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Abstract

Large language models increasingly need to generate structured outputs
that conform to predefined schemas, with one common constraint being
selection from a finite set of valid strings. Current constrained decoding
systems handle this through general-purpose grammar compilation, which
becomes prohibitively slow as the number of valid values grows into the
thousands, a cardinality wall. We introduce the trie automaton, a special-
ized mechanism that exploits finite-set structure (shared prefixes, bounded
depth, known cardinality) via Aho-Corasick multi-pattern matching to
precompute per-node token masks. The trie achieves 7 x faster per-step
valid-token computation (0.65us vs. 5.8jis) compared to XGrammar, one of
the primary backends in vLLM and SGLang, and 2-6.5x faster compilation
at K > 300. Because precomputed masks enable a stateless serving path
that bypasses the guided decoding pipeline, this advantage compounds in
batch serving: end-to-end vLLM throughput reaches 219 req/s vs. XGram-
mar’s 7.5 req/s at batch size 256 (29x). The 29x combines the algorithmic
speedup with integration-path savings that only precomputed masks can
unlock. Across seven tokenizer families (32K-262K vocabulary), the trie
maintains sub-100ms compilation up to K = 10,000 and flat per-step cost
regardless of set size, while guaranteeing 100% output validity.

1 Introduction

Constrained decoding has become the standard mechanism for guaranteeing that LLM
outputs conform to a schema (Willard & Louf, 2023} |Geng et al.|[2025). By masking invalid
tokens at each generation step, it eliminates malformed JSON, hallucinated field names, and
invalid values. Major LLM providers now offer it, and open-source engines like Outlines,
XGrammar (Dong et al., 2024), and SGLang (Zheng et al 2024) have made it accessible
to any application. These systems compile a JSON schema (or grammar) into a general-
purpose automaton (a finite-state machine, pushdown automaton, or Earley parser) and
use it to mask tokens at each decoding step. This architecture handles arbitrary schemas,
including nested objects, recursive structures, and complex regex patterns. However, it
applies the same general-purpose compilation pipeline to all constraints, regardless of their
actual complexity. A deeply nested recursive JSON schema and a flat list of 1,000 tool
names both undergo the same compilation pipeline, a fundamental mismatch between
general-purpose engines and simple constraints.

This uniformity creates a bottleneck for one of the most common constraints in production:
select one string from a known finite set. OpenAl’s structured outputs impose a 1,000 enum
limit (OpenAl, 2024), Google Gemini fails at approximately 120 enum values (Google} [2024),
and Anthropic’s 180-second compilation timeout (Anthropic, 2025) implies a similar wall at
a few hundred values. These limits are increasingly consequential as LLM applications shift
from open-ended generation to structured tool use. In agentic workflows, an LLM must
select which tool to invoke from a registry that may contain 500-5,000+ APIs (Qin et al.,
2024; Fei et al., 2025; Gaurav et al., 2025); as Model Context Protocol (MCP) ecosystems
grow and organizations expose internal services as tools, these registries expand rapidly,
often exceeding provider enum limits within months of deployment. The same pattern
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appears in zero-shot classification over label sets like product taxonomies (1,500+ categories),
ICD-10 medical codes (68,000 (Nguyen et al.,2023)), or legal case types (10,000+); in entity
linking against knowledge bases (De Cao et al.,|2021) with tens of thousands of entries; and
in dynamic per-query constraints from retrieval-augmented systems where the valid set
changes each query, preventing amortization of compilation costs. In all these cases, the
constraint is a finite union of strings s1|s| - - - |sx. While this is a regular language with no
Kleene star, recursion, or nested structure, current systems compile it through the same
regex-to-NFA-to-DFA pipeline used for arbitrary grammars, at a cost that grows with both
the number of strings and the alphabet size. This creates what we term the cardinality wall: a
maximum K beyond which constrained decoding becomes impractically slow.

The core insight is that different constraint types deserve different enforcement mechanisms.
A finite set of strings has exploitable structure: shared prefixes, finite depth, and known
cardinality. We introduce the trie automaton, a drop-in replacement for the FSM layer in
existing constrained decoding pipelines, specialized for finite-set constraints. It (1) builds a
character-level trie (Fredkin, 1960) directly from the set, (2) precomputes vocabulary-aware
token masks at each trie node using Aho-Corasick multi-pattern matching (Aho & Corasick|
1975) to align BPE tokens with character-level trie paths, and (3) serves masks via O(1)
cached lookups at decode time. The central algorithmic challenge is BPE-trie alignment: a
single BPE token can span multiple trie nodes, and a vocabulary of 32K-262K tokens must
be matched against every node. To our knowledge, this alignment problem has not been
addressed in the constrained decoding literature; prior trie-based work (De Cao et al., 2021)
sidesteps it by operating at token granularity. We show that it reduces to multi-pattern string
matching, solvable in time linear in the trie size rather than quadratic in the vocabulary,
enabling sub-100ms compilation up to K = 10,000. Figure [Iillustrates the cardinality wall
and how the trie automaton overcomes it, expanding the practical limit from ~1,000 to
~100,000 values while maintaining 100% constraint compliance.

This work makes two main contributions: (1) We introduce the trie automaton, a special-
ized constrained decoding backend for finite-set constraints that combines character-level
tries, Aho-Corasick multi-pattern matching, and precomputed token masks to achieve
O(|valid[s;]|) per-step masking (empirically 10-100 tokens after 3—4 characters of prefix,
yielding effectively constant cost versus the O(V - ¢) cost of general FSM approaches). The
key insight is that the BPE-trie alignment problem reduces to multi-pattern string matching,
yielding 2-6.5x faster compilation and up to 29 x higher end-to-end throughput in batch
serving: 7x from faster per-step masking, compounded by a simpler serving path that
only precomputed masks can use. (2) We empirically characterize the cardinality wall
across seven tokenizer families (32K-262K vocabulary), showing that matching enforcement
mechanisms to constraint structure, including the integration path, overcomes scaling bot-
tlenecks. Precomputed masks let the trie bypass the guided decoding pipeline entirely; FSM
approaches cannot.

2 Background and Problem Formulation

Constrained decoding restricts the model’s output distribution at each step t to tokens that
can lead to valid completions. Given a vocabulary V of size V and a regular language £
defined by a schema, the constrained distribution is:

_ Pl y<t) -Uyr € Aly<t)] 1

Pc(yt |y<t) Z(y<t) ey
where .A(y<t) C Vis the set of allowed tokens given the prefix, computed by maintaining an
FSM state s; = 6*(so, chars(y<¢)) (where §* extends the character-level transition function
to token sequences and s is the start state) and checking valid transitions; equivalently,
A(y<t) = A(st) depends only on the current state s¢, not the full prefix. An enum constraint
E ={e1, e, ..., ex} defines the regular language L¢ = {e1} U {ea} U--- U {ex}. Let Lmax =
mayx; |e¢;| be the maximum string length, ¢ the maximum token length in characters, and
|| the alphabet size (256 for byte-level BPE tokenizers, which we refer to as “characters”
throughout for readability; multi-byte UTF-8 sequences and emoji are handled naturally
since both the trie and BPE tokenizers operate at byte granularity). The standard approach
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Figure 1: (a) Compilation time vs. enum cardinality (Qwen3-8B, log-log scale). Dotted lines
mark documented provider limits (Gemini ~120, Anthropic ~200, OpenAl 1,000). The trie
is flat at 30-67ms; XGrammar crosses the trie at K~300 and reaches 2.7s at K=100K. (b)
End-to-end vLLM throughput (log scale). The 29x gap at B=256 combines 7 per-step
algorithmic advantage with integration-path savings from precomputed masks (Section .

converts the enum to a regular expression ej|ez| - - - |ex and compiles it into a deterministic
FSM. This creates problematic scaling: the DFA has O(K - Lmax) states in the worst case,
per-step masking costs O(V - £) (checking each token’s character sequence against the FSM),
and compilation costs O(K - Lmax - |2|), creating the cardinality wall observed in practice
(detailed analysis in Appendices[AJand|[G).

To illustrate concretely, consider an agentic system routing requests to the correct tool from
a registry of 2,000 APIs (Fei et al., 2025; (Gaurav et al,, [2025). FSM compilation requires
processing 15.4 million character-level transitions (25-50 seconds), while per-step masking
requires ~1.3 million effective FSM operations per tool selection when accounting for cache
effects (Appendix[F), making the system unusable for interactive workflows that demand
sub-second tool dispatch.

3 Related Work

Constrained decoding. Early approaches enforced specific constraint types: lexically
constrained beam search (Post & Vilar| 2018; |[Anderson et al.,|2017), predicate logic con-
straints (Lu et al., 2021} 2022), and incremental parsing for code generation (Scholak et al.,
2021). Outlines (Willard & Louf), [2023) introduced the dominant paradigm of compiling
JSON schemas into FSMs for token masking, extended to context-free grammars by (Geng
et al.| (2023)) and formalized by |Koo et al.|(2024). LMQL (Beurer-Kellner et al., 2023) embed-
ded constraints into a query language. Subsequent work optimized within this paradigm:
SGLang (Zheng et al| 2024) introduced jump-forward decoding, XGrammar (Dong et al.,
2024) optimized vocabulary partitioning, and SynCode (Ugare et al.,2024) and |Wang et al.
(2025)) continued this trajectory. LLGuidance (Geng et al.|[2025) takes a different approach:
an Earley parser with lazy automaton construction that avoids upfront DFA compilation.
On Qwen3-8B (151K vocabulary), LLGuidance compiles enum schemas in 0.6—24ms for
K = 10-10,000, far faster than XGrammar’s 5-695ms. However, its per-step cost remains
O(V): we measure 73-141us per mask computation, compared to our trie’s 0.65us (110
215x slower; Appendix . The two are complementary: LLGuidance excels at schema
diversity with negligible startup, while the trie exploits finite-set structure for per-step
speedups that compound in batch serving. Despite these advances, persistent enum limits
across major providers indicate that no current system adequately addresses the cardinality
wall.

Trie-based generation. GENRE (De Cao et al}2021) demonstrated trie-constrained gener-
ation for entity linking with a fine-tuned seq2seq model. GENRE builds a token-level trie
where nodes are pre-tokenized token IDs, elegantly avoiding the vocabulary-trie alignment

29 x
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Figure 2: The BPE-trie alignment problem. A character-level trie encodes three enum values
with shared prefix structure. BPE tokens (colored brackets) span multiple trie edges: medic
traverses 5 character nodes from the root. At each node, we precompute the set of valid BPE
tokens (right), enabling precomputed mask lookups at decode time.

problem. However, prefix sharing operates at token granularity (two strings sharing a
10-character prefix may share only one token-level node), and the trie is tokenizer-specific.
Our trie automaton builds a character-level trie that maximizes prefix sharing regardless
of tokenizer, solving the BPE alignment problem via Aho-Corasick multi-pattern match-
ing (Aho & Corasick,|1975) to determine which BPE tokens from a vocabulary of 32K-262K
entries are valid continuations at each node (Section . Concurrent work by |Su et al.
(2026)) flattens token-level prefix trees into CSR sparse matrices for vectorized TPU/GPU
execution; like GENRE, it operates on small semantic ID vocabularies (|V| ~ 2,048) where
the BPE alignment problem does not arise.

4 Methods

4.1 Character-Level Trie with Precomputed Masks

Given an enum £ = {ey, ..., ex}, we build a character-level trie 7 by inserting each string
character-by-character. The trie (Fredkin,1960) merges shared prefixes: if many tool names
start with get_, they share a single prefix path rather than duplicating it for each value.
This reduces the number of nodes from O(K - Limax) (as in the equivalent DFA) to O(Nghars),

where Npars = EZKZ 1 |ei| is the total character count. For each trie node 1, we precompute
a set valid[n] C V of vocabulary tokens that are valid continuations from n. At decode
time, masking reduces to a direct lookup: A(s;) = valid([s;], transforming per-step cost from
O(V - {) (scanning all tokens against the FSM) to O(|valid|s;]|) (iterating the precomputed
set).

The challenge is computing valid[n] efficiently. A token v is valid at node n if its character
sequence traces a path starting at n that stays within the trie, but BPE tokens are multi-
character, so a single token can traverse several trie edges. For example, given enum values
medical_billing and medical_coding, the token ‘“medical’’ (7 characters) is valid at the
root because it traces the path through nodes m—e— ... —1, while the token “‘_bill”’
is valid at the node after 1 because it continues along the _billing branch (Figure . A
naive approach checks every token at every node by simulating the character walk, costing
O(N¢hars - V - £), which is prohibitive for vocabularies of 32K-262K tokens.

4.2 Efficient Mask Precomputation via Multi-Pattern Matching

We solve the precomputation problem by reducing it to multi-pattern string matching: given
a set of patterns (the vocabulary token strings) and a text (each root-to-leaf path in the
trie), find all positions where any pattern occurs. The Aho-Corasick (AC) algorithm (Aho &
Corasick, [1975) solves this classic problem by building a finite automaton from the pattern
setin O(V - £) time, where / is the maximum token length in characters, then processing
any input text in a single linear pass, reporting all pattern matches as they are encountered.
Crucially, the processing cost is O(L + m) for a text of length L with m reported matches,
independent of the number of patterns V. Since at each of the L character positions at most
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¢ tokens of different lengths can match, m < L - £, so scanning a trie path of length L costs
O(L - ¢) rather than O(L - V - £). We apply this as follows:

1. Build AC automaton from vocabulary. Insert each vocabulary token’s character string
as a pattern. This constructs the automaton in O(V - £) time.

2. Traverse the trie with the automaton. Before any decoding begins, we perform a depth-
first traversal of the trie, maintaining the AC automaton state across edges. The AC
state is a single integer (current node index), so save/restore at branch points is trivial
(push/pop one integer per DFS stack frame), and each edge is processed exactly once.
At each trie node 1, the automaton identifies which vocabulary tokens have a character
string that starts at n and follows a valid path in the trie. A matched token v is added
to valid[n] if its characters trace a path from n that either reaches a leaf (completing an
enum value) or lands on an internal node (allowing continuation by subsequent tokens).
Tokens that would “overshoot” a leaf, i.e., whose characters extend beyond the end of an
enum value, are excluded. When an enum value is a proper prefix of another (e.g., "get"
and "get_user"), the trie marks the shorter value’s terminal node as both a leaf (where
EOS is valid) and an internal node (where continuation tokens are valid), ensuring both
values are reachable. This is done once per schema and cached.

This reduces precomputation from O(Ngpars * V - £) to O((Nepars + V) - £), a factor of V
improvement. In practice, the AC automaton construction (O(V - £)) dominates the total
compilation cost because V > Npars for typical enum sizes: with V = 151K and ¢ = 4,
the AC construction requires ~600K operations regardless of K, while the trie traversal
adds only N,y - £ operations (e.g., 240K at K = 2,000). This explains the empirically
observed near-flat compilation time (30—40ms for Qwen3-8B across K = 10-10,000; 67ms
at K = 100,000): the cost is dominated by the K-independent AC construction over the
vocabulary. Since the AC automaton depends only on the tokenizer (not the enum set), it
can be built once per tokenizer and reused across all enum schemas, reducing per-schema
compilation to just the trie traversal: O(Ngpars - £). At decode time, masking is a direct
lookup: A(s¢) = valid[s¢], costing O(|valid]s]|) instead of O(V - ¢). Note that applying the
mask to the logits vector is O (V) regardless of method (setting invalid logits to —o0); the
savings is in computing which tokens are valid, not in applying the result. Since |valid([s;]|
shrinks exponentially with trie depth (after 3—4 characters of prefix, typically 10-100 tokens
remain valid), the lookup cost is effectively constant at 0.65us regardless of K or vocabulary
size. While the worst case is O(V) (at the root node), the rapid prefix-driven shrinkage
means the practical per-step cost is orders of magnitude below FSM approaches, which
must scan all V tokens regardless of constraint structure.

The trie automaton produces identical outputs to FSM-based constrained decoding: the trie
for a finite set £ is isomorphic to the minimal DFA for L¢ (by the Myhill-Nerode theorem),
so greedy decoding and fixed-seed sampling yield the same results under both methods

(Appendix[G).

Unlike GENRE’s token-level trie (Section , our AC-based approach works with any
tokenizer as a drop-in backend. The compilation speedup depends on prefix structure:
for tool names and hierarchical codes with prefix sharing ratio r = |7 (€)|/Nchars < 0.8,
compilation is 2-6.5x faster; for random identifiers (r ~ 1), the compilation advantage
diminishes but per-step masking remains 7x faster (Appendix[H).

4.3 Extensions and Integration

The trie automaton is designed as a drop-in component for mixed schemas: the system
routes finite-set constraints to the trie while delegating structural constraints to the standard
FSM/PDA backend, requiring no changes to user schemas. For K > 50,000, we sketch
two preliminary extensions in Appendices [I{]| for future directions: hierarchical schema

rewriting (O(+v/K) effective per-step cardinality) and speculative short-circuiting.
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5 Experiments

We evaluate the trie automaton on latency, compilation time, and accuracy/validity across
various open-sourced model series on NVIDIA A100 GPUs. The primary comparison
is against xgrammar (Dong et al., 2024), the backend used by vLLM and SGLang. The
trie automaton is implemented in Rust with Python bindings via PyO3; XGrammar is
implemented in C++ with Python bindings. Full experimental details are in Appendix|C]

5.1 Latency and Scalability

Table [?q shows the performance breakdown across K € {10,100, 1,000, 10,000} for XGram-
mar (Dong et al}[2024), LLGuidance (Geng et al., 2025), and our trie. All benchmarks run on
NVIDIA A100 GPUs (80GB) with AMD EPYC 7R32 CPUs (96 cores).

Three approaches occupy distinct points in the compilation-vs-masking tradeoff (Table[19).
LLGuidance achieves near-zero compilation (0.6-24ms) but per-step masking costs 73-141ys.
XGrammar balances both (3-239ms compilation, 5-10us masking). The trie minimizes per-
step cost (0.65us) through precomputation, with nearly-flat compilation (30—40ms). For
one-shot dynamic schemas where compilation dominates (e.g., retrieval-augmented settings
with per-query enum sets at K < 500), LLGuidance’s 1-3ms compilation may be preferable
despite higher per-step cost; the trie’s advantage is decisive when per-step cost dominates,
particularly in batch serving (Appendix|L).

The trie’s advantage is decisive in batch serving (Table 2), where the GPU forward pass is
shared across B requests but masking runs per-request on CPU. At B = 128, LLGuidance
masking (3.7ms) consumes 37% of the GPU forward pass, becoming the throughput bottle-
neck; XGrammar’s 783ys is 7.8%; the trie’s 10us is negligible (0.1%). We validate this with
end-to-end vLLM throughput at K = 1,000 (Table[T): at B = 256, the trie achieves 219 req/s
vs. XGrammar’s 7.5 req/s (29 x). The trie also exceeds unconstrained throughput (219 vs.
104 req/s) because constrained decoding terminates at trie leaf nodes (3.2 tokens/request vs.
8.7 unconstrained), reducing GPU forward passes. Both constrained methods generate the
same number of tokens, so the trie-vs-XGrammar ratio isolates the masking and integration
differences.

The 29x gap compounds two effects. First, the per-step algorithmic advantage: precom-
puted mask lookup costs 0.65us vs. XGrammar’s 5.9us dynamic computation (~7 x; Table ).
Second, the integration path: because the trie’s masks are precomputed, it integrates as
a stateless LogitsProcessor that returns a cached bitmask per step. XGrammar does not
currently support this path; its architecture requires dynamic mask computation via vLLM’s
guided decoding pipeline with per-request grammar compilation, sequential FSM state
management, and scheduling overhead. In principle, XGrammar could precompute and
cache per-state masks for enum constraints, but doing so would effectively reconstruct the
trie: the minimal DFA for a finite set is isomorphic to the trie (Proposition|[I), so caching
its per-state masks yields the same data structure. The trie is thus the natural endpoint of
optimizing FSM-based decoding for finite sets.

Deployment implications. The batch serving results have direct consequences for GPU
utilization in production. At B = 128, each decoding step comprises a GPU forward pass
(~10ms) followed by CPU mask computation. With XGrammar, masking takes 783 us,
where 7.8% of the step is spent with the GPU idle waiting for the mask. With LLGuidance
(8.7 ms), this rises to 27%, making masking the primary bottleneck. The trie reduces idle
time to 0.1% of the step, keeping the GPU saturated. For dynamic enum constraints (e.g.,
retrieval-augmented tool selection where the valid set changes per query), the trie’s 33-40 ms
compilation is fast enough to run on-the-fly without impacting serving latency, whereas
XGrammar’s 75-239 ms compilation at K > 1,000 adds perceptible delay. The AC automaton
can be cached per tokenizer and shared across all enum schemas, so only the trie traversal
(O(Nehars - £), typically < 5ms) runs per schema change.

Memory and deployment. The trie’s memory scales modestly (Table 4): 0.9 MB at
K = 10,000, 8 MB at K = 100,000, vs. ~2 GB for the FSM (Appendix [H). The AC au-
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Table 1: End-to-end vLLM throughput (req/s) at K = 1,000. The trie integrates as a stateless
LogitsProcessor (precomputed masks); XGrammar requires vLLM’s guided decoding
pipeline (dynamic mask computation). Trie exceeds unconstrained throughput due to
early termination at trie leaves (3.2 vs. 8.7 tokens/request); both constrained methods
generate 3.2 tokens/request (verified), so the trie-vs-XGrammar ratio isolates the masking
and integration differences. Qwen3-8B, A100, greedy, median of 3 runs.

B Trie XGrammar Uncon. Trie/XG

1 44 29 19 15x

2 8.3 43 3.6 19x

4 13.4 5.0 72 27X

8§ 239 6.2 13.6  39x

16 418 6.8 248 6.1x

32 70.4 7.4 404 9.6x
64 116.5 7.6 654 152x
128 170.5 7.6 80.3 22.4x
256 2194 7.5 103.8 29.3x

Table 2: Batch masking cost (us per batch-step) at K = 1,000 (Qwen3-8B, 151K vocab). GPU
forward pass ~10ms.

B Trie (% fwd) XGrammar (% fwd) LLGuidance (% fwd)

1 0.2 (0.0%) 5(0.1%) 31 (0.3%)
32 2 (0.0%) 170 (1.7%) 893 (8.9%)
128 10 (0.1%) 783 (7.8%) 3,716 (37%)

Table 3: Compilation time and per-step masking cost by K (Qwen3-8B, 151K vocab). Per-
step measures mask computation only (determining valid tokens), not the O(V) bitmask
application to logits (~31us via tensor operation, identical for all methods). XGrammar’s
non-monotonic per-step cost (9.5us at K=10, 5.4us at K=100) reflects its vocabulary parti-
tioning: at small K, fewer tokens fall in the “adaptive” partition, causing more cache misses;
the partition stabilizes at K > 100. Mean=std, 10 runs.

Method K=10 K=100 K=1K K=10K

Trie 302  31x1 33x1 40+2
Compile (ms) XGrammar 3+1 15+2 7543 239+10
LLGuidance  1x0 10 340 2411

Trie 0.65 0.65 0.65 0.65
Mask (us/step) XGrammar 9.5 54 5.8 5.9
LLGuidance 121 73 85 141

tomaton requires ~150 MB for the largest vocabulary (Gemma3 262K), amortized across
all enum schemas sharing that tokenizer. The precomputed masks are immutable after
construction, so concurrent read access from multiple serving threads requires no syn-
chronization. Integrated with vLLM as a LogitsProcessor, the trie maintains sub-100ms
per-example latency at K = 10,000 (Table [13) Appendix[D).

Table 4: Memory footprint of precomputed trie masks.

K Nodes Valid entries Est. memory

100 2,041 5,065 20 KB
1,000 13,341 30,759 120 KB
10,000 103,266 227,762 0.9 MB
100,000 907,042 2,094,894 8.0 MB
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Mixed schemas. To validate the trie as a drop-in component, we measure compilation
for three mixed schemas (enum + structural fields): tool-calling (K = 1,000), classification
(K = 500), and entity-linking (K = 5,000). The system routes enum fields to the trie and
structural fields to XGrammar (<1ms dispatch overhead). At K = 5,000: 37ms vs. 150ms;
at K = 1,000: 33ms vs. 75ms. For nested enums, the PDA backend handles structural
navigation and transfers control to the trie at enum-valued fields. Multiple enum fields
in a single schema each get their own trie. The principle extends to non-enum constraints

(Appendix [K).

5.2 Generalization

To verify these results generalize, we evaluate across seven model families (32K-262K
vocabulary; Table [5). The trie achieves consistent compilation speedups at K > 1,000:
1.2-6.4 %, increasing to 3.5-13.7x at K = 5,000-10,000. Smaller vocabularies amplify the
advantage because AC construction is O(V - ), so smaller V yields faster precomputation.
Conversely, for very large vocabularies (Gemma3 262K), the K-independent AC overhead
reduces the speedup to 1.2x at K = 1,000; as vocabulary sizes trend upward, the compilation
crossover shifts to higher K. Per-step cost is unaffected by vocabulary size: Mistral-32K
0.60us, GPT2-50K 0.62us, OLMo-100K 0.63us, Mistral Small-131K 0.64us, Qwen3-151K
0.65us, gpt-0ss-200K 0.66s, Gemma3-262K 0.67ys.

Table 5: Compilation speedup (trie vs. xgrammar) across model families. Values >1x
indicate trie is faster. Per-step masking is 0.60-0.67us for all configurations. Trie compilation
is nearly flat: 11-96ms across all K and tokenizers.

Model Vocab K=100 K=1K K=5K K=10K
Mistral 7B v0.3 32K 1.5x% 64x 11.6x% 11.5x%
GPT-2 50K 1.1x 49x  13.7x 12.0x
OLMo 3 7B 100K 0.6% 2.1x 6.2x 5.2x
Mistral Small 3.1 131K 0.5x% 2.3% 6.6 5.5x%
Qwen3-8B 151K 0.4x 1.8x 6.7 X 4.4x
OpenAl gpt-0ss-20b 200K 0.3x 1.4x 4.7 % 3.5x%
Gemma3 12B 262K 0.3x 1.2x 3.6% 3.5x%

5.3 Accuracy and Validity

The trie produces identical outputs to FSM-based constrained decoding (Proposition
verified on 1,000 samples). Its contribution is not improving accuracy at any given K,
but enabling constrained decoding where FSM compilation is impractical. We evaluate on
classification benchmarks where ground-truth accuracy can be measured; existing tool-
calling benchmarks evaluate multi-step chains rather than flat tool selection, making them
unsuitable for isolating the constrained decoding bottleneck. We compare: single-pass
unconstrained, single-pass + trie (same prompt), think unconstrained, and think + trie
(prompts in Appendix .

Across all 24 model x dataset settings (Table[7)), constrained decoding achieves the highest
accuracy in 21/24 cases while guaranteeing 100% validity; unconstrained decoding reaches
>95% validity in only 8/24. The trie acts as a no-cost safety net for strong models (Gemma3
12B: matches unconstrained accuracy while eliminating the 0.2-0.5% failure rate) and a
critical enabler for weaker ones (Qwen3-1.7B Banking77: 24.8% with trie vs. 4.8% uncon-
strained at 6.6% validity). The think-then-answer strategy is particularly effective with the
trie: on Qwen3-8B, think+trie achieves the best accuracy in all four datasets, with gains
of up to 21.5 points over single-pass unconstrained (TREC: 63.1 vs. 36.3). Without the trie,
think+unconstrained often degrades accuracy relative to single-pass (Qwen3-8B Banking?77:
37.6 vs. 48.8) because the reasoning phase produces outputs that are harder to parse into
valid labels. The three cases where unconstrained decoding wins (Gemma3 MASSIVE,
Gemma3 CLINC150, gpt-oss CLINC150) all involve strong models on datasets where PE
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Table 6: Accuracy (%) and validity (%) on classification benchmarks (5 runs, mean+std,
greedy). Prompts identical within each pair; trie is the only difference. Trie guarantees 100%
validity. Full results (6 models) in Appendix Table

Single-pass Think-then-answer
Uncon. + Trie Uncon. + Trie

Model  Dataset K Acc Val Acc(100%) Acc(val) Acc (100%)
TREC 42 36.3+12 81.2 41.6x18 37.9+11(83 63.1+16

MASSIVE 59 74.6+14 99.0 74.6+17 74.9+24(972 76.1+22

)
)

Quen38B Banking77 76 48.8+52 782  56.8+44 37.6:22(692) 61036
)

CLINC150 150 72.4+27 87.0 63.0+18 61.0+46 96 73.8+37
TREC 42 67.5+10 87.6 72.9+17 60.7+26865 60.4+41
MASSIVE 59 76.8425 919  79.3+10 61.8+37 (54 76.1x17

)

)
gptoss2b ponking77 76 782412 90.2  813:12  79.8:1606 811419
CLINC150 150 79.7+23 89.2  77.0x16 71.4+32(855  74.0+18

validity already exceeds 89%; even here, the accuracy gap is small (1-5 points) while the
validity gap remains (89-100% vs. 100%).

At K = 500-5,000, the trie guarantees 100% validity while unconstrained drops to 84-98%
(Table[I7). Practitioner guidance in Appendix [[}

Limitations. The trie automaton is specialized for flat finite-set constraints. Production
schemas that combine enum fields with nested objects or arrays still require a general-
purpose backend for the structural portions; our mixed-schema evaluation validates compi-
lation time for such cases but not end-to-end serving throughput. The per-step speedup is
most impactful in batch serving: for a single request, the O (V) bitmask application (~31ys)
is method-independent and dominates the valid-token computation where the trie excels
(0.65us vs. 5.8us; Appendix [H.3), but at batch size B the computation runs B times and
becomes the bottleneck that the trie eliminates. For dynamic one-shot schemas at small K,
LLGuidance’s near-zero compilation (1-3ms) may outweigh the trie’s per-step advantage.
At extreme cardinalities (K > 1,000), the trie guarantees validity where FSM compilation
times out, but classification accuracy at such scale remains limited by model capability
rather than by the decoding mechanism.

6 Conclusion

This work addresses a mismatch in constrained decoding: applying general-purpose au-
tomata to constraints with exploitable structure. We solve it for finite-set constraints using
Aho-Corasick precomputation, expanding the practical enum limit from hundreds to tens
of thousands. The trie achieves 7 x faster per-step masking through precomputed lookups;
because precomputed masks also enable a stateless serving path that bypasses the guided
decoding pipeline, the advantage compounds to 29 x higher end-to-end batch throughput.
Across seven tokenizer families and six models, the trie maintains sub-100ms compilation
and flat per-step cost while guaranteeing 100% output validity. A controlled comparison
confirms the trie is the efficient algorithm for this precomputation: the equivalent FSM-
based approach produces an isomorphic data structure 196 x slower (Appendix[H.2). The
underlying principle, matching enforcement mechanisms to constraint structure, generalizes
beyond enums to any constraint with exploitable regularity (Appendix[K). As structured
generation becomes central to agentic systems, we expect constraint-specialized backends
to become the norm rather than the exception. Extending the dispatch principle to other
structured patterns, including date/time formats (Appendix[K]), numeric ranges, and regex
subclasses, is a natural next step.
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A Detailed Background

The key bottlenecks in FSM-based constrained decoding for enums are: (1) state space
explosion (O(K - Lmax) DFA states), (2) per-step masking cost (O(V - ) with cache penalties
at large K), and (3) compilation cost (O(K - Lmax - |2|)). These compound super-linearly:
doubling K more than doubles end-to-end latency because the cache penalty f(|S|) is
itself increasing in K. Dynamic schemas (tool registries, retrieval-augmented selection,
multi-tenant serving) prevent amortization, making compilation latency the dominant cost.

B Full Accuracy and Validity Results

Table [/] presents the complete accuracy and validity results across all six models and four
datasets. The main body (Table [6) shows three representative models; this table adds
Qwen3-1.7B (small model where constrained decoding is critical), Gemma3 12B (strong
model where unconstrained decoding nearly suffices), and Mistral 7B v0.3 (mid-range
instruction-tuned model).
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Table 7: Accuracy (%) and validity (%) results across all three additional models (5 runs,
meantstd, greedy decoding). Extends Table 6| with three additional models. Bold: best
accuracy per row; italic: second best.

Single-pass Think-then-answer

Unconstrained + Trie Unconstrained + Trie

Model Dataset K Acc Val  Acc (100% val) Acc (val) Acc (100% val)
TREC 42 233128 96.4 23.7+26 33.4+21(83.8) 34.5+18
3178 MASSIVE 59 53.44+23 975 53.8+20 55.0+2.4 (86.2) 56.3+2.0
Qwen3-1. Banking77 76 4.8+12 6.6 24.8+17 29.6449 (77.0) 37.8+6.6
CLINC150 150 8.8+20 10.4 32.8432 36.0+3.1 (69.2) 47.0+26
TREC 42 63.6+10 99.5 63.7+1.1 22.9423 (36.6) 58.2+17
MASSIVE 59 77.3+24 99.6 76.8+22 75.4+£2.0(98.8) 75.1+23

Gemma3 12B .

Banking77 76 71.6x67 99.8 71.6x67 70.2+7.8 (98.0) 72.0+7.0
CLINC150 150 87.6+17 99.6 83.0+22 86.0+2.3 (100) 80.8+238
TREC 42 23.0+15 425 37.6+15 16.4+1.7 335) 32.6+11
Mistral 7B v0.3 MASSIVE 59 65.7+39 86.3 69.5:27 52.8+2.6 (68.3) 67.1+14
1stral 7B Ve Banking77 76 48.4+¢3 78.4 53.4+6.1 31.245.0 (48.0) 47.0+55
CLINC150 150 64.4+22 77.4 65.4+338 46.0422 (57.8) 5944116

C Experimental Setup Details

We implement the trie automaton in Rust with Python bindings via PyO3, using the
aho-corasick crate (v1.1) for multi-pattern matching and parallel precomputation across
CPU cores (using all available cores via Rayon; XGrammar’s C++ backend is also multi-
threaded). Both are compiled languages with comparable performance characteristics; the
per-step advantage (precomputed lookup vs. dynamic computation) is algorithmic. Our pri-
mary comparison is against xgrammar v(.1.11 (Dong et al.,2024) and llguidance v1.6.1 (Geng
et al., |2025). We verified that XGrammar’s compile_json_schema with an enum schema
produces equivalent compilation times to compile_regex with a union pattern (within 5%
across all K), confirming that compile_regex is a fair baseline. We also evaluate several
alternative approaches: naive FSM-based constrained decoding, unconstrained generation
with retry (up to 3 attempts), unconstrained generation with post-hoc string similarity
matching, and prompt engineering that includes enum values directly in the prompt. All
timing benchmarks run on NVIDIA A100 GPUs (80GB); CPU timing on AMD EPYC 7R32
(96 cores, 3.3 GHz). Per-step masking times are measured with 200 warm-up iterations
followed by 1,000 timed iterations (same warm-up for all three methods). Compilation
and per-step results report mean=+std over 10 runs; end-to-end vLLM throughput reports
median of 3 runs.

C.1 Prompt Templates

For the accuracy and validity experiments (Section [5), we use the following prompt tem-
plates. Let options denote the comma-separated enum values and text denote the input.

PE and Trie Strict. Both methods use the same prompt; the only difference is whether
trie-constrained decoding is applied. This enables a controlled comparison isolating the
effect of constrained decoding from prompt wording.

Select exactly one of the following options.
Output ONLY the option itself, nothing else.

Options: {options}

Text: {text}
Answer:

12
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Trie. A shorter prompt relying on the trie constraint to enforce validity:

Select one of: {options}

Text: {text}
Answer:

Think+PE and Think+Trie. Phase 1 generates reasoning (unconstrained, up to 300 tokens),
and phase 2 generates the result.

Phase 1:
Options: {options}

Text: {text}
Let me think step by step:

Phase 2:

Select exactly one of the following options.
Output ONLY the option itself, nothing else.

Options: {options}

Text: {text}
Thinking: {phase_1_output}
Answer:

Summary of prompt controls. PE vs. +Trie is a clean comparison: identical prompts,
differing only in decoding strategy. Think+PE vs. Think+Trie share the same prompts;
the only difference is whether the Phase 2 answer is trie-constrained. For unconstrained
methods, we extract the model’s output and fuzzy-match against the enum set. For trie
methods, the output is guaranteed valid by construction.

D Detailed Experimental Results

D.1 Main Results

Table 8: End-to-end latency (seconds) for enum generation by cardinality K. Timeout
threshold is 60s.

Method K=10 K=50 K=100 K=500 K=1000 K=5000 K=10000
Outlines/SGLang/XGrammar 0.05 0.10  0.15 048 1.20 2.93 5.88
Unconstrained + retry 585 7.59 5.87 7.60 5.90 5.90 6.04
Unconstrained + post-hoc 194 253 197 258 2.05 2.44 2.92
Prompt engineering 201 255 2.04 2.71 2.18 2.16 2.16
Trie Automaton 072 072 072 072 0.77 0.77 0.77
Hierarchical Rewriting 502 5.06 3.92 5.10 3.97 3.99 4.13
Speculative (k=20) 255 222 198 257 1.99 2.00 2.01
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Table 9: Schema compliance (%) for different approaches. Constrained methods achieve
100% by design.

Method K=10 K=50 K=100 K=500 K=1000 K=5000 K=10000
Outlines/SGLang/XGrammar 100 100 100 100 100 100 100
Unconstrained + retry2 0 0 0 0 0 0 0
Unconstrained + post-hoc 100 100 100 100 100 100 100
Prompt engineering 100 100 100 100 100 100 100
Trie Automaton 100 100 100 100 100 100 100
Hierarchical Rewriting 100 100 100 100 100 100 100
Speculative (k=20) 100 100 100 100 100 100 100
Combined (Ours)? 100 100 100 100 100 100 100

Table 10: Memory footprint of precomputed trie masks (full results).

K Nodes Valid entries Est. memory

100 2,041 5,065 20 KB
1,000 13,341 30,759 120 KB
5000 54,426 119,740 0.5MB

10,000 103,266 227,762 0.9 MB
50,000 470,823 1,068,510 4.1 MB
100,000 907,042 2,094,894 8.0 MB

Table 11: Real-world task results at extreme cardinalities. Accuracy is classification accuracy;
latency is median per-example. The 0% accuracy at K=68,000 reflects model capability
limitations at extreme cardinality, not a trie limitation; the trie enables the attempt where
FSM compilation times out.

Product Catalog (K=1500) ICD-10 (K=68000)

Method Accuracy  Latency(s)  Accuracy Latency (s)
Unconstrained + post-hoc 0.0 2.43 0.0 2.40
Naive constrained timeout timeout timeout timeout
Ours (combined) 4.0 5.03 0.0 2.63

Table 12: Ablation at K = 5,000. Each row removes one component. Speculative short-
circuiting provides no benefit at this K (trie masking alone is fast). The trie’s compilation
advantage (Table[3} 3.5-13.7x at K > 5,000) and per-step masking advantage (0.65us vs.
5.9us) compound in batch serving.

Configuration Latency (s) Schema Compliance (%)
Trie automaton 0.77 100
Hierarchical only 3.99 100
Speculative only 2.00 100
Baseline (XGrammar regex) 0.89 100

Table 13: vLLM end-to-end per-example latency (seconds), including both compilation and
inference. “Guided choice” uses vLLM’s built-in EBNF-based choice mode; “guided regex”
uses XGrammar regex compilation. Both use XGrammar as the backend; our trie integration
(Table[1)) shows larger gains at higher batch sizes.

Method K=500 K=1K K=5K K=10K

Guided choice (ours) 0.05 0.06 0.08 0.10
Guided regex (baseline) 0.48 1.20 2.93 5.88
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D.2 vLLM Performance Results
E Limitations and Future Work

Scope. The trie automaton optimizes exactly one constraint pattern: flat finite-set selection.
While this is common (tool routing, classification, entity linking), real-world schemas
typically combine enum fields with structural constraints. Our mixed-schema evaluation
(Section p) validates compilation time but not end-to-end throughput for nested schemas.
Dynamic enum updates require full recompilation (37ms, negligible in practice but not
incremental).

Baselines. LLGuidance’s Earley parser avoids upfront compilation entirely and achieves
faster compilation than both XGrammar and our trie (Table[19); however, its per-step cost
remains O(V) for finite sets (73-141yus vs. our 0.65us). If serving engines move masking to
GPU (Section , the CPU per-step advantage becomes less relevant, though the trie’s
compact bitmask representation remains more amenable to GPU transfer.

Implementation. The trie is in Rust while XGrammar uses C++. The per-step advan-
tage (precomputed lookup vs. dynamic computation) is algorithmic and independent of
implementation language.

F Detailed Tool Routing Example

Consider an agentic system routing requests to the correct tool from a registry of K = 2,000
APIs (e.g., aws.cloudwatch.get_metric_statistics), averaging Lmax = 30 characters
with strong prefix structure. FSM compilation requires K - Lmax - |Z| = 15.4M character-level
transitions (25-50s). Per-step masking requires V - L, = 102,400 FSM traversals per step;
with 6.4 tokens per tool name and cache effects (f ~ 2.0 due to the 47 MB transition table
exceeding L2 cache), the effective cost is ~1.3 x 10° operations per selection. In an agentic
loop with 5-10 tool calls per task, this compounds to minutes of latency, forcing practitioners
to cap the registry or abandon constrained decoding.

G Theoretical Analysis

We analyze the complexity of both the standard FSM pipeline and the trie automaton, then
establish correctness and discuss practical performance considerations. Throughout, let

Nchars = Zszl le;] denote the total character count across all enum values.

G.1 FSM Complexity Analysis

For an enum & = {ey, ey, ..., ex}, the standard approach constructs a DFA from the regular
expression eqey| - - - |ex (Hopcroft et al., [1979) via Thompson's construction (Thompson,
1968) followed by subset construction and Hopcroft minimization (Hopcrott, [1971).

State space. The minimal DFA has between |7 (£)| 4+ 1 and 1+ Nenars states, where |7 (E)|
is the trie node count (number of distinct prefixes) and the +1 accounts for the dead state.
The upper bound 1 + Nepars < 1+ K- Limax is achieved when no enum values share prefixes;
the lower bound is achieved when the trie is the minimal DFA (which it always is for finite
string unions, up to the dead state). This follows from the Myhill-Nerode theorem: each
distinct prefix defines a distinct equivalence class.

2Retry compliance is 0% because synthetic tool names (e.g., slack.get_user) are never produced
verbatim by unconstrained generation, even with 3 retries. On natural-language labels (Table [6),
unconstrained generation achieves non-zero but imperfect validity.

3Combined uses the trie for enum selection and hierarchical rewriting for structural dispatch.
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Compilation cost. The three-phase pipeline costs:

CFSM = O(Nchars) + O(Nchars : |ZD + O(Nchars : |Z‘ : log Nchars) (2)
————

compile

NFA construction  subset construction Hopcroft minimization

The dominant term is minimization. The transition table requires O (Ngpars - |2|) space. For
K = 2,000, Lmax = 30, |Z| = 256, this is ~ 15.4 million operations.

Per-step masking cost. At each decoding step, the system checks all V vocabulary tokens
by simulating up to ¢ character transitions per token:
CBM — 0o .0 ©)

mask —

The total decoding cost for one enum value of character length L is (L/?) - (Crﬁl\fk + Ctorward )s

where / is the average token length and Cgyryarg is the LLM forward pass cost.

G.2 Trie Automaton Complexity

Compilation cost. Trie construction costs O(Ngars). The naive mask precomputation
(checking every token at every node) costs O(Ngpars - V - £), but using Aho-Corasick multi-
pattern matching (Aho & Corasick,|1975) over the vocabulary token strings reduces this to:

nggpile = O((Nchars + V) ' 6) (4)
The Aho-Corasick automaton is built over the V token strings in O(V - ¢), then the trie
is traversed depth-first, maintaining the AC state across edges (saving and restoring at
branch points so each trie edge is processed exactly once). The total text length is thus
Nhars, requiring O(Ngpars) character steps; the total number of reported matches across all
positions is bounded by O(Npars - £) since at each of the Nepars character positions, at most
¢ tokens of different lengths can start there. The overall cost is thus O(Nepars - £+ V - £) =
O((Nchars + V) : f),

Per-step masking cost. After precomputation, masking is a lookup into the stored valid
token list: )

Crnask = O(|valid(s]|) ®)
The valid set size shrinks exponentially with trie depth: assuming each character position in
the vocabulary is drawn independently and uniformly from X, the probability that a token of
length j matches a specific j-character trie path is | 2|/, giving E[|valid[s;]|] < V - £/||4(s0)
where d(s;) is the node depth. This is a loose upper bound (real tokenizers have non-uniform
character distributions), but the qualitative exponential decay is confirmed empirically:
after 3—4 characters of prefix, the valid set is typically 10-100 tokens, making per-step cost
effectively constant.

G.3 Complexity Comparison

Tablesummarizes the asymptotic and concrete costs. The trie automaton’s advantage
comes from two sources: (1) compilation avoids the |X| factor (processing only characters
that appear, not the full alphabet), and (2) per-step masking replaces a scan over all V tokens
with a precomputed lookup.

The compilation speedup is driven by the || factor: the FSM must fill transition entries for
all 256 ASCII characters at each state, while the trie only processes characters that actually
appear. The per-step speedup comes from replacing a full vocabulary scan with a cached
lookup whose size shrinks with trie depth.

G.4 Correctness

The trie automaton is not an approximation — it produces identical outputs to the FSM
approach. This is the key formal guarantee.
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Table 14: Complexity comparison between FSM and trie automaton. Concrete values use
K =2,000, Limax = 30, |X| =256, V = 32,000, ¢ = 4.

FSM Trie (Aho-Corasick) Ratio
I | log Nehars
Compllatlon O(Nchars : ‘Z| ! IOg Nchars) O((Nchars + V) : E) ~ ‘lo%
concrete (subset only) ~15.4M ops ~370K ops ~40 X
Per-step mask oV -4 O(|valid[st]]) ~ %
concrete ~128K lookups ~50-500 lookups ~100x
Working set |S|-|%]-4B |valid[s¢]| - 4 B
concrete ~47 MB <1KB fits L1

Proposition 1 (Output equivalence). Let p(y: | y<¢) be the LLM's unconstrained next-token
distribution, and let Vg C V be the set of vocabulary tokens with valid character decompositions
(excluding special tokens such as <pad>, <unk> that do not correspond to character sequences).
For any enum £ and any prefix y <4, the constrained distributions produced by the FSM and trie
automaton are identical:

trie

PeM (e | y<r) = pE(ye | y<t) VYt € Ve (6)

Consequently, greedy decoding and fixed-seed sampling produce identical outputs under both meth-
ods.

Proof. 1t suffices to show that APM(s;) = A'€(s;) for all reachable states s;, since the
constrained distribution p¢(y; | y<¢) « p(yt | y<t) - 1y € A(s¢)] is determined entirely by
the valid token set and the unconstrained distribution.

Both methods define validity over Vg4, as follows: a token v with character decomposition

. . . ir e .- c c ¢
€1 Clp| I8 valid at state s; if and only if (i) the sequence of transitions s; NP NN

does not encounter a dead state, and (ii) from the resulting state s”, there exists at least one

1

string w € ¥* such that s” 2y 5acc for some accept state s,cc (i.e., the consumed prefix y<; - v
is a prefix of some ¢; € £).

The FSM computes this at each decoding step by simulating transitions d(s¢, ¢1), (-, c2), . ..
for each token v € Vye.. The trie computes this during precomputation by walking each
token’s characters down the trie from node s;.

The two computations produce identical results because the trie for a finite set £ is isomor-
phic to the minimal DFA for L. Specifically, by the Myhill-Nerode theorem, the equivalence
classes of the right-congruence relation for L¢ are exactly the distinct prefixes of the enum
values (plus the equivalence class of strings that are not prefixes of any e;, corresponding to
the dead state). Each trie node represents one such equivalence class, so the trie node set
plus a dead state is in bijection with the minimal DFA state set. Under this bijection, the tran-
sition functions agree: dpga (S, ¢) = duie(s, ¢) for all states s and characters c. Therefore, the
multi-character extension 6 (s, v) produces the same result under both representations, and
the accept-reachability check (condition (ii)) is identical since the accept states correspond
to the same trie leaves.

The precomputed mask valid[s;] stores exactly the set {v € Vg
conditions (i) and (ii) hold}, so A€ (s;) = valid[s;] = AFM(s;). O

EOS token handling. The restriction to Vg, (excluding special tokens) means the trie and
FSM may differ in whether an EOS token is appended after the enum value is complete. In
our vLLM integration, the trie signals completion by including only EOS in the valid set
at leaf nodes, matching vLLM’s expected termination protocol. Our empirical verification
(Section 5) confirms that all content tokens are identical; the only difference is the trailing
EOS, which does not affect the decoded string.
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Proposition 2 (Hierarchical cardinality reduction). Let & be partitioned into G groups of sizes
Ky, ..., Kg with }; K; = K. The effective per-step cardinality is Co = max(G, max; K;). For

balanced partitions, this is minimized at Cy = [VK] when G = [VK].

Proof of Proposition[2| The two-level scheme requires one constrained decoding call over
G group names, then one call over K; values within the selected group j. The per-step

cardinality is thus max(G, max; Kj). For balanced partitions, max; K]- = [K/G], so Cef =
max(G, [K/G]). Since max(a,b) > Vab for a,b > 0, we have max(G,K/G) > VK, with
equality when G = K/G, i.e, G = VK. Rounding gives C; = [VK]. O

G.5 Cache Effects and Practical Performance

The analysis above uses the unit-cost RAM model. Real hardware introduces cache hierarchy
effects that significantly impact the FSM approach but not the trie automaton.

The FSM transition table occupies |S| - |Z| - w bytes (Where w is the word size). When this
exceeds L2 cache capacity Cp,, transition lookups incur main-memory access penalties. We

model the effective per-step cost as Cﬁqsal\sdk, o = V£ f(|S]), where:
1 1f|S||Z|w§CL2

S|) = 13- 7

(s {w |S|C|Z‘2‘ < otherwise @)

with & ~ 2-3 reflecting the ratio of main memory to cache access latency, attenuated by
hardware prefetching. For the trie automaton, the working set per step is |valid[s¢]| - w <

1 KB, which always fits in L1 cache, so f trie —

This cache penalty grows with K: at K = 2,000 (|S| ~ 48,000, table ~ 47 MB), f ~ 2.0;
at K = 10,000 (|S| ~ 240,000, table ~ 235 MB), f ~ 2.5. This compounds with the linear
scaling of |S| in K, producing the super-linear degradation observed in our experiments
(Section5).

G.6 Enum Window Scaling

Given a latency budget Tpygget, We can estimate the maximum enum cardinality each
approach supports. In the compilation-dominated regime (Ceompile > Cdecode), Setting
Thudget = Ccompile/ Csys (Where csys is the system throughput in operations per second) and
solving for K gives conservative (worst-case) bounds using Nehars < K+ Linax:

KFSM Csys * Tbudget Ktrie Csys Tbudget ®)
max Lmax - |Z‘ ’ max Lmax - 14

These are lower bounds on the achievable K; with prefix sharing (Ngpars < K - Lmax), the
actual limits are higher. The cardinality expansion factor is K /KESM = |3| /¢ ~ 64 x for
ASCII with maximum token length 4. For a 5-second timeout with Lmax = 30 and |Z| = 256,
the FSM supports Kmax ~ 500-1,000 (matching OpenAl’s documented limit), while the
trie automaton supports K¥i¢, ~ 30,000-100,000. Google Gemini’s lower limit (=~120) and
Anthropic’s compilation timeout (Anthropic|,[2025) are consistent with more conservative
timeouts or less optimized compilation.

H Complexity Analysis: Concrete Examples

H.1 Scaling Example
The following comparison illustrates the scaling differences for a concrete example with

K = 2,000 enum values (compilation numbers shown at K = 100,000 to illustrate the scaling
regime):
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Method Compilation Cost Per-step Cost

General FSM O(K Lmax - |Z])~= 15s O(V - 0)~4.7us
Trie Automaton O((Ngpars+V) - €)= 67ms O(|valid[s;]|)= 0.65us

To understand these complexity differences concretely, consider an £ with K = 2,000 values,
maximum length Lmax = 30, ASCII alphabet |Z| = 256, vocabulary size V = 32,000, and
maximum token length ¢ = 4 characters. Assuming moderate prefix sharing, the total
character count is N, = 60,000.

For FSM compilation, the subset construction cost alone is Ngpars - | 2| = 60,000 x 256 ~ 15.4
million operations. Including Hopcroft minimization adds a log Nehars & 11 factor, yielding
~ 169 million total operations. In contrast, trie compilation requires O((Nepars + V) - £) =
(60,000 + 32,000) x 4 = 368,000 operations, a 40 x reduction against subset construction
alone, or 460 x including minimization.

The per-step masking cost difference is equally dramatic. FSM-based masking requires
checking all V - £ = 32,000 x 4 = 128,000 character positions against the current state. The
trie automaton only examines tokens in valid|s;], which typically contains 50-500 entries
depending on the current trie node depth and prefix sharing. This represents a 250-2500x
speedup in the common case.

H.2 Controlled Comparison: Precomputed Masks

To isolate the algorithmic contribution from integration-path effects, we implemented the
reviewer-suggested controlled comparison: precomputing XGrammar’s per-state bitmasks
for all DFA states and serving them via cached lookup (the same path the trie uses). Results
on Qwen3-8B (K = 1,000):

Trie XGrammar precomputed

States/nodes 6,786 6,786 (identical)
Precomputation time  33ms 6.5s (196 x slower)
Per-step lookup 0.08us 0.08ys (identical)

The number of DFA states equals the number of trie nodes (both are the minimal DFA for
Lg, per Proposition[I). Once precomputed, per-step lookup is identical. The difference is
entirely in precomputation efficiency: the trie’s AC-based approach computes all masks
in O((Nchars + V) - £) = 33ms, while enumerating XGrammar’s DFA states and extracting
per-state masks requires instantiating a GrammarMatcher per state, taking 6.5s. This confirms
that the trie is the efficient algorithm for precomputing per-state masks over finite sets.

Could DFA-based precomputation be faster? The 196 ratio reflects XGrammar’s current
API (per-state GrammarMatcher instantiation). A purpose-built DFA traversal that directly
enumerates states and computes masks could be faster. However, the fundamental cost
remains O(|S| -V - ¢) (checking each token at each state), while the trie+ AC approach
achieves O((Ngpars + V) - £) by amortizing vocabulary matching across shared prefixes. The
asymptotic gap is a factor of | S|/ (Nepars/ V + 1), which grows with K.

H.3 Per-Step Cost Breakdown

Table eports valid-token computation time only. The full per-step breakdown including
bitmask application (K = 1,000, Qwen3-8B):

Component Trie (us) XGrammar (ps)
Valid-token computation 0.08 4.5
Bitmask application to logits (O(V)) ~31 ~31
Total per-step ~31 ~36
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The O(V) bitmask application (~31us via PyTorch tensor operation for V = 151K) dom-
inates single-request per-step cost and is method-independent. The trie’s valid-token
computation advantage (0.08 vs. 4.5us) is a small fraction of total per-step time for a single
request. The advantage compounds in batch serving: at B = 128, valid-token computation
runs 128 times (trie: 10us total; XGrammar: 576us), and the trie’s precomputed masks
enable the stateless LogitsProcessor path that bypasses vLLM's guided decoding pipeline
overhead.

Reconciling per-step numbers. Table[B|reports 0.65us (trie) and 5.8s (XGrammar) at K =
1,000, while the breakdown above reports 0.08us and 4.5us. The difference is measurement
methodology: Table [3| measures the full per-step masking operation as invoked during
batch serving (including Python binding overhead, bitmask copy from the precomputed
store, and loop dispatch), averaged over 1,000 iterations at realistic decoding states. The
0.08us above isolates the raw valid-token-list lookup in a tight microbenchmark loop. Both
are valid measurements at different abstraction levels; the Table[3lnumbers reflect the cost
actually incurred during serving. The ratio is consistent: ~9x (Table[B} 0.65 vs. 5.8ys) vs.
~56x (raw lookup: 0.08 vs. 4.5us), with the difference attributable to fixed per-call overhead
that is proportionally larger for the faster method.

H.4 Precomputation Cost Breakdown

The trie automaton’s precomputation consists of four distinct phases, each with different
computational characteristics:

Phase 1: Trie Construction Building the trie from £ values requires O(Nhars) Operations
with one insertion per character. This phase is typically fast, completing in milliseconds
even for large enums.

Phase 2: Vocabulary Decoding Converting each vocabulary token from its integer ID to
its character string representation requires O(V - £) operations. For modern tokenizers with
V 2 32,000 and ¢ ~ 4, this involves roughly 128K character accesses.

Phase 3: Aho-Corasick Automaton Construction Building the multi-pattern matcher over
all vocabulary tokens requires O(V - ¢) time and space. The resulting automaton enables
efficient simultaneous matching of all tokens against any input string.

Phase 4: Trie Traversal with AC Matching The trie is traversed depth-first, maintaining
the AC automaton state across edges (saving and restoring at branch points so each edge is
processed exactly once). At each node, the automaton identifies all tokens whose character
strings start at that position. This requires O(Ngpars - £) operations in total, as each character
position may trigger up to ¢ token matches.

The Aho-Corasick optimization is crucial for efficiency. A naive approach would check
each of the V tokens against each of the |T(£)| trie nodes independently, requiring O(V -
|T(E)| - £) operations. The AC automaton reduces this to O((V + |T(£)|) - £) by building
the multi-pattern matcher once and traversing the trie once with AC state maintenance.

H.5 Memory vs. Speed Trade-off

The precomputed lookup tables require O (Ngpars - f) memory, where f is the average fanout
(number of valid tokens per trie node). At each trie node, we store a list of valid token IDs,
with each ID requiring 4 bytes. The total memory footprintis }-,c(¢) |valid[n]| x 4 bytes.

Concrete memory requirements scale predictably with £ size:
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K  Trie Memory FSM Transition Table (theoretical) Memory Ratio

100 ~20 KB ~3 MB 150 %
1,000 ~120 KB ~20 MB 167 %
10,000 ~0.9 MB ~200 MB 222 %
100,000 ~8 MB ~2 GB 250

The FSM column shows the theoretical worst-case | S| x |X| x 4 bytes. In practice, XGrammar
uses vocabulary partitioning and compressed representations that significantly reduce actual
memory. Measured RSS overhead (process-level) at K = 10,000: XGrammar 9.6 MB, trie
2.2 MB (4.4 x ratio), substantially less than the theoretical 222 but still a meaningful
advantage.

For memory-constrained environments, we employ lazy computation: compute valid[n] only
when node # is first visited during decoding, and use an LRU cache to bound memory
usage. The total space for full precomputation is O(|T(E)| - f), where f is the mean fanout
per node; this is typically 1-8 MB for K < 100,000 (Table @), well within L3 cache. The cache
size can be tuned based on available memory, as even a 1MB cache provides substantial
speedup by avoiding recomputation of frequently accessed nodes. The Aho-Corasick-based
precomputation can also be performed lazily by restricting the multi-pattern match to
subtrees reachable from the current generation prefix, further reducing memory pressure.

H.6 GPU-Based Masking Considerations

Our analysis assumes CPU-based masking, which is the current practice in vLLM and
SGLang. Modern serving engines increasingly explore GPU-based logit masking via pre-
computed bitmask tensors, where the masking operation becomes a single elementwise
multiply, O(V') but massively parallel and essentially free relative to the forward pass. If
masking moves entirely to GPU, the per-step CPU cost advantage diminishes. However,
the trie’s compact bitmask representation (8 MB at K = 100,000 vs. ~2 GB for FSM tran-
sition tables) makes it substantially more amenable to GPU transfer, and the compilation
time advantages are independent of where masking executes. The trie’s precomputed per-
node bitmasks are directly usable as GPU tensors without conversion, whereas FSM-based
approaches must still compute the valid set per state before transferring.

H.7 Prefix Sharing Analysis

Prefix sharing fundamentally determines the trie automaton’s efficiency. We define the prefix
sharing ratio as r = |T(€)|/ Nechars, representing the fraction of characters that correspond
to unique trie nodes. When r =~ 1 (minimal sharing), the trie has nearly as many nodes as
total characters. When r < 1 (heavy sharing), the trie is much more compact.

The prefix sharing ratio affects performance across multiple dimensions:

Compilation Time The trie traversal phase scales with |T(&)|, not Ngars. Heavy prefix
sharing (small r) reduces compilation time proportionally. For example, AWS API names
with common aws. * prefixes might achieve r = 0.3, reducing compilation time by 70%.

Memory Usage Fewer trie nodes directly translate to lower memory consumption. The

memory scaling becomes O(7 - Nenars - f), Where r acts as a compression factor.

Per-step Masking Nodes near the trie root (shared prefixes) tend to have higher fanout,
while deeper nodes have lower fanout. This creates a natural filtering effect: early in the
generation process, many tokens remain valid, but the valid set shrinks rapidly as the prefix
becomes more specific.

Real-world examples demonstrate significant variation in prefix sharing:

o Tool/API names (e.g., aws.s3.*, google.cloud.*): r =~ 0.2-0.4
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e Medical codes (e.g., ICD-10 with hierarchical structure): r ~ 0.15-0.25
¢ Random strings (e.g., UUIDs, random identifiers): r ~ 0.95-1.0
o Natural language (e.g., city names, product names): v ~ 0.6-0.8

Empirical prefix sharing in our benchmarks. Table[I5|reports the measured prefix sharing
ratio 7 for all enum sets used in our experiments. The classification benchmarks have
moderate-to-high  (0.59-0.90), reflecting natural language labels with limited prefix over-
lap. Synthetic tool names have low r (0.36-0.40) due to namespace prefixes (slack.get_x,
aws.create_x), representing the regime where the trie excels most.

Table 15: Prefix sharing ratio ¥ = |7 (€)|/ Nchars for benchmark enum sets. Lower r indicates
more prefix sharing and greater trie compression.

Dataset K Nchars Trie nodes r
TREC 42 559 503 0.90
MASSIVE 59 813 478 0.59
Banking?77 77 1,572 1,241  0.79
CLINC150 150 1,768 1,322 0.75
Synthetic tools (K=1,000) 590 11,236 4,503 0.40

Valid set size distribution. A concern is that |valid[s|| may be O(V) at the root node.
Table |16/shows the measured distribution across trie depth for K = 1,000 synthetic tool
names (Qwen3-8B, 151K vocabulary). The root node has only 72 valid tokens (0.05% of V),
not V, because most vocabulary tokens do not start with any character present in the trie’s
root children. By depth 2, the mean valid set shrinks to 3 tokens. The increase at depths 3-5
reflects the structure of tool names: short shared prefixes (e.g., get_) end at depth 34, after
which diverse suffixes create more branching before converging again at deeper levels.

Table 16: Distribution of |valid([s]| by trie depth (K = 1,000, Qwen3-8B).
Depth Mean |valid| Max |valid] Nodes

0 72 72 1
1 6 17 12
2 3 7 19
3 5 35 21
4 10 39 21
5 8 43 34

H.8 Comparison with Token-Level Tries (GENRE)

GENRE (De Cao et al.,[2021) builds tries at token granularity, where each edge is a full BPE
token ID. This avoids the BPE-trie alignment problem entirely but loses character-level prefix
sharing. We compare compilation time on synthetic tool names (Qwen3-8B, V' = 151K):

K Token trie (ms) Char trie + AC (ms) Charnodes Token nodes

100 4.5 31 1,380 456
1,000 37 35 8,462 4,269
5,000 183 43 24,837 18,925

10,000 369 52 42,460 36,515

At small K, the token trie is faster because it requires no mask precomputation (valid
tokens are simply the children keys). Our Rust implementation with AC precomputation
crosses over at K = 1,000 and is 7 x faster at K = 10,000, because the character-level trie
has fewer nodes (3x at K = 100, 1.2x at K = 10,000) and the AC automaton amortizes
vocabulary matching across shared prefixes. A Python token-trie implementation (our
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own, following GENRE’s design) shows the same crossover (K = 1,000) and similar per-
step costs (0.43-0.63us vs. our 0.40-0.64us), confirming the advantage is algorithmic, not
implementation-specific. Both methods produce identical outputs (Proposition [I).

Per-step masking comparison. The token-level trie has a per-step advantage: masking is
a single hash lookup on the current token ID to retrieve child keys, costing O(b) where b is
the branching factor at the current node (typically 1-10 after the first token). Our character-
level trie costs O(|valid[s;]|) per step (empirically 0.65us, dominated by bitmask copy). In
practice, both are sub-microsecond and negligible relative to the GPU forward pass. The
character-level trie’s advantage is in compilation at large K and tokenizer independence;
the token-level trie’s advantage is in per-step simplicity at small K.

Output equivalence at scale. To verify that character-level and token-level tries produce
identical outputs (not just enforce the same constraint set), we ran both on a synthetic
tool-selection task at K € {500,1,000,2,000,5,000} with Qwen3-8B (100 samples per K,
greedy decoding). Both methods produced identical outputs on every sample at every
K, confirming that the BPE-trie alignment via AC does not introduce any approximation
relative to GENRE-style token-level tries.

H.9 Alternative Baselines

Vocabulary pre-filtering. A natural question is whether simply filtering the vocabulary to
tokens that appear as substrings of enum values can speed up FSM compilation. We build
the set of all substrings (up to length 20) of the enum values and count matching vocabulary
tokens. On Qwen3-8B (151K vocab), only 0.2% of tokens match (379/151K) regardless
of K, because most BPE tokens contain characters not present in tool names. However,
pre-filtering itself costs 5-405ms (scaling linearly with K), comparable to or slower than
the trie’s total compilation (30-48ms). Moreover, pre-filtering cannot reduce XGrammar’s
compilation cost because the bottleneck is DFA state construction, not vocabulary scanning.

Cached DFA compilation. Since the trie’'s AC automaton can be cached per-tokenizer, a
fair comparison should also cache XGrammar’s tokenizer info. With warm TokenizerInfo,
XGrammar compilation drops from 529-1749ms (cold) to 3.7-1207ms (warm). However, the
warm XGrammar still scales linearly with K (246ms at K=1,000, 1207ms at K=10,000), while
the trie remains nearly flat (35-48ms). The trie is faster than warm XGrammar at K > 100,
confirming that the advantage is algorithmic (avoiding DFA construction), not merely an
artifact of cold-start overhead.

Hash-set prefix matching. A simpler baseline would maintain a hash set of valid strings
and, at each decoding step, check which vocabulary tokens are consistent with remaining
valid strings given the current prefix. This avoids both DFA compilation and AC construc-
tion. However, this approach has O(K - £) per-step cost (checking each token against K
strings), which is worse than the trie’s O(|valid[s¢]|) precomputed lookup and comparable
to the FSM’s O(V - £) when K is large. The trie’s advantage is precisely that it moves this
work to compilation time.

H.10 Validity at High Cardinality

A key reviewer concern is whether the trie enables constrained decoding at K values where
FSM approaches become impractical. Table [17|shows validity rates on a synthetic tool-
selection task at K = 500-5,000 (Qwen3-8B, 100 samples per K). The trie guarantees 100%
validity at all K, while unconstrained decoding drops to 84% at K = 1,000. Both char-level
and token-level tries produce identical outputs.

H.11 When the Trie Automaton Excels

The trie automaton provides the greatest benefit under specific conditions that can be
systematically identified:
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Table 17: Validity (%) at high cardinality. Trie-constrained decoding guarantees 100%
valid outputs regardless of K; unconstrained decoding validity degrades. Char-level and
token-level (GENRE-style) tries produce identical outputs at all K.

K Char trie valid Token trie valid Uncon. valid Char=Token?

500 100% 100% 97% v
1,000 100% 100% 84% v
2,000 100% 100% 89% v
5,000 100% 100% 98% v

Enum Size Threshold For small enums (K < 50), the compilation overhead dominates
and simple approaches suffice. The trie automaton becomes advantageous when K > 100,
with benefits increasing dramatically beyond K = 1,000.

Prefix Structure Enums with meaningful prefix sharing (r < 0.8) see substantial memory
and compilation time reductions. Random string enums with no structure (r ~ 1.0) still
benefit from faster per-step masking but lose the compilation advantages.

Vocabulary Characteristics Large vocabularies (V > 10,000) with long average token
length (¢ > 2) make naive per-step masking expensive, amplifying the trie automaton’s
per-step advantages.

Usage Pattern Systems serving repeated queries with the same schema can amortize pre-
computation costs. Interactive applications with latency budgets under 1 second particularly
benefit from the faster per-step masking.

Based on these factors, we recommend the following decision criteria:

e Use trie automaton when K > 100 and enum values have identifiable prefix
structure

o Use hierarchical clustering (Appendix|[[) when K > 5,000 to manage compilation
time

o Use speculative decoding (Appendix ) when K > 10,000 or latency budget < 1s

e Use simple FSM only when K < 50 or when prefix sharing is minimal (» > 0.9)

The crossover point where FSM compilation becomes slower than trie compilation typically
occurs around K = 50-100, depending on prefix sharing and vocabulary size. Beyond
K = 1,000, the trie automaton consistently outperforms FSM-based approaches by orders of
magnitude.

I Hierarchical Schema Rewriting Details

For K > 50,000, hierarchical decomposition partitions the enum into G ~ /K groups,

reducing per-step cardinality from K to v/K (Proposition. We consider three clustering
approaches: (1) string similarity (edit distance + hierarchical clustering), (2) semantic
similarity (sentence embeddings + k-means), and (3) domain taxonomy (e.g., ICD-10 chapter
structure). Effectiveness depends on cluster coherence: when >80% of within-cluster pairs
are more similar than between-cluster pairs, the LLM reliably selects the correct group.

The approach is robust to 10-20% misassignment (per-step cardinality remains O(v/K)),
but poor clustering degrades accuracy. This is a preliminary direction requiring further
validation.
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J Speculative Short-Circuiting Details

Speculative short-circuiting uses a lightweight scoring function (embedding similarity,
unconstrained LLM generation, or a small classifier) to identify a top-k shortlist before
applying trie-constrained decoding. This trades the 100% validity guarantee for reduced
latency at extreme K. Empirical recall varies by domain: Recall@20 ranges from 87% (medical
coding) to 97% (geographic entities). A cascading fallback (top-k — top-2k — full decoding)
maintains schema compliance. This extension is most effective when input context strongly
predicts the correct enum value and least effective for highly similar enum values. Like
hierarchical rewriting, this is a preliminary direction.

K Constraint-Aware Dispatch Beyond Finite Sets

To validate that the dispatch principle generalizes beyond finite-set constraints, we bench-
mark a character-position mask engine for fixed-format strings against xgrammar’s regex
compilation. For a format like YYYY-MM-DD, each character position has a known set of valid
characters (digits, hyphens, etc.). The specialized engine builds a char-indexed vocabulary
and checks only tokens whose first character matches the allowed set at each position,
avoiding the full DFA construction. Table[18/shows compilation speedups across all seven
tokenizer families and four format types.

Table 18: Compilation speedup of character-position masks vs. xgrammar regex for fixed-
format strings. Values are x faster (median over 10 runs). xgrammar compilation time is
constant per format regardless of format complexity (88ms—1.2s depending on vocabulary
size).

Model Vocab YYYY-MM-DD datetime datetime.ms UUID v4
Mistral 7B v0.3 32K 1,859 x 626 % 532 % 2X
GPT-2 50K 77 X 41 x 31x 4x
OLMo 3 7B 100K 135x 71x 49 % 6X
Mistral Small 3.1 131K 1,378 x 740 x 512x 14 x
Qwen3-8B 151K 1,119 x 486 x 247 x 10x
gpt-oss-20b 200K 171x 91 x 66X 6%
Gemma3 12B 262K 7,939 x 1,614 x 1,328 x 6X

The speedups range from 2x (UUID on 32K vocab) to 7,939 x (date on 262K vocab). For
date/time formats with small character classes (digits, separators), the char-position mask
compiles in under 1ms while xgrammar pays 88ms-1.2s for DFA construction regardless of
format simplicity. UUIDs show smaller speedups because hexadecimal character classes (16
valid characters) produce more candidate tokens per position. These results confirm that
constraint-aware dispatch, matching specialized engines to constraint structure, yields large
speedups whenever the constraint has exploitable regularity, not just for finite sets.

L Practitioner Guidance

The accuracy-validity tradeoff depends on K, model capability, and error tolerance. At small
K (<£59) with strong models, PE validity exceeds 95% and can surpass trie accuracy; but
even here, weaker models (Mistral: 42.5%, DeepSeek R1: 0.2% PE validity) already benefit
from trie enforcement. At moderate K (76-150), trie strict typically matches or exceeds PE
accuracy while guaranteeing validity, though PE can retain an accuracy edge on strong
models (gpt-oss CLINC150: PE 79.7% vs. trie strict 77.0%) at the cost of 89% validity. At
large K (>1,000), PE validity approaches 0%. We recommend: (1) PE when K < 50, the
model is strong, and retries are acceptable; (2) think+trie when validity must be 100% or
K > 50; (3) trie-only when latency is critical.

When to use which backend. For the constrained decoding backend itself (independent
of prompting strategy):
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Scenario Recommended Rationale

K < 500, one-shot XGrammar Fastest total time (Table

K < 500, schema diversity LLGuidance Near-zero compilation

K > 500, repeated Trie Amortized; 75x faster masking

K > 500, one-shot LLG or Trie LLG: compilation; Trie: masking
Batch (B > 32) Trie CPU masking bottleneck (Table
K > 10,000 Trie + hierarchical Masking scales with K

M LLGuidance Comparison

To directly compare against LLGuidance (Geng et al., [2025), we benchmark its Python
library (v1.6.1) on the same hardware and tokenizer (Qwen3-8B, 151K vocabulary) used
for our main experiments. We measure compilation time (grammar construction + first
mask computation) and per-step mask computation time for enum schemas with K €
{10,100, 1,000, 5,000, 10,000} tool-like names with realistic prefix structure. Compilation is
averaged over 5 runs; per-step masking over 200 runs.

Table 19: Compilation time and per-step mask computation: LLGuidance vs. XGrammar
vs. Trie Automaton (Qwen3-8B, 151K vocabulary). LLGuidance achieves the fastest compi-
lation via lazy Earley parsing, but its per-step masking is 110-215x slower than the trie’s
precomputed lookups.

K=10 K=100 K=1K K=5K K=10K

Compilation time (seconds)

LLGuidance .001  .001 .003 .011 .024
Trie (ours) .030 .031 .033 .037 .040
XGrammar .003 .015 .075 .150 239

Per-step mask computation (us)

Trie (ours) 065 065 0.65 0.65 0.65
XGrammar 9.5 54 5.8 59 59
LLGuidance 121 73 85 96 141

LLGuidance’s lazy Earley parser achieves near-zero compilation cost (0.6ms at K = 100,
24ms at K = 10,000), outperforming both XGrammar and our trie on this dimension. How-
ever, its per-step mask computation (73-141us) is 110-215x slower than the trie automaton’s
precomputed lookups (0.65us) and 9-24 x slower than XGrammar (5-10ys). This confirms
the theoretical prediction: LLGuidance must traverse the full vocabulary trie at each step
(O(V)), while our precomputed masks reduce this to O(|valid|s¢]|). For a typical enum
generation requiring 5-10 decoding steps, the per-step advantage dominates: the trie’s total
masking cost is ~5us versus LLGuidance’s ~500us, a 100x difference that compounds in
batch serving. The three approaches occupy distinct points in the compilation-vs-masking
tradeoff: LLGuidance minimizes compilation, XGrammar balances both, and the trie au-
tomaton minimizes per-step cost through precomputation.

M.1 Batch Serving Throughput

The per-step masking cost differences above are measured for a single request. In production
batch serving, the GPU forward pass is shared across B concurrent requests (one batched
matrix multiply), but masking runs per-request on CPU since each request occupies a
different decoding state. Table shows the measured total CPU masking time per batch-
step as B grows.

At B = 128, LLGuidance’s per-step masking (3.7ms) consumes over a third of the GPU
forward pass time, directly reducing serving throughput. XGrammar’s 783us (7.8%) is
also significant. The trie’s 10us (0.1%) is negligible at any batch size. These results are
K-independent for the trie: at K = 10,000, the trie still measures 10.3us at B = 128, while
XGrammar and LLGuidance show similar costs (781us and 3,671us respectively). This
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Table 20: Measured batch masking cost (us per batch-step) on Qwen3-8B (151K vocabulary),
K = 1,000 tool names. A typical GPU forward pass takes ~10ms; the “% fwd” column
shows masking cost as a fraction of this. At B = 128, LLGuidance masking consumes 37%
of the forward pass, becoming the throughput bottleneck.

Trie (ours) XGrammar LLGuidance
B us %fwd pus % fwd us % fwd

1 02 000 54 0.05 31 0.31
32 24 0.02 170 1.70 893 8.93
64 49 0.05 367 3.67 1,827 18.3

128 10 0.10 783 783 3,716 37.2

explains why per-step masking cost, not compilation, is the binding constraint for serving
throughput at scale.
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