
An Exploration of Instruction Fetch Requirementin Out-of-Order Superscalar ProcessorsPierre Michaud, Andr�e Seznec, St�ephan JourdanAbstractThe e�ective performance of wide-issue superscalar processors depend-s on many parameters, such as branch prediction accuracy, availableinstruction-level parallelism, and instruction-fetch bandwidth. This pa-per explores the relations between some of these parameters, and moreparticularly, the requirement in instruction-fetch bandwidth.We introduce new enhancements to boost e�ectively the instruction-fetch bandwidth of conventional fetch engines. However, experimentsstrongly show that the performance does not increase as fast as the in-struction fetch bandwidth. At the level of bandwidth exhibited by theproposed schemes, the performance improvement is small : once the mea-sured IPC is half the instruction fetch bandwidth, increasing the fetchbandwidth brings very little improvement. This clearly brings to lightpotential relations between the fetch bandwidth and the other parameter-s. In the second part of the paper, we develop a model from the empiricalobservation that the available instruction parallelism grows as the squareroot of the instruction window size. We show that this model is coherentwith the main experimental observations. From the model, we derive thatthe fetch bandwidth requirement grows as the square root of the distancebetween mispredicted branches. We also verify experimentally that todouble the IPC one should both double the fetch bandwidth and decreasethe number of mispredicted branches fourfold.1 IntroductionOut-of-order execution is widely used in superscalar processors. As tens ofmillions of transistors are now available, future processor generations are likelyto feature large on-chip resource (e.g. caches, functional units).To achieve high performance in a wide-issue superscalar processor, the fetchengine should supply instructions at a su�cient rate. Conventional fetch en-gines supplying a single sequential basic block are not capable of feeding suchan aggressive microprocessor. Recently, new concepts have been proposed toimplement high-bandwidth instruction fetch engines. Such concepts include thetrace cache approach [14, 4] and the multiple-block fetching approach [19, 3, 16].1



This paper proposes to characterize the extent to which increasing the in-struction fetch bandwidth increases the performance. Our experimentationsshow that, assuming a �xed execution core, increasing the instruction fetchbrings diminishing returns. If the available instruction parallelism in the appli-cation, assuming unlimited bandwidth, is X , then in practice a fetch bandwidthof 2X instructions per cycle is su�cient.To better understand this result, we develop a model by focusing on three ofthe performance bottlenecks : the instruction-fetch rate, the branch predictionaccuracy, and data dependencies. This model is based on the empirical obser-vation that, for instruction windows less than 1k instructions, the instructionparallelism grows as the square root of the instruction window size. Our mod-el shows that for doubling the performance, one should both double the fetchbandwidth and decrease the mispredict rate fourfold.This paper is divided in two main parts. In Section 2, we propose a simplesolution to boost the e�ective fetch rate of conventional instruction fetch engines.Our best engine supplies around 13 instructions per cycle. However this verysame engine does not provide a signi�cant performance improvement, even usingan execution core with no resource limitations. We show experimentally thatthis is due to the limitations from both the available parallelism and the branchpredictor performance. Section 3 introduces an analytical model to quantifysuch interactions. Section 4 provides some concluding remarks.2 Performance Impact of Instruction Fetch Mech-anisms in Out-of-Order Superscalar Proces-sorsTwo solutions have been proposed to implement high-bandwidth instruction-fetch engines. The conventional approach relies on regular instruction cachesand branch predictors [19, 3, 16]. The other option is based on a trace cache[14].In this section, we focus on high-bandwidth conventional engines. We de-scribe and then compare four di�erent fetch engines of increasing hardware com-plexity and bandwidth. The four designs with the corresponding bandwidthsare:� the usual one block-ahead (OBA) scheme fetching one basic block,� the E-OBA scheme fetching up to two basic blocks when the �rst blockends in a not-taken branch,� the two block-ahead (TBA) scheme [16] fetching any two basic blocks,� the E-TBA scheme, which fetches up to four basic blocks when the �rstand third branches are both not taken.2



The purpose of this section is two-fold. We introduce two new instructionfetch engines, namely E-OBA and E-TBA, and emphasize that E-TBA deliversa high instruction bandwidth. On the other hand, we show that processorperformance does not scale with such high bandwidth.2.1 High-Bandwidth Instruction FetchingBoosting bandwidth in conventional designs requires work mainly in branchprediction. Instruction caches are less a problem since techniques like bankingor phase pipelining, where structures are pipelined over half cycles like in thedata cache of the Alpha 21264, provide an e�cient way to support such highbandwidths. Branch prediction is basically a sequential process. Using theconventional OBA scheme, a straightforward way to predict two blocks percycle is to make prediction tables small enough so that two successive accessescan be performed in a single cycle. However, this solution impairs predictionaccuracy.The TBA scheme is an alternative. It overcomes the sequential aspect byperforming the prediction not with the block containing the predicted branch,but with the block immediately before. By doing so, consecutive predictions areoverlapped. The TBA scheme, through dual porting, banking, or phase pipelin-ing, predicts up to two basic blocks in a single cycle while keeping predictiontables large.We propose to further increase the instruction bandwidth delivered by theTBA scheme by allowing basic blocks to extend through one not-taken branch,introducing the extended TBA (E-TBA) scheme. This technique can be ap-plied also to a conventional OBA scheme, de�ning the extended OBA (E-OBA)scheme. All these schemes are described in the remainder of this section.2.2 The E-OBA Scheme: Bypassing One Not-taken BranchThe conventional OBA scheme wastes instruction bandwidth since, on a predict-ed not-taken branch, the instructions following the branch in the fetch windoware discarded and fetched again in the next cycle. Ideally, one would want tobypass all not-taken branches, as was proposed in [3]. Instead of fetching basicblocks, we would fetch sequential traces, a sequential trace ending on the �rsttaken branch. Though this approach may require widening the fetch window,the instruction cache remains single-ported.Bypassing all not-taken branches requires interleaving the branch predictiontables (e.g. the BTB and the two-bit counter table) on as many banks as thenumber of instructions in the fetch window (the fetch window can be a cacheline, two adjacent cache lines, two adjacent half-lines ...). This may not becost-e�ective compared to a conventional OBA mechanism.The solution we propose is based on the observation that bypassing only asingle not-taken branch brings most of the bene�ts of fetching full sequentialtraces. On average in the IBS traces, 30 % of the dynamic branches are not-taken conditional branches (75 % of the branches are conditional with a 40 %3
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branch N branch N+1Figure 3: Principle of TBA predictionAs described in [16] , branch predictor structures consist in a branch targetbu�er to identify branches, a 2-bit counter table to predict conditional branchoutcomes, a tagged target cache [2] to predict indirect branches, a return addressstack to predict returns, and a prediction stack to identify and predict the �rstbranch following a return.All the tables are organized as depicted in Figure 4. Tables are split intotwo arrays, to allow reading predictions without knowing the direction of theprevious branch initially. The direction, once known, is used to select the output.Since taken branches outnumber not-taken branches, we XOR the direction withan address bit to distribute entries evenly over the two arrays.Further details are provided in [16], especially the use of the prediction stack(the branch after a return is predicted as if the original call were not-taken), themechanism to restart the fetch process after a misprediction, and how to takeinto account blocks larger than the fetch window.2.4 The E-TBA SchemeIn order to further increase the bandwidth provided by the TBA scheme, wecan modify it to work on extended blocks in place of basic blocks, de�ning anE-TBA scheme. This means predicting the address of the next extended blockusing the previous extended block. In E-TBA, there are three ways to exit anextended block:� T1 : taken primary branch, 5
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Figure 5: E-TBA scheme (logical)applications on a MIPS-based workstation, including system activity.Processor model. We modeled an aggressive superscalar out-of-order pro-cessor with some optimistic assumptions to emphasize the impact of instructionfetching. The processor issues up to 16 instructions from a window of 256 in-structions. It features 16 uniform pipelined units and a 4-port data cache. Datacache misses are not simulated. Instruction latencies are those of the COM-PAQ/DEC Alpha 21264. Loads are issued as soon as their memory address iscomputed, even when previous store addresses are not known yet. When a storematches an already issued load, the load and the instructions dependent on itare selectively re-issued.The instruction pipeline is 8-stage long: fetch, align, decode, rename, dis-patch, read operands, execute, and retire. Instructions are retired from the in-struction window in the program order, and instruction fetching on the correctpath resumes as soon as a mispredicted branch is executed. All stages but thefetch stage are 16-instruction wide.Fetch mechanisms. The instruction cache is 256 Kbytes. Lines are 16-instruction wide and the miss latency is 8 cycles. For the OBA and E-OBAschemes, the fetch window is made of two adjacent lines. For the TBA andE-TBA schemes, the fetch window is made of two adjacent half-lines. In anycase, a maximum of 32 instructions can be fetched in a cycle. We use a 64-instruction fetch bu�er between the align and decode stages, where instructionswait for decode when more than 16 instructions are fetched in the same cycle(otherwise, the fetch bu�er is bypassed).The branch predictor consists in a 16k-entry BTB, a 3x16k-entry e-gskew7



[11] to predict conditional branches, a 4k-entry tagged target cache, and a returnaddress stack. The BTB and the target cache are cascaded [5] to predict indirectsbranches. The global history length is 12 bits.The TBA and E-TBA schemes also feature a prediction stack. We slightlymodi�ed the scheme described in [16] to bene�t from the target cache. Thetarget cache can help the BTB to identify a branch following an indirect branch.The target cache and BTB entries have the same format, and both predictiontables are used in a cascaded manner. Simulations showed that the use of atarget cache decreases signi�cantly the number of branches misidenti�ed afteran indirect branch.Simulation results. Table 1 shows the IPC values (instructions retired percycle) and fetch rates (valid instructions fetched per fetch cycle on the rightpath) measured on the simulated processor. First we observe that the techniquesused to increase the fetch bandwidth are very e�ective. Fetch rates achieved byE-TBA are between 11 and 16 instructions per cycle, with an average close to 13 :it is roughly twice the fetch rate o�ered by the OBA scheme. In fact, we fetchless than 2.6 basic blocks per cycle because of the fetch window limitations andmispredicted branches (we do not count instructions fetched after a mispredictedbranch)The measured misprediction rate is nearly the same for the four schemes.Table 2 shows the average number of basic blocks executed per mispredictedbranch (conditional or indirect). The rightmost column gives the ratio betweenE-TBA and OBA. The most important drop in prediction accuracy is 10 % onverilog.As expected, higher fetch rates improve performance. However, the per-formance improvement is not proportional to the increase in fetch bandwidth.While the extra 25 % bandwidth of E-OBA over OBA brings a speedup of 1.13,the extra 40 % bandwidth of TBA over E-OBA returns only a speedup of 1.12,and the extra 20 % bandwidth of E-TBA over TBA only returns a speedup of1.02. From OBA to E-TBA, the fetch rate doubles but the gain in IPC is only25-30 %.The diminishing performance return would be even more dramatic had wesimulated a realistic memory hierarchy. To analyze the processor behavior, webroke simulation cycles into:� fetch cycles: valid instructions are fetched� decode cycles: a misidenti�ed or mispredicted branch has been fetchedand is waiting to be decoded� misprediction cycles: a mispredicted branch has been decoded and iswaiting to be executed� full-bu�er cycles: the fetch bu�er is full of valid instructionsResults are reported in Figure 6, measured in cycles per instruction (CPI).With the E-TBA scheme, the gain on fetch cycles is compensated by more8



OBA E-OBA TBA E-TBA E-TBA / OBAIPC 4.00 4.60 5.06 5.18 1.29gro� fetch 5.50 7.05 9.98 11.96 2.17IPC/fetch 0.73 0.65 0.51 0.43IPC 4.14 4.76 5.32 5.42 1.31gs fetch 5.62 7.20 10.26 12.23 2.18IPC/fetch 0.74 0.66 0.52 0.44IPC 5.05 5.54 6.03 6.14 1.22mpeg play fetch 7.90 9.91 13.46 15.89 2.01IPC/fetch 0.64 0.56 0.45 0.39IPC 3.93 4.89 6.34 6.80 1.73nro� fetch 4.52 5.90 8.74 10.94 2.42IPC/fetch 0.87 0.83 0.73 0.62IPC 3.53 3.92 4.28 4.35 1.23real gcc fetch 5.69 7.43 10.13 12.32 2.17IPC/fetch 0.62 0.53 0.42 0.35IPC 4.39 4.69 5.19 5.24 1.19sdet fetch 6.49 7.67 12.08 13.88 2.14IPC/fetch 0.68 0.61 0.43 0.38IPC 4.11 4.59 4.87 4.94 1.20verilog fetch 6.00 7.50 10.05 11.61 1.94IPC/fetch 0.68 0.61 0.48 0.43IPC 5.10 5.75 6.51 6.65 1.30video play fetch 6.69 8.32 12.02 14.17 2.12IPC/fetch 0.76 0.69 0.54 0.47Table 1: IPC values and average fetch rates on the simulated processorOBA E-OBA TBA E-TBA E-TBA / OBAgro� 51.39 50.92 48.74 48.33 0.94gs 42.89 41.24 40.48 39.90 0.93mpeg play 30.08 30.00 29.62 29.67 0.99nro� 59.07 58.92 58.17 58.44 0.99real gcc 19.91 18.91 18.72 18.40 0.92sdet 42.85 42.48 42.21 42.94 1.00verilog 43.86 43.04 40.06 39.52 0.90video play 55.63 54.12 51.91 51.85 0.93Table 2: Average number of basic blocks executed per mispredicted branch onthe simulated processor 9
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Figure 6: CPI breakdown (bars from left to right represent OBA, E-OBA, TBAand E-TBA respectively)misprediction cycles and decode cycles. The number of misprediction cyclesincreases since instructions enter the instruction window sooner, so they waitlonger for data dependencies. The number of decode cycles also increases be-cause the decode and rename width (16 instructions) is too small compared tothe fetch width. Though a moderate-size fetch bu�er is su�cient to regulate the
ow of instructions (as the average fetch rate keeps below 16 instructions percycle), it introduces several virtual pipeline stages where instructions wait foridle decode slots. This problem, which is speci�c to E-TBA, could be alleviatedby enlarging the decode and rename widths.2.6 SummaryOur experiments have shown that bypassing one not-taken branch is an e�cienttechnique to increase the fetch bandwidth. The E-TBA scheme delivers onaverage 13 instructions per cycle. Note that this bandwidth gain is proportionalto the ratio between taken and not-taken branches. The extended-block schemesbecome even more e�ective when taking into consideration compiler techniquesto increase the proportion of not-taken branches, as in [1].We have also shown that, even with a very aggressive model (for today'sstandards), the performance return of increasing the instruction fetch bandwidthbecomes lower: while E-TBA delivers 20 % more bandwidth over TBA, resultsshow a 1.02 performance speedup only.The next section is an attempt to explain why increasing the fetch bandwidthis not always bene�cial to performance.10



3 A model of the interactions between instruc-tion fetching, branch prediction, and ILPThe goal of this section is to provide a better understanding of the performanceof a superscalar processor in relation with the instruction fetch rate and branchprediction accuracy. We �rst observe that, empirically, the instruction-level par-allelism (ILP) grows as the square root of the instruction window size. We builda simple analytical model of the execution based on this assertion. We showthat this model is able to reproduce the main conclusions of the previous sec-tion, highlighting the relations between instruction fetching, branch predictionaccuracy, and ILP.3.1 Methodology and processor modelIn this section, we focus on three of the performance bottlenecks in the super-scalar paradigm : data dependencies, the distance between control 
ow breaks,and the instruction fetch rate (we use the term control 
ow breaks instead ofbranch mispredictions because it is more general).All experiments in this section are conducted with a very simple simulatorthat models only the studied parameters. The processor modeled is an ideal-ized out-of-order superscalar processor with no resource constraints, no front-end pipeline stages, and a perfect bypass network between functional units :instructions fetched are ready for execution as soon as their operands are avail-able. Basically, the simulator processes one instruction at a time, computingthe execution cycle asexec cycle = max(fetch cycle; favailability cyclegoperands) + exec latencyAll instructions but loads and stores have an execution latency of one cycle.Loads and stores use one cycle for the memory address computation and one orseveral cycles for accessing the cache. We assume all accesses hit in the cache.Otherwise stated, the cache access latency is one cycle. We assume a perfectmemory disambiguator so that loads do not have to wait longer than necessary.Throughout this section, the term slice refers to a sequence of dynamic validinstructions between two consecutive control 
ow breaks. All the slices pastedtogether form the whole instruction trace. On a control 
ow break, we assumethe processor waits for all the previously fetched instructions to be executedbefore resuming the fetch of valid instructions. So a new slice cannot be fetcheduntil all the instructions of the previous slice have been executed.3.2 The square root lawWe de�ne a perfect fetch engine as an engine able to fetch one slice in a cycle,since it allows to minimize the execution time of each slice and therefore ofthe whole application. With a perfect fetch engine, and assuming no resource11



constraints, the execution of a slice can be represented as a data-
ow graph :each instruction in the slice is a node of the graph, and an instruction B is con-nected to a previous instruction A if B uses the result of A. Each node is labeledwith the execution latency of the corresponding instruction (we could also labeledges with bypass latencies, but as we assume a perfect bypass network, edgelatencies are null). The length of a chain in the data-
ow graph is computed asthe sum of the latencies of all the instructions on the chain, and the executiontime of the slice is equal to the length of the longest chain in the graph.To evaluate the average length of the longest chain in a slice, we partitionthe instruction trace into slices of constant size S. We de�ne LS as the lengthof the longest chain in a slice averaged on all the slices in the benchmark trace.This provides statistical information on the structure of the data-
ow graph inprograms. Figure 7 shows the value of LS measured on the IBS and SPECint95benchmarks when S varies from 8 to 4k instructions. The cache latency is onecycle on the left graphs and 4 cycles on the right graphs. We use a logarithmicscale on both axis of the graphs.First, it can be observed that the majority of our benchmarks have verysimilar behaviors. With a cache latency of 1 cycle,LS = p2Sis a good approximation of the average length of the longest data-
ow chainin slices less than S=1k instructions. For larger slices, the experimental curvesdiverge from the model. Among our benchmarks, only IBS sdet does not followthe square root law : this benchmark spends a lot of time in a very tight loop,so, unsurprisingly, it does not follow the average behavior. We also observe thatwhen we increase the cache latency, the experimental curves keep following asquare root law. In the remaining, we will assume a generalized square root lawLS = 1�pSParameter � quanti�es the e�ciency of the execution core and depends on manyfactors : operators latencies, bypass latencies, number of data cache misses,cache miss latency, use of data value prediction, ... The higher � is, the fasterthe processor drains the instruction window.Another way to observe the square root law is to simulate a processor havinga reorder bu�er with a perfect fetch engine keeping it always full, as we did in[12] : the IPC varies according to the square root of the reorder bu�er size W .We show, in the appendix, the following inequality :�pW � IPC � 2�pWIt should be noted that Riseman and Foster observed a similar square root lawalmost 3 decades ago [13]. The square root law seems to accurately model thedata 
ow of a large set of applications, and especially applications having acomplex control 
ow. 12
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sqrt(2S)Figure 7: Value of LS on the IBS and SPECint95 benchmarks when S variesfrom 8 to 40963.3 Impact of a limited fetch width : de�ning milestoneinstructionsNow let us focus on a single slice of size S, and let us call LS the length of thelongest chain in the data-
ow of this slice. When the whole slice is brought inthe instruction window instantaneously, the time to execute the slice is equal toLS cycles. On the other hand, if it takes several cycles to bring the whole slicein the window, this may delay the execution of some instructions and increasethe overall execution time. To take this into account, we modify the data-
owgraph by introducing new edges corresponding to fetch cycle constraints.Figure 8 shows an example of the data-
ow of a slice of 13 instructions.Instructions are numbered sequentially from 1 to S = 13. To take into accountfetch cycle constraints, we add a node 0 in the graph (node 0 can be viewedas the previous slice) and we connect each instruction i in the slice to node 0,labeling each new edge with the fetch cycle of the instruction, f(i). We call thisnew graph Gf (see Figure 8).The execution time of the slice can be computed as the length of the longestpath in graph Gf . As node 0 is connected to all the other nodes, node 0 isindeed on the longest path, so we only need to consider the paths starting fromnode 0. The maximum path length can be computed as13
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ow. Lower graph : graph Gf with newedges to take into account fetch cycle constraintsT = maxi=1:::S(f(i) + l(i))with l(i) being the length of the longest chain originating from instruction itoward the end of the slice. Figure 9 gives the l(i) values on the example data-
ow.In principle, we must know l(i) for each instruction i in the slice to modelthe fetch. However, it is possible to simplify the problem by considering thatinstructions are fetched in the program order. In other words, the fetch functionf is an increasing function. If we consider the set of instructions in the slice thathave the same value l(i) = n, the maximum of f(i) + l(i) on these instructionsis determined by the instruction fetched the latest. We call this instruction themilestone instruction of rank n :8n 2 [1 : : : LS]; mn = maxfi 2 [1 : : : S]=l(i) = ngThe milestone instructions on the example of Figure 9 correspond to the shadedl(i) values. The expression for the execution time becomesT = maxn=1:::LS(f(mn) + n)To compute T , we only need to know the number of milestones in the sliceand the time at which each milestone is fetched.More fetch bandwidth is needed at the beginning of the slice : It ispossible to minimize T by fetching one milestone per cycle8n 2 [1 : : : LS]; fopt(mn) = LS � nThis is an \optimal" fetch, as we try in each cycle to fetch the minimum numberof instructions without delaying the execution time. Actually, the distributionof milestones in the data 
ow of programs is not uniform. Milestones are dis-tributed sparsely in the beginning of the slice, and they get closer to each other14
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l(i) 5 4 5 4 3 2 1 3 2 1 2 2 1Figure 9: Example of a slice data-
ow with 5 milestonesnear the end of the slice. Consequently, the optimal fetch is not uniform : alarge fetch bandwidth is needed at the beginning of the slice, and the fetchbandwidth requirement decreases gradually as the fetch proceeds.However, existing fetch mechanisms can be better modeled with a uniformfetch, so we assume a uniform fetch in the remaining.3.4 The milestone modelFor modeling the impact of a limited fetch, we must have a model for f(mn).To keep the model simple, we assume a uniform fetch width F , with a fetchfunction f(i) = i=F , and we model f(mn) asf(mn) = S � �2n2FThe rationale behind this function is that the number of milestones within agiven distance from the end of the slice, on average, follows the square root law.Now the execution time can be expressed asT = max1:::LS (S � �2n2F + n)The shape of h(n) = S��2n2F +n is represented in Figure 10. We can approximateT by computing the maximum of the parabola h(x) between 1 and LS . Thecritical milestone is the milestone mn for which h(n) is maximum, and its rankis F=(2�2) : T � SF + F4�2This is true as long as F � 2�2LS. The critical milestone rank increases withF . When F > 2�2LS , the critical milestone rank is maximum and equal toLS. Considering LS = 1�pS, when F > 2�pS, T is minimum and equal toTmin = 1�pS
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LsF/2a^2321 Figure 10: h(n) = S�a2n2F + nExistence of a threshold fetch The execution time is minimum when thefetch is greater than Ft = 2�pSWe call this value the threshold fetch, as there is no bene�t to increase thefetch over this value. When F � Ft, the execution time is the sum of thefetching time S=F , which is the time to fetch all the instructions up to the nextcontrol 
ow break, plus the draining time F=(4�2), which is the time for theinstruction provoking the control 
ow break to retire from the processor.When F is small, the fetching time dominates the execution time : theperformance is limited by the fetch. When F is large, the draining time in-creases, the gain on the fetching time is compensated partly by the drainingtime. Beyond the threshold fetch, the performance is limited by the executioncore. The performance in number of valid instructions executed per cycle maybe computed as S=T :F � Ft; IPC � F1 + (F=Ft)2F > Ft; IPC = Ft2It can be noticed that the threshold fetch for a slice is reached when the fetchwidth is the double of the highest possible IPC in this slice. Figure 11 showsthe curves for the IPC predicted by the milestone model for slice sizes S =50; 100; 200.Consequence on the fetch engine tuning Considering branch mispredic-tions as the main source of control 
ow breaks, there is a direct relation between16
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S=200Figure 11: IPC given by the milestones model assuming � = 1=p2the average size of a slice and the branch misprediction ratio : if we divide themisprediction ratio by a factor k, we multiply the average slice size by the samefactor k. We observe that the curves on Figure 11 are homothetic : consideringa �xed �, to double the IPC, we must at the same time double the fetch widthand decrease the mispredict ratio fourfold.On the other hand, our model shows that trading branch prediction accuracyto get more instruction bandwidth is only worthwhile when the fetch bandwidthis under-dimensioned, but would be counterproductive whenever the fetch band-width is already close to the threshold. When the threshold fetch is reached, weshould rather try to improve the branch prediction accuracy or increase �.3.5 A variant : the leaky-bucket modelThe model presented in [12] is a more intuitive model based on an analogy witha leaky bucket : the velocity of the water 
owing out of the bucket is p2gh, hbeing the height of water in the bucket. We can model the instruction windowof the processor as a bucket into which the fetch engine pours instructions andwhich is drained simultaneously by the execution core. We call Ct the numberof instructions remaining to be fetched up to the end of the slice. We call Ntthe number of instructions waiting for execution in the instruction window incycle t, and we assume that the number of instructions that can execute in thiscycle is p2gNt, g being a \gravity" constant representing the e�ciency of theexecution core. We get the following algorithm :N0 = 0C0 = SNt+1 = Nt �p2gNt +min(Ct; F )Ct+1 = Ct �min(Ct; F )The algorithm ends when Nt+Ct � 0. Figure 12 plots p2gNt in each cycle, fora slice size of 200 instructions and for di�erent fetch widths. The plot exhibitsclearly three ILP phases : in the �rst cycles, the ILP rises (the window is �lling),17
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Figure 12: Bucket model : plot of p2gNt in each cycle, for a slice S=200 andfor di�erent fetch widthsthen it stabilizes at a constant ILP equal to the fetch width, and when the wholeslice has been fetched, the ILP falls (the window is emptying). For small fetchwidths, the constant ILP phase dominates the execution time : a gain on thefetch is a gain on the execution time. As the fetch width increases, the constantILP phase gets shorter : the gain on the fetch is compensated partly by a longerfalling ILP phase. The threshold fetch is reached when the constant ILP phasevanishes : the execution time is then limited by the execution core.Assuming the constant ILP phase is non null, we can calculate the executiontime by noting that the slope of the falling ILP phase is nearly constant :p2gNt+1 �p2gNt = p2gNt(s1�r 2gNt � 1)� p2gNt[(1� 12r 2gNt )� 1]� �gThe execution time can be expressed as the time to fetch all the instructions inthe slice plus the falling ILP timeT � SF + FgWe �nd an expression similar to the one given by the milestones model, assumingg = 4�2.3.6 Model limitations and experimental veri�cationThis modeling e�ort was primarily aimed at explaining the experimental resultsof section 2. We modeled only on a few (but important) processor parameters.18



In particular, we did not take into account resource constraints and the pipelinedepth, though it could be possible to extend the leaky-bucket model. We al-so focused on a conventional superscalar paradigm, so the model may not beadapted to other paradigms, like those exploiting control independence.Nevertheless, the model allows to understand how instruction fetching andbranch prediction interact. It is able to explain the empirical observation that,once the fetch rate is the double of the measured IPC, increasing the fetchbrings no signi�cant performance improvement. The model also predicts that,to double the IPC, we should both double the fetch width and decrease themispredict rate fourfold.To verify this, we returned to the experimental set-up of section 2. Toemulate a better branch predictor than in Section 2.5, we removed some branchmispredictions in a random fashion. The processor con�guration is almost thesame as in Section 2.5, except that, to scale with a higher branch predictionaccuracy, we increase the processor instruction window size from 256 to 1024,and the pipeline width from 16 to 32.Figure 13 shows the IPC on the new processor con�guration with the basebranch predictor (upper graph) and when 75 % of mispredictions are removed(lower graph). The performance di�erences between the four fetch engines in-crease when we decrease the number of mispredictions. The OBA scheme ex-hibits a 1.2 performance speedup when 75% of mispredictions are removed,whereas E-TBA speedup tops at 1.35. We verify that the new IPC of E-TBA isapproximately twice the IPC of OBA with 4 times more mispredicted branches.4 Summary and Concluding RemarksIn this paper, we emphasized the relations between the instruction-fetch band-width, the available ILP, and the branch prediction accuracy.First, we introduced a simple solution to boost the instruction-fetch band-width of a conventional instruction cache. By allowing a block to continuebeyond one not-taken branch, the E-TBA scheme gets 20 % extra instruction-fetch bandwidth over a TBA scheme, at a modest hardware cost. However, thisextra bandwidth was not found to be really useful on a superscalar processorexecuting a single instruction 
ow and constrained by true data dependencies.For a better understanding of the experimental results, we focused on datadependencies, branch mispredictions and the instruction fetch bandwidth. Wedeveloped a model based on the empirical observation that the available in-struction parallelism grows as the square root of the instruction window size.This model corroborates the main experimental observations. It highlights theexistence of a threshold instruction-fetch rate beyond which little performancegain is to be expected. According to the model, the threshold fetch grows as thesquare root of the distance (in instructions) between two consecutive mispredict-ed branches. The threshold fetch rate is approximately twice the maximum IPCthat can be obtained with an unlimited fetch. We also veri�ed that to doublethe performance, we should both double the fetch rate and decrease four-fold19
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the number of mispredicted branches.The conclusion on the tuning of the instruction-fetch engine is that whenthe threshold fetch is reached, we should rather try to decrease the number ofcontrol 
ow breaks [10, 7, 8] or improve the execution core [9, 15, 17, 6].Finally, we would like to conclude on the methodology in computer archi-tecture research. Most microarchitectures studies use simulators modeling acomplete processor as accurately as possible, that is, modeling all mechanismspresent in a real processor or already proposed elsewhere. However, in moststudies focusing on a particular point of the processor design, e.g. instructionfetch, all other parameters cannot be completely explored. Simulating \true"mechanisms, but not varying their parameters, leads to biased simulation re-sults. From our experiment in Section 2.5, one may disregard the impact ofE-TBA based on the poor performance improvement reported. Had we mod-eled techniques to boost the amount of ILP or to increase the distance betweenmispredictions, the conclusion would be di�erent.This leads us to argue for deemphasizing complete processor simulation,and to focus on more signi�cant metrics than just the overall performance ofa simulated processor. For instance, the average fetch rate and the branchmisprediction rate characterize an instruction fetch engine better than the IPCvalue obtained on a �xed execution core.AppendixWe consider a processor with a reorder bu�er of size W and a perfect fetchengine keeping it always full. We start from the basic data-
ow graph G of thewhole dynamic instruction trace.We consider a graph G0 derived from G by adding window dependence edgesbetween every pair of instructions separated by at least W instructions in thedynamic instruction trace (an instruction can enter the reorder bu�er only afterthe instruction which is W-instruction ahead has been retired from the reorderbu�er). The total execution time is given by the length LG0 of the longest chainin G0. Let us consider the chain in G0 formed by partitioning the whole traceinto N slices of W instructions, then concatenating the longest local data-
owchains in one every two slices (that is, slices 1,3,5,7,...). Asymptotically, thelength of this chain is N2 LW , so LG0 � N2 LWAs IPC = NWLG0 , we have IPC � 2WLWNow let us consider the graph G00 derived from G by adding edges between everypair of instructions belonging to di�erent slices. The longest chain in G00 is thechain formed by concatenating the longest local data-
ow chains in each slice,21
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