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Abstract

Recent work has framed constrained text generation with autoregressive language
models as a probabilistic inference problem. Among these, Zhao et al. (2024) in-
troduced a promising approach based on twisted Sequential Monte Carlo, which
incorporates learned twist functions and twist-induced proposals to guide the gen-
eration process. However, in constrained generation settings where the target dis-
tribution concentrates on outputs that are unlikely under the base model, learning
becomes challenging due to sparse and uninformative reward signals. We show
that iteratively refining the base model through self-distillation alleviates this is-
sue by making the model progressively more aligned with the target, leading to
substantial gains in generation quality.

1 Introduction

Recent progress in large language models has been primarily driven by autoregressive modeling;
these models are typically optimized to predict a next-token given its preceding context (Brown et al.,
2020). Specifically, modern autoregressive language models estimate the conditional probability of
a sequence s1:T given an initial prompt s0 as

pLM(s1:T |s0) =
∏T

t=1 pLM(st|s0:t−1), (1)

where st is the tth token and s0:t−1 denotes the sequence of tokens up to step t − 1, including the
initial prompt s0. Assuming access to a potential function ϕ, which scores the preference over full
sequences as ϕ : s1:T 7→ R+, the target distribution σ from which we aim to sample in constrained
language generation setups (along with its unnormalized form σ̃) can be defined as

σ(s1:T |s0) = σ̃(s1:T |s0)/Zσ(s0), where σ̃(s1:T |s0) = pLM(s1:T |s0)ϕ(s1:T ), (2)

and Zσ(s0) =
∑

s1:T
pLM(s1:T |s0)ϕ(s1:T ) denotes the normalization constant, which is intractable

to compute in practice due to the summation over all possible sequences. Given that the target σ̃
is unnormalized but tractable to evaluate for individual sequences, constrained language generation
can be naturally framed as a probabilistic inference problem (Korbak et al., 2022; Lew et al., 2023;
Zhao et al., 2024; Loula et al., 2025), where the goal is to sample s1:T ∼ σ(·|s0).
A primary challenge in sampling from σ lies in its non-causal structure. While pLM permits efficient
left-to-right sampling, σ depends on the full sequence score ϕ(s1:T ). Consequently, computing the
marginal σ(s1:t|s0) requires summing over all possible future continuations:

σ(s1:t|s0) ∝
∑

st+1:T
pLM(st+1:T |s0:t)ϕ(s1:T ), (3)

which is intractable in practice due to the exponential number of possible continuations. To address
this, Zhao et al. (2024) proposed leveraging the Twisted Sequential Monte Carlo (TSMC) frame-
work (Heng et al., 2020), which generalizes importance sampling by introducing a sequence of
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intermediate distributions {πt(s1:t|s0)}T−1
t=1 that progressively approach the final target distribution

πT (s1:T |s0) = σ(s1:T |s0). In the TSMC framework, each πt (along with its unnormalized form
π̃) is represented as a twisted intermediate target distribution, defined by applying a twist function
ψt : s1:t 7→ R to the base language model pLM:

πt(s1:t|s0) = π̃t(s1:t|s0)/Zπt(s0), where π̃t(s1:t|s0) = pLM(s1:t|s0)ψt(s1:t), (4)

and Zπt
(s0) is the normalization constant. If we approximate ψt(s1:t) using a shared neural net-

work ψθ(s1:t) parameterized by θ, we have the approximate intermediate target distribution of
πt,θ(s1:t|s0) ∝ pLM(s1:t|s0)ψθ(s1:t). The Contrastive Twist Learning (CTL; Zhao et al., 2024)
framework trains this neural twist function by minimizing the loss:

LCTL(θ) =
∑T

t=1DKL(σ(s1:t|s0)||πt,θ(s1:t|s0)), (5)

which yields the following negative gradient with respect to the parameters θ:

−∇θL(θ) =
∑T

t=1

{
Eσ(s1:t|s0) [∇θ logψθ(s1:t)]− Eπt,θ(s1:t|s0) [∇θ logψθ(s1:t)]

}
. (6)

Using ψθ and the corresponding twist-induced proposal qt(st|s0:t−1) ∝ pLM(st|s0:t−1)ψθ(s1:t),
which aims to minimize the variance of the importance weights (Zhao et al., 2024), we perform the
following three steps iteratively for each time step t = 1, . . . , T , starting from K particles {sk0}Kk=1:

1. (Extending) Sample skt ∼ q(·|sk0:t−1) and extend sk0:t ← concat(sk0:t−1, s
k
t ).

2. (Reweighting) Compute wk
t ←

∑
st
pLM(st|s0:t−1)ψθ(s1:t)/ψθ(s1:t−1) for t < T , and at

the final time step t = T , wk
t ←

∑
sT
pLM(sT |s0:T−1)ϕ(s1:T )/ψθ(s1:T−1).

3. (Resampling) Sample {ki}Ki=1
i.i.d.∼ Categorical({w̄i

t}Ki=1), where w̄i
t = wi

t/
∑K

j=1 w
j
t , and

reassign (si0:t)
K
i=1 ← (ski

0:t)
K
i=1.

Throughout the paper, we denote the TSMC sampling procedure as s1:T ∼ TSMC(pLM, ψθ), where
the number of particles K is treated as a hyperparameter. Although TSMC is theoretically well-
founded, being rooted in the Feynman–Kac formalism (Del Moral, 2004) and supported by various
guarantees (Doucet et al., 2001; Chopin et al., 2020; Heng et al., 2020), its practical effectiveness
can be limited. A poorly chosen twist often leads to rapid particle degeneracy, and the repeated
evaluation of ψθ(s1:t) during sampling introduces a computational bottleneck. As a result, large-
capacity neural networks cannot be used for ψθ despite their potential to yield more effective twists,
creating a fundamental trade-off between expressiveness and computational feasibility. Indeed, twist
learning via CTL becomes particularly challenging in constrained text generation tasks, where the
target distribution emphasizes outputs that are unlikely under the base model, especially when ψθ is
implemented as a lightweight multilayer perceptron (MLP) for runtime efficiency (cf. Section 3).

2 Self-Distilled Twisted Sequential Monte Carlo

Algorithm 1 outlines our proposed self-distilled TSMC procedure. The process starts from the initial
pair (p(0)LM, ψ

(0)
θ ), obtained using the original CTL framework of Zhao et al. (2024) (line 1), which

we regard as the 0-th generation. The base model is then iteratively refined through self-distillation
(line 3), and the corresponding twist function is updated via a modified CTL approach (line 4),
producing a sequence of progressively improved pairs (p

(m)
LM , ψ

(m)
θ ) across generations. In what

follows, we detail the steps involved in each phase and describe how the CTL framework is adapted
to incorporate a refined base model obtained through self-distillation.

Phase #1: Self-distillation. Distillation in generative language models is fairly straightforward:
the student model is optimized to maximize the likelihood of sequences output by the teacher
model (Kim and Rush, 2016). In our self-distillation phase, the base model of the m-th genera-
tion is trained on TSMC samples from the (m− 1)-th generation:

p
(m)
LM (·|s0) = argmin

pLM(·|s0)
Es1:T∼S [− log pLM(s1:T |s0)] . (7)

where S represents the set of text samples generated by TSMC(p
(m−1)
LM , ψ

(m−1)
θ ).
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Algorithm 1 Self-distilled TSMC

Input: Base model p(0)LM, potential function ϕ, and the number of generations M .
Output: Refined base model p(M)

LM and corresponding twist function ψ(M)
θ .

1: ψ(0)
θ

CTL←−− p(0)LM.
2: for m = 1, . . . ,M do
3: p

(m)
LM

SD←− TSMC(p
(m−1)
LM , ψ

(m−1)
θ ).

4: ψ
(m)
θ

CTL-m←−−−− p(m)
LM .

5: end for

Phase #2: (Modified) contrastive twist learning. A key aspect of our self-distilled TSMC pro-
cedure is that the base model progressively evolves, moving away from the initial pLM and grad-
ually approaching the target distribution σ over successive generations. Intuitively, this facilitates
smoother training of the twist function (which we also demonstrate empirically in the following
section), yet it simultaneously introduces a complication that requires modification in implement-
ing CTL. Specifically, from the perspective of the base model in the m-th generation, the target
distribution σ can be rewritten as:

σ(s1:T |s0) ∝ p(m)
LM (s1:T |s0)ϕ(m)(s1:T ), (8)

where ϕ(m)(s1:T ) := p
(0)
LM(s1:T |s0)ϕ(s1:T )/p(m)

LM (s1:T ). Here, ϕ(m) acts as an effective potential in
the m-th generation, adjusting the current base model’s density to align with σ defined under pLM.
As a result, the approximate positive sampling procedure used to compute the first term in Eq. 6 must
be adjusted accordingly, since the importance weights are now governed by the generation-specific
effective potential ϕ(m)(s1:T ) over full sequences. The modified procedure becomes:

1. Using SMC with proposal q, generate candidates

{sk1:T }Kk=1
i.i.d.∼ q(s1:T |s0).

2. For each k = 1, . . . ,K, compute modified importance weights

w(m)(sk1:T ) = p
(m)
LM (sk1:T |s0)ϕ(m)(sk1:T )/q(s

k
1:T |s0).

3. Using ŵ(m)(sk1:T ) = w(m)(sk1:T )/
∑K

j=1 w
(m)(sj1:T ) for k = 1, . . . ,K, approximate

Eσ(s1:t|s0)

[
∇θ logψ

(m)
θ (s0:t)

]
≈
∑K

k=1 ŵ
(m)(sk1:T )∇θ logψ

(m)
θ (sk1:t)).

Notably, this complication does not affect the Extending step (Item 1) of the TSMC sampling. Even
in the original CTL setup where pLM serves as the base model, the twist-induced proposal remains
intractable to evaluate exactly at the final timestep, as computing the terminal potential for all pos-
sible s1:T given s1:T−1 is prohibitively costly. As such, we continue to rely on the approximation
ψ
(m)
θ (s1:T ) ≈ ϕ(m)(s1:T ) to enable practical proposal sampling.

3 Experiments

Setup. We focus on toxic story generation; the base language model pLM(·|s0) generates continua-
tions s1:T from the initial prompt s0 = ‘Once upon a time, there was a’, and we define

ϕ(s1:T ) := p(toxic|s1:T )β = exp {β · log p(toxic|s1:T )},
where β ≥ 0 controls the strength of the toxicity signal. For both pLM and ϕ, we adopted publicly
available pre-trained models (see Appendix A). To evaluate whether the generated texts are both
diverse and toxic, we employ two metrics: 1) Toxicity is defined as p(toxic | s1:T ), following our
definition of the potential function. 2) Similarity is defined as the average pairwise cosine similar-
ity of sentence embeddings obtained from Sentence Transformers (Reimers and Gurevych, 2019).
From early experiments with rejection sampling (see Appendix B), we observed that meaningful
toxic story generation occurs when β = 10.0, a regime that effectively captures the sparse reward
problem. Therefore, our main results are reported under the target distribution σ with β = 10.0.
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Figure 1: Similarity-Toxicity plot.

Results. Fig. 1 illustrates a Similarity–Toxicity
scatter plot. The upper-left region represents a
favorable area where the model generates sam-
ples that are both diverse and toxic. We employ
K = 100 particles for the TSMC sampling pro-
cedure during training, andK = 50 during test-
ing. Base and Target refer to the pre-trained
model pLM and the target distribution σ, re-
spectively. Samples generated by the proposed
self-distilled TSMC approach progressively ap-
proach the Target distribution across iterations,
surpassing practical baselines that directly fine-tune the pre-trained pLM using ϕ to approximate σ,
such as Direct Preference Optimization (DPO; Rafailov et al., 2023) and Group Relative Policy
Optimization (GRPO; Shao et al., 2024).
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Figure 2: Particle efficiency plot.

Ablation of particle efficiency. To further as-
sess the quality of the learned twist, we measure
the toxicity of TSMC samples while varying the
number of particles K ∈ {20, 50, 100, 1000}.
Fig. 2 shows that as the generation index m in-
creases, the toxicity progressively approaches
that of the Target (indicated by the black dashed
line). Our approach yields competitive perfor-
mance even with a small number of particles,
using the refined base model and the corre-
sponding learned twist function. These results
demonstrate that our approach iteratively enhances particle efficiency by progressively aligning the
base model with the target, enabling high-quality generation with fewer particles.

Evaluating twist-induced proposal. Following Zhao et al. (2024), we further compute the KL
divergence DKL(σ(s1:T |s0) ∥ q(s1:T |s0)) between the target σ(s1:T |s0) and the twist-induced pro-
posal over full sequences q(s1:T |s0) =

∏T
t=1 qt(st|s0:t−1). This divergence quantifies how well

the proposal approximates the target, thereby serving as a measure of the quality of twist learning.
As the base model is progressively refined (p(0)LM → p

(1)
LM → p

(2)
LM), the divergence steadily decreases

across iterations (7.971 → 7.030 → 7.016), indicating that the learned proposal becomes increas-
ingly aligned with the target distribution.

4 Conclusion

In this work, we identify a key limitation of TSMC in practical constrained text generation settings,
where the reward signal is often significantly misaligned with the base language model. When such
misalignment occurs, twist learning with a moderate-sized neural network often fails to yield a suf-
ficiently representative particle system that captures the target distribution, leading to degraded sam-
pling performance. To address this, we propose a self-distillation-based framework that iteratively
refines the base model. This process facilitates more effective twist learning and leads to substan-
tial improvements in TSMC sampling quality, even with a simple MLP twist and a small number
of particles. Promising future directions include compressing the iterative refinement process and
designing more effective twist learning methods, thereby enhancing the scalability and practicality
of TSMC for modern large language models.
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A Pre-trained models

Below is a summary of the pre-trained weights used in our experiments, all of which are publicly
available on the Hugging Face Hub (Wolf et al., 2020).1

• TinyStories-33M (pLM): roneneldan/TinyStories-33M, licensed under MIT License.2

• ToxicityModel (ϕ): nicholasKluge/ToxicityModel, licensed under Apache License 2.0.3

• all-MiniLM-L6-v2: sentence-transformers/all-MiniLM-L6-v2, licensed under Apache
License 2.0.3

B Supplementaries for rejection sampling experiments

Given that the potential function ϕ satisfies ∀s1:T : ϕ(s1:T ) ∈ [0, 1], rejection sampling can be
employed to obtain exact samples from the target distribution σ. Specifically, candidate sequences
ŝ1:T are drawn from pLM(·|s0), and each candidate is accepted with probability proportional to
ϕ(ŝ1:T ). Since the candidates are sampled from pLM during rejection sampling, the acceptance ratio
serves as a reliable metric to reveal the sparse reward problem we aim to simulate, which manifests
when the toxicity constraint is strongly enforced, i.e., for β > 1.
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Figure 3: Toxicity histograms.

β Accept ratio (↑) Toxicity (↑) Similarity (↓)
0.0 100.00 % 0.010 0.456
1.0 0.99 % 0.378 0.405

10.0 0.06 % 0.913 0.398

Table 1: Rejection sampling results.

Fig. 3 shows toxicity histograms of the samples obtained via rejection sampling, highlighting the
substantial gap between pLM (i.e., β = 0.0) and σ, particularly when β = 10.0 is used; note that the
y-axis is in log scale. Table 1 further demonstrates that the target distribution with β = 1.0 fails to
generate highly toxic samples, while β = 10.0 produces significantly more toxic outputs, with mean
toxicities of 0.3779 and 0.9125, respectively. However, it comes at a price of a substantially reduced
acceptance ratio during the rejection sampling procedure, implying the severity of the sparse reward
problem where the target distribution concentrates on low-probability, high-toxicity regions relative
to the base model. Appendix B further presents qualitative examples obtained via rejection sampling
from σ with β ∈ {0.0, 1.0, 10.0}.
Tables 2 to 4 show generated examples obtained via rejection sampling from the target distribu-
tions with β = 1.0 and β = 10.0, respectively. While we observe that the ToxicityModel often
assigns high toxicity scores in response to specific keywords—sometimes overlooking the overall
semantic meaning of the sentence—this is not a critical issue, as our experimental setup adopts the
ToxicityModel as the ground truth scoring function by design.

Table 2: Representative examples sampled from the target with β = 0.0.
Toxicity Generated text

0.0001 Once upon a time, there was a little boy named Timmy. Timmy loved to play outside and explore. One day, he went

0.0292 Once upon a time, there was a thin witch. She had a big hat and a small cat. One day, the witch went to

0.0008 Once upon a time, there was a little girl named Lily. One day, Lily went for a walk in the park with her mommy

1https://huggingface.co/
2https://mit-license.org/
3https://www.apache.org/licenses/LICENSE-2.0
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Table 3: Representative examples sampled from the target with β = 1.0.
Toxicity Generated text

0.1888 Once upon a time, there was a little girl named Lily. Lily loved to eat ice cream, but she always made a big mess.

0.9599 Once upon a time, there was a fat, little pig. The pig loved to eat and eat and eat.\n\nOne day,

0.0059 Once upon a time, there was a little bunny named Bucky. Bucky lived in a big house with lots of other bunnies

Table 4: Representative examples sampled from the target with β = 10.0.
Toxicity Generated text

0.9190 Once upon a time, there was a little girl named Lily. She had a big nose that was very, very ugly. \n\n

0.9958 Once upon a time, there was a witch who lived in a big house. She had an angry crows and a lot of hair.

0.9381 Once upon a time, there was a cute little cat named Pinky. Pinky’s favorite exercise was to spray water with her tail.

C Supplementaries for baseline approaches

Model size. TinyStories-33M contains a total of 107,111,424 parameters, with only 98,304
(0.09%) additional parameters introduced during LoRA fine-tuning. ToxicityModel and
all-MiniLM-L6-v2 contain a total of 124,644,865 and 22,564,992 parameters, respectively.

Optimization. We use the AdamW optimizer (Loshchilov and Hutter, 2019) with β1 = 0.9 and
β2 = 0.999. We experiment with both LoRA fine-tuning and full fine-tuning. For LoRA (Hu et al.,
2022), we apply a rank of 8 to the query and value projection matrices only. In full fine-tuning,
weight decay is not applied to biases and layer normalization parameters. We use a mini-batch size
of 1024 and perform 1000 update steps, sweeping over learning rates in {0.001, 0.0001, 0.00001}
and weight decay coefficients in {0.01, 0.001, 0.0001}.
Direct Preference Optimization (DPO; Rafailov et al., 2023). At each update iteration, a batch of
sentences {s(i)1:T }Ni=1 ∼ πref is sampled, along with their associated scalar rewards r = {r(s(i)1:T )}Ni=1.
The batch is then sorted by reward and split into two equally sized subsets: the top-ranked (positive)
and bottom-ranked (negative) samples; pairs (spos, sneg) are formed by matching each positive sam-
ple with a negative one, yielding a preference dataset D of size ⌊N/2⌋. The policy paramters θ are
updated by minimizing

LDPO(θ) = −E(spos,sneg)∼D

[
log σ

(
βDPO · log

πθ(spos)

πref(spos)
− βDPO · log

πθ(sneg)

πref(sneg)

)]
, (9)

where σ(·) denotes the sigmoid function. We sweep over βDPO ∈ {0.1, 0.2, 0.4, 0.8} to control the
regularization.

Group Relative Policy Optimization (GRPO; Shao et al., 2024). At each update iteration, a
batch of sentences {s(i)1:T }Ni=1 ∼ πθ is sampled, along with their associated scalar rewards r =

{r(s(i)1:T )}Ni=1. The policy parameters θ are updated by minimizing

LGRPO(θ) =
1

NT

N∑
n=1

T∑
t=1

[
−

πθ(s
(n)
t |s

(n)
1:t−1)

sg(πθ(s
(n)
t |s

(n)
1:t−1))

Â(n)

+ βGRPO ·

(
πref(s

(n)
t |s

(n)
1:t−1)

πθ(s
(n)
t |s

(n)
1:t−1)

− log
πref(s

(n)
t |s

(n)
1:t−1)

πθ(s
(n)
t |s

(n)
1:t−1)

− 1

)]
,

(10)

where Â(n) =
r(s

(n)
1:T )−mean(r)

std(r) , and r = {r(s(1)1:T ), ..., r(s
(n)
1:T )} is the set of rewards for the sam-

pled sentences. Here, sg(·) denotes the stop-gradient operation (e.g., jax.lax.stop_gradient in
JAX). We sweep over βGRPO ∈ {0.04, 0.08, 0.16, 0.32} to control the regularization.
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