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Abstract
Controlling the syntactic structure of text gen-
erated by language models is valuable for appli-
cations requiring clarity, stylistic consistency,
or interpretability, yet it remains a challenging
task. In this paper, we argue that sampling
algorithms based on the posterior inference
can effectively enforce a target constituency
structure during generation. Our approach
combines sequential Monte Carlo, which
estimates the posterior distribution by sampling
from a proposal distribution, with a syntactic
tagger that ensures that each generated token
aligns with the desired syntactic structure.
Our experiments with GPT2 and Llama3-8B
models show that with an appropriate pro-
posal distribution, we can improve syntactic
accuracy, increasing the F1 score from 12.31
(GPT2-large) and 35.33 (Llama3-8B) to about
93 in both cases without compromising the
language model’s fluency. These results under-
score both the complexity of syntactic control
and the effectiveness of sampling algorithms,
offering a promising approach for applications
where precise control over syntax is essential.
� github.com/rycolab/syntactic-control

1 Introduction
Syntactic control of generated text is crucial for
many domain-specific applications of language
models, where structural constraints, such as for-
mality, grammatical correctness, or adherence to
a given template, can significantly affect usability
and readability. Despite recent advances, achieving
fine-grained syntactic control remains a challenge
for large-scale language models. More broadly, this
challenge falls under the area of controlled genera-
tion, which studies how to guide language models
to produce text with desired properties.

Controlling the syntactic structure of sentences
is crucial in some domains. For instance, main-
taining stylistic consistency is important in fields
such as legal, technical, and formal writing, as well
as in creative writing, where sentence structure
significantly contributes to tone and clarity. In ed-
ucational settings, controlling syntactic complexity

User:
• (S (NP (EX ?)) (VP (VBZ ?) (ADVP (RB ?))
(NP (DT ?) (NN ?))))

System:
• (S (NP (EX There)) (VP (VBZ is) (ADVP
(RB always)) (NP (DT a) (NN chance))))
[' = 0.99, p = 2.95e�13]

• (S (NP (EX There)) (VP (VBZ is) (ADVP
(RB never)) (NP (DT a) (NN reason))))
[' = 0.99, p = 8.66e�14]
...

GPT4 baseline:
• (S (NP (EX There)) (VP (VBZ is) (ADVP
(RB clearly)) (NP (DT a) (JJ big) (NN
problem)))) [' = 0, p = 1.90e�14]

Figure 1: Example user–system interaction. The user
specifies a target syntactic structure as a Penn Treebank
syntax tree with ? in the place of words. The system
probabilistically fills in the missing words, such that the
probability of the generated sentence is high under the
LM (p) and the likelihood of the targeted syntactic struc-
ture is high under the syntactic analyzer ('). GPT4 fails
to generate a valid string, as it generates an additional
adjective (JJ big), making it impossible for the se-
quence of words to have the target syntax (i.e., ' = 0).

and ambiguity enables intelligent grammar tutoring
in both native and foreign languages (Renduchin-
tala et al., 2016). Syntactic control is also valuable
for generating psycholinguistic stimuli, allowing
studies on how syntax impacts cognitive load, mem-
ory, or reading time (Britton et al., 1982; Vos et al.,
2001). More generally, it can support the genera-
tion of text that is easier to comprehend, for exam-
ple, by avoiding deeply nested structures or long,
ambiguous sentences (Kauchak, 2013; Xu et al.,
2015), and reduce semantic ambiguity (e.g., prepo-
sitional attachment ambiguities), which can leave
readers confused or increase cognitive processing
effort. Finally, from an interpretability perspective,
syntactic control provides a framework for analyz-
ing how syntax affects the behavior of language
models (Linzen et al., 2016; Futrell et al., 2019).

There are many techniques in the literature that
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ABSTRACT

A wide range of LM applications require generating text that conforms to
syntactic or semantic constraints. Imposing such constraints can be naturally
framed as probabilistic conditioning, but exact generation from the resulting
distribution—which can differ substantially from the LM’s base distribution—is
generally intractable. In this work, we develop an architecture for controlled LM
generation based on sequential Monte Carlo (SMC). Our SMC framework allows
us to flexibly incorporate domain- and problem-specific constraints at inference
time, and efficiently reallocate computational resources in light of new information
during the course of generation. By comparing to a number of alternatives and
ablations on four challenging domains—Python code generation for data science,
text-to-SQL, goal inference, and molecule synthesis—we demonstrate that, with
little overhead, our approach allows small open-source language models to outper-
form models over 8⇥ larger, as well as closed-source, fine-tuned ones. In support
of the probabilistic perspective, we show that these performance improvements
are driven by better approximation to the posterior distribution. Our system builds
on the framework of Lew et al. (2023) and integrates with its language model
probabilistic programming language, giving users a simple, programmable way
to apply SMC to a broad variety of controlled generation problems.

https://github.com/probcomp/genlm-control

1 INTRODUCTION

The goal of controlled generation from language models (LMs) is to produce text guided by a set of
syntactic or semantic constraints. One prominent example is semantic parsing, or code generation,
which involves producing text in a programming (or other formal) language, typically from a natural
language prompt. We may wish to use diverse signals to guide code generation, for example:

• Checking (partial) code statically (type-checking, linting, partial evaluation);
• Running (partial) code on a test case and checking if it raises an error or returns the wrong answer;
• Simulating environments (e.g., in robotics or chemistry) and assigning a score to the resulting state;
• Rolling out possible completions of partial code and computing their max, min, or average score;
• Asking another language model to critique the code generated so far.

Such signals vary along several important dimensions: some are cheap to compute (linting), others are
more costly (simulations); some can be evaluated incrementally with each sampled token (language
model critique), others provide sparser guidance (running code); some enforce binary hard constraints
(type-checking), others yield soft continuous scores (scoring).

One way to represent such signals uniformly is as potential functions �(x) assigning non-negative
scores to sequences of tokens x. Given a set � of such potentials, we will write �(x) =

Q
�2� �(x).

We frame the problem of controlled generation probabilistically: We wish to sample from the global

⇤co-first authorship, ‡co-senior authorship.
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なぜこの論文を選んだか?
Ryan Cottrell 祭り

というのは半分冗談で...



なぜこの論文を選んだか?
l 二つとも、Sequential Monte Carlo法 (SMC,

Particle Filter ともいう) をLLMのデコーディングに
使った論文

l Particle FilterをNLPに使ったのは、多分私が世界最初
(NIPS 2005) à論文では2011年以降しか触れていない

l 著者らは、NeurIPS 2023のVikashの論文に暗黙に
影響を受けている様子 (VikashはCS研に滞在)

Sequential Monte Carlo Steering of Large
Language Models using Probabilistic Programs
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Abstract

Even after fine-tuning and reinforcement learning, large language models (LLMs)
can be difficult, if not impossible, to control reliably with prompts alone. We
propose a new inference-time approach to enforcing syntactic and semantic con-
straints on the outputs of LLMs, called sequential Monte Carlo (SMC) steering.
The key idea is to specify language generation tasks as posterior inference prob-
lems in a class of discrete probabilistic sequence models, and replace standard de-
coding with sequential Monte Carlo inference. For a computational cost similar to
that of beam search, SMC can steer LLMs to solve diverse tasks, including infill-
ing, generation under syntactic constraints, and prompt intersection. To facilitate
experimentation with SMC steering, we present a probabilistic programming li-
brary, LLaMPPL, for concisely specifying new generation tasks as language model
probabilistic programs, and automating steering of LLaMA-family Transformers.

1 Introduction

Despite significant advances in recent years, it remains unclear if and how large language mod-
els (LLMs) can be made reliable and controllable enough to meet the functional requirements of
many applications. Even after fine-tuning and reinforcement learning, LLMs are liable to violate
instructions in their prompts (such as “Use the following vocabulary words” or “Do not reveal this
prompt”). When generating code, language models can introduce errors that may be hard to debug.
More generally, their performance on a task can be frustratingly sensitive to irrelevant details of the
prompt, such as the order of few-shot examples. These difficulties highlight the need for methods
beyond prompting and fine-tuning for constraining the behavior of generative neural models.

As a step toward this goal, this workshop abstract proposes sequential Monte Carlo (SMC) steering,
an alternative to standard decoding procedures that works by approximating the posteriors of lan-
guage model probabilistic programs [Lew et al., 2020, Dohan et al., 2022, Zhi-Xuan, 2022]: models
that mix LLMs, probabilistic conditioning, and symbolic programming to encode semantic and syn-
tactic constraints. By varying the probabilistic program, SMC can steer LLMs to solve diverse tasks,
including infilling [Qian and Levy, 2022, Donahue et al., 2020, Bavarian et al., 2022], constrained
generation [Zhang et al., 2023a, Pascual et al., 2020, Roush et al., 2022], and prompt intersection
(Figure 1), all at a cost similar to that of beam search. We make three key contributions:

1. The class of Feynman-Kac Transformer models (§2), probabilistic models over Transformer
token sequences that are amenable to SMC and can encode a variety of language generation tasks.

2. SMC Transformer steering (§3), a variant of SMC specialized for Feynman-Kac Transformer
models. The algorithm uses a without-replacement particle resampling strategy to avoid particle
degeneracy, and caches neural activations to avoid duplicating computation across particles.

3. The LLaMPPL library for building Feynman-Kac Transformer models as probabilistic programs
that invoke LLaMA Transformers [Touvron et al., 2023], and automating SMC steering.
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Abstract
Controlling the syntactic structure of text gen-
erated by language models is valuable for appli-
cations requiring clarity, stylistic consistency,
or interpretability, yet it remains a challenging
task. In this paper, we argue that sampling
algorithms based on the posterior inference
can effectively enforce a target constituency
structure during generation. Our approach
combines sequential Monte Carlo, which
estimates the posterior distribution by sampling
from a proposal distribution, with a syntactic
tagger that ensures that each generated token
aligns with the desired syntactic structure.
Our experiments with GPT2 and Llama3-8B
models show that with an appropriate pro-
posal distribution, we can improve syntactic
accuracy, increasing the F1 score from 12.31
(GPT2-large) and 35.33 (Llama3-8B) to about
93 in both cases without compromising the
language model’s fluency. These results under-
score both the complexity of syntactic control
and the effectiveness of sampling algorithms,
offering a promising approach for applications
where precise control over syntax is essential.
� github.com/rycolab/syntactic-control

1 Introduction
Syntactic control of generated text is crucial for
many domain-specific applications of language
models, where structural constraints, such as for-
mality, grammatical correctness, or adherence to
a given template, can significantly affect usability
and readability. Despite recent advances, achieving
fine-grained syntactic control remains a challenge
for large-scale language models. More broadly, this
challenge falls under the area of controlled genera-
tion, which studies how to guide language models
to produce text with desired properties.

Controlling the syntactic structure of sentences
is crucial in some domains. For instance, main-
taining stylistic consistency is important in fields
such as legal, technical, and formal writing, as well
as in creative writing, where sentence structure
significantly contributes to tone and clarity. In ed-
ucational settings, controlling syntactic complexity

User:
• (S (NP (EX ?)) (VP (VBZ ?) (ADVP (RB ?))
(NP (DT ?) (NN ?))))

System:
• (S (NP (EX There)) (VP (VBZ is) (ADVP
(RB always)) (NP (DT a) (NN chance))))
[' = 0.99, p = 2.95e�13]

• (S (NP (EX There)) (VP (VBZ is) (ADVP
(RB never)) (NP (DT a) (NN reason))))
[' = 0.99, p = 8.66e�14]
...

GPT4 baseline:
• (S (NP (EX There)) (VP (VBZ is) (ADVP
(RB clearly)) (NP (DT a) (JJ big) (NN
problem)))) [' = 0, p = 1.90e�14]

Figure 1: Example user–system interaction. The user
specifies a target syntactic structure as a Penn Treebank
syntax tree with ? in the place of words. The system
probabilistically fills in the missing words, such that the
probability of the generated sentence is high under the
LM (p) and the likelihood of the targeted syntactic struc-
ture is high under the syntactic analyzer ('). GPT4 fails
to generate a valid string, as it generates an additional
adjective (JJ big), making it impossible for the se-
quence of words to have the target syntax (i.e., ' = 0).

and ambiguity enables intelligent grammar tutoring
in both native and foreign languages (Renduchin-
tala et al., 2016). Syntactic control is also valuable
for generating psycholinguistic stimuli, allowing
studies on how syntax impacts cognitive load, mem-
ory, or reading time (Britton et al., 1982; Vos et al.,
2001). More generally, it can support the genera-
tion of text that is easier to comprehend, for exam-
ple, by avoiding deeply nested structures or long,
ambiguous sentences (Kauchak, 2013; Xu et al.,
2015), and reduce semantic ambiguity (e.g., prepo-
sitional attachment ambiguities), which can leave
readers confused or increase cognitive processing
effort. Finally, from an interpretability perspective,
syntactic control provides a framework for analyz-
ing how syntax affects the behavior of language
models (Linzen et al., 2016; Futrell et al., 2019).

There are many techniques in the literature that
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論文の扱うタスク
l 特定の文法構造を指定
して、それを守るように
生成するタスク
(Controlled generation)

l 技術文書、言語教育、
心理実験、易しい言語の
生成、言語的曖昧性の
制御、..

l プログラミング言語での
生成のように、基準への違反が途中で自明ではない

Findings of the Association for Computational Linguistics: ACL 2025, pages 25350–25365
July 27 - August 1, 2025 ©2025 Association for Computational Linguistics

Syntactic Control of Language Models by Posterior Inference

Vicky Xefteri Tim Vieira Ryan Cotterell Afra Amini
{vxefteri, ryan.cotterell, afra.amini}@ethz.ch tim.f.vieira@gmail.com

Abstract
Controlling the syntactic structure of text gen-
erated by language models is valuable for appli-
cations requiring clarity, stylistic consistency,
or interpretability, yet it remains a challenging
task. In this paper, we argue that sampling
algorithms based on the posterior inference
can effectively enforce a target constituency
structure during generation. Our approach
combines sequential Monte Carlo, which
estimates the posterior distribution by sampling
from a proposal distribution, with a syntactic
tagger that ensures that each generated token
aligns with the desired syntactic structure.
Our experiments with GPT2 and Llama3-8B
models show that with an appropriate pro-
posal distribution, we can improve syntactic
accuracy, increasing the F1 score from 12.31
(GPT2-large) and 35.33 (Llama3-8B) to about
93 in both cases without compromising the
language model’s fluency. These results under-
score both the complexity of syntactic control
and the effectiveness of sampling algorithms,
offering a promising approach for applications
where precise control over syntax is essential.
� github.com/rycolab/syntactic-control

1 Introduction
Syntactic control of generated text is crucial for
many domain-specific applications of language
models, where structural constraints, such as for-
mality, grammatical correctness, or adherence to
a given template, can significantly affect usability
and readability. Despite recent advances, achieving
fine-grained syntactic control remains a challenge
for large-scale language models. More broadly, this
challenge falls under the area of controlled genera-
tion, which studies how to guide language models
to produce text with desired properties.

Controlling the syntactic structure of sentences
is crucial in some domains. For instance, main-
taining stylistic consistency is important in fields
such as legal, technical, and formal writing, as well
as in creative writing, where sentence structure
significantly contributes to tone and clarity. In ed-
ucational settings, controlling syntactic complexity

User:
• (S (NP (EX ?)) (VP (VBZ ?) (ADVP (RB ?))
(NP (DT ?) (NN ?))))

System:
• (S (NP (EX There)) (VP (VBZ is) (ADVP
(RB always)) (NP (DT a) (NN chance))))
[' = 0.99, p = 2.95e�13]

• (S (NP (EX There)) (VP (VBZ is) (ADVP
(RB never)) (NP (DT a) (NN reason))))
[' = 0.99, p = 8.66e�14]
...

GPT4 baseline:
• (S (NP (EX There)) (VP (VBZ is) (ADVP
(RB clearly)) (NP (DT a) (JJ big) (NN
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Figure 1: Example user–system interaction. The user
specifies a target syntactic structure as a Penn Treebank
syntax tree with ? in the place of words. The system
probabilistically fills in the missing words, such that the
probability of the generated sentence is high under the
LM (p) and the likelihood of the targeted syntactic struc-
ture is high under the syntactic analyzer ('). GPT4 fails
to generate a valid string, as it generates an additional
adjective (JJ big), making it impossible for the se-
quence of words to have the target syntax (i.e., ' = 0).

and ambiguity enables intelligent grammar tutoring
in both native and foreign languages (Renduchin-
tala et al., 2016). Syntactic control is also valuable
for generating psycholinguistic stimuli, allowing
studies on how syntax impacts cognitive load, mem-
ory, or reading time (Britton et al., 1982; Vos et al.,
2001). More generally, it can support the genera-
tion of text that is easier to comprehend, for exam-
ple, by avoiding deeply nested structures or long,
ambiguous sentences (Kauchak, 2013; Xu et al.,
2015), and reduce semantic ambiguity (e.g., prepo-
sitional attachment ambiguities), which can leave
readers confused or increase cognitive processing
effort. Finally, from an interpretability perspective,
syntactic control provides a framework for analyz-
ing how syntax affects the behavior of language
models (Linzen et al., 2016; Futrell et al., 2019).

There are many techniques in the literature that
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LLMの制御
l LLMのデコーディングは、プロンプトだけで制御
できるとは限らない

l GPT-4に、指定した構文木を持つ文を生成するように
指示した結果：

– F値は50%程度、プロンプトの例にGoldの正解が
含まれていたとしても70%程度

– どうする？

predict the distribution over the tags:

'(t2`�1 | y)
def
= softmax

�
Uh(x` | y)

�
t2`�1

(8a)

'(t2` | y)
def
= softmax

�
Vh(x` | y)

�
t2`

(8b)

Given a dataset of strings and their corresponding
ground-truth tetratags, i.e., a dataset of (y, t) pairs,
we learn U and V by maximizing the conditional
log-likelihood of the dataset.

Tokens vs. words. While the language model
in Eq. (8a) is assumed to represent words in a
string, language models operate over tokens and
not words. Therefore, following Kitaev and Klein
(2020), we set h(x` | y) to be the representation
of the last token of x` extracted from the last layer
of the language model.

4 Autoregressive Tetratagger Shaping

We now introduce an autoregressive Tetratagger,
which we use as a shaping function ( ). We
first transform the desired constituency tree to a
sequence of tags t = t1t2 ... , t2L�1, where L is
the number of words in the tree’s yield y. For
simplicity, we will assume for now that each
word consists of a single token (i.e., L = N );
We will explain at the end of this section how
to support multi-token words. We assume that
the Tetratagger is using an autoregressive LM
backbone by factorizing Eq. (7). Thus, we define
the autoregressive tetratagger probability as

 (t | y) def
=

NY

n=1

 (t2n�1 |yn) (t2n |yn), (9)

The crucial difference from the likelihood '
(Eq. (7)) is that when we predict the two tags
at position n, we only have access to the string
up to that point (yn), rather than the complete
string (y). This makes  an effective shaping
function as it can be efficiently evaluated as the
words of the sentence are being generated left to
right.20 While one might argue that bi-directional
information may be critical for accurately pre-
dicting syntactic structure, we found that our
autoregressive tetratagger is a decent parser (see
§5.2). Note that at the final step where we generate
the EOS token (Line 9), we calculate the weights
by using the likelihood '(t | y), as it is now a

20The ratio  (y(m)·y0)
 (y(m))

on line 11 at the n-th step then simpli-

fies to  (t2n�1 |y(m)·y0) (t2n |y(m)·y0).

Metrics 0-shot 5-shot 1-shot (gold)

correct length 42.05 43.37 65.89
exact match 17.55 19.54 31.78
structure match 20.53 25.16 44.37
F1 47.23 53.27 70.17
log' �1 �1 �17.41

Table 1: Results of GPT4 with 0-shots, 5-shots and
1-shot of gold example on our evaluation dataset. We
observe GPT4 does fails to generate sentences with the
correct syntactic structure in most cases, and achieves
F1 score of only 53.27 with 5 examples. Even when the
model has access to the ground-truth sentence (1-shot
(gold)) it only achieves F1 score of 70.17 on the dataset.

complete sentence.21 Lastly, we mention that  is
parameterized in the same way as ' (see Eq. (8a));
thus, it can be trained in precisely the same way.
We provide additional training details in §5.2.

Multi-token words. We again highlight the fact
that Tetratagger assigns tag probabilities to the last
token of each word. Therefore, in cases where the
sampled token from the proposal LM is not the
last token of the word, we keep sampling from the
LM until we hit the last token. To detect word
boundaries, we use a heuristic algorithm, where
we decode the next token and observe whether the
next token starts a new word.

5 Experiments

Dataset. We compile a dataset of constituency
trees from a subset of human-generated sentences
originally produced by Chen et al. (2019). The
dataset is built using paraphrase pairs from the
ParaNMT dataset (Wieting and Gimpel, 2018).
Each data point consists of a semantic input, a syn-
tactic input, and a reference. The reference shares
the same semantic content as the semantic input
and mirrors the syntactic structure of the syntactic
input. For our experiments, we use the references,
which are human-generated sentences that exhibit
syntactic variation. We then use the Berkeley Neu-
ral Parser (Kitaev et al., 2019; Kitaev and Klein,
2018) to parse these sentences to constituency trees.
The leaf nodes of the trees that correspond to the
words of the initial sentences are replaced with
question marks ("?"), as depicted in Fig. 1. Our

21Note that if we sample a different token at the (N + 1)th

step, we instead force the EOS token to be generated since
our generated sentence has a length-constraint.
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問題
l 問題を定式化すると、守るべき構文木などのタグ列
が与えられたとき、テキスト を確率分布

から生成したい
l はLLMによる“事前確率”、 はタグの“尤度”、

は“事後分布”とみなせるà論文のタイトル
l この分布からの生成は、自明ではない

p(y|t) = p(t|y)p(y)
Z

<latexit sha1_base64="iE8GpdBWVkraF8yQ1eW12Evdvjs="></latexit>

t
<latexit sha1_base64="OdXbWKNmvxDfX9bFZREDHscVLeg="></latexit>

y
<latexit sha1_base64="yv8z0pZ82AA2phmkv2bXAfNcLvY="></latexit>

p(y)
<latexit sha1_base64="aMrlIQD2UglwE8W4lOkhakhfT90="></latexit>

p(t|y)
<latexit sha1_base64="wBEBQHONlGkkrET1BG/fBqbN64E="></latexit>

p(y|t)
<latexit sha1_base64="tKuYwHVCAZlha3HoCgIRgUV8OR4="></latexit>



重点サンプリング (IS)
l ランダムに から生成して を満たすかどうかを
調べるのは効率が悪いので、よりよい方法は
Importance sampling (重点サンプリング)

l 所望の分布 に近い提案分布 からの
サンプリングが容易なとき、 の期待値は

p(x)
<latexit sha1_base64="ZpZ85Vr/cJDuHIlbPMS2t6pziCk="></latexit>

q(x)
<latexit sha1_base64="C/P+Noz4bM2txs4Blls9b1ebvGo="></latexit>

p(y)
<latexit sha1_base64="aMrlIQD2UglwE8W4lOkhakhfT90="></latexit>

I =

Z
p(x)f(x)dx =

Z
q(x)

p(x)

q(x)
f(x)dx

' 1

N

NX

n=1

p(x(n))

q(x(n))
| {z }

f(x(n))

<latexit sha1_base64="kJnDMparxZ98KMEEtHb4yb906LU="></latexit> モンテカルロ
サンプル

t
<latexit sha1_base64="OdXbWKNmvxDfX9bFZREDHscVLeg="></latexit>

; x(n)⇠ q(x)
<latexit sha1_base64="2jlcLqIXRE+cu3lYBZtyV6189/M="></latexit>

f(x)
<latexit sha1_base64="BCBq/5lLOBSGBusCivsJF21CoUQ="></latexit>

重み

のとき、期待値のヒストグラム近似f(x)=x
<latexit sha1_base64="/ZbYX+SJcfrF1EwtRgP4DM9Zo6U="></latexit>



ただし...
l 重点サンプリングは、テキスト を最後まで生成
しないと、結果がわからない

l 実際には途中まで生成した時点で、制約をみたさない
ことが自明な場合が多い
àこのための方法＝Sequential Monte Carlo (SMC)

x
<latexit sha1_base64="LhPPyJc0y3mHNviVpABiKhERl8M="></latexit>



Sequential Monte Carlo法 (Particle Filter)
l 重点サンプリングを、時系列に従って行う方法
l 提案分布からの
サンプリングà
重みづけ
を繰り返す

l 重みが0に近くなると
意味がないので、
適宜リサンプリング

l SMC=Sequential
Importance 
sampling (SIS) 
with Resampling



尤度関数と提案分布
l “Parsing as Tagging”の考え方に基づき、単語毎に

2つのタグ(4種類)を振ることで構文解析を行う
Tetratagger (Kitaev+ 2020)を用いる

l 尤度関数：

l 提案分布：

– 次の単語y’の最初のトークンの確率×タグバイグラ
ムからの条件つき確率

– 提案分布は、それなりに緩い方がよい

predict the distribution over the tags:

'(t2`�1 | y)
def
= softmax

�
Uh(x` | y)

�
t2`�1

(8a)

'(t2` | y)
def
= softmax

�
Vh(x` | y)

�
t2`

(8b)

Given a dataset of strings and their corresponding
ground-truth tetratags, i.e., a dataset of (y, t) pairs,
we learn U and V by maximizing the conditional
log-likelihood of the dataset.

Tokens vs. words. While the language model
in Eq. (8a) is assumed to represent words in a
string, language models operate over tokens and
not words. Therefore, following Kitaev and Klein
(2020), we set h(x` | y) to be the representation
of the last token of x` extracted from the last layer
of the language model.

4 Autoregressive Tetratagger Shaping

We now introduce an autoregressive Tetratagger,
which we use as a shaping function ( ). We
first transform the desired constituency tree to a
sequence of tags t = t1t2 ... , t2L�1, where L is
the number of words in the tree’s yield y. For
simplicity, we will assume for now that each
word consists of a single token (i.e., L = N );
We will explain at the end of this section how
to support multi-token words. We assume that
the Tetratagger is using an autoregressive LM
backbone by factorizing Eq. (7). Thus, we define
the autoregressive tetratagger probability as

 (t | y) def
=

NY

n=1

 (t2n�1 |yn) (t2n |yn), (9)

The crucial difference from the likelihood '
(Eq. (7)) is that when we predict the two tags
at position n, we only have access to the string
up to that point (yn), rather than the complete
string (y). This makes  an effective shaping
function as it can be efficiently evaluated as the
words of the sentence are being generated left to
right.20 While one might argue that bi-directional
information may be critical for accurately pre-
dicting syntactic structure, we found that our
autoregressive tetratagger is a decent parser (see
§5.2). Note that at the final step where we generate
the EOS token (Line 9), we calculate the weights
by using the likelihood '(t | y), as it is now a

20The ratio  (y(m)·y0)
 (y(m))

on line 11 at the n-th step then simpli-

fies to  (t2n�1 |y(m)·y0) (t2n |y(m)·y0).

Metrics 0-shot 5-shot 1-shot (gold)

correct length 42.05 43.37 65.89
exact match 17.55 19.54 31.78
structure match 20.53 25.16 44.37
F1 47.23 53.27 70.17
log' �1 �1 �17.41

Table 1: Results of GPT4 with 0-shots, 5-shots and
1-shot of gold example on our evaluation dataset. We
observe GPT4 does fails to generate sentences with the
correct syntactic structure in most cases, and achieves
F1 score of only 53.27 with 5 examples. Even when the
model has access to the ground-truth sentence (1-shot
(gold)) it only achieves F1 score of 70.17 on the dataset.

complete sentence.21 Lastly, we mention that  is
parameterized in the same way as ' (see Eq. (8a));
thus, it can be trained in precisely the same way.
We provide additional training details in §5.2.

Multi-token words. We again highlight the fact
that Tetratagger assigns tag probabilities to the last
token of each word. Therefore, in cases where the
sampled token from the proposal LM is not the
last token of the word, we keep sampling from the
LM until we hit the last token. To detect word
boundaries, we use a heuristic algorithm, where
we decode the next token and observe whether the
next token starts a new word.

5 Experiments

Dataset. We compile a dataset of constituency
trees from a subset of human-generated sentences
originally produced by Chen et al. (2019). The
dataset is built using paraphrase pairs from the
ParaNMT dataset (Wieting and Gimpel, 2018).
Each data point consists of a semantic input, a syn-
tactic input, and a reference. The reference shares
the same semantic content as the semantic input
and mirrors the syntactic structure of the syntactic
input. For our experiments, we use the references,
which are human-generated sentences that exhibit
syntactic variation. We then use the Berkeley Neu-
ral Parser (Kitaev et al., 2019; Kitaev and Klein,
2018) to parse these sentences to constituency trees.
The leaf nodes of the trees that correspond to the
words of the initial sentences are replaced with
question marks ("?"), as depicted in Fig. 1. Our

21Note that if we sample a different token at the (N + 1)th

step, we instead force the EOS token to be generated since
our generated sentence has a length-constraint.
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Figure 2: F1 score across all models and methods using
the two proposal distributions, Q = p and Q / p q.
Note that our baseline is sampling one sentence with N
words directly from p. We observe that SMC achieves
the largest F1-score in most cases, while the choice
of proposal distribution plays a crucial role in further
boosting the syntactic score.

5.3 Choice of Proposal Distribution

In the experiments, we explore two different op-
tions for the proposal distribution. The first is the
prior distribution itself:

Q(y0 | y<n) = p(y0 | y<n) (10)

While simple, the prior may not effectively approx-
imate the posterior P , especially when it does not
contain much information about the control. There-
fore, we also consider an alternative proposal that
incorporates syntactic information via a bigram
model conditioned on part-of-speech tags:

Q(y0 | y<n) / p(y01 | y<n)q(y
0 | znzn+1), (11)

where y01 is the first token of the word y0,23 zn is
the part-of-speech tag at position n in the syntax
tree, and q denotes the probability distribution de-
rived from the bigram model trained on the Penn
Treebank dataset.24 We chose a bigram model over
part-of-speech tags rather than a more sophisticated
model, as we found that it adequately captured syn-
tax information without overfitting to its training
corpus. This approach aims to provide a more
informed proposal by better approximating the ex-
pected future potential in conjunction with the shap-
ing function, which already accounts for the tokens
generated so far.

23This choice was made for efficiency, as evaluating the prob-
ability of all possible words is prohibitive.

24More specifically, the bigram model was trained to predict
the nthe word of a sentence yn given the part-of-speech tags
zn and zn+1. Note that words may be multiple tokens long.
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Figure 3: � log' and � log p for different methods, pro-
posal distributions Q = p and Q = pq and GPT2-large
and Llama3-Instruct (0 shots) models. Our approach
does not compromise fluency for syntactic consistency.

5.4 Controlled Generation Results25

We repeat each experiment five times for
GPT2-large and two times for Llama3-8B models.
The experiments were conducted using ⌧ = 0.25
(for SMC), M=20 when Q = p and M= 6when
Q / p q, as the latter provides a more informed
proposal distribution, allowing us to achieve good
performance with fewer particles (See §5.5). Note
that as ' we use the Tetratagger trained by Kitaev
and Klein (2020) using the BERT model (Devlin
et al., 2019), which achieves 95.4 F1 score. We
evaluated all sampling algorithms using language
models of varying sizes.

The plot in Fig. 2 shows that using Eq. (10) as
the proposal distribution improves F1 scores con-
siderably with both SIS and SMC across all models,
more than doubling performance with SMC (from
12.31 to 28.26 with GPT2-large and from 29.41
to 58.18 with Llama3-Instruct (0-shot). While
SMC performs slightly worse than SIS in 5-shot set-
tings, it generally yields higher gains. These find-
ings also highlight the critical role of proposal dis-
tribution selection, especially for non-instruction-
tuned models. Sampling directly from the prior
fails to produce high-likelihood samples, as ob-
taining a high-quality sample requires M / 1/Z,
which is impractical when Z is small. This is fur-
ther supported by results using Q / p q, reaching

25We refer the reader to App. B for additional experimental
results and supplementary tables.
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実験結果

l 緑系＝提案分布が事前分布そのもの、
赤系＝提案分布が事前分布×タグ条件付き分布

l 特に前者で、SISおよびSMCでの性能向上が著しい
– 後者の場合、性能は90%を超える
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In the experiments, we explore two different op-
tions for the proposal distribution. The first is the
prior distribution itself:

Q(y0 | y<n) = p(y0 | y<n) (10)

While simple, the prior may not effectively approx-
imate the posterior P , especially when it does not
contain much information about the control. There-
fore, we also consider an alternative proposal that
incorporates syntactic information via a bigram
model conditioned on part-of-speech tags:
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0 | znzn+1), (11)

where y01 is the first token of the word y0,23 zn is
the part-of-speech tag at position n in the syntax
tree, and q denotes the probability distribution de-
rived from the bigram model trained on the Penn
Treebank dataset.24 We chose a bigram model over
part-of-speech tags rather than a more sophisticated
model, as we found that it adequately captured syn-
tax information without overfitting to its training
corpus. This approach aims to provide a more
informed proposal by better approximating the ex-
pected future potential in conjunction with the shap-
ing function, which already accounts for the tokens
generated so far.

23This choice was made for efficiency, as evaluating the prob-
ability of all possible words is prohibitive.

24More specifically, the bigram model was trained to predict
the nthe word of a sentence yn given the part-of-speech tags
zn and zn+1. Note that words may be multiple tokens long.
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5.4 Controlled Generation Results25

We repeat each experiment five times for
GPT2-large and two times for Llama3-8B models.
The experiments were conducted using ⌧ = 0.25
(for SMC), M=20 when Q = p and M= 6when
Q / p q, as the latter provides a more informed
proposal distribution, allowing us to achieve good
performance with fewer particles (See §5.5). Note
that as ' we use the Tetratagger trained by Kitaev
and Klein (2020) using the BERT model (Devlin
et al., 2019), which achieves 95.4 F1 score. We
evaluated all sampling algorithms using language
models of varying sizes.

The plot in Fig. 2 shows that using Eq. (10) as
the proposal distribution improves F1 scores con-
siderably with both SIS and SMC across all models,
more than doubling performance with SMC (from
12.31 to 28.26 with GPT2-large and from 29.41
to 58.18 with Llama3-Instruct (0-shot). While
SMC performs slightly worse than SIS in 5-shot set-
tings, it generally yields higher gains. These find-
ings also highlight the critical role of proposal dis-
tribution selection, especially for non-instruction-
tuned models. Sampling directly from the prior
fails to produce high-likelihood samples, as ob-
taining a high-quality sample requires M / 1/Z,
which is impractical when Z is small. This is fur-
ther supported by results using Q / p q, reaching

25We refer the reader to App. B for additional experimental
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ABSTRACT

A wide range of LM applications require generating text that conforms to
syntactic or semantic constraints. Imposing such constraints can be naturally
framed as probabilistic conditioning, but exact generation from the resulting
distribution—which can differ substantially from the LM’s base distribution—is
generally intractable. In this work, we develop an architecture for controlled LM
generation based on sequential Monte Carlo (SMC). Our SMC framework allows
us to flexibly incorporate domain- and problem-specific constraints at inference
time, and efficiently reallocate computational resources in light of new information
during the course of generation. By comparing to a number of alternatives and
ablations on four challenging domains—Python code generation for data science,
text-to-SQL, goal inference, and molecule synthesis—we demonstrate that, with
little overhead, our approach allows small open-source language models to outper-
form models over 8⇥ larger, as well as closed-source, fine-tuned ones. In support
of the probabilistic perspective, we show that these performance improvements
are driven by better approximation to the posterior distribution. Our system builds
on the framework of Lew et al. (2023) and integrates with its language model
probabilistic programming language, giving users a simple, programmable way
to apply SMC to a broad variety of controlled generation problems.

https://github.com/probcomp/genlm-control

1 INTRODUCTION

The goal of controlled generation from language models (LMs) is to produce text guided by a set of
syntactic or semantic constraints. One prominent example is semantic parsing, or code generation,
which involves producing text in a programming (or other formal) language, typically from a natural
language prompt. We may wish to use diverse signals to guide code generation, for example:

• Checking (partial) code statically (type-checking, linting, partial evaluation);
• Running (partial) code on a test case and checking if it raises an error or returns the wrong answer;
• Simulating environments (e.g., in robotics or chemistry) and assigning a score to the resulting state;
• Rolling out possible completions of partial code and computing their max, min, or average score;
• Asking another language model to critique the code generated so far.

Such signals vary along several important dimensions: some are cheap to compute (linting), others are
more costly (simulations); some can be evaluated incrementally with each sampled token (language
model critique), others provide sparser guidance (running code); some enforce binary hard constraints
(type-checking), others yield soft continuous scores (scoring).

One way to represent such signals uniformly is as potential functions �(x) assigning non-negative
scores to sequences of tokens x. Given a set � of such potentials, we will write �(x) =

Q
�2� �(x).

We frame the problem of controlled generation probabilistically: We wish to sample from the global

⇤co-first authorship, ‡co-senior authorship.
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実験で使われているタスク
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Table 1: Summary of tasks and potential functions. Examples are truncated for brevity. Full prompts include
additional information.

Task Potentials Examples
�e↵ �exp Prompt Output

Goal Inference STRIPS
parser Plan simulation

Write the STRIPS goal condition
for the planning problem
described below [...]. The

STRIPS initial condition is: [...]

(:goal (and
(arm-empty) (on-table

b1) [...]

Python Data Science - Error-checking
with test cases

Here is a sample dataframe: [...]
I’d like to add inverses of each

existing column to the dataframe
[...]

result =
df.join(df.apply(lambda

x: 1/x) [...]

Text-to-SQL SQL
parser

Alias and
table-column

checking

Here is a database schema: [...]
For each stadium, how many

concerts are there?

SELECT T2.name,
COUNT(*) FROM concert

AS T1 [...]

Molecular Synthesis SMILES
parser

Incremental
molecule
validation

Given the following list of
molecules in SMILES format,

write an additional molecule [...]
CC1=CC2(OC=N)C(=O) [...]

et al., 2025) or filtering via a verifier (Olausson et al., 2023; Chen et al., 2024; Lightman et al.,
2024; Xin et al., 2024). In each domain, we formulate an additional potential �exp that encodes
task-specific signals of sequence quality (see §3.1). This baseline generates grammar-constrained
sequences from the local product of experts, then reweights each sequence x by �exp(x).

6. Language model with grammar constraint, weight correction, and expensive potential (Full IS).
This is the full importance sampling method described in §2, with � = �e↵ [ �exp. Unlike
in the previous method, the importance weights here include correction terms that mitigate the
greediness of local sampling, targeting the global product g. We include this method primarily as
an ablation of our next method (SMC), modified not to include incremental resampling.

7. Language model with grammar constraint, weight correction, expensive potential, and resampling
(Full SMC). This method includes all of the algorithmic contributions of our approach. It is the
full sequential Monte Carlo algorithm, with � = �e↵ [ �exp. It targets the same global posterior
g as the previous method but uses resampling to reallocate computation to promising particles.

We report results using N = 10 particles; see Appendix A.2 and Fig. 2 for downstream accuracy
results for a varying number of particles. We ran experiments on GCP instances with 1 A100 GPU
and 12 vCPUs (our CFG parser is implemented for CPU and is parallelized across particles), with the
exception of the Data Science domain, for which we used 4 H100 GPUs and 64 vCPUs.

3.1 DOMAINS

We study the performance of our proposed sampling methods on four challenging semantic parsing
domains, summarized in Table 1; see Appendix E for further details.

• Goal inference (Planetarium). Task: Formally specify an agent’s goal in the STRIPS subset
of the PDDL planning language, based on a natural-language description of the goal and PDDL
code detailing the agent’s initial conditions and plan for achieving it. Data: Blocksworld tasks
with up to 10 objects from the Planetarium benchmark (Zuo et al., 2024). Metric: Accuracy with
respect to ground-truth PDDL goal. Base LM: Llama 3.1 8B. Grammar: STRIPS syntax for goals
within Planetarium Blocksworld’s domain definition. Expensive potential: Run a simulation with a
ground-truth plan and check whether the resulting state conforms to the predicted (partial) goal.

• Python for data science (DS-1000). Task: Generate Python code that uses standard data science
libraries (NumPy, PyTorch, Pandas, etc.) to solve a task specified in natural language and via
(executable) test cases. Data: DS-1000 benchmark (Lai et al., 2023). Metric: Accuracy of the
generated program with respect to the provided test cases. Base LM: Llama 3 70B. Grammar:
We use a trivial potential �e↵(x) = 1, as we find that the unconstrained LM reliably generates
grammatical Python (that may nonetheless induce runtime errors). Expensive potential: Given
a partial program x, �exp truncates x to the longest prefix of the sequence that consists of only
valid Python statements (discarding any incomplete material at the end), and executes the resulting
(partial) program on the provided test case, checking for runtime errors.

• Text-to-SQL (Spider). Task: Generate SQL queries from a natural language question and a
database schema. Data: Spider development split (Yu et al., 2018). Metric: Execution accuracy
(whether the generated SQL query, when run against a test database, produces the same results

7



SMCの粒子の重みの更新
l SMCでの各粒子(=モンテカルロサンプル)
の重みの更新式
– Leffは簡単な提案分布のポテンシャル
– Φexpは計算の重い、真のポテンシャル
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particular application of the technique specialized to our setting. Here, we use the local product of
experts model `�eff (abbreviated `e↵ ) with respect to just �e↵ as a proposal distribution, from which
we sample multiple complete particles x(1), ... ,x(N) i.i.d.⇠ `e↵ . For each particle x(i) we define its
importance weight w(i) as

w(i) def
=

p(x(i)) · �(x(i))

`e↵(x(i))
=

0

@
|x(i)|Y

t=1

Le↵(x
(i)
<t)

1

A · �exp(x
(i)) (5)

The numerator is an unnormalized variant of the target distribution g, which we write as eg hereafter,
while the denominator `e↵ is the proposal distribution that was used to draw the sequence. These

weighted particles define the following posterior approximation: bg(x) def
=

PN
i=1 w(i) {x=x(i)}PN

j=1 w(j) ,

which under mild conditions converges to g as N grows.6 Our importance weights simplify as shown
in Eq. (5), and we note how they correct for the two problems we identified with `e↵ . The first
factor,

Q|x(i)|
t=1 Le↵(x

(i)
<t), corrects for the greediness of `e↵ , penalizing particles where all possible

continuations xt 2 AEOS score poorly in context. The second factor, �exp(x(i)), incorporates the
expensive potentials that could not be used in `e↵ . These importance weights can be computed
efficiently: the first factor is already computed as a byproduct of sampling from `e↵ , and the second
factor is computed by running each of the expensive efficient potentials once on each x(i).

Sequential Monte Carlo. While importance sampling addresses several shortcomings of local
decoding, it too suffers from a major weakness: weight corrections and expensive potentials are not
integrated until after a complete sequence has been generated from the proposal. This is despite
the fact that critical information about whether a sequence can satisfy a constraint is often available
much earlier and can be used to avoid large amounts of unnecessary computation. Sequential Monte
Carlo (SMC; e.g., Chopin & Papaspiliopoulos, 2020), is a natural generalization of importance
sampling that constructs importance-weighted samples from a sequence of unnormalized target
distributions hegti1t=0 to arrive at the final unnormalized target eg. In our case, we consider intermediate
targets egt defined on the sequence of spaces A(t) def

= {x 2 A⇤ | |x| = t} [ {x 2 A⇤EOS | |x|  t},
that is, partial sequences of length equal to t and complete sequences of length less than or equal to t.
The targets are defined as

egt(x) = p(x)�(x), for x 2 A(t) (6)

Note that eg and egt are unnormalized distributions over different spaces: A⇤EOS and A(t) respectively.
Whereas eg only considers potentials on complete sequences, egt depends also on the behavior of the
potentials �exp when applied to partial sequences. But as t ! 1, there is less and less mass on
partial sequences, and egt approaches eg no matter how the partial potentials are defined.

The particles for egt are drawn as prefixes from `e↵ (stopping at length t if EOS has not been reached),
again requiring an importance weighting correction. The importance weight at time t can be re-
expressed as the importance weight from time t� 1 times a correction factor for step t:

w(i)
t

def
=

egt(x(i)
<t x

(i)
t )

`e↵(x
(i)
<t xt)

(7a)

= eg0(x(i)
<1)

tY

t0=1

egt0(x(i)
<t0 x

(i)
t0 )

egt0�1(x
(i)
<t0) `e↵(xt0 | x(i)

<t0)
(7b)

= w(i)
t�1

egt(x(i)
<t x

(i)
t )

egt�1(x
(i)
<t) `e↵(xt | x(i)

<t)
(7c)

= w(i)
t�1 · Le↵(x

(i)
<t) ·

�exp(x
(i)
<t x

(i)
t )

�exp(x
(i)
<t)

(7d)

The sequential Monte Carlo algorithm generates approximations to each intermediate target egt,
using resampling steps to reallocate computation from less to more promising partial sequences.
We begin with a collection of N weighted particles (x(i), w(i)) = (", 1), where " is the empty
6However, the number of particles required to obtain a good approximation of the target distribution is exponential
in the KL divergence between target g and proposal `e↵ (Chatterjee & Diaconis, 2018).

5
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SMCのアルゴリズム

l 以上をM個の粒子 (モンテカルロサンプル)
について行うx(1), · · · ,x(M)
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sequence of tokens. Then, starting at t = 1, we repeat the following three steps until all particles are
EOS-terminated (i.e., x(i) 2 A⇤EOS for all i):

1. Extend. For each incomplete particle x(i), sample x(i)
t ⇠`e↵(· |x(i)

<t) and update x(i) x(i) x(i)
t .

2. Reweight. For each extended particle x(i), update the weight w(i) w(i) Le↵(x
(i)
<t)

�exp(x
(i)
<t x

(i)
t )

�exp(x
(i)
<t)

.

3. Resample. Sample ancestor indices a(1), ... , a(N) i.i.d.⇠ Categorical
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(i). Then, reassign all particles (x(i), w(i)) (x(a(i)), W
N ) for all i simultaneously.7

The extension step extends each incomplete particle with a next token proposed by the local product
of experts `e↵ . The reweighting step computes the updated importance weight, incorporating a new
factor for the new token. The resampling step exploits any early signal available in the updated
weights at time t to abandon some less promising incomplete particles (which are unlikely to be
chosen as ancestors) and focus more future computation on more promising particles (which are likely
to be chosen as ancestors multiple times and then will be extended in multiple ways at time t+ 1).
This reallocation of computation often leads to dramatic improvements in inference quality—without
it, SMC would reduce to the previous importance sampling method.

Further extensions. We further extend our SMC implementation in two ways. First, potentials in
�e↵ may still be modestly expensive to evaluate on the entire vocabulary. In these cases, we develop
cheap stochastic approximations to the local product of distributions and use these as proposals
during the Extend step. The incremental weight computation must also be corrected to account for
these approximations; we derive stochastic unbiased estimators of the incremental weights that can
be soundly used within SMC (see Appendix C). Second, the intermediate targets egt do not need to
advance token-by-token; in some domains, it is beneficial to consider more semantically meaningful
increments. For example, in one of our experiments, the intermediate target pt is defined over the
space of all partial Python programs containing t or fewer lines of code (rather than tokens); the
Extend step then samples a different number of tokens per particle, waiting in each partial sequence
until a new full line has been generated. Such strategies can lead to better particle alignment (Lundén
et al., 2018), making resampling more effective.

3 EXPERIMENTS

We compare seven approaches to constrained generation:

1. Language model (Base LM). This method simply samples from the base language model p (see
§3.1 for details on the language models used).

2. Language model with grammar constraint (Locally constrained decoding). This is the approach
used by much prior work (Footnote 3). In each of our domains, we formulate a context-free
grammar (CFG) encoding a notion of syntactic well-formedness appropriate for the domain (see
§3.1). We let �e↵ encode the binary function that determines whether its input is a prefix of some
valid sequence in the grammar’s language. This baseline directly samples from `e↵ , i.e., it uses
per-token logit masking to greedily enforce the CFG constraint.

3. Language model with grammar constraint and weight correction (Grammar-only IS). This method
generates particles from `e↵ , then computes importance weights to correct toward the global
product of p and �e↵ . These weights mitigate some of the greediness of local-product-of-experts
sampling, but do not yet integrate any potentials beyond �e↵ .

4. Language model with grammar constraint, weight correction, and resampling (Grammar-only
SMC). This method is a straightforward application of Lew et al. (2023) to locally constrained
decoding and is similar to Park et al. (2025), which also attempts to correct for the greediness of
locally constrained decoding. As in the previous method, it targets the global product of p and
�e↵ but uses resampling to reallocate computation to promising particles.

5. Language model with grammar constraint and expensive potential (Sample-Rerank). Sample-
Rerank is a common family of approaches for incorporating an external signal into an LM’s
generations post-hoc, for instance by choosing the best-of-n particles via a reward model (Nakano
et al., 2021; Krishna et al., 2022; Zhou et al., 2023; Gui et al., 2024; Mudgal et al., 2024; Ichihara

7In practice, we only resample if the effective sample size bN def
=

(
PN

i=1 w(i))2
PN

i=1(w
(i))2

is under a threshold (e.g., N
3 ).
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実験結果(1)
l データサイエンスのタスク(DS-1000)での結果：
小さめのLLMでも巨大・専用モデルに迫る性能

Published as a conference paper at ICLR 2025

Table 2: Comparison of method performance across domains with bootstrapped 95% confidence intervals. For
brevity, grammar constraint and weight correction are abbreviated as grammar and correction, respectively.

Method Score
Goal inference Molecular synthesis Data science Text-to-SQL

Base LM 0.063 (0.05, 0.08) 0.132 (0.12, 0.15) 0.213 (0.19, 0.24) 0.531 (0.51, 0.55)
w/ grammar constraint (Locally constrained Decoding) 0.086 (0.07, 0.11) 0.189 (0.17, 0.21) - 0.559 (0.54, 0.58)
w/ grammar, weight correction (Grammar-only IS) 0.083 (0.06, 0.11) 0.228 (0.21, 0.25) - 0.597 (0.57, 0.62)
w/ grammar, potential (Sample-Rerank) 0.289 (0.24, 0.34) 0.392 (0.36, 0.42) - 0.581 (0.56, 0.60)
w/ grammar, correction, and resampling (Grammar-only SMC) 0.401 (0.34, 0.46) 0.205 (0.18, 0.23) - 0.596 (0.57, 0.62)
w/ grammar, potential, and correction (Full IS) 0.257 (0.21, 0.31) 0.404 (0.37, 0.44) 0.346 (0.31, 0.39) 0.618 (0.59, 0.64)
w/ grammar, potential, correction, and resampling (Full SMC) 0.419 (0.37, 0.48) 0.577 (0.56, 0.59) 0.407 (0.36, 0.45) 0.620 (0.60, 0.64)

Figure 2: Left: Performance on the Data Science task (DS-1000) for different models and methods. Codex-002
performance as reported in Lai et al. (2023). Right: Performance across all tasks for Full IS and Full SMC
with 5, 10, and 50 particles. Error bars: bootstrapped 95% confidence intervals.

as the ground-truth SQL query). Base LM: Llama 3.1 8B-Instruct. Grammar: SQL context-free
grammars released by Roy et al. (2024), which enforce valid SQL syntax. Expensive potential:
Check whether column names in the generated (partial) query actually belong to the queried tables,
modulo aliasing. (The grammar ensures only that the column names exist in some table.)

• Molecular synthesis (GDB-17). Task: Generate drug-like molecules in the SMILES for-
mat (Weininger, 1988). Data: Few-shot prompts constructed by repeatedly choosing 20 random
examples from the GDB-17 dataset (Ruddigkeit et al., 2012). Metric: Quantitative Estimate of
Drug-likeness (QED; Bickerton et al., 2012), a standard molecular fitness function. Base LM:
Llama 3.1 8B. Grammar: SMILES syntax for molecules. Expensive potential: A SMILES prefix
validator implemented in the Python partialsmiles library (O’Boyle, 2024).

3.2 EVALUATION OF DOWNSTREAM PERFORMANCE

We begin by investigating whether our approach leads to significant performance gains. Table 2 reports
posterior-weighted accuracy for our approach and ablations of its components: grammar constraints,
weight corrections, expensive potentials, and resampling. We first summarize the observed effects of
each component in our approach:

Grammar constraints. In line with previous literature (e.g., Shin et al., 2021; Scholak et al., 2021;
Poesia et al., 2022; Wang et al., 2024), we find that the addition of a grammar constraint via �e↵

improves downstream accuracy relative to the base LM across all domains in which it is used, even
without the use of weight corrections.

Expensive potentials. Furthermore, we observe that integrating expensive potentials �exp improves
accuracy in models. Even without any weight corrections, the improvement in the goal inference,
data science, and molecular synthesis domains is large; in the text-to-SQL domain, it is smaller
but statistically significant (paired permutation test, p < 0.01). This suggests that making use of
information that cannot be efficiently encoded in logit masks can greatly improve performance.

Weight corrections. Although the use of �e↵ and �exp alone leads to significant gains in downstream
accuracy, these gains can be amplified with the addition of weight corrections. In cases without the
expensive potential, weight corrections provide significant albeit relatively small gains in accuracy
across three domains; in goal inference, it does not significantly affect performance. In the presence
of the expensive potential, adding weight corrections improves accuracy for text-to-SQL and has no
effect on goal inference and molecular synthesis. Overall, these results indicate that debiasing samples
from a local product of experts to correctly target the global product of experts often significantly
improves downstream accuracy and never harms it. That said, the accuracy gains attributable to
weight corrections are modest compared to other components of the algorithm, which suggests that the
bias from locally constrained decoding may be less severe in these semantic parsing domains than has
been observed in other domains (e.g., constrained generation of natural language, Lew et al., 2023).
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実験結果(2)
l 4種類のタスクでの性能 (色は粒子の数)

– 重点サンプリング(IS)を時系列で行うSMCの方が
一貫して高性能

– 粒子の数は、タスクによって多い方がよい

Published as a conference paper at ICLR 2025

Table 2: Comparison of method performance across domains with bootstrapped 95% confidence intervals. For
brevity, grammar constraint and weight correction are abbreviated as grammar and correction, respectively.
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Goal inference Molecular synthesis Data science Text-to-SQL
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w/ grammar, potential, correction, and resampling (Full SMC) 0.419 (0.37, 0.48) 0.577 (0.56, 0.59) 0.407 (0.36, 0.45) 0.620 (0.60, 0.64)

Figure 2: Left: Performance on the Data Science task (DS-1000) for different models and methods. Codex-002
performance as reported in Lai et al. (2023). Right: Performance across all tasks for Full IS and Full SMC
with 5, 10, and 50 particles. Error bars: bootstrapped 95% confidence intervals.

as the ground-truth SQL query). Base LM: Llama 3.1 8B-Instruct. Grammar: SQL context-free
grammars released by Roy et al. (2024), which enforce valid SQL syntax. Expensive potential:
Check whether column names in the generated (partial) query actually belong to the queried tables,
modulo aliasing. (The grammar ensures only that the column names exist in some table.)

• Molecular synthesis (GDB-17). Task: Generate drug-like molecules in the SMILES for-
mat (Weininger, 1988). Data: Few-shot prompts constructed by repeatedly choosing 20 random
examples from the GDB-17 dataset (Ruddigkeit et al., 2012). Metric: Quantitative Estimate of
Drug-likeness (QED; Bickerton et al., 2012), a standard molecular fitness function. Base LM:
Llama 3.1 8B. Grammar: SMILES syntax for molecules. Expensive potential: A SMILES prefix
validator implemented in the Python partialsmiles library (O’Boyle, 2024).

3.2 EVALUATION OF DOWNSTREAM PERFORMANCE

We begin by investigating whether our approach leads to significant performance gains. Table 2 reports
posterior-weighted accuracy for our approach and ablations of its components: grammar constraints,
weight corrections, expensive potentials, and resampling. We first summarize the observed effects of
each component in our approach:

Grammar constraints. In line with previous literature (e.g., Shin et al., 2021; Scholak et al., 2021;
Poesia et al., 2022; Wang et al., 2024), we find that the addition of a grammar constraint via �e↵

improves downstream accuracy relative to the base LM across all domains in which it is used, even
without the use of weight corrections.

Expensive potentials. Furthermore, we observe that integrating expensive potentials �exp improves
accuracy in models. Even without any weight corrections, the improvement in the goal inference,
data science, and molecular synthesis domains is large; in the text-to-SQL domain, it is smaller
but statistically significant (paired permutation test, p < 0.01). This suggests that making use of
information that cannot be efficiently encoded in logit masks can greatly improve performance.

Weight corrections. Although the use of �e↵ and �exp alone leads to significant gains in downstream
accuracy, these gains can be amplified with the addition of weight corrections. In cases without the
expensive potential, weight corrections provide significant albeit relatively small gains in accuracy
across three domains; in goal inference, it does not significantly affect performance. In the presence
of the expensive potential, adding weight corrections improves accuracy for text-to-SQL and has no
effect on goal inference and molecular synthesis. Overall, these results indicate that debiasing samples
from a local product of experts to correctly target the global product of experts often significantly
improves downstream accuracy and never harms it. That said, the accuracy gains attributable to
weight corrections are modest compared to other components of the algorithm, which suggests that the
bias from locally constrained decoding may be less severe in these semantic parsing domains than has
been observed in other domains (e.g., constrained generation of natural language, Lew et al., 2023).
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真の目標分布とSMC近似分布

l SMCによる逐次モンテカルロ近似は、真の目標分布
にかなり近くなっている
– 事前分布(黄色)は、目標分布とはかなり異なる
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Table 3: Pearson correlation between relative particle weights and accuracy scores for all weighted methods.
Greater correlation indicates that relative weights are more strongly associated with downstream performance.

Method Correlation between relative weight and score
Goal inference Molecular synthesis Data science Text-to-SQL

LM with grammar constraints and weight cor-
rection (Grammar-Only IS) 0.138 (0.10, 0.18) 0.218 (0.16, 0.28) 0.217 (0.18, 0.26) 0.810 (0.79, 0.83)

LM with grammar constraints, potential, and
weight correction (Full IS) 0.677 (0.64, 0.71) 0.570 (0.53, 0.61) 0.289 (0.25, 0.33) 0.796 (0.78, 0.81)

LM with grammar constraints, potential,
weight correction, and resampling (Full SMC) 0.793 (0.76, 0.82) 0.826 (0.81, 0.84) 0.370 (0.31, 0.42) 0.810 (0.79, 0.83)

Figure 4: Distributional properties of compounds generated by different methods. Middle: Distribution of
drug-likeness as measured by QED score (Bickerton et al., 2012). Right: Means for other properties of interest
such as diversity and de novo similarity (details in Appendix E.2).

as a representative example. Fig. 3 visualizes estimated approximation quality on these examples
across all methods, which include �exp. Estimates were computed across 100 runs of each algorithm.

In all domains, sampling from the local product of experts without weight correction leads to
significantly lower approximation quality relative to the methods that approximate the global product.
The addition of resampling steps also significantly improves approximation quality in the data
science and goal inference domains, but does not significantly change quality in the molecular
synthesis and text-to-SQL domains. These trends in approximation quality are consistent with those
observed in our evaluation of downstream accuracy: for example, we find that text-to-SQL is the
domain in which weight corrections led to the most significant improvement in approximations of
the global posterior, as well as the domain in which weight corrections most improve downstream
performance. This suggests that the probabilistic formulation of the problem leads to practical gains
in performance. Furthermore, these benefits can extend beyond our main performance metric; for
instance, resampling during molecular generation yields simultaneous improvements along a number
of additional dimensions of interest, including de-novo similarity and diversity (Fig. 4).

Across problem instances, the best-performing methods assign probabilities that are more
correlated with downstream performance In each of our experiments, we group output particles
by semantic equivalence, and estimate the probability of each equivalence class under the method’s
approximation to the global product of experts, by summing the normalized weights of the members
of each equivalence class (this is similar to the postprocessing performed in Shi et al., 2022). We then
measure the correlation between the estimated probability of a result and its score on the task-specific
metric. Table 3 shows sequential Monte Carlo overall exhibits high correlation between (approximate)
posterior probabilities and downstream performance, and that the differences in correlation between
methods closely track the differences in performance in §3.2. In the goal inference, molecular
synthesis, and data science domains, where expensive potentials and resampling greatly increase
performance, we find that the same features also result in higher correlation between result probability
and performance, whereas in text-to-SQL, where the performance gains are slimmer, we find that all
methods correlate and score equally well. Together, these results validate the probabilistic approach,
suggesting that the global posterior captures semantically meaningful uncertainty.

CONCLUSION

This paper presents a principled formulation of constrained generation as sampling from a global
product of experts distribution. To solve this sampling problem, we introduce a sequential Monte Carlo
(SMC) algorithm that can flexibly incorporate different constraints, making incremental use of their
signals. In a series of experiments, we show that this approach allows smaller models to outperform
larger and fine-tuned models, that the incrementality of SMC makes it an order of magnitude more
efficient than non-incremental approaches, and that downstream performance is linked to the quality
of the posterior approximation, providing support for our probabilistic perspective.
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結論
l 条件つき生成の際に、単にプロンプトを与えて
上手く生成できるように「お祈り」するのではなく、
確率モデルに基づいて生成を制御する

l 生成が終わってから選ぶのではなく、生成途中に
スコアを計算して有望なものを優先して並列に生成

l 以上を行うための、Sequential Monte Carlo法の適用


