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The authors study the online algorithms and provide an algorithm of O(logB) competitive against an oblivious adversary. The author then proves that their algorithm is better of to many randomized algorithm and also obviously deterministic algorithms. The author also explores how to modify the conventional model of online algorithms to improve competitiveness of other of auctioning scenarios while still maintaining fairness.

1. Is Algorithm Price_and_Pack theta(logB)-competiv? since it is

O(logB) competive and also Omega(logB) competive?

2. According to Yao's technique,randomized algorithm Price_and_Pack should be lower bounded by the average-case running time of any deterministic algorithm?

3.Normally people will say 2-cpmpetive than 1/2 competive?

1. I'm not clear on how offline algorithms determine winners in a multiple item auction.  I assume n bids are accepted and the highest price densities win.  But how is n determined?  Also, I'm not clear on how the greedy auction works.  The paper states, "Greedy simply accepts bids while it has the capacity to do so."  What does this mean?

2. How would the following online auction algorithm do against their online algorithm?

  set B=0

  set n=0

  while (number of items left > 0)

    get bid

    if n=0 then

      accept bid

    else

      if bid >= B/n then accept bid else reject

    endif

    if bid was accepted then

      set B=B+bid

      increment n

    endif

  end

3. How can any single or multiple-item auction be deterministic?

1. This paper differs from the paper "Auctions of Digital Goods" presented earlier in class. The previous paper analyzes the effect of truthfulness on the resultant revenue of an auction. This paper considers the effect of online decisions (accept/reject bid) on total revenue as well. Another major difference is what is total revenue in each paper. The previous paper defines total revenue basically as total agent utilities (i.e., potential revenue). Whereas this paper defines total attainable 

revenue given a set of bids, no matter how truthful they are, that is they needn't represent actual agent utilities.

2, I can't see how a lower bound on a single-item auction is also a lower bound on a multiple-item auction.

3. The value B in this paper somehow encodes an expected price that the seller could have estimated using market analysis for example. On one hand this way urges agents to reveal their true utilities, though not guaranteed?, and also prevents the cost of truthful mechanisms such as VCG. On the other hand, coming up with a value of B is hard and incorrect values result in loss of potential revenues.

4. The deadline of current (outcry-type) auctions helps in limiting the effect of the online nature of internet auctions and provides for some means to adjust the value of B.

1. It would be interesting to discuss more on incentive-compatibility for maximizing social welfare using online auctioning.They show that their probablistic algorithmic approach does fairly well but do not incorporate incentive which could set prices based on previous bids and so on and so forth.

2. It would also be interesting to extend this for different types of auctions.For example, bidders provide services for some commodities instead of cash.How do we formalize this situation ?Or items are sold in exchange of old items .

3.The objective of seller is an important issue.Some might want to maximize revenue and others might want to sell all items.Another interesting way would be that seller adapts itself by repeated auctioning of same category of items and a kind of feedback is obtained.So instead of this probablistic approach of randomly selecting i between 0 and log(B-1), we have a feedback based mechanism.

4.More policies should be put in choosing the bound for a legitimate bid price than just randomly choosing i from 0 to log(B-1).For example,the price should always be a little less than a regular storefront.How do we determine a good value for B?

1. The author proposes an online auctioning scheme in which he decided 

the outcome without looking at the future bids.

2. In his algorithm price and pack if the price density is very small he will not gain much. Also he might have to wait a long time with legitimate bid with n/2 items and a head to come. It might be interesting to know how will this scheme comepare to when have deadlines for a particular item and it is given to a person with highest bid. Also we can impose a minimum bid for that item so that the seller does not incur loss.

3. The author gives another alogrithm to wiat for the k bids before deciding. How accurately can we measure "k" to gain maximum revenue.

4. The asuumption that the algorithm know the value of "B" also seems to be a little weird and need discussion.

1. Why is the price density set at pdr = 2i-1 in the Price and Pack algorithm?

2. In Price and Pack algorithm: “If the coin has landed heads then wait for a legitimate bid for more than n/2 items …”  Why must the number of items be “n/2” ?

3. Why does the deterministic algorithm for the single item problem have a competitive ratio ((B)?

1. The paper mentioned that their algorithm is based on adaptation of a random choice strategy and classify and select. What are these algorithms, and how they differ from the price and pack algorithm? 

2. Theorems 2 and 3, puts a lower bounds on the worst case, how an average case analysis would differ from these theorems results? Is the worst case happened so frequently that the analysis would be that worse? I think the worse case example given in the proof of these theorems is rarely happened in real auctions, and a lower pound on this case is not preventative.

3. In section 4, last paragraph, the authors say that the price_and_pack does not do significantly better that Greedy when using normal or Poisson, and did well when using Poisson, what does that mean? Why Poisson is good or bad!?

4. It is clear that no way to reach the optimal offline algorithm, not even near of it, since it is really unpredictable to know what the next bid is would be. The authors used three distributions for simulation, but in real life, bids sequence may not take the shape of any of these distributions. Assume we have an algorithm that simply accept bid B if the price capacity of bid B is c such that T+c>= Q, where T is the total profit from the items seller sell so far, and Q would be the average of items seller is willing to get including the items that B would buy. In other words, the seller accepts if its average per item is greater than or equals some threshold. How this algorithm does would perform in contrast to the papers algorithm-in the average case.
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