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Introduction Method Cont. Generalization Results
Objective Alg()l‘ithm 1 Deep Bisimulation for Control (DBC) Theorem 4 (Task Generalization). Given an encoder ¢ : O — S that maps observations to a latent
: : gg v s , bisimulation metric representation where ||¢(s;) — ¢(s;)||2 := d(s;,s;), S encodes information
We study how representation learning can accelerate R " I: for Time £ = 0 to oo do about all the causal ancestors of the reward AN (R).
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e.g., clouds) or details (e.g., car _ | §u0 e
. . . . es), and encode two observa- aln Cc atc g i’“ b /T g T
provide for effective downstream control and invariance to task- i i ot i o P ¢ 1/ . £ _
, , detals are equal (c.2. road diec- 6:  Permute batch randomly: B; = permute(5;) ) et | #| | st on st 1/ e
irrelevant details. tion and locations of other cars). : : ~ : DeepHOP: Transto sl gas tokinetcs | | 7/ SAC traned with frozen DecohD? encocer | | L7
7:  Train policy: Ep, [J()] > Algorithm 2 T e e

Contribution : - TR f - Figure 6: Generalization of a model trained on simple distractors environment and evaluated on

. . _ . . 3 Tra%n encode.r. “Bi,B; [J((D)L | > Equatl?n (4) 5 kinetics (left). Generalization of an encoder trained on walker_walk environment and evaluated on
We propose learning such an invariant representation using the 9 Train dynamics: J(P,¢) = (P(¢(s¢), ar) —Z¢41) walker_stand (center) and walker_run (right), all in the simple distractors setting. 10 seeds, 1

: S5 P > ' 2 standard error shaded.
bisimulation metric, where the distance between two observation 10: Train reward: J(R,P,CD) — (R(P(@(St):at)) —’f’t+1)
encodings correspond to how “behaviorally different” both observations . : : : : : : :
5> COTTESpONEFo 1o viorely | | Algorithm 2 Train Policy (changes to SAC in blue) Qualitative Analysis of the Representation

are. Our main contribution is a practical representation learning method n - —

I: Getvalue: V = mini—1.2 Q:i(é(s)) — alog W(a‘LS) S
2: Train critics: J(Q:i, ¢) = (Qi(P(s)) —r — V)

3: Train actor: J(7) = alog p(als) — min;—1,2 Q:(s)
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based on the bisimulation metric suitable for downstream control, which W} pra ‘

we call Deep Bisimulation for Control (DBC). We additionally provide
theoretical analysis that proves value bounds between the optimal value

Train alpha: J(«a) = —alogp(als)

function of the true MDP and the optimal value function of the MDP Update target critics: Qi < T0Q: + (1 — T(J)Qz' E‘S’
constructed by the learned representation. 6: Update target encoder: ¢ < 70 + (1 — 74) ¢ .
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|< CI ) . Figure 5: t-SNE of latent spaces learned with a bisimulation metric (left t-SNE) and VAE (right t-SNE)
Bac grOU N R |C h O bse rvat 1ON Res U ‘t S after training has completed, color-coded with predicted state values (higher value yellow, lower value purple).

We assume the underlying environment is a Markov decision process Nelghbormg points in the embedding space l-eafn?d W'lth a blslmulatlon m'etrlc‘l?ave 51m112}r states and correqund
to observations with the same task-related information (depicted as pairs of images with their corresponding

(MDP) An MDP is defined as the tuple (S’ A P, R) where S and A are the set Default Settmg° Here, the Plxel observations have Slmple backgrounds as embeddings), whereas no such structure 1s seen in the embedding space learned by VAE, where the same 1mage

. . o . o : . : pairs are mapped far away from each other. On the left are 3 examples of 10 neighboring points, averaged.
of state and actions. P(s'|s, @) is the transition function of the shown in Figure 4 (top row) with training curves for our DBC and baselines.
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environment. R(s, a, s") is the reward. An agent is usually represented by We see SLAC, a recent state-of-the-art model-based representation CARLA Results 175 -
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Definition 1 (Bisimulation Relations (Givan et al., 2003)). Given an MDP M, an equivalence Slmple Distractors Settmg In the next SEttmg’ we mcorporate Slmple’ €asy S ——— DBC (ours) b
relation B between states is a bisimulation relation if, for all states s;,s; € S that are equivalent to pFEdiCt distractors into the background -- different colored balls that £ 100
under B (denoted s; =p s;) the following conditions hold: . . . . § 75
R(si;,a) = R(sj,a) Vac WA, (1) obey the dynamics of an ideal gas, no attraction or repulsion between each 2 ..
S 50
P(Glsi,a) = P(Glsj,a) Vae A, VG e Sp, (2) : : : : : : : ' _
i) ’ ' / air of objects. Figure 4 (middle row) shows stills of observations in this b, |
where Sp is the partition of S under the relation B (the set of all groups G of equivalent states), and P J & ( ) 257 o w
P(Gls,a) = ) g e P(s]s, a). new setting. 0. SOV
Definition 2 (Bisimulation Metric). From Theorem 2.6 in Ferns et al. (2011) with ¢ € [0, 1): Natural Video Setting- Next, we incorporate natural video from the - Q . . . 0 20000 400005tep60000 80000 100000
s) = max (1 —¢)-|R2 —R2 | +c W, (P2.P2-d). L - . Hig : -pers . . . .
d(si,s;) = max (1 =) [Re, = Ry [ + - Wa(Ps,, Py5d) (%) Kinetics dataset as background, shown in Figure 4 (bottom row). The f{gure (ng?‘:’a}tféozp third-per sdon VIEW Figure 10: Performance comparison with 3 seeds on
Method results confirm our hypothesis: although a humber of prior methods can O FED TR LR, TR CHHE EPROTE the driving tasks. Qur DBC method (red) performs
' better than DeepMDP (purple) or learning straight from
Learning a Bisimulation Metric learn effectively in the absence of complex distractors, when distractors are pixels without a representation (SAC, green), and much
better than using contrastive losses (blue). The final
o A e n . 2 introduced, our non-reconstructive bisimulation-based method attains ormance of A6 ,
7©@) = (Il ~ il — IR@) ~ R@)| — 7 Wa(P1zi, 7(2), PU12;,7(2,))) ) - perfoemance of our method i 46.8% bettor than the
- o - substantially better results. next best baseline (SAC).
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Figure 2: Deep bisimulation for control: for learn- ks ~a i- |
ing a bisimulation metric representation. Shaded RV~ e R Sy
. . . . .o L ¥ =i -
in blue 1s the main model architecture, it 1s reused . — R T T e e B e A
for both states, like a Siamese network. The loss is DBCOUIS o e NSeOnStMCKION. o SOINTasTve DeSpRr
computed as a weighted sum of the reward and tran- Figure 4: Left obsgrvations: Pixel 0bservati0n§ in DMC in the default setFing (tgp row) of the finger spin .(left . | | ‘ N | ‘ N | |
. Lstributi di : he W : column), cheetah (middle column), and walker (right column), and natural video distractors (bottom row). Right Figure 16: A t-SNE diagram of encoded first-person driving observations after 10k training steps of Algorithm 1,
Slthl.l Istribution ) Istances (usmg.t e .assersteln training curves: Results comparing out DBC method to baselines on 10 seeds with 1 standard error shaded 1n color coded by value (V' in Algorithm 2). Top: the learned representation identifies an obstacle on the right
metric W). There is a separate optimization step to the default setting. The grid-location of each graph corresponds to the grid-location of each observation. side. Whether that obstacle is a dark wall, bright car, or truck is task-irrelevant: these states are behaviourally

equivalent. Left: the ego vehicle has flipped onto its left side. The different wall colors, due to a setting sun, is
irrelevant: all states are equally stuck and low-value (purple t-SNE color). Right: clear highway driving. Clouds
and sun position are irrelevant.

train the reward and dynamics models separately.



