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Abstract

Numerous capability and safety techniques of
Large Language Models (LLMs), including
RLHEF, automated red-teaming, prompt engineer-
ing, and infilling, can be cast as sampling from
an unnormalized target distribution defined by a
given reward or potential function over the full se-
quence. In this work, we leverage the rich toolkit
of Sequential Monte Carlo (SMC) for these prob-
abilistic inference problems. In particular, we use
learned twist functions to estimate the expected fu-
ture value of the potential at each timestep, which
enables us to focus inference-time computation
on promising partial sequences. We propose a
novel contrastive method for learning the twist
functions, and establish connections with the rich
literature of soft reinforcement learning. As a
complementary application of our twisted SMC
framework, we present methods for evaluating the
accuracy of language model inference techniques
using novel bidirectional SMC bounds on the log
partition function. These bounds can be used to
estimate the KL divergence between the infer-
ence and target distributions in both directions.
We apply our inference evaluation techniques to
show that twisted SMC is effective for sampling
undesirable outputs from a pretrained model (a
useful component of harmlessness training and
automated red-teaming), generating reviews with
varied sentiment, and performing infilling tasks.

1. Introduction

A wide range of language model learning and inference
tasks can be viewed as steering a model’s generations to
satisfy a specified property. In particular, traditional rein-
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forcement learning from human feedback (RLHF) pipelines
(Ziegler et al., 2019; Stiennon et al., 2020; Ouyang et al.,
2022; Bai et al., 2022; Rafailov et al., 2023) prioritize re-
sponses that score highly according to a terminal reward
function reflecting human feedback (Korbak et al., 2022b).
Red-teaming techniques such as prompt-engineering and in-
filling may seek target outputs with low reward or (high prob-
ability of) undesirable responses (Zou et al., 2023; Perez
et al., 2022). In reasoning tasks, we may seek to target
outputs which are likely to be deemed valid by a ‘verifier’
(Cobbe et al., 2021; Anil et al., 2021; Dohan et al., 2022;
Hu et al., 2023). Specific properties of generated responses
might also be enforced (Khalifa et al., 2020; Yang & Klein,
2021; Lew et al., 2023).

We view the above tasks as instances of probabilistic in-
ference: sampling from a target unnormalized density and
estimating its intractable (log) normalization constant. Con-
sider a pretrained base model po(s1.7|sg) which generates
responses s1.7 of maximum length 7" based on a variable-
length prompt sg. We consider defining the target distri-
bution of interest using the base model modulated by a
potential function ¢(s1.7) which evaluates full sequences,

o(s1.r[so) = ﬁpO(SI:TbO)(b(Sl:T)a (1)
where Z,(so):= > d(s1.r|so) = > po(si:rlso)o(s1.7),

where & (s1.7|sp) denotes the unnormalized density. We
refer to Z,(sg) as the normalization constant or partition
function, which is intractable due to the summation over
s1.7. We drop dependence on sy to avoid clutter, but note
that each prompt induces a different partition function. In
the context of the aforementioned applications, ¢(s1.7) may
be derived from a human preference model (for RLHF), an
indication of bad behavior (for automated red-teaming), or a
verifier’s prediction of correctness (for reasoning tasks). We
refer to Table 4 or Korbak et al. (2022b); Dohan et al. (2022);
Phan et al. (2023); Hu et al. (2023) for further examples and
discussion of probabilistic inference in language models.

Twisted Sequential Monte Carlo in Language Models
In this work, we leverage tools from (twisted) Sequen-
tial Monte Carlo (SMC) (Doucet et al., 2001; Del Moral
et al.,, 2006; Briers et al., 2010; Chopin et al., 2020)
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to perform and evaluate inference in the language mod-
eling setting (Sec. 3). A particular challenge in sam-
pling from Eq. (1) is that the target distribution o(s;.7)
is non-causal. In order to sample tokens sequentially,
one needs to infer the marginal distribution o(s1.¢) =
Dserry O(s1r) o< 3o po(Seq17[S1:)P(S1:r), which
involves an intractable marginalization. To address this
problem, we propose to learn twist functions 1;(s1.+) which
modulate the base model such that pg(s1.+)¥¢(s1.+) matches
the target marginals o (s.;), up to normalization. The twist
functions can be used to focus each step of language model
generation on promising partial sequences.

Evaluating Inference in Language Modeling Sampling
from the target distribution is closely intertwined with
bounding the log partition function. Similarly to variational
inference or traditional RLHF objectives (Korbak et al.,
2022b), SMC algorithms yield lower bounds on log Z,,
where tighter bounds typically coincide with more accu-
rate target sampling. However, upper bounds may often be
obtained when an exact target sample is available (Grosse
et al., 2015; 2016; Brekelmans et al., 2021). The difference
between upper and lower bounds on log Z,, in fact yields an
upper bound on the symmetrized KL divergence between
the distribution of inference samples and the target distribu-
tion (Grosse et al., 2016). For these reasons, we argue in
Sec. 5 that log partition function estimates are a powerful
tool for evaluating language model inference techniques.

Contributions Our probabilistic inference perspective
leads to the following contributions:

» Twisted Sequential Monte Carlo for Language Model-
ing: We view twisted SMC as a general framework for
sampling and evaluation of language models. While
twisted SMC is well-known and Lew et al. (2023)
consider SMC with fixed, few-step-ahead target infor-
mation in the language modeling setting, we propose
to learn intermediate twist functions for target distribu-
tions defined by terminal potential only.

* Contrastive Twist Learning: We develop probabilis-
tic methods for learning intermediate twist functions,
presenting a novel contrastive twist learning (CTL)
method inspired by energy-based modeling and den-
sity ratio estimation in Sec. 4.1. Further, we adapt
existing twisted SMC methods (Lawson et al., 2018;
2022; Lioutas et al., 2022) to the language modeling
setting, and highlight connections with inference tech-
niques inspired by (soft) reinforcement learning (RL).

* Evaluating Inference in Language Models: Finally,
we demonstrate that twisted SMC provides a rich set
of tools for evaluating language model fine-tuning or
controlled generation techniques. We propose a novel
SMC upper bound on log Z, which is applicable when

an exact target sample is available and may be of inde-
pendent interest. We apply these bounds to evaluate in-
ference quality by measuring the KL divergence to the
target o(s1.7) in both directions, which can be used to
diagnose mode-dropping behavior of methods such as
proximal policy optimization (PPO) (Schulman et al.,
2017) which optimize a mode-seeking divergence.

We describe background on importance sampling and SMC
in Sec. 2, before presenting our framework for twisted SMC
in the language model setting in Sec. 3. We propose methods
to learn the twist functions in Sec. 4 and methods to evaluate
inference in Sec. 5. Our experiments in Sec. 7 showcase the
ability of twisted SMC to improve controlled generation
and lend insights into inference quality in existing methods.

2. Background

Suppose we are given access to an unnormalized density
& (s1.7) which can be efficiently evaluated. We focus on
estimation of the partition function or normalization con-
stant Z, 1= ZSI:T &(s1.7), since unbiased estimators with
low variance yield approximate sampling techniques which
closely approximate the target distribution (Finke, 2015;
Maddison et al., 2017). We review simple importance sam-

pling (SIS) and SMC techniques in this section.

2.1. Simple Importance Sampling

Simple importance sampling (SIS) provides an unbiased
estimator of Z, by calculating importance weights for any
normalized proposal distribution g(s;.7),

&(s’i:T)

Q(Si:T)

w(sir) = , )
which is unbiased since Z, = Es,.,)[w(s;.7)]. The im-
portance weights also yield an an unbiased K -sample esti-
mator of the partition function,

L
K

7

23—15 = w(si:T) ’ Si:T ~ Q(SLT) : (3)

K
=1

By normalizing the weights in Eq. (2) over K samples from
q(s1.7), we can obtain (biased) estimators of expectations
under o (s1.7),

k
v phe) @

S1.T

Eo(sy.r) [f(s1:7)] & Z

=K . -
k=1 Zj:l w(S{:T)

or select an approximate target sample s{.» from a categori-
cal distribution with the self-normalized importance weights

o w wiS1.T
S1.7 < S1.7, w ~ cat — . (5)
e ({ S w(sh) }_)

The quality of the approximations in Eq. (3)-(5) depends
crucially on how well the proposal ¢(s1.7) (which may be



Probabilistic Inference in Language Models via Twisted Sequential Monte Carlo

Algorithm 1 (Twisted) SMC Sampling (gsuc)

SMC-PROPOSAL (po, ¢, {41} 1" 6, K):
fort=1,....,7 do
fork=1,...,Kdo
Sample sf ~ q(s¢ | s, ;)

but I don't SIIC:I, ¢ concat (ST:L—I , 5;‘)
ift<Tthe(nk‘k ) (ot
and 1 highly ok Po(sy [Sri—1)  Ye(s14)
YT k) e (h)
else i i
wt - By S
s t— Y1 i
‘T}us book }—-{ was ok }—-{ not a }—-{mm‘ml end if t 15— Lit—1
a) Simple Importance Samplin b) Twisted SMC end for
(@ P P ping () if £ < T then

Figure 2: Tllustrative example of SIS and (Twisted) SMC for sampling book

Stif <+ stif.copy()

fork=1,..,K do

reviews conditioned on positive sentiment ¢(s1.7). SIS only performs resampling Wk Cat( wi }K )
after observing the entire sequence, while SMC can kill or clone partial sequences ' R zwl iz
s1.+ based on incremental importance weights induced by twist functions 1 (s1:¢). Sty ¢ 514

Green/red indicate high/low importance weights at each intermediate step of SMC, engni‘fi for

or at the final step of SIS. For SMC with the base model proposal po and the end for

optimal twists, the incremental weights 7 /1;_; (Alg. 1 or Eq. (6)) are directly

correlated with sentiment.

learned, Sec. 3.2) matches the target o(s1.7). While we
discuss evaluation methods in Sec. 5, note that if inference
is exact (i.e., ¢(s1.7) = o(s1.7)), then the variance of the
importance weights is zero, as w(s,.;) = Z, forall s1.7.

2.2. Sequential Monte Carlo

SMC improves inference by decomposing it into easier
subproblems involving a set of unnormalized intermediate
target distributions {7 (s1.¢) }._,, where 7 is the unnormal-
ized density of m, = 7;/Z;. A key observation is that as
long as 7 (s1.7) = 6(s1.7), we obtain an unbiased esti-
mate of the partition function Zr = Z,, regardless of the
intermediate distributions 7, and proposal ¢(s;|S1.t—1).

We begin by defining the incremental importance weights

7~Tt(Sl;t)
Te—1(S1:6—1)q(5¢[S1:0-1)

(6)

wy (Sl:t) =

SMC maintains a set of K partial sequences, by first sam-
pling from the proposal ¢(s¥|s¥, ;) in each index k. Op-
tional resampling steps may be performed to clone se-
quences with high incremental importance weights using

P wi(sty) "
S1:t A S1:t> Wy ~ cat K j ) (7)
Zj:l wy(s1,y) Ji=1

similarly to Eq. (5). Since resampling is performed with
replacement, sequences with high weights may be cloned
k

multiple times. The resulting %7 are used as prefixes for
the next step of proposal sampling in index & (see Alg. 1).

We can show that SMC yields an unbiased estimator ZV¢
of the normalization constant Z,, by considering the ex-
tended state space S = {s},wF}:T of token and in-

dex random variables from the sampling procedure S ~

return {s%, ., ur’}}le

sme _ 177 1 K k
ZM =TIy & 2o wi

gsmc(S) in Alg. 1. Assuming resampling at every step, !

T K
zZ —E [ ZgMc} = By (s) [H e Z wy (s’f:t)] . ®)
k=1

t=1

To show Z5V€ is unbiased, we view Eq. (8) as performing

simple importance sampling Z, = E, . (s) [Z:::;((g)) } in the
extended state space, for appropriate definitions of ogyc(.S)
and ggyc(S) in App. F or (Andrieu et al., 2010; Maddison
et al., 2017). Intuitively, we may view the average incremen-
tal importance weights at each step as estimating the ratio
Zi/Z1 &~ % > p_y wi(shy,). Eq. (8) composes interme-
diate partition function ratio estimators to obtain an estimate
of the final Zp = Z, = [[1_, Zi/Z_1, with Zy = 1.

With no resampling, SMC reduces to SIS with target
o(s1.7) = mr(s1.7) and proposal ¢(s;.7). Using the final-
step SMC weights, we may estimate expectations or draw
approximate samples s{.1- as in Eq. (4)-(5).

Fig. 2 illustrates the key advantage of SMC resampling over
SIS. While a suboptimal ¢(s1.7) may produce sequences
with low probability under the target o(s1.7), SMC resam-
pling with well-chosen intermediate targets 7; clones the
most promising partial sequences s1.; at step ¢. Since later
sampling proceeds from these prefixes, we expect to obtain
final sequences which better cover the high-probability re-
gions of the target distribution. We discuss techniques to
evaluate the quality of SMC or SIS sampling in Sec. 5.
'The decision to resample may be based on an adaptive con-
dition such as Effective Sample Size (ESS) (Chopin et al., 2020).

For R < T, let {t,}? | index times where resampling oc-
curs and fix to = 0 and tg = T. The estimator becomes

ZsMe Hle % Eszl (Hzr:t7.71+l wy (si:t)), and the final-
step weights used in Eq. (4) or (5) are HtT:tPﬁl+1 we (s1.4)-
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3. Twisted Sequential Monte Carlo for
Language Modeling

A key design choice in the SMC procedure above is the in-
termediate targets {wt}?:_ll, where we assume 7 (s1.7) =
o(s1.r) is always the target distribution. In state-space
models with observation likelihoods or environments with
intermediate rewards, filtering SMC considers target infor-
mation collected from times 7 < ¢ to define ;. (Chopin
et al., 2020). Previous work on SMC for language models
(Lew et al., 2023) has considered per-token or few-step-
ahead statistics to define tractable intermediate 7. However,
we are often interested in target distributions which are de-
termined by a terminal potential ¢(s1.7) only, as in Eq. (1).

In such settings, twisted SMC methods (Briers et al., 2010;
Whiteley & Lee, 2014; Lawson et al., 2022) consider the
full target information (until time 7') to define {7;}7'. In
other words, our desired intermediate targets are the true
marginals o (sy.¢) of the target distribution. Intuitively, note
that in order to exactly sample si.7 ~ o(s1.7), we need
to ensure partial sequences are distributed according to the
intermediate marginals s1.; ~ o(s1.t). In Sec. 3.1, we
will represent the intermediate targets {7, }_,' using twist
functions v; : s1.;+ — R which modulate the base model to
(approximately) match the target marginals, thereby sum-
marizing future information relevant to sampling at time ¢.

3.1. Twist Functions

We represent the intermediate target distributions {wt}tT:_ll
for SMC sampling using the following general form.

Definition 3.1 ( Twisted (Intermediate) Targets ). Using
approximate twist functions {1 }1_;' and the final target ¢,
we define the twisted intermediate target distributions

tAT
t=T

1
ﬂ-t(slzt) _ {Z;P pO(Sl:t) 1/&(51#/) (9)

z po(sir) d(sir)

For an arbitrary proposal ¢ and the unnormalized targets in
Eq. (9), the incremental importance weights are given by

P0(5t|51:t—1) %fft(slzt)
L) = . 1
wilS10) q(sels1:e—1) Ye—1(S1:0-1) (19)

While uninformed twist functions v; may result in 74 (s1.4)
which are no closer to the target marginal o(s1.;) than the
base model po(s1.+) (for example, in early stages of learn-
ing), the crucial fact is that our final target distribution in
Eq. (9) reflects the target potential ¢(s1.7). As in Sec. 2.2,
this ensures that, regardless of the intermediate twists, our
resulting importance sampling estimators will be unbiased.

Finally, the optimal twists 1} (s1.+) recover the intermediate
marginals 7 (s1.;) = o(s1.¢) of the target distribution. We
state the sense in which 7} and 1] are optimal in App. A.1,
and prove the following proposition in App. B Prop. B.1.

Proposition 3.2 (Optimal Twists). For a given target dis-
tribution o(s1.7) in Eq. (1), the optimal twist functions
Y7 (s1:¢) (in regions where po(s1.t) > 0) correspond to

1
7 (S1:4) = 0(81.4) = 20 Po(S1:¢) V7 (S1:¢)- (11)
t

Up to a constant independent of s1.;, the optimal twists are

Py (s1:4) Z Po(St41:7[81:4)p(S1:7)- (12)

St41:T

and satisfy the recursion

Ui (s1) o > polseen [s1)yf (siegn).  (13)

St+1

Since the optimal twist functions are unavailable due to the
need to marginalize over future timesteps, we consider learn-
ing approximate twist functions using methods in Sec. 4.

3.2. Proposal Distribution

For a given set of targets {m; }_,, the importance weights
in Eq. (10) depend crucially on the choice of proposal.

Base Model as Proposal The most straightforward choice
of proposal is the base pre-trained model, ¢ = py. While we
demonstrate in Sec. 7 that SMC resampling with learned
twists and the base model proposal can closely approximate
the target distribution, this may require large K. We can
achieve greater efficiency using better choices of proposal.

Twist-Induced Proposal For given targets {m;}1_;, the
optimal proposal minimizes the variance of the importance
weights (App. A.1). In the language model setting with a ter-
minal potential only, we will in fact be able to sample from
the optimal proposal for the one-step importance weights.

Proposition 3.3. (Twist-Induced Proposal). For a given
set of intermediate twisted targets w(s1.¢) in Eq. (9), the
proposal which minimizes the variance of the one-step in-
cremental importance weights w; is given by

Wt(Sl:t)

7Tt71(S1:t71)

= mpo(SHSl:tq)%(Shﬁ-
t (81—

a7 (s¢[s1:6—1) (14)

See proof in App. A.2. For t < T', we can construct a pa-
rameterization of ¢ (s1.;) such that the proposal is tractable
to sample in transformer architectures, where the normal-
ization Z] (s1.4-1) = ZSt Po(8t|S1:4—1)1¢(S1.¢) sums over
the discrete vocabulary of next tokens s; € V. However, at
the final step, note that ¢(s1.7) may require calls to a differ-
ent neural network such as a reward model or classifier.

We thus consider an approximate 11 (s1.7) &~ ¢(s1.7) for
the proposal g7 (s7[s1.7—1) o po(sr|si.r—1)Yr(s1.T) at
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the final timestep. With slight abuse of notation, we let
g™ (s1.7) denote this tractable proposal over full sequences,

T-1

qW(SLT) = ( H Qf($t|51:t—1)) QT(ST\Sl:T—1)~ (15)
t=1

Using this proposal, the incremental weights become

Zs: po(st[s1:6-1)Ve(S1:4)

t<T
Yy_1(S1:0-1)

, (16)
t=T

wt(slzt) =
Y sp Po(sTISTT—1)YT(S1:7) P(S1.7)
r_1(s1r-1) r(sir)

which are independent of s; for ¢t < T

Variational Proposal As noted in Sec. 2.1, SMC with no
resampling steps reduces to SIS with the full target distri-
bution o (s1.7). Policy gradient methods (Schulman et al.,
2017; Parshakova et al., 2019; Korbak et al., 2022a; Go
et al., 2023) which directly learn a tractable approximation
q(s1.7) to the target distribution may thus be viewed as a
particularly simple instance of SMC, or inference more gen-
erally (see Korbak et al. (2022b)). We may also evaluate
these inference methods using our proposed tools in Sec. 5.
See Table 5 and App. E for detailed losses and discussion.

Finally, we might also learn a separate proposal ¢ alongside
the twisting targets {Trt}f:_ll. This may be useful to approx-
imate the variance-minimizing proposal for multi-step or
adaptive resampling beyond the tractable optimal one-step
proposal in Prop. 3.3 (see Prop. A.5). We discuss training
losses based on multi-step importance weights in App. C.1.

3.3. Conditional Target Distributions

More generally, we may consider conditional target distri-
butions, obtained by conditioning on an observation random
variable or. This mirrors the standard setting of SMC in
state-space models (Doucet et al., 2001; Briers et al., 2010;
Gu et al., 2015; Heng et al., 2020; Lawson et al., 2022).

Defining ¢(s1.1, or) = o(or|s1.7) as a probabilistic model
of or, our target distribution is the posterior o (s1.7|oT),

1

ﬁpo(sl:T)o‘(OTbl:T) ) 17)

o(su.rlor) = = o

where the partition function Z,(or) = o(or) =
> s, Po(s1.T)o(or|s1.7) is the marginal of the given or.

Using Prop. 3.2, the optimal twists matching the marginals
o(s1.¢|or), are conditional likelihoods of o given s1.;,

67 (s1e,0m) o Y po(seprir[si)d(sir, or)
St+1:T (18)
= U(OT|Slzt) )
since o(or|s1.t) = ZSHLT o(or,St+1.7|s1:4). We pro-

ceed to construct intermediate target distributions and pro-
posals in the previous sections, where ¢, (s1.¢, or) and even

qt(s¢|s1.¢—1, o) may condition on a particular value of or.
To recover the unconditional setting, we fix a binary ob-
servational variable o(or = 1|s1.17) = ¢(s1.7) (Levine,
2018) and omit explicit conditioning, showing that condi-
tional twist learning generalizes our previous exposition
(see App. B.2 for detailed discussion).

Exact Target Sampling on Simulated Data Assuming
o(or|s1.T) is tractable to sample, we may obtain an ex-
act sample from the target posterior for simulated op us-
ing ancestral sampling. In particular, we obtain a sample
s1.1,0r ~ po(s1.7)o(or|s1.r) from the joint distribution,
which also factorizes as o(or,s1.7) = o(or)o(s1.1|or).
Using the latter factorization, we may interpret s;.7 as an
exact sample from the target posterior for the given or. We
refer to this as the Bidirectional Monte Carlo (BDMC) trick
(Grosse et al., 2015; 2016), and will use it to draw exact
samples for training in Sec. 4.1.2 or evaluation in Sec. 5.

3.4. Connections with Reinforcement Learning

Twisted SMC shares close connections with (soft) reinforce-
ment learning (Levine, 2018; Piché et al., 2018; Lawson
et al., 2018; Heng et al., 2020; Lioutas et al., 2022), which
we develop with detailed discussion in App. B.3 and App. D.
Here, we briefly mention two distinct RL interpretations of
the SMC twists in relation to the reward function.

Base Model Policy Evaluation Viewing the final
potential ¢(s1.7) as the reward function, the optimality
condition ¥f(s1.t) = >, , Po(St1:7|s1:4)P(s1:7) in
Eq. (12) corresponds to exact policy evaluation of the future
reward under the fixed base model policy po(Si+1.7(S1:¢)-
Mudgal et al. (2023) adopt this perspective for controlled
decoding, and refer to the twist functions as ‘prefix scorers’.

Soft RL with KL Regularization Alternatively, we may
consider the KL-regularized RL target distributions com-
monly used in language modeling (Levine, 2018; Korbak
et al., 2022b) as a special case of our twisted SMC frame-
work. For a regularization strength (3, define the potential as

$(s1.7) = 71T, (19)

In this case, intermediate twist functions in Def. 3.1 cor-
respond to Q-values 9 (s1./) = ePQ(Sui-1) and tak-
ing the log of both sides in the optimal twist condition
Eq. (13) yields a soft Bellman recursion Q*(s¢,S1.4—1) =
% log Zst+l po(Stt+1 |51:t)eﬁQ* (st+1,51:¢) with no intermedi-
ate reward (see App. B.3). From the soft RL perspective,
the twists are analogous to a critic, while the proposal plays
the role of an actor (Levine, 2018; Haarnoja et al., 2018).

4. Learning the Twist Functions

We next consider methods to learn twist functions ¢ param-
eterized by neural networks, presenting a novel contrastive
twist learning (CTL) approach in Sec. 4.1. We summarize
twist learning methods from related work in Sec. 4.2.
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4.1. Contrastive Twist Learning

To match our approximate 7rt9 to the target marginals, we
propose to minimize 7" separate KL divergences,

= Imn Z DKL

While other divergences could be used to learn 79 (s;.;),
we argue that the mass-covering behavior of Eq. (20) is a
desirable property for twist learning. Since we separately
match each o (sy.¢), our hope is that suboptimal learning in
early timesteps does not lead to aggressive pruning of partial
sequences that would achieve high final target likelihood.

IIllIl ﬁCTL Sl t |'/Tt S1: t)) . (20)

Using Eq. (9), the negative gradient of Eq. (20) at each ¢ is

Eo(s,.0) [Volog¥f (s1:0)] — Eros,.) [V log¥f (s1.0)], (21)

which allows us to learn from exact target samples of o (s1.¢)
in the first term when they are available.

Note the similarity of the objective in Eq. (20) and gradient
in Eq. (21) to maximum likelihood training of energy-based
models (EBM). Due to the form of the gradient update, we
refer to this method as contrastive twist learning (CTL). We
now proceed to describe approximate techniques for positive
sampling (first term) and negative sampling (second term).

4.1.1. APPROXIMATE NEGATIVE SAMPLING

A common challenge in energy-based modeling is that the
second term in Eq. (21) involves sampling from the target
7 with intractable normalization constant th . We proceed
to estimate the expectation using SIS as in Eq. (4), using a
proposal ¢(s1.) such as the base model or the twist-induced
proposal from Sec. 3.2. Note that SMC resampling with
learned intermediate twist functions could also be used.

4.1.2. (APPROXIMATE) POSITIVE SAMPLING

In contrast to traditional EBM settings, we do not necessar-
ily have exact samples available from a ‘data’ distribution.
We describe several settings related to availability of positive
samples, which are explored in our experiments in Sec. 7.

Exact Target Samples If exact posterior samples are
available, for example using the BDMC trick in Sec. 3.3,
we may use them directly in the gradient update in Eq. (21).

Rejection Sampling Rejection sampling can yield exact
target samples s, if an upper bound on the likelihood ratio

% < M is known. When the target 5 (s1.7) is defined
by thresholding or an indicator function po(s1.7)1(s1.: € C)
or joint distribution po(s1.7)o (or|s1.7), we can clearly take
M = 1 for the base model proposal po(s1.7). If the base
model yields posterior samples in reasonable time, we can
obtain exact samples for training using rejection sampling,
and use our twist learning procedures to greatly improve
sampling efficiency at generation time.

While an improved proposal ¢ may more efficiently draw
samples meeting the target conditions, exact rejection sam-
pling would require estimating the corresponding M. Ap-
proximate or quasi rejection sampling might be used in this
case, as analysed in Eikema et al. (2022).

Approximate Positive Sampling using SIS or SMC In
cases where exact samples are unavailable and rejection sam-
pling is inefficient or inexact, we leverage SMC sampling
with twist targets {79 }7_, and any proposal ¢(s;.7) to first
draw a set of K full sequences s}X. As in Eq. (4), we can
use the normalized SMC weights since the last resampling
step to estimate the expected gradient in the first term of
Eq. (21). Without resampling, we recover SIS estimation.

While both our approximate positive and negative sampling
for estimating the expectations in Eq. (21) rely on SMC
or SIS weights (often with the same proposal), the crucial
distinction is that weights for positive sampling are based
on the true target potential ¢(s1.1) over full sequences.

Truncation to Partial Sequences For an exact positive
sample, we use its truncation to a partial sequence of length
t (which corresponds to a sample from the desired marginal
o) to perform the gradient update in Eq. (21). For approx-
imate positive sampling, we use the same set of K final
weights to estimate the expected gradient at each timestep.

4.2. Twist Learning Methods from Related Work

We briefly describe alternative approaches for twist learning,
with detailed discussion in App. C and a summary of the loss
functions for methods used in our experiments in Table 5.

Soft Q-Learning (RL) Enforcing the recursion in Eq. (13)
using a squared error loss is analogous to soft J-learning
(see App. B.3, C.1.1), and has been used for twisted SMC in
Lioutas et al. (2022). We interpret path consistency losses
(Nachum et al., 2017), which were derived for soft RL and
have been used for language modeling in Guo et al. (2021);
Hu et al. (2023), from an importance sampling perspective
in App. C.1, E.1. Mudgal et al. (2023) consider a similar
squared Bellman error loss, but using the policy evaluation
interpretation in Sec. 3.4 instead of a soft RL interpretation.

SIXO The SIXO loss proposed by Lawson et al. (2022)
learns twist functions using a binary classification task to
distinguish samples from the target marginal o (s1.;|or) and
base model po(s1.¢) at each step, which corresponds to noise
contrastive estimation (Gutmann & Hyvérinen, 2010) for
learning energy-based models. See App. C.3.

FUDGE Yang & Klein (2021) learn twists by construct-
ing a binary classification task to instead learn the condi-
tional likelihood o (o7|s1.:) (Eq. (18)). This may be viewed
as enforcing the T — ¢ step optimality equation in Eq. (12) or
Eq. (18), where rollouts should be obtained using the base
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model po(s¢+1.7|81.¢) (see Table 5 or App. C.4). Mudgal
et al. (2023); Deng & Raffel (2023) similarly propose to
enforce the 7' — ¢ step optimality condition using a squared-

error 10ss, Y, By (s, 1iplsie) [(@(s1:7) — Ye(s1:4))?).

5. Evaluating Inference in Language Models

Our SMC framework yields a rich set of tools to evaluate
language model inference techniques using well-studied
quantities such as the log partition function log Z, and KL
divergence to the target distribution. Remarkably, with ac-
cess to a single exact sample from the target distribution, we
show in Prop. 5.1 that we can obtain upper bounds on log Z,,
in addition to lower bounds. These bounds can tightly sand-
wich log Z, with increasing K, thereby ensuring reliable
conclusions regarding inference quality.

5.1. Applications of log Z, Estimation

Evaluating Fine-Tuned Models To motivate this section
and present an important application of our SMC methods,
consider evaluating how well a given ¢(s;.r) matches a
target distribution for controlled generation or fine-tuning.
Assume that q is tractable to sample and evaluate. To cal-
culate the KL divergence to o in either direction, we also
require an estimate of the log partition function log Z,,,

D (g(srr) | o(srr) = Eq [log %} log 2,
& |jog POBLT)O(S1T) |

De(o(sir) | g(sur)) = Eo [1 g Lolon)o } log Z.

(22)

For Dy, (o || ), note that we also require samples from the
target o, which may be readily available using the BDMC
trick when ¢ is defined as a Bayesian posterior (Sec. 3.3).
In such cases, we argue that SMC can be used to accurately
bound the value of log Z,, and estimate each KL divergence
above. Estimation of Dy, (o || ¢) may be particularly im-
portant to diagnose mode-dropping in inference techniques
such as PPO which optimize the mode-seeking Dy, (¢ || o)
during fine-tuning (Korbak et al., 2022b).

Evaluating Twisted SMC Sampling After running SIS
or SMC with K samples, we can sample a single index
as in Eq. (5) to return a single approximate target sample
s{... However, the marginal distribution of this sample,
which we denote as s ~ gsmc(S1:7), is not tractable due
to the need to sum over all possible sets of K samples.
Nevertheless, we will show below that the tightness of our
log Z,, lower or upper bounds in Prop. 5.1 provides upper
bounds on the KL divergences Dy, (gsmc(s1.7) || o(s1.7))
or Dy, (o(s1.7) || gsme(s1.7)), respectively.

Alternatively, we can also use the single-sample KL di-

vergences in Eq. (22) for the twist-induced proposal ¢™ in
Eq. (15) to evaluate a set of twist functions v; (Sec. 7.2).

5.2. Bidirectional SMC Bounds on log Z,

Given the importance of log Z, estimation as motivated
above, we propose a bidirectional SMC stochastic upper
bound which is novel (to the best of our knowledge), and
may be of interest outside of the language modeling setting.

Recall from Sec. 2.2 that SMC admits an interpretation as
SIS in an extended state space S := {sF, wf}szf +—, Which
includes all tokens and resampling indices. We derive lower
and upper bounds on log Z,; in Prop. 5.1 below, with proof
and detailed description of the extended state space target
osmc(S) and proposal gsyc(S) distributions in App. F.

Proposition 5.1. (Bidirectional SMC Bounds) The log
partition function log Z, of a target distribution o(s1.T)
can be lower and upper bounded by

T 1 K )
el ] e
t=1 =1
T K

1 .
log Z, < Eqy, . (s) [log H 7 Z Wy (sﬁ:t)

t=1 i=1

]E‘JSM('(S)

(23)

The gap in the lower bound is D (qsuc(S) || osmc(S)), and
the gap in the upper bound is Dy (0suc(S) || gsmc(S)).

The proof in App. F adapts the general approach for ex-
tended state space log partition function bounds from Brekel-
mans et al. (2021) using the probabilistic interpretation of
SMC (Andrieu et al., 2010; Maddison et al., 2017). With no
resampling, the SIS case recovers the Importance Weighted
Autoencoder (IWAE) lower (Burda et al., 2015) and upper
(Sobolev & Vetrov, 2019; Brekelmans et al., 2021) bounds.

Sampling from oy for SMC Upper Bounds We now
discuss sampling from ogyc(.S) for the expectation in the
upper bound, which requires a single, exact sample from the
target distribution o (s;.7). This sample may be obtained,
for example, using the BDMC trick in Sec. 3.3. Note that
Sec. 2.2 and Alg. 1 describe sampling from ggyc(.S).

Sampling from ogyc(S) differs from sampling from
gsmc(S) by its treatment of the exact target sample. In
particular, the partial sequence corresponding to the exact
target sample is guaranteed to be cloned once at each re-
sampling step. In other indices, resampling proceeds as in
Sec. 2.2, where the exact sample may be cloned additional
times based on its incremental importance weights. Finally,
we sample K — 1 next tokens from the proposal, while the
value of the remaining chain is fixed by the exact target
sample. See App. F and Alg. 2 for detailed discussion.

Tightness of the Bidirectional Bounds Since the bounds
in Prop. 5.1 become exact as K — oo for any proposal
(Burda et al., 2015; Maddison et al., 2017), we can use
SMC or IWAE with large K to sandwich the log partition
function when o samples are available.



Probabilistic Inference in Language Models via Twisted Sequential Monte Carlo

For a given K, the gaps in the log Z, bounds in Prop. 5.1
provide further insight into the quality of twisted SMC
sampling via the marginal distribution of the sample s{.,-
(Sec. 5.1). The data processing inequality suggests that
DKL(QSMC(SLT) || O'(Sl:T)) < DKL(qSMC(S) || USMC(S))
and Dy (0(s1:7) [| gsmc(s1:7)) < Dx(0smc(S) [ gsme (S))
(Grosse et al., 2015; 2016). Thus, if the difference between
upper and lower bounds on log Z, is small, then we can
conclude that the K-sample SMC or SIS procedures in
Sec. 2.2 yield a single approximate sample s{., whose
distribution ggyc(s1.7) is close to the target o(si.r) in
symmetrized KL divergence.”

6. Related Work

In the previous sections, we have discussed related work as it
fit within our SMC framework for language modeling. Note
that Lew et al. (2023) consider SMC sampling for language
models, but do not learn twist functions or proposals.

Decoding from language models to obtain diverse (Holtz-
man et al., 2019; Vilnis et al., 2023) or controlled generation
(Zhang et al., 2023; Dathathri et al., 2019; Krause et al.,
2020; Yang & Klein, 2021; Guo et al., 2021; Qin et al.,
2022; Snell et al., 2022; Hu et al., 2023) is an active area of
research. Our SMC resampling approach may be viewed as
a principled probabilistic extension of best-of-K decoding
methods. Mudgal et al. (2023) propose a {-way arg max
decoding scheme based on ‘prefix scorers’ 1, learned using
Eq. (13), but also consider using these twists as logits for
softmax sampling in the proposal. However, neither of
these decoding schemes are aligned with our proposed
SMC framework, as we discuss in App. D. For example,
greedy arg max decoding with respect to the optimal twists
in Prop. 3.2 does not yield samples from the target o (s1.7).

Finally, RL-based methods such as PPO maintain both a
policy or proposal network and value network or advantage
estimator during training. From the soft RL perspective in
Sec. 3.4 and App. B.3, the soft values play a similar role as
our twist functions for SMC resampling. Liu et al. (2023)
consider using Monte Carlo Tree Search (MCTS) based on

7. Experiments

We now illustrate empirically how our framework can be
used to evaluate inference through log Z, bounds and KL
divergences between the sampling and target distributions,
providing meaningful quantitative comparison between vari-
ous learning methods. We consider a range of tasks through-
out this section, including toxic story generation (as an ex-
ample of uncovering rare undesirable behavior), generating
reviews with varied sentiment, and infilling. For the toxic-
ity and infilling tasks, we consider the TinyStories model

“Note that the difference between upper and lower bound yields
DKL(O'SMC(S) || gsmc (S)) + DKL(qSMC (S) H Osmc (S))
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Figure 3: Comparison of SIS (IWAE) and SMC bounds on log Z,
for base proposal po and twist-induced proposal g™, with twists
learned with CTL. With the twist-induced proposal, both SIS and
SMC bounds are tight; with the base proposal, resampling with
learned twists is needed. Resampling based on ESS instead of
every-step resampling yields similar results.

(Eldan & Li, 2023) as a small-scale model where the gen-
eration is coherent, and use the prompt of ‘Once upon a
time, there was a’. For the toxicity task, we elicit responses
judged to be toxic by the classifier from Corréa (2023).
For the sentiment task, we consider the GPT2-Medium
model (Radford et al., 2019) and a classifier trained on
Amazon reviews (Li, 2023). Our code is available at https:
//github.com/Silent-Zebra/twisted-smc-1m.

7.1. Comparing SIS and SMC for log Z, Estimation

We first use our log Z, bounds to test how twisted SMC
can improve upon SIS and efficiently sample rare events.
We consider the task of toxic story generation. The target
is defined as o(s1.7) « po(s1.7)I[s1.7 € C] where C =
{s1.7 |r(s1.7) < n}, r(s1.7) is the non-toxic logit, and the
threshold n = —5 corresponds to a greater than 99% chance
of being toxic. Rejection sampling under py yields exact
samples for log Z, UB estimation, but can require hundreds
of thousands of samples. Thus, this setting also allows us to
test the effectiveness of approximate positive sampling for
twist training when target samples are rare.

Fig. 3 demonstrates that training twists with CTL and ap-
proximate positive sampling can significantly improve log
partition function estimation and sampling efficiency. We
first note that both upper and lower bounds tighten as K
increases, as expected, for both SIS and SMC. Using pg as
proposal, the SIS LB (orange) generally fails to draw any
samples meeting the threshold. By contrast, SMC resam-
pling (red) with py proposal eventually achieves tight log Z,,
upper and lower bounds, yielding near-exact target samples
(small KL divergence between the distribution over samples
and the target distribution) by the reasoning in Sec. 5.

However, both SMC and SIS with the twist-induced pro-
posal achieve tight estimation and near-exact sampling of
o with orders of magnitude lower K. Resampling does not
appear to help or hurt these bounds, as the effect of the
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Proposal ¢ Twist Learning Dy, (¢|| o) Dy (o | q) Proposal ¢ Twist Learning Dy, (¢ o) Dy (o | q) Proposal ¢,,,  Twist Learning  Eo, [Di(¢or || 00r)]  Eor[Dii(0os || or)]
Twisted Contrastive 1.11+£0.05 1.07 £ 0.02 Twisted Contrastive 0.55+0.03 0.47 £ 0.01 Twisted Contrastive 23.93+£0.34 8.87+0.05
Twisted RL 1.52£0.09 1.42+0.03 Twisted RL 0.94 £0.04 0.81 £0.02 Twisted RL 31.35+2.33 14.96 £+ 1.69
Twisted SIXO 1.71 4 0.06 1.98 4+ 0.04 Twisted SIXO 0.73+£0.03 0.59 £ 0.02 Twisted SIXO 20.34 £+ 0.36 7.43+0.04
Twisted FUDGE 3.24+£0.26 2.00+£0.13 Twisted FUDGE 1.01 £0.07 0.77 £0.07 Twisted FUDGE 60.93 + 2.82 19.85 £ 0.51

DPG - 1.09 £+ 0.05 1.124+0.03 DPG - 0.72£0.04 0.57£0.01 DPG - 13.27 £ 0.44 4.90 + 0.03
PPO 0.98+£0.01 1.32+0.04 PPO 1.04 4+ 0.31 0.87 £0.20 PPO 19.37+0.41 14.07 £ 0.50

Table 1: Toxicity (Sec. 7.2.1)

twists has been incorporated in the proposal ¢™ in Eq. (15).
We conclude that the twist-induced proposal can provide
significant efficiency gains over base model sampling.

7.2. Evaluating Twist-Induced or Variational Proposals

We next use our log Z, bounds to evaluate single-sample in-
ference using Dy, (¢ || o) and Dy, (o || ¢) (Sec. 5.1). We con-
sider two SIS proposal-learning methods: PPO (Schulman
et al., 2017) which minimizes Dy, (¢ || o) during training,
and distributional policy gradient (DPG), which minimizes
Dy (o || q) (Parshakova et al., 2019) (see App. E).

We consider four twist learning methods, including CTL,
soft -learning (RL), SIXO (Lawson et al., 2022), and
FUDGE (Yang & Klein, 2021) (see App. C and Table 5).
For each, we measure KL divergences involving the twist-
induced proposal ¢™. Thus, these experiments showcase two
complementary applications of SMC: as a novel inference
method yielding a tractable ¢™, and as an evaluation method
for any other inference method (such as PPO) using K-
sample bounds on log Z,, to estimate the KL divergence.

7.2.1. GENERATING TOXIC STORIES

We consider toxic story generation as in Sec. 7.1, but using
a target o(s1.7) X po(si.7)p(a = 1|s1.7), where p(a =
1]s1.7) denotes the probability of the text being judged as
toxic by a classifier. Compared to the thresholding target,
this task provides a smoother gradient signal for learning
but still allows for exact sampling via rejection sampling.
We train using approximate positive sampling, but provide
an ablation with exact positive sampling results in App. H.3.

We report KL divergences in Table 1. We observe that PPO
performs best with respect to Dy, (¢|| o) while our CTL
method performs best with respect to Dy, (o || ¢). This is
consistent with the divergences minimized during training.
In App. H.1 we provide a qualitative example of a toxic story
generated with CTL for o (s1.7) o po(s1.7)p(a = 1|sy.7)?
with 8 = 10, a case where no exact samples are available.

7.2.2. GENERATION WITH VARIED SENTIMENT

For the sentiment setting described earlier, we consider a
prompt ‘T bought this’ and target o (s1.7) x po(s1.7)p(a =
1|s1.7), where a = 1 indicates a 1-star review and exact
samples are available by rejection sampling. We train using
approximate positive sampling (see App. H.3 for compari-
son with exact). While all methods achieve low KL diver-
gences in Table 2, CTL performs best for both directions.

Table 2: Sentiment (Sec. 7.2.2)

Table 3: Infilling (Sec. 7.2.3)

7.2.3. INFILLING

Finally, we consider a conditional twist learning setting,
where 1/),? (s1.t, or) takes input o7 that identifies the target
distribution o (s1.7|or) (Sec. 3.3). We consider an infilling
task (Lew et al., 2023; Hu et al., 2023), where the observa-
tion variables op := Sp.1.74 are continuation tokens with
likelihoods o (or|s1.7) = po(ST+1.T+c|S1.7) €valuated un-
der the base model given sq.7. Our target is the posterior
o(s1.7|or). Instead of training separate /¢ for each o7, we
amortize training a conditional twist network z/;f (s1.t,07).

A second distinctive feature of this setting is that we train
from exact posterior or target samples, which are readily
available using the BDMC trick in Sec. 3.3. In particular,
we may sample sequences of length 7" 4 ¢ from the base
model s1.74c ~ po(S1:74¢) = 0(S1:7,07 = ST41:T4¢)s
and interpret the prefix s1.7 ~ o(s1.7|0r = ST41.74¢) @S
a target sample. Note that we do not explicitly control the
continuations tokens or defining the tasks. We evaluate av-
erage KL divergences over 2000 different or = s7y1.7+,
with T' = 15 and ¢ = 10, and report results in Table 3.

We find DPG performs best for both directions of the KL
divergence in this setting, likely due to its ability to lever-
age exact positive samples by minimizing Dy (0o || ¢or)-
CTL also learns from exact positive samples, but requires
approximate negative sampling and only performs com-
parably to SIXO, which uses exact positive samples and
performs exact negative sampling under py. Finally, PPO
trains from g,,. samples only, and performs relatively poorly
with respect to D, (0o || ¢o5-). To correlate these results
with sample quality, we show qualitative results in App. H.1.

Using our KL divergence evaluation methods, we conclude
DPG may be preferable when exact target samples are avail-
able (Sec. 7.2.3, App. H.3), while CTL may be preferable
with approximate positive sampling (Sec. 7.2.1, Sec. 7.2.2).

8. Conclusion

In this work, we have presented twisted SMC as a principled
probabilistic inference framework for solving numerous ca-
pability and safety tasks in LLMs. After discussing different
design choices for twisted SMC and their relation to related
work, we proposed a novel contrastive method for twist
learning. Further, we proposed novel bidirectional SMC
bounds for evaluating LLM inference methods. We demon-
strated the effectiveness of our methods for both sampling
and evaluation across a variety of experimental settings.
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Table 4: Examples of Target Posteriors in Language Model Finetuning and Controlled Generation

Type Target References / Examples
Reward o(s1.r) o po(s1.r)etPrnT) RLHF (Ziegler et al., 2019; Ouyang et al., 2022; Korbak et al., 2022b)
Continuation  o(s1.7) o po(s1.7)po(ST+1:74c|51.7)° Generates tokens based on likelihood of future tokens p(Sty1:7+c|S1:7)

For 8 = 1, this is in-filling (Lew et al., 2023).
As 8 — o0, disregard po(s1.7), focus on arg max of continuation prob.
- similar to adversarial prompt generation (Zou et al., 2023)

Indicator o(s1:7) x po(sir)I[sir € C] Generations s1.7 from this target must satisfy the properties of set C.
where I is indicator of set C: - Meeting reward threshold C,<,, = {s1.7 | £ r(s1.7) < n}
I[si.7 € C] = 1if [s1.7 € (] - Containing topical or specific words in s1.7
I[s1.r € C] =0if [s1.7 ¢ C] - Having certain structure or rhyme (Yang & Klein, 2021),

- Valid output according to verifier (Cobbe et al., 2021; Dohan et al., 2022))

Classifier o(s1.1) po(sLT)p(y|slzT)ﬂ Class y can be a binary (e.g. toxicity) or multinomial (e.g. 1-5 star reviews)
Bayesian posterior for 8 = 1: o(s1.7) = p(s1:7|y) x po(s1:7)p(y|s1:T)
(Dathathri et al., 2019; Krause et al., 2020; Liu et al., 2021)

Global o(s1r) p[)(SLT)/B Tempering on entire sequences (long-horizon) vs. per-token (myopic)
Temperature - yields higher quality generation in Shih et al. (2023)
Distributional o (s1.7) po(sLT)eB ‘T(s1r) KL minimization subj. expectation constraints on T' = {T; }

arg min Dy (q(s1.7)|[po(s1:7)) s.t. Bg[T] = g
(B = optimal Lagrange multipliers for constraints 7))
e.g. gender roles/references (Khalifa et al., 2020)

Intermediate References / Examples

Indicator ¢e(s1:1) =1[s¢ € C] or I[s1¢ € C] words of specific length, or specific sets of tokens
(Khalifa et al., 2020; Lew et al., 2023)

Product of

Experts o(s1:1) H%:l HtT:1 po(se|siie—1, S(()m>) prompt intersection (Lew et al., 2023)

Table 5: Losses for twist (top) and proposal (bottom) learning, where 75 (+) indicates an arbitrary sampling distribution. See
App. C for detailed discussion and additional losses.

Name  Loss Learning Principle

CTL Z;’ll Er,(or) [DK,_ (o(s1:tlor) H 78 (s1.e]or ))} (Gradient:) —Erx_ (o) []Eg(s, tloT) [Ve log ¥ (s1:4, U'l‘)] - E«f(s‘ o) [Vg log ¥? (s1.4, 07 )H Marginal Matching with MLE

2 -
Soft RL 37 Eve,(s1.0000) Klog ey Po(sipalsa 0)sg (V21 (s1:41, 01)) — logy? (s1 1,107“)) } +Er,(srior) {(log B(s1.7, 01) — log P& (s1 ’T,G’T‘))Z:| Twist Consistency / Soft Q-Learning

SIXO 37 —[En, (op)o(s1.lor) [log sigmoid(log ¥f (s1:6,07))] + Epg(sy.o)ms (or) [log (1 — sigmoid(log &f (s1.¢,07)))]] Noise Contrastive Estimation
FUDGE ZT:I —Er,s1.0000) Epolsegrirlsne) [0(01'\51 7)log 9 (s1.,07) + (1 —o(or|s: 1)) log (1 — 2 (s10, 07')))] Binary Classification
DPG Er.(or) [DKL (U(Sl rlor) H qg(sl '1“0'1‘))} Maximum Likelihood (MLE)
PPO Er.(or) [DKL (¢ (srerlor) || ”(SI:T‘OT))} Variational Inference
A. Proofs

In this section, we present the sense in which the target marginals correspond to the optimal intermediate distributions
in twisted SMC. We defer proof of Prop. 3.2 from the main text to slightly more general version in App. B.1 Prop. B.1,
although Prop. A.4 provides the analogous statement in terms of the intermediate target distributions 7} (s1.¢) = o (81.¢)
instead of the optimal twists ;.

We also prove Prop. 3.3 from the main text in App. A.2 and derive the gradient of the CTL loss (Eq. (21)) in App. A.3.

A.1. Proof for Optimal Intermediate Target Distributions

In order to achieve sampling from the full joint distribution o(s1.7), each intermediate target o(s;.;) must match the
intermediate marginal o (s1.+). To formalize this notion, we provide the following definition of optimality, justified by the
fact that it yields an exact partition function estimator.
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To do so, we will consider the multi-step importance weights

t+c—1 t+c—1

7?7'(51:7') 7~Tt+c—1(51:t+c—1)
Weit+c—1\S1it4c—1) = H Wr(S1:7) = H o ==
wrrem1(Stre) i r(s1:r) Tr—1(S1:7-1)q(87IS1:7—1)  Te—1(S1:6-1)q(Stt+e—1[S1:0-1)

T=t

(c-Step SMC Weights)

using a telescoping cancellation in the final equality. The one-step weights correspond to ¢ = 1, denoted simply as w;.
Definition A.1 (Optimal Twisted SMC Sampling). For a given target distribution o(s1.7) X po(s1.7)d(s1.7), we refer
to a twisted SMC procedure, SMC({m;}I_,, q, K) or SMC(po, {¢:}1_1,q, K) (with T = o or {7 = ¢), as optimal if
c-step importance weights Wyt 1 c—1(81:44c—1) = Z;p+671/2:b71f0r alll <t<Tand0<c<T—-t+1

Note, that the role of ¢, and Zzp is specified in Def. 3.1. We assume w1 = o for the goal of estimating Z,,, and show below
that an optimal twisted SMC procedure yields an exact partition function estimator.
Proposition A.2 (Optimal SMC yields Exact Partition Function Estimation). For any optimal twisted SMC procedure,
the resulting estimator of the partition function Z, has zero bias and zero variance.

Proof. As in Footnote 1 or App. F Alg. 2, consider {tr}i1 index timesteps where resampling occurs and fix g = 0 and

tg = T. The SMC estimator of Z, = Zy becomes ZM = [ L Zfil( e W (sﬁzt)) for S ~ gsmc(S).

Using the optimality definition in Def. A.1, we have w¢(s1.1) = th / Zfil for all partial sequences sy.;. Noting the

telescoping multiplicative cancellation and the fact that wy(si,,) = Z /2y | is constant with respect to indices i € [1, K],
we have the following estimator for a single run of an optimal SMC procedure,

e T 1 = s ; B ozv  zp oz
zz“C—HKZ< I1 wt(slﬁt)>—Hz;€ T .

i=1 \t=t,_q1+1 r=1 1

as desired, assuming zZ¥ — 1. Since ZM¢ = Z is independent of S, we conclude Z3M has zero bias and zero variance.

Note that we could also define optimality in Def. A.1 using the condition that Wit go—1 (s1:t4e—1) =constforalll <¢<T
and 0 < ¢ < T —t + 1. Following similar derivations as above would yield Z;¥ = const. As we will show in App. F,
Z3M€ i unbiased with E[Z5M¢] = Z,,. We thus conclude that Z5M¢ = Z, with zero variance, and thus Prop. A.2 holds. [J

With this notion of optimality in mind, we demonstrate the following necessary and sufficient conditions.

Proposition A.3 (Optimality Conditions). The following conditions are necessary and sufficient for twisted SMC optimality,

() : 7 (s1:4) = 0(s1:4) V 1<t<T 25)
=0

(di) : q; (s¢ls1:4-1) (s¢ls1:e-1) Vo 1<t<T.

Proof. (Necessary) Optimal Twisted SMC = (i), (ii): We begin by writing the marginalization of the unnormalized
density 7/, . over prefixes of length ¢ as

7~T:+c(51:t): z ﬁ—:+c(51:t+c): Z po(Sl:t+c)¢t+c(Sl;t+c):po(Sl:f,) Z po(St+1:t+c|51:t)1/1t+c(51:t+c)

St+1:t+4c St+1:t+4c St41:t4c

The normalization constant of 7}, .(s1.;) can easily be seen to be Z;p " . after summing over s;.; above, which

yields 7}, .(s1:4) = 77 c(S1:4)/ Z;ﬁrc. We now factorize the c-step incremental importance weights (at step ¢ + 1,

see Eq. (c-Step SMC Weights)) using the above identities, which imply that 7/, .(S1:14c) = Zfﬁ_cﬂ;f‘+c(sl:t+c) =
20y (31T (St 1 4cl812) and

~ %k w* * *

7Tt+c(51;t+c) Zt+c 7Tt+c(51:t) 7Tt+c(St+1:t+c\S1;t)

w it4e\Slit+e) = = - w (26)
erttre(Surte) 77 (81:4)q* (St1:t4c[S1:¢) Zt‘l’ mr(s1:¢) @ (St41:t4¢|S1:t)
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In order to have w4 1:¢4c(S1:t4c) = t+C/Z¢ in general, we thus require 7}, .(S1:¢) = 7/ (S1:¢) and 7}, .(St41:44c[S1:) =
q*(St41:t4c|s1:¢) forallt and ¢ < T —¢.

(Sufficient) (i), (i) = Optimal Twisted SMC: Consider the incremental importance weights using (¢) and (i),

. ¥ ¥
wils1) = — Ty (S;*t) — Z7o(s1:t) _ 2:; @7

f 1 (s1—1)af (St[s1:6-1) Z jo(s1e—1)0(St]s1:6—1) Z
which matches the optimality definition in Def. A.1. O

Proposition A.4 (Optimal Intermediate Target Distributions). For a given target distribution o(s1.7) (Eq. (30)), the
following conditions are equivalent, and are necessary for optimality of a twisted SMC procedure involving {m; }1_,,

(Z) Slt Z’]Tt+1slt+1 v 1§t§T—17
St+1
(i) :  wi(s1a) = D Tfio(Stase) V 1<t<T-1,1<c¢<T—t, (28)
St41:t+c
(4i1) : 7y (81:t) = o(s1:4) vV 1<t<T.

Conditions (i) and (iii) directly correspond to the recursions for the optimal twist functions given in Prop. 3.2 and Prop. B.1.

Proof. (i) <= (i4): Itis clear that (i4) = (i) as a special case for ¢ = 1. To show (i) = (ii), we have

* *
S1 t Z 7Tt+1 S1: t+1 Z Z 7rt+2(51:t+2) = ...= Z 7Tt+c(sl:t+c)-

St41 St41 St42 St41:t+c

(i) = (4i7) : Recursively applying (7) until time 7" suggests that

Sl t Z 71't+1 S1: t+l Z Z 7Tt+2(81 t+2 = Z 7TT(Sl T Z U(SI:T) = U(Slzt)-

St4+1 St41 St42 St41:T St41:T

(#91) == (i) : The target marginals clearly satisfy the recursion

o(s1:t) = Z o(s1T) Z Z o(s1.7) ZU(Slzt+1)~

St41:T St+4+1 St42:T St4+1

A.2. Proof of Twist-Induced Proposal

Proposition 3.3. (Twist-Induced Proposal). For a given set of intermediate twisted targets 7(s1.¢) in Eq. (9), the proposal
which minimizes the variance of the one-step incremental importance weights wy is given by

7Tt(S1:t)
7Tt—1(S1:t—1)

1

= mpo(5t|51:t—1)1/)t(51:t)-

qr (s¢]s1:4-1) (14)

Proof. We seek to minimize the variance of the resulting importance weights, subject to a constraint on the proposal
probabilities summing to 1. Introducing a Lagrange multiplier A(s;.;—1), we have

~ 2 ~ 2
. Tt(s1:¢) Tt (S1:¢)
min IEQ(-Gt‘Sl:t—l) |:<ﬁ-t,l(slzt,tl)z(fst\sl:t,l)) :| - (EQ(5t|51:r,—l> [(irt,l(sl:t,tl)iz(fsﬂsl,t,l)):|> + )‘(Slitfl) (Zst q(5t|51:t—1) - 1)

q(stls1:¢—1)

Taking (;‘S—q(-) = 0 implies

o= (o) 0 (i ) A o)

Sl:t—l)q(5t|slzt—1 -1 S1;t—1)q(5t\81:t—1) Sl;t—1)q(5t|51;t—1)2
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where the derivative in the second term is zero since the ¢(s;|s1.s—1) cancel. Finally, we have

7~Tt(51:t)2
— = A(S1.—
7Tt—1(Sl:t—l)Qq(3t|Slzt—1)2 ( e 1)
* 1 7t(S1:4) 1
StlS1:4—1) = - = — St|s1:e— S1.
q" (st|s1:t—1) o)) Fei(sre ) 7 (S1;z71)p0( t|S1:¢—1) Y (S1:¢)
where Z[ (s1.4—1) (or ) is chosen to enforce normalization. O

We focused on the one-step twist-induced proposal in Prop. 3.3. However, this proposal is not optimal for resampling every
c steps (as would also occur, for example, with adaptive resampling).

Proposition A.5 (Multi-Step Twist Induced Proposal (Generalization of Prop. 3.3)). For resampling c-steps ahead, the
optimal proposal (over Sy41.1+c—1) which minimizes the variance of the importance weights wy.;4c—1(S1:t4+c—1) is given by

p()(st:tJrcfl |Sl:t71)¢t+c71 (Slthrcfl)
Z pO(St:t+c—1 \51:t—1)¢t+c—1 (Slzt+c—1)

Stit4c—1

qﬂ(st:t+cfl|slzt71) =

The proof follows the same reasoning as in the proof of Prop. 3.3 above, using the multistep weights wy.;4c—1(S1:t4c—1) =
Rito1(Snirte=1) from Eq. (c-Step SMC Weights).

Te—1(51:6—1)q(St:tpe—1S1:6—1)

Note that the denominator is not usually tractable for ¢ > 1 in language modeling applications.

A.3. Derivation of CTL Gradient
Lemma A.6 (Derivation of CTL Gradient). For the CTL loss min Lcr(0):= min S, Dy (o(s1:0) | 7 (s1:¢)), the

(negative) gradient with respect to the parameters 0 is given by

T
~VoLern(0) = Eogs,,,) [Ve log 1/&9(81:1&)] —Ero(s,.) [V" log ¢ (su)] (29)

t=1

Proof. Consider expanding the form of wf (s1.¢) using Eq. (9), noting that the normalization log th is independent of s 4.
Taking the gradient with respect to 6 using the log derivative identity Vo f(0) = f(0)Vg log f(6), we have

T
—VeoLcr(0) = —Vo (Z Eo(sy.0) [IOg o(s1:¢) —logpo(s1:t) — log wf(SM)] + logZpo(SLt)w,?(sl;t))

t=1 S1:t

T 0
Eo(sy.y) [Ve log wte(Su)] — Z Z S Z(f))((:i))li}((:i)) Vo ( log po(s1:¢) + log 1/)? (Sl:t))

[
M~

-
Il
—

t=1 s1.¢

I
M~

(Eooro [Volog vl (s1:)] = E (s, ) [Volog v (s14))

o
Il
-

B. SMC with Intermediate Potentials and Connection with Soft Reinforcement Learning

In the main text, we focused on settings where the target distribution is defined by a potential ¢(s1.7) depending on full
sequences only, as in Eq. (1). This setting highlights the need for (learned) twist functions to summarize the future expected
value of the potential in the absence of intermediate target information.

In this appendix, we generalize our exposition to show how our twisted SMC framework can accommodate settings with
intermediate potentials, which is evocative of connections with soft reinforcement learning (Levine, 2018). We leverage

o o . e . . (SRL), . .
intuition from soft RL while introducing our general probabilistic interpretation, by using RV o instantiate the soft RL
special case. In particular, soft RL will correspond to the terminal potential

i (s1:¢) B B (o) (soft RL ¢, Definition)
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which corresponds to ¢(s1.7) = ePrr(s11) if the potential is given at the final step only (as in RLHF, Korbak et al. (2022b)).
However, we defer detailed discussion of soft RL to App. B.3. See Table 4 for several examples of intermediate potentials.

Finally, we formalize a notion of conditional target distributions and twist functions in App. B.2, which generalizes the
exposition in the main text and captures our conditional twist learning experiments in Sec. 7.2.3.

B.1. Twisted SMC with Intermediate Potentials
To generalize the exposition in the main text, we might consider defining the target as

T

1 sRL) 1 re(s1.

o(sur) = ?p0(81:T) <H </5t(S1:t)) = ?pO(SI:T)eﬁ Tz risue) (30)
o t=1 o

where Eq. (1) and the main text exposition corresponds to ¢¢(s1.;) = 1 fort < T.

Optimal Twists with Intermediate Potentials  Using Eq. (30), the marginal distribution o(s1.;) = >
t tokens becomes

sesr.r O(S1:7) OVer

t T
1
U(Slzt) :ZPO(Slzt) <H d)'r(sl:'r)) Z pO(St+1:T|Sltt) H d)'r(sl:'r) (31)
=1 St41:T T=t+1
: T
1 5 re(ons B Y re(sin)
(SgL)?pO(Slzt)e o) Z po(St+1:7[s1:4)E 77! 1 (soft RL special case)

St+1:T

As in Prop. 3.2, the goal of the optimal twist functions is to facilitate sampling from the intermediate marginals o (s;.¢) of
the target distribution o (sy.7).

We consider two different quantities involved in defining the optimal twists, which differ in their treatment of the intermediate
reward. For the soft RL setting, this corresponds to the natural distinction between ()-values and (soft) value functions V;.

t—1 T
o(s10) :Z,lapo(slzt><H ¢T<sm)> o) (D polserralsie) T orlsin) )

St41:T T=t+1

D7 (s1:¢):x

Py (s1:e)ix
(32)

T

t—1
RL) 1 B> rr(sir) (s B > r(sis)
g ?p()(slzt) e =1 e’ t(s”)( Z Po(St+1.7[S1:4)e 7= )

St+1:T

B (s1.4):0¢ PV (G1:t) =

YF(s1.)i0c PTEGLTAVE (S1:0) =

where :ox means ‘defined to be proportional to” and Q; (s¢, S1.4—1) = 7¢(s1:t) + V;*(81.¢) in RL notation. See App. B.3 for
detailed derivations in the soft RL special case. In general, @, captures the expectation of future potentials from¢ + 1 : T,
analogous to the (soft) value function. The twists v; play a role analogous to a ()-value, estimating both the immediate ¢,
and future value @;. In particular,

T
U7 (s1:) o Ge(s1:0)P; (s1:0)  where @} (s1y) i > po(siprrlsie) || ¢r(s1r) (33)

St41:T T=t+1

We continue to refer to 1); as the twist functions and focus on probabilistic interpretations based on v); instead of @} (see
App. B4 for additional discussion).

To show that this notation is consistent with the main text, consider the optimal twists ¥} (s1.1) = ¢¢(s1.¢) P} (s1.¢) with no
intermediate potentials, ¢;(s1.;) = 1 fort < T. For ¢t < T, v (s1.t) = @} (s1.¢) reflect the future expected potential and
for t = T, the terminal potential is % (s1.7) = ¢r(s1.7), with no future potentials after step T', i.e. 7 = 1.

18



Probabilistic Inference in Language Models via Twisted Sequential Monte Carlo

Building on Eq. (31)-(32) above, the following generalization of Prop. 3.2 defines the ‘optimal’ twists so as to obtain the
intermediate target marginals o (s1.) (see Prop. A.4).

Proposition B.1 (Optimal Twists). For a given target distribution o(s1.7) in Eq. (30), the optimal twist functions yield
intermediate {wt}tT;f which match the target marginals. In regions where py(s1.¢) > 0, the optimal twists are given by

77 (S1:) = 0(S1:¢) = ZL Po(si (H b (s1:r )wt (s10) = ;@ Po(s1 (H b (S1:r )msu) F(sie). (34)

= t

Up to a constant c; independent of s1.+, the optimal twists 1b{ are given by

T
U7 (s14) = o de(s10) Y, polsigrrlsia) [ ér(s1r) (35)
St41:T T=t+1

where c, is absorbed into the normalization constant Z;p . The optimal twists satisfy the recursion

2
U (s1:) = Z%@(Sl:t) > po(sealst) i (Stera)- (36)
t+1 St41

Proof. Substituting Eq. (35) into Eq. (34), we obtain the desired marginal Eq. (31),

T (S1:4) = %po(sl:t) H(br(slzf)( > polsirrrlsie) [] qﬁT(sl:T)) =o(s1:t)

t T=1 St41:.T T=t+1

where the final equality follows from absorbing the constant ¢; into Zf’ , with % = Z‘;z* and Z, which normalizes & (s1.¢).
t

o
We will now use ¢; =

Py (s1:4) = ¢t Pe(s1:t) Zp0(5t+1|51:t)(¢t+1(51:t+1) Z Po(St+2:7(S1:441) H ¢r(51:7))

St4+1 St42:T T=t+42
Cf+1 o Yipa(s1ie41)
zy
X
= e fe(s1:0) Z Po(st+1]81:6) e 41 (S1:641)
t+1 St41
. ¢ 2"z, .
where the second line follows from Ctil = —4==2. This demonstrates Eq. (36). O]
t41

Remark B.2 (Equivalence Class of v); and @;). Note that any rescaling of ¢, < cg/?t by a constant with respect to sy.¢
will yield the same intermediate marginals 7, (s1.¢ ), due to the normalization constant Zgb which scales with ;. This defines
an equivalence class in the space of functions. The same statement holds for ;. We express results such as Eq. (35) using
proportionality <. We define 1/, and ®; as particular members of their equivalence classes whose normalization ZZ” and ZF
are equal, such that ¥, (s1.1) = ¢¢(s1.4)Pe(s1.1)-

This leads to the following definition of the intermediate twisting targets (we defer the soft RL special case to App. B.3).

Definition B.3 (Twisted Intermediate Targets ). Using approximate twist functions {wt — 1 , we define the twisted
intermediate target distributions

0(S1:¢ (H ¢r(s1:7 ) Pi(S1:¢) (t<T) (Twist Targets (1))

Wt(Slzt) =

Zigp()(sm) T[ovtsr) (t=T)
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One-Step Twist-Induced Proposal Using Prop. 3.3 and Def. B.3 and noting that ¢;_1(s1..—1) is independent of s;, we
have the optimal one-step proposal

P
Tr 71 (S1:4) 2 Gr-1(s1:0—1)Y1(81:4)
Stls1:4-1) o = St|S1:—
Qt( tl 1:¢ 1) 7Tt71(S1:t71) Zg’b po( tl 1:¢ 1) %71(51;#1)
1
= ————Do(5¢[S1:— S1: ist
Zf(51;t_1)p0( tls1:e—1)ve(s1:0) (Twist-Induced Proposal (1))

_ po(se|s1:e—1)9¥e(s1:4)
> po(sels1:e—1)we(s1:4)

where in the second line, we absorb terms which depend only on s1.;—1 (and not s;) into the normalization. In the soft RL
special case, we have ¢ (s¢|S1:4—1) Po(5¢|s1:—1)ePQ(se51:0-1) (see Eq. (Twist-Induced Proposal (soft RL)) below).

B.2. Conditional Twisted SMC

To formalize our notion of conditional twists in the infilling experiments (Sec. 7.2.3), we generalize our above framework
to explicitly depend on ‘observation’ random variables {o; }7_,. This matches the common setting of SMC in state-space
models (Briers et al., 2010; Gu et al., 2015; Lawson et al., 2022; Chopin et al., 2020). Our derivations in this section also
emphasize that the optimal twist functions in Prop. B.1 learn functions proportional to conditional likelihoods of the future
observation variables given the current sequence (see Eq. (39) below)). We recover the unconditional targets in the main text
for fixed o = 1.

Consider a target distribution o (s1.7|o1.7) conditioned on particular observation random variables 01,7 := {ot}thl. We

define a probabilistic model over observations o (o¢|s1.;) = ¢¢(0s,81.¢) as the intermediate potential,® which yields the
target posterior

o(si.r|our) =

po(s1: T)<lfl (0t|51:t)> o <T )  nn)o(ontlenn)
S%po(slzT)(tlf[la(oﬂsl:t)) = o) TL orlonsia) | = P70 37

where we interpret o (01.7|s1.7) = Hz;l o(o¢|s1.¢) and Z,(01.7) = o(s1.7) to make the Bayesian posterior explicit in the
last equality. Note, we now seek to estimate a different partition function Z,(01.7) for each set of observation variables.

Using our infilling experiments in Sec. 7.2.3 as an example, consider (a sequence of) subsequent tokens o7 = S741.74¢ as
observation variables, where the observation model is simply the base language model o (or|s1.7) = po(ST+1.7+c|S1.T)-

Using Eq. (37), the intermediate marginals become

o(sitlorr) = Z o(s1.r|oiT)

St+1:T
1 T
- SZ U(OLT)PO(S1:t)po(St+1:T|S1;t)(tl:[la(ot|sl:t))
t+1:T =
1 d T
— fpo S1:¢t (H O-raSl T ) Z po(St+1:T‘Slzt)( H ¢T(07751:7)>
i =1 St4+1:T r=t+1

1
- % (o )Po S1:¢ (H ¢r (07,81, T)>0(0t+1:T|slzt) 7 (38)

T=1
noting that o (0¢1.7(s1:¢) = ZSt+1-T 0(0¢41.17,St+1.7(S1:+) matches the second to last line.

3Note, rescaling ¢ (s1..,0; = 1) by a constant ¢ with respect to o¢, s1.; does not affect the target posterior in Eq. (37). For example,
po(s1.T) ¢r(s1.T,0r)/c

with terminal potential only: o (s1.7|or) = = e P T
S$1:T : B

=z (IOT)po(sl;T)d)T(sl;T, or) as long as the scaling factor

is independent of or and s1.7.
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The optimal twists take a similar form as Prop. B.1, but now as a function of the future observation or conditioning
information. Further, the optimal twists is proportional to the conditional likelihoods (e.g., o(0¢41.7|81.¢)) of future
observations given s;.;, which marginalize over future tokens (e.g., S¢+1.7),

T
O¢41:
q)r(sl:taot-&-l:T) f-&TU(Ot+1:T|51:t): Z pO(St+1:T|Slzt)( H ¢T(077S1:7))a

St41:T T=t+1

(39)
T
Vi (S1:4, 0.1) o o(opr[sie) = Z po(St+1:T\Sl:t)(H ¢ (or, SlIT)) )

St+1:T T=t
where f(x,0) & g(x,0) denotes proportionality up to a constant which depends on o only: Jc(0): f(x,0) = ¢(0)g(z, 0).
These equations can be confirmed by comparing Prop. B.1 with the last two lines in Eq. (38).
The intermediate marginals over partial sequences can finally be rewritten as either

t
U(Sl:t‘ol:T) O&T pO(Slzt) <H ¢7‘(0‘r7 SlZT)>¢z (Sl:t7 OzH—l:T) )

T=1

i (40)
= pO(Sl:t) (H (b‘r(o‘rv Sl:‘r)) w: (Sl:t7 Ot:T) .
t=1
We discuss the choice of parameterization using vy versus @, in App. B.4.

The conditional twist learning formulation matches the setting of Lawson et al. (2022), to which we refer the reader for
additional discussion. We use this conditional perspective to derive classification losses for twist learning in App. C.3-C 4.

Unconditional Targets as a Special Case In cases where we are only learning twists for a single set of conditioning
information such as a single classifier label or a reward model, note that we can omit explicit conditioning information in
¥y¢(s1.¢, 0¢) and consider setting {o; = 1}7_,. With terminal potential only as in the main text, we write o(or = 1|s1.7) =
¢(s1.7) and the overall target distribution as o (s1.7) = o(s1.7|or = 1) & po(s1.7)dr(S1.7)-

To given meaning to this probabilistic interpretation of o(or = 1|s1.7) = ¢(s1.7) with a binary random variable or, note
that we need to ensure ¢(s1.7) € [0, 1]. As a result, sampling from the target o (s1.7|or = 1) or joint o(sy.7, o = 1) is no
easier in this interpretation than in Eq. (1), which is intractable in general. For example, finding ¢n.x = maxg,.,. ¢(s1.1)
and dividing ¢(s1.7) < H(S1.7)/Pmax to rescale o (o = 1|s1.7) is equivalent to being able to perform rejection sampling
with the base model proposal po(s1.7) (see Sec. 4.1.2).

With this caveat in mind, the formulation in Eq. (37)-Eq. (39) strictsy generalizes our exposition in the main text and
App. B.1. With intermediate potentials, we set o (o1.7 = 1|s1.7) = [[,_; ¢¢(S1:1).

Our notation also matches the exposition in Levine (2018) for the soft RL case with a binary observation or ‘optimality’
random variable o (o; = 1|s1.4—-1, $¢) = ePre(ste—1,5¢) \where the reward is a function of the state x; = s;.;_; and action
a; = sy pair (see the MDP interpretation in App. B.3). Levine (2018) do not explicitly discuss the need to rescale the reward
or its relation to rejection sampling.

B.3. Connection with Soft Reinforcement Learning
In this section, we more explicitly describe the soft reinforcement learning setting (Levine, 2018) commonly used in RLHF

. I . . RL) . ..
(Korbak et al., 2022b) as a special case of our probabilistic framework. Again, we use notation “RY to indicate that the
expressions in this section correspond to a particular instance of our SMC framework where ¢(s1.77) = e?7(51:7),

Summary of Soft RL Notation To summarize the below derivations, we state the relevant assignments for the soft RL
case. We focus on the optimal case for simplicity, but note that approximate versions play identical roles,

bi(s1:4) = &P rils1) Vi (s1.) = eBri(s)+BV (s14) — oBQY (s1:81:0-1) Bi(s1,) = ePVi (s1:0) (Twist to Soft RL)

where ¥} (s1.¢) = ¢1(s1:4)P; (S1:¢) or QF (8t,81:¢—1) = r+(S1:¢) + Vi*(s1.t). In the other direction, we have

1 1 1 .
re(s1) = B log ¢4 (s1:¢) QF (s¢,81:4-1) = B log 17 (s1:¢) Vi (s1:4) = B log @7 (s1:¢) (Soft RL to Twist)
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MDP Interpretation To draw connections with soft RL, we view language model controlled decoding as a Markov
Decision Process (MDP), where the prompt is drawn from an initial state distribution sy ~ v, an action policy 7(a;|z;) =
q(s¢|s1.4—1) selects the next token a; = s; given a partial sequence x; = s1.;—1 as the state, and the environment transitions
are deterministic P(z1 = S1.¢|as = S¢, ¥t = S1.¢—1) = 0(x1 = concat(sy, s1.4—1)) append the selected token to update
the state. Discounting may also be included without difficulty. The reward is given by r¢(s1.¢).

Final Target Distribution We define the target distribution as the solution to the following variational optimization which
solves the regularized MDP described above,

T
1 B > re(s1:t) T 1

(T(Sl:T) (SEL) —po(slzT)e t=1 - argmax Eq (s, .) [ZTt(Sl:t)] — —Dxi(q(s1:7) | Po(s1:7)) (41)
Zs q(s1:7) =1 B

which corresponds to the choice ¢ (s1.1) = P m(s1:4) agin Eq. (Twist to Soft RL). The soft value is defined as the maximum
value of the above optimization for optimal ¢*(s1.7), and corresponds to the scaled log partition function

T

Z Tt (slzt)

. 1 1 B £l 1
Vi (so) = Blog Z, = 5 log ZPO(SLT)G =1 = q(rgaX)JEq(sliﬂ [ZTt(Slzt)] - EDKL(Q(SLT) Ipo(sir))  (42)
1T =

which can be confirmed by substituting g(s1.7) = o(s1.7) from Eq. (41) into the maximization on the right side of Eq. (42).
Although we omit the dependence of Z,, (sg) on the prompt sq for notational simplicity (see Eq. (1)), note that Vi := V*(s)
naturally corresponds to the soft value of the prompt as the initial state in the MDP.

S1:T

Optimal Intermediate Marginals and Soft Value Decomposing the maximization in Eq. (42) into optimizations over
each q(s¢41/81.t), we define the intermediate soft value V,*(s1.;) as the maximum of the expected future regularized reward

T

1 S 1 B > re(s1r) . .
Vi (s1.4) = B log @} (s1.¢) (RL) B log Z po(St+1.7|S1:4) € 7= ' (Optimal Intermediate Soft Value)
St+1:T
£l 1
= e Baralan [T:thﬂwsm] — 3Daa(serirlsi) [ Po(serrlsin)

. 1
Eq(syyilsie) [Tt+1(51:t+1) + Vt+1(slit+1)] - EDKL(Q(StJrﬂSl:t) | po(stt1ls1:¢))

where, in the third line, we isolate the optimization over ¢(s;|s1.t—1) by (i) assuming optimality at 7 < ¢ and (ii) substituting
the optimal value V;’,(s1:141) = max [...] of the maximization over ¢(S;42.7|S1.44+1) (i.e. recursively
applying the second line).

ax
q(s¢y1ls1:t)

q(st42:7(81:441)

The optimal intermediate marginal can be written using either V;*(s1.¢) or Q; (s¢,s1.t—1) form (as in Eq. (32) above, or by
substituting the optimal V,* or ()} into the twist targets below).

Finally, note that twist consistency condition in Prop. 3.2 Eq. (13) or B.1 Eq. (36) implies
1
B

which can also be confirmed using Eq. (Optimal Intermediate Soft Value).

* r s * 1 (s1. 1 * S1.
V;‘/ (Sl:t) = 1Og ZPO(stJrllSl:t) 6,8 e (S ) TV (Sren) = B IOg Zp0(3t+1‘51;t) eBQtJrl(swrl’ :t) (43)

St41 St+1

Twisted Intermediate Targets We state the approximate twisting targets for both V; or Q; parameterizations in order to
make connections with soft RL losses in App. C. For approximate V;(s1.+) or Q¢(s¢, S1.4—1), we have

—1
s 1 B > rr(s1:7) .
me(s1:¢) (g)?po(su)e 2T gBre(s1) +BVi () (t<T) (Twist Targets (Soft RL V))
t
t—1
L iz TT(Sl:T)eBQ‘(S“S”‘l) (t<T) (Twist Targets (Soft RL Q))

=—gPo(su)e ==
ZtQ ( t)

where the final twisting target is given by Eq. (41) and the optimal ()-values are defined as
Qi (5¢,81:0-1) = 1e(s1:4) + Vi (S1:4) (44)
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One-Step Proposal Finally, the optimal one-step proposal (e.g. in V; form) can be derived either (i) as the twist-induced
proposal from Eq. (Twist Targets (Soft RL V) ) and Prop. B.1 or (ii) as the solution to the one-step optimization in the third
line of Eq. (Optimal Intermediate Soft Value). As in Eq. (Twist-Induced Proposal () ),

) (sRL) po(se[s1:p—1)ef () TVilen))

5Qt(5t751:t—1)
S po(selsi_1)ePriEra+ViG) PO Je '
\ :

Qf(5t|51:t—1 (St|51:t—1

(Twist-Induced Proposal (soft RL))

We define the one-step log normalization constant induced by an approximate V; or @), as Vi, or Vg,, respectively,

1
B log Zpo(st|51:t—1)€BQ‘(S“S”’1)

St St

1
- IOg ZPO(St |Sl:t—1)66(n (s1:¢)+Vi(s1:¢)) VQt, (Sl:t—l) —

W, (81:4-1) = 3

(45)

such that, for example, ¢7 (s|s1.¢-1) = po(s¢|s1:4_1)e @e(s0:81:0-1)=FVa (s1::-1) - Note that, by the twist consistency
condition in Eq. (43) or Prop. 3.2 and B.1, at optimality we have V*(s1.s—1) = Vy-(s1:4-1) = Vig: (S1:4-1)-

RLHF Minimizes Dy (q|| o) Note that, for a given suboptimal g(s;.7), the value of the variational optimization in
Eq. (41) is a lower bound on the (scaled) log partition function V" = % log Z,. Similarly to the standard Evidence Lower
Bound, the gap in this lower bound is given by the KL divergence

T
5108 2, = 3 Dulalsia) | os1) +(E (sm[;rt s1.0)] = 5D (als1n) [ mlsi) ) (46)

ELBO gap (>0) ‘ELBO’: Eq. (41)

In this sense, we consider soft RL or policy gradient methods such as PPO which optimize Eq. (41) as targeting o (s1.7) by
minimizing Dy, (¢(s1.7) || o(s1.7)) (Korbak et al., 2022b).

B.4. Remarks on Parameterization

While the twisting targets (Eq. (Twist Targets (/) )) and twist-induced proposal (Eq. (Twist-Induced Proposal (1)) )) may
equivalently be parameterized using approximate ¢;, we focus on the v); parameterization to match the main text. In
particular, recall that the optimal twists satisfy ¢} (s1.¢) = ¢¢(81.¢)P; (s1.¢) for all ¢. With no intermediate potential (¢, = 1
for ¢t < T, our approximate twists estimate ¢;(s1.1) = P;(s1.1) x ZSHLT po(Sty1.7|81:4)Pr(s1.7) for ¢ < T. In this
section, we describe how the presence of intermediate potentials may affect the choice of twist parameterization.

The twist-induced proposal may not be tractable to evaluate at the final timestep, since it may be costly to evaluate
the terminal potential ¢r(s;.7) for all sy € V given a context s1.7—1 (as described in Sec. 3.2). Thus, we learn an
approximate 17 (s1.7) &~ ¢ (s1.7) for proposal sampling, which can be easily evaluated over |V| next tokens. The final
mr(s1.7) = o(s1.7) is defined using ¢(s1.7) in order to preserve unbiased estimation. However, after sampling the proposal
according to ¥, we only need to evaluate ¢(s1.7) over K full sequences to calculate the importance weights at the final
step (Eq. (16)). See Intermediate Potential Tractable over K Sequences Only paragraph below.

Intermediate Potentials Tractable over V| Sequences However, in settings where the intermediate potentials ¢ (s1.;)
are tractable to calculate for all s; € V given s1.;—1 (e.g. using an indicator function or forward pass in a transformer
architecture, as in Table 4), it may be useful to use a ¢; parameterization of the twist targets and twist-induced proposal. This
allows us to use the exact immediate potentials ¢, (s;.¢) alongside an estimated 9, instead of an approximate /¢ ~ ¢, P}
which estimates both the immediate ¢, and future expected value of potentials @;. Using notation established in Eq. (32)
and Prop. B.1, the twisting targets in Eq. (Twist Targets (¢/) ) can be rewritten using a #¢ parameterization

t

T (s1:) = o0(s1:¢ (H br(s1:r ) bt(s1.4)PY (814 (t<T) (Twist Targets (9))

with 77(s1.7) = o(s1.7) as before. The twist-induced proposal 7 (s¢|s1.4—1) o< Po(s¢|S1.¢—1)0¢(s1.¢)Pf (s1.¢) and its
normalization constant are tractable in this case, by evaluating both the given ¢;(s;.¢) and parameterized ®? (s;.;) in a single
forward pass and normalizing over the discrete vocabulary of next tokens.
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Intermediate Potentials Tractable over K Sequences Only In cases where the intermediate potentials are difficult to
evaluate, we would like to limit evaluation of ¢;(s;.;) to only K partial sequences. In this case, parameterizing the twisted
targets 7; using f or Q9 (Eq. (Twist Targets (1) ), Eq. (Twist Targets (Soft RL Q) )) instead of @9 or V,f may be preferable
to ensure a tractable twist-induced proposal. Separate parameterizations of the proposal (using ¢f) and targets (¢;$?) might
also be considered.

In the case of the final timestep described above or in Sec. 3.2, note that we use a learned 1/)% to parameterize a tractable
variational proposal gr(sr|s1.7—1). In this case, we have no future value @7 (s1.7) = 1 and only need to evaluate the
terminal potential ¢(s;.7) for calculating importance weights over K sequences.

C. Twist Learning Losses

In this section, we describe various methods for twist learning beyond our proposed contrastive twist learning (CTL)
procedure from Sec. 4. In App. C.1, we first describe several losses from the soft RL literature from a probabilistic
perspective, building closely on our developments in App. B.1. We then proceed to describe SIXO (Lawson et al., 2022) and
FUDGE (Yang & Klein, 2021) in App. C.3-C.4.

We emphasize losses found in related work or used as experimental baselines using equation tags (e.g. Eq. (SIXO)), where
equations Eq. (RL Baseline), Eq. (SIXO), Eq. (FUDGE) are used in our experiments. We consider settings with intermediate
potentials in App. C.1, but focus on the (¢; = 1 for ¢t < T') setting in the remainder of the section, as in the main text.

C.1. Soft Q-Learning (RL) and Path Consistency Losses from Log Importance Weights

From the probabilistic perspective of the SMC log importance weights, we can derive several losses for twist learning,
including soft Q-learning and path consistency learning (PCL) (Nachum et al., 2017) losses from the soft RL literature.

A general principle for deriving loss functions would be to minimize the variance of the (log) importance weights under
some sampling distribution 74, which leads to constant importance weights at optimality. To draw connections with previous
work, we also consider minimizing the square of the log weights (as in, for example, Scharth & Kohn (2016)), which at
optimality, ensures that logw = 0 and w = 1 are equal to a particular constant. We will proceed to parameterize the twist
functions using parameters 6 and consider loss terms which minimize the variance or square of c-step log weights at time ¢,

t+c—1 t+c—1 2
El((t)’gcz,ar(O) = Var,, [ Z log wT(sl:T)] El(ié.c)ConS(O) =E,, K Z log wT(slzT)) ] 47
T=t

T=t

El(ég)mns(e) indicates ‘consistency’ in log-weight space for c-step-ahead weights at time ¢ (see Eq. (c-Step SMC Weights)).

We will consider various choices of parameterization and proposal in the following subsections. For example, let

EI(Z’E;C)CO“S(G; {44, qF'}) denote the log-consistency loss corresponding to twisting targets parameterized by ¢ and the

twist induced proposal ¢ (note, our notation for the one-step weights w;(s1.+) does not make these choices explicit).

For reference, we derive the log importance weights with intermediate potentials and arbitrary ¢ as

pofss) (IT 6-(61.) ) va(or)

10gwt(sl:t) _ IOg _ 7Tt(sl:t)

=1lo
7Tt—1(S1:z—1)q(St|S1:t—1) &

1) (T 62(51)) vrea (rava(sdsrcn)

q(st|s1:e—1)
p0(8t|51;t—1)

Various special cases arise from choices of twist parameterizations and proposals in the following subsections.

= logw(si) = log dr—1(s1:4—1) + log ¥¢(s1:¢) — log¥i—1(s1:4—1) — log (48)

C.1.1. SOFT Q-LEARNING AND RL BASELINE
For single-step log-weights, the v-parameterization of the targets (Eq. (Twist Targets () ), Eq. (Twist Targets (Soft RL Q)
)), and the twist-induced proposal (Eq. (Twist-Induced Proposal (v) ), Eq. (Twist-Induced Proposal (soft RL))), we have

S7.
po(st] +log u(si:e) —log 3 po(selste—1)vi(s1) )
0(st|s1:4—1) ”

=log ¢y—1(s1:4-1) +10g > po(selsi:e—1)tr(s14) —log b1 (s1:1-1) (49)

St

log wy(s1.¢) = log d¢—1(s1:t—1) + log v (s1:¢) — logwhy—1(s1:4-1) — (log
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where the second term log Z; (s1..—1) = log Zs,, po(St|s1:t—1)1¢(s1.¢) normalizes the twist-induced proposal (Eq. (14)).

Minimizing the sum of one-step log consistency losses (i.e. squared log weights in Eq. (48)) will yield the familiar soft
@-learning loss (e.g. Lioutas et al. (2022) Eq. (4)-(5)). Adjusting indexing from Eq. (48) and introducing a stop-gradient
within log Z/ (s1.4—1), we have

min Lsorr(6) = min Z LD (0; v }) (Soft Q Learning)

2
= meinz Eﬂ's(-) [(bg b¢(s1:¢) + log ZPO(StH|51:t)5g(¢f+1(51:t+1)) —log ¢f(51:t)) ]

St4+1

sRL St4+1,S1:¢ ?
(_)mmz E, {(57} s1:) +10g Y po(seqalsi)e” o8(Qf (se11.91)) —5Qt9(3t781:t—1)> }

St+4+1
In the final line, we rewrite the loss for the soft RL special case, ¢¢(s1.t) = ePri(sie) using the substitutions in
Eq. (Twist to Soft RL). Note that the log-normalization term is analogous to an induced soft value VQ? (s1:4—1) =
% log Y, po(st\slzt_l)eBQf(S"S“—l), so that each squared error loss has the form E[32%(r; + V; — Q;)?]. Hence, we refer
to this loss as Soft Q-learning loss.

The log-normalization term, which arises from normalizing the twist-induced proposal, is analogous to the ‘target’ value in
deep Q-learning. Lioutas et al. (2022) consider the soft-Q learning loss to SMC sampling in self-driving applications where
interaction with the environment is expensive. Lawson et al. (2018) adopt a similar loss function (using a parameterization
of the value V;?) in the setting of state-space models with tractable intermediate rewards.

RL Baseline with no Intermediate Reward The soft Q-learning loss in Eq. (Soft Q Learning) simplifies nicely in the
case of no intermediate rewards, as in the main text (¢;(s1.;) = 1 fort < T and & = 1).

Written in terms of twist functions, we separate the terms at ¢ < 7" and ¢t = 7" for purposes of exposition

log Com

mgm Ly (0) = mm Z Jisars 1) 0; {1V, qf e = 1}) (RL Baseline)

= min Z Er, () [(bg > po(sesalsia)sg(¥fy 1 (s1:e41)) — log 77/1?(511))2} +Er, () Klog p(s1.1) — logwg(slzT)Y}

St4+1

For intermediate timesteps, note that Eq. (RL Baseline) enforces the recursion ¢¢_;(s1.;_1) = Y . po(s¢|se—1)9? (s1.4)
in Eq. (13) of the main text, albeit in log space. In App. C.2 below, we consider the one-step squared error loss enforcing
this recursion directly (without logarithms), i.e. Er [(¢f 1 (s1:0-1) — 22, po(selsie—1)1f (s1:4))%] .

C.1.2. PATH CONSISTENCY LEARNING (FOR TWIST LEARNING)

Using the value parameterization of the targets (P, or V4, see Eq. (Twist Targets (@) ), Eq. (Twist Targets (Soft RL V) )), the
one-step log consistency loss with arbitrary proposal q recovers the path-consistency loss (PCL) from Nachum et al. (2017).

Switching to a ¢ parameterization of the twisting targets, we substitute 12 (s1.;) = ¢¢(s1.¢)P? (s1.¢) into the log importance
weights in Eq. (48). The log-consistency loss becomes,

log Cons

T
mein Lo (0) = mein Z £t (0; {®P;,any ¢}) (PCL)

= mm Z E-,
(R 1n Z E-,

In particular, substituting the soft RL potential terms from Eq. (Twist to Soft RL), Eq. (PCL) recovers the path consistency
loss from Nachum et al. (2017). Note that we derived PCL from an importance sampling perspective, whereas PCL was
originally derived by enforcing KKT conditions of the soft RL problem.

2
(10g i (s1:¢) +log B¢ (s1:¢) — log 87—y (s1:4-1) — log M)
pO(St‘Sl:tfl)

po(st ‘Slzt—l)
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We might also consider multi-step losses for various c. Minimizing the square of the multi-step log weights with arbitrary ¢
recovers the multi-step PCL loss (Nachum et al., 2017),

min £it9(9) = =min £89 (9 {®,any q}) (multi-step PCL)

log Cons

T=t =t pO(ST‘Slszl

t+e t+c 2
_ . 2] _ 2] _ q(ST‘SliT—l)
=min E,, <Z log ¢+ (s1:7) + log Py 1 o (S1:t4c) — log Py_1(S1:6—1) Z log )> ]

t+c—1 t+ec 2
. ST S1:7—
=minEr, < > logdr(siir) +log ¥iie(suere) — log s (si:e—1) ZIO 1. 1))> ] (50)

Sr|S
T=t—1 T=t pO T|1T1

t+c t+ec 2
S : 7 |S1:7
(EL) mgln ]E‘II'S <ﬁ Z Tr (Slz‘r) + ﬁ ‘/ta-c(slle»c) 5 ‘/t 1 Sl t— 1 Zl pSll))> ]

— (0] ST‘SlT 1
T=t

where we write the 1¢ parameterization in Eq. (50) explicitly for use in App. D.1. While PCL considers learned a
proposal or policy ¢ with the goal of approximating the solution of a regularized MDP, we leave joint learning of proposals
{q®(s¢|s1:t—1) 1, and SMC target twists {1f (s1.¢)}7—; or {V,2(s1.4)}L_, to future work.

In App. E, we describe using PCL to learn the proposal only (Guo et al., 2021), with the values Vq, (s1.;) induced from

learned proposal twists Qf (St+1,s1:¢) which define {qét (St+1 |slzt)}tT;01 (in similar fashion to Eq. (Twist-Induced Proposal
(soft RL)), but without reference to twisting targets).

C.2. Controlled Decoding Losses via Optimal Twist Identities (Mudgal et al., 2023)
In Prop. B.1 (or Prop. 3.2 and Eq. (13) in the main text), we noted that the optimal twists satisfy the following relationships

T
U7 (s1:e) = de(s1e) Y po(serrrlsie) [ ér(s1r) g ¢t S1:0) Y po(se41[81:0)07 11 (S1:041)
St4+1:T T=t+1 t+ St4+1
pe=1 (¢e=1) C
“=e, > polserrrlsie)é(sir) = tl > po(sesalst) ey (s1e41) G
Ctt
St4+1:T St+1

We proceed to describe two ‘controlled decoding’ (CD) losses from Mudgal et al. (2023) as using a squared error loss to
enforce the optimality conditions in Eq. (51), for settings with no intermediate potentials (¢ (s1.;) = 1 for ¢t < T'). Mudgal
et al. (2023) also propose two ways to use the learned ‘twists’ at inference time, which we discuss in relation to our proposed
SMC framework in App. D.1.

CD-Q The CD-Q loss from Mudgal et al. (2023) corresponds to minimizing the one-step recursion in Eq. (51) using the
expected squared error under a (possibly off-policy) sampling distribution 7. Assuming no intermediate reward and an
additional squared error loss to approximate the terminal potential w%(SLT) ~ ¢(s1.T), we have

min Lo o(8) = min 3 Er. ([ ( X polsentlsia)ifiasran) — v(610)) | + By [(0ls0) — 6(o1)°]

t=1 St41

(CD-Q)

Eq. (CD-Q) enforces the same optimality condition as the Eq. (RL Baseline) loss (i.e. P (s14) =
ZsHl Po(sey1sia)b? 1(s1:441)), without log scaling of each term inside the squared error. At optimality, we have
zero-variance one-step importance weights (w(sy.;) = 1 in Eq. (10)) for the twist-induced proposal.

At optimality, we in fact also have ¢f (s1:t) = > po(stx1.7|s1:6)d1(s1.7) (as in Eq. (51) and the proof of Prop. B.1).

St41:T

CD-FUDGE  While we might naively like to consider the loss E._ () [(¢¢ (s1.¢) — s p0(5t+1:T|S1:t)¢(51;T))2] to
enforce Prop. 3.2 or Eq. (51), note that marginalization over multiple steps is not tractable in general.
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Instead, the CD-FUDGE loss* defined as

T 2
mein ﬁCD-FUDGE(e) = maln; ]E'rrs(sl:t) [Epo(s,,“:ﬂsl:t) l:(ql)te (Sl:t) - ¢(51:T)) :|:| (CD-FUDGE)

can be shown to have the same gradient as the desired (but intractable) squared error loss above (Mudgal et al., 2023).

Since the minimizer of the expected squared error (under po(s;+1.7|s1:¢)) to a single function ¥? (s;.;) (which is independent
of s¢y1.7) is given by the conditional expectation (Banerjee et al., 2005), we can also see that Eq. (CD-FUDGE) has the
desired minimum ﬂzf (s1.4) = ZSH»I:T po(St+1.7|81:¢)P(s1.7). Note, it is crucial that the inner expectation samples rollouts
under the base model po(S¢+1.7/81.¢) to obtain the desired conditional expectation as the minimizer. While it appears that
any prefix sampling distribution can be used, m; = pg allows for losses to be calculated at all £ in a single sampling run.

Mudgal et al. (2023) also propose two decoding-time usages for the learned twist functions ¢ stochastic token-by-token
sampling and argmax decoding of partial sequences. We discuss their inconsistencies with our SMC framework in App. D.

CD-FUDGE for log /¢ We can also compare Eq. (CD-FUDGE) with the multi-step PCL loss in Eq. (50), choosing ¢; = 1
for t < T and the proposal equal to the base model ¢ = pg so that the proposal terms cancel. Noting that ¢ (s1.7) = &(s1.7)
is fixed to the exact terminal potential and choosing the ¢ = T' — t 4 1-step PCL loss for each ¢, note that Eq. (50) would
reduce to >, E[(log ¢(s1.7) 4+ 0 — log ¢ (s1.4) — 0)2]. Deng & Raffel (2023) optimize this loss with reweighting of terms
based on timestep (higher weight for ¢ ~ T'). Eq. (CD-FUDGE) optimizes the squared error of the difference without log
scaling of each term, under appropriate sampling of rollouts.

C.3. SIXO: Smoothing Inference with Twisted Objectives (Lawson et al., 2022)

Lawson et al. (2022) adopt a noise-contrastive estimation loss (Gutmann & Hyvirinen, 2010) to learn the target twist
functions using binary classification. For state space models, Lawson et al. (2022) adopt our setting in App. B.2 with
observation variables o; emitted based on the sampling state s;.; (or simply s;) and a known likelihood ¢:(0¢, st) = o (0¢|s¢).
As discussed in App. B.4, in these settings with easily evaluable intermediate potentials, it may be preferable to parameterize
@f (s1.t, 0t41.7) as in Eq. (Twist Targets () ). Lawson et al. (2022) indeed use this parameterization (see their Eq. 5).

Recall from Eq. (38) that the optimal twists or future values amount to conditional likelihoods,
o : .
P} (S1:4,0417) X (017|814 5 b7 (s1:0,007) K o(0prlsii) (52)
where & denotes proportionality up to a constant which depends on o only. Using Bayes rule, we have

U(Sl:t|0t+1:T)U(0t+1:T) Ot41:T U(Slzt\0t+1:T) U(Ot:T|Sl:t) O&T 0(51:t|0t:T)
po(sl:t) pO(Sl:t) pO(sl:t)

noting that o(o¢1.7) and po(s1.¢) are marginals of o(s1.+, 0111.7) by definition. The above reasoning suggests that we
may learn the twists, or likelihood ratio @} (s1.¢, 0t41.7) X 0(0t41.7|81:4) X 0(S1:t|0t41.7)/Po(S1:¢), Using a classifier
which seeks to distinguish samples from o (s1.¢|0s+1.7) and po(s1.¢) (Gutmann & Hyvirinen, 2010; Lawson et al., 2022).
In particular, at each ¢, we classify the event y = 1, indicating that s1.; ~ o(s1.¢|0t+1.7), or y = 0, indicating that
S1:¢ ™ pO(Slzt)-

Consider a given 044 1.7, which can be either 0, 1.7 = 1 in the unconditional case or 0y 1.7 ~ 7s(0¢+1.7) drawn from a
behavioral policy as discussed below. The SIXO loss becomes

o(0t41:7|81:4) = , (53)

T-1

LSIXO(Ol:T; 0) = — Z EU(Sl:t\0t+1;T) [log sigmoid( log @te (Slzt, Ot+1;T))] + ]EPO(Sl:t) [10g (1 — Singid( log @te (Sl:t, Ot+1;T))):|
t=1

T
== Eo(syulonr) [log sigmoid(log ¢y (s1:t, Ot;T))j| + Epy(s1.0) [log (1 — sigmoid(log ¢ (s1:t, ot:T)))}

t=1

T
- _ Z Eo(sy.sor.0) | 108 M + Epy sy, |log v (SIXO)
P 1:tl0t:T 1 +1/]te(sl:t70t:T) Po(S1:t 1 +wt9(slzt>0t:T)

“Note, we reserve the naming convention FUDGE (Yang & Klein, 2021) for a binary cross entropy loss described in App. C.4, as
opposed to the CD-FUDGE squared error loss from Mudgal et al. (2023).
3Note the difference in choice of proposal between Eq. (CD-Q) (twist-induced g = ¢J¥) and Eq. (CD-FUDGE) (base ¢ = po).
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Note that we can perform approximate positive sampling as in Sec. 4 to estimate expectations in the first term.

Exact Conditional Sampling However, we can also use the BDMC trick in Sec. 3.3 to obtain exact target samples for
general observation variables. In order to facilitate tractable sampling, we optimize the Eq. (SIXO) loss over a sampling
distribution 74 (01.7) = o(0y.7) for all ¢, such that the objective becomes

wf(su, Ot:T) 1
+ ]E 1:t )0 (Ot 41: log
1 + wte(sltta Ot:T) Po(s1:¢)0(0c+1.7) 1 + wte(slztv Ot:T)

T
Eo(orn) [L550(0170)] = — 3 Eoterorsn) [log

t=1

With this choice, note that we may sample once from o (sy.1, 01.7) = Hthl po(St|s1:t—1)0(0¢|s1.¢) using ancestral sampling
and use the appropriate truncations for positive sampling terms involving o (S1.¢, 0¢+1.7). By shuffling observation variables
across a batch of K samples, we may obtain samples from the product of marginals po(s1.7)o(01.1) or po(s1:t)o(0t41.7)
in the negative sampling term.

In the main text, note that we condition on o = 1 or op = s741.7+. (for infilling).

Gradient and Comparison with CTL  Proceeding with the /¢ parameterization for the target o(s;.7|or) = o(s1.7)
with fixed o7 and unconditional twists 1/? (s.;), the gradient of Eq. (SIXO) with respect to 8 is

T

? 0
~VeLsxo(0) = tzzl]Ea(su) [Ve log Y9 (s1.4) — %Vg log 1/}5(5”)} By {%vg log 42 (1)
T
- — 2 - ACHN 0
B ; ]EU(SI:t) [1 + ’l/fto (Sl:t) Ve log ¢t (Sl:t):| Epo(s1:t) |:1 + qutg (Slzt) VG log 7/}1‘/ (Slzt):|

(SIXO Gradient)

The SIXO gradient is superficially similar to our CTL gradient in Sec. 4.1, in that it involves Vg log 1/¢ under positive and
negatives samples. However, viewing 72 (s1.;) = po(s1.¢)¥? (s1.+) as the unnormalized density of our intermediate twisting
target, we can see that the second term in the S1X0 update includes 7 (s;.;). Rewriting to highlight differences with our
CTL gradient, we have

T
1 1
—VeoLl = 4)————Vgl 9(s14) — 70(s1)————Vpl 9 (s,
07-SIXO ;(;U(Sl't)ljtwf(sw) olog ¥y (s1.) Szh;ﬂt T ooy v OBV (1)
T
- 1
—VeoLcrL = Z(Z o(s1:t) Ve 10g¢f(51:t) - Zﬂ—f(slzt) 20 Ve 10g¢?(51:t)>
t=1 \S1.¢ S1:t t

(SIXO vs. CTL)

1
1+ (s1:1)
reflects the misclassification probability under 1»?). For the negative sampling terms, note that 7 (s;.;) is divided by a factor

of in the SIXO gradient, instead of the true normalization constant th for the gradient of our CTL loss Eq. (21).

To compare the two, first note that the positive sampling gradient in SIXO is scaled by a factor of factor (which
1
1+ (s1:¢)

C.4. FUDGE: Future Discriminators (Yang & Klein, 2021)
In contrast to SIXO, the FUDGE method from Yang & Klein (2021) seeks to directly learn a discriminative classifier to
match the conditional likelihood ¢} (s1.¢, 01) o< o(or|S1.¢) or ¥y (1.4, 0.7) X o(0p.T|81.¢) (see App. B.2).

As before, we define the joint distribution o(s1.7,0r) = po(si.7)o(or|si.r) with ¢(si.7,or) = o(or|si.r). From
Eq. (52) above or App. B.2 Eq. (39), we have

i (s1:0,07) x o(or[s14) = > po(serrrisie)o(or|sir) (54)

St41:T

Yang & Klein (2021) consider training a “future discriminator’ 1 (s.;, o7) & o (or|s1.;) which, as in Eq. (54) marginalizes
over future tokens to predict the expected probability that a full sequence with prefix s;.; emits or (e.g., let op = a be the
probability of a classifier for class a, or the probability that s;.7 satisfies a desired attribute indicated by a boolean o = 1).
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In similar fashion to SIXO in the previous section, we define a binary random variable y such that

o (0T|Sl:t) Yy = 1 d}tB(Sl:t; OT) Yy = 1
o 4, 0T) = 2 @4,0T) = 55
(y|sl~t7 T) {1 — G(()T|Sl;t) Yy = 0 111? (y|SLt7 T) 1-— '(/)f(slzt, (% ) Yy = 0 ( )

where we directly parameterize Py (y|s1.¢, 017) = 92 (s1.4,07) to be a probability distribution (e.g. using a sigmoid or
softmax activation). For a given observation random variable o and partial sequence s;.;, we can define the FUDGE loss

M~

T
Z Lrupce(S1:¢, 013 0) =

t=1

Dy (U(y|51:t7 or) H Py (Ylsi:t, oT)) (FUDGE)

o
Il
-

[
M~

- [a(y = 1s1:¢, 07) logpwf (y = ls1t,0r) + o(y = O[s1:t, 01) logpw? (y = O[s1t, OT)] + const.

-
Il
=

M=

—Epo(seqririsiie) {a(oﬂsmr) log ¢ (s1:4,01) + (1 - O’(OT|51:T)) log (1 — 2 (s1.1, oT)))] + const.

t=1

where, in moving from the second to the third line, we have used the fact that o(y = 1|s1.,0r) = o(or|si1:) =
> serrir Po(Strr[s1:0)0 (07 |s1.r) from Eq. (54) and Eq. (55). At the optimum, pye (y = 1|s1.4, 0r) = o(y = 1[s1., 01)
implies ¢ (s1.¢, 0r) = o(or|s1.¢), as desired.

While sampling may be done using an arbitrary distribution over prefixes s1.; and observation or, Eq. (FUDGE) requires
that rollouts be sampled under the base model po(s¢+1.7|s1.¢) in order to ensure sampling from the appropriate distribution

o(y = 1|s1.¢, or). This restriction is similar to what we required in Eq. (CD-FUDGE), although the loss in Eq. (FUDGE) is
based on cross entropy classification rather than a squared error. We discuss the choices made in our experiments below.

Yang & Klein (2021) Setting In the original FUDGE paper, Yang & Klein (2021) consider learning from a dataset of
labelled examples (s1.1, or) or (s1.¢, or) for a binary observation variable o = 1 which defines the target distribution.

Unconditional Twist Setting For the unconditional twist experiments in Sec. 7.2.1-7.2.2, we sample under the base model
proposal 75 (s1.¢) = po(s1.¢) where the target distribution conditions on oy = 1 and o (o = 1|s1.77) = ¢(s1.7) = o(y =
1|s1.1, o7 = 1). In particular, we optimize

T

mein Z Epo(s1.0) [LFUDGE (S1:¢, 01 = 15 0))]

t=1

Conditional Twist Setting For conditional twist learning, we can consider amortizing learning the twists 1 (s1.¢, o)
over some distribution of observation variables 7 (s1.¢, or). In particular, in our infilling experiments in Sec. 7.2.3, we
consider sampling under the following joint distribution,

ﬂ-s(sl:ta OT) = pO(Sl:t)U(OT ‘ Sl:t) )

which we can sample from by first sampling from pg(s1.7)o (o7 | s1.7) and then dropping s; 1.7 subsequence. Therefore,
the overall objective becomes

min B (s,...0r) [LrupcGE(S1:t, 013 0)] (56)

T
= molnz _]Epo(51:T)U(OT [s1:¢) U(OT|51:T) 1Og’(/)te(sl:t»oT) + (1 - U(0T|SI:T)) log (1 - ’(/}t9<sl:ta0T))):| ,

t=1

where the expectation pg(s1.7) includes the expectation under po(s;+1.7|s1.¢) from Eq. (FUDGE). Note that rollout of
St+1.7/81.+ used to sample from pg(s1.7) should be independent of the rollout used to sample from o (or|s1.¢).
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D. Decoding Strategies using Learned Twists from Mudgal et al. (2023)
D.1. Proposal Sampling in Mudgal et al. (2023)
As noted in App. C.2 (and in £*(0) in Mudgal et al. (2023)), the CD losses can be seen as enforcing the optimality conditions

f(s1e) = D polseyrrlsie)dlsir), VEand Y (s1a) = > polsepalst) Vit (snern)  (57)

St41:T St41

In RL terms, the twists wgd* perform policy evaluation for the expected ‘reward’ ¢(s1.1) of a fixed policy po(s1.7) in an
unregularized MDP. The notation of Mudgal et al. (2023) (their Eq. (1), (5), our Eq. (57)) indeed corresponds to

o(s1.7) = rea(S1.7) o(s1.7) = po(s1.7)rea(S1:7)- (CD reward)

However, Mudgal et al. (2023) propose to use the learned twist functions ¥ to perform one-step sampling as
2]
g5 (sels1:0-1) ¢ po(sefsyze—1)e” Ve 1) (CD proposal)

We proceed to explain that this scheme does not correspond to sampling from the twist-induced proposal under either of two
different definitions of the target o(s1.7) and potential ¢(s1.7) in our SMC framework.

Comparison with Our ¢(s1.7) = rea(s1.7) Case:  As we have argued above, the CD-Q and CD-FUDGE may be
viewed as learning twist values wf for a terminal potential ¢(s1.7) = rea(s1.7). However, our twist-induced proposal which
minimizes the variance of the one-step importance weights with these SMC targets {7} would yield

a7 (sels1:e—1) o po(sefs1a—1)f (s1:0), (Twist-Ind. proposal (¢ = 7ca))
which, compared to Eq. (CD proposal) does not exponentiate or scale ¥»¢ and is directly proportional to the expected 7q.

Comparison with Our ¢(s1.7) = ePra(s1m) Case (Soft RL): The stochastic sampling in Eq. (CD proposal) is also
reminiscent of the twist-induced proposal in the soft RL case of our framework where, in contrast to Eq. (CD reward), the
target is defined via ¢(s1.7) = ePra(str) - Agin App. B.3,

a7 (stls10-1) o po(se[spe—r )e? V¥ G10) (Twist-Ind. proposal (¢ = €/7«))

We proceed to write both ¢§ and g7 as the solution to a variational optimization, highlighting similarities in blue, but noting
the different definitions of ¢ in terms of r.4. We assume no intermediate potential or reward, and consider the optimal twists
to emphasize the role of r.q. Using Mudgal et al. (2023) Eq. 2 and Thm 2.1 (for CD) and Eq. (Optimal Intermediate Soft
Value) (for soft RL), we have

X 1
qu (5t|51:t—1) = ?rglmax) E(I(st‘sl:t—l) |:]Ep0(st+1:T|51:t) [er(SliT)] ]7BDKL(Q(St|S13t—1) Hp0(5t|51:t—1))
q(St[S1:t—1

9% (s1:¢) (for ¢ = req)

(CD proposal optimization)

. 1 ) 1
qzr (8t|slit*1) = ‘?rgl max) E(I(St\slm—l) |:B IOg EpO(Sf,+1:T‘Slzt) [eﬂTCd(SlzT)] :| _BDKL(q(SdSl:t*l) ” p0(8t|sl’t*1))
q(St|S1:t—1

Vi (s1:4) (for p = ePrea)
(Soft RL proposal optimization)

The second terms of Eq. (CD proposal optimization) and Eq. (Soft RL proposal optimization) match and correspond to
one-step KL divergence regularization of the policy ¢;(s:|s1..—1). However, the expectation terms differ as we now discuss.

Soft Values Account for Future Regularization Using Eq. (Optimal Intermediate Soft Value) to expand the definition of
the soft value function, we see that Eq. (Soft RL proposal optimization) also implicitly contains an expected terminal reward,

V{‘< (Slit) = %IOgEPD(SHl:T\Slzt)eﬁrc‘j(Sl:T) = max Eq(sH];T\sl:t) [Tcd(Sl:T)] - %DKL(q(st+1ZT‘Slit) ||p0(5t+1:T|51:t))

(I(St+1:T|51:t)
(58)
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As 8 — 01in Eq. (58), this optimization strictly enforces ¢(s¢+1.7|S1.t) = po(St+1.7|81.t), and the soft value function
recovers the expected reward under the base model E,, (s, ,.+|s,..)[7ea(S1:7)], which appears in first term Eq. (CD proposal
optimization). On the other hand, the second term in Eq. (CD proposal optimization) uses 5 > 0 for optimization of the
proposal g(s¢|s1.+—1) at the current step. This inconsistency in Eq. (CD proposal optimization) (using 8 = 0 in the first term
and 8 > 0 in the second term) arises from the fact that Eq. (CD proposal optimization) does not consider the effect of future
regularization, while the MDP formulation in Eq. (Soft RL proposal optimization) does so via the optimization in Eq. (58)
and the log-mean-exp form of the soft value function V;*.

On Mudgal et al. (2023)’s One-Step Proposal and SMC Interpretation As noted in Eq. (57), the twists learned by
Mudgal et al. (2023) correspond to policy evaluation for the reward r.q under the base model py. However, we have
argued that the one-step proposal in Eq. (CD proposal) (which considers one-step KL regularization of ¢ to pg) does not
immediately fit within our SMC framework.

In particular, it is not clear that the composition of one-step proposals ¢“d(sy.;) = Hizl (s ls1.-1) =

t cd* t ped* (5.

po(sl:t)eﬂ W (s1m) =B 5108 Epg orley,, e 1T samples from the marginals o(s1.;) of a meaningful tar-
get distribution o (s1.7) at optimality. On the other hand, the soft RL value functions satisfy the optimality condition
Vi (s1:e-1) = Yplog >, po(selsii—1) ePVi(s1:¢) in Eq. (43), which is the analogue of Eq. (57) for ¢ = e (soft RL) but
is not satisfied by substituting 14" for V;*. This condition facilitates a telescoping cancellation, Hizl ar ) ($rls1:r—1) =

t * _ t 1 BV *(s1.r) * . .
Do (Sl:t)eﬂ 2o Vi(str) =B oy 5108 Epg(srlsy 1€ nr) po(s1.)e?V (51:4) and yields the marginals of o(s1.7).

Flexible Inference-Time /5 Scaling The experiments in Mudgal et al. (2023) evaluate tradeoff curves between expected
reward and Dy, (qu(slzT) H po(sl;T)) for various values of regularization strength 3. Since the twists learned by Mudgal
et al. (2023) in Eq. (57) do not depend on 3, sampling according to Eq. (CD proposal) or Eq. (CD proposal optimization)
has the benefit of allowing flexible tempering or 3-scaling at inference time without additional learning.

Such tradeoff curves are also natural from the perspective of soft-RL (c.f. Eq. (41) and Eq. (46)). While Eq. (58) appears
to require separate twist-learning procedures for each 3, flexible inference-time /3 scaling could be achieved with a single
training run in our framework by learning a conditional twist network 19 (s.;, 3) which considers /3 in its input and training
loss, or adapting the methods of (Bae et al., 2022) proposed in the context of rate-distortion optimization.

Comparison with Khanov et al. (2024) Khanov et al. (2024) consider softmax decoding similar to Eq. (Twist-Ind.

proposal (¢ = 7.q)). However, instead of V,f (s;.¢) as the logit, they use a reward model 77 (s;.7) which is trained from full

sequences (¢(s1.7) = ePrr(s1:7)) but applied to partial sequences without modification, r7(s1.¢). This clearly does not
: : * _ 1 Brr(si.T)

correspond to a twist or soft value function V;*(s1.;) = 3 log ZSHLT po(St+1.7|81:¢)€ % rp(S1:4)-

D.2. Blockwise Greedy Decoding in Mudgal et al. (2023)

As an alternative use of the twist functions at inference time and a generalization of best-of- K decoding to partial sequences,
Mudgal et al. (2023) consider a ‘blockwise’ decoding scheme using the learned twist functions ¥»¢. For K partial completions

of length M (from a prefix s1.;), sampled from the base model, sii)l:HM ~ po(St+1:t+r]81:¢), Mudgal et al. (2023) select
Sth1uen = arg ;ﬂaX Of ar (S ar) (59

and proceed with sampling K further continuations with prefix s7, , 5, until the next resampling step or an end-of-string
token is reached. The arg max selection strategy may seem natural from the unregularized RL (as § — o0) or expected
future reward perspective in App. D.1, but does not yield samples from o (s1.7) with the corresponding optimal twists.
Finally, Khanov et al. (2024) also consider arg max decoding of next tokens using the unmodified r1(s1.;) described above.

Our SMC framework instead would advocate probabilistic resampling based on the approximate twist functions using the
(c- or M -step) importance weights in Sec. 3 in order to match the desired target distribution.

E. Proposal Learning Methods

We next describe methods for learning variational policies or proposals ¢&(s1.77) = Hz;l 5 (s¢|s1:—1) parameterized
by &, which can be used for SMC sampling with intermediate targets 77 (s;.;) and learned twists ¥ (sy.;) or V.2 (s1.;)
parameterized by 0. Alternatively, such proposals may be used directly in the IWAE bounds on log Z,, which rely on
simple importance sampling over full sequences as in Sec. 2.1 and do not require the definition of intermediate targets 7.
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In App. E.3, we provide a detailed description of the DPG policy gradient method, which can be interpreted as a maximum
likelihood objective for a sequential energy-based model. To distinguish this EBM approach from our CTL method for
twist learning, we emphasize issues which can arise from naive use of a proposal-learning objective to define intermediate
twisting targets for SMC in App. E.3.1.

E.1. Path Consistency Learning for Controlled Generation

Guo et al. (2021) consider learning ()-values to obtain a fine-tuned variational policy which can be directly used as a
sampling distribution for controlled generation. Building on the path consistency learning (PCL) loss in Nachum et al.
(2017) and App. C.1.2, Guo et al. (2021) consider parameterizing the proposal using Qf(st, S1:4-1),

£
nt(St |Sl:t—1) _ p0(5t|51:t—1)€BQ" (s¢,81:0-1)—BVe (51:4-1) (60)

where Ve (s1:4-1) = % log)_,, po(st|sl:t_1)eﬁQ§ enforces normalization.

Guo et al. (2021) define the targets using Qf(st, S1.¢—1), a slowly-updated target network based on Qf. Using the implied
form of the soft value V (s1.;—1) = % log )., po(St|51:t—1)65Qf(s“5“*1), the single-step PCL loss becomes

T ~ B 2
LocL—q(§) = InginZ]Eﬁs(Slzt) |:(Tt(slzt) + sg(Vi(s1:t)) — sg(Vici(s1:-1)) — Qf(stvslth) + VQ& (sl:tfl)) } (61)
t=1

where sg(-) indicates stop gradient. Building on the interpretation in App. C.1, we view V;(s1.;) and V;_;(s1.4_1) as the
twisting targets, with a learned proposal parameterized by Qf as in Eq. (60) (or App. B.4). While the loss in Eq. (61)
is similar in practice to the soft Q-learning loss in App. C.1.1, we emphasize that the latter is motivated from the SMC
perspective with the twisting targets as the primary object of interest and flexibility in the choice of proposal. By contrast,
Guo et al. (2021) are interested in learning a proposal policy and do not consider, for example, resampling according to V;.

Guo et al. (2021); Nachum et al. (2017) also consider ‘multi-step’ PCL losses (Eq. (multi-step PCL)) which use observed
reward during rollouts of length \ to limit reliance on estimated intermediate values V;(s1.;). The objective in Hu et al.
(2023) also corresponds to a PCL objective.

E.2. Policy Gradient Methods
Traditional RLHF pipelines use a policy gradient method such as PPO to optimize the objective in Eq. (41),

Leiso(§) = max Ege (s, [rr(s1r)] — %DKL (¢*(s1r) || po(s1r)) = mgin Dy (q%(s1.r) || o(s1.r)) (62)

where 77(s1.7) = 5 log ¢(s1.7) corresponds to our final twist. As in Eq. (46), the gap in this optimization is the mode-
seeking KL divergence Dy, (q£ (s1.7) || O’(SLT)).

Notably, this objective does not make use of exact target samples from o (s;.7) when they are available. Further, the
mode-seeking behavior has been shown to reduce diversity of fine-tuned models (Stiennon et al., 2020; Go et al., 2023). To

combat this, Go et al. (2023) derive policy gradient methods to optimize arbitrary f-divergences D (q'E (s1.7) H a(slzT))
between the learned variational policy ¢¢ and target o.

E.3. Policy Gradient with Mass-Covering / Maximum Likelihood KL Divergence

We focus on the case of minimizing the mass-covering KL divergence Dy, (a(slzT) || qg (S1;T)) to train g¢, which constitutes
the distributional policy gradients (DPG) method for language model finetuning (Parshakova et al., 2019; Khalifa et al., 2020;
Korbak et al., 2022a; Go et al., 2023) and has been used to learn SMC proposals in state-space models in (Gu et al., 2015).

In particular, the gradient of Dy, (o (s1.7) H ¢*(s1.1)) = Eo(sy.p[log o(s1.7) — log ¢* (s1.7)] is
U(SlzT)
¢4 (s1.7)

- _F L &(SlzT)
= q¢(s1.1) Z, qg(sl:T)

VeDi(o(s1r) || ¢4 (51:7)) = —Eo(syp) [Velog ¢4 (s1:7)] = —Ege(srr) [ Ve log qg(SLT)]
(63)

Ve log q£ (sl:T)}
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G(s1.T)
qg (fl .T)
a moving average estimate of the partition function Z,

We recognize the importance weights w(sy.7) = from Eq. (3). Go et al. (2023) consider estimating Eq. (63) using

K
VeDy (o (s1:7) Hq‘s(sLT)) ~ = w(sglf%)VE logqg(sglf%), (DPG (general Z,,))
k=1 %o

Alternatively, the expectation may thus be estimated using SIS with the variational policy ¢*(s1.7). Using self-normalized
importance sampling (SNIS) to estimate Eq. (63) as in Eq. (5) corresponds to Zg = ZJK 1 w(sgk%) with

K w(s(k))
VeD (0(s1.r) || a(s17)) =~ Zﬁ
k=1 7j=1

We use this gradient for DPG proposal learning in the main text experiments, although we use the parameterization described
in Eq. (DPG) below.

Veloggt(s{)). (64)

DPG as Sequential Maximum Likelihood Objective We now show Eq. (64) is equivalent to a sequential maximum
likelihood EBM objective. Consider minimizing the KL divergence,

T
Dy, (U(SlzT) || qg(SLT)) = Z Eo sy 1) Dxu (U(St‘slzt—l) ‘ Q§(8t|81:t—1)> (EBM proposal learning)
t=1
13
where qf(St\Su_l) _ p0(3t|slzt—1)wt (Sl:t) (65)

Zst P0(5t|51:t—1)1/)t£ (s1:) .

While this is reminscent of the twist-induced proposal in Prop. 3.3, we emphasize distinctions between energy-based
learning of the proposal (DPG) versus energy-based learning of twist functions (CTL) in App. E.3.1.

The gradient of Eq. (EBM proposal learning) becomes

T
VeDiw (U(SlzT) H qg(slzT)> = ZEU(SM,I) [Ed(st\sl:t,l) [Velog s (sie)] —E (selstior) [Ve 10g¢f(51;t)]] . (66)

t=1
Starting from Eq. (64), we now seek to recover Eq. (66). Using Eq. (65), we can write
T
logq = Z log po )|S§kt)71) +10gwt( IOgZPO 5t|S1t DY (5t751kt) 1))

Ve log g~ ( sgk%

HMH

(V& log 5§ (s%) — ® [V& log lﬂf(susg?gq)])

E
qtﬁ (s¢ ‘51

Substituting into Eq. (64), we recover

T

k k
Z(Vs log £ (s{%)) B s ) [Vs 10g¢f(8t,sg;f,)_1)D
(DPG)

k)
Ve Dy (U(SlzT) || qE(Sl:T)) ~ Z ;{U(SilT)(k)
1.

which is an SNIS estimate of the maximum likelihood EBM gradient in Eq. (66), as desired. Note that the expectation over
g (st \sglft)_l) can be calculated exactly.

Comparison with CTL Objective The gradient in Eq. (DPG) above appears similar to our CTL objective and gradient in
Sec. 4.1. However, the DPG loss in Eq. (EBM proposal learning) is a single (joint) KL divergence over the entire sequence,
whereas CTL optimizes 7" separate KL divergences for each intermediate marginal.

For the DPG gradient in Eq. (66), negative sampling is performed using a ‘positive’ prefix sg f) 1 ~ 0(81.+—1) and an exact

‘negative’ sample from the one-step-ahead qf (st \sﬁ?_l) (Eq. (65), which we have assumed to be tractable). In practice, we
obtain the prefixes using the truncation of exact samples or approximate positive sampling with the final target weights as in
Eq. (DPG). By contrast, the CTL gradient in Eq. (21) involves approximate negative sampling under each 7 (s1.¢).
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E.3.1. NAIVE USE OF PROPOSAL LEARNING TO DEFINE TWISTED SMC TARGETS

While we have shown in Prop. 3.3 how one-step proposals {g[ (s¢|s1.;—1)}7_; can be induced from a given set of twist
functions {v(s1.¢)}7_, or target distributions {;(s1.¢)}7_,, we now emphasize that moving the other direction (inducing
intermediate twisting targets from a proposal learning scheme parameterized by {wf }I 1) does not yield the correct
intermediate targets for resampling (App. A.1), even at optimality in the proposal learning objective.

We focus our arguments on learning with the EBM maximum likelihood objective in Eq. (EBM proposal learning) as an
example. The proposal energies 1/)f (s1.t) appear to play a role analogous to the twist function t;(s;.;) in the one-step
proposal induced from twist targets {m; }7__; in Sec. 3.

However, we will show in Prop. E.2 that naive use of wf to define the following twisting targets (with no intermediate ¢;)

o 13
Wf(sl:t) = {zy pO(Sl:t) ¢t (Slzt) t # T o

z%, po(s1.r) ¢(s1.7) t=T

need not lead to an SMC procedure for which ﬂf(slzt) = o(s1.¢), even if qf(st|s1;t_1) = 0(8¢|s1.¢—1) for all t. We thus
argue that wf learned using Eq. (EBM proposal learning) should not be used as target twists in Eq. (67), since they do not
yield the optimal interemdiate target distributions at optimality (App. A.1).

We begin by showing a simple lemma for the one-step conditionals in Eq. (EBM proposal learning).

Lemma E.1. Any twist induced proposal qf(st\sl:t_l) (induced by ¢f(sl:t)) is invariant to rescaling 1/)5 (s1.t) by an
arbitrary constant ¢(S1..—1) with respect to s1.1—1,

8 (s1:t) = c(s1:0-1)U5 (S1:0) (68)

Proof.
p0(5t|51:t—1)¢fg(51:t) _ p0(8t|51:t71)c(51:t71)¢f(S1:t) _ p0(3t|51:t—1)wf(51:t)
S Pol(selste1)UE(s1e) X0, polselsta—1)e(sia—1)¥f(s1a) ., po(selsie—1)vf (s14)

a4 (sels1:e-1) = = qf (se[s1:0-1) -

O
Proposition E.2. There exist {**}YL_ such that (i) ¢&* (s¢|s1.4—1) = o(s¢|s1.4—1) and (ii) the SMC targets {75 (s1.4)}L_,
induced by {3 " }1_, via Eq. (67) are different from o (s1.;).

Proof. To satisfy condition (i) of the current proposition, we define

ZST+1:T pO(STJrl:T‘sl:T)d)(Sl:T) T 7é 3

€ (s).,) = 69
wT (Sl. ) {C(slztl) ZSt+1:T pO(StJrl:TlSl:t)(b(Sl:T) T=1 ( )

which for all 7, yields optimal proposals: (i) ¢**(s;|S1.r—1) = 0(87[81:7-1) o po(s+|81:7—1)18* (s1.7) via Lemma E.1.
However, it is clear that ¢(s1.;—1) # 1 can break the necessary condition for optimality of SMC sampling that 7 (s1.;) =
o(s1.¢) (Prop. A.4). In particular, consider

Wf*(slzt) = é pO(Slzt) 1/15*(51:0 = é C(S1:t71)p0(51:t) Z p()(St+1:T\51:t)¢(S1:T)

+ t St+1:T
1
- ?C(Slth)&(slzt) 7# o(s1:1) 70)

t

for ¢(s1:t—1) # 1, which introduces an additional factor which depends on s;.;. Thus, the twist target wf*(sl;t) induced
from %" (s1.¢) in Eq. (69) is not equal to the desired marginal o(sy.¢ ), despite the fact that all proposals are optimal. [

We indeed observed experimentally that resampling based on Eq. (67) after training using Eq. (EBM proposal learning)
could lead to worse SMC log Z, bounds than simply calculating the SIS or IWAE bound with Hle qf(st|slzt,1).
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Optimality in CTL Objective implies Optimal Twisted SMC In contrast to Prop. E.2, note that the global optimum of
our CTL objective min Zthl Dy, (a(slzt)

in both the twist-induced proposal ¢7 (s¢|s1.;_1) = o(s¢|s1..—1) and the twisting targets 7} (s1.;) = o' (s.;) satisfying the
necessary and sufficient conditions for optimality outlined in App. A.1 Prop. A.3.

’ g (Sl:t)> (which occurs for the optimal twists {t; }~—" in Prop. 3.2), results

E.3.2. SMC WITH NORMALIZED TARGETS INDUCED BY LEARNED PROPOSAL LEADS TO UNIFORM WEIGHTS

The issue in Prop. E.2 arises from the degree of freedom ¢(s1.;—1) in the normalization constant of the one-step proposal.
To avoid this, we can instead define normalized twisted intermediate targets using

t

t
) ¢§(51:7) — £ ) t T
ﬁ_tg(sl:t) — po(sl.t) Tl;ll Z$(51:7——1) 7—1;[1 qT(ST|Sl.’T71) # (71)

po(si.T) ¢(s1.T) t=T

where Z&(s1,,_1) arises from ¢5(s;|s1.—1) = )po(st|sl 1—1)1% (s1.) learned with Eq. (EBM proposal learning).

Zy ¢ (51 t—
Crucially, ﬁf in Eq. (71) are automatically normalized for ¢ T, as the product of normalized proposals. In this case, SMC
resampling with ¢¢ or the twist-induced proposal yields uniform resampling weights,

e po(s1:e) H M
(fort < T): wy(sy) = —e——rt51t) = f>—1z o1 =1 (72)

o1 (81:6—1)q% (st]S1:6—1) = 8 (s, i ¢
Po(S1:t—1) T—LT po(sels1ie—1)5 (S1:4)
¢ ‘rl;[l 28 (s1.7—1) Zf(slzt—l) ¢ls1:e ¢ ¢

Although we were able to construct well-behaved intermediate twisting targets from a proposal-learning scheme
qf(st |S1:4—1) p0(5t|slzt,1)wf (s1.¢), Eq. (72) shows that this does not lead to meaningful intermediate SMC resampling.
In other words, for ¢ < T, the marginal distributions of SMC samples s¥., with this scheme are simply ¢(s;.;), the same as
we would obtain with no resampling (SIS/IWAE).

F. Bidirectional SMC

In this section, we recall the extended state-space probabilistic interpretation of SMC from (Maddison et al., 2017; Andrieu
et al., 2010). The idea is to define an unnormalized target distribution osyc(S) and normalized proposal gsyc(S) over
an extended state space S containing all random variables relevant to SMC sampling and importance weighting with K
sequences of length 7. Defining Gy (S) such that its normalization constant matches Z,, we can use simple importance
sampling (SIS) in this extended state space to show that K -sequence SMC sampling yields an unbiased estimator of Z,, for
example Z, = E, (s) [Z:\‘:; S;] (as in Eq. (8)). Our end goal is to use this probabilistic interpretation to derive the lower

and upper bounds on log Z,, in Prop. 5.1, following Brekelmans et al. (2021) App. A.

We define the extended state space proposal and target distributions below, noting that our bounds will require sampling
from normalized oy (S) or gsuc(S), and evaluating Ggyc(S) and gsyc(S). We summarize the algorithm for sampling
osmc(S) in Alg. 2, using concatenation notation for simplicity (instead of index histories as in the text).

Single-Sequence Target and Proposal We construct our importance sampling bounds with the goal of estimating the (log)
partition function and sampling from a target distribution o(s1.7) = 6(s1.7)/Z,. We leverage a sequence of intermediate
target distributions, {m¢(s1.t) = Z%frt(sl:t)}tT:l over partial sequences, with the final target 7r(s;.7) = o(s1.7) and
Zp = Z,. We assume 7o(sg) = 1 for all prompts with Z, = 1. Finally, our bounds and sampling procedures also depend
on a given set of proposal distribution {q(s; |s1.4—1)}7_;, as in Sec. 2.2.

Extended State Space Random Variables Consider an extended state space S containing K7 tokens {sf}tT:If k—1 With
sf € Vand KT indexing random variables {w}} ~'f =1 With wF € [1, K], to represent the results of resampling (Eq. (7)),

S::{s }t 1,k=1 (73)

For ease of notation (and similarly to Maddison et al. (2017); Andrieu et al. (2010)), we call attention to our use of recursive
backtracking index operations to collect sequences {s1.;} based on the results of resampling {w}}. We use lists of index
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histories to construct sequences of tokens, with two recursive definitions of histories. Letting + indicate appending of lists,

k
hlg =[] V&, hf = hfil + [Wt]

— — 1 . (Index Notation)
RE=[1 Wk, R =hi 4K

. h¥_
For example, the history hf_; will be used to construct prefix sequences s;.;_ " (i.e. lists of tokens) for sampling a next
token s¥. We denote sequences of tokens with the index history in the superscript and also expand the definition for clarity,

k wk
eonet A R S A I - ot ¢
hy _ -1 t—1lt— wy wy 2 Wiy wy
S = Slt 4 +[s =[s e Spq sl =1s1 St 2 s iasi ]
hk
sl = 51 I R (Sequence Notations)

. hk . h¥ .
In the second line, we define s’fft as a sequence of length ¢ which concatenates the prefix s;," with next token sy. The
Tk k
notation s;lft represents partial sequences before resampling. By contrast, we will use the notation s;lft in the first line of
Eq. (Sequence Notations) to refer to sequences after resampling.
Consider the sequence s’ftt in a particular index ¢ € [1 K] before resampling. Resampling at time ¢ may result in choosing

h“ hi_
wF = i for some k. Using the first line, we see that s1 =4+ s ] = s, + [s{] for those indices such that wf = 1.

Indeed, this matches the definition of s; ”t = s’f + [s¢] in the second line (before resampling). Thus, the indexing notation
in Eq. (Sequence Notations) reflects resampling or cloning of sequences silt into the indices such that wf = 4, which yields

prefixes s1 for the next step of sampling (¢ + 1) in each index k € [1, K.

Extended State Space Proposal Distribution Sampling from the extended state space proposal corresponds to the
procedure described in Sec. 2.2 and Alg. 1, which we write as®

K
Jsme ({St7 ey K . 1) = H Hq<8t sltt 11) H q(wf [s1i) (SMC Extended Proposal)
t=1| k= k=1
Tt (s?é)
Ty h_%jl st h_%;l w (sﬁf)
where ¥ . q(wf _ | S%tK) _ 1<S1, 1)4( S1. 1) _ t\®1:t (74)

- Ry K hy
Tt (Sl:tf_> Z/{ 1 Wt (Sl t)
h

To recount the description above, note that the next token s? in index 7 is sampled from the proposal, conditioned on the

prefix ST . We concatenate these tokens s’ft = s’f + [si] ( Eq (Sequence Notations)) and calculate importance
weights. We perform resampling in each index & accordmg to g(wF|shK), or SNIS with the calculated weights (as in
Eq. (7)). Finally, after resampling, we clone the sequence in the chosen index w! into index k and proceed to sample s¥ i

k
with an prefix defined by the indices ¥ = h;"* | + [w].
Worked Example: To make this more concrete, we provide a worked example of the procedure in Fig 4 (a). Atstept = 1,

we resample the token s¥=2 twice (for indices k = 1, 3), with w} = w} = 2 (and in index 2, set w? = 3 to sample s3). We

record the prefix history as, for example, h} = h$ = [w{i] = [2], which corresponds to s? = s2.

At step | 2 in (a), we proceed to sample s3 ~ q(SQ‘S?l = [s?]) (and similarly s3 ~ q(32|s?1 = [s1])), whereas 53 ~

. . ht
(32|51 = [s3]). We next evaluate the importance weights over three concatenated sequences: s;' = [s?] + [s3],

Rk hk S . . . .
SNote that hF, s, and sl.ft are determlnlsncally constructed from {sf, wy }tT:If x—1 during sampling, and simply track the quantities
to be calculated when evaluating densities.
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Algorithm 2 (Twisted) SMC Target Sampling (csyc)
(blue indicates changes from SMC proposal algorithm; s1.7 is an exact
posterior sample)

SMC- TARGET(pO,q, W 6, K {61ty = 0,tr = T, 51, T)

Initialize j ~ uniform({1,..., K})
fort=1,...,T do
fork=1,..., K do
if £ = j then
wh sk s
else
Sample st ~ (s sk, )
end if
s’f:t <— concat (s’f:t_l, sf)
if t <T then
k pU(SiC | S)f:t—l) wt(S’f:t)

®) YT (s ) B (k)

o (et (eh)
V51‘t1 [ CH
<;
wf a(sF 55y ) Proi(st, )

(a) SMC Extended State-Space Proposal (T = 2)

@ end if
end for
ift € {t, }7 "~ then
s1if* « stif* -copy()
j j.copy()
@ Sample j ~ uniform({1,...,K})
st S5 e o v fork=1,..,K do
if £ = j then
(b) SMC Extended State-Space Target (T = 2) wh G
Figure 4: Graphical Models for extended state- else N , x
space proposal and target distributions which wf ~ cat ( { th:t:fﬁl wi . } )
result in the bidirectional SMC bounds. We R B R 1
show density evaluation in the proposal and end if .
target for a fixed set of {sF, wF}>2, =1 Welet sk, <87}
the size of the circles reflect the (hypothetlcal) end for
importance weights of sequences s?% and wf end if

reflect the (hypothetical) results of resampling ~ end for
with these weights. In (b), we assume fixed return {s’f:T, Hip tho1t1 wk}

jr+1 = j3 = 1 as in the text, with wi = 2. k=1,

ZgMC:Hr 1 KZk IHt tre 1+1wt

52
s? = [s3] + [s3], and s1 = [s?] + [s3], emphasizing that s& is the final token in each index. Shown in the red circles, we
proceed to resample wi = 2, w3 = 3, and wi = 2 atstep t = 2.
Finally, we need to backtrack to obtain the history of the indices for the sequence to be cloned in resampling. Namely, for
index 1 where wF=} = 2, we concatenate h12 + [wi] = h? +[2] = [3,2] = hi (i.e. the history for time 2, index 1). This

1
list of indices specifies the prefix sl:2 = [s%, s3] at step ¢ = 3, index k = 1. Similar reasoning applies for other indices.

Extended State Space Target We are ﬁnally ready to specify the extended state space target distribution. The crucial
difference is to identify a single sequence S;LT of length T" (the choice of index 1 is arbitrary). This sequence s’fT will be

evaluated under the unnormalized target distribution 77 (s1.7) = &(s1.7) or exactly sampled from the target s1 o~ o(sir)
in the extended state space target distribution.

37



Probabilistic Inference in Language Models via Twisted Sequential Monte Carlo

In particular we begin by sampling a full sequence of indices {j;}7_; uniformly at random Pr(j1, ja, ...jr) = (1/K)T.
Setting wi = jr, we letw}® ;| = j;_1 for all . This implies the following,

w%“ = jTa wiil = jt—l - h%” = [jl;j27 "'jT]; hgil = [jlaj?? "'jt—l]a (75)

and  hi*=h]" (76)

To show these identities, note that w?* | = j,_; and Eq. (Index Notation) imply hJ* | = h t21 +wlt )] = B + ] =

hi‘ ', which matches Eq. (76). Applying this recursion again yields h{t 1= hg’ 5 + =2, je—1)-. = 1 J2, i1
Taken together, these notations allow us to interleave a true target sample in particular indices {j; }, guaranteeing that at
least one target samples appears at each step.

1
The extended state space target distribution differs from gswc in its handling of this sequence, which identified as s’fTT with

prefixes sil | using Eq. (75). Noting that sampling {; }7_; amounts to specifying a particular set of w as in Eq. (75)-(76),

K
Slt 1) H t

k=1
(£)" £z}, ket

5SMC<{5ta }t 1,k= 1) = Pr(j1, jo,...37) 7TT( )ﬁ H Q<5t

(SMC Extended Target)

Note, the normalization constant of Ggyc(S) is equal to Z, since only 77 (s1.7) = &(s1.7) is unnormalized.
To describe ancestral sampling from Eq. (SMC Extended Target), we first sample {5 yE 1 uniformly as above, and place an

exact target sequence in indices s’f%p (or, equivalently, sequentially sample sJ* ~ wt(st|sl 57"). At each step, the remaining
K — 1indices k # j; are sampled from the proposal. For resampling, we fix index j; to hold the exact sample and resample
the remaining K — 1 indices. Note that the resampling weights q(wt | stk ) in Eq. (74) include the exact sample, which
may be cloned additional times into indices other than j; if its importance weights are high. The procedure above simply

ensures that at least one exact sequence is sampled. See Alg. 2 for the pseudocode of the algorithm.

Note that Maddison et al. (2017, Alg. 2) presents a different SMC extended state space target distribution than ours. In their
work, 71 = 1 and they sample jo.741, while in ours jr;1 = 1 and we sample ji.7. However, both targets result in the same
log partition function bounds.

Worked Example: In Fig. 2 (c), we use blue circles and arrows to highlight the exact-sample indices b1 = [j1, ja] = [3,2]

1 .
and the target sequence s?f% = [s3, s2]. Using the recursion w}* | = j;_1 with jr41 = j3 = 1 fixed, we may also express
hi = [j1, ja] = [3,2] = [wi, wi]. Atstep 2, note the target sequence is sampled/evaluated an additional time in index 3.

Importance Weights in the Extended State Space Assume we are given a fixed set of {s}, wf}tT:If —1» Which may be
sampled from either ogyc(S) or gswc (S). We proceed to show that the unnormalized importance weights in the extended
state space simplify as follows.

Lemma F.1. For the extended state space target Gsyc and proposal qsyc above, the simple importance weights in the
extended state space become

dsmc t=1 k:l M1

Tsmc Tlv frt<s’}£) _ - 1 S R . 5 1 - K
({ Sp,W t 11<: 1) H Z (hk hk HKZwt(Su) HKZwt(Su)

which can be used to obtain unbiased Z, estimators (Eq. (8)) or bounds on log Z, (Prop. 5.1, with proof below).
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Proof. To evaluate the importance weights (with the goal of estimating Z,), we consider
T . hl

<;>7w(%;)niﬂ{ng%q(g

Sl ) Hk 1 q | S1 ):|

W (1N . i\ 1
(%) ) | a9
_ (Sit s t,—_l >q(wit+1 1:K)

k
) I q(wf\shf)}

k#jt+1

15z
— ({ t7wt}t 1,k= 1) =

gdsmc

(78)
I, [Hk q(

t=1 q

where in (1), note that terms in the denominator cancel except for the indices [0, j1, ...jr] = hi. Recalling that wj =g,

from Eq. (76), we expand the resampling weights q(j;|s}:X) for the sequence indexed by st , s?t 1> and s1 1

Pk
Tt (s’lltt)
nk hk
@ [ 1 T i T k=1 ﬁt*1<51;tt:11)‘1<55 Sl:tt:11>
<) ~ T
= <?) T (s1:T> H 7 (80)
t=1 i it Tt <51:t )

q\ s Tit—1 -
th . i | miet

v + >
-1 slt 1 ]9\ 5 1it—1

Finally, we obtain a telescoping cancellation of 7r; terms using the indexing identities in Eq. (75)-(76). In particular, since
hi* = h]""* and h]*"} = hi* | with 3" = hL., we can simplify the terms in Eq. (80) as

M=

_iT
~ hpy

- 1:T—2

) nit | ) —Jt -1
Wl 7 Tt—1|S1.41 AT T Tt—1| Sy, t 1 Tr- 1 1
fr(sih ) [ ——= =#r(s,F | [ ——2F =#r —— =1
: 7t ’ Jt Ry
t=1 - hy t=1 hy RIT ~
Tt | St Tl sk ~1 T1LLST
T:T—1

_JT

using the assumption that 7 (-) = 1. Simplifying from Eq. (80), the final unnormalized importance weights become

hk
sme sF s iy t=1"" k=1 t=1"" k=1

Osme T 1 K ﬁt(s?}i) 1 K _ T 1 K
({t,wt}f 1,k= 1):1_[?;7? (Sh?—l)q< ) :H?sz( ) H Zwt slt (81)
- t—=1\ S1:¢t—1

as desired, where we abbreviate the importance weights as w; (s ,) for simplicity of notation. Note that we also obtain an
unbiased estimate of the partition function via

&_%mﬁxg]qm%ﬁlim(ﬂ

t=1 k=1
O

Proposition 5.1. (Bidirectional SMC Bounds) The log partition function log Z, of a target distribution o(s1.7) can be
lower and upper bounded by

quC

logH Zwt Slt ] <log 2,
T X ‘
log Z5 < Eo\o(s) [log H )7d Zwt (Slu)l .

t=1 i=1

(23)

The gap in the lower bound is Dy, (qsuc(S) || osmc(S)), and the gap in the upper bound is Dy, (suc(S) || gsmc(S))-
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Proof. The proof follows directly from Brekelmans et al. (2021) App. A, where it is shown that for oex (.S, gexc(S) such
that Z, = E, (s) [‘;:x“((g)) ], we can construct lower and upper bounds on log Z,,

ext (S ext(S

Dt (8) | 00u(8)) + By 108 24| 1082, = B3yl 48] - Dus(0al(8) a(5)) 62
I(S) Uext(s)

Eq(s) [l 0g (S)} <log Z, < E; (s) {lo qem(s)] (83)

where the gap in the lower and upper bounds are Dy, (¢ext(S) || gext(S)) and Dy (0ext(S) || gext(S)), respectively.

Substituting our SMC probabilistic interpretation in Eq. (SMC Extended Proposal) and Eq. (SMC Extended Target), along
with the importance weights in Lemma F.1, into Eq. (83) yields the desired bounds in Eq. (23). O

IWAE as a Special Case of our SMC Probabilistic Interpretation Note that we recover IWAE (or SIS over K samples)
from SMC with no intermediate resampling. In particular this corresponds to wf = k for all t < T, with importance
weighting from resampling occurring at the final step H e q(wh|s1:K). This yields the 1/K average inside the log in the
IWAE bounds (i.e., SMC with only one resampling step at ¢t = T'). Whlle the importance weights are crucial to construct the
bound, note that ‘resampling’ is not necessary at the final step and we may return all K samples along with their weights.

Viewing IWAE as a special case of our SMC probabilistic interpretation is complementary to the interpretations in Domke
& Sheldon (2018); Brekelmans et al. (2021) and also provides upper bounds (Sobolev & Vetrov, 2019).

G. Additional Experiment Details

G.1. Common Details Across Experiments

For all experiments, we use the Adam optimizer with 51, 82 = {0.9,0.999}. We use custom implementations of SMC. For
PPO, we use the HuggingFace TRL PPO Trainer (https://github.com/huggingface/trl/blob/main/trl/trainer/
ppo_trainer.py), modified slightly to accomodate our custom twist parameterizations, as described below. For other
methods, we use Optax (Flax) and custom loss functions. We use HuggingFace models (https://huggingface.co/
models) for the base py models and build custom layers on top of those.

For the twist 1? (s.;), we always parameterize log 19 (s.;) for numerical stability. We choose random normal initializations
centered at mean 0, with low variance,’ such that log ¥ (s;.+) ~ 0,1 (s1.¢) = 1 at the beginning of training, which means
the initial sequences generated by the twist-induced proposal approximately come from the base model py. All methods
are initialized using the same random seeds, and thus start from the same parameter values. See App. G.2 for additional
discussion of choices for the twist parameterization.

For methods that directly learn a proposal (DPG and PPO), we could directly finetune a language model that outputs g(s1.¢).
However, in order to ensure consistency in terms of model capacity and ease of learning compared to our twisted proposals,
we instead have these proposal learning methods output a modifier log 1/¢ (s1.;) which is added to the base model log
probability log po(s1.¢). Note that using random normal initializations centered at mean 0 with low variance, this scheme
results in initial ¢ samples coming approximately from py.

For methods that can make use of exact posterior samples, when we have access to them (Sec. 7.2.3, App. H.3), we use them.
This is straightforward for methods like DPG, SIXO, and our CTL (unless we have only a single sample, as we discuss for
infilling in App. G.4 ). For our RL twist learning, we found the best empirical performance training on a combination of ¢
and exact o samples when they were available (as opposed to just ¢ otherwise), and use those results. Similarly, for FUDGE,
when exact o samples are available, we use them together with py samples.

It is not straightforward to compare PPO versus other methods, because of the inner loop in PPO that repeats several clipped
gradient steps on a given set of samples. This means that, for a constant number of samples, PPO makes more gradient
updates than other methods, while for a constant number of gradient updates, PPO sees fewer samples. Ultimately we
decided to normalize based on the number of samples seen; we consider each outer step (including a full PPO inner loop, in
our experiments, 4 gradient steps) as a single “gradient update.” We make this choice since sampling is the main bottleneck
in terms of computational cost, and the number of inner PPO steps is a hyperparameter which we did not tune.

-2
Tinputs T Moutputs *

"We specifically use a form of Xavier initialization, taking the variance as
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All of our experiments were run on a single GPU, usually on an NVIDIA A40 with 48G memory. All experiments took no
longer than 9 wall-clock hours to run for a single learning method, with infilling (Sec. 7.2.3) experiments taking longest;
most other experiments took no longer than 4 hours.

G.2. Choices of Twist Parameterization

The choice of parameterization for the twist log /9 (s1.;) is a design decision, independent of our overall framework. While
one could keep an entirely separate model for each log 1/? (s, ), this is likely to be memory-inefficient and learn slowly.
Instead, we use a shared parameterization across si.¢, in the same way that the base language model uses a single architecture
to output probability distributions over tokens at each time step . We lay out parameterization choices we considered below.

G.2.1. LINEAR HEAD

The simplest choice is to replace the linear head of the base language model with a new linear head, keep the base model
fixed, and only train the linear head. This parameterization incurs very little additional computation cost compared to just
using the base language model. However, we found this to be capacity constrained in our experiments, achieving worse KL
divergences than other parameterizations.

G.2.2. MLP HEAD

Instead of a linear head, we consider a 3-layer fully connected neural network (MLP) with ReLU non-linearities as a head
on top of the base language model. The base model is still kept fixed; only the MLP head is trained. This incurs more
computational cost than a linear head (App. G.2.1), but the additional cost is still small relative to the cost of a forward
pass through the base transformer model. We found this to generally perform well in our experiments, so we use it for the
toxicity threshold experiment in Sec. 7.1 and sentiment in Sec. 7.2.2.

G.2.3. SEPARATE TRANSFORMER FOR THE TWIST

We can also consider an entirely separate transformer that outputs only the twist value. That is, we copy the base model,
and repurpose it to output a twist value log 1/? (s;.;) instead of logits for next-token probabilities. We then train the entire
network end-to-end. This is significantly more computationally costly than the former approaches, and does not always do
better than just an MLP head (App. G.2.2), so we generally do not recommend using this. Still, we found it to perform well
in toxicity classification in Sec. 7.2.1, so we use it there.

G.2.4. SEPARATE TRANSFORMER FOR THE TWIST, WITH MLP HEAD

This is similar to App. G.2.3, except we also replace the final linear head with a MLP head as in App. G.2.2. The
model outputs log 1/¢(s;.;) and is trained end-to-end. This is the most computationally costly approach outlined here,
and is unnecessary for most of our settings. However, in infilling with 15 generated tokens (Sec. 7.2.3) we found this
parameterization to perform materially better than all others, particularly with DPG (App. E.3), so we use it for all infilling
experiments.

With both this parameterization and App. G.2.3, we increase computation time by a factor of around 2 on the forward pass,
and significantly increase memory and time usage on the backwards pass during training (though sampling is still the main
time bottleneck). Whether this parameterization is worth the potential gain in performance depends on the desired use case.
We emphasize that our overall framework is independent of the choice of parameterization.

G.3. Comments on Our Choices of Experiment Settings

Our settings and evaluation metrics in Sec. 7 are chosen to highlight our scientific findings. In particular, the toxicity
threshold experiment in Sec. 7.1 demonstrates the improvement of SMC over SIS with the base model with CTL learned
twists. In order to highlight this distinction, we have chosen a setting where it is extremely difficult to draw samples satisfying
the threshold using the base model pg (see SIS/IWAE LB line in Fig. 3).

However, twist-learning in the toxicity threshold setting presents challenges. For approximate positive sampling and a
thresholded target, all importance weights will be 0 if none of our K samples meet the threshold. As noted above, sampling
from py, or the SMC/twisted proposal for 99 (s1.;) ~ 1 at initialization, is extremely unlikely to draw samples meeting the
threshold (i.e., within the support of the target) in the setting of Sec. 7.1. As a result, initial iterations of twist learning
receive no learning signal until a thresholded positive sample is drawn from the base model.

To avoid this difficulty for baselines comparisons in Sec. 7.2, we instead focused on settings with ¢(s1.7) given by
probabilities. Nevertheless, we note that there are no fundamental differences between the settings considered in Sec. 7.1
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and Sec. 7.2. Thus, we may also evaluate single-sample Dy, (¢ || ¢) and Dy, (q || o) in the setting of Sec. 7.1, or plot log Z,,
bounds as a function of K in for the settings in Sec. 7.2.

G .4. Experiment-Specific Details

Details for SIS and SMC Comparison (Sec. 7.1) We generate 10 output tokens, and train twists using Sec. 4.1 with
approximate positive sampling as discussed in Sec. 4.1.2.

Note that using o(s1.77) « po(s1.7)I[s1.7 € C] where C := {s1.7 |r(s1.7) < n} directly runs into numerical issues for
calculating log Z, when s1.7 ¢ C and I[s1.7 € C] = 0. We instead use € + [[s1.7 € C] everywhere instead of I[s;.7 € C],
where € = 1071, In Fig. 3, this yields a SIS/IWAE log Z, LB ~ —36 when no samples are drawn that fall in the set C.

We use an MLP head to parameterize the twist, as in App. G.2.2, with 768 hidden units per layer, matching the TinyStories
model’s embedding dimension. We use a batch size (number of SMC particles/samples) of 1000, with a learning rate of
0.0001, and train using CTL for a total of 5000 gradient updates. We did not tune hyperparameters because we found this
setting to work well, and we are not comparing across different learning methods.

For each point on each line on Fig. 3, we run SIS or SMC 20 times, each with a different randomly selected true posterior
sample for the upper bounds. The line shows the average value across these 20 runs, while the shaded area shows 95%
confidence intervals. See also App. G.1 for details common across experiments.

Details for Toxicity (Sec. 7.2.1) We generate 20 output tokens. We parameterize the twist with a separate network as in
App. G.2.3. We use a batch size (number of SMC particles/samples) of 100, and train for a total of 2048 gradient updates.
For each learning method, we used a coarse grid search over learning rates between 0.000001 and 0.001, using the best one
found, which was usually 0.00003 or 0.0001. We run each learning method over 5 different random seeds, reporting the
average KL divergence and 95% confidence intervals over these 5 seeds.

For each KL divergence evaluation, we first get sandwich bounds on log Z,, as laid out in Sec. 5, using the learned twists for
the twisted proposal with K = 500 samples. We find SIS/IWAE and SMC bounds to be similarly tight, so use SIS/ITWAE
for simplicity. We do this 4 times, providing 4 upper bound estimates and 4 lower bound estimates, and take the average
midpoint as the log Z, estimate for each experiment. We then take the median (across all learning methods and seeds) of
these estimates, and use that as our estimate of log Z,. This is then used as a common value for the KL divergence across
all methods and seeds, which controls for possible noise in log Z, bounds and ensures a fair comparison across methods.
We generally have tight bounds (upper bound ~ lower bound), which suggest our log Z,, estimates are generally accurate,
but note that any inaccuracies in estimating log Z, would only affect the absolute values of the KL divergences, not the
relative differences among different learning methods.

We estimate expectations in Eq. (22) with 2000 samples from g and 2000 exact posterior samples for o. With 2000 samples,
our estimates have 95% confidence intervals generally between 0.05 and 0.10, suggesting that our estimates of expectations
are unlikely to be off by more than 0.10. The exact posterior samples were collected offline; such a large number of samples
takes several hours to collect, and in practical settings, we would likely only be able to collect a much smaller number of
samples. All our methods still apply with fewer exact posterior samples, but the variance in estimates will be higher. See
also App. G.1 for details common across experiments.

Details for Sentiment (Sec. 7.2.2) We generate 10 output tokens. We parameterize the twist using an MLP head
(App. G.2.2), with 1024 hidden units per layer, matching the GPT2Medium model’s embedding dimension. Other details
are the same as for toxicity above. Collecting exact posterior samples is less time consuming in this case (less than an hour).
See App. G.1 for common experimental details.

Details for Infilling (Sec. 7.2.3) We parameterize the twist using a separate transformer with an MLP head (App. G.2.4),
with 768 hidden units per layer (matching the TinyStories model’s embedding dimension). We make the following
adjustments to the forward pass of the language model for the conditional twist setting. Instead of taking in only s;.7, the
model takes in both s;.7 and st .74 and passes each separately through the body (everything except the head). Thus,
ST+1:T+c can be seen as a second prompt. For st 1.74., we take the embeddings produced after the last conditioning
token sp. has been processed, broadcast it across time steps 1 : T, and pass that as additional input to the MLP head
(concatenated with embeddings for sq.7 at each ¢ € 1...T). This allows the MLP head to produce different output depending
on the conditioning tokens.
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Since we are in the conditional target distribution setting (Sec. 3.3), with o = Sp4i.74, to compare across learn-
ing methods using a single quantity, we estimate E,.[Dx.(¢or || 0or)] = Eor[Dki(q(s1.7]or) || o(s1.7|or))] and
Eor [Dx(Cor || Gor )] := Eor[Dxi(o(s1.7|oT) || ¢(s1.7|0T))] Where E,..[-] := EPO(STH:“C)[-] for infilling. Note that,

q(si.rlor)
pO(S1:T)¢(Sl;T, OT)

Eor [Dia (g(s1.7lor) | o(s1:7]07))] = Eor [E() [log H T Eyp [log 2, (or)]

Eor D (0 51:2107) [ a51:7107)] = Bon Eatesfop)[l08 2L | g 2, o)

where for a fixed o7, Eq(s,.1|or) [log m] and Eq (s, .7 |or) [1og %} may be evaluated as before,

similar to the unconditional setting. In particular, for our experiments, we use 1-sample estimates of these expectations, as
we have a single exact sample from o (s1.7|or) by the BDMC trick (Sec. 3.3), and we choose to draw a single sample from
the conditional proposal ¢(s1.7|or). We average this over 2000 or ~ po(ST+1.7-+c), approximating the outer expectation,
giving us a 2000-sample estimate of 1-sample estimates for the first term in the right hand side of both equations above.
With 2000 samples, our estimates have 95% confidence intervals generally between 0.20 and 0.30.

Note that E,.[log Z,(or)] is independent of the learning method or proposal g, unlike the first term we discussed above.
Thus, in order to save computation and provide us with a more accurate estimate of E,. [log Z,(or)], we estimate this term
only once. Specifically, we consider only the learning method with the lowest KL divergence (DPG), and use SIS/IWAE
bounds. For each or, we estimate log Z, (or) with K = 500 samples, which gives us relatively tight sandwich bounds,
again taking the midpoint as our estimate. We average this over 1000 or ~ po(St41.74¢), giving us a 1000-sample estimate
of E,.[log Z,(or)], where each log Z, (o) is itself estimated via 500 samples.

For negative sampling with contrastive twist learning (CTL) in this setting, we need at least 2 negative samples per set of
conditioning tokens oy = s 1.7+, to perform SIS reweighting; this is in contrast with other twist learning methods which
can generate a single negative sample per or. For the positive sample, we can use our single exact sample directly, or we
can run the SMC upper bound sampling procedure (“Sampling from oy for SMC Upper Bounds” section in Sec. 5.2)
generate more approximate o samples using the given exact sample. We find the latter to generally perform slightly better
than the former, so adopt that for our infilling experiments.

We use a fixed batch size of 100 across all methods for training twists. To clarify the meaning of this batch size, for methods
other than CTL, we have 100 draws of exact o samples, each for a different set of conditioning tokens o = S741.7+¢,
so we train over 100 different o at a time using 1 negative sample per or. For CTL, since we need at least 2 negative
samples per o7, we split the batch size of 100 across the number of different o and the number of negative samples per
or, as an additional hyperparameter. We use 25 or with 4 negative samples per or for the experiments in Sec. 7.2.3 and
10 or with 10 negative samples per or for the experiments in App. H.2. Controlling for batch size in this way is arguably
disadvantageous for CTL compared to other learning methods, as it learns on a smaller number of o7, but this controls
for memory requirements, and we feel is more fair than controlling for the number of or seen but allowing more negative
samples for CTL relative to other methods. We train for a total of 5500 gradient updates. For each method, we used a coarse
grid search over learning rates between 0.000001 and 0.001, using the best one found, which was usually 0.0001 or 0.00003.
We run each learning method over 5 different random seeds, reporting the average KL divergence and 95% confidence
intervals over these 5 seeds. See also App. G.1 for details common across experiments.

H. Additional Experimental Results
H.1. Qualitative Results

Toxicity Controlled Generation when No Exact Posterior Samples are Available In Sec. 7.2.1 we targeted o(s1.1)
po(si.r)el o8 plalsir) with 8 = 1. We can also target 3 > 1; higher 3 produces a more peaked distribution of text that is
more likely to be of class a. However, for 5 # 1 we can no longer generate exact posterior samples and thus cannot upper
bound log Z,,. Our twist learning (Sec. 4.1) with approximate positive sampling (Sec. 4.1.2) can learn meaningful twists in
this setting, which we illustrate with a qualitative example of a story (200 tokens upper limit) and 5 = 10:

“Once upon a time, there was a little girl named Lily. She had a big thumb that she liked to suck on. One day, Lily went to the park to play
with her friends. She was having so much fun until her thumb got stuck in her shoe. She tried to pull it out, but it hurt too much.

Lily started to cry and her friends tried to help her, but they couldn’t get her thumb out either. She was scared and didn’t know what to do.
Her friends tried to help her, but they couldn’t get it out either. Sadly, Lily had to go to the hospital and get a big bandage on her thumb.
She couldn’t play with her friends anymore. From that day on, Lily never went to the park again.”
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Table 6: Qualitative Results - Reviews Very Likely to be of a Particular Rating

Class (Rating)  Text Generated Using Twisted SMC

1-star “I bought this sucker for my wife to use on her python that she sent me last year. It was terrible!”

2-star “I bought this throat raiser for combating dental caries. I didn’t really like it. I didn’t like”

3-star “I bought this a few months back, and I enjoyed it every time I held it. I'm giving 3 stars”

4-star “I bought this product a few months ago and have really enjoyed it. Only reason I gave it 4 stars is because”
5-star “I bought this phone recently, and I've been loving it! Gorgeous design, outstanding battery life, fantastic camera”

Table 7: Qualitative Results - Infilling Examples

Proposal Prompt (so) Generated Tokens (s1.7) Conditioning Tokens (S741.7+c)

DPG Once upon a time, there was a  little girl named Mia. She had a big heart. Mia loved to help others and make them feel safe. Mia liked to
SIXO Once upon a time, there was a  girl named Mia. Mia was very kind and compassionate. She always helped her  others and make them feel safe. Mia liked to
CTL Once upon a time, there was a  girl named Mia. She had a thin, pink dress. Mia liked to others and make them feel safe. Mia liked to

The story is coherent and follows the general style of the TinyStories base model, while having a high probability (=~ 88%)
of being toxic according to the toxicity classifier, likely due to the presence of negative words such as ‘suck’, ‘hurt’, ‘cry’,
and ‘scared’. This supports the ability of our methods to control outputs based on the chosen posterior distribution.

Sentiment Controlled Generation when No Exact Posterior Samples are Available As above, we also consider
o(s1.7) o po(si.r)elloeralsir) where 3 > 1, except now p(alsi.r) is based on the sentiment classifier in Sec. 7.2.2. In
Table 6 we provide qualitative examples showing 20 tokens produced with twisted SMC with 500 particles, for 8 = 100,
using twists trained with Sec. 4.1. These illustrate our framework’s ability to learn reviews that embody each rating class.®

Infilling In Table 7 we compare qualitative results on an example set of conditioning tokens for DPG, SIXO, and CTL
(in that order, to reflect increasing KL divergence). The qualitative results correlate with the quantitative measures of KL
divergence; the lowest KL divergence (DPG) corresponds to infilled tokens that respect grammar and the topic. SIXO, which
has higher KL divergence, fails to respect grammar. CTL generates incorrect grammar and is less on-topic, corresponding to
the highest KL divergence among these methods.

H.2. Infilling with Fewer Tokens

We consider the same setting as Sec. 7.2.3 but only generating 2 tokens, conditioned on 1 token. We show KL divergence
evaluations in Table 8. Our evaluation reveals interesting differences among learning methods, even in this easier setting
where most methods achieve low KL divergence in both directions. DPG and RL learns best, while FUDGE learns notably
slower. PPO suffers on Dy, (o || ¢), though this may be unsurprising since PPO does not make use of exact o samples.

H.3. Approximate vs. Exact Posterior Sampling

In our toxicity and sentiment experiments, we train using approximate o samples to reflect the more common real-world
setting where the amount of exact samples needed for training are not available. However, here we run an additional ablation
experiment for insight into the effect of positive versus approximate sampling. We use rejection sampling (Sec. 4.1.2) to
generate exact posterior samples for training. This is much slower than generating approximate samples, so is not a practical
strategy for training; we investigate this solely for understanding.

We provide a comparison of KL divergences (evaluated the same way as in the main paper) when training using exact versus
approximate o samples for a selection of methods that performed well in our previous experiments and are able to make use
of o samples. Toxicity (Sec. 7.2.1) results are in Table 9 and sentiment (Sec. 7.2.2) results are in Table 10. The first two
columns of KL divergences are for exact o samples. The next two are for training on the same number of samples, but using
approximate positive sampling (Sec. 4.1.2). Overall, for a constant number of samples, having exact o samples improves
performance for most methods. Note however that there is an additional time cost required for rejection sampling to generate
exact samples, so the exact o training requires significantly more wall-clock time for any given number of samples.

We also plot the single-sample KL divergence in both directions as a function of training time for exact vs. approximate
sampling, on toxicity and sentiment experiments, in Fig. 5. The approximate sampling results match those in the main
paper (with different colors). The exact o sample results cut off earlier because the time cost required for rejection sampling
reduces the number of gradient updates that can be made for a given amount of wall-clock time.

8The results are slightly incoherent; this is a result of the base GPT2-Medium model often being incoherent. Qualitatively, we find that
these generations are more coherent than the uncontrolled ones from po.
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Table 8: KL Divergences (averaged over conditioning tokens drawn from the base model) for Infilling Experiments
(Sec. 7.2.3 ) with 2 Output Tokens and 1 Conditioning Token

Proposal dor Twist Learning ]EOT [DKL(qu H Tor )] ]EOT [DKL(UOT H dor )]

Twisted Contrastive 0.47+0.10 0.25+0.01
Twisted RL 0.42+0.10 0.15+0.01
Twisted SIXO 0.47+0.11 0.25 +0.02
Twisted FUDGE 2.6240.33 0.90 + 0.02
DPG - 0.16 + 0.07 0.14 4+ 0.01
PPO - 0.52 +0.04 1.09 £0.34

Table 9: KL Div. for Toxicity Experiments (Sec. 7.2.1), comparing exact o samples versus approximate positive sampling.

Exact o Samples Same # of Approx. o Samples

Proposal ¢ Type of Twist Learning ~ Dx.(¢q|| o) Dxi(o || q) Dxi(q |l o) Dxi(o | q)
Twisted Contrastive 2.54+0.02 2.68£0.09 299+0.18 3.22+0.09
Twisted RL 3.23+0.10 3.24+£0.04 3.484+0.15 3.494+0.13
Twisted SIXO 2.37+0.06 2.52+£0.06 270+0.17 3.05+0.22

DPG -

1.514+£0.01 1.50£0.01 2.35+0.15 2.48 £0.10

Table 10: KL Div. for Sentiment Experiments (Sec. 7.2.2), comparing exact ¢ samples versus approximate positive sampling.

Exact o Samples Same # of Approx. o Samples

Proposal ¢(s)  Type of Twist Learning  Dxi.(q]lo)  Dxi(o|lq)  Dxl(ql o) Dxi(o | q)
Twisted Contrastive 0.71+0.02 0.64+0.02 0.70£0.02 0.60 +0.01
Twisted RL 1.28+0.05 0.94+0.02 2.09+0.08 1.76 £0.07
Twisted SIXO 0.68+£0.02 0.60+0.01 0.86=£0.02 0.68 £ 0.01

DPG

- 0.70£0.02 0.58+£0.01 0.89£0.03 0.69=%0.00

Twisted Proposal (Contrastive, Exact o) Dy (qllo) 8 Twisted Proposal (Contrastive, Exact o) Dy (qllo)
4.5 = = Twisted Proposal (Contrastive, Exact o) Dr.(0]|q) = = Twisted Proposal (Contrastive, Exact 0) Dy.(0]|q)
. Twisted Proposal (Contrastive) D (q]lo) . Twisted Proposal (Contrastive) Dy (qllo)
— = Twisted Proposal (Contrastive) Dy (0]|q) 7 7 S~o = = Twisted Proposal (Contrastive) D, (011q)
Twisted Proposal (RL, Exact 0) Dx.(qll0) \ Twisted Proposal (RL, Exact 0) Dx(qllo)
4.0 = — - Twisted Proposal (RL, Exact ) Dy, ollq) Y\ == Twisted Proposal (RL, Exact o) D (olla)
’,a‘ TN — Twisted Proposal (RL) De(dllo) \| — Twisted Proposal (RL) Dx.(qllo)
’ ) — = Twisted Proposal (RL) Dxc(o]lq) 6 A\ == Twisted Proposal (RL) Dy.(0]lq)
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Figure 5: Training comparison for Exact versus Approximate o (positive) sampling, as described in App. H.3. Having
access to exact target samples makes learning lead to lower KL divergences in a more reliable manner.
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