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Abstract

Tractable probabilistic models (TPMs) are increas-
ingly being applied in language modeling tasks,
such as controlling the generation of large lan-
guage models (LMs) to satisfy logical or semantic
constraints. However, a thus-far overlooked aspect
is the training procedure of the TPM, which op-
timizes for data likelihood rather than the down-
stream task. This raises a central question: does im-
proving data likelihood necessarily improve down-
stream generation quality? In this work, we find
that likelihood-trained TPMs can result in failed
generations due to overly large corrections to the
LM’s logits. To address this, we train TPMs with
LM-aligned objectives, including an ELBO-based
objective and an MSE-based distillation objective.
By learning directly from the LM rather than opti-
mizing only for data likelihood, our approach pro-
duces TPMs that better align with the LM token-
probability space. On a detoxification task, our re-
sults show these models avoid degeneration, main-
tain fluency under strong guidance, and enable
stronger detoxification.

1 INTRODUCTION

Large language models (LMs) are highly capable sequence
models, but enforcing semantic constraints during gen-
eration remains challenging. A recent line of work uses
tractable probabilistic models (TPMs) to impose lexical,
logical, and semantic constraints at decoding time [Zhang
et al., 2023, 2024, Weng et al., 2025]. In this work, we study
TRACE [Weng et al., 2025], a TPM-based framework for
semantic control such as detoxification.

Existing TPM-based methods typically train the TPM by
maximizing data log-likelihood. However, we find that these
MLE TPMs can produce high-variance backward signals.

Figure 1: Illustration of TPM-induced correction under
TRACE. PLM denotes the LM next-token probability, and
PTPM denotes the TPM-predicted probability of future con-
tinuation paths. Colors indicate the TPM toxicity signal.

These extreme signals induce overconfident corrections,
causing the TPM to dominate the LM’s next-token distribu-
tion and resulting in fluency degradation and degeneration.

Figure 1 illustrates how overconfident TPM guidance can
disrupt generation in TRACE. TRACE selects tokens by
combining the LM’s next-token probability with the TPM’s
toxicity-based correction. Although the LM assigns high
probability to the fluent token “arena,” the MLE TPM pre-
dicts that “arena” is likely to lead to the toxic continuation
“of bloodshed,” while underestimating possible non-toxic
continuations. This makes “arena” appear much more toxic
relative to the comma token, causing TRACE to suppress
a natural high-probability LM token and instead select the
lower-probability comma.

The pitfall of likelihood training is that it optimizes the
TPM as a standalone sequence model, whereas TRACE uses
the TPM as a decoding-time correction model. Therefore,
optimizing data likelihood may not produce the guidance



signals that are most compatible with the LM. Motivated
by this, we explore model-based training objectives that
learn directly from the frozen LM, including a reverse-KL
objective and an MSE-based distillation objective.

Model-based TPMs produce more calibrated backward cor-
rection. As shown in Figure 1, the model-based TPM assigns
“arena” a softer toxicity signal relative to the comma token,
marking it as potentially risky rather than as a token that
must be blocked. When TRACE combines this correction
with the LM next-token probabilities, “arena” remains the
preferred token. The generation can then continue fluently
while avoiding the actually toxic continuation “of blood-
shed.”

Downstream results show that model-based TPMs maintain
stable fluency under strong TRACE guidance. This allows
TRACE to use stronger guidance for better detoxification
without causing perplexity collapse. Model-based TPMs
also substantially reduce degenerate behaviors, including
empty outputs and sudden early stopping.

2 RELATED WORK

Many methods for controlled generation can be broadly
divided into training-time approaches and inference-time
interventions. Training-time methods include specialized
controllable architectures [Keskar et al., 2019, Chan et al.,
2021], fine-tuning LMs on control-specific data [Gururan-
gan et al., 2020, Zhou et al., 2023], and reinforcement learn-
ing from attribute-based feedback [Ouyang et al., 2022, Dai
et al., 2024]. While effective, these methods are often com-
putationally expensive and less flexible for real-time control
[Liang et al., 2024].

Inference-time control methods often modify output token
probabilities. Previous efforts have focused on neural net-
work classifiers to approximate the probability a token will
lead to constraint-following completions [Dathathri et al.,
2020, Yang and Klein, 2021, Krause et al., 2021]. However,
neural network-based approaches typically approximate the
corrected next-token distribution directly, whereas TPMs al-
low exact inference of the prefix and token marginals under
the constraint model via dynamic programming.

TPMs, including Hidden Markov Models (HMMs) [Baum
and Petrie, 1966], support tractable inference over con-
straints and have recently been used for controlled lan-
guage generation. GELATO [Zhang et al., 2023] and Ctrl-G
[Zhang et al., 2024] apply TPMs to logical constraints on
text, while TRACE [Weng et al., 2025] uses TPMs to con-
trol semantic attributes such as nontoxicity. Although TPMs
are commonly trained with likelihood-based objectives, re-
cent work has also explored distilling TPMs from more
expressive generative models [Liu et al., 2023a,b]. We build
on TRACE and study how TPM training objectives affect
downstream decoding-time correction.

3 PRELIMINARIES

3.1 CONTROLLED LANGUAGE GENERATION
VIA TPMS

We use TRACE as the decoding-time correction framework
[Weng et al., 2025]. Given a fixed LM next-token distri-
bution pLM(xt | x<t) and a target semantic attribute s,
TRACE reweights the LM distribution using a TPM-based
correction. Let cθ(x≤t) := qTPM,θ(s | x≤t) denote the
TPM correction score, i.e., the probability under the TPM
that the current prefix will lead to a continuation satisfying
attribute s. For a guidance strength α,

p(xt | x<t, s) ∝ pLM(xt | x<t) c
′
θ(x≤t),

c′θ(x≤t) = σ

(
α ln

cθ(x≤t)

1− cθ(x≤t)

)
.

(1)

where σ(z) is the sigmoid function. Note that c′θ = cθ when
α = 1, and larger values of α produce stronger guidance.

When the attribute likelihood factorizes over tokens,
TRACE can compute cθ(x≤t) exactly and efficiently us-
ing forward–backward inference. We refer readers to Weng
et al. [2025] for details.

3.2 BASELINE: MLE TRAINING

The original TRACE framework trains the TPM by maximiz-
ing the likelihood of observed text. We write this maximum-
likelihood objective as

LMLE(θ) = Ex∼pdata
[log qθ(x)] . (2)

This objective trains the TPM as a standalone sequence
model for the data distribution. We compare two likelihood-
trained baselines: EM-MLE, the original TRACE model
trained with a mini-batch variant of EM [Dempster et al.,
1977] and reproduced using Anemone, an adaptive EM-
based optimizer [Liu et al., 2026], and SGD-MLE, trained
by minimizing − log qθ(x) with gradient descent.

4 METHOD

During decoding, the TPM acts as a guide that reweights
the LM next-token distribution. Therefore, a useful TPM
should not only fit the data, but also produce guidance sig-
nals compatible with the LM distribution. TPMs with MLE
objectives can assign overly concentrated probability mass
to patterns that are frequent in the data but poorly calibrated
with the LM, causing strong TPM guidance to overpower
the LM and degrade fluency.

This motivates training TPMs to align more directly with the
frozen LM. We consider two model-based objectives that
use the LM probability in the training objective: a reverse-
KL ELBO objective and an MSE distillation objective.



4.1 REVERSE-KL ELBO TRAINING

We train the reverse-KL objective by fine-tuning an MLE-
trained TPM, with the goal of aligning its sequence distribu-
tion with the frozen LM. We optimize

LELBO(θ) = Ex∼qθ

[
log pLM(x)−(1+β) log qθ(x)

]
. (3)

Equivalently,

LELBO(θ) = −DKL(qθ∥pLM) + βH(qθ). (4)

Here pLM is fixed and qθ is trainable. The reverse-KL term
encourages samples from the TPM to have high probability
under the LM, while the entropy term βH(qθ) discourages
collapse and encourages broader support. Thus, β controls
the balance between LM alignment and TPM entropy.

In practice, we initialize qθ from an MLE-trained TPM
before applying the reverse-KL objective. This provides a
stable sequence-model initialization that already captures
some textual correlation. During the finetuning process, the
gradient is estimated as

∇θLELBO(θ) ≈
1

M

M∑
i=1

∇θ log qθ(x
(i))Rθ(x

(i)),

x(i) ∼ qθ.

(5)

Here, M denotes the minibatch size, and Rθ(x) is the
sample-level reward induced by the ELBO objective.

4.2 MSE DISTILLATION OBJECTIVE

Another alternative model-based objective we introduced
utilizes a set of GPT-generated ground-truth sequences
xGPT and an associated set of GPT log-probability labels
log pGPT. We then use gradient-descent to minimize the
expected mean-squared error within the dataset:

LMSE(θ) = Ex∼pGPT

[
(log qθ(x)− log pGPT(x))

2
]

=
1

M

M∑
i=1

(log qθ(xGPT,i)− log pGPT,i)
2

(6)

Intuitively, as normal log-likelihood loss does not penalize
overestimates of the probability of observed sequences, this
MSE objective punishes both underestimation and overesti-
mation of sequence probabilities symmetrically.

5 EXPERIMENTS

5.1 MODEL SETUP

Training data All TPMs are trained on unconditional
GPT-2-Large samples of length 32, tokenized with the GPT-
2 tokenizer.

Models The EM-MLE baseline is the released H = 4096
TRACE TPM [Weng et al., 2025], trained using a mini-
batch EM algorithm [Dempster et al., 1977]. We use this
checkpoint directly. We train SGD-MLE as an H = 2048
likelihood baseline, fine-tune SGD-RKL from the EM-
MLE checkpoint with β = 0.3, and train SGD-MSE as
an H = 2048 TPM using Eq. (6). All SGD-based models
use AdamW with learning rate 10−2 and batch size 256.

Evaluation We measure toxicity using the Google Per-
spective API TOXICITY attribute [Lees et al., 2022]. Ex-
periments are run on NVIDIA RTX A6000 GPUs.

5.2 QUANTITATIVE RESULTS

Figure 2: Detoxification on RealToxicityPrompts under
TRACE decoding. Results are shown for guidance strengths
α ∈ {1, 3, 5}. The Pareto plot shows the tradeoff between
log-scaled mean PPL and mean maximum toxicity. Lower
is better for both metrics.

Model-based objectives achieve better fluency and detox-
ification. Figure 2 shows the tradeoff between fluency and
detoxification under different guidance strengths. For MLE
TPMs, increasing α improves detoxification but causes PPL
to grow rapidly: from 36.7 to 206.6 for EM-MLE, and from
38.0 to 656.7 for SGD-MLE as α increases from 1 to 5.
Although stronger guidance can further reduce toxicity for
MLE TPMs, nonfluency makes this regime unusable.

By contrast, model-aligned TPMs remain fluent as α in-
creases. At α = 3, SGD-RKL and SGD-MSE achieve com-
petitive detoxification, while keeping PPL low at 27.5 and
26.5, respectively. Thus, TRACE can use stronger guidance
with model-aligned TPMs to seek stronger detoxification
without entering an unusable high-PPL regime. In this sense,
model-aligned training raises the practical detoxification up-
per bound of TRACE.

Log-likelihood is not the right training objective. We ran
the downstream task with TPMs trained on each objective
but with the same hidden size (H = 512). Table 1 shows
that downstream performance is determined by the train-
ing objective, not by any single intrinsic metric. EM-MLE



Table 1: Various TPM training objectives on H = 512
models. LL denotes Epdata

[log qθ(x)] for a validation set,
H(q) denotes TPM entropy, RKL denotes DKL(q∥pLM)
and MSE denotes normalized log-probability MSE. Tox.
and PPL report downstream TRACE decoding performance.

Model LL H(q) RKL MSE Tox. ↓ PPL ↓

EM-MLE -6.09 6.11 1.60 3.40 0.149 7355
SGD-MLE -6.11 6.11 1.65 3.40 0.147 55.7
SGD-RKL -6.76 4.81 1.40 2.09 0.158 29.4
RKL+H -6.85 7.31 1.72 3.08 0.151 26.8
SGD-MSE -6.12 6.34 1.56 2.60 0.153 27.3

Table 2: B[0, h] stats across TPM h states for n = 32

B[0, h] EM-MLE SGD-MLE SGD-RKL SGD-MSE

Mean 0.069 0.071 0.055 0.058
Max 0.999 1.000 0.347 0.167
Std 0.020 0.026 0.011 0.008

has the best validation likelihood but the worst PPL, while
SGD-RKL and SGD-MSE achieve much lower PPL despite
optimizing different intrinsic quantities. These results em-
pirically suggest that data likelihood is not the objective
we should be optimizing for, and by learning from the LM
model, we can push the TPM towards fluency by optimizing
any intrinsic metric.

5.3 ANALYSIS

Log-likelihood objectives lead to overconfident guidance.
To measure TPM guidance calibration, we compute B[0, h],
the expected nontoxicity conditioned on z0 = h.

B[0, h] = Ex1:n∼qθ(·|z0=h) [nontoxicity(x1:n)] . (7)

Table 2 shows that MLE-trained TPMs have larger variance
and more extreme maximum values of B[0, h] than model-
based TPMs. This indicates that MLE training creates more
extreme hidden states that give stronger relative guidance
as demonstrated in Figure 1. However, since this correction
is badly aligned with the actual LM, it becomes overconfi-
dent and interferes with generation fluency. We highlight an
illustrative example of this phenomenon below.

Overconfident guidance is exemplified by traps. MLE-
trained TPMs produce stronger self-looping states or "traps"
than TPMs trained on our model-based objectives. We
present the top two states with the highest self-loop probabil-
ity in Table 3 with a longer list available in Table 6. Self-loop
states generally are highly nontoxic in MLE trained TPMs,
as their B[0, h] is several standard deviations higher than the
mean. These states emit nontoxic grammatical or functional
tokens that frequently occur next to each other.

Traps lead to degenerate and nonfluent language. To

Table 3: Top-2 cyclic hidden states per TPM by t=1 self-
loop probability Aii. B[0, h] is computed over 32 tokens.

Model Aii B[0, h] Token Theme
EM-MLE 1.000 1.000 EOS absorbing sink

0.965 0.406 Uppercase initials
SGD-MLE 1.000 1.000 EOS absorbing sink

0.963 0.435 Uppercase initials
SGD-MSE 0.961 0.064 Multilingual bytes

0.929 0.086 File tree structure
SGD-RKL 0.927 0.291 Blog fragments

0.879 0.059 Alphanumeric chars

Table 4: Sequence level failure modes include exploding
generations with PPL > 200 (outputting EOS at nonsensi-
cal points), refusal generations with PPL < 2 (only EOS
output), and degenerate generations with ≤ 3 words.

Model Explode ↓ Refuse ↓ Degenerate ↓
EM-MLE 0.86% 1.33% 6.45%
SGD-MLE 0.84% 1.48% 6.55%
SGD-RKL 0.23% 0.33% 0.34%
SGD-MSE 0.22% 0.35% 0.47%

illustrate the effect of strong guidance and trap states, we
consider three specific failure modes: exploding, refused,
and degenerate sequences. Table 4 shows that SGD-RKL
and SGD-MSE substantially reduce failure modes, includ-
ing 4× fewer exploding generations, 4× fewer refusals, and
more than 10× fewer degenerate generations. In a mecha-
nism similar to Figure 1, the EOS trap causes TRACE with
these MLE models to up-weight ending the sentence early
instead of continuing fluently. This trap exemplifies MLE’s
overconfident guidance and disturbs the LM’s natural next-
token distribution.

6 CONCLUSION

We study TPM training objectives for constrained language
generation under TRACE. We show that likelihood training
is not the best choice as the TPM is used as a decoding-
time correction model. MLE TPMs can produce overcon-
fident guidance and trap states, degrading fluency under
strong guidance. To address this, we propose model-based
objectives based on reverse KL and MSE distillation. These
objectives produce more calibrated TPM signals, enabling
TRACE to use stronger guidance for better detoxification
while maintaining fluency and reducing degenerate outputs.

Future work can include a theoretical analysis of loss func-
tions to explain why our losses contribute to a better cal-
ibrated signal. It can also explore better TPM distillation
from LMs, including more expressive TPM architectures
such as probabilistic circuits [Choi et al., 2020].
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A ROBUSTNESS ACROSS HIDDEN SIZES

As shown in Figure 3, larger hidden-state sizes generally improve detoxification, but MLE-trained baselines show worse
fluency. SGD-RKL and SGD-MSE instead maintain stable and low perplexity across sizes while preserving competitive
detoxification. Notably, the downstream results show that a 4096-state EM-MLE model achieves PPL = 36.68 and toxicity
= 0.1871, whereas a 256-state non-MLE model achieves lower perplexity and toxicity (PPL = 26.47, toxicity = 0.150).
This result is promising, as it shows that we can actually miniaturize our TPM models for TRACE if we adopt model-aligned
objectives.

Figure 3: We evaluate models with different hidden-state sizes under guidance (α = 3). Top: mean perplexity on a log scale,
measuring fluency. Bottom: mean maximum toxicity, measuring detoxification. Lower values are better for both metrics.
Notably, with different guidance strength, a 256-state SGD-RKL TPM can outperform a 4096-state EM-MLE TPM in both
fluency and detoxification.



B SELECTING SGD-RKL CHECKPOINT

We select the final SGD-RKL checkpoint using the backward expectation statistics (B[0,h]), which are computed from
the TPM itself and do not use test-generation results. Checkpoints from epochs 5 to 10 all provide reasonable calibrated
guidance under this criterion; we use epoch 5 as the final selected model.

Epoch Mean Max Std

ep1 0.066696 0.513445 0.015295
ep3 0.059541 0.412445 0.012536
ep5 0.057657 0.308849 0.009724
ep7 0.053036 0.359970 0.009699
ep9 0.046262 0.308910 0.008584
ep10 0.040348 0.235224 0.006967
ep15 0.010795 0.112900 0.003280
ep20 0.004445 0.045213 0.001284
ep50 0.002190 0.096798 0.001652
ep65 0.001764 0.012340 0.000311
ep100 0.001263 0.051895 0.000953

Table 5: Backward expectation statistics during KL fine-tuning from the EM initialization. Mean, max, and standard
deviation summarize the distribution of backward expectation values across TPM states.

C FAILED GENERATION LENGTH DISTRIBUTION

Figure 4 shows that many failures from MLE TPMs are concentrated at very short continuation lengths. This indicates that
their degeneration often comes from empty outputs or premature stopping, while model-aligned TPMs substantially reduce
these near-zero-length failures.

Figure 4: Continuation length distribution of failed generations. Failures include empty outputs and generations with
exploded perplexity (PPL > 200).

D TRAPS PER MODEL

Table 6 extends Table 3 to the top (10) most self-looping states for each model. We observe that many MLE trap states have
high nontoxicity scores, suggesting that they can encourage premature stopping or other degenerate behaviors during guided
decoding.



Table 6: Top-10 cyclic hidden states per HMM variant by t=1 self-loop probability Aii. B[0, h] is the expected nontoxicity
over the next 32 tokens, B[0, h] = E

[
exp

(∑32
i=1 w(xi)

)
| z0=h

]
, where w is a per-token log-nontoxicity coefficient fit on

RTP.

Model Aii B[0, h] Token Theme
EM-MLE 1.000 1.000 End-of-sequence absorbing sink

0.965 0.406 Uppercase initial letters (acronyms, headings)
0.887 0.184 Repeated ASCII separators (dots, slashes)
0.882 0.089 Code/table structural delimiters (|, _, /)
0.867 0.074 Hexadecimal digit characters
0.844 0.050 Culinary recipe text
0.821 0.154 Numeric enumeration tokens
0.816 0.141 Popularity / ranking numbers
0.799 0.130 Blog platform name fragments (Pinterest, Live-

Journal)
0.787 0.063 Punctuation and code symbols (\, -, :, *)

SGD-MLE 1.000 1.000 End-of-sequence absorbing sink
0.963 0.435 Uppercase initial letters (acronyms, headings)
0.925 0.075 Code/table structural delimiters (|, _, /)
0.897 0.092 LATEX / mathematical notation
0.894 0.173 Two-digit numeric ranges (15–25)
0.888 0.050 Food and nutrition label fields
0.878 0.094 Country names and geographic rankings
0.863 0.137 Year references (1998–2006)
0.854 0.104 Box-drawing and ASCII art characters
0.846 0.118 Bulleted / numbered list items

SGD-MSE 0.961 0.064 Non-ASCII / multilingual byte sequences
0.929 0.086 Directory listing / file tree structure
0.904 0.028 Food and nutrition label fields
0.892 0.048 Tabular data separators (|, :, ◦)
0.887 0.063 Code identifier underscores and pipes
0.881 0.046 Web forum navigation UI (Permalink, Offline)
0.861 0.065 HTML/web page navigation elements
0.836 0.064 Short mixed alphanumeric fragments
0.826 0.084 JSON / quoted string syntax
0.816 0.093 Uppercase initial letters (acronyms, headings)

SGD-RKL 0.927 0.291 Blog platform name fragments (Pinterest, Live-
Journal)

0.879 0.059 General alphanumeric characters
0.865 0.138 Uppercase initial letters (acronyms, headings)
0.798 0.049 Culinary recipe continuation
0.775 0.051 HTML non-breaking whitespace
0.765 0.075 Multilingual non-Latin scripts (Greek, Cyrillic,

Arabic)
0.713 0.080 Repeated ASCII separators (dots, slashes)
0.701 0.058 Code/table structural delimiters
0.670 0.046 HTML markup tags (div, span, iframe)
0.655 0.053 Code and mathematical symbols
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