A Implementation details

Hyperparameters and Network structures. We set the diffusion steps of both diffusion models to
M = 40. The value of 3 ranges from le-4 to 2e-1, linearly increasing with the number of diffusion
steps. The dimension of the encoded v,ps is 256. We use Adam [6] as the optimizer, where the
learning rate and the batch size are set to 1e-3 and 256, respectively. All the experiments are performed
on a NVIDIA RTX 3090 GPU, PyTorch 1.11.0 platform [5]. For the network ¢ of BCDUnit, we set
the hidden size of Bi-LSTM to 256, and set the output dimensions of two layers MLP in Gate to
128 and 1. Additionally, for the network 6, the fusion module combines the predicted trajectories
with the guidance features through

7 1 1 2 2 3 3
H}Zt = (qutX},Lt + bfut) ® (qutchrLt + bfut) + (qutcgffut + bfut)
1 2 2 3 3
:ZZLobs = (I/V?}nobs un;mbs + bunobs) ® (Wu7nobsc%0bs + bunobs) + (Wunobscgl,unobs + bunobs)?

where @ represents the element-wise product. {W},,}i_1 and {b%,, }}_, are trainable weights for
the 0y {W, 3_, and {b° 3_, are trainable weights for the 6.,,,05s. Both of the dimensions

nobsSi=1 unobs Ji=

of Hf,, and HJ}, , . are set to 256. We use a share-parameter Transformer for both 67,1 and Ounobs,
which consists of 2 layers with dimensions of 512 and 4 attention heads. For both of W,; and

Wunobs, we utilize 3 layers MLP whose output sizes are 256, 128 and 2.

The social context e is the information of other moving pedestrians around the target pedestrian whose
future trajectories are to be predicted. The scene context represents the map information around the
target agent. Generally speaking, these two kinds of information will be integrated into the encoder
of the trajectory prediction model to boost the representation ability of historical trajectories. Since
our proposed BCDiff is actually a decoder, in other words, it is an encoder-agnostic framework, our
attention is not paid to the contextual information.

Baseline Implementation. We introduce how to compare baselines with our proposed method in
Table[T[|and 2] Since all MOE [7]], DTO [8] and BCDiff are plug-to-play methods, we apply them
to three kind of prediction backbones (Trajectron++, PCCSNet and SGCN). In the case of MOE,
following the approach described in their paper [7]], we replace the encoder of the backbone with
their proposed MOE encoder. Regarding DTO, we initially pre-train a backbone model using 8
historical observations. Subsequently, we distill a student model using only 2 historical observations
for instantaneous trajectory prediction. For BCDiff, we replace the decoder of the backbone with our
BCDiff framework.

B Limitations

Although BCDiff demonstrates promising performance in instantaneous trajectory prediction, it
requires approximately 4 seconds for predicting trajectories once, which is somehow time-consuming.
This is primarily due to the refinement process of both unobserved historical trajectories and future
trajectories through BCDUnit, which is iterated 40 times (with M = 40). However, it is worth noting
that there might be some potentially feasible acceleration ways:

From the perspective of diffusion algorithms: Our current framework is built based on a typical
diffusion model, DDPM. DDPM models the trajectory generation process as a Markov process that
requires continuous M-steps to generate trajectories. There are many cutting-edged methods for
accelerating inference [1} 12,3} 4], by relaxing the constraints of the Markov process and generating
trajectories using skipping steps. In this way, the model can use less steps to generate a trajectory,
and thereby shorten the reference time.

From the perspective of model structure: We can combine our method with Half-Precision/Model
Quantization techniques [11}12] to lower the computational cost, or Model Pruning [9,[10] to simplify
the model, or Knowledge Distillation [[13}114] to utilize a small but effective model for inference.

C Training and Inference Procedure of BCDiff

We present the training and inference procedures for BCDiff in Algorithm [T] and Algorithm 2]
respectively.
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Algorithm 1: Training Procedure of BCDiff

while Model not converges do
Sample trajectory (X ?ut, Xobs, X,
Sample m ~ Uniform(1, M)
Sample € ~ N (0,1)

Encode X5 as vops

Employ the Equation 2 to obtain the X%, and X7 .

Calculate guidance ci',; and ¢’ ;. through Equation 5, 6, and 7:

Wwbs) from dataset

Ly = EX})“t7E7'HLH6fUt - GQ(X]T‘V'LLLNm?Cgtfut)HQ

+ EXgnobs,e,m| ‘GUTLObS —€o (X;T;mbsv m, C$u710bs) | |2
Calculate the gradient VL, and take gradient descent to update the whole model

end

Algorithm 2: Inference Procedure of BCDiff

Input: observed trajectories X s
Output: Predicted unobserved trajectories X.,,0ps, predicted future trajectories X ¢y,
Sample X2 | XM, ~ N(0,1)
Encode X ;s as vops
form =M, ...,1do
sample € ~ N(0,1)ifm>1,else e =0
Calculate guidance cy' s, and ¢’ ;. through Equation 5, 6, and 7
Generate trajectories of next step through:

m—1 _ 1 v m g™ v m m ~m
Xunobs - JVam (Xunobs T iam €oe (Xunobs’ m, C(;S,unobs)) + 0" €unobs

1 1 % " % ~
X}rill,f - JVam (X;‘?;t - /1,6_6771 €o (X?Lt,m, Cg’:fut)) + JmEfut
end

Xunobs = X0 Xfut = XO

fut

unobs?

D Derivation of X from X°

We derive the process from X to X™ in Equation Recall that we have
g(X™ X = N(X™; VamX™ 7 (1 - a™)I).
By using reparameterization, we obtain,
X" =VamX™ ! 4 /1 —ame™ ! ;where ¢™and €1 ~ N(0,1)
— Var (Vam X ™2 4 /T = am-Ten=2) 4 T = qmem!
= Vamam-1Xm"2 4 047”( —am=1em 2 4 /T —amem!

=Vamam—1X"m"2 4 /1 — amam—1€" "2 ;where €" 2 merges two Gaussian

m
1-— H ame
i=1
m

=vVa" X"+ V1 —a"e where e =, a™ = Ho/”

i=1

~N(X™Vam X0, (1 —-a™)T)

(15)
(16)

7

(18)

(19)

The mergence from[I5]to[T6]is achieved by the additive property of a Gaussian distribution, i.e.,

N(0, (o7 + 03)I) = N(0,0%T) + N(0, 031),
where 01 = y/a™(1 — o™ 1) and o = /1 — a™.
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E Derivation of the Objective L,

Firstly, we derive how to obtain the Ly 1, 5 in Section 3.4}

X1 X0
ﬁS_EVLB:Eq{IOgiq( LM‘ )i|

pe(Xo:m)
Xm Xm 1
:Eq[log H77L 1q( ‘ ) :|
po(XM|c3) [T - me(Xm ™€)
Xm|Xm 1)
= 1 (xM log }
By | — logpo (X ¥c}! +Z o (X7 I[X™, ¢
g(X™|Xm-1) g(X*|X?)
o M
=5 baneee + 3 o
) g(X™|xX™=1, X0) g(X'|X°)
—F. | —1 1 1 }
a| — logpe(X™M[eg") + Z %8 po (X 1X . cp) | po(XOX1, L)

g(X™HX™, XO)  g(X™|X7) g(X1|X?)

_E,[-1 (xM 1 ( ) 1
a| og pe |c +Z 0g (Xm—1]Xm, m) (Xm—l‘XO) —'_ng@(XO\Xl,cé5

o :logpe(XMWH% 8 pq@%;"jﬁlﬁ?) s qq(géo; s p@?%;io)cl 1
= E, :log p@();]\LiL + Z log )g(mm 11);’;)(1)) ~ log pe (XO| X1, C<17§)i|
=E, :log M}+7;2 (X™HX™ X% log q@(f;mmllgéﬁg) —10gp@(X0|X1,cé))]

= Eq| KL(q(X™]X°) || po (XM[cg")) — logpe (X°| X", cj)

M
+ > KL(g(X™HX™, X0) | pe (X" 71X, ef))|-
m=2
We ignore the first term because both ¢(X*|X°) and pe (X |c}’) are the same Gaussian distribu-
tion, so the KL divergence between them is equal to 0. Meanwhile, the second term can be formulated
as the third term when m = 1 because

1
—logpe(X°|X',cy) = log

Pe(X°[X" cy)
g(X°1X", X9)
pe (XX, cy)

= KL(q(X°|1X", X°) | po(X°|X", cg)).
Therefore, our aim is to calculate the third term. Let the mean and variance of ¢(X™ 1| X™, X0)
be 7™ (X™, X") and o™, respectively. Let the mean and variance of pg(X™ 1| X ™, cy') be
e (X™, m, cg) and o™, respectively. We show the analytical solution for the KL divergence of

two multivariate Gaussian distributions. Here, we omit its specific derivation and directly use the
conclusion:

1 %
KLy S5) | N0t 50)) = 5 1o 500 = o (55 55) + G = )5 g = )
p
(20)

=q(X°| X", X°) log
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where p and ¢ represent two Gaussian distributions. p amd ¥ are the mean vector and covariance
matrix, respectively. tr(-) calculates the trace of a matrix. Thus, by substituting ¢ and pg to Equation

[20] we get,
KL(q(X™ M X™ X% || po(X™ 1 X™, c}))

=KLN(X™ L am(x™, x0),5™T) || N(Xm_l;M@(X"",m,cg’), ¥, (m)1))

1 |o™1]

== [1 &G d+ (™)' + (po — 4™ (™) (ne — ™))
%[logl —dtd+ (po — ™) (E™D) " (e — )]
%[(ue — ™M@ (ne — 1™))
s | = o I3
oc | B™(X™, X0) = pe (X, m, e |13) @1

We can see that the objective is transformed to minimize the /2 distance between mean of true posterior
distribution and estimated distribution. This equation can be further simplified by substituting specific
expressions of 71" (X", X°) and pe(X™,m,c}') to it. To calculate "™ (X™, X°), we use the
Bayes formula:

(X" X%
q(X™[X0)

g(X™ X0

O

g(X™HX™, X0) = g(X™ X XO) (22)
After applying the Bayes formula, we calculate each term using Equation[T9]and substitute them to
the above Equation. Then, we have

Xm—1|XO)
X7n—1 xXm XO — xm Xm,—l q(
( 1 (XTH_WXTVL—1)2 + Xm 1 WXO) (Xm—\/dimXO)Q))

XL gm 1—am1 1—am

1 (Xm)2 _ 2\/a7meXm—1+am(Xm—l)2
= exp ( ~

2 £™

N (Xm71)2_2\/aqn7_1X0Xm71+@m71(XO)Q (Xm _ \/ﬁxO)Q)
1—am-1 a 1—am )

m ~m—1
—oxp (3 (ot )X U 2O s o X))

Term unrelated to X ™ —1

(23)

Variance term of X 7 —1 Mean term of X ™—1

The exponential part of the probability density function of a Gaussian distribution can be expressed
as:
2

(X —p)? 1,1 2,
exp(—T) :exp(—i(ﬁX2 02X+§)) (24)

By comparing Equation ﬁ and |2 . we obtain the mean ™ (X™, X) and variance ﬂm of the
Gaussian distribution ¢(X™ | X™, X0),
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ﬁm:a— :1/(Bm 1_07m—1)_1/(l6m(1_@m—1)): 1—am Bm (25)
~m m _ \/OZim m am-1 am™ 1
(X ’XO) - ( ﬁm, X + 1— @m—l 0)/(6m 1— dm—l)
Vo am—1 1—amt
- (WX 1 ~Fm—1 O) 1—am ' ﬂ
m(1 _ Am—1 ~m—1p23m

Further, we calculate X° using Equation [18|and substitute it to Equation [26/to get the expression
related to e,

X0 = in (X™ —V1—a"e) (27)
«
m _ ~m—1 ~1m— m
(X, Xg) = YO =am) y  Vam ! L xn T

1—am 1—am \/aim

1 g™
= (XM - ¢ 28
\/am( Vv1i—-a™ ) (25)
By replacing € with eg (X™, m, c}'), we obtain the expression of yg (X", m, c}'),
M@(Xm m C"L) _ 1 (Xm . 67”
Y vam vV1i-am

We substitute Equation [26|and [29]to Equation [21] and the simplified objective can be represented as,

co(X™,m,cy')) (29)

ﬁunobs = ]EX0

unobs’

e,m| |6 —€e (Xl,r:lobs’ m, C’gjunobs) | ‘2
£fUt = IEX?M,e,mH6 - E@(X]T”Zm m, cgtfut)HQ
Ld = Efut + Eunobs (30)

F Visualization of Hard Cases

We provide more hard cases in Figure[d] we observe our method can better handle the hard cases and
predict more accurate trajectories than other methods.

G Visualization of Failure Cases

As shown in Figure[5] our model sometimes fails when pedestrians start to walk or abruptly change
the intention. We will further optimize our method according to these failure cases in our future work.

References

[1] Cheng Lu, Yuhao Zhou, Fan Bao, Jianfei Chen, Chongxuan Li, and Jun Zhu. DPM-Solver: A
fast ode solver for diffusion probabilistic model sampling in around 10 steps. In Advances in
Neural Information Processing Systems, 2022.

[2] Weibo Mao, Chenxin Xu, Qi Zhu, Siheng Chen, and Yanfeng Wang. Leapfrog diffusion model
for stochastic trajectory prediction. arXiv preprint arXiv:2303.10895, 2023.

[3] Tim Salimans , and Jonathan Ho. Progressive distillation for fast sampling of diffusion models.
In International Conference on Learning Representations, 2022.

[4] Jiaming Song, Chenlin Meng, and Stefano Ermon. Denoising diffusion implicit models. In
International Conference on Learning Representations, 2021.

19



|

Figure 4: Visualization of hard cases on the ETH/UCY Dataset. Given the instantaneous observed

trajectories (red), we predict the future trajectories (green) by (a) MOE, (b) DTO and (c) Our

BCDiff. The ground-truth future trajectories are shown in orange color. In addition, we also draw the

predicted unobserved trajectories (blue) by our BCDiff and ground-truth (cyan). Our predicted future

trajectories are closer to the ground-truth, compared to other methods.
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