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The competitive auction was first proposed by Goldberg, Hartline, and Wright. In their paper [Goldberg et al.,
2001], they introduce the competitive analysis framework of online algorithm design into the traditional
revenue-maximizing auction design problem. While the competitive analysis framework only cares about the
worst-case bound, a growing body of work in the online algorithm community studies the learning-augmented
framework. In this framework, designers are allowed to leverage imperfect machine-learned predictions of
unknown information and pursue better theoretical guarantees when the prediction is accurate(consistency).
Meanwhile, designers also need to maintain a nearly-optimal worst-case ratio(robustness).

In this work, we revisit the competitive auctions in the learning-augmented setting.We leverage the imperfect
predictions of the private value of the bidders and design the learning-augmented mechanisms for several
competitive auctions with different constraints, including: digital good auctions, limited-supply auctions, and
general downward-closed permutation environments. We also design the learning-augmented mechanism for
online auctions. For all these auction environments, our mechanisms enjoy 1-consistency against the strongest
benchmark𝑂𝑃𝑇 . In contrast, it is impossible to achieve𝑂 (1)-competitiveness against𝑂𝑃𝑇 without predictions.
At the same time, our mechanisms also maintain the 𝑂 (1)-robustness against all benchmarks considered in
the traditional competitive analysis, including F (2) ,maxV, and 𝐸𝐹𝑂 (2) . Considering the possible inaccuracy
of the predictions, we provide a reduction that transforms our learning-augmented mechanisms into an
error-tolerant version, which enables the learning-augmented mechanism to ensure satisfactory revenue
in scenarios where the prediction error is moderate. We also prove a 3 robustness ratio lower bound for
mechanisms with perfect consistency. The lower bound is strictly greater than the optimal 2.42 competitive
ratio of digital good auctions, showing the impossibility of maintaining the optimal worst-case bound with
perfect consistency.
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1 Introduction
Revenue maximization is an important problem in the field of algorithmic mechanism design.
Goldberg et al. [2001] introduced the competitive analysis framework into the revenuemaximization
problems and they called this type of auctions the competitive auctions. In the competitive auction
framework, there are 𝑛 bidders who want to buy an abstract service. Each bidder 𝑖 has a private
value 𝑣𝑖 ∈ R+ which represents his valuation of the service. The auctioneer initiates a sealed-bid
auction and receives the bid 𝑏𝑖 of each bidder 𝑖 . Then the auctioneer decides whether to serve each
bidder 𝑖 according to a given feasibility constraint and the amount 𝑖 should pay for the service.
The bidder aims to maximize his utility, which is the difference between 𝑣𝑖 and his payment if he
gets served and 0 if he does not get served. Our goal is to design a mechanism that maximizes the
auctioneer’s revenue while encouraging buyers to truthfully report their private valuations, i.e.
𝑏𝑖 = 𝑣𝑖 . That is, the mechanism is truthful or incentive compatible.

Different from the Bayesian setting of the revenue maximization auctions, competitive auctions
do not assume a prior distribution on private values. Instead, competitive auctions take a traditional
algorithmic view ofworst-case analysis. In the framework, we compare the revenue of themechanism
with a revenue benchmark function and use the worst-case ratio (i.e. competitive ratio) to measure
the performance of the proposed mechanisms. Let 𝑓 denote a benchmark function, then 𝑓 maps
V to R+, whereV := (R+)𝑛 denotes the set of possible value vectors and 𝑓 assigns a benchmark
revenue to each vector. Let M be a truthful mechanism and let M(𝒗) denote the expected revenue
ofM when the private value vector is 𝒗. ThenM is 𝛼-competitive against 𝑓 ifM(𝒗) ≥ 𝑓 (𝒗)

𝛼
for all

𝒗 ∈ V .
The worst-case analysis of competitive ratio is a prominent mathematical framework for an-

alyzing the online algorithms and it has guided the design of online algorithms for many years.
However, with the development of machine learning technology in recent years, people are able to
predict various unknown information. It has been found that such predictions can be applied in
the design of online algorithms, resulting in better performance than worst-case bounds. There
are many works that follow the line of the learning-augmented online algorithm design. Classical
problems such as ski rental, caching, and scheduling are revisited in this setting [Anand et al., 2020,
Im et al., 2021, Jiang et al., 2022, Lattanzi et al., 2020, Li and Xian, 2021, Lykouris and Vassilvitskii,
2021, Purohit et al., 2018, Rohatgi, 2020]. The idea of utilizing the imperfect prediction was naturally
brought to the algorithmic mechanism design field by Xu and Lu [2022] and Agrawal et al. [2022]
independently. They show that the imperfect prediction of the private information of the selfish
bidders can also be leveraged to improve the performance of truthful mechanisms.

The spirit of these learning-augmented algorithms is to leverage imperfect predictions robustly.
That is, the algorithm should have a strong theoretical guarantee when the given prediction is
accurate, but it does not lose much even when the prediction is arbitrarily bad. This is captured by
the standard consistency-robustness analysis framework proposed in [Purohit et al., 2018]. Within
this framework, we assess the algorithm using two metrics: the consistency ratio and the robustness
ratio. The consistency ratio is the approximation ratio when the prediction is correct and the
robustness ratio is the approximation ratio when the prediction is wrong.

1.1 Our Results
In this paper, we investigate the learning-augmented competitive setting where the auctioneer is
given the prediction 𝑣𝑖 for the private value 𝑣𝑖 of each bidder 𝑖 . The predicted values are public
information for all bidders. Based on the different feasibility constraints of the auctioneer, we have

Due to space limitations, we omit some proofs in this version. Readers can find the full version of this paper at
arxiv.org/abs/2309.15414
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considered three specific competitive auctions, namely digital good auctions, limited supply auctions,
and general downward-closed permutation environments. In the digital good auction, there is no
feasibility constraint since the digital good can be duplicated infinitely and allocated arbitrarily.
In limited supply auctions, the service can only be allocated to a limited number of bidders. In
the general downward-closed permutation environments, the constraint is only required to be
downward-closed, i.e. the subset of a feasible set is also feasible. We also consider the setting where
the bidders arrive in a random order, which is called online auctions.
In the learning-augmented setting, our mechanism takes the prediction values as the input. In

other words, our goal is to find a collection of truthful mechanisms, denoted asM := {M 𝒗̂}𝒗̂∈V ,
where 𝒗̂ := (𝑣𝑖 )𝑛𝑖=1 is the vector of predictions. We sayM is 𝜇-consistent against benchmark 𝑓1, 𝛼-
robust against 𝑓2 ifM 𝒗̂ is 𝜇-competitive against 𝑓1 when the prediction is perfect and 𝛼-competitive
against 𝑓2 when the prediction is imperfect. That is,

M 𝒗̂ (𝒗̂) ≥ 𝑓1 (𝒗̂)
𝜇

, M 𝒗̂ (𝒗) ≥ 𝑓2 (𝒗)
𝛼

, ∀𝒗̂, 𝒗 ∈ V . (1)

Notice that we are allowed to use distinct benchmarks for consistency ratio and robustness ratio,
which is different from other works on learning-augmented mechanism design.

Throughout the paper, we take the strongest benchmark 𝑂𝑃𝑇 (𝒗) := max𝒙∈X
∑𝑛

𝑖=1 𝑥𝑖 · 𝑣𝑖 as
the revenue benchmark for the consistency ratio. Here 𝒙 is the allocation, X is the feasibility
constraint which depends on the concrete auction environment. It should be pointed out that the
𝑂𝑃𝑇 benchmark is not considered in the literature of competitive auctions without predictions
since there is no truthful mechanism that can achieve a constant or even non-trivial competitive
ratio against it [Goldberg et al., 2001]. Instead, several weaker benchmarks are considered in the
competitive analysis, including F (2) , F (2,ℓ) , maxV, and 𝐸𝐹𝑂 (2) . We use these weaker benchmarks
as our robustness benchmarks. F (2) is the largest revenue obtained by setting a fixed price for the
service, with existing at least two bidders who can afford the price. maxV is the largest revenue
obtained by a multi-unit Vickrey auction. These two benchmarks are mainly studied in digital good
auctions. The benchmark F (2) was extended to more complicated settings. Actually, there are two
different extensions of F (2) in the limited-supply auctions, namely F (2,ℓ) and 𝐸𝐹𝑂 (2) . While F (2,ℓ)

is more straightforward, 𝐸𝐹𝑂 (2) , the optimal revenue obtained by an envy-free allocation, is more
generally applicable and economically meaningful. 𝐸𝐹𝑂 (2) can be further extended to the general
downward-closed permutation environment.

Upper Bounds. If the prediction is perfect, the problem becomes purely an algorithm design
problem rather than a mechanism design problem. Thus, it is not difficult to achieve perfect
consistency alone. The challenging task is to achieve perfect consistency and constant robustness
simultaneously. The main result of this paper is to achieve this goal for all the auction environments
and benchmarks studied before.
Theorem 1. For digital good auctions, limited supply auctions, auctions with general symmetric

downward-closed feasibility constraints, and online auctions, there are truthful auctions with perfect

consistency with respect to the optimal offline solution and constant robustness with respect to all the

benchmarks studied for competitive auctions before.

We summarize our robustness ratio in different auction environments and for different bench-
marks in Table 1. It is worth noting that the mechanisms we designed for digital good auction
and downward-closed permutation environments are both black-box reductions. Let 𝛼 be the
competitive ratio of the employed black-box mechanism, our mechanisms achieve (𝛼 +2)-robust for
digital good auctions and (𝛼 + 7)-robust for auctions with general downward-closed permutation
environments.
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Due to space limitations, we focus on the digital good auction and downward-closed environment
in the main text. The results for limited supply auctions and online auctions are deferred
to the Appendix A and Appendix B.

Auction Environment Robustness
Benchmark

Robustness Ratio
(with perfect consistency)

Competitive Ratio
(without prediction)

Digital Good Auction F (2) 4.42∗ [Corollary 1] 2.42 [Chen et al., 2014]
maxV 𝑒 + 1∗ [Corollary 1] 𝑒 − 1 [Chen et al., 2014]

Downward-closed
Permutation Environment 𝐸𝐹𝑂 (2) 13.5∗ [Corollary 2] 6.5 [Chen et al., 2015]

ℓ-Limited Supply F (2,ℓ) 4.42 [Theorem 7] 2.42 [Chen et al., 2014]
𝐸𝐹𝑂 (2) 5.42 [Theorem 8] 3.42 [Chen et al., 2015]

Online Auction F (2) 8.84 [Theorem 9] 2.42 [Chen et al., 2014]
maxV 2𝑒 + 2 [Theorem 9] 𝑒 − 1 [Chen et al., 2014]

Table 1. Our robustness ratio upper bound results. We omit the consistency ratio results since all results
shown are with perfect consistency against the strongest benchmark 𝑂𝑃𝑇 . ∗The robustness ratio with mark
means that the related mechanism is a black-box reduction.

Lower Bound. In the table, we can see that there is some degradation in ratio if we compare our
robustness ratios with the previous best-known competitive ratios without considering consistency.
Is such degradation necessary? Can we achieve perfect consistency while still keeping the same
robustness ratio? We prove that this is impossible by the following lower bound result.

Theorem 2. Any 1-consistent truthful mechanism for digital good auction has a robustness ratio

against F (2)
no less than 3.

The competitive ratio of the optimal mechanism for digital good auction is 2.42, thus our lower
bound shows that it is impossible to maintain the optimal competitive ratio when we require the
perfect consistency of a mechanism. Since the digital good auction is a special case of other auction
environments, the lower bound also applies to other auction environments considered.

Error-Tolerant Design. The original consistency-robustness analysis framework is too extreme
that the consistency guarantee only works when the prediction is perfect, which makes the theoret-
ical results not practical. To give a practical solution, we also propose Error-Tolerant Mechanisms for
digital good auctions and the auctions with downward-closed permutation environments respec-
tively in Section 5. The error-tolerant mechanism takes a confidence level 𝛾 as the input parameter.
Let 𝜂 = max𝑖∈[𝑛]{ 𝑣𝑖𝑣𝑖 ,

𝑣𝑖
𝑣𝑖
} denote the maximal relative prediction error, if 𝛾 ≥ 𝜂, our mechanism

is 𝑂 (⌈log𝛾⌉)-competitive against the strongest 𝑂𝑃𝑇 benchmark. Otherwise, our mechanism is
𝑂 (⌈log𝛾⌉)-competitive against F (2) or 𝐸𝐹𝑂 (2) .

1.2 Techniques and Challenges
Notice that our problem is an objective-maximization problem, such a problem admits a trivial
random combined mechanism to leverage the predictions. The combined mechanism is, with
probability 𝑝 we provide service and charge payment according to the optimal revenue calculated
from 𝒗̂; with probability 1 − 𝑝 , we run a competitive truthful mechanism. These two mechanisms
are truthful so their random combination is also truthful. With a bit of abuse of notation, we also
use 𝑂𝑃𝑇 (𝒗̂) to represent the optimal mechanism while assuming the prediction is perfect. As an
example, in the digital good auctions,𝑂𝑃𝑇 (𝒗̂) mechanism is just to offer the price 𝑣𝑖 to each bidder
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𝑖 . Assume that M is an 𝛼-competitive mechanism. The trivial random combination of 𝑂𝑃𝑇 (𝒗̂)
and M is 1

𝑝
-consistent and 𝛼

1−𝑝 -robust. In a word, for the objective-maximization problem, it is
trivial to obtain 𝑂 (1)-consistent and 𝑂 (𝛼)-robust mechanism if the problem admits 𝛼-competitive
mechanism without prediction. However, such a trivial random combination is far from sufficient
to achieve 1-consistency, since we need 𝑝 = 1 to obtain perfect consistency and this implies an
unbounded robustness ratio.
Our idea comes from another kind of combination of 𝑂𝑃𝑇 (𝒗̂) and a black-box competitive

mechanismM. At a glance at the learning-augmented competitive auction problem, one may come
up with a naive combination to achieve perfect consistency. That is, to run the𝑂𝑃𝑇 (𝒗̂) mechanism
when 𝒃 = 𝒗̂, and to runM when 𝒃 ≠ 𝒗̂. However, the combined mechanism is not truthful since the
bidder can alter the mechanism selected by misreporting his value. Let 𝒃−𝑖 the bid vector without 𝑏𝑖 .
To ensure truthfulness, an observation is that, if we have several truthful mechanisms and we decide
which mechanism to apply to bidder 𝑖 only based on 𝒃−𝑖 and 𝒗̂, then the combined mechanism will
be truthful since the bidder cannot determine the mechanism applied to it. We call this type of
combined mechanism a Bid-Independent Combination, which is the core technical component of
our proof.
Back to the naive combination, we can modify it by using the bid-independent combination

approach. If 𝒃−𝑖 = 𝒗̂−𝑖 , indicating that the prediction is correct for all bidders except 𝑖 , we apply the
𝑂𝑃𝑇 (𝒗̂) mechanism to bidder 𝑖 . If 𝒃−𝑖 ≠ 𝒗̂−𝑖 , indicating that there is at least one incorrect prediction
for the bidders other than 𝑖 , we apply M to bidder 𝑖 . This combined mechanism is truthful by
the Bid-Independent Combination trick. If 𝒗̂ = 𝒗, then 𝒗̂−𝑖 = 𝒗−𝑖 ,∀𝑖 , every bidder is applied with
𝑂𝑃𝑇 (𝒗̂) mechanism, so the mechanism actually reduces to𝑂𝑃𝑇 (𝒗̂) mechanism and it gains optimal
revenue in this situation. Thus, the mechanism is 1-consistent.
Through the above Bid-Independent Combination trick, we achieve truthfulness and perfect

consistency freely. However, compared with the random combination and the naive untruthful
combination, the Bid-Independent Combination has a very subtle issue that it may be the case that
different mechanisms are operating simultaneously on the different bidders. Thus the robustness
and feasibility guarantee of the combined mechanism cannot be directly inherited from 𝑂𝑃𝑇 (𝒗̂)
and M. This is the main challenge we need to overcome in our paper.

In digital good auctions, we only face the robustness problem since the bid-independent combina-
tion of arbitrary mechanisms is feasible in this case. We notice that the combined mechanism runs
two mechanisms simultaneously only when the number of wrong predictions is exactly one. It is
not clear if the bid-independent combination can obtain a constant robustness ratio or not. To save
it, we employ another random combination outside the bid-independent combination. We find that
the𝑂𝑃𝑇 (𝒗̂) mechanism guarantees 2-robustness of the robustness benchmark when the number of
wrong predictions is one which is exactly the case that bid-independent combination fails. Here we
crucially use the fact that F (2) (and actually all the competitive benchmarks considered) does not
depend on the highest value. Thus, one wrong prediction will not ruin the mechanism significantly.

For more complex constraints, we must deal with the robustness and the feasibility at the same
time. In the general downward-closed permutation environment, the feasibility constraint becomes
very challenging. The difficulty we meet is that the downward-closed feasibility requirement is so
general that we have no idea how to satisfy it if the mechanism𝑂𝑃𝑇 (𝒗̂) andM run simultaneously.
So our idea is to incorporate a rejection mechanism M∅ into bid-independent combination to
separate 𝑂𝑃𝑇 (𝒗̂) and M. Here, the rejection mechanism means the mechanism that trivially
rejects all bidders. Rigorously, we apply 𝑂𝑃𝑇 (𝒗̂) on bidder 𝑖 if 𝒃−𝑖 = 𝒗̂−𝑖 ; applyM∅ on bidder 𝑖 if
there is exactly one wrong prediction in 𝒗̂−𝑖 ; apply M on bidder 𝑖 if there is at least two wrong
predictions in 𝒗̂−𝑖 . We can show that it is the only possible case that mechanismM∅ and 𝑂𝑃𝑇 (𝒗̂)
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run simultaneously or mechanismM∅ andM run simultaneously. On the other hand,M∅ can run
concurrently with any mechanism in the downward-closed constraint. By inserting the mechanism
M∅, we solve the feasibility issue. However, the bid-independent combination of these three
mechanisms can only guarantee a robustness ratio when the total number of wrong predictions
is at least 3. So we are still left with the case that the number of wrong predictions is 1 and 2. In
the case of one wrong prediction, we can rely on the intuition that our chosen benchmark is not
significantly affected by a single incorrect prediction. However, this intuition no longer holds when
there are two wrong predictions, as altering two values can completely change the benchmarks. To
address this situation, we employ the benchmark decomposition technique proposed in [Chen et al.,
2015]. We decompose the benchmark into the sum of a new benchmark that remains robust even
with two wrong predictions and a simple benchmark 2𝑣2. While 2𝑣2 is not resilient to two wrong
predictions, it is simple enough so that we can design a specific mechanism to handle it.

1.3 Related Works
Competitive Auctions. The study of digital good auctions was initiated by Goldberg et al. [2001],

where they propose the random sampling optimal price auction. Fiat et al. [2002] and Alaei et al.
[2014] showed that the auction has a competitive ratio of 15 and 4.68 against the benchmark
F (2) respectively. Fiat et al. proposed the random sampling cost-sharing auction and proved that
it achieves 4-competitiveness against F (2) . There was a sequence of works on improving the
competitive ratio, including [Feige et al., 2005, Goldberg and Hartline, 2003, Hartline and McGrew,
2005, Ichiba and Iwama, 2010]. Goldberg et al. [2004] proved the 2.42 competitive lower bound of
the digital good auction. Chen et al. [2014] proved that the optimal competitive ratio is exactly
2.42 and they also study the maxV benchmark and show the optimal competitive ratio is 𝑒 − 1.
The online random order setting of the digital good auction was considered by Koutsoupias and
Pierrakos [2013] where the authors provided a reduction from the offline setting to the online
setting.

The limited supply auction was studied with respect to the benchmark F (2,ℓ) by Goldberg et al.
[2006], where the authors showed a straightforward reduction from digital good auctions to limited
supply auctions. Thus, the competitive ratio results for the digital good auctions also held for
the limited supply setting. Hartline and Yan [2011] defined the economically significant bench-
mark 𝐸𝐹𝑂 (2) and showed a constant competitive ratio against it in limited supply environments
and general downward-closed permutation environments. The competitive ratio in the general
downward-closed permutation environment was improved by several works [Devanur et al., 2018,
2015, Ha and Hartline, 2012, 2013]. So far, the best competitive ratio against 𝐸𝐹𝑂 (2) is 3.42 in the
limited supply environment and 6.5 in the downward-closed permutation environment, which was
obtained in [Chen et al., 2015] via the benchmark decomposition technique.

Learning-augmented Mechanisms. Xu and Lu [2022] revisited several mechanism design problems
in the learning-augmented settings, including single-item revenue maximization, frugal path
auction, truthful job scheduling, and two facility location on a line. The revenue maximization
auction they studied is different from ours, not only because the constraint is restricted to single-item,
but also because they compete with the 𝑂𝑃𝑇 benchmark thus the robustness ratio is not constant
and depends on the scaling of the bids. Balkanski et al. [2023a] studied truthful job scheduling
independently and attained the tight asymptotic consistency-robustness trade-off. Agrawal et al.
[2022] designed the learning-augmented mechanism for the one-facility location problem in the
two-dimensional Euclidean space. Istrate and Bonchis [2022] studied the learning-augmented
mechanism for the obnoxious facility location problem on several metric spaces. Gkatzelis et al.
[2022] showed the ability of imperfect predictions to improve the Price of Anarchy in games.
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Balkanski et al. [2023b] studied the learning-augmented online mechanism. A very recent and
relevant work by Balcan et al. [2024] investigated the general multi-dimensional mechanism
design problem with side information (predictions). The authors proposed a mechanism that
achieves an 𝑂 (log(𝐻 ))-consistency ratio, where 𝐻 represents an upper bound on any bidder’s
value for any allocation. To make a comparison between our paper and the one of Balcan et al.
[2024], they considered more general auction environments and the maximization problem of
both social welfare and revenue simultaneously, our paper only focuses on the single-parameter
auction environment and revenue maximization. When applying their mechanism to our problem,
it achieves 𝑂 (log(𝐻 ))-consistency and 𝑂 (log(𝐻 ))-robustness, and our mechanism achieves 1-
consistency and 𝑂 (1)-robustness. Moreover, their robustness benchmark is the revenue obtained
by the VCG mechanism, which is a far weaker benchmark in the problems considered in our paper.
For example, the revenue of the VCG mechanism applying on any digital good auction is 0, making
this benchmark meaningless here.

2 Preliminary
2.1 Auction Environments
Notations and the Indices. We use 𝒗 := (𝑣1, 𝑣2, . . . , 𝑣𝑛) and 𝒗̂ := (𝑣1, 𝑣2, . . . , 𝑣𝑛) to denote the

private value vector and predicted value vector respectively. We arrange the indices such that
𝑣1 ≥ 𝑣2 ≥ · · · ≥ 𝑣𝑛 , and we define 𝜎 : [𝑛] → [𝑛] to be the order of predicted values, such that
𝑣𝜎 (𝑖) ≥ 𝑣𝜎 (𝑖+1) for all 𝑖 . When there are bidders with the same private value or predicted value, we
break ties to ensure consistency between the two orders. That is, if 𝑣𝑖 = 𝑣 𝑗 , 𝑣𝑖 = 𝑣 𝑗 , and 𝑖 < 𝑗 , then
we set 𝜎 (𝑖) < 𝜎 ( 𝑗), and vice versa.

In addition, we allow for random mechanisms since deterministic mechanisms have been shown
to not have a non-trivial competitive ratio against some meaningful benchmarks. A random
mechanism is said to be truthful if it is given by a distribution of truthful deterministic mechanisms.

In the main text, we consider only the following two auction environments: digital good auctions
and general downward-closed permutation environments.

Digital good auction. The auctioneer can offer an unlimited number of services and any combi-
nation of bidders can be served simultaneously (e.g., digital goods).

General downward-closed permutation environments. The feasibility constraint of the allocation
is a general symmetric downward-closed set X ⊆ [0, 1]𝑛 . A set X is said to be downward-closed if
for every 𝒚 ≤ 𝒙 and 𝒙 feasible, we have that 𝒚 is also feasible. We say that X is symmetric if, for
any 𝒙 ∈ X, the entries of 𝒙 can be arbitrarily permuted without affecting its feasibility. We also
assume that X is convex since we consider randomized mechanisms and the random combination
of two feasible allocations is also feasible. We focus on the symmetric constraint mainly because
we can only define the envy-free optimal revenue benchmark on a symmetric constraint. Notice
this auction environment includes the digital good auction and ℓ-limited supply auction, where
X = {𝒙 | ∑𝑛

𝑖=1 𝑥𝑖 ≤ ℓ, 𝑥𝑖 ∈ [0, 1],∀𝑖 ∈ [𝑛]}, as its special case. But the environment is strictly
more general than ℓ-limited supply auctions. In fact, given any downward-closed subset system
I ⊆ 2[𝑛] (which may not be symmetric), we can define its symmetric version as follows. Let S𝑛 be
the symmetric group of [𝑛], Conv(I) ⊆ [0, 1]𝑛 be the convex hull of I. For 𝛿 ∈ S𝑛 , let I𝛿 be the
subset system obtained by permuting the elements in I with 𝛿 . Then X :=

∑
𝛿 ∈S𝑛

1
𝑛! · Conv(I𝛿 ) is a

symmetric downward-closed set. Here the sum between sets is the Minkowski Sum. This is usually
called a permutation environment [Hartline and Yan, 2011].
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2.2 Benchmarks
Consistency Benchmark. Throughout the paper, we employ the optimal revenue 𝑂𝑃𝑇X (𝒗) =

max𝒙∈X
∑𝑛

𝑖=1 𝑥𝑖 · 𝑣𝑖 as the benchmark for consistency ratio, where X represents the feasibility
constraint and varies across different auction environments. Specifically, in digital good auctions,
𝑂𝑃𝑇X (𝒗) =

∑
𝑖∈[𝑛] 𝑣𝑖 . With clear context, we may omit the subscript X and just write 𝑂𝑃𝑇 (𝒗).

Robustness Benchmark. Regarding the benchmark of robustness ratio, we investigate several
candidates who are widely considered in the competitive analysis. The first is

F (2) (𝒗) = max
𝑘≥2

𝑘 · 𝑣𝑘 , (2)

where 𝑣𝑘 is reordered as we have mentioned before. F (2) is the largest revenue obtained by setting
a fixed price for the service, with at least two bidders can afford the price. F (2) benchmark is
only meaningful in digital good auctions and online auctions which have no feasibility constraint.
One may feel confused about the additional assumption that at least two bidders get served. This
is because any truthful mechanism has an arbitrarily bad competitive ratio if 𝑣1 ≫ 𝑣2, which
makes the benchmark uninteresting without this assumption. Another common-used benchmark
for digital good auctions and online auctions is maxV(𝒗) = max𝑘<𝑛 𝑘 · 𝑣𝑘+1, which is the largest
revenue obtained by a multi-unit Vickrey auction.
For the more general downward-closed permutation environment, Hartline and Yan [2011]

introduced a new benchmark named 𝐸𝐹𝑂 , which denotes themaximum revenue that can be obtained
through an envy-free allocation. Similarly to the consideration of F (2) , people actually consider
the competitive ratio with respect to 𝐸𝐹𝑂 (2) (𝒗) = 𝐸𝐹𝑂 (𝒗 (2) ) where 𝒗 (2) := (𝑣2, 𝑣2, 𝑣3, . . . , 𝑣𝑛)
is the vector obtained by replacing 𝑣1 with 𝑣2. 𝐸𝐹𝑂 (2) is defined on symmetric constraint set
X ⊆ [0, 1]𝑛 , we use the notation 𝐸𝐹𝑂

(2)
X to specify the constraint. Given a monotone allocation

𝒙 := (𝑥1, 𝑥2, . . . , 𝑥𝑛) where the monotone allocation means 𝑥𝑖 ≥ 𝑥𝑖+1,∀𝑖 , its envy-free revenue is
defined as 𝐸𝐹𝒙 (𝒗) =

∑
𝑖∈[𝑛]

∑𝑛
𝑗≥𝑖 𝑣 𝑗 (𝑥 𝑗 − 𝑥 𝑗+1). Then 𝐸𝐹𝑂X (𝒗) is the largest possible envy-free

revenue while 𝒙 ∈ X. Hartline and Yan [2011] also give a characterization of envy-free payment
through virtual value so that we can better understand the 𝐸𝐹𝑂 benchmark.

Definition 1 (Virtual value). Given a vector 𝒗, we assume that the entries of 𝒗 have been sorted

in descending order. We can calculate the virtual value 𝜙𝑖 of each bidder corresponding to 𝒗 as follows.

First, we calculate the smallest non-decreasing concave function 𝑅 satisfying 𝑅( 𝑗) ≥ 𝑗 · 𝑣 𝑗 ,∀𝑗 ∈ [𝑛]
and 𝑅(0) = 0. The formal definition is

𝑅( 𝑗) = max
1≤𝑙≤ 𝑗

max
𝑖,𝑘 :

1≤𝑖≤𝑙≤𝑘≤𝑛

[
𝑖 · 𝑣𝑖

𝑘 − 𝑙

𝑘 − 𝑖
+ 𝑘 · 𝑣𝑘

𝑙 − 𝑖

𝑘 − 𝑖

]
. (3)

Then the virtual value is,

𝜙𝑖 = 𝑅(𝑖) − 𝑅(𝑖 − 1). (4)

For ease of understanding, we show an example of the virtual values with 𝒗 = (4, 3, 2, 2, 1) in Fig.
1.

Lemma 1 (Restatement of Theorem 2.4 in [Hartline and Yan, 2011]). Let X ⊆ [0, 1]𝑛 be a

symmetric set and 𝜙 is the virtual value of 𝒗, then the envy-free optimal revenue over X is

𝐸𝐹𝑂X (𝒗) = max
𝒙∈X

𝑛∑︁
𝑖=1

𝜙𝑖 · 𝑥𝑖 . (5)

Hence, 𝐸𝐹𝑂X (𝒗) can be seen as the optimal solution to a linear maximization problem over X
with virtual values as linear weights. So far we always assume that 𝒗 is in descending order, but
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(1, 4)

(2, 6)

(3, 6)

(4, 8)

(5, 5)

𝜙1 = 4

𝜙2 = 2

𝑅(𝑗)

𝜙3 = 1

𝜙4 = 1 𝜙5 = 0

𝑗

Fig. 1. An example of virtual values with bidder vector 𝒗 = (4, 3, 2, 2, 1). The points on the graph are ( 𝑗, 𝑗𝑣 𝑗 )
and the line represents 𝑅( 𝑗).

this is only for simplicity. If a value vector is not descending ordered, its envy-free optimal value is
calculated by first ordering it and then using Lemma 1. In other words, 𝐸𝐹𝑂X (𝒗) is a symmetric
function and the identification of the bidder doesn’t influence the benchmark.

2.3 Benchmark Decomposition Lemma
Another tool apart from the bid-independent combination trick is the following benchmark de-
composition lemma. With this lemma, we decompose the benchmark into parts that correspond to
different scenarios, then we can handle them separately.

Lemma 2 (Benchmark Decomposition with Prediction). Let M1 and M2 be truthful mecha-

nism and both with 1-consistency ratio against𝑂𝑃𝑇 benchmark. IfM1 is𝛼-robust against 𝑓1 benchmark

andM2 is 𝛽-robust against 𝑓2 benchmark. Then there is a truthful mechanism, which is 1-consistent
against 𝑂𝑃𝑇 and (𝛼 + 𝛽)-robust against 𝑓1 + 𝑓2 benchmark.

Proof. Consider the mechanism which runs M1 with probability 𝛼
𝛼+𝛽 and runs M2 with proba-

bility 𝛽

𝛼+𝛽 . LetM1 (𝒗) andM2 (𝒗) denote the total revenue generated by runningM1 andM2 on
instance 𝒗, respectively.

If the prediction is perfect, thenM1 (𝒗) = M2 (𝒗) = 𝑂𝑃𝑇 (𝒗) by the consistency ratio of them. So
the revenue of the combined mechanism is𝑂𝑃𝑇 (𝒗). Thus the combined mechanism is 1-consistent.
If the prediction is not perfect, then M1 (𝒗) ≥ 𝑓1 (𝒗)

𝛼
, M2 (𝒗) ≥ 𝑓2 (𝒗)

𝛽
. So the total revenue of

the combined mechanism is 𝛼
𝛼+𝛽

𝑓1 (𝒗)
𝛼

+ 𝛽

𝛼+𝛽
𝑓2 (𝒗)
𝛽

=
𝑓1 (𝒗)+𝑓2 (𝒗)

𝛼+𝛽 which means that the mechanism is
(𝛼 + 𝛽)-robust against 𝑓1 + 𝑓2 benchmark. □

Chen et al. [2015] first proposes the benchmark decomposition lemma in the competitive analysis
framework, Lemma 2 can be seen as a corresponding lemma in the consistency-robustness analysis
framework.

3 Digital Good Auction
In this section, we will discuss digital good auctions against F (2) and maxV benchmarks. Both
F (2) and maxV enjoy a property that is key to the analysis of the robustness ratio, they are both
dominated by 𝑂𝑃𝑇 (2) (𝒗) = 𝑂𝑃𝑇 ((𝑣2, 𝑣2, 𝑣3, . . . , 𝑣𝑛)).

Definition 2 (Benchmark domination). For two benchmark 𝑓1 and 𝑓2 over V := (R+)𝑛 , we say
𝑓1 dominates 𝑓2 if 𝑓1 (𝒗) ≥ 𝑓2 (𝒗),∀𝒗 ∈ V .
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Our result applies to all benchmarks dominated by 𝑂𝑃𝑇 (2) , specifically, we have the following
theorem.

Theorem 3. If benchmark 𝑓 is dominated by𝑂𝑃𝑇 (2)
and there is an 𝛼-competitive truthful mecha-

nism against 𝑓 , then there is a truthful mechanism, which is 1-consistent against𝑂𝑃𝑇 and (𝛼+2)-robust
against 𝑓 .

Let #(𝒗 ≠ 𝒗̂) denote the number of wrong predictions. To prove the theorem, we decompose
𝑓 (𝒗) = 𝑓 (𝒗) · I[#(𝒗 ≠ 𝒗̂) ≤ 1] + 𝑓 (𝒗) · I[#(𝒗 ≠ 𝒗̂) ≥ 2] . (6)

We design 1-consistent mechanisms for the above two benchmarks respectively. Then we use
Lemma 2 to obtain a mechanism for 𝑓 (𝒗) benchmark. The mechanism for 𝑓 (𝒗) · I[#(𝒗 ≠ 𝒗̂) ≥ 2] is
obtained via the bid-independent combination trick.
Mechanism 1. We first run the black-box mechanism M and calculate the allocation rule and

payment rule of every bidder. For each bidder 𝑖 , if 𝒗−𝑖 = 𝒗̂−𝑖 , then offer price 𝑣𝑖 to bidder 𝑖 ; if 𝒗−𝑖 ≠ 𝒗̂−𝑖 ,
we apply the black-box mechanism M on bidder 𝑖 .

Mechanism 1 is a bid-independent combination of 𝑂𝑃𝑇 (𝒗̂) andM, thus it is 1-consistent and
truthful. Moreover, it maintains the robustness ofM when against the benchmark 𝑓 (𝒗) · I[#(𝒗 ≠

𝒗̂) ≥ 2].
Lemma 3. If M is 𝛼-competitive against 𝑓 , then Mechanism 1 is truthful, and it is 1-consistent

against 𝑂𝑃𝑇 (𝒗) and 𝛼-robust against 𝑓 (𝒗) · I[#(𝒗 ≠ 𝒗̂) ≥ 2].
Proof. We only prove the robustness ratio. When #(𝒗 ≠ 𝒗̂) ≥ 2, for any bidder 𝑖 , there is at least

one incorrect prediction other than 𝑖 . Therefore Mechanism 1 runs M for every bidder, thus its
revenue is at least 1

𝛼
𝑓 (𝒗) by the competitive ratio of M. Then Mechanism 1 is 𝛼-robust against

𝑓 (𝒗) · I[#(𝒗 ≠ 𝒗̂) ≥ 2]. □

We then use the 𝑂𝑃𝑇 (𝒗̂) mechanism to deal with the robustness in the case of one wrong
prediction value.

Mechanism 2. Use 𝑂𝑃𝑇 (𝒗̂) mechanism, that is, offer price 𝑣𝑖 to bidder 𝑖 .

Lemma 4. Mechanism 2 is truthful and it is 1-consistent against 𝑂𝑃𝑇 (𝒗) and 2-robust against
𝑓 (𝒗) · I[#(𝒗 ≠ 𝒗̂) ≤ 1].
Proof. The truthfulness and consistency are obvious. We only prove the robustness ratio. If

#(𝒗 ≠ 𝒗̂) = 1, let 𝑗 be the bidder with the wrong prediction. Since the predictions for bidders other
than 𝑗 are correct, they will accept the price. Thus the revenue is

∑
𝑖≠𝑗 𝑣𝑖 ≥

∑
𝑖≥2 𝑣𝑖 = 𝑂𝑃𝑇 (2) (𝒗)−𝑣2.

Since 𝑣2 <
∑

𝑖≥2 𝑣𝑖 , we have 𝑂𝑃𝑇 (2) (𝒗) = 𝑣2 +
∑

𝑖≥2 𝑣𝑖 ≤ 2
∑

𝑖≥2 𝑣𝑖 . Therefore, we have∑︁
𝑖≠𝑗

𝑣𝑖 ≥
∑︁
𝑖≥2

𝑣𝑖 ≥
1
2𝑂𝑃𝑇

(2) (𝒗) ≥ 1
2 𝑓 (𝒗).

The last inequality is because 𝑂𝑃𝑇 (2) dominates 𝑓 . Thus Mechanism 2 is 2-robust against 𝑓 (𝒗) ·
I[#(𝒗 ≠ 𝒗̂) ≤ 1]. □

Then Theorem 3 is a direct corollary of Lemma 3, Lemma 4, and Lemma 2. In [Chen et al.,
2014], the authors show the existence of a 2.42-compeitive mechanism for F (2) benchmark and an
(𝑒 − 1)-competitive mechanism for maxV benchmark, which leads to the following corollary.
Corollary 1. There is a truthful mechanism, which is 1-consistent against 𝑂𝑃𝑇 and 4.42-robust

against F (2)
-benchmark. Moreover, there is a truthful mechanism, which is 1-consistent against 𝑂𝑃𝑇

and (𝑒 + 1)-robust against maxV benchmark.
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4 Downward-Closed Permutation Environments
In this section, we propose the mechanism for the general downward-closed permutation environ-
ment auction. In this general environment, the literature only considers 𝐸𝐹𝑂 (2)

X benchmark and we
take it as our benchmark for the robustness ratio.
Without loss of generality, we assume that for any bidder, the allocation vector 𝒆𝑖 that only

serves bidder 𝑖 with probability 1 is feasible. To begin with, we first give a decomposition of the
benchmark. Note that 𝐸𝐹𝑂X is sub-additive and monotone, so

𝐸𝐹𝑂
(2)
X (𝒗) = 𝐸𝐹𝑂X (𝒗 (2) ) ≤ 𝐸𝐹𝑂X ((𝑣2, 𝑣2, 0, . . . , 0︸  ︷︷  ︸

𝑛−2

)) + 𝐸𝐹𝑂
(3)
X (𝒗) ≤ 2𝑣2 + 𝐸𝐹𝑂

(3)
X (𝒗).

Then, we have,

𝐸𝐹𝑂
(2)
X (𝒗) ≤ 𝐸𝐹𝑂

(2)
X (𝒗) · I[#(𝒗 ≠ 𝒗̂) ≥ 3]︸                               ︷︷                               ︸

Multiple Errors Benchmark

+ 2𝑣2 · I[#(𝒗 ≠ 𝒗̂) = 2]︸                    ︷︷                    ︸
Sensitive Benchmark

+ 𝐸𝐹𝑂
(2)
X (𝒗) · I[#(𝒗 ≠ 𝒗̂) ≤ 1] + 𝐸𝐹𝑂

(3)
X (𝒗) · I[#(𝒗 ≠ 𝒗̂) = 2︸                                                                       ︷︷                                                                       ︸

Insensitive Benchmarks

] . (7)

As you can see, we decompose the benchmark into 3 parts, and we will design learning-augmented
mechanisms for these 3 parts respectively.

Before diving into these mechanisms, we first introduce an important mechanism that will replace
the mechanism𝑂𝑃𝑇X (𝒗̂) for ensuring the consistency ratio in our mechanism for downward-closed
environments. The mechanism is a modified variant of weakest competitor VCG mechanism [Krishna
and Perry, 1998], we call it Discard-and-Limit Weakest Competitor VCG Mechanism. Compared
with 𝑂𝑃𝑇X (𝒗̂), the allocation rule of this mechanism is computed according to both the bids and
predictions rather than only predictions. This fact is beneficial to the design of our bid-independent
combination mechanism1.

Discard-and-Limit Weakest Competitor VCG Mechanism.
2 Given the predicted value vector 𝒗̂,

we first define a Discard-and-Limit operator DaL𝒗̂ . Given the input bid vector 𝒃 , DaL𝒗̂ outputs a
bid vector 𝒃̃ such that 𝑏𝑖 = 0 if 𝑏𝑖 < 𝑣𝑖 ; 𝑏𝑖 = 𝑣𝑖 if 𝑏𝑖 ≥ 𝑣𝑖 . Without ambiguity, we also use DaL𝒗̂ (𝒃)
to represent 𝒃̃ . Let 𝒙DWC-VCG,𝒑DWC-VCG denote the allocation and the payment of the mechanism
respectively. The mechanism first changes the bid vector using a Discard-and-Limit operator
DaL𝒗̂ . Then the mechanism uses the allocation that maximizes the social welfare with bid vector
DaL𝒗̂ (𝒃), that is, 𝒙DWC-VCG = argmax𝒙∈X

∑
𝑖∈[𝑛] 𝑥𝑖 · DaL𝑣𝑖 (𝑏𝑖 ). Note that we always break ties such

that 𝑥DWC-VCG,𝑖 = 0 if DaL𝑣𝑖 (𝑏𝑖 ) = 0. The payment 𝑝DWC-VCG,𝑖 of the bidder 𝑖 is

𝑝DWC-VCG,𝑖 = max
𝒙∈X

(
𝑥𝑖 · 𝑣𝑖 +

∑︁
𝑗≠𝑖

𝑥 𝑗 · DaL𝑣𝑗 (𝑏 𝑗 )
)
−

∑︁
𝑗≠𝑖

𝑥DWC-VCG, 𝑗 · DaL𝑣𝑗 (𝑏 𝑗 ). (8)

To ensure the individual rationality, if 𝑖 ∈ I := {𝑖 | 𝑥DWC-VCG,𝑖 · 𝑏𝑖 < 𝑝DWC-VCG,𝑖 }, we set both
𝑥DWC-VCG,𝑖 and 𝑝DWC-VCG,𝑖 to 0. At last, we use DWC-VCG𝒗̂ to denote the Discard-and-Limit Weakest
Competitor VCG Mechanism with parameter 𝒗̂.

We first show some properties of the Discard-and-Limit weakest competitor VCG mechanism.

1Using𝑂𝑃𝑇X (𝒗̂) to guarantee consistency is also possible, but the resulting mechanism and proof are more sophisticated.
2The naming of this mechanism may seem confusing at first, but the reader should understand the naming after we define
its error-tolerant version in Section 5.
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Lemma 5 (Proof is in Appendix C.1). Given bid vector 𝒃 and 𝒗̂. The payment 𝑝DWC-VCG,𝑖 calculated

from (8) satisfies 𝑝DWC-VCG,𝑖 ≥ 𝑥DWC-VCG,𝑖 · 𝑣𝑖 . If 𝑏𝑖 ≥ 𝑣𝑖 , then 𝑥DWC-VCG,𝑖 · 𝑏𝑖 ≥ 𝑝DWC-VCG,𝑖 , i.e. 𝑖 ∉ I.

Lemma 6 (Proof is in Appendix C.2). The Discard-and-LimitWeakest Competitor VCGMechanism

is truthful.

Lemma 7. The total expected revenue of DWC-VCG𝒗̂ is at least 𝑂𝑃𝑇X (DaL𝒗̂ (𝒗)).

Proof. For bidder 𝑖 with 𝑣𝑖 ≥ 𝑣𝑖 , by Lemma 5, 𝑝DWC-VCG,𝑖 ≥ 𝑥DWC-VCG,𝑖 · 𝑣𝑖 = 𝑥DWC-VCG,𝑖 · DaL𝑣𝑖 (𝑣𝑖 ).
Then the total expected revenue is at least∑︁

𝑣𝑖 ≥𝑣𝑖
𝑥DWC-VCG,𝑖 · DaL𝑣𝑖 (𝑣𝑖 ) =

∑︁
𝑖∈[𝑛]

𝑥DWC-VCG,𝑖 · DaL𝑣𝑖 (𝑣𝑖 ) = 𝑂𝑃𝑇X (DaL𝒗̂ (𝒗))

where the first equality is because DaL(𝑣𝑖 ) = 0 when 𝑣𝑖 < 𝑣𝑖 . □

4.1 Handling Multiple Errors Benchmark
Recall the Mechanism 1, if we use a similar version here, the outcome may be infeasible when
#(𝒗 ≠ 𝒗̂) = 1. Let 𝑗 be the bidder with the wrong prediction. In this case, 𝑗 is applied with the
DWC-VCG𝒗̂ mechanism, and the others are applied with the black-box mechanism. The simultaneous
operation of these two different mechanisms may result in conflicts and compromise the feasibility
of the allocation. However, it is inevitable to have multiple mechanisms running simultaneously.
Our idea is to use a special mechanism that can run together with any other mechanism to bridge
DWC-VCG𝒗̂ and M. In the downward-closed environment, this special mechanism is to reject all the
bidders. We useM∅ to denote this rejection mechanism. Then we propose the following mechanism,
which is a bid-independent combination of DWC-VCG𝒗̂,M andM∅.

Mechanism 3. For each bidder 𝑖 , if #(𝒗−𝑖 ≠ 𝒗̂−𝑖 ) = 0, run DWC-VCG𝒗̂ on the bidder 𝑖 . If #(𝒗−𝑖 ≠
𝒗̂−𝑖 ) = 1, reject bidder 𝑖 . If #(𝒗−𝑖 ≠ 𝒗̂−𝑖 ) ≥ 2, run M on bidder 𝑖 .

Lemma 8. Mechanism 3 is truthful and feasible. Under the symmetric downward-closed environment,

assuming thatM is 𝛼-competitive against 𝐸𝐹𝑂
(2)
X , Mechanism 3 is 1-consistent against𝑂𝑃𝑇X (𝒗) and

𝛼-robust against the benchmark 𝐸𝐹𝑂
(2)
X (𝒗) · I[#(𝒗 ≠ 𝒗̂) ≥ 3].

Proof. Truthfulness: Since #(𝒗−𝑖 ≠ 𝒗̂−𝑖 ) is independent with 𝑏𝑖 and Mechanism 3 is a bid-
independent combination of DWC-VCG𝒗̂ , M∅ and M, which are truthful. Then Mechanism 3 is
truthful.
Feasibility:When #(𝒗 ≠ 𝒗̂) = 0, Mechanism 3 degenerates to DWC-VCG𝒗̂ mechanism, thus it is

feasible. When #(𝒗 ≠ 𝒗̂) ≥ 3, then ∀𝑖 ∈ [𝑛], we have #(𝒗−𝑖 ≠ 𝒗̂−𝑖 ) ≥ 2, the mechanism degenerates
to M and becomes feasible. When #(𝒗 ≠ 𝒗̂) = 1, only DWC-VCG𝒗̂ and M∅ are active, then the
allocation is feasible since X is downward-closed. When #(𝒗 ≠ 𝒗̂) = 2, only M and M∅ are active,
the allocation is also feasible.
Consistency and robustness: When #(𝒗 ≠ 𝒗̂) = 0, Mechanism 3 degenerates to DWC-VCG𝒗̂ .

By Lemma 7, the expected revenue is at least 𝑂𝑃𝑇X (DaL𝒗̂ (𝒗)) = 𝑂𝑃𝑇X (𝒗). When #(𝒗 ≠ 𝒗̂) ≥ 3,
Mechanism 3 degenerates to M, thus it is 𝛼-competitive against 𝐸𝐹𝑂 (2)

X (𝒗). □

4.2 Handling Insensitive Benchmarks
With Mechanism 3, the remaining case is #(𝒗 ≠ 𝒗̂) = 1 or 2. In Section 3, we are only left with the
case #(𝒗 ≠ 𝒗̂) ≤ 1. Let us recall what we did to handle this case. Lemma 4 shows that even though
𝑂𝑃𝑇X (𝒗̂) operates solely based on the predicted values 𝒗̂, completely disregarding all bids, it still
has a nice 2-robustness ratio against F (2) · I[#(𝒗 ≠ 𝒗̂) = 1] benchmark. The main reason is, since

1166



Competitive Auctions with Imperfect Predictions EC ’24, July 8–11, 2024, New Haven, CT, USA

there is at most one bidder with the wrong prediction, we lose at most one bidder’s revenue and
F (2) (𝒗̂) is somewhat insensitive to the revenue loss of one bidder.
The insensitivity of F (2) can be shown also exist in the benchmark 𝐸𝐹𝑂

(2)
X . In fact, we prove a

stronger result showing that 𝐸𝐹𝑂 (𝑚)
X (𝒗) := 𝐸𝐹𝑂X (𝒗 (𝑚) ) is insensitive to the revenue loss of fewer

than𝑚 bidders. Here 𝒗 (𝑚) = (𝑣𝑚, . . . , 𝑣𝑚︸      ︷︷      ︸
𝑚

, 𝑣𝑚+1, . . . , 𝑣𝑛). To be specific, let 𝑆 ⊆ [𝑛] be a set of bidders,

𝒗−𝑆 denotes the value vector by setting the value of bidders in 𝑆 to 0. Then we have

Lemma 9 (Proof is in Appendix C.3). For any 𝒗, symmetric X, set 𝑆 ⊆ [𝑛] and positive integers
𝑚 with𝑚 > |𝑆 |, we have 𝐸𝐹𝑂X (𝒗−𝑆 ) ≥ 𝑚−|𝑆 |

𝑚
𝐸𝐹𝑂

(𝑚)
X (𝒗).

This lemma indicates that even if we ignore arbitrary an arbitrary set of 𝑠 bidders for 𝑠 < 𝑚, the
resulting 𝐸𝐹𝑂X benchmark is still left with a constant proportional part compared with 𝐸𝐹𝑂 (𝑚)

X (𝒗).
With these lemma, we prove that DWC-VCG𝒗̂ can tackle the benchmark 𝐸𝐹𝑂

(2)
X · I[#(𝒗 ≠ 𝒗̂) = 1]

and 𝐸𝐹𝑂
(3)
X · I[#(𝒗 ≠ 𝒗̂) = 2], since 𝐸𝐹𝑂 (2)

X is insensitive to one wrong prediction and 𝐸𝐹𝑂
(3)
X is

insensitive to two wrong predictions by Lemma 9.

Mechanism 4. Run DWC-VCG𝒗̂ on all bidders.

Lemma 10. Mechanism 4 is truthful and feasible. Moreover, it is 1-consistent against 𝑂𝑃𝑇X (𝒗) and
3-competitive against the benchmark 𝐸𝐹𝑂

(2)
X (𝒗) · I[#(𝒗 ≠ 𝒗̂) = 1] + 𝐸𝐹𝑂

(3)
X I[#(𝒗 ≠ 𝒗̂) = 2].

Proof. Let 𝒙 be the allocation of Mechanism 4.
Truthfulness is due to Lemma 6. Feasibility is obvious.
Consistency and robustness:By Lemma 7, the total expected revenue is at least𝑂𝑃𝑇X (DaL𝒗̂ (𝒗)).

When #(𝒗 ≠ 𝒗̂) = 0, DaL𝒗̂ (𝒗) = 𝒗. Therefore the expected revenue is 𝑂𝑃𝑇X (𝒗).
When #(𝒗 ≠ 𝒗̂) ≥ 1, let 𝑆 := {𝑘 | 𝑣𝑘 ≠ 𝑣𝑘 }, then DaL𝒗̂ (𝒗) ≥ 𝒗−𝑆 . For any𝑚 ≥ 1,

𝑂𝑃𝑇X (DaL𝒗̂ (𝒗)) ≥ 𝑂𝑃𝑇X (𝒗−𝑆 ) ≥ 𝐸𝐹𝑂X (𝒗−𝑆 ) ≥
𝑚 + 1 − |𝑆 |

𝑚 + 1 𝐸𝐹𝑂
(𝑚+1)
X (𝒗).

The last inequality is because Lemma 9. Let𝑚 = 2 and𝑚 = 3, we have the expected revenue is at
least

max
{
1
2𝐸𝐹𝑂

(2)
X (𝒗) · I[#(𝒗 ≠ 𝒗̂) = 1], 13𝐸𝐹𝑂

(3)
X (𝒗) · I[#(𝒗 ≠ 𝒗̂) = 2]

}
≥ 𝐸𝐹𝑂

(2)
X (𝒗) · I[#(𝒗 ≠ 𝒗̂) = 1] + 𝐸𝐹𝑂

(3)
X (𝒗) · I[#(𝒗 ≠ 𝒗̂) = 2] .

□

4.3 Handling Sensitive Benchmark
Now we focus on the remaining 2𝑣2 · I[#(𝒗 ≠ 𝒗̂) = 2] benchmark. To tackle this benchmark, we
slightly modify the single-item Vickrey auction and use the bid-independent combination of this
modified version and 𝑂𝑃𝑇X (𝒗̂). Since we are now facing a concrete mechanism rather than a
black box, we can further leverage the properties of the single-item Vickrey auction to address the
feasibility issue.

Before proceeding with the next proofs, let us first elaborate on the tie-breaking rule of DWC-VCG𝒗̂ ,
which is crucial for the subsequent proof. Let 𝒙∗ be the allocation of DWC-VCG𝒗̂ , we require that
𝑥∗𝑖 ≥ 𝑥∗𝑗 for all 𝑖 < 𝑗 . The following lemma ensures that we can meet this requirement.

Lemma 11 (Proof is in Appendix C.4). For symmetric X, there exist a solution 𝒙∗
such that

𝒙∗ = argmax𝒙∈X
∑𝑛

𝑖=1 𝑥𝑖 · 𝑣𝑖 and for any 𝑖 < 𝑗 , we have 𝑥∗𝑖 ≥ 𝑥∗𝑗 .
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Since 2𝑣2 benchmark is sensitive to two wrong predictions, we have no hope of obtaining a
bounded robustness ratio if we still use a bid-independent combination of mechanisms that do not
make use of the bids. Our mechanism is based on a modified version of the single-item Vickrey
auction (that is, serve the bidder 1 with probability 1 and offer the second highest bid as the payment
of the bidder 1). After the modification, it can run concurrently with 𝑂𝑃𝑇X (𝒗̂), which addresses
the feasibility issue of the bid-independent combination approach. Also, it guarantees at least half
the revenue of the original single-item Vickrey auction.

Restricted Single-Item Vickrey Auction. Let 𝒙∗ be the allocation of DWC-VCG𝒗̂ and 𝒙 be the allocation
of single-item Vickrey auction (i.e. 𝑥1 = 1, 𝑥𝑖 = 0,∀𝑖 ≠ 1). Given any bidder 𝑗 , we slightly modify the
single-item Vickrey auction by restricting the allocation of the only winner. Let 𝜌 : [𝑛] → [𝑛] be
the decreasing order of entries of DaL𝒗̂ (𝒗), if there are two bidders 𝑖, 𝑗 with DaL𝑣𝑖 (𝑣𝑖 ) = DaL𝑣𝑗 (𝑣 𝑗 ),
we break ties such that 𝜌 is consistent with the index order. That is, if 𝑣𝑖 = 𝑣 𝑗 , DaL𝑣𝑖 (𝑣𝑖 ) = DaL𝑣𝑗 (𝑣 𝑗 )
and 𝑖 < 𝑗 , we set 𝜌 (𝑖) < 𝜌 ( 𝑗), and vice versa. Then the allocation vector 𝒙 𝑗,↓ of the restricted
single-item Vickrey auction is defined by 𝑥 𝑗,↓

1 = max{𝑥∗
𝜌 (1) , 1− 𝑥∗𝑗 } and 𝑥

𝑗,↓
𝑖

= 0,∀𝑖 ≠ 1. When there
is no ambiguity in the context, we omit 𝑗 and use the notation 𝒙↓ in place of 𝒙 𝑗,↓. This allocation rule
is monotone and we can charge the threshold bidding (i.e. 𝑣2) as the unit price, which ensures the
truthfulness of the mechanism. We use the notation ResVic𝑗 to refer to the restricted single-item
Vickrey auction.

Our mechanism for 2𝑣2 · I[#(𝒗̂ ≠ 𝒗) = 2] is a bid-independent combination of DWC-VCG𝒗̂ , ResVic𝑗 ,
and original single-item Vickrey auction. Therefore it is truthful.

Mechanism 5. For each bidder 𝑖 , run DWC-VCG𝒗̂ on 𝑖 if 𝒗−𝑖 = 𝒗̂−𝑖 . If #(𝒗−𝑖 ≠ 𝒗̂−𝑖 ) = 1, let 𝑗 ≠ 𝑖 be

the bidder with the wrong prediction, run ResVic𝑗 on 𝑖 . If #(𝒗−𝑖 ≠ 𝒗̂−𝑖 ) ≥ 2, run single-item Vickrey

auction on 𝑖 .

Lemma 12. Mechanism 5 outputs a feasible allocation. Moreover, Mechanism 5 is 1-consistent
against 𝑂𝑃𝑇X , 4-robust against the benchmark 2𝑣2 · I[#(𝒗 ≠ 𝒗̂) = 2].

Proof. Feasibility:When #(𝒗 ≠ 𝒗̂) = 1, let 𝑗 be the bidder with the wrong prediction. In this
case, 𝑗 is applied with DWC-VCG𝒗̂ , and others are applied with ResVic𝑗 . Let the allocation be 𝒙 , We
have 𝑥 𝑗 = 𝑥∗𝑗 , 𝑥𝑖 = 𝑥

↓
𝑖
,∀𝑖 ≠ 𝑗 . Note that 𝑥 ↓

𝑖
> 0 only when 𝑖 = 1. If 𝑗 = 1, then 𝒙 ≤ 𝒆1 thus 𝒙

is feasible. If 𝑣 𝑗 < 𝑣 𝑗 , then 𝑥 𝑗 = 0 and the feasibility holds. Therefore, we assume 𝑣 𝑗 > 𝑣 𝑗 and
𝑗 ≠ 1 below. Under this assumption, 𝑗 ≠ 𝜌 (1), otherwise 𝑣 𝑗 > 𝑣 𝑗 = 𝑣𝜌 (1) = DaL𝑣𝜌 (1) (𝑣𝜌 (1) ) ≥
DaL𝑣𝑘 (𝑣𝑘 ) = 𝑣𝑘 ,∀𝑘 ≠ 𝑗 , thus 𝑗 = 1, which is contradict to our assumption. By the definition of
ResVic𝑗 , 𝑥1 = max{𝑥∗

𝜌 (1) , 1−𝑥∗𝑗 }. If 𝑥1 = 𝑥∗
𝜌 (1) , we have 𝒙 = 𝑥∗

𝜌 (1)𝒆1 +𝑥
∗
𝑗 𝒆 𝑗 . Since 𝜌 (1) ≠ 𝑗 , we have

𝑥∗
𝜌 (1)𝒆𝜌 (1) + 𝑥

∗
𝑗 𝒆 𝑗 ≤ 𝒙∗ ∈ X, then 𝒙 ∈ X by the symmetry of X since 𝒆 𝑗X and 𝒆1 ∈ X. If 𝑥1 = 1 − 𝑥∗𝑗 ,

then 𝒙 = 𝑥∗𝑗 𝒆 𝑗 + (1 − 𝑥∗𝑗 )𝒆1 ∈ X by the convexity of X. Therefore 𝒙 ∈ X.
When #(𝒗 ≠ 𝒗̂) ≥ 2, all bidders are applied with the single-item Vickrey auction or its restricted

version, only 𝑥1 > 0, so the allocation is feasible.
Consistency: If 𝒗 = 𝒗̂, the mechanism degenerates to DWC-VCG𝒗̂ . Thus the consistency ratio is 1.
Robustness:It is enough to consider the revenue when #(𝒗 ≠ 𝒗̂) = 2. In this situation, if

#(𝒗−1 ≠ 𝒗̂−1) ≥ 2, then bidder 1 is applied with single-item Vickrey auction and pay 𝑣2, thus the
revenue is at least 𝑣2. If #(𝒗−1 ≠ 𝒗̂−1) = 1, let 𝑗 ≠ 1 be the bidder with the wrong prediction, the
bidder 1 is applied with ResVic𝑗 , and pays max{𝑥∗

𝜌 (1) , 1−𝑥∗𝑗 } · 𝑣2. Since DaL𝑣𝑗 (𝑣 𝑗 ) ≤ DaL𝑣𝜌 (1) (𝑣𝜌 (1) )
and Lemma 11, we have 𝑥∗

𝜌 (1) ≥ 𝑥∗𝑗 , then max{𝑥∗
𝜌 (1) , 1 − 𝑥∗𝑗 } ≥ max{𝑥∗𝑗 , 1 − 𝑥∗𝑗 } ≥ 1

2 , thus the
revenue is at least 𝑣2

2 . Overall, the robustness ratio is at most 4. □
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4.4 Overall Mechanism
Our overall mechanism for 𝐸𝐹𝑂 (2)

X benchmark is running Mechanism 3, Mechanism 4, Mechanism 5
with probability 𝛼

𝛼+7 ,
3

𝛼+7 ,
4

𝛼+7 respectively where 𝛼 is the competitive ratio of the black-box
mechanism. The following theorem holds immediately from Lemma 2.

Theorem 4. If there is an 𝛼-competitive truthful mechanism against 𝐸𝐹𝑂
(2)
X for the downward-

closed permutation environment, then there is a truthful mechanism with 1-consistency ratio against

𝑂𝑃𝑇X , (𝛼 + 7)-robustness ratio against 𝐸𝐹𝑂 (2)
X for the auctions with downward-closed permutation

environment.

Since there is a 6.5-competitive truthful mechanism against 𝐸𝐹𝑂 (2)
X for the downward-closed

permutation environment [Chen et al., 2015], we have the following corollary.

Corollary 2. There is a truthful mechanismwith 1-consistency ratio against𝑂𝑃𝑇X , 13.5-robustness
ratio against 𝐸𝐹𝑂

(2)
X for the auctions with downward-closed permutation environment.

5 Error-Tolerant Design
Though the mechanisms proposed in the previous sections have a perfect 1-consistency guarantee,
they fail if the prediction is imperfect. We cannot guarantee a good competitive ratio with 𝑂𝑃𝑇

benchmark even if the error is very small. In other words, our mechanisms have very poor error-
tolerant ability. Our task in this section is to give a more practical error-tolerant version of the
mechanisms we propose. Our error-tolerant mechanisms are obtained by modifying the mechanism
in the previous sections.

There are two ideas used in ourmodification. The first is, given a confidence level𝛾 ≥ 1, we replace
#(𝒗−𝑖 ≠ 𝒗̂−𝑖 )with #𝛾 (𝒗−𝑖 ≠ 𝒗̂−𝑖 ) in all mechanisms. Here #𝛾 (𝒗−𝑖 ≠ 𝒗̂−𝑖 ) := #

{
𝑗 ≠ 𝑖 | 𝑣 𝑗 > 𝛾𝑣 𝑗 or 𝑣 𝑗 < 1

𝛾
𝑣 𝑗

}
.

The second is that we replace the sub-mechanism used to guarantee perfect consistency with an-
other mechanism that guarantees a good competitive ratio when 𝑣𝑖 ∈ [ 1

𝛾
𝑣𝑖 , 𝛾𝑣𝑖 ],∀𝑖 ∈ [𝑛]. In this

section, we present the error-tolerant mechanisms for digital good auctions and auctions with
downward-closed permutation environments respectively.
Before we present our mechanisms, motivated by the random expansion technique proposed

by Balcan et al. [2024], we first define a distribution of price. Given parameters 𝜆 > 1, 𝒗̂, 𝛾 , we
let distribution P𝒗̂,𝜆,𝛾 be a uniform distribution over

{
𝜆𝑖

𝛾
𝑣 | 𝜆𝑖

𝛾
𝑣 ≤ 𝛾𝑣, 𝑖 ∈ Z ∩ [0, +∞)

}
. Let 𝑝 be

sampled from P𝒗̂,𝜆,𝛾 , then Pr
(
𝑝 = 𝜆𝑖

𝛾
𝑣

)
= 1

⌈log𝜆 (𝛾2) ⌉ when 𝑣 > 0.
LetM be an 𝛼-competitive mechanism for digital good auctions, we modify Mechanism 1 and

Mechanism 2 as follows.

Mechanism 1̃. We first run the black-box mechanismM and calculate the allocation rule and

payment rule of every bidder. For each bidder 𝑖 , if #𝛾 (𝒗−𝑖 ≠ 𝒗̂−𝑖 ) = 0, then sample a price 𝑝𝑖 from

P𝑣𝑖 ,𝜆,𝛾 and offer it to bidder 𝑖 ; if #𝛾 (𝒗−𝑖 ≠ 𝒗̂−𝑖 ) ≥ 1, we apply the black-box mechanism M on

bidder 𝑖 .

Mechanism 2̃. Sample price 𝑝𝑖 from P𝑣𝑖 ,𝜆,𝛾 and offer 𝑝𝑖 to bidder 𝑖 .

Lemma 13. IfM is𝛼-competitive against 𝑓 , thenMechanism 1̃ is truthful, and it is (min{𝛾2, 𝜆}⌈log𝜆 (𝛾2)⌉)-
competitive against 𝑂𝑃𝑇 (𝒗) · I[#𝛾 (𝒗 ≠ 𝒗̂) = 0] and 𝛼-competitive against 𝑓 (𝒗) · I[#𝛾 (𝒗 ≠ 𝒗̂) ≥ 2].
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Proof. Since #𝛾 (𝒗−𝑖 ≠ 𝒗̂−𝑖 ) is independent with 𝑏𝑖 for any 𝛾 , the mechanism is still a bid-
independent combination. All the combined mechanisms are truthful, including the mechanism
applied when #𝛾 (𝒗−𝑖 ≠ 𝒗̂−𝑖 ) = 0, which is a bid-independent pricing. Therefore, the truthfulness is
straightforward.
When #𝛾 (𝒗 ≠ 𝒗̂) = 0, each bidder 𝑖 is offered with price 𝑝𝑖 that is sampled from P𝑣𝑖 ,𝜆,𝛾 . Since

𝑣𝑖 ∈ [ 1
𝛾
𝑣𝑖 , 𝛾𝑣𝑖 ], there exist 𝑘 ∈ Z such that 𝑣𝑖 ∈ [ 𝜆𝑘

𝛾
𝑣𝑖 ,

𝜆𝑘+1

𝛾
𝑣𝑖 ] and 𝜆𝑘

𝛾
𝑣𝑖 ∈ supp(P𝑣𝑖 ,𝜆,𝛾 ). By the

definition of P𝑣𝑖 ,𝜆,𝛾 , Pr(𝑝𝑖 = 𝜆𝑘

𝛾
𝑣𝑖 ) = 1

⌈log𝜆 (𝛾2) ⌉ . Conditioning on that 𝑝𝑖 = 𝜆𝑘

𝛾
𝑣𝑖 happens, the bidder

𝑖 pays 𝜆𝑘

𝛾
𝑣𝑖 ≥ 𝑣𝑖

min{𝛾2,𝜆} . Therefore, the expected revenue of the bidder 𝑖 is at least 𝑣𝑖
min{𝛾2,𝜆} ⌈log𝜆 (𝛾2) ⌉ ,

the expected total revenue is at least
∑

𝑖∈[𝑛] 𝑣𝑖
min{𝛾2,𝜆} ⌈log𝜆 (𝛾2) ⌉ =

𝑂𝑃𝑇 (𝒗)
min{𝛾2,𝜆} ⌈log𝜆 (𝛾2) ⌉ .

When #𝛾 (𝒗 ≠ 𝒗̂) ≥ 2, the mechanism degenerates to M, thus it guarantees a revenue of at least
𝑓 (𝒗)/𝛼 . □

Lemma 14. Mechanism 2̃ is truthful and it is (min{𝛾2, 𝜆}⌈log𝜆 (𝛾2)⌉)-competitive against𝑂𝑃𝑇 (𝒗) ·
I[#𝛾 (𝒗 ≠ 𝒗̂) = 0] and 2(min{𝛾2, 𝜆}⌈log𝜆 (𝛾2)⌉)-competitive against 𝑓 (𝒗) · I[#𝛾 (𝒗 ≠ 𝒗̂) ≤ 1].

Proof. The truthfulness and the competitive ratio when #𝛾 (𝒗 ≠ 𝒗̂) = 0 have been shown in
Lemma 13. When #𝛾 (𝒗 ≠ 𝒗̂) = 1, let 𝑗 denote the bidder with 𝑣 𝑗 ∉ [ 1

𝛾
𝑣 𝑗 , 𝛾𝑣 𝑗 ]. Since for each

bidder 𝑖 ≠ 𝑗 , we have 𝑣𝑖 ∈ [ 1
𝛾
𝑣𝑖 , 𝛾𝑣𝑖 ]. Then by the same analysis, the bidder 𝑖 will pay at least

𝑣𝑖
min{𝛾2,𝜆} ⌈log𝜆 (𝛾2) ⌉ in expectation. Thus the expected revenue is at least∑

𝑖≠𝑗 𝑣𝑖

min{𝛾2, 𝜆}⌈log𝜆 (𝛾2)⌉
≥

∑
𝑖≥2 𝑣𝑖

min{𝛾2, 𝜆}⌈log𝜆 (𝛾2)⌉
≥ 𝑂𝑃𝑇 (2) (𝒗)

2min{𝛾2, 𝜆}⌈log𝜆 (𝛾2)⌉
≥ 𝑓 (𝒗)

2min{𝛾2, 𝜆}⌈log𝜆 (𝛾2)⌉
.

Thus we get the competitive ratio when #𝛾 (𝒗 ≠ 𝒗̂) ≤ 1. □

Run Mechanism 1̃ with probability 𝛼
𝛼+2min{𝛾2,𝜆} ⌈log𝜆 (𝛾2) ⌉ and Mechanism 2̃ with probability

2min{𝛾2,𝜆} ⌈log𝜆 (𝛾2) ⌉
𝛼+2min{𝛾2,𝜆} ⌈log𝜆 (𝛾2) ⌉ , since we have the decomposition

𝑓 (𝒗) = 𝑓 (𝒗) · I[#𝛾 (𝒗 ≠ 𝒗̂) ≤ 1] + 𝑓 (𝒗) · I[#𝛾 (𝒗 ≠ 𝒗̂) ≥ 2],

we obtain the following theorem immediately.

Theorem 5 (error-tolerant design of digital good auctions). Define the predicted error
rate

𝜂 = max
𝑖∈[𝑛]

{
𝑣𝑖

𝑣𝑖
,
𝑣𝑖

𝑣𝑖

}
.

If benchmark 𝑓 is dominated by 𝑂𝑃𝑇 (2)
and there is an 𝛼-competitive truthful mechanism against 𝑓 ,

then given parameter 𝜆 and confidence level 𝛾 , there is a truthful mechanismM 𝒗̂
𝜆,𝛾

for digital good

auctions, whose revenue M 𝒗̂
𝜆,𝛾

(𝒗) satisfies:

• If 𝜂 ≤ 𝛾 , M 𝒗̂
𝜆,𝛾

(𝒗) ≥ 𝑂𝑃𝑇 (𝒗)
min{𝛾2,𝜆} ⌈log𝜆 (𝛾2) ⌉ .

• If 𝜂 > 𝛾 , M 𝒗̂
𝜆,𝛾

(𝒗) ≥ 𝑓 (𝒗)
𝛼+2min{𝛾2,𝜆} ⌈log𝜆 (𝛾2) ⌉ .

Next, we present the error-tolerant mechanism for the auctions with downward-closed envi-
ronments. We first define the error-tolerant version of our Discard-and-Limit Weakest competitor
VCG mechanism.
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Discard-and-Limit Weakest Competitor VCG Mechanism (Error-Tolerant). Given confidence level
𝛾 , the mechanism accepts a predicted value 𝑣𝑖 and a private value lower bound 𝑣 ↓

𝑖
∈ [ 1

𝛾
𝑣𝑖 , 𝛾𝑣𝑖 ] as

the parameters for each bidder 𝑖 . The Discard-and-Limit operator is redefined here, and we use
DaL𝒗̂,𝛾 to denote the new Discard-and-Limit operator as it accepts a new parameter 𝛾 compared
to the one in Section 4. Given the input bid vector 𝒃 , DaL𝒗̂,𝛾 outputs a bid vector 𝒃̃ such that
𝑏𝑖 = 0 if 𝑏𝑖 < 1

𝛾
𝑣𝑖 ; 𝑏𝑖 = min{𝑏𝑖 , 𝛾𝑣𝑖 } if 𝑏𝑖 ≥ 1

𝛾
𝑣𝑖 . Without ambiguity, we also use DaL𝒗̂,𝛾 (𝑏𝑖 ) to

represent 𝑏𝑖 . The mechanism preprocesses the bid vector using DaL𝒗̂,𝛾 . Denote 𝒗↓ := (𝑣 ↓1 , 𝑣
↓
2 , . . . , 𝑣

↓
𝑛).

Let 𝒙DWC-VCG,𝒑DWC-VCG denote the allocation and the payment of the mechanism respectively. The
mechanism uses the allocation that maximizes the social welfare with bid vector DaL𝒗̂,𝛾 (𝒃), that
is, 𝒙DWC-VCG = argmax𝒙∈X

∑
𝑖∈[𝑛] 𝑥𝑖 · DaL𝒗̂,𝛾 (𝑏𝑖 ), here we use DaL𝒗̂,𝛾 (𝑏𝑖 ) to denote the 𝑖-th bid of the

bid vector DaL𝒗̂,𝛾 (𝒃). Note that we always break ties such that 𝑥DWC-VCG,𝑖 = 0 if DaL(𝑏𝑖 ) = 0. The
payment 𝑝DWC-VCG,𝑖 of the bidder 𝑖 is

𝑝DWC-VCG,𝑖 = max
𝒙∈X

(
𝑥𝑖 · 𝑣 ↓𝑖 +

∑︁
𝑗≠𝑖

𝑥 𝑗 · DaL𝒗̂,𝛾 (𝑏𝑖 )
)
−

∑︁
𝑗≠𝑖

𝑥DWC-VCG, 𝑗 · DaL𝒗̂,𝛾 (𝑏𝑖 ). (9)

To ensure the individual rationality, if 𝑖 ∈ I := {𝑖 | 𝑥DWC-VCG, 𝑗 ·𝑏𝑖 < 𝑝DWC-VCG,𝑖 }, we set both 𝑥DWC-VCG, 𝑗
and 𝑝DWC-VCG, 𝑗 to 0. At last, we use DWC-VCG𝒗↓,𝛾,𝒗̂ to denote the error-tolerant Discard-and-Limit
Weakest Competitor VCG Mechanism with parameter 𝒗↓, 𝛾 and 𝒗̂.

Let M be an 𝛼-competitive mechanism for auctions with downward-closed permutation envi-
ronments, we modify Mechanism 3, Mechanism 4 and Mechanism 5 as follows.

Pre-sampling. Before all the following mechanisms start, we first sample 𝑣 ↓
𝑖
from P𝑣𝑖 ,𝜆,𝛾

independently for each 𝑖 . This pre-sampling procedure determines the parameter 𝒗↓ used for
the Discard-and-Limit Weakest Competitor VCG Mechanism.

Mechanism 3̃. For each bidder 𝑖 , if #𝛾 (𝒗−𝑖 ≠ 𝒗̂−𝑖 ) = 0, run DWC-VCG𝒗↓,𝛾,𝒗̂ mechanism on the

bidder 𝑖 . If #𝛾 (𝒗−𝑖 ≠ 𝒗̂−𝑖 ) = 1, reject bidder 𝑖 . If #𝛾 (𝒗−𝑖 ≠ 𝒗̂−𝑖 ) ≥ 2, run M on bidder 𝑖 .

Mechanism 4̃. Run DWC-VCG𝒗↓,𝛾,𝒗̂ on all bidders.

Mechanism 5̃. For each bidder 𝑖 , run DWC-VCG𝒗↓,𝛾,𝒗̂ on 𝑖 if #𝛾 (𝒗−𝑖 ≠ 𝒗̂−𝑖 ) = 0. If #𝛾 (𝒗−𝑖 ≠

𝒗̂−𝑖 ) = 1, let 𝑗 be the bidder with 𝑣 𝑗 ∉ [ 1
𝛾
𝑣 𝑗 , 𝛾𝑣 𝑗 ], run ResVic𝑗 on 𝑖 and the order 𝜌 used in

ResVic𝑗 should be modified to the decreasing order of entries in DaL𝒗̂,𝛾 (𝒗). If #𝛾 (𝒗−𝑖 ≠ 𝒗̂−𝑖 ) ≥ 2,
run single-item Vickrey auction on 𝑖 .

Our error-tolerantmechanism is to runMechanism 3̃, Mechanism 4̃, Mechanism 5̃with probability
𝛼

𝛼+4+3min{𝛾2,𝜆} ⌈log𝜆 (𝛾2) ⌉ ,
4

𝛼+4+3min{𝛾2,𝜆} ⌈log𝜆 (𝛾2) ⌉ and
3min{𝛾2,𝜆} ⌈log𝜆 (𝛾2) ⌉

𝛼+4+3min{𝛾2,𝜆} ⌈log𝜆 (𝛾2) ⌉ respectively.

Theorem 6 (error-tolerant design of auctions with downward-closed environments).
Define the predicted error rate 𝜂 as in Theorem 5. If there is an 𝛼-competitive truthful mechanism

against 𝐸𝐹𝑂
(2)
X , then given parameter 𝜆 and confidence level 𝛾 , there is a truthful mechanismM 𝒗̂

𝜆,𝛾

for auctions with downward-closed permutation environments, whose revenue M 𝒗̂
𝜆,𝛾

(𝒗) satisfies:

• If 𝜂 ≤ 𝛾 , M 𝒗̂
𝜆,𝛾

(𝒗) ≥ 𝑂𝑃𝑇X (𝒗)
min{𝛾2,𝜆} ⌈log𝜆 (𝛾2) ⌉ .

• If 𝜂 > 𝛾 , M 𝒗̂
𝜆,𝛾

(𝒗) ≥ 𝐸𝐹𝑂
(2)
X (𝒗)

𝛼+4+3min{𝛾2,𝜆} ⌈log𝜆 (𝛾2) ⌉ .
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The proof of Theorem 6 is omitted and it can be found in the full version.

6 Lower Bound for Perfect Consistency Mechanism
We prove the lower bound for the digital good auction in the 2-bidders case and we do not order
the private value vector in this section. LetM be a truthful mechanism with 1-consistency ratio.
Fix the prediction 𝒗̂ = (1, 𝑁 ), here 𝑁 is a number to be determined later. We prove our lower bound
by a probabilistic method argument. We consider the distribution of the private value vector of
bidders. The distribution is defined as a conditional distribution of the so-called equal-revenue
distribution, which is used to prove the competitive ratio lower bound of the digital good auction.
The probability density function of the equal-revenue distribution is 𝑔(𝒗) = 1

𝑣21𝑣
2
2
,∀𝒗 ∈ [1,∞)2, we

denote the distribution G. Define𝑉 := [
√
𝑁, 𝑁 ]2, the distribution we need is simply the conditional

distribution of the equal-revenue distribution given that the event 𝒗 ∈ 𝑉 happens. We denote the
distribution G|𝑉 and its probability density 𝑔 |𝑉 . Formally, since

Pr
𝒗∼G

(𝒗 ∈ 𝑉 ) =
∫ 𝑁

√
𝑁

∫ 𝑁

√
𝑁

1
𝑣21𝑣

2
2
𝑑𝑣1𝑑𝑣2 =

(√
𝑁 − 1
𝑁

)2
,

we have
𝑔 |𝑉 (𝒗) =

𝑔(𝒗)
Pr𝒗∼G (𝒗 ∈ 𝑉 ) =

𝑁 2

(
√
𝑁 − 1)2

1
𝑣21𝑣

2
2
, ∀𝒗 ∈ 𝑉 .

Our lower bound proof analyzes the expected revenue that the mechanism obtains from each
bidder, letM 𝒗̂

𝑖 (𝒗) denote the expected revenue thatM 𝒗̂ obtains from the bidder 𝑖 when the private
value vector is 𝒗. We first bound the expected revenue ofM 𝒗̂ and expectation of F (2) benchmark
on instance distribution G|𝑉 in Lemma 15 and Lemma 17. Then we use a probabilistic method
argument to show the lower bound in Theorem 2.

A direct calculation gives the following lemma,

Lemma 15 (Proof is in Appendix D.1).

E𝒗∼G|𝑉

[
F (2) (𝒗)

]
=

4𝑁
√
𝑁 − 1

− 2𝑁 ln𝑁
(
√
𝑁 − 1)2

.

Before we bound E𝒗∼G|𝑉

[
M 𝒗̂ (𝒗)

]
via the similar techniques developed by Goldberg et al. [2004],

we first present the following lemma which capture an important property of the revenue of the
bidder 1 given that 𝒗̂ = (1, 𝑁 ).

Lemma 16 (Proof is in Appendix D.2). LetM be a 1-consistent, 𝛼-robust mechanism. If we fix

the prediction to be 𝒗̂ = (1, 𝑁 ), then

M 𝒗̂
1 (𝑣1, 𝑣2) ≥

2
𝛼
,∀𝑣1 ∈ [1,∞),∀𝑣2 < 𝑁 .

Specifically, this lemma shows that the bidder 1 must contribute (waste) a large revenue outside
𝑉 to maintain the perfect consistency. Thus, the value of E𝒗∼G|𝑉

[
M 𝒗̂ (𝒗)

]
is smaller compared to

the setting without the consistency requirement.

Lemma 17 (Proof is in Appendix D.3).

E𝒗∼G|𝑉

[
M 𝒗̂ (𝒗)

]
≤ 𝑁

√
𝑁 − 1

(
2 − 1

√
𝑁

− 2
𝛼
+ 2
𝛼
√
𝑁

)
.

Theorem 2. Any 1-consistent truthful mechanism for digital good auction has a robustness ratio

against F (2)
no less than 3.
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Proof. By Lemma 15 and Lemma 17,

E𝒗∼G|𝑉

[
F (2) (𝒗)

]
E𝒗∼G|𝑉

[
M 𝒗̂ (𝒗)

] ≥
4𝑁√
𝑁−1 −

2𝑁 ln(𝑁 )
(
√
𝑁−1)2

𝑁√
𝑁−1

(
2 − 1√

𝑁
− 2

𝛼
+ 2

𝛼
√
𝑁

) ≥
4 − 2 ln𝑁√

𝑁−1

2 − 1√
𝑁
− 2

𝛼
+ 2

𝛼
√
𝑁

.

Thus there must exist a 𝒗 ∈ 𝑉 such that,

F (2) (𝒗)
E

[
M 𝒗̂ (𝒗)

] ≥
4 − 2 ln𝑁√

𝑁−1

2 − 2
𝛼
− 1√

𝑁
(1 − 2

𝛼
)
.

The expectation is on the randomness of the randomized mechanism. Note that 𝛼 is the robustness
ratio ofM, then

𝛼 ≥
4 − 2 ln𝑁√

𝑁−1

2 − 2
𝛼
− 1√

𝑁
(1 − 2

𝛼
)
=⇒ 𝛼 ≥

3 − ln𝑁√
𝑁−1 −

1√
𝑁

1 − 1
2
√
𝑁

.

Let 𝑁 → ∞, we have 𝛼 ≥ 3. □

The optimal competitive ratio in digital good auctions is 2.42 [Chen et al., 2014]. Our robustness
lower bound shows that it is impossible to maintain the optimal worst-case ratio while having
perfect consistency.

Remark 1. Note that the digital good auction is a special case of the more general limited-supply

auction and downward-closed permutation environments, and the F (2)
benchmark is the same bench-

mark with 𝐸𝐹𝑂 (2)
or F (2,ℓ)

in the digital good auction. Therefore, our lower bound in this section is

also the lower bound for more general limited-supply auctions and downward-closed permutation

environments.

7 Discussion
In this paper, we design perfect consistent learning-augmented mechanisms for several competitive
auctions. It is worth mentioning that we consider a maximization problem that has a trivial random
combination approach to design a learning-augmented mechanism. The existing works on the
learning-augmented mechanism mainly focus on deterministic mechanism. We proposed the
Bid-Independent Combination trick, which significantly outperforms the random combination
approach. We recognize it as a conceptual contribution that imperfect predictions can also be
leveraged non-trivially in the randomized mechanism design and maximization problems.
Since our mechanisms employ mechanisms without predictions, an interesting question is

whether one can improve the robustness ratio (with perfect consistency) by using non-black-box
mechanisms. Specifically, let us focus on the simplest digital good auction, what is the optimal
robustness ratio with perfect consistency? We have already shown that the optimal ratio is in
[3, 4.42]. The immediate idea is to revisit the proof idea of the optimal 2.42 competitive ratio [Chen
et al., 2014]. However, the proof heavily relies on the fact that the revenue function of the optimal
mechanism can be monotone. This property is inherently unachievable by mechanisms with perfect
consistency.
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A ℓ-Limited Supply Auction
In this section, we will discuss ℓ-limited supply auction where at most ℓ bidders can be served
simultaneously. For example, the auctioneer has ℓ identical items to sell, and each bidder needs at
most one item.

In this setting, our benchmark for consistency is𝑂𝑃𝑇X (𝒗) =
∑ℓ

𝑖=1 𝑣𝑖 . For robustness, we consider
the F (2,ℓ) and 𝐸𝐹𝑂 (2,ℓ) benchmarks as our benchmarks. Notice that we have defined 𝐸𝐹𝑂 (2,ℓ) in
Section 2. F (2,ℓ) is a natural extension of F (2) , defined as

F (2,ℓ) (𝒗) = max
2≤𝑘≤𝑙

𝑘 · 𝑣𝑘 . (10)

For F (2,ℓ) benchmark, Goldberg et al. [2006] show the equivalence between digital good auctions
and limited-supply auctions. The key observation is that F (2,ℓ) only depends on the highest ℓ
bidders, so we can throw away the bids except for the highest ℓ and run a digital good auction
on these ℓ bidders charging the threshold bidding. This reduction maintains the competitive ratio
of digital good auctions. The equivalence also exists in our setting, so the following theorem is
obvious.

Theorem 7. If there exists a digital good auction with 1-consistency ratio against𝑂𝑃𝑇 , 𝛼-robustness
ratio against F (2)

, then there exists a ℓ-limited supply auction with the same consistency and robustness

against F (2,ℓ)
.

When the constraint X corresponds to the ℓ-limited supply environment, we use 𝐸𝐹𝑂 (2,ℓ) to sub-
stitute 𝐸𝐹𝑂 (2)

X . The 𝐸𝐹𝑂 (2,ℓ) benchmark depends on all bids, so we cannot use the aforementioned
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reduction. We use the bid-independent combination techniques again to design a 1-consistent
mechanism for this problem. Different from the unlimited supply setting, we must be careful with
the feasibility here. The benchmark decomposition is the same as in the digital good auctions.

𝐸𝐹𝑂 (2,ℓ) = 𝐸𝐹𝑂 (2,ℓ) · I[#(𝒗 ≠ 𝒗̂) ≤ 1] + 𝐸𝐹𝑂 (2,ℓ) · I[#(𝒗 ≠ 𝒗̂) ≥ 2] . (11)

Our mechanism for 𝐸𝐹𝑂 (2,ℓ) · I[#(𝒗 ≠ 𝒗̂) ≥ 2] also employs a black-box competitive mechanism
of ℓ-limited supply auction.

Mechanism 6. For each bidder 𝑖 , if 𝒗−𝑖 = 𝒗̂−𝑖 , apply𝑂𝑃𝑇X (𝒗̂) mechanism on it; if 𝒗−𝑖 ≠ 𝒗̂−𝑖 , apply
the black-box mechanism M on bidder 𝑖 .

Note that different bidders may apply different mechanisms in Mechanism 6, so it is not naturally
a feasible mechanism. Fortunately, we can show the feasibility holds if the employed black-box M
satisfies an extra assumption.

Lemma 18. If the winner set ofM is always a subset of the highest ℓ bidders and it is 𝛼-competitive

against 𝐸𝐹𝑂 (2,ℓ)
, thenMechanism 6 is feasible, 1-consistent against𝑂𝑃𝑇 and𝛼-robust against 𝐸𝐹𝑂 (2,ℓ) ·

I[#(𝒗 ≠ 𝒗̂) ≥ 2].

Proof. Feasibility: If there are more than 1 wrong predictions or there is no wrong prediction,
Mechanism 6 reduces toM and𝑂𝑃𝑇 (𝒗̂) mechanism, respectively. Thus the only situation we need
to investigate is when there is exactly one wrong prediction. Denote the bidder with the wrong
prediction as 𝑗 . If 𝑣 𝑗 > 𝑣 𝑗 or the predicted value of bidder 𝑗 is not the highest ℓ of all the predictions
(i.e. 𝜎−1 ( 𝑗) > ℓ), we know the bidder is not served in 𝑂𝑃𝑇 (𝒗̂) mechanism since he will reject the
price and does not appear in the winner set. In this case, the total number of services allocated by
Mechanism 6 is at most ℓ since other bidders use the same allocation rule output byM, which is
feasible. If 𝑣 𝑗 < 𝑣 𝑗 and 𝜎−1 ( 𝑗) ≤ ℓ , then bidder 𝑗 is allocated with one item by applying 𝑂𝑃𝑇 (𝒗̂)
mechanism. But in this case, since the predicted value of 𝑗 is one of the highest ℓ predicted value,
𝑣 𝑗 > 𝑣 𝑗 and for 𝑖 ≠ 𝑗 , 𝑣𝑖 = 𝑣𝑖 , we can derive that the bidder 𝑗 also has the highest ℓ true value. By
the assumption that the winner set ofM is a subset of the highest ℓ bidders, we know the union of
𝑗 and the winner set of M is also a subset of the highest ℓ bidders. So in this case, we also have
the total number of services allocated by Mechanism 6 is at most ℓ . This finalizes our proof of
feasibility.

Consistency: The consistency ratio is obviously 1.
Robustness: If there are at least 2 wrong predictions, Mechanism 6 degenerates to M. The

expected revenue is at least 1
𝛼
𝐸𝐹𝑂 (2,ℓ) (𝒗) in this case by the competitive ratio of M. Then Mecha-

nism 6 is 𝛼-robust against 𝐸𝐹𝑂 (2,ℓ) · I[#(𝒗 ≠ 𝒗̂) ≥ 2]. □

The mechanism for ℓ-limited supply auctions proposed in [Chen et al., 2015] meets our assump-
tion about the black-box mechanism in Lemma 18.

Lemma 19. The winner set of the 3.42-competitive mechanism for ℓ-supply auction in [Chen et al.,

2015] is always a subset of the highest ℓ bidders.

Proof. The mechanism is the random combination of the ℓ-items Vickrey auction and the
optimal mechanism for ℓ-bidders digital good auction applied on the highest ℓ bidders. So the
winner set is always a subset of the highest ℓ bidders. □

For 𝐸𝐹𝑂 (2,ℓ) · I[#(𝒗 ≠ 𝒗̂) ≤ 1] benchmark, we use the 𝑂𝑃𝑇X (𝒗̂) mechanism.

Mechanism 7. Run the 𝑂𝑃𝑇 (𝒗̂) mechanism. That is, offer price 𝑣𝜎 ( 𝑗) for 𝑗 ≤ ℓ and reject bidder

𝜎 ( 𝑗) for 𝑗 > ℓ .
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Lemma 20. Mechanism 7 is 1-consistent against𝑂𝑃𝑇X and 2-robust against 𝐸𝐹𝑂 (2,ℓ) · I[#(𝒗 ≠ 𝒗̂) ≤
1].

Proof. Truthfulness, Feasibility and Consistency are obvious.
Robustness: If there is exactly one wrong prediction, denote this bidder as 𝑗 . Consider bidder 𝑖

satisfying 𝑖 ≠ 𝑗 and 𝑖 ≤ ℓ , the expected revenue from 𝑖 is 𝑣𝑖 , so the total revenue is at least∑︁
𝑖≤ℓ,𝑖≠𝑗

𝑣𝑖 ≥
ℓ∑︁

𝑖=2
𝑣𝑖 ≥

1
2 (𝑣2 +

ℓ∑︁
𝑖=2

𝑣𝑖 ) ≥
1
2𝐸𝐹𝑂

(2,ℓ) (𝒗),

which shows the 2-robustness ratio against 𝐸𝐹𝑂 (2,ℓ) · I[#(𝒗 ≠ 𝒗̂) ≤ 1]. □

Combining equation (11), Lemma 19, Lemma 18, Lemma 20 and Lemma 2, the following theorem
is immediate.

Theorem 8. There is a mechanism with 1-consistency ratio against𝑂𝑃𝑇X and 5.42-robustness ratio
against 𝐸𝐹𝑂 (2,ℓ)

.

B Online Auction
In this section, we investigate the online auction setting. Suppose that bidders arrive online in
random order. Upon the arrival of each bidder 𝑖 , the prediction 𝑣𝑖 is revealed to the auctioneer.
Then, the auctioneer posts an irrevocable price for the services based on the bids and predictions
of previously arrived bidders. There is no feasibility constraint, which is the same as the digital
good auctions.
Koutsoupias and Pierrakos [2013] show a black-box reduction result that any truthful offline

mechanism gives rise to an online auction in their paper. Given an offline mechanism M, the
reduction is conducted as follows: at each arriving bidder 𝑖 , we collect the bids {𝑏1, 𝑏2, . . . , 𝑏𝑖−1} of
previously arrived bidders. Then we run a 𝑖-bidders offline auctionM on all arrived 𝑖 bidders.M
is actually giving a price to bidder 𝑖 according to {𝑏1, 𝑏2, . . . , 𝑏𝑖−1}, we then provide this price to
bidder 𝑖 . This reduction is called Online Sampling Auction. Koutsoupias and Pierrakos prove that
the online sampling auction transforms an offline mechanism to an online one with at most twice
the competitive ratio.

Lemma 21 ([Koutsoupias and Pierrakos, 2013]). IfM is 𝛼-competitive against F (2)
or maxV

in an offline digital good auction environment. Then the online sampling auction is 2𝛼-competitive

against F (2)
or maxV in online auctions.

In our problem, we can construct a similar reduction which is named Online Sampling Auction

with Predictions.

Online Sampling Auction with Predictions(OSAP). Recall that 𝜋 is the random arriving order. Upon
the arrival of a bidder 𝜋 (𝑡) and its prediction 𝑣𝜋 (𝑡 ) . We run an offline mechanism M on all the
arrived bidders and match each prediction 𝑣𝜋 (𝑖) with the bidder 𝜋 (𝑖) for 𝑖 ≤ 𝑡 . Specially, we always
offer the predicted price 𝑣𝜋 (1) to the first bidder.

We first show the consistency and truthfulness of OSAP.

Lemma 22. If the employed M is truthful and 1-consistent against 𝑂𝑃𝑇 . Then the OSAP is truthful

and 1-consistent against 𝑂𝑃𝑇 .

Proof. Truthful mechanism M is equivalent to proposing a random price according to the data
{(𝑏𝜋 (𝑖) , 𝑣𝜋 (𝑖) )}𝑖<𝑡 and 𝑣𝜋𝑡 , thus the OSAP runs like proposing an immediate price to each arrival
bidder. This shows the truthfulness of the OSAP.
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Let 𝒗 [𝑡 ]
𝜋 = (𝑣𝜋 (1) , 𝑣𝜋 (2) , . . . , 𝑣𝜋 (𝑡 ) ) and 𝒗̂ [𝑡 ]

𝜋 = (𝑣𝜋 (1) , 𝑣𝜋 (2) , . . . , 𝑣𝜋 (𝑡 ) ), and M [𝑡 ]
𝜋 the auction run-

ning on the first 𝑡 bidders and predictions. If 𝒗 = 𝒗̂, then for any realized random order 𝜋 and
any arrival time 𝑡 , we have 𝒗 [𝑡 ]

𝜋 = 𝒗̂ [𝑡 ]
𝜋 . Consider the 𝑡-th arrival, the total revenue of theM [𝑡 ]

𝜋 is
𝑂𝑃𝑇 (𝒗 [𝑡 ]

𝜋 ) by the perfect consistency of M. Thus the bidder 𝜋 (𝑡) must pay his private value 𝑣𝜋 (𝑡 ) .
Therefore, even for any realized 𝜋 , the total revenue of the OSAP is

∑𝑛
𝑡=1 𝑣𝜋 (𝑡 ) = 𝑂𝑃𝑇 (𝒗). Which

shows the perfect consistency of the OSAP. □

Since M is 𝛼-robust, i.e. 𝛼-competitive, we can use Lemma 21 to obtain the 2𝛼-robustness ratio
of OSAP. Then Lemma 21 leads to the following corollary.

Corollary 3. If the employedM is 𝛼-robust against F (2)
or maxV, then OSAP is 2𝛼-robust against

F (2)
or maxV.

Recall Corollary 1, combined with Lemma 22, Corollary 3, we have

Theorem 9. There is a mechanism for online auctions with 1-consistent against 𝑂𝑃𝑇 and 8.84-
robust against F (2)

. Moreover, there is a mechanism for online auctions with 1-consistent against𝑂𝑃𝑇
and 2(𝑒 + 1)-robust against maxV.

Remark 2. In this section, our reduction is from the offline 1-consistent auction to the online 1-
consistent auction, which is different from the reductions in previous sections. This makes our technique

in this section independent of the one introduced in Section 1.2 and more similar to the existing reduction

techniques. The reason for this difference is that online auctions have a key distinction from offline

auctions. In an online auction, since we can only see the arrived bids, even if the number of wrong

predictions is large, we still cannot guarantee that all bidders are applied with the competitive black-box

mechanism. More specifically, before the first bidder with the wrong prediction has arrived, we can

only offer the predicted price to maintain perfect consistency.

C Missing Proofs in Section 4
C.1 Proof of Lemma 5

Proof.

𝑝DWC-VCG,𝑖 = max
𝑥 ∈X

(
𝑥𝑖 · 𝑣𝑖 +

∑︁
𝑗≠𝑖

𝑥 𝑗 · DaL𝑣𝑗 (𝑏 𝑗 )
)
−

∑︁
𝑗≠𝑖

𝑥DWC-VCG, 𝑗 · DaL𝑣𝑗 (𝑏 𝑗 )

≥ 𝑥DWC-VCG,𝑖 · 𝑣𝑖 +
∑︁
𝑗≠𝑖

𝑥DWC-VCG, 𝑗 · DaL𝑣𝑗 (𝑏 𝑗 ) −
∑︁
𝑗≠𝑖

𝑥DWC-VCG, 𝑗 · DaL𝑣𝑗 (𝑏 𝑗 )

≥ 𝑥DWC-VCG,𝑖 · 𝑣𝑖 .
For the second inequality, if 𝑏𝑖 ≥ 𝑣𝑖 ,

𝑝DWC-VCG,𝑖 = max
𝑥 ∈X

(
𝑥𝑖 · 𝑣𝑖 +

∑︁
𝑗≠𝑖

𝑥 𝑗 · DaL𝑣𝑗 (𝑏 𝑗 )
)
−

∑︁
𝑗≠𝑖

𝑥DWC-VCG, 𝑗 · DaL𝑣𝑗 (𝑏 𝑗 )

= max
𝑥 ∈X

(
𝑥𝑖 · DaL𝑣𝑗 (𝑏𝑖 ) +

∑︁
𝑗≠𝑖

𝑥 𝑗 · DaL𝑣𝑗 (𝑏 𝑗 )
)
−

∑︁
𝑗≠𝑖

𝑥DWC-VCG, 𝑗 · DaL𝑣𝑗 (𝑏 𝑗 )

=
∑︁
𝑗 ∈[𝑛]

𝑥DWC-VCG, 𝑗 · DaL𝑣𝑗 (𝑏 𝑗 ) −
∑︁
𝑗≠𝑖

𝑥DWC-VCG, 𝑗 · DaL𝑣𝑗 (𝑏 𝑗 ) = 𝑥DWC-VCG,𝑖 · DaL𝑣𝑖 (𝑏𝑖 )

≤ 𝑥DWC-VCG,𝑖 · 𝑏𝑖 .
□
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C.2 Proof of Lemma 6
Proof. Fix any 𝑏 ′𝑗 , let 𝒙 ′ be the allocation when the bidder 𝑗 report 𝑏 ′𝑗 and other bidders report

𝒃−𝑗 . Therefore, 𝒙 ′ = argmax𝒙∗∈X

(
𝑥∗𝑗 · DaL𝑣𝑗 (𝑏 ′𝑗 ) +

∑
𝑖≠𝑗 𝑥

∗
𝑖 · DaL𝑣𝑖 (𝑏𝑖 )

)
. The utility of bidder 𝑗 is

𝑥 ′
𝑗 ·𝑣 𝑗+

∑
𝑖≠𝑗 𝑥

′
𝑖 ·DaL𝑣𝑖 (𝑏𝑖 )−max𝒙∗∈X

(
𝑥∗𝑗 · 𝑣 𝑗 +

∑
𝑖≠𝑗 𝑥

∗
𝑖 · DaL𝑣𝑖 (𝑏𝑖 )

)
. Since themax term is independent

with 𝑗 ’s reported value, the bidder 𝑗 should maximize the term 𝑥 ′
𝑗 ·𝑣 𝑗 +

∑
𝑖≠𝑗 𝑥

′
𝑖 ·DaL𝑣𝑖 (𝑏𝑖 ) to maximize

his utility.
If 𝑣 𝑗 = 𝑣 𝑗 , then 𝑣 𝑗 = DaL𝑣𝑗 (𝑣 𝑗 ), reporting truthfully leads to the allocation which maximizes

𝑥 ′
𝑗 · DaL𝑣𝑗 (𝑣 𝑗 ) +

∑
𝑖≠𝑗 𝑥

′
𝑖 · DaL𝑣𝑖 (𝑏𝑖 ) = 𝑥 ′

𝑗 · 𝑣 𝑗 +
∑

𝑖≠𝑗 𝑥
′
𝑖 · DaL𝑣𝑖 (𝑏𝑖 ). Therefore, the bidder 𝑗 will report

truthfully.
If 𝑣 𝑗 > 𝑣 𝑗 , we rewrite the term as

𝑥 ′
𝑗 · (𝑣 𝑗 − 𝑣 𝑗 ) + 𝑥 ′

𝑗 · DaL𝑣𝑗 (𝑣 𝑗 ) +
∑︁
𝑖≠𝑗

𝑥 ′
𝑖 · DaL𝑣𝑖 (𝑏𝑖 )︸                                     ︷︷                                     ︸

(𝐴)

.

The (𝐴) term is maximized by reporting truthfully. Now we focus on the first term and prove that
it is also maximized by reporting truthfully. Note that if 𝑗 report 𝑏 ′𝑗 ≥ 𝑣 𝑗 , the resulting allocation 𝑥 ′

𝑗

is the same since the bid is truncated to 𝑣 𝑗 . Thus misreporting 𝑏 ′𝑗 ≥ 𝑣 𝑗 does not change the utility.
Let 𝒙 be the allocation when 𝑗 reports truthfully. If 𝑗 report 𝑏 ′𝑗 < 𝑣 𝑗 , we prove that 𝑥 ′

𝑗 ≤ 𝑥 𝑗 . Suppose
that 𝑥 ′

𝑗 > 𝑥 𝑗 , we have

𝑥 ′
𝑗 ·DaL𝑣𝑗 (𝑏 ′𝑗 )+

∑︁
𝑖≠𝑗

𝑥 ′
𝑖 ·DaL𝑣𝑖 (𝑏𝑖 ) = max

𝒙∗∈X

(
𝑥∗𝑗 · DaL𝑣𝑗 (𝑏 ′𝑗 ) +

∑︁
𝑖≠𝑗

𝑥∗𝑖 · DaL𝑣𝑖 (𝑏𝑖 )
)
≥ 𝑥 𝑗 ·DaL𝑣𝑗 (𝑏 ′𝑗 )+

∑︁
𝑖≠𝑗

𝑥𝑖 ·DaL𝑣𝑖 (𝑏𝑖 )

(12)
and

𝑥 𝑗 ·DaL𝑣𝑗 (𝑣 𝑗 )+
∑︁
𝑖≠𝑗

𝑥𝑖 ·DaL𝑣𝑖 (𝑏𝑖 ) = max
𝒙∗∈X

(
𝑥∗𝑗 · DaL𝑣𝑗 (𝑣 𝑗 ) +

∑︁
𝑖≠𝑗

𝑥∗𝑖 · DaL𝑣𝑖 (𝑏𝑖 )
)
≥ 𝑥 ′

𝑗 ·DaL𝑣𝑗 (𝑣 𝑗 )+
∑︁
𝑖≠𝑗

𝑥 ′
𝑖 ·DaL𝑣𝑖 (𝑏𝑖 ).

Since 𝑣 𝑗 > 𝑏 ′𝑗 and 𝑥 ′
𝑗 > 𝑥 𝑗 , we have∑︁

𝑖≠𝑗

(𝑥𝑖 − 𝑥 ′
𝑖 ) · DaL𝑣𝑖 (𝑏𝑖 ) ≥ (𝑥 ′

𝑗 − 𝑥 𝑗 ) · DaL𝑣𝑗 (𝑣 𝑗 ) > (𝑥 ′
𝑗 − 𝑥 𝑗 ) · DaL𝑣𝑗 (𝑏 ′𝑗 )

Rearrange the inequality, we have

𝑥 ′
𝑗 · DaL𝑣𝑗 (𝑏 ′𝑗 ) +

∑︁
𝑖≠𝑗

𝑥 ′
𝑖 · DaL𝑣𝑖 (𝑏𝑖 ) < 𝑥 𝑗 · DaL𝑣𝑗 (𝑏 ′𝑗 ) +

∑︁
𝑖≠𝑗

𝑥𝑖 · DaL𝑣𝑖 (𝑏𝑖 ),

which is contradictory to (12). Therefore, if 𝑗 misreports 𝑏 ′𝑗 < 𝑣 𝑗 , 𝑥 ′
𝑗 · (𝑣 𝑗 − 𝑣 𝑗 ) will not increase and

the first term is maximized by reporting truthfully.
If 𝑣 𝑗 < 𝑣 𝑗 , by Lemma 5, the unit payment is at least 𝑣 𝑗 > 𝑣 𝑗 . Truthfully reporting leads to 0 utility.

However, if 𝑗 reports a higher value 𝑏 ′𝑗 ≥ 𝑣 𝑗 , the utility will be negative. If 𝑗 reports value 𝑏 ′𝑗 < 𝑣 𝑗 ,
it will be rejected directly and receive 0 utility. □
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C.3 Proof of Lemma 9
Proof of Lemma 9. Let 𝑠 := |𝑆 |, define 𝒗 ′ := (𝑣𝑠+1, . . . , 𝑣𝑛, 0, . . . , 0︸  ︷︷  ︸

𝑠

). Since𝐸𝐹𝑂X (𝒗 ′) ≤ 𝐸𝐹𝑂X (𝒗−𝑆 )

for any set 𝑆 with 𝑠 bidders, we only need to show

𝐸𝐹𝑂X (𝒗 ′) ≥
𝑚 − 𝑠

𝑚
𝐸𝐹𝑂 (𝒗 (𝑚) ).

Let 𝑅 : [0, 𝑛] → R be the non-decreasing concave envelop of {(𝑖, 𝑖𝑣 (𝑚)
𝑖

)}𝑛𝑖=0, which we have
introduced in Lemma 1. Similarly, let 𝑅′ : [0, 𝑛] → R be the non-decreasing concave envelop of
{(𝑖, 𝑖𝑣 ′𝑖 )}𝑛𝑖=0.
We first show that for any 𝑗 ∈ [𝑛], 𝑅′( 𝑗) ≥ 𝑚−𝑠

𝑚
𝑅( 𝑗), then we use this fact to prove the lemma.

For 𝑗 ≤ 𝑚 − 𝑠 , 𝑅( 𝑗) = 𝑗 · 𝑣𝑚 , 𝑅′( 𝑗) ≥ 𝑗 · 𝑣𝑠+𝑗 ≥ 𝑗 · 𝑣𝑚 = 𝑅( 𝑗). For𝑚 − 𝑠 < 𝑗 ≤ 𝑚, 𝑅( 𝑗) = 𝑗 · 𝑣𝑚 and

𝑅′( 𝑗) ≥ 𝑅′(𝑚 − 𝑠) ≥ (𝑚 − 𝑠)𝑣𝑚 =
𝑚 − 𝑠

𝑗
𝑅( 𝑗) ≥ 𝑚 − 𝑠

𝑚
𝑅( 𝑗).

Next, we prove 𝑅′( 𝑗) ≥ 𝑚−𝑠
𝑚

𝑅( 𝑗) for 𝑗 > 𝑚. The formal definition of 𝑅 and 𝑅′ can be written as
follows and we only focus their evaluation on integer numbers,

𝑅( 𝑗) = max
1≤𝑙≤ 𝑗

max
𝑖,𝑘 :

1≤𝑖≤𝑙≤𝑘≤𝑛

[
𝑖𝑣

(𝑚)
𝑖

𝑘 − 𝑙

𝑘 − 𝑖
+ 𝑘𝑣 (𝑚)

𝑘

𝑙 − 𝑖

𝑘 − 𝑖

]
, 𝑅′( 𝑗) = max

1≤𝑙≤ 𝑗
max
𝑖,𝑘 :

1≤𝑖≤𝑙≤𝑘≤𝑛

[
𝑖𝑣 ′𝑖

𝑘 − 𝑙

𝑘 − 𝑖
+ 𝑘𝑣 ′

𝑘

𝑙 − 𝑖

𝑘 − 𝑖

]
Let 𝑖∗, 𝑘∗, 𝑙∗ be the parameter such that

𝑅( 𝑗) = 𝑖∗𝑣 (𝑚)
𝑖∗

𝑘∗ − 𝑙∗

𝑘∗ − 𝑖∗
+ 𝑘∗𝑣 (𝑚)

𝑘∗
𝑙∗ − 𝑖∗

𝑘∗ − 𝑖∗

It is obvious that 𝑙∗ ≥ 𝑚 thus 𝑘∗ ≥ 𝑙∗ ≥ 𝑚. We further require 𝑖∗ ≥ 𝑚, this is because if 𝑖∗ < 𝑚 and
𝑘∗ ≥ 𝑚, we have

𝑅( 𝑗) = 𝑖∗𝑣𝑚
𝑘∗ − 𝑙∗

𝑘∗ − 𝑖∗
+ 𝑘∗𝑣𝑘∗

𝑙∗ − 𝑖∗

𝑘∗ − 𝑖∗
.

Replace 𝑖∗ with𝑚, we have

𝑚𝑣𝑚
𝑘∗ − 𝑙∗

𝑘∗ −𝑚
+ 𝑘∗𝑣𝑘∗

𝑙∗ −𝑚

𝑘∗ −𝑚
> 𝑖∗𝑣𝑚

𝑘∗ − 𝑙∗

𝑘∗ − 𝑖∗
+ 𝑘∗𝑣𝑘∗

𝑙∗ − 𝑖∗

𝑘∗ − 𝑖∗
.

Which leads to a contradiction. The LHS of above inequality is a weighted average of𝑚𝑣𝑚 and
𝑘∗𝑣𝑘∗ , and the RHS is a weighted average of 𝑖∗𝑣𝑚 and 𝑘∗𝑣𝑘∗ . The inequality is because𝑚𝑣𝑚 > 𝑖∗𝑣𝑚
and 𝑘∗−𝑙∗

𝑘∗−𝑚 > 𝑘∗−𝑙∗
𝑘∗−𝑖∗ ,

𝑙∗−𝑚
𝑘∗−𝑚 < 𝑙∗−𝑖∗

𝑘∗−𝑖∗ .
With the above argument, we can find𝑚 ≤ 𝑖∗ ≤ 𝑙∗ ≤ 𝑘∗ ≤ 𝑛, 𝑙∗ ≤ 𝑗 such that

𝑅( 𝑗) = 𝑖∗𝑣 (𝑚)
𝑖∗

𝑘∗ − 𝑙∗

𝑘∗ − 𝑖∗
+ 𝑘∗𝑣 (𝑚)

𝑘∗
𝑙∗ − 𝑖∗

𝑘∗ − 𝑖∗
= 𝑖∗𝑣𝑖∗

𝑘∗ − 𝑙∗

𝑘∗ − 𝑖∗
+ 𝑘∗𝑣𝑘∗

𝑙∗ − 𝑖∗

𝑘∗ − 𝑖∗

Let 𝑖 ′ := 𝑖∗ − 𝑠 > 0, 𝑙 ′ := 𝑙∗ − 𝑠 > 0, 𝑘 ′ := 𝑘∗ − 𝑠 > 0, we have

𝑅′( 𝑗) ≥ 𝑖 ′𝑣 ′𝑖′
𝑘 ′ − 𝑙 ′

𝑘 ′ − 𝑖 ′
+ 𝑘 ′𝑣 ′

𝑘′
𝑙 ′ − 𝑖 ′

𝑘 ′ − 𝑖 ′

= (𝑖∗ − 𝑠)𝑣𝑖∗
𝑘∗ − 𝑙∗

𝑘∗ − 𝑖∗
+ (𝑘∗ − 𝑠)𝑣𝑘∗

𝑙∗ − 𝑖∗

𝑘∗ − 𝑖∗

≥ min
{
𝑖∗ − 𝑠

𝑖∗
,
𝑘∗ − 𝑠

𝑘∗

} (
𝑖∗𝑣𝑖∗

𝑘∗ − 𝑙∗

𝑘∗ − 𝑖∗
+ 𝑘∗𝑣𝑘∗

𝑙∗ − 𝑖∗

𝑘∗ − 𝑖∗

)
≥ 𝑚 − 𝑠

𝑚
𝑅( 𝑗)

Since X is symmetric, there is a monotone allocation 𝒙 ∈ X such that 𝐸𝐹𝑂X (𝒗 (𝑚) ) = 𝐸𝐹𝒙 (𝒗 (𝑚) ).
We next show that𝐸𝐹𝒙 (𝒗 ′) ≥ 𝑚−𝑠

𝑚
𝐸𝐹𝒙 (𝒗 (𝑚) ), which is enough to prove𝐸𝐹𝑂X (𝒗 ′) ≥ 𝑚−𝑠

𝑚
𝐸𝐹𝑂X (𝒗 (𝑚) ).
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By Abel’s lemma(a.k.a. summation by parts),

𝐸𝐹𝒙 (𝒗 ′) =
𝑛∑︁
𝑖=1

(𝑅′(𝑖) − 𝑅′(𝑖 − 1)) · 𝑥𝑖

= 𝑥𝑛𝑅
′(𝑛) +

𝑛∑︁
𝑖=2

𝑅′(𝑖 − 1) (𝑥𝑖−1 − 𝑥𝑖 )

≥ 𝑥𝑛
𝑚 − 𝑠

𝑚
𝑅(𝑛) +

𝑛∑︁
𝑖=2

𝑚 − 𝑠

𝑚
𝑅(𝑖 − 1) (𝑥𝑖−1 − 𝑥𝑖 )

=
𝑚 − 𝑠

𝑚

𝑛∑︁
𝑖=1

(𝑅(𝑖) − 𝑅(𝑖 − 1)) · 𝑥𝑖

=
𝑚 − 𝑠

𝑚
𝐸𝐹𝒙 (𝒗 (𝑚) )

The second and third equality is because of Abel’s lemma. The first inequality is because 𝑅′( 𝑗) ≥
𝑚−𝑠
𝑚

𝑅( 𝑗),∀𝑗 ∈ [𝑛] and 𝑥𝑖−1 − 𝑥𝑖 ≥ 0. □

C.4 Proof of Lemma 11
Proof. Since X is symmetric, then if 𝑣𝑖 > 𝑣 𝑗 , we have 𝑥∗𝑖 ≥ 𝑥∗𝑗 , or we can swap 𝑥∗𝑖 and 𝑥∗𝑗 and

get another feasible solution that has a strictly better objective.
If there exist 𝑖 < 𝑗 such that for any 𝑘 satisfying 𝑖 ≤ 𝑘 ≤ 𝑗 , 𝑣𝑖 = 𝑣𝑘 = 𝑣 𝑗 , then we can always

find new optimal allocation 𝒙̂∗ such that 𝑥∗
𝑘
:=

∑
𝑖≤ℎ≤ 𝑗 𝑥ℎ
𝑗−𝑖+1 , ∀𝑖 ≤ 𝑘 ≤ 𝑗 , and for 𝑘 > 𝑗 and 𝑘 < 𝑖 we let

𝑥∗
𝑘
:= 𝑥∗

𝑘
. The new allocation 𝒙̂∗ has the same revenue as 𝒙̂ . After modifying all such 𝑖, 𝑗 tuple, we

get the allocation we want. □

D Missing Proofs in Section 6
There are some facts about M 𝒗̂

𝑖 (𝒗) shown in previous works [Chen et al., 2014, Goldberg et al.,
2004] which is useful in our proofs, and we restate them in the following lemma.

Lemma 23 ([Chen et al., 2014, Goldberg et al., 2004]). Let M 𝒗̂
be a truthful mechanism, then

(i) M 𝒗̂
𝑖 (𝑣𝑖 ; 𝒗−𝑖 ) is non-decreasing with respect to 𝑣𝑖 .

(ii) M 𝒗̂
𝑖 (𝒗) ≤ 𝑣𝑖 .

(iii)
∫ ∞
1

1
𝑣2
𝑖

M 𝒗̂
𝑖 (𝑣𝑖 ; 𝒗−𝑖 )𝑑𝑣𝑖 ≤ 1.

D.1 Proof of Lemma 15
Proof. Since F (2) (𝒗) = 2min{𝑣1, 𝑣2}, we have

E𝒗∼G|𝑉

[
F (2) (𝒗)

]
=

∫ 𝑁

√
𝑁

∫ 𝑁

√
𝑁

2𝑔 |𝑉 (𝑣1, 𝑣2)min{𝑣1, 𝑣2}𝑑𝑣1𝑑𝑣2

= 2
∫ 𝑁

√
𝑁

𝑑𝑣2

∫ 𝑁

𝑣2

𝑁 2

(
√
𝑁 − 1)2

2𝑣2
𝑣21𝑣

2
2
𝑑𝑣1

=
2𝑁 2

(
√
𝑁 − 1)2

∫ 𝑁

√
𝑁

(
1
𝑣2

− 1
𝑁

)
2
𝑣2
𝑑𝑣2

=
4𝑁

√
𝑁 − 1

− 4𝑁 ln(
√
𝑁 )

(
√
𝑁 − 1)2

=
4𝑁

√
𝑁 − 1

− 2𝑁 ln𝑁
(
√
𝑁 − 1)2

.

□
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D.2 Proof of Lemma 16
Proof of Lemma 16. SinceM is 1-consistent, we haveM 𝒗̂

1 (𝒗̂) +M 𝒗̂
2 (𝒗̂) ≥ 𝑁 + 1. By Lemma 23,

M 𝒗̂
1 (𝒗̂) ≤ 1,M 𝒗̂

2 (𝒗̂) ≤ 𝑁 , we haveM 𝒗̂
1 (𝒗̂) = 1,M 𝒗̂

2 (𝒗̂) = 𝑁 . Since any truthful mechanism in the
digital good auction is bid-independent pricing, M 𝒗̂ must offer the deterministic price 1 to the
bidder 1 when 𝑏2 = 𝑁 to make sureM 𝒗̂

1 (𝒗̂) = 1. Similarly,M 𝒗̂ must offer the deterministic price
𝑁 to the bidder 2 when 𝑏1 = 1 to make sure M 𝒗̂

2 (𝒗̂) = 𝑁 . Therefore, we have,

M 𝒗̂
1 (𝑣1, 𝑁 ) = 1,∀𝑣1 ≥ 1, M 𝒗̂

2 (1, 𝑣2) = 𝑁,∀𝑣2 ≥ 𝑁 . (13)

By Lemma 23 (iii), we have∫ 𝑁

1

1
𝑣22
M 𝒗̂

2 (1, 𝑣2)𝑑𝑣2 ≤ 1 −
∫ ∞

𝑁

1
𝑣22
M 𝒗̂

2 (1, 𝑣2)𝑑𝑣2

= 1 −
∫ ∞

𝑁

1
𝑣22
𝑁𝑑𝑣2

= 1 − 𝑁 × 1
𝑁

= 0.

The first equality is because of equation (13). Thus, M 𝒗̂
2 (1, 𝑣2) = 0,∀𝑣2 ∈ [1, 𝑁 ). Let 𝛼 be the

robustness ratio of M, then we have

M 𝒗̂
1 (𝒗) +M 𝒗̂

2 (𝒗) ≥
1
𝛼
F (2) (𝒗),∀𝒗 ∈ [1,∞)2 . (14)

Set 𝒗 = (1, 𝑣2) where 𝑣2 ∈ [1, 𝑁 ), we have M 𝒗̂
1 (1, 𝑣2) ≥

1
𝛼
F (2) (𝒗) = 2

𝛼
,∀𝑣2 < 𝑁 . By Lemma 23 (i),

M 𝒗̂
1 is monotone with respect to 𝑣1, so we obtain the desired result. □

D.3 Proof of Lemma 17
Proof.

E𝒗∼G|𝑉

[
M 𝒗̂

1 (𝒗)
]
=

𝑁 2

(
√
𝑁 − 1)2

∫ 𝑁

√
𝑁

𝑑𝑣2

∫ 𝑁

√
𝑁

1
𝑣21𝑣

2
2
M 𝒗̂

1 (𝑣1, 𝑣2)𝑑𝑣1 .

By Lemma 16 and Lemma 23 (iii),∫ 𝑁

√
𝑁

1
𝑣21𝑣

2
2
M 𝒗̂

1 (𝑣1, 𝑣2)𝑑𝑣1 =
∫ 𝑁

1

1
𝑣21𝑣

2
2
M 𝒗̂

1 (𝑣1, 𝑣2)𝑑𝑣1 −
∫ √

𝑁

1

1
𝑣21𝑣

2
2
M 𝒗̂

1 (𝑣1, 𝑣2)𝑑𝑣1

≤ 1
𝑣22

−
∫ √

𝑁

1

2
𝛼𝑣21𝑣

2
2
𝑑𝑣1

=
1
𝑣22

(
1 − 2

𝛼
+ 2
𝛼
√
𝑁

)
.

Thus,

E𝒗∼G|𝑉

[
M 𝒗̂

1 (𝒗)
]
≤ 𝑁 2

(
√
𝑁 − 1)2

(
1 − 2

𝛼
+ 2
𝛼
√
𝑁

) ∫ 𝑁

√
𝑁

1
𝑣22
𝑑𝑣2

≤ 𝑁
√
𝑁 − 1

(
1 − 2

𝛼
+ 2
𝛼
√
𝑁

)
.
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Next, we bound E𝒗∼G|𝑉

[
M 𝒗̂

2 (𝒗)
]
.

E𝒗∼G|𝑉

[
M 𝒗̂

2 (𝒗)
]
=

𝑁 2

(
√
𝑁 − 1)2

∫ 𝑁

√
𝑁

∫ 𝑁

√
𝑁

1
𝑣21𝑣

2
2
M 𝒗̂

2 (𝒗)𝑑𝑣2𝑑𝑣1.

We consider the function ℎ(𝑥) =
∫ 1

𝑥√
𝑁

1
𝑣22
M 𝒗̂

2 (𝒗)𝑑𝑣2, the derivative of ℎ is ℎ′(𝑥) = −M 𝒗̂
2 (𝑣1,

1
𝑥
).

SinceM 𝒗̂
2 (𝑣1, 𝑣2) is non-decreasing,M 𝒗̂

2 (𝑣1,
1
𝑥
) is non-increasing w.r.t. 𝑥 . Therefore ℎ′(𝑥) is non-

decreasing, which implies that ℎ(𝑥) is convex. By Jensen’s inequality,

ℎ

(
1
𝑁

)
≤

1√
𝑁
− 1

𝑁

1√
𝑁

ℎ(0) +
1
𝑁

1√
𝑁

ℎ

(
1

√
𝑁

)
=

(
1 − 1

√
𝑁

)
ℎ(0) + 1

√
𝑁
ℎ

(
1

√
𝑁

)
=

(
1 − 1

√
𝑁

) ∫ ∞

√
𝑁

1
𝑣22
M 𝒗̂

2 (𝒗)𝑑𝑣2

≤ 1 − 1
√
𝑁
.

Then,

E𝒗∼G|𝑉

[
M 𝒗̂

2 (𝒗)
]
=

𝑁 2

(
√
𝑁 − 1)2

∫ 𝑁

√
𝑁

ℎ
( 1
𝑁

)
𝑣21

𝑑𝑣1 ≤
√
𝑁 .

Therefore, the total expected revenue is bounded as

E𝒗∼G|𝑉

[
M 𝒗̂ (𝒗)

]
≤ 𝑁

√
𝑁 − 1

(
1 − 2

𝛼
+ 2
𝛼
√
𝑁

)
+
√
𝑁 =

𝑁
√
𝑁 − 1

(
2 − 1

√
𝑁

− 2
𝛼
+ 2
𝛼
√
𝑁

)
.

□
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