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Abstract
E!ective code optimization in compilers is crucial for computer and
software engineering. The success of these optimizations primarily
depends on the selection and ordering of the optimization passes
applied to the code. While most compilers rely on "xed pass se-
quences, current methods to "nd the optimal sequence for speci"c
programs either employ impractically slow search algorithms or
learning methods that struggle to generalize to code unseen during
training. To address these challenges, we introduce CompilerDream,
the "rst world-model-based approach for general code optimization.
CompilerDream features a compiler world model with a reward
smoothing technique, enabling accurate simulation of optimization
processes. Built on this model, code optimization agents can then
be constructed via value prediction or direct optimization sequence
generation. Trained on a large-scale program dataset, these agents
serve as versatile code optimizers across diverse application scenar-
ios and source-code languages. Our extensive experiments highlight
CompilerDream’s strong optimization capabilities for autotuning,
where it leads the CompilerGym leaderboard. More importantly,
the zero-shot generalization ability of large-scale trained compiler
world model and agent, excels across diverse datasets, surpassing
LLVM’s built-in optimizations and state-of-the-art methods in both
settings of value prediction and end-to-end code optimization.

CCS Concepts
• Computing methodologies → Machine learning; Model de-
velopment and analysis; • Software and its engineering →

Compilers.
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Figure 1: CompilerDream performs code optimization by
interacting with the compiler using an agent powered by
a world model. With strong generalization capabilities, it
e!ciently optimizes programs from diverse origins.

1 Introduction
Code optimization plays an important role in realizing the full po-
tential of software and hardware. Developers desire a universal
solution to transform input programs into semantically equiva-
lent but more e#cient versions without manual e!ort. Compilers
achieve this through a front-end that translates source code into
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an intermediate representation (IR), a middle-end optimizer that
performs language- and platform-agnostic IR optimizations, and
a back-end that converts IR to the binary code (Figure 1). The
optimizer is typically implemented as a series of passes applying
transforms on the code, where performance largely depends on
the selection and order of these optimization passes. Standard com-
pilers use a few "xed sets of optimization sequences to enhance
speci"c aspects of program performance, such as -O1, -O2, and -O3
for execution speed, and -Os and -Oz for program size reduction.

Obviously, given the vast diversity of programs and platforms,
these o!-the-shelf strategies prede"ned by compiler experts are sub-
optimal for most circumstances. Automatically optimizing the pass
sequence for speci"c programs thus can yield signi"cant perfor-
mance gains over default compiler settings [19, 56]. To be practical,
such an algorithmmust produce a satisfactory pass sequence within
a reasonable time and handle a wide variety of programs. However,
current research often fails to meet these requirements simultane-
ously. Search-basedmethods [5] achieve near-optimality but require
thousands of compilations per program to validate the optimization
outcomes, making them impractical. In contrast, machine learning
methods avoid these time-consuming compiler interactions, by ei-
ther predicting the optimization sequences directly or estimating
the outcomes of optimization sequences to guide a search.

However, these learning-basedmethods still risk sacri"cing some
optimality and, more importantly, face a signi"cant bottleneck in
broad generalization across diverse programs that may be out of
the training samples. A range of machine learning applications
[7, 14, 32, 49] have witnessed that training high-capacity models
on large-scale datasets can yield unprecedented performance. Prior
studies on compiler optimization also suggest that training on large
datasets with diverse programs could be bene"cial [11], yet the
prevalent practice in this "eld is still to learn optimization strategies
in a per-program manner [27, 52] or from relatively small training
sets comprising only a few hundred programs with limited-capacity
models [30, 44], which hinders generalization.

This paper focuses on the LLVM [34] phase ordering problem,
a longstanding challenge for compiler research. We propose Com-
pilerDream, a world-model-based approach for general code opti-
mization, capable of handling a wide variety of programs, unlike
most prior approaches focusing on narrow, domain-speci"c ones.
It learns an accurate predictive world model to simulate compiler
executions, forecasting future IR states and optimization metric
improvements based on the current IR state and applied pass. We
believe that employing a world model o!ers the following advan-
tages for compiler optimization: First, by capturing optimization
dynamics, the world model gains generalizable knowledge into
our method [2], improving the overall generalization performance.
Second, it replaces costly compiler invocations, signi"cantly reduc-
ing computational overheads of search and learning algorithms
and facilitating large-scale training. Additionally, its high-capacity
architecture can extract deeper insights from extensive datasets.

Speci"cally, to better adapt the world model for compiler op-
timization, we closely examine the optimization process and in-
troduce a reward smoothing technique to enhance world model
training and improve simulation accuracy. Built on this accurate
world model, CompilerDream supports various types of optimiza-
tion agents, including value prediction and reinforcement learning.

Moreover, we carefully curate a large-scale training dataset of natu-
ral programs, enhancing the world model’s and agent’s generaliza-
tion to unseen programs, enabling our method to predict superior
optimization sequences.

We demonstrate CompilerDream’s e!ectiveness across a range
of program domains [11] and problem scenarios. Our test domains
include benchmark suites covering fundamental algorithms, as
well as production-level open-source programs, such as object "les
from C++ TensorFlow [1] and OpenCV [9] libraries. Even without
considering generalization, CompilerDream’s strong optimization
capabilities top the CompilerGym leaderboard for autotuning. For
general code optimization, our large-scale trained world model
accurately predicts the outcomes of pass sequences on unseen pro-
grams. Both types of optimization agents equipped with the world
model outperform the built-in -Oz $ag and state-of-the-art meth-
ods in their respective settings. In the value prediction setting, the
world model serves as an accurate value predictor, enabling supe-
rior action sequence selection. In the reinforcement learning setting,
the agent trained entirely in the world model directly generates
optimization sequences in a single trial, achieving more e#cient
code across diverse datasets.

The main contributions of this work are as follows:
• We propose CompilerDream, the "rst world-model-based
approach for code optimization.

• We introduce a reward smoothing technique that facilitates
the application of world models to compiler optimization,
bene"ting future research in this area.

• Our approach supports multiple optimization agents, includ-
ing value prediction and reinforcement learning agents, uni-
fying di!erent methods in this "eld.

• By leveraging the large-scale CodeContests dataset and the
world model’s generalization capability, we achieve strong
performance on diverse unseen programs.

• Extensive experiments across various program domains and
problem scenarios, including autotuning, value prediction,
and end-to-end code optimization, show that CompilerDream
outperforms state-of-the-art methods.

2 Related Work
A key challenge in compilation is determining which code trans-
formations to apply, how to apply them (e.g., using suitable param-
eters), and in what order. This involves e!ectively searching and
evaluating numerous options, a process known as iterative compi-
lation [5] or autotuning [13]. However, this search-based approach
only "nds a good optimization for one speci"c program and does
not generalize into a compiler strategy. This limitation underscores
the importance of integrating machine learning techniques.

Supervised learning. Pioneering work has delved into super-
vised machine learning, adopting two main approaches [36]. The
"rst approach requires an extensive search for each training pro-
gram to identify the most e!ective optimization sequence, which
then serves as the data labels. An early example [8] used a neural
network for branch prediction, and one more well-known work is
MilepostGCC [18], a practical attempt to integrate machine learn-
ing into a production compiler, GCC. It employs models trained on a
large dataset of programs distributed over the Internet. The second
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approach aims to learn a cost or performance function capable of
estimating the quality of various compiler options, which enables
the evaluation of possible options without the need to compile and
pro"le each one [42, 53]. Coreset-NVP [41] follows this approach
and achieves state-of-the-art performance.

Reinforcement learning. Recent advancements have seen re-
inforcement learning (RL) techniques making strides in compiler
optimization, circumventing the need for collecting optimal labeled
data [33]. This technique has been applied to optimize individual
compilation heuristics, such as inlining [57], loop transformation
[6, 26], and graph partitioning [46]. Several works relevant to us,
including AutoPhase [27], CORL [44], and POSET-RL [30], have
explored the full optimization pipeline, i.e., the phase ordering prob-
lem, using model-free RL without incorporating a world model.

World model. A world model [21, 37] that approximates state
transitions and reward signals is typically used in two ways: (1)
it enables simulation of "unseen" interactions that are unavailable
or una!ordable [23, 31]; (2) as an auxiliary learning task, it aids
in better representation that captures the underlying structure of
the environment [2, 43, 45]. To the best of our knowledge, we
are the "rst to introduce world models for code optimization. In
this context, a world model can function as a compiler simulator,
approximating IR transformations and eliminating the need for
costly execution and pro"ling of extensive optimization sequences.
Furthermore, by sharing representations with the world model,
the policy can generalize more e!ectively to unseen programs.
Thus, model-based agents [54] can be implemented, which o!er
superior sample e#ciency and generalization compared to model-
free methods.

3 Method
This section "rst de"nes the code optimization problem and design
choices for observation, action, and reward (Section 3.1). We then
present the design and training technique of CompilerDream’s
world model (Section 3.2), two optimization agents (Section 3.3),
and considerations for large-scale dataset curation (Section 3.4).

3.1 Phase Ordering Decision Process
As illustrated in Figure 1, one key problem of compiler optimization
is to "nd the optimal sequence of optimization passes for a given
program, also known as the phase ordering problem. It can be natu-
rally formulated as a partially observable Markov decision process
(POMDP) M = (S,A, 𝐿 , 𝑀, 𝑁,O,𝑂) [54]. The state space S covers
all possible Intermediate Representations (IRs), the action space A
comprises individual compiler optimization passes, and the reward
function 𝐿 is de"ned by the metric being optimized. The transition
dynamics 𝑀 : S ↑ A ↓→ S represents the outcome of applied IR
transformations. The initial state distribution 𝑁 ↔ ω(S) captures all
IRs of interest, which can be approximated via uniform sampling
from the training dataset. The observation function 𝑂 : S ↓→ O

maps the underlying IR into the observation space, capturing useful
features.

A code optimization agent determines the optimization sequence
for an input program through interactions with the compiler en-
vironment. At each time step 𝑃 = 0, 1, 2, . . . , the agent applies an

Table 1: Observation and action space in CompilerDream.

Aspect Name Description Dim.

Observation Autophase
[27]

A feature vector capturing
various IR code statistics. 56

Action
Histogram

A vector where each
dimension represents the
execution frequency of a
speci"c action.

124
/42

Action
(Sec. 4.2 & 4.3)

Full LLVM
Passes

Full action space with all
LLVM optimization passes. 124

Action
(Sec. 4.4)

Autophase
Passes

A reduced action space
derived from Autophase[27]. 42

action 𝑄𝐿 to current IR based on observation 𝑅𝐿 , transforming cur-
rent state to 𝑆𝐿+1 = 𝑀 (𝑆𝐿 ,𝑄𝐿 ) and receiving reward 𝐿𝐿 . The agent
can employ e!ective strategies, such as search algorithms and para-
metric neural networks, to select the best actions, as detailed in
Section 3.3.

Under the POMDP formulation, we design the observation and
action space as summarized in Table 1. The observation features
were selected for e#ciency and e!ectiveness. In preliminary exper-
iments, we "nd that complex program features like ProGraML [10]
and inst2vec [4] signi"cantly slow down CompilerDream with mar-
ginal performance gains. In contrast, expert-designed Autophase
features [27] leverage domain knowledge, enhancing generaliza-
tion by "ltering irrelevant details. We construct the observation by
concatenating the 56-dimensional Autophase feature vector with a
42-dimensional action histogram vector, which records the number
of times each action has been selected during the current episode.
Both vectors are normalized for consistency: each Autophase fea-
ture is divided by the program’s initial total instruction count, and
the action histogram is scaled by the per-episode action limit, which
is set to 45. We adopt two distinct action spaces in our experiments
to align with the baseline methods. The full action space consists of
all 124 LLVM optimization passes, while the reduced action space
derived from Autophase [27] consists of 42 actions. Originally, this
action space included 45 LLVM passes, but CompilerGym excludes
3 due to updates in the latest LLVM version, leaving 42 actions.
This reduced action space is widely used and has been shown to be
e!ective in prior studies [11, 27].

The reward function is de"ned as the normalized change of the
optimization metric 𝑇 (𝑆):

𝐿𝐿+1 =
𝑇 (𝑆𝐿 ) ↗𝑇 (𝑆𝐿+1)

𝑇 (𝑆0) ↗𝑇 (𝑆b)
, (1)

where lower 𝑇 indicates better performance. Following prior work
on code size reduction, we de"ne 𝑇 (𝑆) as the IR instruction count.
𝑇 (𝑆b) is the baseline performance achieved by the built-in -Oz $ag.

3.2 Learning a Compiler World Model
Following the advanced Dreamer approach [25], we build a world
model to learn the formulated POMDP process of compiler opti-
mization, as depicted in Figure 2. Concretely, we train a model
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Figure 2: Design overview of CompilerDream. The world model is trained on real episodes generated by the agent, incorporating
a reward smoothing process to stabilize training and enhance learning e!ciency. CompilerDream supports training with RL
and value prediction agents, which learn from episodes simulated by the world model.

(𝑀𝑀 , 𝐿𝑀 ) of the compiler environment parameterized by 𝑈 , which
approximates the underlying transition dynamics of optimization
process 𝑀 (𝑅𝐿+1 |𝑅↘𝐿 ,𝑄↘𝐿 ) and the reward function 𝐿 (𝑅↘𝐿 ,𝑄↘𝐿 ).

The compiler world model simulating the compiler environment
is formulated with the following four components:

Representation model: 𝑉𝐿 ≃ 𝑊𝑀 (𝑉𝐿 | 𝑉𝐿↗1,𝑄𝐿↗1,𝑅𝐿 ),

Transition model: 𝑉𝐿 ≃ 𝑀𝑀 (𝑉𝐿 | 𝑉𝐿↗1,𝑄𝐿↗1),

Observation decoder: 𝑅𝐿 ≃ 𝑀𝑀 (𝑅𝐿 | 𝑉𝐿 ),

Reward decoder: 𝐿𝐿 ≃ 𝑀𝑀 (𝐿𝐿 | 𝑉𝐿 ) .

(2)

The representation model estimates a neural compiler state 𝑉𝐿
from the current observation 𝑅𝐿 of real compiler state, the previ-
ous state 𝑉𝐿↗1 and the previous optimization action 𝑄𝐿↗1. A repre-
sentation loss Lrepr is used to train the neural compiler states to
accurately reconstruct the observation and reward by two decoders:

Lrepr (𝑈 ) ! ↗ ln 𝑀𝑀 (𝑅𝐿 |𝑉𝐿 ) ↗ ln 𝑀𝑀 (𝐿𝐿 |𝑉𝐿 ) . (3)

The transition model captures the dynamics of the compiler
world model, predicting future neural compiler state 𝑉𝐿 directly
from 𝑉𝐿↗1 and 𝑄𝐿↗1. A prediction loss minimizes the di!erence
between the estimated neural compiler state 𝑉𝐿 and the predicted
compiler state 𝑉𝐿 , simultaneously enhancing the transition model’s
accuracy in predicting future states and making the neural compiler
state produced by the representation model easier to predict:

Lpred (𝑈 ) ! KL [𝑊𝑀 (𝑉𝐿 |𝑉𝐿↗1,𝑄𝐿↗1,𝑅𝐿 ) ⇐ 𝑀𝑀 (𝑉𝐿 |𝑉𝐿↗1,𝑄𝐿↗1)] . (4)

The overall models are jointly learned by minimizing the sum of
the representation loss and the prediction loss.

Compiler simulation. We can simulate the behavior of the
real compiler using our trained compiler world model. Speci"-
cally, a simulated compiler optimization trajectory {𝑉𝑁 ,𝑄𝑁 , 𝐿𝑁 ,𝑅𝑁 }
with horizon 𝑋 can be generated by the interactions between the
world model and an optimization agent: starting at a neural state
𝑉𝐿 ≃ 𝑊𝑀 (𝑉𝐿 |𝑅𝐿 ), at each step 𝑌 = 𝑃, 𝑃 + 1, 𝑃 + 2, . . . , the agent takes
an action 𝑄𝑁 ≃ 𝑍𝑂 (𝑄𝑁 |𝑉𝑁 ), and transits to the next latent state

𝑉𝑁+1 ≃ 𝑀𝑀 (𝑉𝑁+1 |𝑉𝑁 ,𝑄𝑁 ) with a reward 𝐿𝑁+1 ≃ 𝑀𝑀 (𝐿𝑁+1 |𝑉𝑁+1). Pre-
dicted real compiler state 𝑅𝑁+1 can be optionally reconstructed by
the observation decoder.

Reward smoothing. We discover that most optimization passes
in an optimization sequence do not change the program IR instruc-
tion count, leading to sparse rewards. Despite this, these passes are
essential as they may modify critical properties, such as instruction
order or replacements, that a!ect the e!ectiveness of subsequent
passes. Furthermore, improvements tend to saturate over time, as
large non-zero rewards typically appear early in the sequence and
diminish as optimization progresses.

In Figure 3, we present a typical episode of the optimization
process: out of 45 actions, only 8 yielded non-zero rewards, whose
values decrease as optimization progresses. These properties pose
challenges for training the agent e!ectively, as it receives little to
no guidance from most actions, even when some are vital to the
"nal result. Moreover, the world model may struggle to predict
reward values accurately, often defaulting to zero. This challenge

Figure 3: Comparison of the original and smoothed rewards
during an episode on a program from the BLAS dataset [35].
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arises from the signi"cant class imbalance between zero and non-
zero rewards, making it di#cult to determine both the timing and
magnitude of non-zero rewards.

Therefore, we applied reward smoothing to mitigate their spar-
sity and long-tailed distribution within an episode. This is achieved
by adding an exponential decay to rewards:

𝐿 ⇒𝐿 ⇑ 𝑎𝐿 ⇒𝐿↗1 + (1 ↗ 𝑎)𝐿𝐿 , 𝑃 = 1, 2, . . . (5)

with 𝑎 ↔ [0, 1). Consequently, we train a reward decoder 𝑀𝑀 (𝐿 ⇒𝐿 |

𝑉𝐿 ) to predict the smoothed rewards. As shown in Figure 3, the
smoothed rewards provide non-zero feedback for most steps, mak-
ing them easier for CompilerDream to learn. It is worth noting that
the total reward of an episode remains approximately unchanged
after smoothing. For all 𝑃 ⇓ 1, its contribution to the total reward
after smoothing approximates the original reward value if the hori-
zon is in"nite: lim𝑃→⇔ (1 ↗ 𝑎)

∑𝑃
𝑄=1 𝑎

𝑄𝐿𝐿 = 𝐿𝐿 . Since most episodes
exhibit a long-tailed reward distribution and we use a relatively
small smoothing factor (𝑎 = 0.6), the smoothed total reward is
expected to closely match the original total reward.

3.3 Learning a Code Optimization Agent
Building on the world model, we implement two agent designs, uni-
fying supervised and reinforcement learning methods for compiler
optimization into our world-model-based approaches.

Value prediction agent. This kind of agent adopts a classic
approach in compiler optimization, employing a heuristic to guide
search methods [41, 42, 53]. It comprises a value prediction model
𝑏𝑀 to estimate the e!ect of an optimization sequence and a search
strategy that leverages this model to identify the best sequence.

The value of a program state 𝑆 is de"ned as the expected cumu-
lative reward of applying an action sequence to the program. This
aligns with the ratio of the reduced IR instruction count achieved
between applying action sequence {𝑄𝑁 }𝑅𝑁=1 and standard ↗𝑐𝑉 $ag,
according to the reward function 𝐿 de"ned in Eq. (1):

𝑏 (𝑆0, {𝑄𝑁 }) =
𝑅∑
𝑁=1

𝐿𝑁 =
𝑅∑
𝑁=1

𝑇 (𝑆𝑁↗1) ↗𝑇 (𝑆𝑁 )

𝑇 (𝑆0) ↗𝑇 (𝑆𝑆 )
=
𝑇 (𝑆0) ↗𝑇 (𝑆𝑅)

𝑇 (𝑆0) ↗𝑇 (𝑆𝑆 )
. (6)

We leverage our world model to build a value prediction model.
As shown Section 3.2, from an initial observation 𝑅0, and an ac-
tion sequence {𝑄𝑁 }, our world model can simulate an optimization
trajectory {𝑉𝑁 ,𝑄𝑁 , 𝐿𝑁 ,𝑅𝑁 }𝑅𝑁=1. Summing up all simulated rewards 𝐿𝑁
yields the predicted value:

𝑏𝑀 (𝑆0, {𝑄𝑁 }) =
𝑅∑
𝑁=1

𝐿𝑁 ↖

𝑅∑
𝑁=1

𝐿𝑁 (7)

The search strategy then seeks the optimal optimization se-
quence {𝑄𝑁 }↙ by evaluating candidates using the value prediction
model 𝑏𝑀 . Although various search algorithms are applicable, we
employ a simple strategy that enumerates action sequences within
a "xed search space (detailed in Section 4.3).

Reinforcement learning agent. RL is another popular approach
to compiler optimization, learning a policy to select passes sequen-
tially. Unlike prior methods that rely on costly compiler interactions,
CompilerDream trains RL agents on world model-simulated com-
piler optimization trajectories, signi"cantly improving e#ciency.

Table 2: Comparison of di"erent training datasets for com-
piler optimization.

Dataset
Name

Number of
IR #les

Large-
scale

Human-
written

Code
quality

cBench [17] 23 No Yes High
Mibench [20] 40 No Yes Low
Csmith [59] ⇔ Yes No High
llvm-stress [34] ⇔ Yes No Low
AnghaBench [12] 1, 041, 333 Yes Yes Low
CodeContests [39] 110, 240 Yes Yes High

Our RL agent comprises an actor and a critic neural networks,
both parameterized based on the neural compiler state:

Actor: 𝑄𝐿 ≃ 𝑍𝑂 (𝑄𝐿 | 𝑉𝐿 )

Critic: 𝑏𝑇 (𝑉𝐿 ) ↖ E𝑈𝐿 ,𝑉𝑀

[∑
𝑁⇓𝐿

𝑑𝑁↗𝐿𝐿𝑁
]
.

(8)

The critic evaluates the 𝑑-discounted value 𝑏𝑇 (𝑉𝐿 ) of simulated
neural state 𝑉𝐿 under policy 𝑍𝑂 . It is trained by minimizing the
di!erence between the predicted value 𝑏𝑇 (𝑉𝐿 ) and the Monte-Carlo
or more advanced bootstrapped return [54], denoted as 𝑒𝐿 :

Lcritic (𝑓) ! E𝑈𝐿 ,𝑉𝑀

[
𝐿+𝑊∑
𝑁=𝐿

↗ log 𝑏𝑇 (𝑒𝑁 | 𝑉𝑁 )

]
, (9)

The actor produces an optimization policy 𝑍𝑂 that predicts an
action distribution of the best pass to choose, which is trained to
maximize the simulated return through the REINFORCE policy
gradient [58] with an entropy regularization [22]:

Lactor (𝑔 ) ! E𝑈𝐿 ,𝑉𝑀

[ 𝐿+𝑊∑
𝑁=𝐿

(
↗

(
𝑒𝑁 ↗ 𝑏𝑇 (𝑉𝑁 )

)
log𝑍𝑂 (𝑄𝑁 | 𝑉𝑁 )

↗ 𝑕 H
[
𝑍𝑂 (𝑉𝑁 )

] )]
, (10)

3.4 Data Curation
To facilitate that our CompilerDream method can e!ectively gener-
alize to unseen situations, a concept known as zero-shot general-
ization, we have identi"ed three critical factors in preparing our
training dataset. First, the dataset should re$ect naturalness. During
our preliminary experiments, we found that those generated code
datasets like Csmith [59] and llvm-stress [34] provide no bene"ts
or even hurt the generalization to real-world scenarios. Second, the
dataset should be large to prevent the agent from over"tting to a
small number of codes and failing to generalize. Last, the code must
exhibit high quality from an optimization perspective. We need
data with complex algorithmic logic and potential for optimizations
to help the world model and the agent better understand the prob-
lem’s intricacies. Datasets like AnghaBench [12] which consist of
millions of human-written codes collected from GitHub, are often
too simple to allow for signi"cant optimization improvements.

Therefore, we choose to construct our training datasets on top
of the CodeContests dataset released with AlphaCode [39], which
consists of over 13,000 problems of coding competition, and each
problem, on average, has hundreds of solutions in multiple lan-
guages. We subsample up to ten C++ solutions for each training
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Figure 4: Results of general code optimization with RL: Code size reduction in terms of IR instruction count over LLVM -Oz

under di"erent methods. Bars indicate the geometric mean and min-max range across test programs in each benchmark
dataset.

problem, resulting in 110,240 programs, as our training data, and
sample one solution for each of 100 test problems as our validation
data. As shown in Table 2, CodeContests meets all our criteria,
whereas other datasets fall short in one or more aspects.

4 Experiments
We conducted extensive experiments across various settings, com-
paring CompilerDream against state-of-the-art methods. Our study
aims to answer the following key research questions (RQs):

RQ 1 Optimality: Can CompilerDream’s joint training process of
the compiler world model and optimization agent discover
superior optimization sequences?

RQ 2 Accuracy: Does CompilerDream’s world model produce ac-
curate simulations of the real optimization process?

RQ 3 Generalization: Is the policy learned with the world model
still e!ective on various unseen programs?

RQ 4 E!ectiveness: Are all the techniques employed in Compiler-
Dream e!ective in enhancing optimization results?

In the following sections, we "rst show that CompilerDream
excels as a powerful autotuning method, leading the CompilerGym
leaderboard by discovering superior optimization sequences and
leveraging accurate world model (Section 4.2), addressing RQ 1 and
partially RQ 2. We then demonstrate that its value prediction agent
(Section 4.3) and RL agent (Section 4.4) both outperform state-of-
the-art methods in various unseen test datasets, addressing RQ 2
and RQ 3. Finally, Section 4.5 presents ablation studies for RQ 4.

4.1 Evaluation
Our experiments focus on code size reduction, bene"ting applica-
tions on low-resource hardware like embedded systems. This focus
stems from the practical advantages of code size as a metric: It is
cost-e!ective to construct compilable training and test datasets and
to evaluate the optimization performance for code size.

Metric. To be more robust to outliners, we evaluate the code
size optimization results by the geometric mean of IR instruction

Table 3: Dataset division of 8 CompilerGym benchmarks.

Benchmark Training Split Validation Split Test Split

BLAS 200 50 50
cBench N/A N/A 23
CHStone N/A N/A 12
Linux 13,794 50 50
MiBench N/A N/A 40
NPB 22 50 50
OpenCV 342 50 50
TensorFlow 1,885 50 50

count reduction of program 𝑆 in a dataset D:

𝑖D(agent) =

(∏
𝑋↔D

𝑇 (𝑆𝑆 )

𝑇 (𝑆agent)

) 1
|D|

(11)

where𝑇 denotes the IR instruction count, 𝑆𝑆 is the IR state optimized
by LLVM’s -Oz $ag serving as a baseline, and 𝑆agent is the "nal IR
state produced by agent. A value of 𝑖 above 1 indicates superior
performance compared to LLVM’s -Oz option.

Benchmarks. We evaluate our method mainly on benchmarks
from the CompilerGym platform [11]: benchmark suites includ-
ing cBench [17], CHStone [28], MiBench [20], and NASA Parallel
Benchmarks (NPB) [3], as well as kernels from open source projects
such as BLAS [35], Linux, OpenCV [9], and TensorFlow [1]. Syn-
thetic benchmarks from program generators [34, 59] are excluded
as they lack real-world relevance. We adhere to the standard data
splits of CompilerGym. For benchmarks with a total number of
programs more than 100, we use the "rst 50 programs as the test
set, the following 50 programs as the validation set, and all of the
rest as the training set. These training and validation sets are only
used for in-domain training. The datasets comprising fewer than
100 programs are not applicable for in-domain training; instead, all
their programs are allocated to the test set. The number of programs
in each dataset after division is detailed in Table 3.
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Table 4: Autotuning results on cBench, i.e., the CompilerGym
leaderboard [16], where learning-based methods report only
inference time following leaderboard convention.

Method Walltime Code Size
Reduction

CompilerDream
+ Guided Search 60.8s 1.073↑

PPO + Guided Search 69.8s 1.070↑
CompilerDream 2.9s 1.068↑
Random Search (𝑃=10800) 10,512.4s 1.062↑
Random Search (𝑃=3600) 3,630.8s 1.061↑
Greedy Search 169.2s 1.055↑
GATv2 + DD-PPO 258.1s 1.047↑

Additionally, we evaluate CompilerDream on a large-scale dataset
named FormAI [55]. FormAI comprises a vast collection of AI-
generated C programswith diverse functionalities and coding styles.
We "ltered out codes that failed to compile into CompilerGym
benchmarks, resulting in a test set of 109,016 programs.

Inspired by FormAI, we also constructed a dataset of 50 Objective-
C programs generated by a Large Language Model to further evalu-
ate CompilerDream’s ability to generalize to di!erent programming
languages. Details can be found in Appendix A.7.

4.2 Autotuning: CompilerGym Leaderboard
We "rst validate CompilerDream as an autotuningmethod to demon-
strate its ability to discover high-quality optimization sequences,
supporting our goal of achieving superior code optimization.

Implementation. We target the CompilerGym leaderboard task
[16], optimizing pass sequences for 23 cBench programs. Following
the common setup adopted by other methods on the leaderboard,
we train CompilerDream using our RL agent on all cBench pro-
grams except ghostscript, which is excluded due to its large size
that would signi"cantly slow down training. The action space is
set to the full action space of all 124 actions in LLVM. Compil-
erDream is trained for 25 hours, averaging about one hour per
program—comparable to the 3600-second wall time of the ran-
dom search algorithm. Beyond evaluating single-trial optimization
performance, we test CompilerDream+Guided Search, inspired by
the leaderboard’s leading approach. This method leverages the RL
agent’s policy 𝑍𝑂 (𝑄𝐿 |𝑆𝐿 ) to guide random search, limiting search
time to 1 minute per program (details in Appendix A.5).

Results. As shown in Table 4, our RL agent trained on world
model simulations achieves an average 1.068↑ code size reduction
on cBench in a single trial, surpassing random search methods de-
spite their longer execution times, even when accounting for Com-
pilerDream’s training time. This demonstrates the world model’s
ability to accurately simulate optimization processes and support
e!ective agent learning. Furthermore, when combined with guided
search, CompilerDream outperforms the top leaderboard method
while using less wall time.

Table 5: General value prediction results: The geometric
mean of code size reduction achieved by the best sequences
selected by di"erent methods across 4 datasets.

Method Dataset
cBench CHStone MiBench NPB

Coreset-NVP 1.028 1.101 1.003 1.085
Coreset

-CompilerDream 1.038 1.101 1.017 1.140

Coreset-Oracle 1.041 1.106 1.020 1.159

4.3 General Value Prediction
In this section, we demonstrate that CompilerDream’s large-scale
trained world model accurately simulates the optimization process
of unseen programs, enabling the construction of an excellent value
prediction agent that surpasses state-of-the-art methods.

Implementation. To ensure a fair comparison of the value pre-
diction capabilities, we adopt the setting of the state-of-the-art
Coreset-NVP method [41], which evaluates pass sequences from a
"xed set of 50 distinct sequences (the core set). We train our world
model to build a value prediction agent (detailed in Section 3.3) that
predicts the value of applying sequences from the same core set.
We follow the same search strategy as Coreset-NVP, enumerating
the pre"xes of roughly 3 or 4 sequences with the highest predicted
value and selecting the best by compiler validation. Both methods
are evaluated on four datasets distinct from their training sets, with
an identical number of compiler validation calls to ensure a fair
comparison. Additional details are provided in Appendix A.6.

Results. Table 5 presents the geometricmean reduction achieved
by di!erent methods. Despite being tested on datasets distinct from
the training set, CompilerDream surpasses Coreset-NVP on three
datasets, demonstrating superior compiler simulation and general-
ization capabilities. On MiBench, CompilerDream performs nearly
optimally compared to the Oracle baseline, which uses a brute-
force search and serves as the problem’s upper bound. Both our
method and Coreset-NVP achieve an average reduction of 1.101 on
CHStone, close to the upper bound of 1.06.

4.4 General Code Optimization with RL
We "nally demonstrate the ability of CompilerDream’s reinforce-
ment learning agent, which can generate optimization sequences
end-to-end in a single trial for a wide variety of programs unseen
during training. This scenario mirrors real-world use cases where
the optimization algorithm has limited time to compute the best
sequence for arbitrary programs. Therefore, all methods in this
section generate only one optimization sequence per program in
the test datasets unless otherwise speci"ed.

Implementation. We train CompilerDream with its RL agent,
and compare it with the following baselines: a random pass se-
quence, an autotuning approach using random search, LLVM’s -O0
and -Oz $ag, and a state-of-the-art learning-based method [27]
using Proximal Policy Optimization (PPO) [51]. The random search
conducts hundreds of trials within a time budget similar to our RL
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Figure 5: A comparison between a ground-truth code optimization trajectory and an imagined trajectory by a learned compiler
world model. The learned world model accurately captures the variations of program features and optimization metrics.
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Figure 6: Analysis. Evaluations of di"erent RL algorithms: (a) Learning curves of various RL algorithms, measured by the
geometric mean of code size reduction on the CodeContests validation set. A Gaussian #lter (𝑗 = 2.0) is applied to enhance the
visualization of trends. (b) Generalization capabilities of di"erent RL algorithms on various test datasets. E"ect of training
dataset: (c) Test performance of CompilerDream trained on CodeContests and Csmith. Bars indicate the standard deviation.

agent. The -Oz $ag represents LLVM’s highest level of code size
optimization while the -O0 $ag represents no optimization. The
learning-based method using PPO and CompilerDream are trained
on the large-scale CodeContests dataset and zero-shot generalized
to unseen test programs. Following the state-of-the-art approach,
all methods use the reduced action space (Table 1).

Results. Figure 4 presents the code size reduction achieved by
CompilerDream’s RL agent, measured by the geometric mean of IR
instruction count reduction. Without in-domain training, Compil-
erDream surpasses -Oz in all but two benchmarks in a single trial
and consistently outperforms PPO, except on the BLAS datasets. It
also outperforms random search on most datasets within a com-
parable time budget, except for Linux. The minimal performance

Figure 7: Histograms of large-scale evaluations comparing
CompilerDream and PPO on the FormAI dataset.

di!erences across various methods on BLAS and Linux suggest
these datasets are already highly optimized.

Moreover, CompilerDream’s zero-shot generalization matches
or surpasses in-domain training. This advantage is particularly
evident in the NPB dataset, where data sparsity limits in-domain
agents, yet CompilerDream achieves an additional 3% code size
reduction. Its robust generalization extends to new languages, as
shown by results on the Fortran-based BLAS and NPB datasets.
On the AI-generated Objective-C dataset, CompilerDream achieves
an average code size reduction of 1.027↑, reaching up to 2.87↑ in
certain test cases.

On the large-scale FormAI test set (Figure 7), CompilerDream
outperforms PPO, matching or outperforming -Oz on more pro-
grams and achieving higher optimization levels, demonstrating its
superior and consistent performance.

4.5 Analysis
Comparison with model-free methods. We further evaluate

the sample e#ciency and zero-shot generalization abilities of our
model-based CompilerDream (with RL agent) against variousmodel-
free counterparts, including PPO [51], DQN [48], A2C [47], APEX
[29], and IMPALA [15, 51]. Figure 6a illustrates that while PPO is the
strongest model-free baseline, our RL agent trained on world model
simulation learns an order of magnitude faster with fewer compiler
interactions. Figure 6b further highlights its superior generalization
to unseen benchmarks, supporting our claim that world model-
based agents better capture the dynamics of compiler optimization
and enhance generalization to unseen datasets.
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Comparison with model-based methods. To demonstrate the
necessity and e!ectiveness of learning a compiler world model with
deep representations of the compiler. We compare our approach
with a classical model-based RL method, MBPO [31], under the RL
agent setting described in Section 4.4. MBPO adopts standard MLPs
for its dynamics model and does not share a latent representation
space with the actor or critic. For a fair comparison, we apply
reward smoothing to MBPO using the same smoothing factor as
in our method. The results are shown in Table 6. While MBPO
outperforms the best model-free baseline, PPO, on some tasks, it
consistently underperforms CompilerDream, except on MiBench,
where the performance gap across all methods remains marginal.
These results suggest that model-based RL alone is insu#cient, and
that both a more expressive world model and a shared latent space
are crucial for better optimization performance and generalization
to unseen programs.

Table 6: Comparison between CompilerDream with MBPO
and PPO for general code optimization.

Dataset PPO MBPO CompilerDream

BLAS 0.993 0.988 0.991
cBench 1.010 1.020 1.036
CHStone 1.071 1.066 1.094
MiBench 0.985 0.988 0.986
NPB 1.000 0.996 1.006
Linux 1.071 1.069 1.108
OpenCV 1.082 0.998 1.092
TensorFlow 1.010 0.996 1.032

E!ect of reward smoothing. To evaluate the e!ectiveness of
the reward smoothing technique described in Section 3.2, we com-
pare the performance of the RL agent trained with the complete
CompilerDream method against a variant without reward smooth-
ing. Table 7 presents these results alongside PPO for reference. The
results demonstrate that reward smoothing consistently enhances
optimization performance across all datasets and enables Compil-
erDream to outperform PPO on MiBench, Linux, and OpenCV.

Table 7: Comparison between CompilerDreamwith andwith-
out reward smoothing for general code optimization.

Dataset PPO Ours w/o
Reward Smoothing

Ours w/
Reward Smoothing

BLAS 0.993 0.987 0.991
cBench 1.010 1.021 1.036
CHStone 1.071 1.076 1.094
MiBench 1.000 0.995 1.006
NPB 1.071 1.093 1.108
Linux 0.985 0.980 0.986
OpenCV 1.082 1.080 1.092
TensorFlow 1.010 1.022 1.032

E!ect of training dataset. To assess the impact of the Code-
Contests dataset on the generalization ability, we compared it with
the commonly used Csmith [59] dataset, a large LLVM IR dataset
generated by rules. We train CompilerDream with RL agent on
both datasets and the results shown in Figure 6 indicate that Com-
pilerDream trained on CodeContests signi"cantly outperforms the
Csmith-trained version across all "ve test datasets. This advantage
is particularly evident in the manually curated cBench [17] and CH-
Stone [28] datasets, demonstrating that the CodeContests-trained
model can generalize more e!ectively to human-written programs.

Program showcase. In Figure 5, we display a predicted optimiza-
tion trajectory for an unseen program from cBench, as forecasted by
our learned compiler world model. The model successfully forecasts
numeric features of future IR, including the counts of branches and
blocks, alongside future rewards that signify optimization outcomes.
This instance exempli"es the capability of our learned compiler
world model to serve as a viable alternative for a real compiler
environment in training code optimization agents.

5 Discussion
We aim to address the major challenge of generalization in learning-
based code optimization by introducing the CompilerDream ap-
proach, which leverages the simulation and generalization capa-
bilities of a world model. By incorporating a reward smoothing
technique and a large-scale training program dataset, we enable
e!ective world model training for compiler optimization tasks. Our
method supports two types of optimization agents: a value pre-
diction agent and an RL agent. Experimental results demonstrate
that CompilerDream achieves superior optimization performance
across diverse problem scenarios and program datasets, surpassing
built-in compiler optimization $ags and state-of-the-art methods.

Limitation. Although our method can naturally extend to op-
timization objectives such as execution time and object "le size
reduction, we focus solely on code size optimization for scalability
and stability, as discussed in Section 4.1. Execution time measure-
ments often exhibit high variance and biases due to hardware and
operating system states, introducing signi"cant noise that addi-
tional sampling cannot mitigate. Furthermore, existing open-source
frameworks, such as CompilerGym, lack robust support for accu-
rate runtime measurement, making it challenging to obtain reliable
signals for e!ective learning. As a result, we only focus on code
size reduction for this paper.

Future Works. There is substantial scope for further explo-
ration, including expansion of the training dataset, scaling up the
compiler worldmodel, optimizingmultiple objectives like execution
time, and enriching feature and action spaces with deeper expert
knowledge or large language models. Additionally, our approach
could support more types of optimization agents, such as search
agents leveraging advanced tree search algorithms [50] based on
world model simulations.
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A Implementation Details
A.1 Compiler Environment
Our experiments are conducted on the CompilerGym platform [11],
version 0.2.5, with LLVM-10.0.0 integration.

Table 8: Hyperparameters in our experiments.

Hyperparameter Value

RSSM recurrent units 1024
RSSM number of latents 32
RSSM classes per latent 32
MLP layers 4
MLP hidden units 400
Activation LayerNorm + SiLU
Random exploration 500 environment steps
Replay bu!er capacity 2 ↑ 106
Reward smoothing 𝑎 [38] 0.6
Training frequency Every 5 environment steps
Batch size 50
Batch length 𝑘 50
Imagination horizon 𝑋 15
Discount 𝑑 0.99
𝑙-target discount 0.95
World model loss scales 100.0 for Autophase

10.0 for action histogram
1.0 for reward
5.0 for discount
0.1 for KL

Actor entropy regularization 𝑕 3 ↑ 10↗4
KL balancing 0.8
Optimizer Adam
World model learning rate 1 ↑ 10↗4
Actor-critic learning rate 3 ↑ 10↗5
Weight decay 1 ↑ 10↗5
Gradient clipping 100

A.2 Hyperparameters
CompilerDream. The hyperparameters for our world model and

agent implementation are outlined in Table 8. For hyperparame-
ters not speci"ed, we use the same value as the DreamerV3 [25].
Most of the listed hyperparameter values are directly taken from
DreamerV2 [24] or previous works, with minimal tuning. How-
ever, the loss scales are carefully tuned, as the observation loss is
relatively small compared to the reward loss in our setting, and
the balance between these losses has a signi"cant impact on Com-
pilerDream’s performance. All experiments share the same set of
hyperparameters unless otherwise speci"ed.

Model-based Baseline. For MBPO in Section 4.5, the dynamics
model is a 4-layer MLP with a hidden size of 1024. We adopt the im-
plementation from https://github.com/Xingyu-Lin/mbpo_pytorch,
with most hyperparameters left unchanged. The modi"ed hyperpa-
rameters are listed in Table 10.

Model-free Baselines. We use RLlib [40] to train and test model-
free reinforcement learning algorithms including PPO [51] [27],
A2C [47], IMPALA [15], APEX [29], and DQN [48]. We use default
hyperparameters of algorithms in RLlib following the CompilerGym
platform [11], except that we have carefully tuned the hyperpa-
rameters for PPO, as listed in Table 9. We explored roughly 2 or 3
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Table 9: Hyperparameters for the PPO baseline, well-tuned
on our dataset to be deviating from the default value in RLlib.

Hyperparameters Value Hyperparameters Value

PPO

train_batch_size 9000 gamma 1.0
vf_loss_coeff 1.0 use_gae True
num_sgd_iter 30 lambda_ 1.0
sgd_minibatch_size 128 lr 5e-5
vf_clip_param 10.0 kl_coeff 0.2
clip_param 0.3 kl_target 0.01
weight_decay 1e-6

Table 10: Modi#ed hyperparameters in our MBPO baseline.

Hyperparameters Value

MBPO

target_update_interval 10
lr 1e-3
rollout_batch_size 50000
rollout_max_length 45
init_exploration_steps 3600

values for each hyperparameter listed and selected the set of hy-
perparameters that yielded the best performance on the validation
set. The results of the PPO baseline in Section 4.5 and Figure 6 are
exactly the same as those in Section 4.4 and Figure 4.

A.3 Hardware and Training Time
CompilerDream. We train all CompilerDream-based methods

with 64 CPUs and an RTX-3090 GPU. In Section 4.4, we trained
CompilerDream on the CodeContests dataset for around 1 day and
20 hours. In Sections 4.2 and 4.3, CompilerDream was trained for
about 1 day.

Random Search. The random search baseline in Figure 4 is con-
ducted with 4 CPUs, which is su#cient since it is a single-thread
program. The random search baseline in Table 4 utilizes 80 CPUs,
as speci"ed in the write-up attached to CompilerGym’s leader-
board [16]. Our CompilerDream + Guided Search method in Table 4
is tested on the same machine used for training CompilerDream,
equipped with 64 CPUs and an RTX-3090 GPU.

Model-free and Model-based baselines. The hardware setting is
the same as used for training CompilerDream. For the PPO base-
line in Section 4.4, we train for about 7 hours, as longer training
leads to over"tting on CodeContests. Other model-free methods
in Section 4.4 are trained for at least 10 hours. We use 5 workers
for environment interaction and 4 evaluation workers to assess
checkpoints on the validation set. In Section 4.5, we train MBPO for
approximately 10 hours, as its evaluation score converges within
this time.

A.4 Random Seeds
All experiments reporting a min-max range or standard deviation
are conducted with three di!erent random seeds. The results in
Table 5, Table 6, and Table 7 are also averaged over three runs with

di!erent seeds. The seeds are randomly selected, and the results
are generally consistent across other random seeds as well.

A.5 Detail of Guided Search in Autotuning
Our guided search in Section 4.2 follows the PPO+Guided Search
design. Actions are sampled from the learned policy for up to 45
steps per episode, recording code size reductions after each step
to track the maximum. To encourage exploration, 5% of actions
are sampled uniformly at random. We record the best reduction so
far and monitor elapsed time to stay within the 1-minute budget
per benchmark. Unlike PPO+Guided Search (Table 4), which uses a
200-step horizon and an extra 500-step search on the best sequence,
we omit the latter and use only 45 steps, making our wall time
slightly shorter.

A.6 Detail of Value Prediction Experiment
We provide additional details for the experiment in Section 4.3. The
baseline, Coreset-NVP[41], trains a value model to score sequences
from a "xed core set, obtained via extensive search on its training set.
For each program, it evaluates the top-scored sequences in order,
executing up to 45 passes across them. After each full sequence, the
IR resets to the initial state. Code size reductions after each pass are
tracked, and the best-performing pass and pre"x are selected. The
core set includes 50 sequences (625 passes total, 12.5 passes each on
average), so around 3–4 sequences are tried per benchmark. The 79
passes used correspond to the optimization actions in Section 3.1.

In our setup, the action space includes all 124 LLVM passes. To
train the world model to predict cumulative reward values for the
core set passes, we apply each core set sequence to training pro-
grams and collect trajectories. We use the CodeContests dataset
(Section 3.4), consistent with the experiments in Section 4.4. Reward
loss weight is set to 100.0, with other hyperparameters unchanged.
For evaluation, we compile the top 45 predicted pre"xes per pro-
gram and report the best.

A.7 AI-Generated Benchmarks
To further test the generalization ability of our CompilerDream
agent on di!erent programming languages, we borrow the method
from FormAI [55] and generate a dataset containing 50 unique
Objective-C programs using GPT-3.5. We use the same prompt as
FormAI, except that we add an instruction to ask GPT to generate
programs that can be directly compiled under Clang version 10.0.0
and do not use ARC (Automatic Reference Counting), to improve
the compilation pass rate of generated programs. We compile the
generated programs using Clang without including any third-party
libraries, and all programs that cannot pass compilation are dis-
carded.
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