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Abstract

In this paper, we propose a novel approach called
DIffusion-guided Dlversity (DIDI) for offline
behavioral generation. The goal of DIDI is to
learn a diverse set of skills from a mixture of
label-free offline data. We achieve this by lever-
aging diffusion probabilistic models as priors to
guide the learning process and regularize the pol-
icy. By optimizing a joint objective that incor-
porates diversity and diffusion-guided regulariza-
tion, we encourage the emergence of diverse be-
haviors while maintaining the similarity to the
offline data. Experimental results in four decision-
making domains (Push, Kitchen, Humanoid, and
D4RL tasks) show that DIDI is effective in dis-
covering diverse and discriminative skills. We
also introduce skill stitching and skill interpola-
tion, which highlight the generalist nature of the
learned skill space. Further, by incorporating an
extrinsic reward function, DIDI enables reward-
guided behavior generation, facilitating the learn-
ing of diverse and optimal behaviors from sub-
optimal data.

1. Introduction

Offline reinforcement learning (RL) has shown great
promise in enabling agents to learn from past experiences
without further interaction with the environment (Levine
et al., 2020; Brandfonbrener et al., 2021; Janner et al., 2021).
Naturally, it eliminates the need for time-consuming and
costly online exploration and enables learning from pre-
collected large datasets. However, one inherent requirement
of this formulation is that the offline data must be labeled
with rewards, which guide the learning process of the policy.
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In practice, a significant portion of datasets is often collected
without reward labels, posing challenges in learning a useful
policy from such a reward-free dataset, particularly when
the offline data is suboptimal or noisy.

Moreover, offline real-world data is typically collected from
a mixture of different data-collecting policies, resulting in
datasets that exhibit multimodality and diversity (Wang
et al., 2022; Shafiullah et al., 2022; Chen et al., 2022).
Learning directly from such datasets may lead to suboptimal
performance or bias the learned policy towards a specific
behavior. Recent studies have explored incorporating ad-
ditional contextual variables (Zhou et al., 2021; Liu et al.,
2023b) or utilizing powerful model architectures (Chi et al.,
2023; Furuta et al., 2021) to learn a set of behaviors from
the dataset. However, a major limitation of these methods
is the lack of encouragement for the emergence of diverse
behaviors. In practical applications, the ability to command
the diversity of behaviors is often desired, rather than solely
generating a set of optional behaviors.

To address these challenges, we propose a novel approach
called DIDI (DlIffusion-guided Dlversity) for offline behav-
ioral generation. The objective of DIDI is to learn optimal
and diverse behaviors from a mixture of label-free offline
data. To achieve controllable behavioral generation, we
introduce a contextual policy that can be commanded to
produce a specific behavior. The learning of the contextual
policy is guided by a diffusion probabilistic model acting as
a regularization prior.

Yet, supervising the contextual policy with diffusion model
is not trivial, since we cannot directly obtain <contextual in-
put, behavior target> pairs from the diffusion model. To this
end, we draw inspiration from online unsupervised RL and
employ a three-step process: First, we command the contex-
tual policy to produce a pseudo-behavior. Then, we use the
diffusion model to relabel the pseudo-behavior and obtain a
proxy-target. Finally, using the relabeled <contextual input,
proxy-target> , we can supervise the learning of the contex-
tual policy. The key insight is that the relabeling (noising
and denoising) process of the diffusion model allows us to
obtain a relabeled proxy-target, effectively bringing it back
to the offline data distribution and thus eliminating the po-
tential out-of-distribution (OOD) issues in offline settings.

We empirically evaluate our DIDI approach in four decision-
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making domains: Push, Kitchen, Humanoid, and D4RLlearn a diverse set of behaviors from the dataset without
tasks. Across various action/observation spaces, our resultequiring any extrinsic supervision.

demonstrate that DIDI successfully discovers diverse and

discriminative skills. Compared to alternative baselines2.2. Unsupervised Skill Learning

DIDI generates more diverse behaviors and achieves supe-

rior performance. Additionally, we showcase the generalistnSupervised skill learming aims to learn a set of skills
nature of the learned skill space by illustrating skill stitch-Fom unlabeled interactions. Typically, unsupervised skill

ing and interpolation. Finally, assuming the availability of /€&Ming methods can be categorized into two groups: on-

extrinsic rewards, we show that DIDI can produce diversdin€ Setting and of ine formulation. In online RL, skill
and optimal behaviors. learning is often formulated through the lens of empower-

ment (Laskin et al., 2022; Liu et al., 2022; Tian et al., 2021a;
The contribution of this paper can be summarized as followsachiam et al., 2018; Eysenbach et al., 2018; Sharma et al.,
1) We propose DIDI, a novel approach for of ine behavioral 2019; Tian et al., 2021b; Liu et al., 2021), which seeks to
generation that utilizes a diffusion probabilistic model asmaximize the mutual information between the skill and the
a prior to guiding the learning of a contextual policg)  induced behavior. In contrast, of ine skill learning is often
Through extensive experiments, we demonstrate the effegrmulated as a behavioral cloning problem (Furuta et al.,
tiveness of DIDI in discovering diverse and discriminative 2021; Chij et al., 2023), which directly ts a policy from the
skills, as well as generating optimal behaviors with new exdataset. However, such a formulation inherently imposes
trinsic rewards3) Furthermore, we illustrate the generalist purdens to the tting model, especially when the of ine
nature of the learned skill space through skill stitching anddata is multi-modal or noisy. Also in the of ine setting, our

interpolation. DIDI method explicitly inherits the empowerment objec-
tive and uses a diffusion probabilistic model to guide the
2. Related Work empowerment optimization. Compared with existing of-

ine learning methods that heavily rely on the tting model
This work resides at the intersection of of ine reinforcement jtself, one key difference is that we explicitly introduce

learning (RL), unsupervised skill learning, and diffusion a behavioral diversity objective, actively encouraging the
probabilistic models. In this section, we provide a conciseemergence of diversity.
overview of the related work in these domains.

2.3. Diffusion Probabilistic Models

2.1. Of ine Reinforcement Learning o o
Diffusion probabilistic models have emerged as powerful

Ofine reinforcement learning (RL) refers to the setting tools for modeling complex data distributions, surpassing
where the agent learns from a xed reward-labeled datasefrevious methods in terms of sample quality and diver-
without further interaction with the environment. To ad-sity (Tevet et al., 2022; Zhang et al., 2022; Zhu et al., 2023).
dress the potential out-of-distribution (OOD) problem, re-For decision-making tasks, recent works have shown that
cent works have introduced various designs to ensure thgiffusion models can be used to model the policy/value net-
learned policy aligns with of ine data distribution. These de-work (Wang et al., 2022; Hansen-Estruch et al., 2023), serve
signs range from policy constraints (Fujimoto & Gu, 2021; s a planner (Janner et al., 2022; Liang et al., 2023; Mishra
Wu et al., 2019; 2022) to value regularization (Kumar et al. et al., 2023), or act as a data synthesizer (Lu et al., 2023;
2020a; Kostrikov et al., 2021; Liu et al., 2023c), and fromyy et al., 2023; Chen et al., 2023; He et al., 2023). In our
iterative optimization (Kumar et al., 2019; Zhuang et al.,work, we employ a diffusion probabilistic model as a prior
2023; Yu et al., 2021) to non-iterative frameworks (Emmonsto guiding the learning of contextual policy, akin to (but
et al., 2021; Chen et al., 2021; Liu et al., 2023b; Lai et a|.extending beyond) the role of a data synthesizer.

2023; Zhuang et al., 2024). However, these methods are

limited to learning a single policy and rely on extrinsic re- . .

ward labels. Alternatively, some works propose using expert?" Preliminaries

demonstrations (Zolna et al., 2020; Liu et al., 2023a; Kim3,1. Of ine Reinforcement Learning

et al., 2021; Liu et al., 2023d; Sun et al., 2023) or human ) _ _

preferences (Shin et al., 2021; Kang et al., 2023) to guidé’hrougho_ut this work, we consider remforc_ement learn-
of ine policy learning. However, both of them require addi- N9 (RL) in the framework of Markov decision process
tional extrinsic supervision (using rewards, demonstrationdMDP) speci ed by the tupleM = (S;A;T:rpo; ),

or preferences), which may not be available in practiceVhereS and A represent the state and action space re-
Moreover, the learned policy in these methods tends to b&Pectively, T (st+1 jst; &) denotes the transition dynam-
biased towards a single behavior, especially when the datasiS: " (St; @) denotes the reward functiops(so) denotes
contains multiple behaviors. In contrast, our method caihe initial state distribution, and denotes the discount

2
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factor. In an environment (MDP), the goal of RL is to encouraging different skills, (a;js;; ), to visit different
learn a (stationary) policy (a;js;) that maximizes the ex- states, or to maximize(sr ; z), encouraging different skills

pected dilgcounted retuh( ) = E ()[R( )], where toreach different nal states.

R( ) = tho tr(st; a;) denotes the discounted return

of a trajectory :=(sp;ap;:::;sr;ar), and we overload 3.3. Diffusion Probabilistic Model
notation

enerate( d )btorri%(isenEIFZe ?;O.ba)b.':’:%hzf ;rnajfar(c:)tno_ry Diffusion models are a class of likelihood-based models that
9 y running policy {(aJs) ! Vi generate samples by gradually removing noise from a sig-

ment with t_ranst‘j'?”ldy”am'?§- ()= . T nal. Speci cally, denoising diffusion probabilistic models
Po(So) (@ojSo) " i=o” T(St+rjSt:ar) (@r+1)St+1). (DDPMs, Ho et al. (2020)) generate samples=  © by re-
In of ine RL (Levine et al., 2020), the agent only has accessversing a Gaussian noising proceésuperscripin 2 [0;N]
to a static datasé@ := f | o ( )ggenerated by one denotes the number of diffusion iteratjon
or more behavioral policiesp , and cannot interact further NI L
with the environment. Thus, model-based of ine RL algo- pC 7) = N(O:1);
rithms propose that we can legqn a proxy transition model p ( " M=NC™ Y (™n); (™n); 3
T (stsrjsia) = argmaxg Ep log T (st jsi;a) and z |

L i i . 0y — N n 1; n 1IN .
optimize the re%ularlzed objective: . pC= p(7) pC" 7 Hd 7

| n=1

where ( ";n) and ( ";n) are learned neural net-
works. In general, we learnby maximizing a variational
where . 4( )= T denotes the trajectory distribu- |ower bound of the log likelihoo& ¢ oy logp (9 :
tion generated by running policy (ajs) in the proxy en-
vironmentT (si+1 jst; a;). Brie y speaking, the additional Eq o; =ny logp (9 "N) logg( *Mj %) 5 (@)
regularizationlpg p( ) log .+ ( ))inEquation1rep- _ _
resents a KL divergence, encouraging the new rollout trajedvhere the expectation( °; *M):= p( %o( *"j )
tory .+ ( ) does not deviate heavily from the of ine data 1S @ forward Gaussian noising process.  According
distribution p( ), and such divergence can be replaced by!® @ prede ned schedule,;:::; n, DDPM sets the
other measure instances. rward Gaussian noising process wigh *Nj ©) =
r’:lzl N ( (ngjn 1 n " nll)- With n :::.I- ~n
3.2. Emergence of Online Diverse Behaviors and = "y igWe can write the marginal distribution
a "j 9= l\b( "N %@ n)l) and express™ as:
In this work, we consider learning a latent-conditioned pol- n( 0.y = ¥ =" 04 (1 n) N (0;1). Inim-
icy (aijst;z), where the latent variable2 R is drawn  plementation, instead of directly predicf (maximizing

from a prior (skill) distributionz  p(z). Then we de ne  Equation 4), we can alternatively predict the noisedded
the joint latent-variable trajectory distribution (in online to ©, and learn the diffusion parametersvith

environment) ( ;z) = p(z) ( jz), where ( jz)=
Po(So) (B0jS0i2) o' T(Stsaisiia) (s jsinn ;2). minEn oy ko (K ®)
To encourage the emergence of diverse behaviors, we
maximize the mutual information between trajectories andvhere the expectatioB,; . is speci ed by Equation 4
latent variables (Eysenbach et al., 2018; Sharma et alHo etal., 2020). At testing/inference, we can then use Equa-
2019) along with the return (Kumar et al., 2020b): tion 3 to conduct the generative process by progressively
denoising a noisy input starting from¥ N (0;1).
max|( ;z)+ Epz): ( j2 [R( )]

= Ep): ( jo llogp(zj ) logp(z)+ R( )I; 4. Diffusion-Guided Behavioral Diversity

If we remove the abov&( ) term, it corresponds to the As described in Section 3.2, encouraging diversity (for the
pure unsupervised _RL objgctlve.. To optimize e_lboye_objeccomextua| policy (a:jsi;z)) requires us to keep track
tive, we can approximate(zj ) with a learned discrimina-  of the mutual information between trajectories (or states)
tor networkg (zj ) and derive the evidence lower bound: and latent variableg. In online RL, we can model the
maxE..r. . - [lo 7i loan(z) + R - (2 conditional distribution ( jz) with the actual rollout in
XEpa); iz llogq (21 ) logp(z)+ ROIT: (2) the environmente.g, ( jz) = T . However, we

Besides the trajectory-level diversity as described above, i\gte that in this paper, we usaiperscriptn 2 [0:N] to

we can alternatively choose to maximize the mutual inforgenote the number of (forward or reverse) diffusion iterations, and
mation between next-states and skiflsax| (s;+1 ;zjSt),  usesubscriptt 2 [0; T]to denote the time-step along a trajectory.

maxE () R()+log o() log ;+(): (1)



DIffusion-guided Dlversity for of ine behavioral generation

consider this problem in the context of an of ine RL setting
that prohibits the online interaction with the environment.

Following the model-based of ine RL formulation, one

straightforward solution is to learn an additional dynam-

ics modelT that substitutes the rollout distribution with
+(J2) = . In implementation, such solution

(learning (a;jst;z) with Equation 2 over the proxy)

can easily exploit the inaccuracies of the leariiednd en-

counter unreasonable behaviors. Thus, typical model-based

of ine RL algorithms incorporate additional uncertainty es-

timation or conservatism into the policy training (Yu et al., Figure 1.Comparison between Diffuser (Janner et al., 2022) and
2020; Kidambi et al., 2020), while such uncertainty estimaour DIDI (with a single skill,i.e., assuming(z) = (2)).

tion or conservatism con icts with our diversity objective.

In this work, we advocate a single network for both policy j, some real-time tasks. Even though Janner et al. (2022)
learning and dynamics modeling, avoiding compounding,qnose the warm-starting diffusion for faster planning, com-
rollout errors over an additional proxy dynamics model. Wep4req to the standard single forward-pass though inference
formulate such network as a sequence moddl,jSt;2),  networks, which still requires a large number of forward and

) At rl- - backward (calculating gradieg} computations in all. To re-
t of trajectory . indicates the starting time of the trajectory. |54 the burden of inference time, setting too small denoising
Attesting, we then execute the rst actiapof the predicted step will suffer a clear performance degradation.

t ( tjst; 2z) at states; given skill z. For simplicity
of notation, we also denote such action se|ectioratby In the next subsection, we will discuss how we can ad-
( tjst;2). dress the above two challenges by incorporating pre-trained
diffusion models (as priors) into the diversity-guided and
4.1. Planning with Diffusion Models reward-maximizing objective, and deriving a well-shaped

policy network ( tjs;; z) that can directly produce deci-

Following Diffuser (Janner et al., 2022), one can rst learn sjon action through a single forward-pass at inference, as
a diffusion model ( (jst) to approximate the of ine data shown in Figure bottom

distribution  ( ) with Equation 5. Then, at inference, we
can model RL as conditional sampling over the learned difz o piffusion Probabilistic Models as Priors
fusion model. Speci cally, to encourage diverse behaviors,

we approximate the reverse process (Equation 3) with Recall that our goal is Iearning diverse skills/behaviors,
formulated by contextual policy ( jst;z), in the of ine

(st;z2)=p ( tojst;z); RL setting. We rst lay out a general formulation for such
P(" Y Msiz)=N MY +g . (6) an objective by combining Equations 1 and 2: (next, we will
mark ; with pink to emphasize that is the output of our
where and are the corresponding parameters in Equalearning policy ( jst; z), different from the of ine
tion3,andg:=r »(q (zj ")+ R( {")) denotes the di- p ( t) used to train the diffusion prior as in Equation 8.)
versity and reward-maximizing guidance. Intuitively, adding
the gradieng to each reverse step will encourage the nal max E;s,; l[|ogq (zj té log p(zg +R( )+
0 incorporating both the diversityg() and reward R) i {
information, and towards the desired behavior.

emergence of diversity
|09 b ( t){7 log ( t?]; (7)

of ine regularization

However, iterating the reverse denoising process speci ed
by Equation 6 leaves two main questions unanswelt:
remains uncl_ear how to opt_ain a pre-trained skill disc_ri_miwhere the expectatioB,.s;; . = Epz): 5 (s) ( (jsi:2)-
natorq to guide the denoising process. Note that training ) o ) ) o

q is inherently different from the training &( ") that is Learmng dlffu_S|on priors. For the c_)f ine regularl_zatlon
orthogonal to the diffusion training. To derive an optimal t8rm in Equation 7, we rst approximate the of ine data
discriminatorg (zj (), we need a meaningful trajectory,  distribution o () with a forward KL objective (be similar in
which in turn depends on the performancegofzj ;) that  SPiritto Fujimoto & Gu (2021)) that learns a unconditiohal
will guide the conditional diffusion sampling (Equation 6). 214 corresponding conditioned diffusionis( " j ;)

2) Performing action inference requires performing iterativethat can not be trained directly because the “lalelzj (") is not
denoising process (Figuret@p), which hinders their use accessible in the of ine RL setting, as described in Section 4.1.

4
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diffusion generative model ( " %j ") by maximizing:  Algorithm 1 Diffusion-Guided Diversity (DIDI)

. Require: of ine dataset p ( ) and skill distributionp(z).
E I ; 8 oo e . N
max €. ocollog (ol ® Initialize diffusion prior , reward networlR, skill dis-

and implement it with Equations 4 and 5. Compared to thé®iminatorq (zj (') and contextual policy ( ('jst;2).
popular of ine RL methods, such prior learning wrt is 1: Train the diffusion prior ~ with Equation 8.
similar in spirit to the typical behavior-policy pre-training 2: While not convergedio
step, and approximating with the forward KL also resembles 3:  Samplez  p(z),st  p( ¢),andn [O;N].
the general BC loss for behavior-policy modeling. 4: '(—jeamq (zi "M)and ( "jst;z) with Jpipr.

5: end while

Return: contextual policya; ( {"jst;2).

Note that here we denote the diffusion parameters by
instead of , emphasizing that is only used during policy
training @s priory and it will not serve as an inference
network at testing. Prior diffusion-based RL (Janner et alyhereE
2022) conducts inference directly over the diffusion model, o
which will hinder the learning of diverse behaviors (discrim- INtuitively, such an objective suggests that we can use a pre-
inatorq , Section 4.1), and encounter expensive inferencdé@med diffusion model - to guide/regularize the learning
time at testing, as described in Figureop. pollcy ( .[jSt;Z), thu_s avoiding the ou.t—of-_d|str|but|on is-
sues in of ine RL settings. Under the diffusion structure, it
Incorporating priors into skill learning. In essence, given ot only facilitates learning a single forward policy network
ofinedata =  pp( ), diffusion model is  (Figure 1bottom somewhat like knowledge distillatid))
trained by introducingiew latent variables " (Equa-  put alsoretains its exibility of combining with the other

tion 4) that is speci ed by a simple diffusion forward (nois- |earning objectivese.g, incorporating the mutual informa-
ing) processy( FNj ). Here we show how to incorporate tjgn objective in Equation 2.

such latent variables**N into Equation 7 and use the pre- . . o
trained diffusion model to regularized the contextual COmbining Equation 10 (after reparametrization in Ap-
policy  ( 1js;2). pendix A) and the rst expectation in Equation 9, we obtain

=E

zise: o SN T Bp(2); p(st)  (Cddsez)al FNj o)

Assuming trajectory ( fs;z) involves latent vari-  Jooi(d ;) :=Ezs;  [logq (zj ) logp(z) + R( 1)]

ablesvy, i.e, (si;2) = | (i;vis;z)dve, we Ezs:. En o K ( Mnk?
can rewrite Equation 7 as: p__ p ) )
where " = ntt 1 + . Then, using the gradient
Ezs;  [logq (zj ) logp(z) + R( )]+ (9)  back-propagated through the pre-trained diffusion prior
Ezs: . Equj ol0g p( i;ve) log  ( i;vijs;2)] ; we can learn the contextual policy ( tjst;z) and discrim-

inatorq (zj ') cooperatively. To summarize, we provide

where ( ;visz) = (1jsi2)A(Vi o). Then, we  yhe pseudo-code of DIDI in Algorithm 1.

can specify the output of ( {js;;z) as the instance of

0 A L
. that can render a diffusion forward (noising) Process, a \/ariational Auto-Encoders as Priors

q( Nj ) indiffusion probabilistic modelg.g, °:= .,
and thus we can formulatgv,j ;) as the corresponding To gain more insight wrt our objectivépp;, we can also
noising process.g, settingv; := V. take variational auto-encoders (VAE) as priors for Equa-

tions 7 and 9. Then, we can rst learn a VAE prior —
Gend Vi) 1) andpged tjVi) to approximate the of ine data
distribution p( {) by maximizing:

More importantly, such formulation naturally allows us to
replace the distributionp ( °; v¢) in Equation 9 with our
pre-trained diffusion prior (Equation 8):

: Gend Vi) t)
W E i lo \% log —————~
oCiv)= (& AN M) (0 ey (o8Red V1000

n=1 wherep(v:) is a xed prior. Similar to Equation 10, we
can derive an alternative form for the second expectation in

Then, analogously to Ho et al. (2020), we can derive theE tion 9-
second expectation in Equation 9 as quation =:
Ezisi; cve [Dre O ( disti2)kaged tjve))l;  (11)
E... .ivn D ist; 2)k 5 b o+
ZiSt: 1 ¢ KL ( ) (1) \_/v_hereEz;S[; v = Bpz): o(s): ( 1iSi:2)GendVi] 1) |ntu--
X # itively, Equation 11 says that we can use the pre-trained
1; . 1; . =
Di(al 77" ok (71" ¢ (20) 3Compared to prior diffusion methods, we learh and set
n> 1 xed, while DDPM learns  and samples” from xed dataset.
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Figure 2.Discovered diverse skills in three domainsWe can see that in the Push domain, blocks are pushed to different positions. In
the Kitchen domain, the robotic arm executes distinct actions. In the Humanoid domain, the agent exhibits different movements and
navigates in different directions (the color progression from light to dark indicates the movement progress of the humanoid).

decodeiged tjVi) as atarget to learn the contextual policy of diversity and the training stabilityl) v; := " is con-
( tjst;2), butit creates a chicken-and-egg problem thatditioned on the policy’s output; according tay( *"j ),
the targefully depends on the output of the learning policy which thus reserves the chicken-and-egg connection and
itself (left sub-diagram, see below): does not sacri ce the diversity, an) training stability
would bene t from large diffusion stepd , owing that N
Gy o fevefee o @y o p(ve) = approximates a xed Gaussian pribir(0; 1).
A ] A ]

As a target for training As a target for training

5. Experiments

wheredencanddecare xed during the learning of . In our experiments, we aim to answer the following ques-

To sidestep this chicken-and-egg problem (leading to urtions*: 1) Can DIDI discover diverse and discriminative
stable training and bad local optima), one can sample skills from a mixture of (label-free) of ine data2) How
directly from the “ xed prior” p(v;) that was used to train does DIDI compare to other method3?As the key point

the VAE, i.e, replacinggendVtj t) with p(v¢) as shownin of DIDI is to distill a mixture of behaviors into a low-
the above diagranright). But one has to keep in mind that, dimensional skill space, what kind of capabilities can this
essentially, the general objectived#p, is trying to cluster  skill space empower us with®) If an extrinsic reward func-

of ine trajectories into different behavior patterns, which are tion is available, can DIDI learn diverse and optimal behav-
speci ed by the contextual variables Samplingv; from iors from sub-optimal of ine data®) What are the bene ts

a “ xed prior” and using this as the target for learning  of learning a diverse set of behaviors for downstream tasks?
will cause the policy ( {jst;z) to fail to capture diverse
behaviors, because the targgl{( tjvi);ve  p(vi)) will

not exhibit diversity according to differeat and as a result,

it will collapse to a single behavior (pursued in normal of-
ine RL). Thus, to encourage behavior diversity, we cannot
arbitrarily separate the chicken-and-egg connection.

To answer the above questions, we validate our DIDI in
four decision-making domains: Push, Kitchen, Humanoid
(as shown in Figure 2), and D4RL (Fu et al., 2020) tasks.
The Push task, derived from IBC (Florence et al., 2022), is
planning the trajectory to moving a block in a platform with

“The code for our implementation is availablehttps://

Going back to Equation 10, we can nd that settng= github.com/huey0528/icmi24didi

LN can naturallyyield a balance between the emergence

6



DIffusion-guided Dlversity for of ine behavioral generation

skill za skill zg Stitching:  skill za ! skill zg ! skill za
“walking” “crouching” “walking” ! “crouching”! *“walking”
“walking” “turn round” “walking” ! “turn round”! *“walking”
“walking” “hands up” “walking”! “hands up”! *“walking”

Figure 3.Skill stitching: (1st row) “walking” ! “crouching”! “walking”, (2nd row) “walking” ! “turn round”! “walking”, and 3rd

row) “walking” ! “hands up”! *“walking”. In the diagram, we showléft) a “walking forward” skill and (niddlé a “crouching” / “turn
round” / “hands up” skill, and we nd that when the robot is walking forward and we suddenly switch to the "crouching” / “turn round” /
“hands up” skill, the robot is able to naturally switch the behavidgh(). Then, we proceeded to “walking forward” and the robot could
switch back to walking forward. The color progression from light to dark indicates the movement progress of the humanoid.

a circular end-effector. The Kitchen task (Gupta et al., 2019)ra

describes the interaction between Franka and seven obje(‘thsble 1.Comparison to the behavioral diversity, which quali es
. - e variance of the motions across all action types.
and includes a dataset of 566 human demonstrations. The .
PushT PushF Push7 Kitchen

Humanoid task inherits from PHC (Luo et al., 2023), which

focuses on the attainment of high-quality motion imitation. ~ k-means-DI 6.8 10.4 8.1 8.7

The D4RL task, as introduced by Fu et al. (2020), provides VAE-DI 25 6.5 77 8.3
h . . fb h K . desi d VAE-DI- xed 1.6 7.1 54 9.0

a comprehensive suite of benchmark environments designed p,p, 75 122 102 98

for of ine RL. Speci cally, we utilize the Gym-MuJoCo
tasks, which involve continuous control environments such _ _
as HalfCheetah, Hopper, and Walker2d, to evaluate ougkKills cover a wide range of behaviors and showcase the
DIDI framework's performance (given extrinsic rewards). ability of DIDI to discover diverse actions in complex tasks.

5.1. Emgerence of Behavioral Diversity 5.2. Comparison with Alternative Baselines

In this section, we investigate the ability of our DIDI ap- T0 further evaluate the effectiveness of our DIDI approach,

proach to discover diverse and discriminative skills from awe compare it with alternative baselines in terms of skill
mixture of label-free of ine data. discovery and performance across Push (including T-shape,

o ] . ) ~___ F-shape, and 7-shape) and Kitchen domains.
Qualitatively, we visualize the discovered behaviors in Fig-

ure 2. First, we apply DIDI to the Push domain. We canSpeci cally, we compare the diversity of skills discovered
observe that DIDI can learn diverse behaviors that pus®Y DIDI with those obtained by alternative methods: k-
the block to various positions, demonstrating that DIDI canmeans-DI, VAE-DI, and VAE-DI- xed. For k-means-DI, we
effectively learn diverse behaviors in this simple task. To 'St use k-means to partition the of ine data and then learn a
further evaluate the generality of DIDI, we extend its ap-SKill policy for each partition; for VAE-DI implementation,
plication to higher-dimensional state and action spaces iWe rst learn a VAE prior and then use such a prior to
the Kitchen and Humanoid tasks. In the Kitchen task, DIDI9uiding the contextual policy, as described in Equation 11;
learns a variety of skills such as opening cabinets and pickor VAE-DI- xed, we sample the latent variable; from the

ing up kettle. Similarly, in the Humanoid task, DIDI learns Xed prior p(v¢), and useed V) as a target for training .

skills like jumping, walking forward, and crouching. These \yg analyze the range of behaviors captured by each method

7
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Figure 4.Discovered diverse and optimal skills in the Push domain (with T-shape, F-shape, and 7-shape blocKBle green block
represents the starting point, the gray block represents the target, and the red curve represents the motion trajectory. We can observe that
in all tasks, green blocks successfully move to the target positions and display different movement trajectories simultaneously.

) “crouching”! “walking”, (2nd row) “walking” ! *“turn
Interpolation: za ! zg round”! “walking”, and Brd row) “walking” ! “hands
up”! “walking”. And importantly, when we directly com-
skill za mand from skill za to skill zg, our learned contextual

policy is able to adaptively make adjustments to the actions,
without leading to a collapsing behavioral breakdown due
to a sudden skill switch. Such ability demonstrates the
versatility and adaptability of our contextual policy.

Skill interpolation is another important aspect of our gener-
alist skill space. It involves smoothly generating behaviors
that lie in learned skills. Our agents also exhibit the capa-
Figure 5.Visualization of skill interpolation. We visualize the  bility to interpolate skills, allowing them to perform actions
top view of skillza and skillzs (Humanoid domain). We can see and generate new skill behaviors that were not explicitly en-
that by interpolating the skill space, we can obtain the interpolateccountered during training. In Figure 5, we visualize the top
skills that lie between the movement directions of skilsandzg. view of skill za and skillzg (Humanoid). We can see that by
interpolating the skill space, we can obtain the interpolated

skills. Thus, such exibility in skill interpolation showcases

and assess the diversity of the learned skills. We use thﬁ.-]e generalization power of our learned skill space
variance of the motions across all action types as our di- '

versity evaluation metric (Guo et al., 2022). We show ourFurthermore, the generalist nature of our skill space enables
diversity scores in Table 1. The results of the experimenthe acquisition of new skills through a process of skill re-
prove the effectiveness of DIDI, achieving higher diversity nement and expansion. Speci cally, this process involves
scores. This evaluation provides insights into the ability ofré ning existing skills to meet new requirements and ex-
DIDI to discover diverse and discriminative skills from a panding the learned behaviors. As we will show in the next
mixture of label-free of ine data. subsection, by leveraging the existing repertoire of learned
skills, our agents can adapt and learn new skills. The abil-
5.3. Generalist Skill Space: Stitching and Interpolation ity to continuously learn and expand the skill space will

_ contribute to the overall adaptability of our agents.
Moreover, we also nd that our learned skill space tends to

be a generalist. For the distilled contextual policy jst;2), 5 4 Reward-Guided Behavior Generation
their abilities as generalists make them well-suited for skill
stitching and interpolation. In addition to the generalist nature of our skill space, our

Skill stitchi ¢ iall bining diff DIDI approach also facilitates reward-guided behavior gen-
lll stitching refers to sequentially combining different o a6 By incorporating an extrinsic reward function, we

skills to perform complex tasks or solve novel problems. AsCan leverage DIDI to learn diverssd optimal behaviors
shown in Figure 3, we can observe that our agents were ablgven from sub-optimal of ine data

to stitch together skills seamlessii:s¢ row) “walking” !

skill zg
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Table 2.Success rates of Push tasks with obstacles after ne-tuning.he score before the arrow! (*”) represents ne-tuning a single
optimal policy, while the score after the arrow represents ne-tuning our DIDI's behaviors.

RL(10ep) RL((50ep) IL(1demo) IL(5demos)
PushT 0.08 0.40 0.18 058 0.02 052 0.14 0.82

PushF 0.04 036 0.10 0.68 0.12 048 0.24 0.74
Push7 0.10 044 0.12 060 0.10 050 0.30 0.88

Table 3.Quantitative results on D4RL tasks. Diff.: Diffuser. RL Set“f‘g and ne-tuning in the few-shot imitation learning
) . . . ; (IL) setting. In three Push tasks (Push T, Push F, and Push
ha: halfcheetah. ho: hopper. wa: walker2d. -m: -medium. -me7 domly i d dob les | h .
-medium-expert. -mr: -medium-replay. ), we randomly introduced obstacles into the environment
DIDI that could block the robot's path to push the blocks. In
CQL DT Diff. : : : this way, we randomly set up 50 downstream taslks 60
skilll — skill2 skill3 random obstacle/goal con gurations).

ha-me 91.6 86.8 88.9 83.0 81.9 86.6 he | inal . | i
ho-me 105.4 107.6 1033 1012 1021 1019 We ne-tunet e learned (single) optimal policy parameters

wa-me 108.8 108.1 1069 107.5 105.6 106.9 (standard ofine RL)for both downstream sparse-reward RL
ha-m 440 426 428 430 397 423 and few-shot imitation learning settings. However, we only
ho-m 585 67.6 743 704 741 728 ne-tuned the skill embeddings.é., contextual variablez)
wa-m 725 740 796 803 783 79.1 in our DIDI method, keeping the contextual policy param-
ha-mr 455 366 37.7 343 332 34g eters xed. Our experimental results are shown in Table 2,
ho-mr 950 827 936 915 878 96.1 where the online ne-tuning setting provides results for 10
wa-mr 77.2 66.6 70.6 68.9 70.3 68.1 and 50 interactions (episodes) with the environment, and
Avg. 776 747 775 756 748 757 the few-shot imitation ne-tuning setting provides results
for 1 and 5 demonstrations. In the table, the score before the
arrow (*! ") in each experimental result represents the ( ne-
In Push domain, we introduce an additional goal-reaching reuned) single optimal policy, while the score after the arrow
ward function (in Figure 4, the gray blocks represent the cort*! ") represents the ( ne-tuned) DIDI's policies, where the
responding goal state). Then, we combine both the diversitgcore indicates the success rate of Push tasks (with obsta-
objective, diffusion regularization, and the goal-reachingcles). We can see that our DIDI method outperforms the
reward function to train the contextual policy. We show baseline (a single policy) in all tested downstream tasks,
the learned behaviors in Figure 4. We can nd that all thedemonstrating the bene ts of our approach (learning diverse
learned behaviors can reach the goal state, meanwhile preehaviors) in enhancing performance in downstream tasks.
viding a rich set of options for the agent to explore and adapt.

Furthermore, we conduct experiments on D4RL tasks, a- €onclusion

shpwn in Tablg 3.' The results indicate Fhat our appro_acr]n this paper, we propose a novel approach called DIDI for
gu'lded by EX‘T'”S'C rewards, can learn diverse and optlma)&f ine behavioral generation, aiming to learn diverse behav-
s_k|lls that achleve_ comparable perf_o_rmance to standard Olors from a mixture of label-free of ine data. To control
ine RL methods like CQL and Decision Transformer. the behavioral generation, we introduce a contextual policy
In Figures 7, 8 and 9 (appendix), we visualize the learnedhat can be commanded to produce speci ¢ behaviors. We
skills by DIDI, VAE-DI, and Diffuser on D4RL tasks. The then use a diffusion probabilistic model as a prior to guide
visualizations show that the skills learned by DIDI exhibit a the learning of the contextual policy. We also compare our
high level of diversity compared to those learned by VAE-DI approach with the use of variational auto-encoders (VAES)
and Diffuser. These results provide further quantitative comas priors. We nd that our DIDI method better balances
parisons, demonstrating that our approach achieves higtiversity (reserving the chicken-and-egg connection) and
levels of diversity while maintaining competitive perfor- training stability (approximating a xed Gaussian prior).

mance with the guidance of extrinsic rewards. Experimental results in four decision-making domains

] ) demonstrate the effectiveness of DIDI in discovering diverse
5.5. Diverse Behaviors for Downstream Tasks and discriminative skills, and generating optimal behaviors

To demonstrate the practical bene ts (of diverse behaviorsi'om sub-optimal of ine data. We also show that DIDI can
on downstream tasks, we conduct tests in two types of dowri€ used to stitch skills and interpolate between skills, which
stream settings: ne-tuning in a downstream Sparse_re\,\,ar(glemonstrates the generalist nature of the learned skill space.

9
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Impact Statement

The potential broader impact of our work lies in several
aspects. Firstly, DIDI addresses the challenge of learning
from suboptimal or noisy offline data without reward labels,
which is a common scenario in real-world applications. By
enabling agents to learn from pre-collected large datasets,
DIDI eliminates the need for time-consuming and costly
online exploration. This can significantly reduce the burden
on data collection and accelerate the development of RL
applications in various domains.

Secondly, DIDI introduces a controllable behavioral gen-
eration approach by incorporating a contextual policy that
can be commanded to produce specific behaviors. This con-
trollability is particularly important in practical applications
where the ability to command the diversity of behaviors
is desired. By allowing users to specify desired behaviors,
DIDI opens up possibilities for personalized and adaptive
agent behavior in areas such as robotics, gaming, and au-
tonomous systems.

Thirdly, DIDI contributes to the advancement of the field
of machine learning by proposing a novel combination of
diffusion probabilistic models and unsupervised RL. This
integration provides a principled framework for incorpo-
rating prior knowledge and regularization into the learning
process, leading to improved performance and interpretabil-
ity of the learned policies. This can have implications for
various machine learning tasks beyond offline behavioral
generation, such as imitation learning, transfer learning, and
model-based RL.
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A. Additional Derivation
Below is a derivation of our objective
Jpr = Ezse; ([l0gq (Zj «) logp(z) + R( )] +Ezse; « En; oy K ( {n)k

which incorporating a pre-trained diffusion model  into learning single-forward policy © ( {'jSt, 2).

Starting from the objective in Equation 9 in the main paper,

Ezs; ([10gq (zj ) logp(z) + R( )] + Ezise; « Eqevi o [10g 7o ( {,7Vt) logm ( ,Vtjst,z)]. .  (Equation 9)

I }
JEq o
we can rewrite the second expectation
Jeqo1

=Ezse o th(vtj ollogmo( t,ve) logm ( ¢, Vijst, 2)] i
= Ezise; 0 Eqc 2nvj 9y 10gmo( O™y logw () (¢ MNist, 2) (= wvei= &N

LA " ##
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" " n=1 n=1 it

X UEVIL A G XY 0:
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In the implementation, we set ¢( +Nj ) as a Gaussian noising process, thus the first KL term Dy q( Nj Okp( M) s
a constant and can be ignored.

B. Additional Results

In Figure 6, we provide more discovered diverse skills in the Push, Kitchen, and Humanoid domains. By applying DIDI
across different tasks, we observe its flexibility and robustness in learning. In the Push domain, the variation in block
positions highlights DIDI’s effectiveness in handling straightforward tasks. Moving to the Kitchen domain, the range of
learned skills, from manipulation of objects to intricate interactions with the environment, further illustrates its versatility.
Finally, in the Humanoid domain, the development of complex motor skills such as jumping and crouching underscores
DIDTI’s potential in navigating and performing in high-dimensional, dynamic environments.

In Figures 7, 8 and 9, we visualize the learned skills by DIDI, VAE-DI, and Diffuser on D4RL tasks. We can see that the
learned skills (by DIDI) exhibit a high level of diversity (compared to VAE-DI and Diffuser). These results provide further
quantitative comparisons, demonstrating that our approach achieves high levels of diversity while maintaining competitive
performance with the guidance of extrinsic rewards.
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