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Abstract

Equality saturation (EqSat) is a powerful optimization para-
digm that compactly represents many equivalent programs
in an e-graph and delays commitment until extraction selects
a lowest-cost program. Unlike traditional destructive rewrit-
ing, EqSat can uncover optimizations that fixed sequential
rewrites miss, but in practice often becomes intractable due
to rapid e-graph explosion. Making EqSat effective, there-
fore, requires not only domain-specific rewrite rules but also
domain-specific strategies that control how rewrites are or-
ganized, how saturation is scheduled, and how the e-graph is
simplified during search. Today, much of this strategy design
is still manual, making it a major obstacle to automating
e-graph-based compilers. Recent rule-synthesis frameworks
can automatically infer large rewrite vocabularies from se-
mantic specifications, but they also enlarge the rewrite space
and further exacerbate e-graph explosion. Although large
language models (LLMs) make automated strategy synthesis
plausible, directly evolving backend code remains ineffective
in practice. The search lacks reusable strategy abstractions
and actionable feedback, and can easily trigger e-graph ex-
plosion or converge to poor designs.

We present EGGMIND, an LLM-guided, end-to-end frame-
work for synthesizing reusable EqSat strategies. At its core,
EGGMIND introduces a domain-specific language, EqSatL, to
represent EqSat strategies as explicit and inspectable artifacts.
It then proposes an LLM-guided agentic workflow, equipped
with novel techniques including proof-derived rewrite mo-
tif caching and tractability guidance, to search efficiently
for high-quality strategies while keeping synthesis stable
under e-graph growth. Evaluation shows that EGGMIND sub-
stantially improves the resource-quality trade-off on vector-
ization benchmarks, reducing final cost by 45.1% and peak
RAM by 69.1% relative to full EqSat. We further show that
the same methodology transfers effectively to an XLA-based
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tensor compiler, and demonstrate its practical potential in a
logic-synthesis case study with augmented rewrite spaces.

1 Introduction

Equality saturation (EqSat) [19, 42] has emerged as a pow-
erful paradigm for program optimization by exploring vast
spaces of equivalent programs without premature commit-
ment to specific rewrite sequences. By employing an e-graph
to represent an exponential number of variations compactly,
EqSat decouples the exploration of equivalent forms from the
final extraction based on a cost model. This separation has
yielded state-of-the-art results in electronic design automa-
tion [6, 8, 36, 37, 40], program synthesis [3, 5, 18, 22, 32],
and compiler optimization [13, 30, 31, 34, 41]. However,
the search space often expands so rapidly that exponen-
tial growth in memory and runtime becomes the primary
bottleneck before a near-optimal solution can be extracted.

Mitigating this explosion necessitates a focus on strat-
egy. In this paper, a strategy is a control structure for or-
ganizing search, including partitioning rulesets, schedul-
ing saturation, simplifying e-graph states, and budget con-
cerns. Strategy-guided EqSat bridges the gap between ex-
haustive exploration and rigid rewrites. It preserves the non-
destructive nature of equality saturation while constraining
search through orchestrated control over the process. Recent
studies [14, 17, 32, 36] confirm that these strategic choices
are the primary determinants of both scalability and the
quality of the resulting optimizations.

Despite its importance, manual strategy design remains
the primary obstacle to achieving full automation in e-graph-
based compilers [17, 32]. Although rule synthesis has been
successfully automated by frameworks like ENumo [28] and
RULER [23], these tools address only one aspect of the au-
tomation puzzle. Crucially, the resulting influx of rules para-
doxically exacerbates e-graph explosion by expanding the
search branching factor. Consequently, the focus must shift
to automated strategy design for determining the specific



timing and order of rule applications. Current strategies are
largely manual and fragile, relying on static domain-specific
assumptions that scale poorly with massive rulesets and fail
to generalize across different domains.

While recent progress [7, 21, 25, 29] in LLM-guided code
generation suggests a path toward automating this process,
directly evolving EqSat strategies remains exceptionally dif-
ficult. The primary hurdle is that high-level strategic intent
must be explicitly written in low-level, backend-specific lan-
guages such as egglog [42], making reusable strategy pat-
terns difficult to expose and use. Furthermore, the feedback
loop for LLMs is fundamentally broken, as coarse metrics like
final cost offer little insight into why a strategy succeeded,
while raw e-graph states are far too massive to serve as use-
ful context for the LLM. Moreover, without a way to guide
and evaluate the search efficiently, LLMs frequently propose
unstable strategies that trigger catastrophic e-graph growth
and exhaust resources, or converge to poor solutions.

To overcome these challenges, we present EGGMIND, a
framework that reformulates strategy synthesis as a con-
trolled offline synthesis process. Our approach rests on three
pillars. First, it introduces EqSatL, a domain-specific language
that reifies EqSat control into inspectable and reusable arti-
facts, separating strategic intent from backend implementa-
tion. Second, it distills successful optimization experiences
from representative cases into compact evidence through
proof-derived rewrite motif caching. Third, it incorporates
tractability guidance to steer the synthesis toward stable
search regimes. Together, these techniques allow EGGMIND
to transform open-ended low-level code evolution into a
structured search for reusable strategy artifacts that can be
validated and refined across an entire problem family.

This work offers the following contributions:

e We present EGGMIND, an open-source, LLM-guided frame-
work for synthesizing reusable EqSat strategies.

e We introduce EqSatL, a DSL that reifies reusable EqSat
control as an explicit artifact boundary for ruleset organi-
zation, schedule construction, and e-graph simplification.

e We formulate an agentic workflow for EqSat strategy syn-
thesis, supported by proof-derived rewrite motif caching
and tractability guidance, to distill reusable evidence from
successful runs and steer search toward stable, high-quality
strategies under e-graph growth.

Evaluation. We evaluate EGGMIND on two benchmark
families, vectorization [32] and XLA-based tensor graph opti-
mization [27], as well as a case study against the EqQMap [15]
logic synthesis tool. On the vectorization benchmark family,
EGGMIND substantially improves the quality-resource trade-
offs: it reduces final cost by 45.1% and peak memory usage
by 69.1% compared to full EqSat, while achieving a 2.21x
geometric-mean runtime speedup over the expert-tuned Is-
aria strategy. On the XLA-based benchmark, EGGMIND con-
sistently matches or outperforms full EqSat across all 17
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cases, achieving lower final cost in 13 instances while deliv-
ering an 11.89x geomean speedup in runtime. In the EqQMap
case study, EGGMIND achieves the lowest cost across all carry-
chain benchmarks, reducing cost by 33.76% over the standard
EqMap baseline and by 8.75% over a higher-budget baseline,
while also reducing peak memory by 51.94% relative to un-
guided search in the augmented rewrite space. These results
show that LLM-guided strategy synthesis can improve EqSat
quality and efficiency, transfer effectively across different
optimization domains, and make augmented rewrite spaces
practically exploitable.

2 Background and Motivation

This section reviews the background of equality saturation
and strategy-guided search, situates our work within the
landscape of existing EqSat strategy approaches, and moti-
vates EGGMIND by identifying the limitations of direct code
evolution.

2.1 Equality Saturation and Strategy

Equality saturation (EqSat) utilizes e-graphs to compactly
represent equivalent programs while deferring commitment
until extraction selects a lowest-cost program, and is imple-
mented in systems such as egg [19] and egglog [42]. The
e-graph is organized into e-classes, which group equivalent
e-nodes. Each e-node represents functional operators with
other e-classes as their children. As illustrated in Figure 1(a),
in a vectorization task, EqSat can accumulate diverse equiv-
alent variants, including both scalar and vectorized forms,
within a shared e-graph through repeated rewrite applica-
tions. This non-destructive search avoids the premature com-
mitment of destructive rewriting.

In practice, exposing all rewrites at once can trigger rapid
e-graph growth and quickly make unguided EqSat intractable
under realistic resource budgets [17, 24, 32]. To address this
problem, a strategy organizes the search space without al-
tering rewrite semantics [17, 32]. It partitions rules into se-
quenced phases, inserts simplification points, and assigns
execution budgets. As shown in Figure 1(b), rather than ex-
posing all rules simultaneously, a strategy stages the search:
an expose phase first explores scalar structures, a compile
phase then lifts them into vector forms, and a final opt
phase targets high-profit combinations like vecmac. Inter-
mediate simplification steps contract the e-graph between
these phases, pruning redundant e-nodes while preserving
productive interactions for subsequent stages. In this way,
strategy-guided EqSat can contain e-graph growth more ef-
fectively than unguided search while retaining the benefits
of non-destructive exploration.

Figure 1(c) summarizes the resulting resource-quality trade-
off. Destructive rewriting is cheap but myopic because it
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Figure 1. An example comparing (a) full EqSat and (b) strategic EqSat, and (c) the spectrum for their resource-quality trade-off.

Table 1. Comparison of strategy-guided EqSat systems.

Work Scope | Auto? | LLM-Guided? | Reusable?
Isaria [32] DSP X X v
MCTS-based [13, 14] |general| v X X
Guide-based [16, 17] |general| X X X
ASPEN [40] RTL | v X
EGGMIND (this work) | general| v v v

commits too early to a single rewrite path. Full EqSat of-
fers the highest theoretical optimization quality, but in re-
alistic settings, it often exceeds resource constraints before
achieving optimality. Strategy-guided EqSat occupies the
middle ground: a well-designed strategy can recover much
of EqSat’s optimization quality under limited budgets, while
a suboptimal strategy may over-suppress e-graph growth but
underperform even full EqSat. EGGMIND is designed to auto-
mate this strategy-design process by synthesizing reusable
strategies that shift this trade-off toward a more favorable
operating point across homogeneous workloads.

2.2 Strategy Landscape and Open Gaps

As summarized in Table 1, the current landscape of strategy-
guided EqSat systems reveals a fragmented design space.
While the importance of strategic control is well-established [14,
16, 17, 32], existing approaches prioritize different trade-offs.
Expert-tuned systems like Isaria [32] offer reusable schedules
but rely on labor-intensive manual design. Guide-based meth-
ods [16, 17] effectively steer the search through externally
specified signals, yet they stop short of synthesizing reusable
strategy artifacts. Conversely, automated approaches such as
MCTS-based search [13, 14] and ASPEN [40] act online dur-
ing optimization, incurring per-instance overhead without
producing reusable strategies.

A critical need persists for a framework that combines
fully automated, offline synthesis with cross-case reusabil-
ity. This need is intensified by the maturation of automated
rule-synthesis tools like ENUMo [28] and RULER [23]. As
these systems broaden rewrite vocabularies, the primary
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Figure 2. Challenges and EGGMIND’s solutions

bottleneck in compiler construction shifts from rule discov-
ery to strategy synthesis, as larger rewrite spaces demand
more sophisticated control to prevent e-graph explosion.
EGGMIND addresses this need by synthesizing reusable EqSat
strategies from representative workloads, overcoming the
limitations of manual scheduling, external guidance, and
instance-specific online control.

2.3 Motivating LLM-Guided Strategy Synthesis

Recent advances [7, 21, 25, 29] show that LLMs can effec-
tively guide code generation and algorithm evolution through



iterative proposal-feedback loops. Systems such as AlphaE-
volve [25] illustrate this capability in algorithmic discovery,
while Magellan [7] adopts a similar paradigm for EqSat ex-
traction. In contrast to these approaches, which focus on
evolving a single heuristic, our goal is to synthesize reusable
strategies that govern the entire EqSat workflow across re-
lated cases. Under this broader setting, however, directly
applying the code-evolution paradigm introduces additional
challenges. Figure 2 summarizes these challenges and demon-
strates how EGGMIND reformulates the problem. The left
column highlights three obstacles:

Missing a reusable abstraction. Generating rewrite sched-
ule directly towards specific backends yields one-off per-
instance scripts that expose only low-level primitives such
as let, run, extract, and rewrite. As a result, this mech-
anism falls short in representing higher-level strategy se-
mantics, such as ruleset organization, phase structure, and
simplification control, and reusing them across cases.

Missing LLM-usable feedback. Iterative strategy evolution
depends on feedback that helps models understand why
a candidate succeeds or fails. In EqSat, however, the most
obvious signals do not fit that role well: end-to-end metrics
such as cost, time, and memory are too weak to explain this,
while full e-graph states are too large and unstable to serve
as useful model context. Direct interaction, therefore, gives
the model either too little information or too much state.

Missing tractability control. EqSat strategy synthesis ne-
cessitates rigorous control over e-graph expansion. With-
out guidance, however, LLMs frequently fall back on un-
stable strategy candidates characterized by bad partitions
that trigger unconstrained growth (e.g., run all) or aggres-
sive simplification (e.g., directly extracting the e-graph) that
prematurely prunes the e-graph, degrading solution quality.

The right column of Figure 2 shows how EGGMIND ad-
dresses these three problems. EqSatL provides a reusable
abstraction that not only exposes high-level structure di-
rectly, but can also be lowered by the backend into multiple
per-case egglog scripts, enabling cross-case reuse. Instead of
relying on raw execution traces or full e-graph state, EGg-
MiND surfaces compact and efficient feedback by extracting
rewrite motifs from egglog proof objects [10, 12, 26, 42] that
connect successful EqSat inputs and outputs through concise
rule chains. Finally, it leverages tractability guidance to steer
synthesis away from unstable partitions and unsafe pruning
choices through partition advice and simplification hints.
In this way, open-ended code evolution becomes controlled
offline strategy synthesis over an inspectable object that can
be validated, refined, and reused across related cases.

3 Overview of EGGMIND

Figure 3 gives an overview of EGGMIND. The system takes
three primary inputs: a collection of cases for evolution, a
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Figure 3. Overview of EGGMIND.

set of rewrite rules, and a target cost model. Its goal is to syn-
thesize an explicit and reusable EqSat strategy, represented
as an EqSatL artifact (Section 4), for a targeted optimization
domain. EGGMIND separates this process into two stages:
offline synthesis and online reuse. During the offline stage
(inside the blue box), EGGMIND performs LLM-guided strat-
egy synthesis (Section 5) to produce EqSatL strategy artifacts.
This synthesis process is carried out through the Agentic
Workflow (Section 5.1) and supported by two additional com-
ponents: proof-derived rewrite motif caching (Section 5.2),
which accumulates reusable motifs from successful runs,
and tractability guidance (Section 5.3), which helps keep the
search stable in the presence of e-graph growth. The out-
come of this offline stage is a selected EqSat strategy artifact
for later reuse. In the online stage (outside the blue box),
the selected strategy is combined with other cases and con-
sumed by the EGGMIND backend, which lowers the artifact
into per-case executable EqSat code. The generated code is
then executed by the EqSat engine to produce optimization
results. This separation allows the cost of strategy discovery
to be paid offline and amortized across future optimization
runs. The remainder of the paper first formalizes EqSatL
and then presents the agentic workflow together with its
supporting memory and tractability-guidance mechanisms.

4 EqSatL: A DSL for EqSat Strategies

EqSatL is a domain-specific language (DSL) that represents
EqSat strategies as explicit artifacts. By decoupling strategic
intent from concrete execution, it acts as an orchestration
layer over backend engines such as egglog [42], leaving per-
case rewrite execution to the backend while preserving the
strategy structure needed for cross-case synthesis and reuse.
Its design must therefore balance three competing require-
ments: compactness for stable LLM generation, explicitness
for formal validation, and expressiveness for capturing the
full optimization potential of EqSat. Our formulation of the
DSL is informed by two key observations about the trade-off
between optimization opportunity and e-graph tractability.
Rewrite interactions enable high-profit transformations, but
they can also trigger the e-graph explosion characteristic
of unguided search. State pruning serves as the essential
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Figure 4. EqSatL: (a) formal syntax and (b) an example strategy.

counterweight. Without it, redundant states accumulate and
eventually exhaust the search budget. According to these
two observations, we cast strategy design into three control
questions: which rewrites may interact, how their interaction
is organized over time, and how the e-graph is contracted
afterward. EqSatL follows this decomposition through three
control surfaces, namely ruleset partitioning, schedule con-
struction, and simplification control, as shown in Figure 4a.

Ruleset Partitioning. Ruleset partitioning determines
which rewrites may interact during EqSat search. In EqSatL,
the rewrite vocabulary is partitioned into rulesets through
semantic tags rather than plain rule lists, giving the synthesis
process a more compact vocabulary for strategy construction.
These tags are defined once per domain by asking the LLM
to group rewrites into fine-grained semantic categories, and
are then reused throughout strategy synthesis.

Schedule Construction. Schedule construction governs
how ruleset interaction unfolds over time. EqSatL organizes
execution as a flow tree that composes ruleset applications
into ordered phases, sequences, and repeat regions. Phases
and sequences define a linear search plan, while repeat lets
a bundle of phases be revisited as a single interaction unit.
Each iteration ends with a mandatory simplify step, which
bounds e-graph growth while still allowing multiple rulesets
to react to one another repeatedly and expose optimization
opportunities that local saturation would miss. This gives
EqSatL a structured way to manage search depth and cross-
phase interaction without triggering the instability often
caused by unconstrained looping.

Simplification Control. Even when rewrite interaction
is well structured through partitioning and scheduling, it
can still cause substantial e-graph growth. EqSatL therefore

reifies simplify as a first-class control node rather than
leaving it implicit. By default, simplification is heuristic, with
aggressiveness controlled by a strength parameter 6. In our
implementation, this is realized either by extract-and-rebuild
contraction or by within-eclass cost-based pruning. EqSatL
also supports LLM-hinted simplification, which uses optional
LLM-proposed hint pairs to express structural preferences
about which forms should be prioritized or pruned more
aggressively in a given context. Simplification thus becomes
an explicit strategic decision about when and how to contract
the e-graph. The detailed implementation of LLM-hinted
simplification is discussed in Section 5.3.

Figure 4b illustrates a representative EqSatL strategy in
two parts. The upper panel shows the ruleset partition using
representative semantic tags and example rewrites (full set
omitted for brevity): pre-compile groups scalar normaliza-
tion rewrites, compile groups vector-lifting rewrites, and
opt groups both expose-style rewrites (e.g., a ~»» a + 0) and
high-profit vector optimizations such as vec-opt. The lower
panel shows the corresponding flow. The strategy executes
a sequence, in which a repeat node applies pre-compile,
compile, and simplify for up to 20 rounds. This repeated
block terminates early if no further cost improvement is ob-
served. After that, the strategy applies opt for 10 iterations.

5 LLM-Guided Strategy Synthesis

Once EqSat control is represented as an EqSatL artifact, the
remaining challenge is to synthesize effective strategies over
that artifact space while keeping search stable under e-graph
growth. This section presents EGGMIND’s offline strategy
synthesis methodology, which combines an agentic work-
flow for iterative strategy search, proof-derived rewrite motif



caching for reusable evidence accumulation, and tractability
guidance for controlling unstable rewrite interaction.

5.1 Agentic Workflow

Figure 5 shows one iteration of EGGMIND’s offline synthesis
process, from iteration i to i + 1. At iteration i, the current
search context is summarized by workflow memory that con-
sists of a repository of EqSatL strategy artifacts, and a rewrite
motif cache (detailed in Section 5.2) that stores reusable struc-
tural evidence from successful runs. The strategy repository
stores three kinds of strategies: the current best strategy, a
set of promising strategies that are worth refining, and pend-
ing strategies that have been generated but not yet evaluated.
Starting from this context, the agentic workflow proposes
strategy updates, evaluates with EqSat, and updates the state
for the next iteration. In this way, the offline synthesis stage
evolves via explicit state updates instead of opaque conver-
sational traces.

Within each iteration, EGGMIND organizes strategy search
as a controlled decision-execution-feedback loop. The Strate-
gist selects the next action from the current context, such
as proposing a new strategy structure, tuning a promising
strategy, or requesting additional partition or simplification
guidance. The selected action then activates a tool pool con-
taining four specialized agents: the Generator, Evaluator,
Partitioner, and Simplifier.

Specifically, the Generator proposes new strategies, and
the Evaluator supports a coarse-to-fine set of budget modes,
including full-budget evaluation for final comparison, reduced-
budget evaluation for parameter tuning, and minimal-budget
structural sanity checks for quickly screening new structures.
The Partitioner and Simplifier provide tractability guidance
during search by supplying partition advice and simplifica-
tion hints that reduce the risk of unstable rewrite interaction.
Their outputs are written back to workflow memory and
reused in later decisions. We defer the detailed design of the
Partitioner and Simplifier to Section 5.3.

This workflow is centered on compact and reusable search
objects. Strategies serve as the evolving candidates, while
execution outcomes provide the evidence for refinement. Af-
ter evaluation, the best-performing strategy updates the best
slot, strategies that appear effective but still worth further
tuning are retained as promising, and generated but as-yet
unevaluated strategies remain pending. Across iterations,
successful runs also contribute reusable information for later
rounds. As evidence accumulates across cases during evolu-
tion, one strategy is selected for online reuse.

5.2 Proof-Derived Rewrite Motif Caching

We next explain how EGGMIND accumulates proof-derived
rewrite motifs from successful strategy evaluations and reuses
them to guide later proposals. The key idea is to cache com-
pact rewrite motifs instead of raw proofs. Here, a rewrite
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motif is a short chain of semantic tags, using the tag vo-
cabulary introduced in Section 4, that abstracts a concrete
rewrite path observed in a successful EqSat run. It captures
the trajectory through which an expression evolves toward a
better form, while suppressing backend-specific rule details.
As shown in Figure 6(a), when the Evaluator executes a can-
didate strategy and obtains an EqSat run with measurable
cost reduction, EGGMIND requests from the backend a proof
of equivalence between the initial and final expressions. Fig-
ure 6(b) illustrates the resulting proof tree. Although such
proof records justify the improvement, they are not yet a
good reusable object for synthesis. They are large, mixed
with bookkeeping steps such as congruence and transitivity,
and difficult for the LLM to use efficiently in later rounds.

To make this evidence more LLM-friendly, we extract local
rewrite motifs from the proof tree. EGGMIND first identifies
local proof regions, shown as the highlighted regions in
Figure 6(b). Each region is indexed by a congruence path
that locates a local subexpression context in the proof tree,
allowing EGGMIND to isolate a short rewrite chain within
that region. This chain is then lifted through a stable rule-to-
tag mapping to obtain a higher-level motif. Because multiple
backend rules may share the same semantic tag, distinct
concrete rewrite chains can collapse to the same higher-level
motif. In Figure 6(c), the resulting motif is represented by
the tag chain vec-1ifting — vec-mac-opt, indicating that
lifting first exposes the expression to the vecmac-related
rewrites that enable further optimization. This lifted and
deduplicated motif is then captured by the cache as a smaller
and more stable form of proofs.

The cache is updated selectively to retain only high-utility
motifs from successful runs. Each motif is scored by com-
bining its observed relative gain, g = 1 — Cafter/Cbefore> With
its frequency across successful cases, and only the strongest
entries are kept, as illustrated in Figure 6(d). At reuse time,
EGGMIND exposes only a small set of top-ranked motifs as
reusable context for proposing later EqSatL strategies. In
this way, the cache serves as a compact source of structural
evidence, preserving locally useful rewrite interactions while
remaining stable enough for cross-case reuse.

5.3 Tractability Guidance

To keep phased EqSat tractable during offline synthesis,
EGGMIND introduces two forms of tractability guidance: a
dependency-based ruleset risk model and LLM-guided sim-
plification hints.

5.3.1 Dependency-basedruleset risk model. Large rewrite

vocabularies make ruleset partitioning difficult, because poor
phase assignments can induce unstable rewrite interaction
and rapid e-graph growth. To guide this partitioning problem,
EGGMIND uses a dependency-based ruleset risk model that
scores candidate phase assignments and provides partition
advice for later strategy proposal.
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pendency graph G = (R, E, w), where each node r € R is
a rewrite rule and each weighted edge w;; estimates how
strongly rule r; can enable rule r; through pattern overlap.
A phase assignment ¢ : R — {1,..., k} places each rule into
one of k phases. We then score a candidate partition with
the following objective:

mgva(i,j)EE wij 1[¢ (i) +1=¢(j)] (forward)

“B Y syer Wi B0 > $0)]
¥ D e W B0) =160 1]
=8 ) iyes Wi 180 = 6()]

Here, w;; combines three signals of potential rewrite in-
teraction: direct enablement when the RHS of r; matches the
LHS of r;, operator/argument overlap between the two rules,
and subtree-level matchability when the RHS of r; can match
a subtree of r;. The coefficients , f8, y, § are fixed per domain
by a lightweight grid sweep over the cases used for offline
strategy evolution. The objective promotes forward flow by
rewarding dependencies that move from phase t to phase
t + 1. To maintain search stability, it also penalizes patterns
that lead to e-graph instability. Backflow is discouraged so
that later phases do not reactivate earlier ones, and phase-1
inflow is limited to keep the first phase locally coherent. The
objective also penalizes same-phase entanglement, encourag-
ing strongly interacting rules to be partitioned rather than
left collapsed in a single block. As a result, the induced sched-
ules favor forward activation while reducing uncontrolled
search expansion.

(backflow)
(phase-1 inflow)

(same-phase). (1)

5.3.2 LLM-Guided Simplification Hints. The second
form of tractability guidance is phase-aware simplification.
Once the EqSat search is organized into phases, simplifica-
tion becomes an explicit control surface that must balance
e-graph contraction with the preservation of intermediate
forms that may still matter later. This makes the simplifica-
tion phase-local. At phase t, the system must decide which
representations are redundant in the current context and
which should be retained for later phases. Heuristic sim-
plification can contract the e-graph locally, but it does not



capture which forms are likely to remain useful downstream.
EGcGMIND addresses this with an LLM-guided Simplifier that
provides phase-specific structural preferences.

For each phase t, the Simplifier proposes a small set of
preferred/pruned pattern pairs (p*, p~). Together, these pairs
define a phase-specific preference order over patterns, which
we refer to as a simplification poset. We write p~ <; p* when,
within phase ¢, an e-class that already contains a representa-
tive matching p* should treat representatives matching p~
as lower-priority candidates. In effect, the Simplifier marks
forms that need not be carried forward when a better alter-
native is already available in the same e-class. This makes
simplification depend on phase-local structural preferences,
not on a single global notion of what is cheapest or simplest.

EGGMIND incorporates these hints as additive penalties
rather than hard deletions. The simplification score is s(e) =
c(e) + pum(e), where c(e) is the base cost assigned by the
simplification cost model and py, (e) is a bounded penalty
applied to disfavored patterns. Within each e-class, enodes
are ranked by s(e), and the top 6 fraction is pruned. Thus,
Piim (€) biases simplification toward phase-preferred forms,
while € controls pruning aggressiveness. This keeps the sim-
plification phase-aware without deterministically removing
every disfavored candidate. If a set of hints proves too ag-
gressive or harms downstream optimization, later evaluation
can reveal the problem, allowing the Simplifier to revise its
preferences in subsequent rounds.

6 Evaluation
We evaluate EGGMIND by addressing the following questions:

1. Does EGGMIND improve the practical resource-quality
trade-off over full EqSat and expert-tuned baselines on
vectorization benchmarks? (Section 6.1.1)

2. How much do EGGMIND ’s core components contribute
to its overall performance? (Section 6.1.2)

3. Can EGGMIND’s methodology be applied effectively across
different optimization domains? (Section 6.2)

4. Can EGGMIND support more automated and reusable
e-graph optimizer construction in augmented rewrite
spaces? (Section 6.3)

Methodology. For each case, we report the final cost, as
defined by each benchmark’s cost function, wall-clock run-
time, and peak memory usage during EqSat execution. All
extraction uses the default greedy extractor in egglog. For
offline synthesis, we additionally report synthesis wall-clock
time, the number of model requests, and input/output token
usage. By default, we use Doubao-Seed-2.0-pro as the base
LLM model during offline synthesis. All experiments are con-
ducted on a machine with two Intel Xeon Gold 6348 CPUs
(56 physical cores) and 2 TiB of RAM. All EqSat execution
is performed on CPU. Each online run is subject to a 600 s
wall-clock timeout and a 25 GB memory limit.
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6.1 Vectorizing Compiler

We use the same vectorization benchmark family as Isaria
and Diospyros [32, 34], covering both 2D-convolution (2D)
and matrix-multiplication (MM) workloads. We use 8 cases
for evolution, and use the remaining for held-out testing.

6.1.1 End-to-End Effectiveness. Figure 7 compares EGG-
MIND against both unguided (full) EqSat and the expert-
tuned Isaria strategy on the main vectorization benchmark
family. On this benchmark, EGGMIND improves the resource-
quality trade-off over both baselines.

Optimization quality is measured by final extraction cost
under a latency-oriented cost model. Figure 7(a) shows that
EGGMIND reduces cost by a geometric mean of 45.1% relative
to full EqSat and 20.6% relative to Isaria’s strategy. It matches
or outperforms all baselines across the evaluated cases, with
strict improvements in 10 cases and a maximum gain of
39.9%. By contrast, Isaria’s schedule is occasionally outpaced
by full EqSat on small kernels such as 2D 3% X 32, suggesting
that fixed hand-crafted schedules do not always preserve the
most useful search opportunities.

For resource usage, EGGMIND also achieves substantial
reductions relative to the other baselines. As shown in Fig-
ure 7(b), EGGMIND achieves a geometric-mean online run-
time speedup of 2.21X over Isaria, with per-case speedups
reaching 6.85X over full EqSat on large cases. It is also faster
than full EqSat across the evaluated cases, whereas Isaria is
not uniformly so. On 2D 162 x 22, for example, EGGMIND
reaches a solution in 18.0 s and achieves a final cost 41.6%
lower than full EqSat. By comparison, full EqSat and Isaria’s
strategy require 123 s and 58 s, respectively, yet still do not
match EGGMIND’s cost. Peak-memory behavior follows the
same trend. Overall, EGGMIND reduces peak RAM usage
by 69.1% on a geometric-mean basis relative to full EqSat,
with the largest reductions exceeding 95%, for example from
21.6 GB to 0.74 GB on MM 20? X 20%. Compared with Isaria
under the same setup, EGGMIND also reduces peak mem-
ory by 11.4% on average across comparable cases, with the
largest reduction reaching 50.4% on MM 82 x 82.

A qualitative inspection of the synthesized strategies helps
explain this behavior. EGGMIND tends to place expansive ex-
pose rewrites, such as a — a + 0, inside repeat regions
together with vector lifting, local vector normalization, and
simplification, instead of letting them interact freely with
later optimization phases. By contrast, the expert-designed
Isaria schedule shown in Figure 4b places several high-risk
rewrites inside a late-stage opt phase with a large iteration
count, so repeated activation amplifies e-graph growth with-
out a comparable gain in search quality. This lets EGGMIND
retain their optimization value while mitigating uncontrolled
search expansion.

Beyond performance, EGGMIND achieves these results
with only moderate offline synthesis overhead. Offline syn-
thesis over the vectorization benchmark family takes 31.8
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Figure 7. Comparison of the vectorization benchmarks. The x-axis lists representative evolution and test cases.
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Figure 8. Ratios in the vectorization component-attribution study on representative cases. The x-axis lists representative
evolution and test cases. Runtime ratios above 2.0 are truncated for readability and annotated with their exact values.

minutes and requires 53 model requests, using 4.35M in-
put tokens and 36.6K output tokens, for an estimated cost
of roughly $3.16 per synthesis run under current pricing.
This is a one-time cost for each workload family and can be
amortized over later online runs.

6.1.2 Ablation Study. To isolate the contribution of each

major design choice in EGGMIND, we conduct an ablation

study on the vectorization benchmark, comparing the full

system against four variants: (1) Remove strategist (Generator-
only), (2) Remove motif reuse (No Motif-Caching), (3) Disable

repeat construct in EqSatL (No Repeat), and (4) Bypassing

the dependency-based ruleset risk model(No Partitioner). Fig-
ure 8 reports the final cost and online EqSat runtime relative

to the full EGGMIND system. The following statistics are de-
rived from the same 15 cases used in the main comparison,
while the figure visualizes 10 of them for readability.

All four components in EGGMIND contribute to the overall
performance, with the largest degradations occurring when
motif caching or repeat is removed. Without motif caching,
cost worsens by a geometric mean of 78.3%, while runtime
and peak memory increase by 53.0% and 25.3%, respectively,
consistently yielding the highest costs. On 2D 102 X 22, run-
time increases from 6.94 s to 25.35 s and cost rises from 3305
to 5114. Removing repeat has an even larger effect. On aver-
age, the cost worsens by 118.7%, while the runtime and peak
memory further increase by 475.6% and 91.8%, respectively,
and all cases become both slower and worse. On MM 162x162,
cost worsens by 3.57x and memory increases from 639.4 MB
to 2.5 GB. These results show that motif reuse and repeated
multi-phase interaction are both critical for search quality
and stability. The strategist and rule partitioner play distinct
roles. Removing the strategist degrades cost by 24.5% and
increases runtime by 16.3%, with cost worsening in all cases,
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Figure 9. Trade-off among simplification controls.

indicating benefits beyond one-shot generation. Removing
the rule partitioner worsens cost by 23.1% but reduces run-
time by 63.3%, with all cases faster and 10/15 worse in cost.
This suggests that partitioning mainly improves optimiza-
tion quality by organizing interacting rewrites into effective
schedules, and lower search cost is a secondary effect. Al-
though the full system incurs higher runtime, it achieves bet-
ter solutions in most cases, making rule partitioning worth-
while when prioritizing quality. Overall, EGGMIND’s gains
arise from the combination of strategist-guided refinement,
motif reuse, repeated interaction, and explicit rewrite parti-
tioning, suggesting a strong synergy between our proposed
techniques.

Role of Simplification. On the vectorization benchmark,
simplification is a core component of successful strategies.
Both Isaria and EGGMIND place explicit simplify nodes at
phase boundaries and inside refinement loops, reflecting the
need to control e-graph growth while preserving useful in-
termediate forms. For most workloads, EGGMIND’s ruleset
partitioning and schedule construction already steer e-graph
growth in useful directions. Heuristic simplification there-
fore does not need to identify which forms remain valuable
later and can mainly focus on contraction, so disabling hinted
simplification changes little.

However, simplification acts as a crucial safeguard when
rulesets are arbitrary and disjoint. To evaluate the effective-
ness of hints more directly, we study a targeted high-growth
setting derived from Isaria’s optx10 block(Figure 4b), where
expose-style and vector-optimization rewrites are mixed in
one coarse phase. In this setting, heuristic simplification can
become myopic because it contracts locally without recogniz-
ing which intermediate forms still matter for later progress.
Figure 9 compares simplification controls under a fixed it-
eration budget. Skipping opt eliminates runtime (0.4 s) but
incurs a +55 cost delta. Heuristic simplification with varying
strengths already retains most of the benefit, keeping results
closer to baseline (+38) while reducing runtime to 0.5-0.8 s,
where light and hard correspond to the strength parameter 6.
We further evaluate hint-guided simplification through two
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Table 2. Comparison against free-agent search.

Method Agent Time #EqSat-runs  Gain
Kimi Code (K2.5)  33.0 min 42 +0.0%
Free-search  Codex (GPT-5.4) 47.0 min 22 +0.0%
over egglog  Codex (GPT-5.3) 46.0 min 46 +0.0%
ClaudeCode (DB)  145.0 min 12 +0.0%
Kimi Code (K2.5)  37.0 min 160 +15.1%
Free-search ~ Codex (GPT-5.4) 51.8 min 103 +0.0%
over EqSatL  Codex (GPT-5.3) 44.5 min 208 +18.6%
ClaudeCode (DB)  20.0 min 16 +0.0%
EGGMIND - 31.8 min 80 +47.8%

preference posets proposed by the Simplifier. Poset1 orders
commutative variants and reaches +15 in 2.2 s. Poset2 extends
it with a vecmac-specific preference and recovers baseline
quality in 3.54 s. These results show that simplification itself
is essential, and that hints are most useful when coarse phase
structure makes heuristic contraction less reliable.

Necessity of EqSatL and Specialized Agentic Flow. We
compare EGGMIND with several commercial agent systems
on the vectorization benchmark. These agents include: Kimi
Codes (with Kimi K2.5), Codex (with GPT 5.3 and 5.4 High),
and Claude Code (Doubao-Seed-2.0-pro, same as EGGMIND’s).
We ask these agent systems to search for EqSat strategies by
generating egglog scripts or EqSatL strategies. The results
are shown in Table 2.

We first demonstrate why direct LLM-driven evolution
over raw egglog is difficult in practice. All four agents oper-
ating on raw egglog only achieve parity with the full EqSat
baseline on average. Under comparable search time, they
complete far fewer EqSat runs than those searching over
EqSatL. This suggests that much of the budget is consumed
by constructing and repairing low-level scripts, leaving fewer
chances to evaluate and refine strategy candidates. Specifi-
cally, although Claude Code is equipped with the same base
model as EGGMIND, it completes only 12 raw-egglog EqSat
runs in 145.0 minutes and still achieves no held-out gain.

Beyond EqSatL, we then demonstrate why EGGMIND’s
specialized workflow is also essential in this task. Free-agent
performance over EqSatL remains highly variable, ranging
from +0.0% to +18.6% mean held-out gain. By contrast, EGG-
MIND reaches 47.8% mean held-out cost gain while using
fewer EqSat runs than the strongest EqSatL-based free agent.
This indicates that EqSatL provides the right abstraction
boundary, while the bounded workflow is what makes search
reliably effective and sample-efficient.

These results directly reflect the challenges described in
Section 2.3. Searching over raw egglog lacks a reusable strat-
egy abstraction, provides weak feedback for refinement, and
makes tractability much harder to control. EqSatL addresses
the abstraction problem, while EGGMIND’s specialized work-
flow further turns this into a reliable and efficient search.
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Figure 10. EqQMap carry-benchmark comparison for cost
reduction and wall-clock runtime across five configurations.

6.2 XLA-Based Tensor Compiler

To evaluate EGGMIND beyond the vectorization domain, we
turn to tensor graph optimization. Initial experiments on
standard workloads from prior work, such as Tensat [38]
and rcMmcTs [13], showed limited room for strategy synthe-
sis: in many cases, unguided EqSat already reached its best
cost within one or two iterations. We therefore focus on
the algebraic-simplification pass of XLA HLO [1, 27] and
construct a more demanding benchmark by extending the
rewrite space.

In this XLA-based setting, EGGMIND continues to improve
the resource—quality trade-off. Across 17 evaluation cases,
the synthesized strategies achieve lower final cost than the
unguided baseline in 13 cases and match it in the remain-
ing 4, while reducing online EqSat runtime by a geometric
mean of 11.89X relative to full EqSat. These results show that
EGGMIND’s offline synthesis methodology transfers beyond
the original vectorization benchmark, especially in settings
where unguided exploration remains slow and unstable un-
der an enlarged rewrite space.

6.3 Case Study on Logic Synthesis

In this case study, we examine EGGMIND with technology
mapping in logic synthesis. Our rewrite space, derived from
the ASIC EqMap flow [15], combines Boolean equivalence
rewrites for logical exploration with lifting rules for tech-
nology mapping, and is evaluated on carry-chain bench-
marks of increasing bit-widths. While expressive rewrites
and large budgets can, in principle, expose lower-cost cell
mappings, many profitable mappings require long rewrite
chains. Under the original EqQMap flow, such mappings typi-
cally emerge only with large global iteration budgets, which
become computationally prohibitive as circuit width grows.
The key bottleneck is therefore not expressiveness, but prac-
tical reachability under bounded search.
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Rule Augmentation with Enumo. We use Enumo [28]
to synthesize interaction rewrites between Boolean logic and
physical cells. Two representative rules are shown below:

Or(AOI121x1(c, b, a), AOI21x1(d, b,a)) = AOI22x1(d, c, b, a),
And(OAI21x1(d, b,a), OAI21x;(c, b, a)) = OAI22x1(b, a,c,d).

These rewrites collapse long chains of Boolean normaliza-
tion, factoring, and lifting into single-step transformations,
enabling profitable higher-level cell mappings to be reached
earlier in the search. However, they also enlarge the match-
ing space and make the search more susceptible to e-graph
explosion. Rule augmentation, therefore, improves reacha-
bility while making the expanded rewrite space harder to
exploit in practice. EGGMIND addresses this with schedule
construction and simplification in EqSatL.

End-to-End Results. We compare EGGMIND against the
original and augmented rulesets evaluated at two distinct
EqSat iterations(i = 4 and i = 5), where EGGMIND operates
over the same augmented rewrite space. This allows us to
differentiate the gains from search budget, rewrite-space
reachability, and strategic organization. Figure 10 shows
that EGGMIND achieves the best quality-efficiency trade-off.
Increasing the budget for the original ruleset (i = 4 — 5)
improves cost but causes four large cases to exceed the 600 s
timeout. Augmented Rules at i = 4 improve reachability, but
at i = 5 expose the inherent limits of unguided search. The
e-graph expansion here becomes so explosive that only the
smallest test cases finish within 600 s, and reach ~4 GB mem-
ory usage. Thus, rule augmentation alone is insufficient, and
enlarging the matching space makes brute-force search even
less attractive. By contrast, EGGMIND converts the same aug-
mented space into a stable scheduled optimization process,
achieving the lowest cost on 8/9 benchmarks (with unguided
Augmented Rules (i = 5) winning only on the smallest case),
reducing cost by 33.76% and 8.75% compared to Original
Rules with i = 4 and i = 5, respectively, while maintaining
stable runtime (2.3-255.4 s). It also reduces peak memory by
51.94% compared to the unguided i = 5. These results un-
derscore the synergy between rule and strategy synthesis:
the former expands reachability, while the latter determines
whether that expanded space is practically exploitable.

7 Related Work

Modern equality saturation builds on efficient e-graph sub-
strates such as egg [19] and unified datalog frameworks
such as egglog [42]. Other work improves EqSat scalability
through better extraction, domain-specific pruning, or per-
sistent e-graph integration into compiler IRs [4, 6, 20, 39].
Our focus is different: we study how EqSat search itself is
partitioned, scheduled, and controlled.

Systems like RULER [23] and ENUMoO [28] automate rewrite
discovery, making rewrite spaces easier to construct but



harder to manage. More broadly, strategic rewriting has long
separated rewrite rules from the strategies that govern where,
when, and in what order they are applied, as in Stratego [35],
ELAN [2], and Maude [11]. For EqSat, prior work has shown
the value of such control through expert-designed phased
schedules in Isaria [32], guide-based steering with intermedi-
ate targets [16, 17], and customizable saturation loops with
multi-phase rewriting at the engine level [33]. EGGMIND
builds on this line of work, but targets offline synthesis of
EqSat strategy artifacts reusable across related cases.

Recent work has also applied LLMs to compiler optimiza-
tion and e-graph control, including compiler-oriented foun-
dation models, open-ended code evolution, and online op-
timization controllers [7, 9, 21, 25, 29, 40]. Unlike online
controllers or free-form code evolution, EGGMIND synthe-
sizes explicit EqSat strategy artifacts over related cases, with
control surfaces for ruleset partitioning, schedule construc-
tion, and simplification. This makes strategy-discovery cost
reusable and amortizable across future runs.

8 Conclusion

EGGMIND reframes equality saturation strategy design as
offline synthesis over the explicit, reusable EqSatL DSL. It
enables LLM-guided synthesis of strategies that can be val-
idated, reused, and amortized across problem instances of
the same domain. Through proof-derived motif reuse and
tractability guidance, EGGMIND makes EqSat more effective.
Overall, it provides a practical path toward automating the
strategy layer of modern e-graph-based compilers.
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