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Abstract

Modern tensor program optimizers operate at two separate
levels: graph-level optimizations (operator fusion, algebraic
rewrites) and operator-level scheduling (tiling, paralleliza-
tion). This separation prevents them from discovering cross-
operator, tile-level optimizations that make hand-tuned ker-
nels like FlashAttention effective.

We present Trinity, the first tensor program optimizer
that achieves scalable joint optimization through tile-level
equality saturation. Our key insight is that optimal perfor-
mance requires simultaneously optimizing three interdepen-
dent dimensions — algebraic equivalence, memory I/O, and
compute orchestration. To enable this, Trinity introduces
a novel fine-grained IR that exposes all three axes as first-
class, rewritable entities and applies equality saturation to
perform scalable joint optimization. As a result, Trinity au-
tomatically discovers complex optimizations that require
coordinated reasoning across all three dimensions. Across
diverse Transformer variants, Trinity achieves up to 2.09x
speedup over TensorRT and 2.35% over TorchInductor, both
state-of-the-art production compilers.
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1 Introduction

The rapid evolution of deep learning models and hardware ac-
celerators has created a growing gap between what modern
systems demand and what existing optimization approaches
can deliver. Even within well-studied Transformer architec-
tures, variants continue to proliferate—from different nor-
malization schemes [21, 55] to architectural modifications [1,
37, 40] now standard in production LLMs [3, 7, 15, 44, 47, 58].
Simultaneously, GPU architectures are diversifying with dif-
ferent memory hierarchies, tensor core capabilities, and par-
allelism scales [31, 32].

Hand-optimizing kernels for every model-hardware com-
bination is no longer feasible, and existing compilers produce
suboptimal kernels while suffering from long compilation
times. Therefore, efficient tensor program optimization re-
mains critical: optimized kernels can reduce inference la-
tency by orders of magnitude [17].

Current tensor program optimizers have evolved along
two complementary but traditionally separate optimization
paths: Operator-level compilers focus on the efficient im-
plementation of individual tensor-level operators, including
auto-scheduling systems like Ansor [62] and FlexTensor [65]
that automatically search for optimal tensor programs. These
compilers make decisions about how to tile tensors into
chunks that fit in cache, how to order and fuse loops for
better locality, how to parallelize dimensions across cores,
and how to leverage specialized hardware units [5, 6, 16, 46].
Graph-level optimizers transform the high-level compu-
tational graph by fusing tensor-level operators to reduce
memory traffic and kernel launches, reordering operations to
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expose parallelism, and applying algebraic rewrites (e.g., dis-
tributivity, associativity) to minimize computation [5, 23, 38].
These systems reason about data flow between operations
but generally do not modify their internal implementations.

While these two optimizations are complementary in prin-
ciple, they have been applied mostly in isolation, relying on
the interface of tensor-level operators. This separation pre-
vents joint optimization: the optimal graph structure depends
on how operators will be executed internally (tiling, paral-
lelization, memory placement), while the optimal execution
strategy depends on the graph structure (which operations
are fused, how they are ordered). Current systems optimize
each level independently, missing opportunities that require
simultaneous reasoning about both graph-level transforma-
tions and tile-level execution.

Our key insight is that optimal performance requires holis-
tic optimization across three interdependent dimensions: (1)
memory I/O—managing data movement between memory
hierarchies through tiling, caching, and reuse patterns, (2)
compute orchestration—determining execution bound-
aries (which operations execute together) and parallelization
strategies (how to distribute work across compute units),
and (3) algebraic equivalence—cross-operator transforma-
tions that can restructure global computation patterns. These
dimensions cannot be optimized in isolation—algebraic trans-
formations change computation and memory access patterns,
memory placement affects parallelization across allocated
resources, and parallelization strategies influence which al-
gebraic forms are profitable.

We present Trinity, the first tensor program optimizer
that achieves scalable joint optimization through tile-level
equality saturation. We introduce a novel IR that operates at
the granularity where hardware actually executes—exposing
memory operations (loads/stores), compute operations, and
loop and sequential structures on tiles as first-class, rewritable
entities. This fine-grained IR enables simultaneous reasoning
about algebraic transformations, memory access patterns,
and compute orchestration decisions within a unified frame-
work. Moreover, we apply equality saturation [43] to this
representation to address the search space explosion inher-
ent in joint optimization, arising from the combinatorial
interaction of the three dimensions. Trinity compactly repre-
sents the exponentially large space of equivalent programs
and efficiently explores it without premature commitment.

This approach introduces two fundamental challenges:
Challenge 1: Designing a tile-level IR for equality sat-
uration. Joint optimization requires an IR that exposes how
tensors are tiled, when tiles are loaded and stored, and how
loops iterate; however, these stateful operations conflict with
the purely functional semantics traditionally assumed by
equality saturation. A naive application of equality satura-
tion to the stateful IR leads to both exponential search space
explosion and loss of correctness. We overcome this by de-
signing the first tile-level IR with explicit memory operations
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and control flow (§ 3) and by developing a set of techniques
that enable safe and efficient equality saturation, including
expression propagation, sequence canonicalization, and se-
mantic dependency checks (§ 4).

Challenge 2: Extracting optimal programs with context-
dependent costs. In the joint optimization space, operation
costs vary by execution context—loading a tile has minimal
cost within the same kernel (on-chip) but significant cost
across kernels (off-chip). Existing extraction algorithms as-
sume fixed costs. We design a two-pass algorithm that first
fixes loop structure to determine context, then extracts opti-
mal kernels with accurate costs, efficiently handling e-graphs
with more than 107 equivalent programs (§ 5).

We evaluate Trinity on diverse dense Transformer vari-
ants [1, 21, 37, 40, 48, 55] across multiple hardware platforms.
Trinity automatically generates kernels that achieve state-
of-the-art performance: it achieves up to 2.09x speedup over
TensorRT [33] (the state-of-the-art production compiler), and
3.07X speedup over prior unified approaches [53]. Notably,
Trinity automatically finds optimization strategies that out-
perform manually engineered kernels by 1.35X. For example,
in the vanilla transformer [48], Trinity not only rediscovers
a FlashAttention [13, 14, 39]-style online softmax attention,
but also goes further to find a fully fused attention that ex-
ecutes the QKV projection and the attention computation
within a single kernel (§ 5.3).

2 Motivation & Approach
2.1 Limitation of Independent Optimization

Existing approaches optimize the three dimensions sepa-
rately, as shown in Figure 1(a). Graph transformations based
on algebraic equivalence [23, 49, 59] are performed on the
computational graph of tensor-level operators. Then, operator-
level compilers [10, 16, 46, 62] independently optimize each
operator’s implementation. Using tensor-level operators as
the interface between these two stages leaves a large por-
tion of the optimization space unexplored: at graph level,
the implementation of each node is opaque, so optimizers
can only move along the algebraic-equivalence dimension
and must treat tile-level memory I/O and compute orches-
tration as fixed; at operator level, the tensor graph is already
fixed, so compilers can only tune memory I/O and compute
orchestration within a single operator and cannot apply al-
gebraic rewrites that change the graph structure or move
computation across operators.

However, discovering optimizations such as FlashAtten-
tion [13, 14, 39]—a highly efficient, manually engineered opti-
mization—requires joint reasoning across algebraic transfor-
mations, memory access patterns, and parallelization strate-
gies. These dimensions form a tightly coupled optimization
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Figure 1. Comparison of three optimization approaches.

problem: algebraic transformations determine which mem-
ory access patterns are possible, memory placement con-
strains which parallelization strategies are viable, and par-
allelization choices in turn influence which algebraic forms
are profitable.

Concretely, FlashAttention reduces O(N?) memory traffic
by rewriting softmax into an online, tile-wise formulation.
It organizes execution so that tiles of Q, K, and V, together
with running statistics, remain in on-chip scratchpad mem-
ory, while partial results are accumulated within a fused
kernel. This reduction from O(N?) to O(N) memory traffic
is possible only through the simultaneous selection of (1)
a cross-operator algebraic reorganization (online softmax),
(2) a tile-level memory schedule that preserves intermedi-
ates on-chip, and (3) an execution order and fusion strategy
that respects loop-carried dependencies while maximizing
parallelism. Further details are provided in § C.

2.2 The Right Abstraction Level

To enable joint optimization, we identify tile granularity as
an ideal abstraction at which all three optimization axes
become explicit and rewritable. A tile is a small block (e.g.,
64x64 elements) of a tensor that fits in on-chip memory and
is processed as a unit by modern accelerators such as GPUs
and NPUs.

At this granularity, algebraic transformations appear as
sequences of tile operations that can be reorganized. In ad-
dition, memory I/O becomes explicit load and store oper-
ations on tiles, enabling decisions about whether to keep
tiles on-chip or spill them to off-chip memory. It is particu-
larly crucial on modern accelerators, which must decompose
tensors into tiles to exploit their high-bandwidth (tens of
TB/s) but capacity-limited (only a few KB per compute unit)
scratchpad. Compute orchestration similarly becomes a con-
crete set of decisions, including determining kernel bound-
aries (which tile operations fuse), selecting parallelization
strategies (how loops map to thread blocks), and allocating
hardware resources such as shared memory.

While several prior works [35, 41, 53] address parts of tile-
level optimization, none exposes all three axes as first-class
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Figure 2. Example of e-graphs for expression (ax2) + (ax2).
Boxes represent e-classes and circles represent e-nodes.

rewritable constructs. Welder [41] and ASPEN [35] focus on
tile-level scheduling and synchronization while assuming a
fixed algebraic computation. Mirage [53] considers algebraic
equivalence, but keeps memory I/O implicit in templates and,
as discussed next, faces fundamental scalability limits.

Moreover, Trinity’s tile granularity strikes a careful bal-
ance: it is fine enough to expose hardware-relevant execution
details (unlike tensor-level abstractions), yet coarse enough
to avoid combinatorial explosion. For example, while Tri-
ton [46] also exposes tile-level kernels and memory scopes,
it includes many low-level syntactic knobs and tunable pa-
rameters (vector widths, pipeline stages). We explain our IR
and rewriting rules in § 3.

2.3 Integration with Equality Saturation

We must systematically explore the vast space of equivalent
tile-level programs because exhaustive search is intractable.
Even for basic building blocks like vanilla Transformer, the
search space contains over 10'7 equivalent programs, making
it impossible to exhaustively explore all possibilities. Prior
work such as Mirage [53] attempts exhaustive exploration,
but the search space is far too large to traverse within prac-
tical time limits, as shown in Figure 1(b). As a result, it fails
to discover optimizations such as the fully fused attention
that Trinity identifies (§ 5.3).

The use of equality saturation [43] enables scalable opti-
mization without premature commitment (Figure 1(c)) by
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Tensor Declaration tensor
(input|output X)
(variable X)

Declare (input, weight, or output) tensor X placed in global memory.

Declare (intermediate) tensor X that can be placed both in global memory and scratchpad.

Indexing Expression idx
(index idx1 idx2 idx3 ...)
(tile n)
(full_tile)
(const_tile base interval)
(elem n)

Multi-dimensional index, equivalent to [idx1][idx2][idx3]...

Tile slice [n:n+tile_n], where tile_n is the stride of the loop variable n.
Full slice [:].

Tile slice [base:basetinterval] that is independent of any loop variable.

Element index [|n/tile_n]], where tile_n is the stride of the loop variable n

Memory Access Operation op
(load tensor idx)
(store tensor tval idx)

Load a tile value from tensor with the index idx.
Store the tile value tval to the tile of the tensor with the index idx.

Primitive Compute Operation op
(+|=|*|/ tvall tval2)
(exp|sqrt|sigmoid tval)
(rsum tval k)
(concat|permute | (un)squeeze|bcast ..
(matmul tvall tval2)

>

Element-wise operations between two tile values tvall and tval2.
Element-wise operations on a tile value tval.

Reduction operations on a tile value tval, along the axis k.

Reshape operations on tile values. Operands are omitted for simplicity.

Matrix multiplication operation between two tile values tvall and tval2.

Control Flow Operation op
(seq op1 op2)
(loop start end tile_n n op)

Execute op1 and op2 sequentially.

Iterate the body op with n ranging [start,end), incremented by tile_n at each iteration.

Table 1. Constructs of Trinity IR.

compactly representing many equivalent programs in a sin-
gle e-graph. An e-graph groups semantically equivalent ex-
pressions into e-classes, each containing multiple e-nodes.
Figure 2 illustrates an example of e-graphs and how rewrite
rules are applied. The initial e-graph (left) represents a single
expression, (a X 2) + (a X 2). When a rewrite rule matches,
the e-graph does not discard the original expression; instead,
it adds new e-nodes and merges e-classes, monotonically
accumulating equivalences. The e-graph on the right shows
the result of applying the rewrite rules, such as distributive
transformation and constant folding. By adding a X e-node
to e-class #1 and introducing e-class #5 containing the e-
node (2 + 2), the e-graph simultaneously represents both the
original expression and a X (2 + 2). Furthermore, by adding
the e-node “4” to e-class #5, the e-graph also captures the
expression a X 4.

Optimization proceeds in two phases. In the saturation
phase, rewrite rules are repeatedly applied to saturate the
e-graph, accumulating equivalent expressions until no new
equivalences appear. The extraction phase then selects the
best program from this saturated e-graph using a cost model,
by systematically choosing the optimal e-node from each
e-class. Because all variants are maintained and rewritten in
parallel, equality saturation can explore a vast search space
without enumerating each candidate program.

However, applying equality saturation to tile-level IR is
challenging because its sequential, stateful nature violates

the pure functional assumptions of traditional equality sat-
uration, and because the cost of each operation depends
heavily on its execution context (e.g., whether a load stays
on-chip or crosses a kernel boundary). We address these
challenges in § 4 and § 5.

3 Trinity IR

Trinity IR makes all three optimization dimensions—memory
I/O, compute orchestration, and algebraic transformation—
explicitly rewritable at tile granularity. This design enables
two critical capabilities: representing highly- optimized ker-
nels like FlashAttention directly in the IR (§ 3.1), and sys-
tematically discovering such optimizations from naive im-
plementations through rewrite rules (§ 3.2).

3.1 IR Definition

Trinity IR treats tiles as first-class citizens. The rest of this
section describes each construct of the IR, as summarized in
Table 1.

1) To expose memory I/O, the IR provides the following
operators for data movement between memory hierarchies.
Explicit memory access: The load and store operators make
memory access patterns visible and optimizable as first-class
IR citizens. This enables discovering optimizations like re-
ordering independent memory operations for locality or
eliminating redundant loads.
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(seq

(loop @ M tile_m m (loop @ N tile_n n (loop © K tile_k k
(store (variable C)
(+
(load (variable C) (index (tile m) (tile n)))
(matmul
(load (input A) (index (tile m) (tile k)))
(load (input B) (index (tile k) (tile n)))))
(index (tile m) (tile n)))
)))

(loop @ M tile_m m (loop @ N tile_n n
(store (output E)
(+
(load (variable C) (index (tile m) (tile n)))
(load (input D) (index (tile m) (tile n))))
(index (tile m) (tile n)))
)
)

Figure 3. Trinity IR example of consecutive matrix multipli-
cation and element-wise addition.

Tile placement declaration: Trinity explicitly tracks mem-
ory placement through three operators: input, output (tiles
from/to off-chip global memory), and variable (intermedi-
ate tiles that may reside either on-chip or off-chip memory).
This distinction is crucial for discovering complex memory
reuse patterns, such as keeping frequently accessed tiles in
on-chip memory across loop iterations.

2) To manipulate compute orchestration, the IR provides
rewritable control flow operators, namely sequences and
loops. The seq operator explicitly represents execution order,
while the loop represents iterations over tiles. These opera-
tors cover regular tiling patterns while keeping the search
space tractable. Representing control flows as rewritable
terms enables discovery of novel execution strategies like
interleaving operations from multiple tensor-level operators
into single kernels.

3) To enable algebraic transformation, Trinity IR treats
tiles as small tensors and reuses standard compute operations
as its compute primitives. This allows algebraic optimizations
like distributivity and associativity to compose naturally
with memory and loop transformations within the unified
e-graph framework.

Example. Figure 3 shows an example of Trinity IR that rep-
resents a tile-level computational flow of consecutive matrix
multiplication and element-wise addition. In the case of ma-
trix multiplication between two 2D tensors, the computation
is tiled along the output axes (M, N) and the reduction axis
(K). For element-wise addition, the tiling simply partitions
the output tensor along spatial dimensions, allowing parallel
computation of each tile.

3.2 Rewriting Rules

Trinity defines rewrite rules that preserve program semantics
while exposing optimization opportunities. These rules fall
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into two main categories: loop and algebraic transformations.
All rewriting rules are detailed in § A.

Loop transformation rules. Trinity employs transforma-
tion rules to reorganize loop structures for tiling (§ A.1).
It ensures that rules are applied only when they preserve
semantics by carefully checking memory access.

Loop fusion, fission, and loop-invariant code motion are
classical loop transformations [29]. Loop fusion allows two
loop bodies to be executed within a single kernel, reducing
kernel launch overhead. It also improves memory locality by
reusing intermediate tiles. In contrast, loop fission enables
different hardware execution strategies to be applied to the
split loop bodies. Loop-invariant code motion moves the
computation that produces identical results across iterations
out of the loop, eliminating redundant computation.

Loop insertion is a rewrite rule that inserts a loop-invariant
code into the loop body, serving as the opposite of loop-
invariant code motion. Although this causes redundant com-
putation, it enables the inserted operation and the original
loop body to be executed within a single kernel. Traditional
loop optimization avoids loop insertion as it increases com-
putation, but it proves to be highly effective in inference
workloads where memory I/O and kernel launch overhead
often dominate computation costs.

Algebraic factoring in loop bodies extracts common operands
from within loops. This transformation reduces operations
inside the loop and, crucially, can remove loop-carried de-
pendencies that previously blocked fusion opportunities.

Algebraic transformation rules. Trinity uses 31 rewrite
rules for performing algebraic transformations of tile oper-
ations (§ A.2). We adopt rules from prior works [23, 59] on
tensor-level graph rewriting, which have been either manu-
ally defined or automatically generated based on algebraic
properties. Since tiles are small tensors, these rules remain
equally effective at tile granularity.

4 Saturation Phase

Building on this IR formulation, Trinity applies equality satu-
ration for joint optimization. In the saturation phase, Trinity
initializes an e-graph and repeatedly applies rewrite rules
until no new equivalences are discovered. To handle the chal-
lenges of applying equality saturation to a stateful IR, Trinity
introduces three key techniques: expression propagation to
enable algebraic reasoning with explicit memory I/O (§ 4.1);
canonicalization of right-associative sequencing to control
e-graph growth (§ 4.2); and semantic dependence checks to
ensure correctness (§ 4.3).

4.1 Algebraic Reasoning with Explicit Memory I/O

In our stateful IR, memory accesses are expressed explicitly
through load and store operations inside seq. This makes
it difficult to apply algebraic transformation rules directly,
because the algebraic structure of a value is fragmented
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across multiple statements. For example, in the expression
(seq (store A (x 7 3) idx) (store B (/ (load A
idx) 7) idx)), the division by 7 is syntactically separated
from the multiplication by 7 by an intermediate store to
A and a later load from A. From the e-graph’s perspective,
the pattern (/ (* 7 3) 7) never appears contiguously in
the AST, so algebraic rules such as cancellation or constant
folding cannot match. As long as algebraic rules operate only
on purely functional subtrees, explicit load/store boundaries
act as barriers that block pattern matching.

Expression Propagation. To overcome this, Trinity per-
forms expression propagation across sequential memory oper-
ations. Whenever a tile is stored to memory, Trinity records
the symbolic expression being written, and subsequent loads
from the same tile are rewritten to refer directly to that
expression. In the running example, propagation rewrites
the expression (/ (load A idx) 7)to (/ (x 7 3) 7),
enabling algebraic simplification. Trinity applies this prop-
agation at the end of every rewrite iteration, updating the
e-graph so that algebraic transformation rules always see
the most precise expression available, despite the presence
of explicit loads and stores. This allows us to keep mem-
ory operations explicit for correctness and cost modeling,
while still enabling aggressive algebraic rewriting on top of
a stateful IR.

4.2 Sequence Canonicalization

Explosion due to the sequence operator. Another crit-
ical performance challenge in saturation stems from the
inherently sequential nature of tile-level IRs, which must
encode ordered memory accesses and loop iterations. Apply-
ing equality saturation to such sequential constructs leads
to exponential inflation of the e-graph. For example, a rule
such as (seq a b) — (seq b a) is only applicable when its
two operands a and b appear as direct children of a seq node.
Given an expression like (seq (seq op1 op2) (seq op3
op4) ), commuting op2 and op3 first requires rewriting the
expression via associativity into a form such as (seq (seq
op1 (seq op2 op3)) op4).Further commutations, such as
between op2 and op4, require additional parenthesizations.
Although these variants are semantically equivalent, all must
be explicitly represented in the e-graph for pattern matching,
leading to redundant exponential growth. In principle, vari-
adic sequence patterns could alleviate this, but integrating
general variadic matching into equality saturation frame-
works is non-trivial and is not directly supported in common
e-graph toolchains.

Leveraging canonical sequences. We prevent this ex-
plosion by maintaining all sequences in a canonical right-
associative form, e.g., (seq op (seq op (seq op ...))).
Whenever a rewrite produces a non-canonical sequence,
Trinity immediately normalizes it into this canonical form.
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Under this invariant, sequence transformations require only
two rewrite patterns—the basic (seq a b) — (seq b a)
and its nested variant (seq a (seq b tail)) — (seq b
(seq a tail))—without any explicit sequence associativ-
ity rules. By eliminating the redundant associative variants,
Trinity avoids exponential e-graph growth while preserving
full expressiveness for sequence transformations.

4.3 Ensuring Correctness on Stateful IR

Naively applying rewrite rules to stateful IRs can easily break
correctness. For example, loop fusion between (loop n ...
body;) and (loop n body;) is valid only when no
write in body; is read or overwritten by body; in a later loop
iteration. Traditional equality saturation systems rely primar-
ily on syntactic pattern matching with simple type checks,
which is insufficient for reasoning about such dependencies.
To guarantee correctness, Trinity augments syntax-directed
rewriting with semantic checks implemented using egg [51]’s
e-class analysis framework. For each e-class, Trinity main-
tains summary information about its memory behavior—such
as sets of read and write regions, the tensors they may alias,
and the loop variables on which the accesses depend—along
with shape metadata. These summaries are updated and
propagated throughout the e-graph as new equivalences
are added. Each rewrite rule is then guarded by a semantic
predicate that inspects these analyses before the rule fires.
For instance, loop fusion and loop insertion perform depen-
dency analysis to ensure that reordering does not introduce
read—after—write or write—after—write hazards across itera-
tions; if a potential conflict is detected, the rule is not applied.
Pure algebraic rewrites over tile values (e.g., distributivity)
are treated as semantics-preserving up to standard floating-
point rounding differences, consistent with prior systems [14,
53, 67]. In practice, we find that this semantics-aware use of
e-class analysis enables loop and memory transformations
while preserving correctness for all optimized kernels.

5 Extraction Phase

After applying a set of rewrite rules to saturate the e-graph,
we should select the best kernel from all possible programs.
Trinity extracts top candidates via a two-pass extraction
algorithm (§ 5.1), then generates and profiles executable
kernels to select the best performer (§ 5.2).

5.1 Extracting High-Performance Candidates

Extracting a single expression from the saturated e-graph
amounts to choosing exactly one e-node from every e-class:
starting at the root e-class, we pick one e-node, then recur-
sively pick one e-node from each of its child e-classes, and
so on. Prior equality saturation systems [18, 20, 51, 59] for-
mulate extraction as a global optimization problem under a
fixed local cost assumption: they assign each e-node a fixed
cost, then search for a selection whose sum of chosen e-node
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costs is minimized. This objective is typically solved either
by greedy selection or by ILP solving.

However, this strategy fails in tile-level representation,
where the cost of e-node depends on the hardware execu-
tion context and, therefore, cannot be fixed. For example,
even the same arithmetic e-node (+ a b) can have very
different cost depending on whether the surrounding loop
must execute sequentially or can be parallelized. If the loop
must execute sequentially, (+ a b) is executed once per
iteration, so its cost under a FLOPs per computational unit
model should scale with the iteration count. In contrast, if
the loop can be mapped to a parallel loop and distributed
across computational units, the per-unit cost of the same (+
a b) e-node collapses to roughly “one add”

Two-pass extraction algorithm. To overcome this chal-
lenge, Trinity introduces a two-pass extraction algorithm
that separately extracts the loop structure and loop body. Our
key observations are threefold. First, once the loop structure
is fixed, the hardware execution context (e.g., kernel bound-
aries and parallelization) also gets fixed, which enables us to
leverage existing extraction algorithms [18, 20, 51, 59] with
fixed cost models. Second, the space of loop structures in tile-
level e-graphs is much smaller, making it feasible to explore
loop structure candidates with lightweight pruning. Third,
the loop structure determines the number of kernel launches,
a dominant performance factor due to kernel launch over-
head and inter-kernel memory traffic, making kernel count
a natural objective for the first pass.

Building on these observations, Algorithm 1 yields k com-
plete tile-level expressions. Pass 1 identifies the top-k semi-
expressions with minimal kernel counts, prioritizing reduced
memory I/O and kernel launch overhead. Pass 2 completes
each semi-expression by selecting loop bodies with minimal
FLOPs per computational unit, optimizing computational
efficiency within the now-fixed execution context.

Pass 1: Extracting loop structures. The ExtractLS func-
tion (lines 7-20) recursively extracts loop structures using
the number of kernels, or kernel count, as the coarse-grained,
context-insensitive cost. We use kernel count as the proxy
for the cost since fewer kernels typically lead to less kernel
launch overhead and memory I/O. The number of kernels
can be determined by counting the number of outermost
loops.

Trinity chooses top-k semi-expressions with the lowest
kernel counts, then proceeds to Pass 2. Here, a semi-expression
is a partially extracted program obtained by selecting e-nodes
for only a subset of e-classes—specifically, those containing
loop-structure-defining operators (e.g., seq and loop)—while
leaving the remaining e-classes unresolved.

Pass 2: Extracting loop bodies. ExtractLoopBody (lines
21-22) completes each of the k selected semi-expressions by
extracting optimal loop bodies. With the loop structure fixed,

2085

ASPLOS °26, March 22-26, 2026, Pittsburgh, PA, USA

Algorithm 1 Two-Pass Extraction Algorithm

Input: e-graph &, top_k
1: function TwoPAsSSEXTRACT(E, top_k)
2 max_kernel « 0,S « [ ]
3 while |S| < top_k do
4: S « S U ExTRACTLS(&E, max_kernel, &.root)
5 max_kernel « max_kernel +1
6 return [ ExTrRACTLOOPBODY(E,s) |s € S|
// Extracts loop structure candidates
: function EXTRACTLS(E, max_kernel, id)
if max_kernel < 0 then return | |

9: res « []

10: for all n € E[id].nodes do

11: if nis Seq() or Loop() then

12: k <« 1if nis level-0 loop, else 0

13: k, < max_kernel — k

14: C«— U ExTRACTLS(&, ky, cid)
ciden.children()

15: for all ¢ € CartesianProduct(C) do

16: if c.k < max_kernel then

17: res.append(Format(n,c), c.k)

18: else

19: res.append(("body", 0))

20: return res

21: function ExTrACTLOOPBODY(E, semi_expression)

return GREEDY(E, semi_expression, min_FLOPs)

the execution behavior is determined, allowing accurate and
fixed cost assignment—here based on FLOPs per computa-
tional unit. ExtractLoopBody uses a greedy algorithm to
select loop bodies with minimum cost. This yields an ac-
curate estimate because the dominant context-dependent
factor (kernel boundaries and parallel-vs-sequential struc-
ture) has already been resolved in Pass 1, while memory
I/O considerations are largely captured by the kernel-count
filtering.

The two-pass extraction algorithm is designed to select
high-performance candidates within a tractable amount of
time. Although it may miss some candidates, we empirically
observed that it consistently selects performant candidates
using dominant performance indicators as costs.

5.2 Kernel Generation from IR

Trinity IR’s explicit encoding of memory access, loops, and
sequences enables direct and predictable generation of ef-
ficient hardware kernels. The translation from IR to kernel
code follows systematic rules that preserve the optimizations
discovered during equality saturation.
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Kernel boundary decision. Trinity first analyzes each
loop operator to determine parallel execution potential. Us-
ing our sequence-aware representation, it identifies loop-
carried dependencies—loops with dependencies execute se-
quentially on single compute units, while independent itera-
tions map to parallel units (e.g., GPU thread blocks).

Modern accelerators require fixed parallelism configura-
tions per kernel launch. Executing an entire graph as one
kernel would force a single configuration, causing resource
under-utilization when different parts of the computation
have different parallelism patterns. Trinity therefore parti-
tions the graph at outermost parallel loop boundaries. Each
parallel loop nest becomes a separate kernel with its own op-
timized configuration, while sequential operations between
parallel loops are grouped together. This strategy ensures
each kernel fully utilizes available parallelism without over-
subscription or underutilization.

Memory placement optimization. With kernel bound-

aries established, Trinity determines optimal memory place-

ment for each tile. The strategy prioritizes on-chip memory
to minimize expensive off-chip accesses:

e Load placement: A tile is loaded from off-chip memory
only (1) when the tile’s store occurs in a different loop from
the current load, or (2) when accessing an input tensor.
Otherwise, the tile is reused from on-chip memory.

o Store placement: A tile is stored to off-chip memory only
(1) when it will be loaded in a different loop, or (2) when
it is an output tensor. All other intermediate tiles remain
in on-chip memory.

This systematic approach ensures that tiles stay in the fastest
available memory whenever possible, automatically achiev-
ing the kind of memory optimization that makes hand-tuned
kernels like FlashAttention effective.

Trinity explicitly controls tile-level operations, memory
accesses, and parallel execution through Triton [46] v3.4.0’s
interface, while benefiting from Triton’s optimizations for
tensor core utilization and register allocation. In particular,
Trinity keeps tile sizes symbolic during equality saturation
and defers concrete tile selection to a profiling stage that
leverages Triton’s block-size auto-tuning. This design avoids
e-graph blowup while still capturing the dominant perfor-
mance factors. The systematic translation ensures that the
optimizations discovered during equality saturation are faith-
fully preserved in the generated hardware kernels.

Selecting the best through profiling. Finally, Trinity
selects the optimal kernel by executing all k extracted candi-
dates on actual hardware. Since the relative impact of kernel
count versus computational efficiency varies with hardware
characteristics (memory bandwidth, compute throughput,
cache sizes), Trinity empirically determines the optimal ker-
nel through hardware profiling.
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(loop @ 4096 tile_n n (loop @ 4096 tile_k k
(Q1,K1,Vi[:,tile n] +=
X[:,tile k] * WQ,WK,Wv[tile k,n])))
(loop © 4096 128 n # Reshape, Permute
(Q,K,V[elem n,:,:] = transpose(expand_dims(Q1,K1,V1[:,tile n],1),0,1))

# QKV Projection

(loop @ 32 1 h (loop @ 1024 tile p p # Attention

(logit[elem h,:,tile p] = exp(Q[elem h,:,:] * K_cache[elem h,tile p,:]~T))))
(loop @ 32 1 h (loop @ 1024 tile_p p
(accm[elem h,:] += reduce_sum(logit[elem h,:,tile p]))))
(loop @ 32 1 h (loop @ 1024 tile_p p
(O[elem h,:,:] +=
(logit[elem h,:,tile p] / accm[elem h,:]) * V_cache[elem h,tile p,:])))
(a) Initial program in Trinity IR.
# QKV Projection, reshape, permute ...
(loop @ 32 1 h (loop @ 1024 tile_p p # Attention
(logit[elem h,:,tile p] = exp(Q[elem h,:,:] * K_cache[elem h,tile p,:]T))
(accm[elem h,:] += reduce_sum(logit[elem h,:,tile p]))))
(loop @ 32 1 h (loop @ 1024 tile_p p
(O[elem h,:,:] +=
(logit[elem h,:,tile p] * V_cache[elem h,tile p,:]) / accm[elem h,:])))
(b) Apply loop fusion and distributivity.
# QKV Projection, reshape, permute ...
(loop @ 32 1 h (loop @ 1024 tile_p p # Attention
(logit[elem h,:,tile p] = exp(Q[elem h,:,:] * K_cache[elem h,tile p,:]~T))

(accm[elem h,:] += reduce_sum(logit[elem h,:,tile p]))))
(loop © 321 h
(loop @ 1024 tile_p p
(O[elem h,:,:] += logit[elem h,:,tile p] * V_cache[elem h,tile p,:]))
(O[elem h,:,:] /= accm[elem h,:]))

(c) Apply algebraic factoring in loop body.

# QKV Projection, reshape, permute ...

(loop @ 321 h
(loop @ 1024 tile_p p
(logit[elem h,:,tile p] = exp(Q[elem h,:,:] * K_cache[elem h,tile p,:]~T))
(accm[elem h,:] += reduce_sum(logit[elem h,:,tile p]))
(O[elem h,:,:] += logit[elem h,:,tile p] * V_cache[elem h,tile p,:]))
(o[elem h,:,:] /= accm[elem h,:]))

# Attention

(d) Apply further loop fusion.

(loop © 4096 128 n
(loop @ 4096 tile_k k # QKV Projection, reshape, transpose
(Q1,K1,VI[:,tile n] += X[:,tile k] * WQ,WK,W[tile k,n])
(Q,K,V[elem n,:,:] = transpose(expand_dims(Q1,K1,Vi[:,tile n],1),0,1)))

# Attention ...

(e) Apply loop fusion with fixed tile size.

(loop © 4096 128 n
(loop @ 4096 tile_k k # QKV Projection, reshape, transpose
(Q1,K1,vi[:,tile n] += X[:,tile k] * WQ,WK,Wv[tile k,n])
(Q,K,V[elem n,:,:] = transpose(expand_dims(Q1,K1,V1[:,tile n],1),0,1))

(loop @ 1024 tile_p p # Attention
(logit[elem n,:,tile p] = exp(Q[elem n,:,:] * K_cache[elem n,tile p,:]T))
(accm[elem n,:] += reduce_sum(logit[elem n,:,tile p]))
(O[elem n,:,:] += logit[elem n,:,tile p] * V_cache[elem n,tile p,:]))
(o[elem n,:,:] /= accm[elem n,:]))

(f) Apply loop fusion with iteration-space reindexing.
Figure 4. Optimization procedure of Transformer block dis-

covered by Trinity. Loop bodies use syntactic sugar for read-
ability.

5.3 Case Study: Fully Fused Attention

We demonstrate Trinity’s capability through a case study
on the Vanilla [48] transformer architecture. Figure 4 shows
how it uncovers an optimization that existing systems fail to
discover. The initial program (Figure 4(a))—QKYV projection
with reshaping into multiple heads (blue box) followed by
the multi-head attention (green box)—corresponds to the ten-
sor program for the decoding step of a Vanilla transformer
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block. Through systematic application of rewrite rules, Trin-
ity automatically discovers a significantly more efficient im-
plementation:

(b) Loop fusion and distributivity: Within the attention oper-
ation (green box), Trinity first fuses the logit computation
and the subsequent reduce_sum into a single loop (or equiv-
alently, a single kernel). This reduces memory traffic and
kernel launch overhead. However, the following computa-
tion of the output tensor O remains impossible to fuse due
to a loop-carried dependency on the accumulator accm.

To break this dependency, Trinity applies the distribu-
tive law to move the division term involving accm outside
the matrix multiplication. This transformation follows the
same floating-point assumptions widely adopted in prior
work [14, 53, 67]. Although the resulting computation is not
bit-identical to the original formulation, it yields numerically
stable outputs within reasonable error bounds.

(c) Algebraic factoring: Subsequently, Trinity applies the al-
gebraic factoring in loop body rule, which hoists the division
fully outside the inner p-loop. Once accm is no longer needed
within the p-loop, the loop-carried dependency disappears,
unlocking further fusion opportunities.

(d) Further loop fusion: With the dependency resolved, Trin-
ity applies loop fusion to execute the entire attention com-
putation within a single h-loop (i.e., a single kernel). This
yields the same algorithm as FlashAttention [13, 14, 39],
demonstrating that Trinity can automatically rediscover the
FlashAttention optimization purely through equality satura-
tion driven rewrites.

(e) Loop fusion: Going further, Trinity extends optimization
beyond attention to include the preceding QKV projection
and head-reshaping operations (blue box). It fuses the QKV
projection and reshaping into a single loop. Although the
tile size of QKV projection is fixed at 128—limiting tile size
autotuning—this structured tiling enables subsequent fusion
with attention, providing overall performance gains.

(f) Final fusion: Finally, Trinity applies the loop fusion with
iteration-space reindexing rule. Although the loops (loop @
4096 128 n) and (loop @ 32 1 h) differ syntactically, they
share the same iteration count. Trinity detects this equiv-
alence and rewrites all (elem h) expressions in h-loop as
(elem n), aligning their iteration spaces. Once their loop
variables are unified, the loops become fusible, enabling a
final fusion step.

Fully fused attention. To the best of our knowledge, we
are the first to report this optimization. It executes all opera-
tions—from the initial processing of the input token to the
full attention computation—within a single kernel. Whereas
existing approaches first compute Q, K, V for all heads and
then reshape the results for per-head processing, Trinity com-
putes Q, K, V on a per-head basis and streams them directly
into the attention computation within the same kernel. This
design (1) eliminates the synchronization barrier required to
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wait for all heads’ Q, K, V tensors, (2) reduces kernel-launch
overheads, and (3) avoids writing intermediate tensors (such
as Q) to off-chip memory. Consequently, Trinity achieves
up to 1.35X speedup on H100 compared to the manually
optimized implementation [60].

6 Evaluation

We evaluate Trinity to answer the following questions:
o Does Trinity discover faster hardware kernels than exist-

ing tensor program optimizers across various models and
hardware? (§ 6.2)

e Does Trinity find the optimal kernel tailored to the char-
acteristics of the given hardware? (§ 6.3)

e Does Trinity explore a large search space with reduced
compile time by leveraging equality saturation? (§ 6.4)

6.1 Experimental Setup

Model architectures. We evaluate Trinity on transformer
variants widely adopted in modern LLMs [3, 7, 15, 44, 47,
58]: Vanilla transformer [48], Pre-Norm [55], QK-Norm [21],
RoCo [37], KeyFormer [1], and SwiGLU FEN [40]. We focus
on transformers because they dominate current Al work-
loads and incorporate both dense layers and attention mech-
anisms. Nevertheless, Trinity is not limited to transformers:
users can initialize tensor programs by converting tensor
operators into Trinity IR through a deterministic procedure,
enabling Trinity to support other model families, such as
state-space models and diffusion models.

In a standard transformer block, input embeddings are
multiplied by weight matrices Wy to produce query, key,
and value representations, which are reshaped for multi-head
attention computation. The evaluated architectures extend
this base structure with additional operations; e.g., Pre-Norm
adds RMS normalization before QKV projection, while RoCo
includes auxiliary computations for KV cache management.

For attention variants [1, 21, 37, 48, 55], we optimize the
entire attention block, from input embedding to attention
output, to demonstrate Trinity’s ability to discover joint opti-
mizations in large input programs. For SwiGLU FFN [40], we
optimize the entire feedforward network that succeeds the at-
tention block. We evaluate two model configurations—LLaMA3
8B [15] (hidden dimension 4096, 32 heads) and Falcon 7B [3]
(hidden dimension 4544, 71 heads)—in a speculative decod-
ing [27] scenario where a 16-token block is verified on top
of a 1008-token prefix, yielding a total KV-cache length of
1024 tokens.

Correctness. For all architectures and configurations, we
verified that Trinity’s optimized kernels produce numerically
equivalent outputs to the original programs, modulo floating-
point rounding differences from operation reordering.

Baselines. We compare Trinity with widely used production-
level tensor program optimizers: TorchInductor [5] v2.8.0
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Figure 5. Normalized inference latency across various benchmarks and GPUs.

and TensorRT [33] v10.10.0.31. We also evaluate against
FlashInfer [60] v0.5.3, a state-of-the-art hand-tuned atten-
tion kernel library for LLM inference. Since FlashInfer is
dedicated solely to the core attention computation, QKV pro-
jection and reshaping are implemented using PyTorch. Addi-
tionally, we benchmark FlashTensor [67], the state-of-the-art
in tensor-level graph rewriting, to emphasize the benefits
of Trinity ’s joint optimization. We further compare against
Relax [26], a recent compiler supporting dynamic shapes
through pre-defined fusion and layout heuristics. Finally, we
evaluate Mirage [53], which performs exhaustive joint opti-
mization, to highlight the advantage of large search space
exploration via equality saturation. For Mirage and FlashT-
ensor, which require extensive manual tuning, we followed
their recommended configurations with careful hand-tuning
(see § B).

We conduct experiments on two server-grade and two
consumer-grade GPUs. For server-grade GPUs, we use GCP
cloud instances: an a3-highgpu-1g with NVIDIA H100 80GB
(26 vCPUs, 234GB RAM) and an a2-highgpu-1g with NVIDIA
A100 40GB (12 vCPUs, 85GB RAM). For consumer-grade
GPUs, we use NVIDIA RTX 4090 and RTX 5090, both paired
with Intel Xeon Silver 4210R CPUs and 208GB DRAM. We
extract up to 512 candidates per benchmark and during the
profiling phase, we use eight GPUs to parallelize the process.
Similarly, we use eight threads to parallelize Mirage.
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6.2 Inference Latency

Figure 5 presents the normalized latency of various model
architectures. Compared to TensorRT, which is a state-of-the-
art production compiler, Trinity achieves 1.71X speedup for
Vanilla transformer, 1.43X for Pre-Norm, 1.63X for QK-Norm,
1.29x for KeyFormer, 1.37% for RoCo, and 1.10x for SwiGLU
FFN on H100 (for LLaMA3 8B config). Furthermore, Trinity
achieves up to 3.07x speedup on the H100 over Mirage, which
performs joint optimization but is restricted in large search
space handling because of its exhaustive search approach.
The highest-performance kernel and its IR for each case are
provided in § E.

FlashInfer, despite being a state-of-the-art hand-tuned
attention kernel, cannot handle any architecture beyond
Vanilla transformer. This limitation of manual approaches
highlights the need for automatic optimization—hand-tuned
kernels cannot cover the growing diversity of model archi-
tectures. Mirage’s implementation does not yet support the
Blackwell architecture (RTX 5090).

In the Vanilla transformer that FlashInfer does support,
Trinity outperforms it by 1.35X on H100 by discovering the
novel fully fused attention described in § 5.3. Trinity not
only automatically discovers the same algorithmic structure
as FlashAttention, but also holistically optimizes the preced-
ing QKV projection and reshaping operations, enabling all
components to be executed within a single kernel. Trinity
even outperforms FlashInfer’s FlashAttention3 implementa-
tion, despite relying on Triton and therefore not leveraging
FA3’s specialized hardware features. Such results highlight
the strength of Trinity’s equality saturation approach, which
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Figure 6. Latency of high performance kernels for KeyFormer Figure 7. Latency of high performance kernels for RoCo
(LLaMA3 8B config) discovered by Trinity.

(LLaMA3 8B config) discovered by Trinity.

can uncover complex cross-operator transformations that
existing systems—including Mirage, the state-of-the-art joint
optimizer—fail to identify due to partitioning constraints or
limited search scopes.

In the case of other attention variants, Trinity integrates
extra operations to achieve single-kernel execution similar
to FlashAttention. For the Pre-Norm architecture, Trinity
achieves a dramatic 1.40X speedup over Mirage on H100
by further fusing RMS normalization into the fully fused
attention. Conventional implementations require at least
four kernels—one for computing the RMS statistic via a re-
duction, one for normalizing an input token embedding X
via elementwise scaling, one for performing the QKV pro-
jection, and additional kernels for the remaining attention
computation—each incurring separate kernel-launch and
memory-transfer overheads. In contrast, Trinity uses equal-
ity saturation driven rewrites to restructure these operations
so they can execute in a single pass: loop insertion brings
RMS computation into the projection loop, distributivity
moves scaling outside the matrix multiplication, and alge-
braic factoring eliminates loop-carried dependencies that
prevent fusion. This sequence of transformations eliminates
the need to materialize intermediate tensors (i.e., normalized
X) in off-chip memory, thereby reducing memory traffic and
removing synchronization barriers.

In the case of KeyFormer and RoCo, the attention compu-
tation is not limited to softmax(QK) X V; they additionally
compute values such as softmax(QK + noise) for subsequent
KV cache eviction, or the reduction of softmax(QK) along
the query dimension. Through tile-level equality saturation,
Trinity integrates these extra computations into one kernel
for execution. TorchInductor and TensorRT use a manually
written FlashAttention kernel, but they execute the extra
computations in separate kernels. Mirage, on the other hand,
suffers from an expanded search space due to the newly
added operators, which increases compile time and prevents
it from finding the optimal kernel.

6.3 Automatic hardware adaptation

Unlike manual kernel optimization that requires separate
implementations for each hardware platform, Trinity auto-
matically discovers different optimal kernels tailored to each
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hardware platform. Figures 6 and 7 show the latency of high-
performance kernels discovered by Trinity on RTX4090 and
H100 GPUs. Each kernel represents the best-performing one
under different GPUs (H100, A100, A40, RTX5090, RTX4090)
and model configurations (LLaMA3 8B, Falcon 7B). For Key-
Former, eight unique optimal kernels were discovered across
ten combinations, while for RoCo, five distinct kernels cov-
ered all ten.

For KeyFormer, contrasting hardware characteristics lead
to different optimal strategies. On the H100, Trinity leverages
the GPU’s high memory bandwidth (3 TB/s) by adopting a
mid-kernel spill strategy, where intermediate tiles (e.g., logits,
accumulators) are temporarily written to off-chip memory
instead of being held entirely in on-chip memory. This ap-
proach alleviates shared-memory pressure and enables the
use of larger tile sizes (128), which in turn reduces the number
of loop iterations and improves overall performance despite
the additional memory traffic (kernel H in Figure 6). In con-
trast, on the bandwidth-constrained RTX 4090 (1 TB/s), the
same spill-heavy schedule becomes inefficient, as the added
off-chip traffic quickly saturates available memory band-
width. The optimal kernel in this setting is kernel A, which
keeps all intermediate values on-chip and minimizes global-
memory traffic. Although this choice necessitates smaller
tiles (64) and roughly twice as many loop iterations, it avoids
bandwidth bottlenecks and ultimately delivers higher per-
formance on the RTX 4090.

These results show how Trinity adapts to hardware: priori-
tizing computational efficiency on bandwidth-rich platforms
(H100) while prioritizing memory locality on bandwidth-
constrained platforms (RTX 4090). Such hardware-specific
tuning is cuambersome to perform manually, highlighting the
importance of automated optimization like Trinity.

Moreover, these findings explain why existing joint op-
timizers such as Mirage fall short. Although kernels A and
H implement the same algebraic computation, they differ
significantly in their data-movement behavior. Because Mi-
rage’s IR does not treat memory I/O and loop structure as
first-class constructs, it collapses these hardware-specialized
schedules into the same representation and therefore cannot
truly perform joint optimization across the three optimiza-
tion dimensions.
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Figure 8. Inference latency over compile time (H100). Trinity (split) indicates results obtained by splitting the input into

subprograms for optimization, as done in Mirage.

6.4 Compilation Time

Figure 8 shows the trade-off between compilation time and
kernel performance across different approaches. We vary
compilation time to observe how performance improves,
revealing fundamental differences in optimization strategies.

TensorRT represents traditional separated optimization—it
compiles quickly but results in suboptimal performance due
to limited transformation scope. Mirage attempts joint opti-
mization through exhaustive search, but compilation time ex-
plodes with program size. To remain tractable, Mirage must
partition programs into small fragments and optimize them
independently, sacrificing cross-partition optimizations. To
demonstrate the trade-off, we intentionally constrained Trin-
ity by applying the same program partitioning strategy as Mi-
rage. Even with these artificial constraints, Trinity achieves
comparable performance to Mirage in significantly less time,
demonstrating the efficiency of equality saturation.

Trinity’s true strength lies in optimizing large, unparti-
tioned search spaces. While Mirage cannot handle programs
with more than 11 operators without partitioning, Trinity
successfully optimizes entire architectural components: QK-
Norm (21 operations), RoCo (22 operations), and SwiGLU-
FFN (12 operations) in just 375, 710, and 266 seconds respec-
tively. These holistic optimizations discover cross-operator
patterns impossible to find with partitioned search, explain-
ing Trinity’s superior performance. For these same programs,
Mirage’s exhaustive approach would require prohibitive com-
pilation times, making such optimization infeasible in prac-
tice.

Scalability to large search spaces. To evaluate Trinity’s
ability to handle the combinatorial explosion of tile-level
optimization, we measure both the size of search spaces it
explores and the compilation time required. Table 2 shows
that Trinity successfully scales to astronomical search spaces,
discovering up to 10?! equivalent programs for complex ar-
chitectures like KeyFormer.

We evaluate the effectiveness of our e-graph representa-
tion by measuring how compactly it represents the search
space. For the Vanilla transformer, Trinity represents 2 x 107
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Benchmark  # Possible ‘ Trinity (ours) ‘

Mirage
‘ Saturate/Extract/Profile  Total ‘

SwiGLU-FFN 2 x 102 10s / 30s / 2265 266s 348s (1.3x)
Vanilla 2 x 10" 7s / 54s / 142s 203s | 7741s (38.1x)
QK-Norm 4% 10" 10s / 167s / 198s 375s | 4039s (10.7x)
Pre-Norm 10%° 14s / 922s / 2265 1162s | 8678s (7.5x)
RoCo 2 x 10% 60s / 592s / 58s 710s | 16062s (22.6x)
KeyFormer 102! 49s / 1305s / 105s 1459s | 15963s (10.9x)

Table 2. Search space size and compilation time. # Possible
indicates the number of equivalent programs discovered.

equivalent programs using just 434 e-classes and 2,058 e-
nodes. This compact e-graph structure enables our two-
pass extraction algorithm to efficiently identify 170 high-
performance candidates in 54 seconds. With eight GPUs used
for profiling, the entire process completes in 203 seconds.
Compilation time scales reasonably with model complex-
ity. Simple architectures like SwiGLU optimize in 266 sec-
onds, while complex models with richer optimization op-
portunities like KeyFormer require up to 1,459 seconds. The
breakdown shows that extraction time dominates for com-
plex models (1,305s for KeyFormer), validating our two-pass
algorithm design—the investment in careful extraction pays
off by finding high-quality kernels from massive search
spaces. These results confirm that Trinity achieves practical
compilation times even when exploring search spaces that
would require weeks to enumerate exhaustively. Note that
Mirage’s compilation time refers to the time taken to compile
after splitting the input program into smaller subprograms.

7 Related Work & Discussion

Hand-optimized kernels like cuDNN [12] and FlashAtten-
tion [13, 14, 39] achieve performance through algorithmic
innovations. Tile-based programming interfaces, includ-
ing CUTLASS [45], Triton [46], Graphene [19], Cypress [57],
and ThunderKittens [42] reduce manual effort by exposing
tunable tile-level abstractions, including blocking, memory
movement, and execution schedules. SpatialDSL [25] simi-
larly provides a hardware-agnostic accelerator programming
model, while NKI [4] exposes a vendor-specific tile program-
ming interface for Amazon accelerators. Despite improved
productivity, these interfaces still rely on human-designed
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algorithms. Trinity automatically discovers these optimiza-
tions through tile-level exploration.

Tensor graph optimization. TASO [23], TENSAT [59],
Hartmann et al. [20], PET [49], EINNET [63], and FlashT-
ensor [67] are graph rewriting systems that apply algebraic
transformations at the tensor level, missing tile-level opti-
mizations like memory reuse patterns and kernel fusion that
require reasoning about tensor partitioning.

Operator fusion [10, 28, 30, 33, 34, 66] groups adjacent
operators into single kernels to reduce memory traffic and
kernel launch overhead. These systems typically use pat-
tern matching to identify fusible operator sequences—for
example, fusing element-wise operations following matrix
multiplication. However, fusion decisions must be made be-
fore optimization based on predetermined patterns, limiting
their effectiveness. The systems cannot discover novel fu-
sion opportunities that require algebraic transformation. For
instance, they cannot automatically discover that QKV pro-
jection and attention can be fused after algebraic reordering
(Figure 4), since this requires interleaving their computations
rather than simple adjacency.

Operator-level optimization. Tensor compilers optimize
individual operators through loop transformations. Halide [36],
AutoTVM [11], and TorchInductor [5] apply loop transfor-
mations on templates. FlexTensor [65] and Ansor [62] au-
tomatically generate templates. TensorIR [16] focuses on
tensorization, Tiramisu [6] and AKG [61] utilize polyhedral
representation, while TACO [24] and UCF [52] target sparse
operators. However, these approaches optimize operators
independently, missing cross-operator opportunities that
Trinity captures through tile-level optimization.

Joint optimization attempts. Recent work targets specific
aspects of multi-level optimization: Welder [41] improves
memory reuse through tile-level scheduling, ASPEN [35]
removes synchronization barriers, Rammer [28] optimizes
kernel scheduling, ALT [56] jointly optimizes layout and
loops within operators. In the context of spatial accelera-
tors, AMOS [64] and Marvel [9] automate tile-level mapping
and dataflow decisions, jointly reasoning about computation
partitioning, memory hierarchy usage, and on-chip commu-
nication. Korch [22] and Souffle [54] find optimal kernel
boundaries top-down, and Relax [26] unifies abstractions
for dynamic shapes. Each addresses specific optimization
goals with specialized techniques. Trinity provides a gen-
eral framework where these optimizations emerge naturally
from equality saturation without hard-coding strategies.
Mirage [53], the most recent related work, explores joint
transformations but exhaustively generates pGraphs by in-
crementally adding operators. This exponential approach
forces partitioning into small fragments (5 kernels, 11 block
operators), preventing cross-partition optimizations.
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Equality saturation [43] is being adopted in various do-
mains to replace heuristic optimizations. Cranelift [8] is a
compiler backend for code generation, which embeds multi-
pass optimizations into rewrite rules under the equality satu-
ration framework. TENSAT [59] performs tensor-level graph
optimization, while SPORES [50] performs sketch-based pro-
gram optimization using equality saturation.

Limitations and future opportunities. Our work presents
significant opportunities for future research. (1) By adding
operators and rewrite rules to support backpropagation graphs
and training-time optimization, Trinity could be extended
to optimize training workloads. (2) We are confident that
Trinity can be extended to support the advanced GPU com-
ponents and optimizations of NVIDIA’s Hopper architec-
tures, such as warp specialization and TMA units, which are
necessary for FlashAttention3 [39], for further performance
improvement. Currently, Trinity relies on Triton and does
not yet support these features. (3) Trinity can be extended
to support novel mathematical operators introduced by new
models. For instance, we can support grouped query atten-
tion [2] by introducing rewrite rules for hierarchical tiling on
the same axis to enable parallel reduction. (4) Trinity strug-
gles with very large programs (e.g., combined attention and
FFN) despite equality saturation’s improved scalability. This
stems from applying all rules uniformly for fixed iterations;
larger programs require more selective rule application.

8 Conclusion

Trinity fundamentally rethinks tensor program optimization
by introducing tile-level equality saturation, automatically
discovering optimizations that previously required manual
expertise. The key insight is that optimal performance re-
quires jointly optimizing three interdependent dimensions:
algebraic equivalence, memory I/O, and compute orchestra-
tion. By applying equality saturation at tile granularity, Trin-
ity discovers complex optimizations that existing systems
miss. Our IR and two-pass extraction algorithm make this
joint optimization tractable, achieving up to 2.09% speedup
over existing state-of-the-art systems. Trinity demonstrates
that sophisticated kernel optimizations emerge naturally
from systematic exploration rather than manual engineer-
ing.
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A List of Transformation Rules

A.1 Loop Transformations

Rule Name

IR transformation

Safety Condition

seq-comm

(seq a b) — (seq b a)

VYvarevars(a)Uvars(b).
no_dep(a->b, var)

&& a != (seq ...)

&& b != (seq ...)

seg-comm-tail

(seq a (seq b tail)) — (seq b (seq a tail))

VYvarevars(a)Uvars(b).
no_dep(a->b, var)

&& a != (seq ...)

&& b != (seq ...)

loop-fusion

(seq (loop n tile_n var body1)
(seq (loop n tile_n var body2) others))
— (seq (loop n tile_n var (seq bodyl body2)) others)

no_raw_waw_dep(
body1->body2, var)

loop-fusion-
tail

(seq (loop n tile_n var body1) (loop n tile_n var body2))
— (loop n tile_n var (seq bodyl body2))

no_raw_waw_dep(
body1->body2, var)

loop-fission-
tail

(seq (loop @ n tile_n var (seq bodyl body2)) others)
— (seq (loop @ n tile_n var body1)
(seq (loop @ n tile_n var body2) others))

no_raw_waw_dep(
body1->body2, var)

loop-fission

(loop @ n tile_n var (seq bodyl body2))
— (seq (loop @ n tile_n var body1)
(loop @ n tile_n var body2))

no_raw_waw_dep(
body1->body2, var)

1zzg;tion1— (seq (loop @ n tile_n var bodyl) (seq body2 others)) no_raw_waw_dep(
tail — (seq (loop @ n tile_n var (seq bodyl body2)) others) body1->body2, var)
=
loop- (seq (loop @ n tile_n var bodyl) body2) body2 1= (seq ...)
insertionl — (loop @ n tile_n var (seq bodyl body2)) 88 no_raw_waw_dep(
P - q y y body1->body2, var)
1:22;tion2— (seq bodyl (seq (loop @ n tile_n var body2) others)) no_raw_waw_dep(
tail — (seq (loop @ n tile_n var (seq bodyl body2)) others) body1->body2, var)
loop- (seq body1l (loop @ n tile_n var body2)) no_raw_waw_dep(
insertion2 — (loop @ n tile_n var (seq bodyl body2)) body1->body2, var)

loop-invar-
code-motion

(loop @ n tile_n var body) — body

var ¢ vars(body)
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alge-factor-

(loop @ n tile_n var
(store b (+ (* (load b idx) accm) (/ vall val2)) idx))

loop-body- — (seq (loop @ n tile_n var var ¢ vars(val2)
div (store b (+ (* (load b idx) accm) vall) idx))
(store b (/ (load b idx) val2) idx))
(seq (loop @ n tile_n var
alge-factor- (store b (+ (* (load b idx) accm) (/ vall val2)) idx)) others)
loop-body- — (seq (loop @ n tile_n var var ¢ vars(val2)
div-tail (store b (+ (* (load b idx) accm) vall) idx))
(seq (store b (/ (load b idx) val2) idx) others))
(loop @ n tile_n var
alge-factor- (store b (+ (* (load b idx) accm) (* vall val2)) idx))
loop-body- — (seq (loop @ n tile_n var var ¢ vars(val2)
mul (store b (+ (* (load b idx) accm) vall) idx))
(store b (* (load b idx) val2) idx))
(seq (loop @ n tile_n var
alge-factor- (store b (+ (* (load b idx) accm) (* vall val2)) idx)) others)
loop-body- — (seq (loop @ n tile_n var var ¢ vars(val2)
mul-tail (store b (+ (* (load b idx) accm) vall) jidx))

(seq (store b (*x (load b idx) val2) idx) others)
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A.2 Algebraic Transformations

ASPLOS °26, March 22-26, 2026, Pittsburgh, PA, USA

Rules IR transformation Safety Condition
comm-add (+ab) - (+ba)

assoc-add (+a(+tbc) - (+ (+ab)o

assoc-add2 (+ (+ab)c) —» (+a(+bc)

comm-mul (*ab) - (xba)

assoc-mul (*a(*xbc)) - (x (*xab)c)

assoc-mul2 (*x (*xab)c) —» (xa(xbc))

assoc-matmul

(matmul a (matmul b ¢)) — (matmul (matmul a b) c)

assoc-matmul2

(matmul (matmul a b) c¢) — (matmul a (matmul b c))

assoc-div-matmul

(matmul (/ a (bcast b axis)) ¢)
— (/ (matmul a c) (bcast b axis))

dist-mul-add

(*a(+bc)) = (+(xab) (*ac)

dist-mul-sub

(*a(-bc) — (- (xab) (xac)

dist-matmul-add

(matmul a (+ b ¢)) — (+ (matmul a b) (matmul a c))

dist-matmul-sub

(matmul a (- b ¢)) — (- (matmul a b) (matmul a c))

factor-mul-add

(+ (xab) (xac) — (xa(+bc)

factor-mul-sub

(- (xab)y (*xac)) — (xa(-boc))

factor-matmul-add

(+ (matmul a b) (matmul a ¢)) — (matmul a (+ b ¢))

factor-matmul-sub

(- (matmul a b) (matmul a c)) — (matmul a (- b ¢))

exp-mul (* (exp a) (exp b)) — (exp (+ a b))
exp-div (/ (exp a) (exp b)) — (exp (- a b))
expo (exp 0) — 1

recip-mul-div

(*x (/1 x) — 1

geometry-of-concat

(concat (concat x z @) (concat y w @) 1)
— (concat (concat x y 1) (concat z w 1) 0)

geometry-of-concat-inv

(concat (concat x y 1) (concat z w 1) 0)
— (concat (concat x z @) (concat y w @) 1)

operator-commé

(+ (concat x z a) (concat y w a))
— (concat (+ x y) (+ z w) a)

operator-commé-inv

(concat (+ xy) (+ z w) a)
— (+ (concat x z a) (concat y w a))

operator-comm?7

(* (concat x z a) (concat y w a))
— (concat (* x y) (¥ z w) a)

operator-comm7-inv

(concat (* x y) (x z w) a)
— (* (concat x z a) (concat y w a))

concat-and-matmul®

(matmul x (concat y z 1))
— (concat (matmul x y) (matmul x z) 1)

concat-and-matmul@-inv

(concat (matmul x y) (matmul x z) 1)
— (matmul x (concat y z 1))

concat-and-matmull

(+ (matmul a b) (matmul c d))
— (matmul (concat a ¢ 1) (concat b d @))

concat-and-matmull-inv

(matmul (concat a ¢ 1) (concat b d 0))
— (+ (matmul a b) (matmul c d))
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B Implementation Details
B.1 Trinity implementation

We implement our end-to-end tensor program optimizer based on the Rust egg library [51], which is an e-graph framework
optimized for equality saturation. It provides convenient APIs and utilities for defining custom IRs and rewrite rules. In
particular, egg provides a feature called e-class analysis, which enables rewrites that account not only for syntax but also for
semantics. Trinity leverages this to track memory dependencies by recording read/write accesses in each e-class and to check
tile shapes. Additionally, to reduce overhead, algorithms for rewrite pattern matching like illegal sequence flattening and
expression propagation are triggered only when changes occur in e-class analysis.

Trinity applies rewrite rules for up to 10 iterations. While ideally the process continues until the e-graph saturates, we
observe that applying up to 10 iterations consistently yields meaningful performance improvements. Beyond that point, further
rewrites mostly involve redundant commutativity among operations, resulting in negligible performance gains.

Using operations in Table 1, we can represent activation functions used in our benchmark such as SiLU, tanh, and softmax.
Trinity is an extensible system allowing new operators and rewrite rules, such as max and er f, to represent ReLU and GELU.
During profiling in a cloud environment, we observed no signs of throttling. Furthermore, multiple profiling runs produced
consistent results.

B.2 Mirage Implementation

To measure the latency of various attention or MLP kernels, we modified several configurations in Mirage v0.2.4. Since valid
uGraphs could not be found with the default settings, we increased the maximum number of kernel graph operations from 5
to 7, based on Mirage v0.2.2, and changed the maximum number of threadblock graph operations to 11, following the recent
Mirage paper’s configurations.

Additionally, when attempting graph transpiling with version 0.2.4 on H100 environments, we encountered compiler
assertion failures. To resolve this issue, we modified the code to use the same graph transpiler for H100 environments as the
one used for A100.

When implementing each attention or MLP kernel in Mirage, we included as many Mirage-supported operations as possible.
However, in cases where graph exploration was not feasible or operations were unsupported, we replaced them with PyTorch
operators.

B.3 FlashTensor Implementation

Our evaluation of FlashTensor as a baseline faced several implementation challenges. First, its current implementation focuses
solely on attention operations, leaving essential operators unsupported—specifically, reduce sum, sigmoid, and square root.
Second, FlashTensor relies on heuristic-based rules for kernel partitioning, which leads to “bad partitioning” when extending
beyond predefined attention patterns. To ensure a fair comparison, we adopted the following approach. For operations not
supported by FlashTensor, such as QKV projections and normalization layers, we implemented them using PyTorch and
measured their performance independently.

C Why FlashAttention requires all three dimensions.

Standard attention implementations [48] compute the attention head (softmax(Q - KT) - V) by first materializing the entire
intermediate tensor Q - K7 into global memory. This is because softmax includes finding the global maximum value for each
row. This requires O(N?) memory access for the sequence length of N, becoming prohibitive for long sequences.
FlashAttention’s online softmax allows tiled computation throughout the entire attention head, allowing intermediate
tensors to stay in scratchpad memory, reducing memory access from O(N?) to O(N). This optimization requires simultaneous
reasoning across all the following three dimensions:
1. Algebraic equivalence: The key insight is transforming softmax from a two-pass algorithm (compute denominator, then
normalize) to a single-pass incremental algorithm. Online softmax maintains running statistics (maximum and sum) that can
be updated as each tile arrives. When processing a new tile, it computes the local maximum and sum, updates the global
maximum as Mglohal = MaxX(Mglobal, Miocal)> and rescales the previous sum using sgiobal = Sglobal - €74~ ™¥ + sjocq1. This algebraic
transformation from standard to online softmax isn’t a simple local rewrite. It requires reorganizing the entire computation
pattern to maintain statistics incrementally rather than computing them in separate passes.
2. Memory 1/0O: The transformation only becomes profitable when combined with careful memory management. Tiles of Q,
K, and V must be loaded in a specific order, intermediate statistics (running max and sum) kept in on-chip memory across
iterations, and partial results accumulated without writing back to off-chip memory until complete. This reduces memory
traffic from O(N?) to O(N).
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Figure 9. Normalized inference latency across various benchmarks and GPU without CUDA Graphs.

3. Compute orchestration: The online softmax algorithm fundamentally changes both execution boundaries and paral-
lelization opportunities. It enforces sequential key tile processing within each query to maintain running statistics, creating
loop-carried dependencies through rescaling operations. To maximize efficiency despite this constraint, implementations fuse
QKV projection through attention into a single kernel, avoiding intermediate materialization.

D Inference latency with CUDA Graphs

CUDA Graphs are a CUDA runtime feature that records a fixed sequence of GPU operations and replays them as a single
graph, reducing launch overhead and improving performance when the execution pattern is highly regular. Figure 9 shows
normalized inference latency with CUDA Graphs enabled. As shown, Trinity still outperforms baselines when CUDA Graphs
are applied.

However, CUDA Graphs are applicable only under restricted conditions-requiring static shapes and stable execution paths-
and most baselines do not enable them in their default evaluation modes. To maintain fairness and reflect commonly deployable
settings, our main evaluation does not include CUDA Graph results.

E Trinity IR Programs for Benchmarks

We present several examples of Trinity IR along with the corresponding hardware kernel code generated from it. For brevity,
only the function body of each hardware kernel is shown. Note that boilerplate code such as offset, mask, and block size is also
automatically generated by Trinity.

Figure 10 shows our IR for the entire Vanilla architecture described in § 5.3, and Figure 11 presents the hardware kernel
automatically generated from it. Figure 12 shows our best IR for the entire KeyFormer architecture described in § 6.3 on
H100, and Figure 13 presents the hardware kernel automatically generated from it. Figure 14 shows our best IR for the entire
KeyFormer architecture described in § 6.3 on RTX 4090, and Figure 15 presents the hardware kernel automatically generated
from it.
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(loop © 4096 128 n (seq
(loop © 4096 tile k k k
(store (tensor Q1,K1,V1)
(+(* (load (tensor Q1,K1,V1) (index fulltile (tile n))) 1)
(matmul (load (input X) (index fulltile (tile k)))
(load (input WQ,WK,WV) (index (tile k) (tile n))))
) (index fulltile (tile n))))
(seq
(loop © 1024 tile p p p
(seq dummy (seq
(store (tensor Q,K,V)
(permute3 (unsqueeze (load (tensor Q1,K1,V1) (index fulltile (tile n))) 1) 1 @ 2)
(index (elem n) fulltile fulltile))
(seq
(store (input K_cache,V_cache)
(load (tensor K,V) (index (elem n) fulltile fulltile))
(index (elem n) (const_tile 1008 16) fulltile))
(seq dummy (seq
(store (tensor C_exp)
(exp
(matmul (load (tensor Q) (index (elem n) fulltile fulltile))
(permute3 (load (input K_cache) (index (elem n) (tile p) fulltile)) © 2 1))
) (index (elem n) fulltile (tile p)))
(seq
(store (tensor C_sum)
(+(rsum (load (tensor C_exp) (index (elem n) fulltile (tile p))) 2)
(* 1 (load (tensor C_sum) (index (elem n) fulltile)))
) (index (elem n) fulltile))
(store (tensor 0)
(+(matmul (load (tensor C_exp) (index (elem n) fulltile (tile p)))
(load (input V_cache) (index (elem n) (tile p) fulltile)))
(* 1 (load (tensor 0) (index (elem n) fulltile fulltile)))
) (index (elem n) fulltile fulltile)))))))))
(seq (loop © 1024 tile p p dummy )) (seq
(store (tensor 0)
(/(load (tensor 0) (index (elem n) fulltile fulltile))
(bcast (load (tensor C_sum) (index (elem n) fulltile)) 2)
) (index (elem n) fulltile fulltile))
(seq dummy (store (output 02)
(squeeze (permute3 (load (tensor 0) (index (elem n) fulltile fulltile)) 1 @ 2) 1)
(index fulltile (tile n))))))))

Figure 10. The highest performance IR of Vanilla architecture on NVIDIA H100 GPU.
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C_exp = tl.zeros((1, M, BLOCK P), dtype=tl.float32)
C_sum = tl.zeros((1, M), dtype=tl.float32)

K = tl.zeros((1, M, D), dtype=tl.floatl6)

1 = tl.zeros((M, BLOCK_N), dtype=tl.floatl6)

= tl.zeros((1, M, D), dtype=tl.float32)

= tl.zeros((1, M, D), dtype=tl.floatl6)

1 = tl.zeros((M, BLOCK_N), dtype=tl.floatl6)

= tl.zeros((1, M, D), dtype=tl.floatl6)

V1 = tl.zeros((M, BLOCK_N), dtype=tl.floatl6)

K
0
Q
Q
v

n =0 + tl.program_id(®) * BLOCK_N

for k in range(©, 4096, BLOCK_K):
temp_0 = tl.load(X_ptr + offset_©, mask=mask_©, other=0.0)
temp_1 = tl.load(WQ_ptr + offset_1, mask=mask_1, other=0.0)
Q1 = (tl.dot(temp_0, temp_1).to(tl.floatl6) + (Q1 * 1).to(tl.floatl6)).to(tl.floatle6)
temp 2 = tl.load(WK_ptr + offset 2, mask=mask 2, other=0.0)
(tl.dot(temp_0, temp_2).to(tl.floatl6) + (K1 * 1).to(tl.floatl6)).to(tl.floatl6)
_3 = tl.load(WV_ptr + offset_3, mask=mask_3, other=0.0)
(tl.dot(temp_0, temp_3).to(tl.floatl6) + (V1 * 1).to(tl.floatl6)).to(tl.floatl6)

K1
tem
Vi

o |1

for p in range(@, 1024, BLOCK_P):
temp_4 = tl.expand_dims(Q1, 1)
Q = tl.permute(temp_4, (1, 9, 2))
temp_5 = tl.expand_dims(K1, 1)
K = tl.permute(temp_5, (1, 0, 2))
temp_6 = tl.expand_dims(V1i, 1)
V = tl.permute(temp_6, (1, 9, 2))
tl.store(K_cache_ptr + offset_4, K)
tl.store(V_cache_ptr + offset_5, V)
temp_7 = tl.load(K_cache_ptr + offset_6, mask=mask_4, other=0.0)
temp_8 = tl.permute(temp_7, (0, 2, 1))
C_exp = tl.exp(tl.dot(Q, temp_8).to(tl.float32))
C_sum = ((C_sum * 1) + tl.sum(C_exp, axis=2))
temp_9 = tl.load(V_cache ptr + offset 7, mask=mask 5, other=0.0)
0= ((0 * 1) + tl.dot(C_exp, temp 9.to(tl.float32)))

0= (0 / C_sum[:, :, Nonel)
temp_10 = tl.permute(O, (1, @, 2))
tl.store(02_ptr + offset_8, tl.reshape(temp_10, (M, D)).to(tl.float16), mask=mask_6)

Figure 11. The highest performance kernel of Vanilla architecture on NVIDIA H100 GPU generated from Figure 10. Boilerplate
code such as offset, mask, and block size are omitted.
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(loop © 4096 128 n (seq
(loop © 4096 tile k k (store (tensor Q1,K1,V1)
(+(matmul (load (input X) (index fulltile (tile k)))
(load (input WQ,WK,WV) (index (tile k) (tile n))))
(* 1 (load (tensor Q1,K1,V1) (index fulltile (tile n))))
) (index fulltile (tile n))))
(seq dummy (seq (store (tensor Q,K,V)
(permute3 (unsqueeze (load (tensor Q1,K1,V1) (index fulltile (tile n))) 1) 1 0 2)
(index (elem n) fulltile fulltile))
(seq (store (input K_cache,V_cache)
(load (tensor K,V) (index (elem n) fulltile fulltile))
(index (elem n) (const_tile 1008 16) fulltile))
(seq (loop © 1024 tile p p (store (tensor C)
(matmul (load (tensor Q) (index (elem n) fulltile fulltile))
(permute3 (load (input K_cache) (index (elem n) (tile p) fulltile)) @ 2 1)
) (index (elem n) fulltile (tile p))))
(seq (loop © 1024 tile p p (seq
(store (tensor C_perturb)
(/(+(load (tensor C) (index (elem n) fulltile (tile p)))
(load (input noise) (index (elem n) fulltile (tile p)))
) 1.5) (index (elem n) fulltile (tile p)))
(store (tensor C_exp,C_exp_perturb)
(exp (load (tensor C,C_perturb) (index (elem n) fulltile (tile p))))
(index (elem n) fulltile (tile p)))))
(seq (loop @ 1024 tile p p (store (tensor C_sum,C_sum_perturb)
(+(rsum (load (tensor C_exp,C_exp_perturb) (index (elem n) fulltile (tile p))) 2)
(* 1 (load (tensor C_sum,C_sum_perturb) (index (elem n) fulltile))))
(index (elem n) fulltile)))
(seq (loop © 1024 tile p p (seq dummy
(seq dummy (store (output C_out)
(rsum (/(load (tensor C_exp_perturb) (index (elem n) fulltile (tile p)))
(bcast (load (tensor C_sum_perturb) (index (elem n) fulltile)) 2)) 1)
(index (elem n) (tile p))))))
(seq (loop © 1024 tile p p (store (tensor 0)
(+(matmul (load (tensor C_exp) (index (elem n) fulltile (tile p)))
(load (input V_cache) (index (elem n) (tile p) fulltile)))
(* 1 (load (tensor 0) (index (elem n) fulltile fulltile))))
(index (elem n) fulltile fulltile)))
(seq (store (tensor 0)
(/(load (tensor 0) (index (elem n) fulltile fulltile))
(bcast (load (tensor C_sum) (index (elem n) fulltile)) 2))
(index (elem n) fulltile fulltile))
(seq dummy (store (output 02)
(squeeze (permute3
(load (tensor 0) (index (elem n) fulltile fulltile))l © 2) 1)
(index fulltile(tile n))

))))))))))))

Figure 12. The highest performance IR of KeyFormer architecture on NVIDIA H100 GPU.
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C_perturb = tl.zeros((1, M, BLOCK_P), dtype=tl.floatl6)
C_sum = tl.zeros((1, M), dtype=tl.float32)
C_sum_perturb = tl.zeros((1, M), dtype=tl.float32)

K1 = tl.zeros((M, BLOCK_N), dtype=tl.floatl6)

0 = tl.zeros((1, M, D), dtype=tl.float32)

Q1 = tl.zeros((1, M, D), dtype=tl.floatl6)

V1 = tl.zeros((M, BLOCK_N), dtype=tl.floatl6)

n =0 + tl.program_id(©) * BLOCK_N
for k in range(@, 4096, BLOCK K):
temp_0 = tl.load(X_ptr + offset_©, mask=mask_©, other=0.0)
temp_1 = tl.load(WQ ptr + offset_ 1, mask=mask_1, other=0.0)
Q1 = (tl.dot(temp_0, temp_1).to(tl.floatl6) + (1 * Q1l).to(tl.floatl6)).to(tl.floatl6)
= tl.load(WK_ptr + offset_2, mask=mask_2, other=0.0)
tl.dot(temp_0, temp_2).to(tl.floatl6) + (1 * K1).to(tl.floatl6)).to(tl.floatl6)
= tl.load(WV_ptr + offset_3, mask=mask_3, other=0.0)
tl.dot(temp_0, temp_3).to(tl.floatle) + (1 * V1).to(tl.floatl6)).to(tl.floatl6)
temp_4 = tl.expand_dims(Q1, 1)
Q = tl.permute(temp 4, (1, 9, 2))
temp_5 = tl.expand_dims(K1, 1)
K = tl.permute(temp_5, (1, 0, 2))
temp_6 = tl.expand_dims(V1i, 1)
V = tl.permute(temp_6, (1, 0, 2))
tl.store(K_cache_ptr + offset_4, K)
tl.store(V_cache_ptr + offset 5, V)
for p in range(@, 1024, BLOCK_P):
temp_7 = tl.load(K_cache_ptr + offset_6, mask=mask_4, other=0.0)
temp_8 = tl.permute(temp_7, (@0, 2, 1))
tl.store(C_ptr + offset_7, tl.dot(Q, temp_8).to(tl.floatl6), mask=mask_5)
for p in range(@, 1024, BLOCK_P):
temp_9 = tl.load(C_ptr + offset 8, mask=mask 6, other=0.0)
temp_10 = tl.load(noise ptr + offset_ 9, mask=mask_7, other=0.0)
C_perturb = ((temp_9 + temp_10).to(tl.floatl6) / 1.5).to(tl.floatl6)
tl.store(C_exp_ptr + offset_10, tl.exp(temp_9.to(tl.float32)), mask=mask_8)
tl.store(C_exp_perturb_ptr + offset_11, tl.exp(C_perturb.to(tl.float32)), mask=mask_9)
for p in range(©, 1024, BLOCK_P):
temp_11 = tl.load(C_exp_ptr + offset 12, mask=mask 10, other=0.0)
C_sum = (tl.sum(temp_11, axis=2) + (1 * C_sum)))
temp_12 = tl.load(C_exp_perturb_ptr + offset_ 13, mask=mask_11, other=0.0)
C_sum_perturb = (tl.sum(temp_12, axis=2) + (1 * C_sum_perturb))
for p in range(©, 1024, BLOCK_P):
temp_13 = tl.load(C_exp_perturb_ptr + offset_14, mask=mask_12, other=0.0)
tl.store(C_out_ptr + offset_ 15, tl.sum((temp_13 / C_sum_perturb[:, :,
None]).to(tl.floatl6), axis=1, dtype=tl.floatl6), mask=mask_13)
for p in range(©, 1024, BLOCK_P):
temp_14 = tl.load(C_exp_ptr + offset_16, mask=mask_14, other=0.0)
temp_15 = tl.load(V_cache_ptr + offset_17, mask=mask_15, other=0.0)
0 = (tl.dot(temp_14, temp_15.to(tl.float32)) + (1 * 0))
0= (0 / C_sum[:, :, Nonel)
temp_16 = tl.permute(O, (1, @, 2))
tl.store(02_ptr + offset_18, tl.reshape(temp_16, (M, D)).to(tl.floatl6), mask=mask_16)

Figure 13. The highest performance kernel of KeyFormer architecture on NVIDIA H100 GPU generated from Figure 12.
Boilerplate code such as offset, mask, and block size are omitted.
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(loop © 4096 64 n (seq
(loop © 4096 tile_k k (store (tensor Q1,K1,V1)
(+(* (load (tensor Q1,K1,V1) (index fulltile (tile n))) 1)
(matmul (load (input X) (index fulltile (tile k)))
(load (input WQ,WK,WV) (index (tile k) (tile n)))))
(index fulltile (tile n))))
(seq (loop 0 1024 tile_p p (seq dummy
(seq (store (tensor Q,K,V)
(permute3 (unsqueeze (load (tensor Q1,K1,V1) (index fulltile (tile n))) 1) 1 @ 2)
(index (elem n) fulltile fulltile))
(seq (store (input K_cache,V_cache)
(load (tensor K,V) (index (elem n) fulltile fulltile))
(index (elem n) (const_tile 1008 16) fulltile))
(seq (store (tensor C)
(matmul (load (tensor Q) (index (elem n) fulltile fulltile))
(permute3 (load (input K_cache) (index (elem n) (tile p) fulltile)) © 2 1))
(index (elem n) fulltile (tile p)))
(seq (store (tensor C_perturb)
(/(+(matmul (load (tensor Q) (index (elem n) fulltile fulltile))
(permute3 (load (input K_cache) (index (elem n) (tile p) fulltile)) © 2 1))
(load (input noise) (index (elem n) fulltile (tile p)))) 1.5)
(index (elem n) fulltile (tile p)))
(seq (store (tensor C_exp,C_exp_perturb)
(exp (load (tensor C,C_perturb) (index (elem n) fulltile (tile p))))
(index (elem n) fulltile (tile p)))
(seq (store (tensor C_sum,C_sum_perturb)
(+(* 1 (load (tensor C_sum,C_sum_perturb) (index (elem n) fulltile)))
(rsum (exp
(load (tensor C,C_perturb) (index (elem n) fulltile (tile p)))) 2))
(index (elem n) fulltile))
(store (tensor 0)
(+(* (load (tensor 0) (index (elem n) fulltile fulltile)) 1)
(matmul (load (tensor C_exp) (index (elem n) fulltile (tile p)))
(load (input V_cache) (index (elem n) (tile p) fulltile))))
(index (elem n) fulltile fulltile))))))))))
(seq (loop © 1024 tile p p dummy)
(seq (loop @ 1024 tile p p (seq dummy (store (output C_out)
(rsum
(/(load (tensor C_exp_perturb) (index (elem n) fulltile (tile p)))
(bcast (load (tensor C_sum_perturb) (index (elem n) fulltile)) 2)) 1)
(index (elem n) (tile p)))))
(seq (store (tensor 0)
(/(load (tensor 0) (index (elem n) fulltile fulltile))
(bcast (load (tensor C_sum) (index (elem n) fulltile)) 2))
(index (elem n) fulltile fulltile))
(seq dummy (store (output 02)
(squeeze (permute3
(load (tensor 0) (index (elem n) fulltile fulltile)) 1 © 2) 1)
(index fulltile (tile n))
))))))))

Figure 14. The highest performance IR of KeyFormer architecture on NVIDIA RTX4090 GPU.
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C = tl.zeros((1, M, BLOCK_P), dtype=tl.floatl6)
C_exp = tl.zeros((1, M, BLOCK_P), dtype=tl.float32)
C_perturb = tl.zeros((1, M, BLOCK P), dtype=tl.floatl6)
C_sum = tl.zeros((1, M), dtype=tl.float32)
C_sum_perturb = tl.zeros((1, M), dtype=tl.float32)
K = tl.zeros((1, M, D), dtype=tl.floatl6)

K1 = tl.zeros((M, BLOCK _N), dtype=tl.floatl6)

0 = tl.zeros((1, M, D), dtype=tl.float32)

Q = tl.zeros((1, M, D), dtype=tl.floatl6)

Q1 = tl.zeros((M, BLOCK _N), dtype=tl.floatl6)

V = tl.zeros((1, M, D), dtype=tl.floatl6)

V1 = tl.zeros((M, BLOCK_N), dtype=tl.floatl6)

n =0 + tl.program_id(@) * BLOCK_N
for k in range(@, 4096, BLOCK K):

temp_0 = tl.load(X_ptr + offset_0, mask=mask_©, other=0.0)

temp_1 = tl.load(WQ ptr + offset_1, mask=mask 1, other=0.0)

QL = ((Q1 * 1).to(tl.floatl6) + tl.dot(temp_O, temp_1).to(tl.floatl6)).to(tl.floatl6)

temp_2 = tl.load(WK_ptr + offset_2, mask=mask_2, other=0.0)

K1 = ((K1 * 1).to(tl.floatl6) + tl.dot(temp_©, temp_2).to(tl.floatl6)).to(tl.floatl6)

temp_3 = tl.load(WV_ptr + offset 3, mask=mask 3, other=0.0)

V1 = ((V1 * 1).to(tl.floatle) + tl.dot(temp_O, temp_3).to(tl.floatl6)).to(tl.floatl6)
for p in range(@, 1024, BLOCK P):

temp_4 = tl.expand_dims(Q1, 1)

Q = tl.permute(temp 4, (1, 0, 2))

temp_5 = tl.expand_dims(K1, 1)

K = tl.permute(temp_5, (1, 0, 2))

temp_6 = tl.expand_dims(V1, 1)

V = tl.permute(temp_6, (1, 9, 2))

tl.store(K_cache_ptr + offset_4, K)

tl.store(V_cache_ptr + offset_5, V)

temp_7 = tl.load(K_cache ptr + offset 6, mask=mask 4, other=0.0)

temp_8 = tl.permute(temp_7, (0, 2, 1))

C = tl.dot(Q, temp_8).to(tl.floatl6)

temp_9 = tl.permute(temp_7, (9, 2, 1))

temp_10 = tl.load(noise_ptr + offset_7, mask=mask_ 5, other=0.0)

C_perturb = ((tl.dot(Q, temp_9).to(tl.floatl6) + temp_10).to(tl.floatl6) / 1.5)

C_exp = tl.exp(C.to(tl.float32))

tl.store(C_exp_perturb_ptr + offset_8, tl.exp(C_perturb.to(tl.float32)).to(tl.floatl6),
mask=mask_6)

C_sum = ((1 * C_sum) + tl.sum(tl.exp(C.to(tl.float32)), axis=2,
dtype=tl.floatl6)).to(tl.floatl6)

C_sum_perturb = ((1 * C_sum_perturb) + tl.sum(tl.exp(C_perturb.to(tl.float32)), axis=2,
dtype=tl.float16)).to(tl.float16)

temp_11 = tl.load(V_cache_ptr + offset_9, mask=mask_7, other=0.0)

0= ((0* 1) + tl.dot(C_exp, temp_11.to(tl.float32))).to(tl.floatl6)
for p in range(©, 1024, BLOCK_P):

temp_12 = tl.load(C_exp_perturb_ptr + offset_10, mask=mask_8, other=0.0)

tl.store(C_out_ptr + offset_11, tl.sum((temp_12 / C_sum_perturb[:, :,
None]).to(tl.floatl6),
axis=1, dtype=tl.float16), mask=mask_9)
0= (0 / C_sum[:, :, None])
temp_13 = tl.permute(O0, (1, 0, 2))
tl.store(02_ptr + offset_12, tl.reshape(temp_13, (M, D)).to(tl.float1l6), mask=mask_10)

Figure 15. The highest performance kernel of KeyFormer architecture on NVIDIA RTX4090 GPU generated from Figure 14.
Boilerplate code such as offset, mask, and block size are omitted.
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A Artifact Appendix
A.1 Abstract

This artifact contains Trinity, a tensor program optimizer that achieves joint optimization through tile-level equality saturation.
The artifact includes: (1) the equality saturation engine implemented in Rust using the egg library and (2) a backend that
lowers optimized IR to Triton kernels. The artifact enables reproduction of all performance results in the paper.

A.2 Artifact check-list (meta-information)

Compilation: Rust(cargo), Triton JIT compilation

Metrics: Kernel latency (us), compile time (s), speedup ratio

Output: An optimized GPU kernel file along with numerical latency measurement for that kernel.

How much disk space required (approximately)?: 5GB

How much time is needed to prepare workflow (approximately)?: 10 minutes

How much time is needed to complete experiments (approximately)?: 4~8 hours (depending GPU and number of benchmarks)

A.3 Description

How to access: Clone repository from Github (https://github.com/kaist-ina/Trinity-AE).=

Hardware dependencies: We evaluate both cloud and on-premise GPU platforms, including GCP a3-highgpu-1g (H100 80
GB) and a2-highgpu-1g (A100 40 GB), as well as local RTX 5090 and RTX 4090 servers equipped with Intel Xeon Silver 4210R
CPUs and 208 GB system memory.

Software dependencies: Rust 1.75+, Python 3.11+, PyTorch 2.8.0, Triton 3.4.0, TensorRT 10.10.0.31, FlashInfer 0.5.3
A.4 Installation & Basic test

sudo apt-get install libz3-dev
cd backend
pip install -r requirements.txt

To verify that the artifact is set up correctly, we provide a minimal test command that checks the basic functionality.

cd backend
python run_eval.py --o 2 --m llama --t vanilla --n 946

If the test is successful, the script will generate a Triton kernel file for the specified IR case without runtime errors.

A.5 Experiment workflow

The workflow of Trinity consists of three main steps: IR optimization, profiling-based kernel selection, and performance evaluation.
First, Trinity starts from an initial IR. This IR is passed to the optimizer, where equality saturation is applied to explore a
large space of semantically equivalent IRs. As a result, the optimizer produces a final list of candidate IR expressions with
high performance potential. Second, the generated IR list is passed to the profiling stage. For each IR candidate, the backend
generates corresponding Triton GPU code and measures its execution time. Through this profiling process, Trinity identifies the
best-performing kernel among all IR candidates. Finally, the selected best kernel is compared against baseline implementations
to evaluate its performance. This comparison quantifies the performance benefits achieved by Trinity through IR-level
optimization and profiling-based kernel selection.

A.6 Evaluation and expected results

1. IR Optimization: In the first stage, equality saturation and cost model are applied to a base IR which is defined in the
optimizer test file. You can follow this command to generate the IR candidates:

1 cd optimizer
# compile for all test case
3 ./run_all_optimizer_test.sh
« # compile for single test
5 cargo test --test {test_file} {test_function} -- --nocapture

The resulting IR candidate lists are pre-generated and stored in backend/evaluation/, organized by architecture. These
results are used directly in the kernel generation strategy to ensure reproducibility
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. Profiling-based Kernel Selection: In the second stage, backend evaluates the IR candidates produced by optimizer.

Using the IR lists obtained from the first stage, profiling benchmarks are executed to identify the fastest-performing kernel.
When the profiling finishes, the top-5 fast IR candidates and their execution times are saved in the top5. json file under
each architecture directory in backend/evaluation/.

cd backend
# Profiling for specific architecture
python profile/{method}_{model}_benchmark.py --all

. Performance Evaluation: Finally, we measure the latency of the best kernel obtained through profiling and compare it

against other baselines. We have pre-stored the best kernels identified through profiling in our environment in the results
and figure67 directory. Using these kernels, our experiments for Figures 5 to 7 and Table 2 can be reproduced as follows.
We measured latency three times and report the minimum value.

cd backend

# Run all benchmarks (figure 5), GPU: 5090, A100, H100
./scripts/evaluate_all.sh {GPU}

# Run for figure 6 & 7

./scripts/evaluate67.sh

Depending on your profiling environment, the best IR identified may differ from the one we provided. The procedure for
measuring the latency of custom IR is described below. The available command-line options denoted by [options] are
summarized in Table 3

cd backend
# Run for single test case
python run_eval.py [options]

Option Description Default

--m Model type (11ama, falcon) 1lama

--t Architecture (vanilla, prenorm, gknorm, keyformer, roco, ffn) vanilla

--n IR case number N/A

--0 0: convert IR to Triton only/ 1: run benchmark only/ 2: convert and run benchmark 2

--d CUDA device number 0

--baseline trinity, tensorrt, pytorch, inductor, flashinfer, flashtensor All(if not specified)
--print_output Print kernel output values off

Table 3. Command-line options for single evaluation

By following the provided instructions, the experimental results are expected to reproduce the main findings reported
in the paper. In particular, the measured inference latency should be consistent with the trends shown in Figures 5 to 7
and Table 2, demonstrating that Trinity achieves lower latency compared to existing baselines across various Transformer
architectures and GPU platforms. Minor numerical differences may occur depending on the hardware environment and
system configuration, but the overall relative performance trends should remain consistent.

A.7 Mirage Experiments

Among our baselines, Mirage can be executed as follows.

cd backend/mirage_eval

# Install dependency

uv sync &% . .venv/bin/activate

# Run for benchmark and remove cache for the next benchmark
python benchmark/mirage/vanilla.py && rm *. json
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