denotes the latency of one forward pass in
step 1 and one input backward pass in step 2 , respectively.
Trng represents the runtime of random noise generation for



step 3 , and Tupdate is the latency of updating the sample
in step 4 . Due to the small runtime percentages these two
steps exhibit observed in Sec. V, we further omit the latency
of both noise generation and sample update for mathematical
simplicity:

Tsamp ≈ Tfwd + Tbwd,in (5)

This is because typically the generation of noise can be
parallelized with backward pass (step 2 ) using a group of
random number generators (RNG) with much less latency,
while sample update is just an element-wise operation at
sample dimension that can be easily computed in SIMD units
with ignorable latency.

Then we derive EBM inference runtime Tinf as:

Tinf ≈ Tsamp × C ×K (6)

where C is the number of MCMC chains, normally equal to
batch size; K represents number of MCMC sampling steps in
inference. Note that this formulation aims to capture standard
EBM runtime in a general sense, thus additional non-energy-
model components or trivial operators in specific workloads
(e.g. symbolic programs, encoders) are excluded from this
analysis. Also, here we assume sequential MCMC sampling
executions.

Based on the training steps presented in Fig. 2(b), we define
training runtime Ttrain as:

Ttrain ≈ N × (Tbwd,w(x
+) + Tbwd,w(x

−) + Tsamp × C ×Kt) (7)

where N is the number of training iterations; Kt is the
number of MCMC steps used for generating negative samples,
typically fewer than the inference sampling steps K, as
discussed in Sec. II-A; Tbwd,w(x

+) and Tbwd,w(x
−) denote

the backpropagation times for computing weight gradients
using positive samples x+ from data and negative samples x−

generated through Kt-step inference, respectively. Thus, each
training step includes two weight gradient backpropagations
(steps 5 and 6 ) and one inference procedure to generate
(steps 1 and 2 repeated K times). As shown in Sec. V, the
inference portion Tsamp ×C ×Kt still dominates the overall
training runtime in practice.

V. WORKLOAD CHARACTERIZATION RESULTS

In this section we present the profiling results and analyzes
the performance characteristics of representative EBM work-
loads covering our entire taxonomy spectrum.

A. Profiling Methodology

System Setup. For system-level characterization, we first
conduct function-level and kernel-level profiling to capture
statistics such as runtime, memory, tensor sizes of each model
by leveraging the built-in PyTorch Profiler [55]. For those
workloads written in other ML frameworks (i.e. Tensorflow)
we re-implement them in PyTorch to ensure system consis-
tency and fair comparison. We also perform post-processing
to partition the characterization results into various operation

Workload Compositionality Data Dependency Models Size Intensity Steps
EBM-IMP [40] Mono Sequential CNN 30 MB 55 FLOPs/Byte 100

EBM-EqM [46] Mono Sequential Transformer 2.7 GB 175 FLOPs/Byte 250

IRED [24] Homo-Comp-DW Fully Parallel MLP 31 MB 100 FLOPs/Byte 50

EBM-CMP [37] Homo-Comp-DS Fully Parallel Duplicated CNNs 56 MB 119 FLOPs/Byte 400

CNN 128x128 15 MB 150 FLOPs/Byte
CNN 64x64 3.8 MB 125 FLOPs/Byte
CNN 32x32 1 MB 94 FLOPs/Byte

EBM-CVR [36] Hetero-Comp Mixed Parallel

CLIP 252 MB 23 FLOPs/Byte

300

MLP 12 MB 42 FLOPS/Byte
CCSP [30] Hetero-Comp Fully Parallel

CNN Encoder 23 MB 20 FLOPS/Byte
1000

TABLE III: Profiled Workloads. Six profiled workloads with their
model compositionality and data dependency categories, model types
and sizes, arithmetic intensities, and MCMC sampling steps.

categories. The experiments are conducted on Ryzen 9900X
CPU, Nvidia RTX 5090 GPU, and Google TPU v6e.

Algorithm Setup. For a complete evaluation across our
entire compositionality and data dependency taxonomy spec-
trum defined in Sec. III, we pick six workloads listed in
TABLE III. We select EBM-IMP and EBM-EqM for Mono
models. Among Homo-Comp models we pick IRED (DW &
Mixed Parallel) and EBM-CMP (DS & Fully Parallel). In
Hetero-Comp models we use EBM-CVR (Mixed Parallel) and
CCSP (Fully Parallel). For algorithm setup and evaluation we
utilize the workloads’ original dataset including MNIST [15],
CIFAR [56], CLEVR [57], SAT-Net [58], CelebA [59]. to
study the impact of sampling on their accuracy.

B. Compute Latency Analysis

End-to-end runtime. We first characterize the end-to-end
runtime of representative EBM workloads on modern CPU
(Ryzen 9900X), GPU (RTX 5090) and TPU (v6e). Fig. 3(a)
reports the latency of a single MCMC sampling step, corre-
sponding to inference Steps 1 – 4 . We can observe that the
average runtime of a sampling step is at millisecond level on
GPU and CPU, comparable to conventional NNs due to the
neural operation in FWD+BWD pass (Step 1 and 2 ) being
the core of the execution as specified in Equation 5. However,
during inference, this sampling step is repeated extensively
throughout the MCMC process. As a result, the total inference
latency can scale hundreds or even thousand of times as shown
in Fig. 3(b), reaching tens of seconds even on high-end GPUs
and TPUs. Such latency is clearly incompatible with real-time
or interactive deployment scenarios. In addition, we can see
that for both single-step sampling and full inference, GPUs
and TPUs achieve up to two-orders-of-magnitude speedups
over CPUs. This behavior stems from the fact that most EBM
kernels remain compute-intensive and highly parallelizable,
closely resembling conventional neural network workloads.
In contrast, smaller models with lower arithmetic intensity,
such as EBM-IMP and CCSP, exhibit less performance gain
on GPUs and TPUs over CPUs, further confirming this point.

Takeaway 1: EBMs typically exhibit similar system per-
formance and characteristics as conventional neural models
in one sampling step, but exhibit much higher latency during
inference due to heavy sampling repetition, prohibiting them
from real-time applications.
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Fig. 3: EBM End-to-End Runtime. (a) Runtime of one sampling
step in millisecond. (b) Runtime of inference procedure in second.

End-to-end runtime breakdown. Fig. 4 presents the end-
to-end latency breakdowns of representative EBM workloads
during inference and training. Inference is evaluated on CPU,
TPU and GPU, while training results are reported on GPU
only. In Fig. 4(a) we can conclude that (1) As the main
bottleneck, FWD+BWD passes (Step 1 and 2 ) dominate
the overall runtime, accounting for up to 99% of inference
time across all workloads and platforms, while the runtime
of random noise generation in Step 3 and sample update
in Step 4 are nearly ignorable, validating the approximation
adopted in our performance formulation in Equation 5. (2) The
latencies of the FWD+BWD passes are highly comparable,
because the input gradient computation in backward pass
is nothing but reversed matrix multiplications of fwd pass
with transposed weights, incurring similar operation kernels
and scheduling patterns. (3) FWD+BWD passes cannot be
parallelized due to strict data dependencies between these two
steps, doubling the runtime of neural network execution.

Fig. 4(b) presents the runtime breakdown during train-
ing, showing that (1) Up to 90% of training time is still
dominated by MCMC sampling process where each stage
exhibits same percentage as in inference. (2) Depending on
the number of sampling steps during training, the weight
gradient descent and parameter update in Step 5 and 6 can
take up to 30% of the total training time, creating additional
optimization opportunities. (3) Compared to training stages
(Steps 5 and 6 ), the inference latency of EBMs scales more
rapidly with model compositionality and size, as shown in
Fig. 4(b), indicating that accelerating MCMC sampling chain
with heavy NN FWD+BWD pass iteration is the key to
improving performance and scalability of EBM systems for
both training and inference.

Takeaway 2: The iterative forward and backward pass
(Step 1 and 2 ) dominate runtime across all EBM algorithms

in both inference and training, exhibiting comparable latency
and strong intra/inter-iteration data dependencies.

C. Model and Operator Heterogeneity

System Roofline Analysis. Fig. 5 employs the roofline
model to quantify the compute and memory boundedness of
the selected EBM workloads on Nvidia RTX 5090 GPU. For
workloads consisting of various energy models implemented
via different networks, we plot the components separately
in the roofline figure. We can observe that while different
EBM workloads often exhibit diverse memory and compute
characteristic, the energy models implemented by a single
EBM - especially Hetero-Comp models - can also cover a wide
range of arithmetic intensity, inducing substantial operational
heterogeneity that causes significant system inefficiency and
performance degradation. For example, EBM-CVR (purple)
employs compute bounded ResNets at different image down-
sampling level with operational intensity ranging across 60
FLOPs/Byte, while having a memory bounded transformer-
based model CLIP for text understanding. Meanwhile, all of
CCSP’s energy model are heavily memory bounded.

Operator Analysis. Fig. 6 breaks down the runtime of EBM
workloads into five operator categories, revealing a severe
degree of kernel heterogeneity that distinguishes EBMs from
conventional ML workloads. While standard models are often
uniformly dominated by matrix multiplications (MatMul) or
convolutions, EBMs exhibit a distinct bifurcation: EqM and
IRED are heavily MatMul-oriented (72.9% and 33.7% re-
spectively), whereas EBM-CMP, EBM-IMP, and EBM-CVR
remain Convolution-dominant (50%-69%). Crucially, EBMs
suffer from significant non-compute bottlenecks absent in
standard inference: IRED spends 32.8% of its runtime on
Data Transformation, driven by the need to concatenate fea-
tures during iterative reasoning steps. Similarly, EBM-CVR
spends 45.3% of time on Vector/Element-wise operations,
while CCSP and EBM-IMP devote around 30% to Data
Movement, highlighting how the iterative MCMC sampling
process exposes severe overheads in memory-bound operations
that accelerator tensor cores cannot optimize.

Takeaway 3: EBMs exhibit significant diversity across all
workloads, with high model and operator heterogeneity in
each workload (especially Hetero-Comp models), spanning
compute-bound and memory-bound regimes, causing signifi-
cant accelerator under-utilization and system inefficiency.

D. MCMC Sampling Study

Here we study the impact of MCMC sampling procedure -
the skeleton of EBM’s inference and training - on both system
performance scaling and algorithmic accuracy. To help further
understand EBM efficiency challenges and identify system and
algorithm optimization opportunities and directions.

Performance Scaling Fig. 7 illustrates how runtime scales
with the number of sampling steps for selected workloads.
While some workloads incur higher latency in the first sam-
pling step due to substantial model weight loading or data
preprocessing, all EBMs exhibit runtime that grows linearly
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with the number of sampling steps, reflecting the inherently

iterative nature of both inference and training.
Takeaway 4: EBM runtime scales almost linearly with

number of MCMC sampling steps, causing dominant bottle-
neck in EBM’s performance and scalability.

Algorithmic Accuracy. Fig. 8 plots the algorithmic per-
formance (accuracy or MSE error) vs number of MCMC
sampling steps using three workloads - EqM, IRED (two
tasks), and CCSP. In our experiments we set the total number
of MCMC sampling steps same in the original algorithm setup,
which are selected empirically by the model developers. We
have the following observations: (1) The optimal number of
MCMC steps that maximizes performance and accuracy differs
among EBM workloads. (2) For the same EBM, the optimal
sampling steps vary between different tasks. In IRED for ex-
ample, the continuous algorithmic reasoning task takes around
45 steps to achieve the lowest MSE error (Fig. 8(b)), while 11
steps of sampling already yields the best accuracy for discrete
space reasoning task (Fig. 8(c)). Moreover, the substantial
accuracy fluctuations observed in CCSP during extended 1000-
step sampling further support this point(Fig. 8(d)). Thus,
smartly setting the sampling steps for different models and
tasks is the key to system and algorithmic efficiency. (3) Each
of the sampling step may produce drastically different impact
on performance due to the unpredictability of complex energy
landscapes that the energy model depicts. For example in
Fig. 8(c), step 6 boosts the accuracy to 90% for almost 30%,
while the accuracy slightly drops after step 13. Therefore, how
to dynamically adjust sampling step sizes to faster search for
lowest energy is also a challenge.

Takeaway 5: Optimal MCMC sampling steps and step
sizes vary significantly across EBM workloads, tasks, and even
individual iterations due to different model complexity and
energy landscapes, highlighting the need for adaptive, model-
aware and task-aware sampling schemes to balance accuracy
and efficiency.

VI. OPTIMIZATION AND RESEARCH DIRECTIONS

Based on the above analysis and characterization, in this
section, we suggest possible optimization solutions to tackle
the challenges summarized in the key takeaways in the above
section, guiding future research directions towards efficient
EBM algorithms and systems.
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Fig. 8: Algorithmic performance vs number of MCMC sampling steps. (a) EqM accuracy vs sampling steps on ImageNet 256x256
task. (b) IRED MSE error vs MCMC sampling steps on continuous algorithmic reasoning task (matrix addition). (c) IRED accuracy vs
MCMC sampling steps on discrete space reasoning task (graph connectivity). (d) CCSP accuracy vs MCMC sampling steps on 2D Shape
Arrangement task with Qualitative Constraints.

For Takeaway 1 (NN based iteration):
At algorithm level, typical neural model optimization

techniques-such as compression, quantization, and pruning
[60]–[64] for neural networks, and KV cache optimization,
operator fusion, MoE for transformer models [65]–[69] can
still be applied to reduce the computational and memory foot-
print of energy models. However, it is necessary to explicitly
study their unique impact on EBM-specific algorithm behavior,
especially regarding algorithmic accuracy in inference, training
efficiency, MCMC sampling convergence and energy land-
scape traversal. This is because (1) While the error brought by
such algorithmic optimizations is typically negligible in one
execution, it might propagate and cumulate during the long
sampling process and cause severe accuracy drop after hun-
dreds of iterations. (2) Compared to explicit neural models that
generate output directly from input, EBMs–as implicit models
[40]–instead generates scalar energy values from samples, so
the same optimizations may have different impact on model
behavior and performance. Thus, comprehensive investigation
and experiment specifically designed for EBM is needed to
ensure that such optimizations do not compromise accuracy
and sampling robustness.

To further prove and study this, we apply weight-only post-
training quantization (PTQ) schemes to EqM. Since EBMs
operate through multi-step sampling, we use a normalized L2-
shift metric, rather than accuracy alone, to quantify quantiza-
tion error at each step:

||Oquant −Ofull||2
||Ofull||2

where Oquant is the quantized model output, and Ofull is full-
precision model output. This metric captures the quantization-
induced shift in the energy landscape during inference. We
make three key observations in Fig. 9: 1) the shift accumulates
over sampling steps, causing increasing divergence from the
full-precision model, and 2) For EqM, FP8 is the most robust
format, while INT8 and FP4 are much less stable. In particular,
INT8 shows even larger and more erratic shifts than NF4
across consecutive steps. 3) At 4-bit precision, the optimal
quantization scheme varies with the number of steps. This
demonstrates the need for customized and comprehensive
quantization strategies tailored to specific EBM algorithms and
deployment settings.

Fig. 9: Quantization impact on EBM inference. Using EqM as a
case study, the results show that errors introduced by different PTQ
schemes accumulate differently across EBM sampling steps.

At system level, existing AI accelerator designs [70]–[74]
may be leveraged due to the strong alignment between
EBM kernels and typical neural model operators. Nonethe-
less, EBM-specific features such as repeated back-to-back
FWD+BWD passes, iterative MCMC sampling loops, model
compositionality, and operator heterogeneity introduce unique
system requirements, necessitating customized hardware de-
signs and unique scheduling strategies to facilitate the deploy-
ment and development of EBMs.

For Takeaway 2 (repetitive FWD+BWD pass):
At algorithm level, the challenge and opportunity is to

reduce the cost of each sampling step by either relaxing
the strict data dependencies between forward and backward
passes, or eliminating unnecessary computations. This may
be achieved via novel approximation techniques to exploit
parallelism between FWD and BWD passes, sampling step
skipping or selectively reducing gradient computation when
energy descent stabilizes to reduce per-step runtime while
maintaining convergence quality. For example, prior work has
proposed methods to parallelize stochastic gradient descent
(SGD) in neural network training [75], [76], which may inspire
the development of analogous—but distinct—approaches to
break dependencies and enable parallelism in EBM sampling.

At system level, the iterative nature of EBM inference re-
sults in frequent reuse of the same weights, as both FWD
and BWD passes operate on identical parameters (with BWD
using their transposed form). Efficient memory system design



enabling reuse of weights across back-to-back passes opens
up opportunities for unified compute pipelines, weight sharing
mechanisms, and low-overhead transposition support. More-
over, when iterative FWD+BWD execution is combined with
compositional models, the resulting irregular compute patterns
and inter-model dependencies pose additional challenges for
architecture and scheduling design.

For Takeaway 3 (compositionality and heterogeneity):
At algorithm level, optimizing the model size, complexity,

and heterogeneity and implementing more hardware-friendly
models can directly improve system performance and re-
duce acceleration pressure. In addition, exposing model-level
parallelism within compositional algorithm architectures can
enable more efficient scheduling and execution, particularly for
workloads with independent or loosely coupled components.

At system level, efficient support for EBMs requires hard-
ware system that can accommodate a mix of compute-bound
and memory-bound kernels, especially for compositional mod-
els. Architectures must be flexible enough to adapt to shifting
bottlenecks across heterogeneous components, while schedul-
ing policies should dynamically balance different operators to
maximize resource utilization and maintain system throughput.
We demonstrate this on compositional workloads (IRED,
EBM-CMP, EBM-CVR, and CCSP) by launching each en-
ergy model in a separate CUDA stream to enable model-
level parallelism. Even on a single GPU, this exposes kernel
overlap and achieves speedups of 1.28×, 1.47×, 1.21×, and
1.32×, respectively. Greater performance gains are possible
with EBM-aware hardware and scheduling.

For Takeaway 4 & 5 (MCMC sampling):
Enhancing the efficiency of MCMC sampling, through

shorter sampling lengths, faster steps, and quicker conver-
gence, without compromising algorithmic accuracy is the key
to improving EBM runtime. While prior work has explored
general MCMC optimization and acceleration [44], [77]–
[79], these efforts have not addressed the specific context of
EBMs, where sampling is realized through FWD+BWD passes
using NN kernels as the major operations. Thus the same
algorithmic and architectural optimization can barely benefit
EBM inference and training. Moreover, as demonstrated in
Fig. 8, different EBM models and tasks necessitates varying
sampling lengths as well as convergence criteria.

To address this, one promising direction is to develop
algorithms that smartly determine the sampling length either
statically at compile time or dynamically at runtime, adapting
to the task and model behavior. Additionally, adjusting the
sampling step size in response to the local energy landscape
can accelerate convergence by avoiding flat or oscillatory
regions. Finally, runtime convergence detection mechanisms
can be employed to terminate sampling early, thus avoiding
unnecessary sampling steps as observed in Fig. 8, and thus
reducing overall latency. Compared to the sampling schemes
implemented in most of the existing EBMs where MCMC
sampling length is determined empirically, a combination of
above methodologies can bring substantial runtime reduction

Step size 0.25× 0.5× 1× 2× 4× 8× Adaptive
sampling

Number of sampling steps 1038 722 494 351 610 911 170
Optimal accuracy 79% 84% 82% 79% 58% 7% 86%

TABLE IV: Adaptive sampling performance showcase on CCSP.

given that latency scales linearly with MCMC sampling steps,
achieving efficient real-time EBM deployment and training.

We show the feasibility and necessity of adaptive sampling
by evaluating step-size scaling and convergence criteria on
CCSP and EqM (TABLE IV). We measure both total sampling
steps and best accuracy under step sizes ranging from 0.25× to
8× the default. For CCSP, we use a simple adaptive schedule:
4× until 50% accuracy, 2× until 70%, 1× until 80%, and 0.5×
until stopping. Stopping is determined when:

∥nt∥
∥ avg(gt−10:t)∥

> α

where nt is the noise at step t, gt is the step-t gradient,
and avg(gt−10:t) is the average gradient over the last 10
steps; α = 0.1 for CCSP. TABLE IV shows that this simple
adaptive method significantly reduces sampling steps while
also improving accuracy, highlighting the need for EBM
algorithm-specific sampling optimizations.

VII. CONCLUSION

EBM is an emerging paradigm for next-generation robust,
explainable, and compositional cognitive AI Systems. This pa-
per comprehensively collects and categorizes EBM workloads,
systematically formulates and characterizes EBM’s system
performance, analyzes their workload operators and system
bottlenecks, and proposes optimization techniques for both
system-level and algorithm-level performance and efficiency,
identifying the challenges and opportunities towards fulfilling
future System-2 AI systems.
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