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1 DETAILED PROOF OF PROPOSITION 3.1
Proof. Note that the negative samples could be chosen from

both inliers and outliers, the loss values of class-related outliers can
be formulated as:

L𝑜
𝑐𝑜𝑛 = −1

2

2∑︁
𝑚=1
E𝒛𝑜 ∈Z𝑜

log

(
𝑓 (𝒛 (𝑚)

𝑜 , 𝒛 (𝑚
′ )

𝑜 )
𝑆𝑖𝑛 + 𝑆𝑜𝑢𝑡

)
,

𝑆𝑖𝑛 =
∑︁

𝒛𝑖𝑛∈Z𝑖𝑛

2∑︁
𝑣=1

𝑓 (𝒛 (𝑚)
𝑜 , 𝒛 (𝑣)

𝑖𝑛
),

𝑆𝑜𝑢𝑡 =
∑︁

𝒛𝑜𝑢𝑡 ∈Z𝑜

2∑︁
𝑣=1

𝑓 (𝒛 (𝑚)
𝑜 , 𝒛 (𝑣)𝑜𝑢𝑡 ),

(1)

whereZ𝑜 ,Z𝑖𝑛 denote the latent representation sets of class-related
outlier and inlier instances, respectively; 𝑓 (𝑥,𝑦) is defined as 𝑒𝑠 (𝑥,𝑦)/𝜏𝐹
in practice. According to [1], the optimal 𝑓 (𝑥,𝑦) satisfies:

𝑓 (𝑥,𝑦) = 𝑃 (𝑦 |𝑥)
𝑃 (𝑦) . (2)

Then, we have:

𝑆𝑖𝑛 =

2∑︁
𝑣=1

∑︁
𝒛𝑖𝑛∈Z𝑖𝑛

𝑃 (𝒛 (𝑣)
𝑖𝑛

|𝒛 (𝑚)
𝑜 )

𝑃 (𝒛 (𝑣)
𝑖𝑛

)

≈
2∑︁

𝑣=1
|Z𝑖𝑛 | · 𝐸𝒛𝑖𝑛∈Z𝑖𝑛

𝑃 (𝒛 (𝑣)
𝑖𝑛

|𝒛 (𝑚)
𝑜 )

𝑃 (𝒛 (𝑣)
𝑖𝑛

)
= 2|Z𝑖𝑛 |,

(3)

𝑆𝑜𝑢𝑡 =𝑓 (𝒛 (𝑚)
𝑜 , 𝒛 (𝑚

′ )
𝑜 ) + 𝑓 (𝒛 (𝑚)

𝑜 , 𝒛 (𝑚)
𝑜 )

+
2∑︁

𝑣=1

∑︁
𝒛𝑜𝑢𝑡 ∈Z𝑜/{𝒛𝑜 }

𝑃 (𝒛 (𝑣)𝑜𝑢𝑡 |𝒛
(𝑚)
𝑜 )

𝑃 (𝒛 (𝑣)𝑜𝑢𝑡 )

≈𝑓 (𝒛 (𝑚)
𝑜 , 𝒛 (𝑚

′ )
𝑜 ) + 2|Z𝑜 | − 1.

(4)

When the size ofZ𝑜 andZ𝑖𝑛 is sufficiently large, the approximation
error approaches zero. Thus,

L𝑜
𝑐𝑜𝑛 =

1
2

2∑︁
𝑚=1
E𝒛𝑜 ∈Z𝑜

log

(
𝑆𝑖𝑛 + 𝑆𝑜𝑢𝑡

𝑓 (𝒛 (𝑚)
𝑜 , 𝒛 (𝑚

′ )
𝑜 )

)
=

1
2

2∑︁
𝑚=1
E𝒛𝑜 ∈Z𝑜

log

(
1 + 𝑃 (𝒛 (𝑚

′ )
𝑜 )

𝑃 (𝒛 (𝑚
′ )

𝑜 |𝒛 (𝑚)
𝑜 )

(2|Z𝑖𝑛 | + 2|Z𝑜 | − 1)
)

=
1
2

2∑︁
𝑚=1
E𝒛𝑜 ∈Z𝑜

log

(
1 + 𝑃 (𝒛 (𝑚

′ )
𝑜 )

𝑃 (𝒛 (𝑚
′ )

𝑜 |𝒛 (𝑚)
𝑜 )

(2𝑁 − 1)
)

≥ 1
2

2∑︁
𝑚=1
E𝒛𝑜 ∈Z𝑜

log

(
𝑃 (𝒛 (𝑚

′ )
𝑜 )

𝑃 (𝒛 (𝑚
′ )

𝑜 |𝒛 (𝑚)
𝑜 )

· 2𝑁
)

= −𝐼
(
𝒛 (1)𝑜 , 𝒛 (2)𝑜

)
+ log 2𝑁,

(5)

Figure 1: Sensitivity analysis on 𝐾 and𝑀𝑠 .

where the last line uses the fact 𝐼 (𝒛 (1)𝑜 , 𝒛 (2)𝑜 ) = 𝐼 (𝒛 (2)𝑜 , 𝒛 (1)𝑜 ).
According to the assumption made in the main paper:

𝐼 (𝒙 (1)
𝑜 , 𝒙 (2)

𝑜 ) ≤ 𝜀. (6)

Meanwhile, by the data processing inequality, we have:

𝐼 (𝒛 (1)𝑜 , 𝒛 (2)𝑜 ) ≤ 𝐼 (𝒙 (1)
𝑜 , 𝒙 (2)

𝑜 ) ≤ 𝜀. (7)

Combining the above results, we can obtain:

L𝑜
𝑐𝑜𝑛 ≥ log(2𝑁 ) − 𝐼 (𝒛 (1)𝑜 , 𝒛 (2)𝑜 ) ≥ log(2𝑁 ) − 𝜀. (8)

□

2 ADDITIONAL SENSITIVITY ANALYSIS
There are some other less important hyperparameters in the pro-
posed framework, e.g., the number of neighbors 𝐾 used in 𝐾-NN
and the size of the memory bank 𝑁𝑀 . As the memory bank is
updated by adding potential outliers in the current batch and re-
moving the potential outliers in the oldest batch in the memory
bank in practice, we analyze 𝑀𝑠 , the number of batches restored
in the memory bank, instead. We fix the missing rate as 0.3 and
the outlier ratio of all types of outliers as 0.05, and then evaluate
RCPMOD with different values of 𝐾 and𝑀𝑠 . As shown in Figure 1,
RCPMOD is not very sensitive to these two hyperparameters.
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