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INTUITION: UNPACKING A NAVIGATION INSTRUCTION AGENT MODEL RESULTS

A visually-grounded navigation instruction can be interpreted as a

Oregon State Chasing Ghosts : Instruction Following as Bayesian State Tracking
University

| | | Goal Location Prediction Task [Mapper + Filter] - dJoval'ed with !
sequence of expected observations and actions an agent following the - 4 . ‘_ ) — - Trained/eval’ed without Policy
. | TThE ety s Navigation Error (m) Success (%) - Fixed trajectories move
correct trajectory would encounter and perform. Timestep =208 =X Uodated o0 . Emo
N pM - 6.35 50 149 towards goal with 50%
Walk out of the bathroom, turn left, and go on to the stairs and wait near the coat rack. - ‘; P e 6.00 491 4o .0 39.4 probability
] R y Belie >0 ' 32.2 - Adding Bayes filter structure
85 SR Cndare +00 % 214 improves over just using
g % Depth Action Taken 3.00 20 LingUNet [4]
& 3 . f'gg 10 - Including heading in the state
Filter . . . . | is important for modeling
Differentiable Histogram Filter . 0.00 0 . di .
B < Observation Model ] a bel(s,) R Motion Model B Hand-coded baseline  m LingUNet baseline m Hand-coded baseline m LingUNet baseline oriente |n§truct|ons (e.g.,
é% ‘ / p(05,) p(Selse—1,at) / (el ) \ m Filter (no heading) m Filter (ours) m Filter (no heading)  m Filter (ours) ”paSS the kltChen on your |eft")
S < t1S¢e t1St—1, At
- __LingUNet Architecture ___ POds) [ e N - N
M “I 1l i1 \ S \7| Bayes Filter | / bel(s¢-1) @ ) o
wap A ‘ o
BACKGROUND: BAYESIAN STATE TRACKING l——t Jll - belton Belief oo
, II__’“_’“ . Observation Motion CTranslTC?e
. . . 1 1 onvolution
Given a sequence of observations 04,7 and actions a,.; extracted from a natural oo w ----------------- ' Model Model Val-Seen Val-Unseen - Training trajectories: Sampled
. . . . . Latent Ob ti L . .
anguage instruction, how should we determine the final (goal) location s7? \_ o |Latent Observation |7, Latent ;at,e”ﬂat G acton|® MM Model fh Aug O 05 SRR LW OB PRSP from Policy with 50%
, , , L | N servation ction| _/ | | Speaker-Follower v - 336 0.74 0.66 - - 6.62 045 036 - orobability, otherwise GT
Key idea: Use a Bayes filter to track the trajectory to goal, maintaining a ———— RCM Y 1065353 0.75 067 - 1146609 0.50 043 - - Credible performance on the
NS . eq2Seq Mode
orobability distribution over the location state s; from start s, to goal sy Regretful Agent /- 323077 069 063 - 532 059 050 041 g1 VN task compared to
LingUNet Figure Credit: Blukis et al. [4 | . FAST Y - o o 2hbedT - 056 1043 existing models with no RL
i.e. at each time step t, compute bel(s;) = p(S:|a,., 01.+) also called belief. ngUNet Figure Credit: Blulds etal. [ nstruction Back Translation v v 11.0 399 - 062 0.59 107 522 - 052 048 nogdata augmentation
Speaker-Follower - 486 0.63 0.52 - - 7.07 0.41]0.31 - - izati
Motion Model INTERPRETABILITY OF MODEL P N Improved generalization from
Motion Update: Back Translation 103 539 - 048 046 9.15 625 - |044|/040  seen to unseen environments
- Motion Model Observation Model Belief Maps Ours 10.157.59 0.42[0.34/0.30 9.64 7.20 0.44|0.35]| 0.31
bel(st) — j[P(St|St—1' at)]bel(st_l) dSt—l i 1 ( | (Observed Environment ) _ _ ) B _N

<SOS>

walk

out

of

the

bedroom
an

<SOS>
walk
out

o
the
bedroom
and

CONCLUSION
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