nop_1 01 47 copy loop template COPY LOOP OF 80AAA nop_0 00 48 copy loop template nop_1 01 49 copy loop template nop_0 00 50 copy loop template mov_iab 1a 51 move contents of [bx] to [ax] (copy instruction) dec_c 0a 52 decrement cx if_cz 05 53 if cx perform next instruction, otherwise skip it jmp 14 54 jump to template below (copy procedure exit) nop_0 00 55 copy procedure exit compliment nop_1 01 56 copy procedure exit compliment nop_0 00 57 copy procedure exit compliment nop_0 00 58 copy procedure exit compliment inc_a 08 59 increment ax (point to next instruction of daughter) inc_b 09 60 increment bx (point to next instruction of mother) jmp 14 61 jump to template below (copy loop) nop_0 00 62 copy loop compliment nop_1 01 63 copy loop compliment nop_0 00 64 copy loop compliment nop_1 01 65 copy loop compliment (10 instructions executed per loop) shl 000 03 12 shift left cx COPY LOOP OF 72ETQ mal 000 1e 13 allocate daughter cell nop_0 000 00 14 top of loop mov_iab 000 1a 15 copy instruction dec_c 000 0a 16 decrement cx dec_c 000 0a 17 decrement cx jmpb 000 15 18 junk dec_c 000 0a 19 decrement cx inc_a 000 08 20 increment ax inc_b 000 09 21 increment bx mov_iab 000 1a 22 copy instruction dec_c 000 0a 23 decrement cx inc_a 000 08 24 increment ax inc_b 000 09 25 increment bx mov_iab 000 1a 26 copy instruction dec_c 000 0a 27 decrement cx or1 000 02 28 flip low order bit of cx if_cz 000 05 29 if cx == do next instruction ret 000 17 30 exit loop inc_a 000 08 31 increment ax inc_b 000 09 32 increment bx jmpb 000 15 33 go to top of loop (6 instructions per copy) nop_1 000 01 34 bottom of loop (18 instructions executed per loop) 47 APPENDIX Assem bler co de for the cen tral cop lo op of the ancestor (80aaa) and decendan after �fteen billion instructions (72etq). Within the lo op, the ancestor do es eac of the follo wing op erations once: cop instruction (51), decremen cx (52), incremen ax (59) and incremen (60). The decendan erforms eac of the follo wing op erations three times within the lo op: cop instruction (15, 22, 26), incremen ax (20, 24, 31) and incremen (21, 25, 32). The decremen cx op eration ccurs �v times within the lo op (16, 17, 19, 23, 27). Instruction 28 ips the lo order bit of the cx register. Whenev er this latter instruction is reac hed, the alue of the lo order bit is one, so this amoun ts to sixth instance of decremen cx. This means that there are decremen ts for ev ery incremen t. The reason for this is related to another adaptation of this creature. When it calculates its size, it shifts left (12) efore allo cating space for the daugh ter (13). This has the e�ect of allo cating wice as uc space as is actually needed to accomo date the genome. The genome of the creature is 36 instructions long, but it allo cates space of 72 instructions. This ccurred in an en vironmen where the slice size as set equal to the size of the cell. In this the creatures ere able to garner wice as uc energy Ho ev er, they had to complimen this hange doubling the um er of decremen ts in the lo op. 46 APPENDIX Assem bler source co de for the smallest self-replicating creature. genotype: 0022abn parent genotype: 0022aak 1st_daughter: flags: inst: 146 mov_daught: 22 breed_true: 2nd_daughter: flags: inst: 142 mov_daught: 22 breed_true: InstExecC: 437 InstExec: 625954 origin: 662865379 Wed Jan 20:16:19 1991 MaxPropPop: 0.1231 MaxPropInst: 0.0568 nop_0 00 adrb 1c find beginning nop_1 01 divide 1f fails the first time it is executed sub_ac 07 mov_ab 19 adrf 1d find end nop_0 00 inc_a 08 to include final dummy statement sub_ab 06 calculate size mal 1e 10 push_bx 0d 11 save beginning address on stack in order to ‘return’ there nop_0 00 12 top of copy loop mov_iab 1a 13 dec_c 0a 14 if_cz 05 15 ret 17 16 jump to beginning, address saved on stack inc_a 08 17 inc_b 09 18 jmpb 15 19 bottom of copy loop (6 instructions executed per loop) nop_1 01 20 mov_iab 1a 21 dummy statement to terminate template 45 nop_1 01 67 copy procedure exit template nop_0 00 68 copy procedure exit template nop_1 01 69 copy procedure exit template nop_1 01 70 copy procedure exit template pop_cx 12 71 pop cx off stack pop_bx 11 72 pop bx off stack pop_ax 10 73 pop ax off stack ret 17 74 return from copy procedure nop_1 01 75 end template nop_1 01 76 end template nop_1 01 77 end template nop_0 00 78 end template if_cz 05 79 dummy statement to separate creatures 44 nop_1 01 24 reproduction loop template nop_0 00 25 reproduction loop template nop_1 01 26 reproduction loop template mal 1e 27 allocate memory for daughter cell, address to ax ax start of daughter bx start of mother cx size of mother dx template size call 16 28 call template below (copy procedure) nop_0 00 29 copy procedure compliment nop_0 00 30 copy procedure compliment nop_1 01 31 copy procedure compliment nop_1 01 32 copy procedure compliment divide 1f 33 create independent daughter cell jmp 14 34 jump to template below (reproduction loop, above) nop_0 00 35 reproduction loop compliment nop_0 00 36 reproduction loop compliment nop_1 01 37 reproduction loop compliment nop_0 00 38 reproduction loop compliment if_cz 05 39 this is dummy instruction to separate templates begin copy procedure nop_1 01 40 copy procedure template nop_1 01 41 copy procedure template nop_0 00 42 copy procedure template nop_0 00 43 copy procedure template push_ax 0c 44 push ax onto stack push_bx 0d 45 push bx onto stack push_cx 0e 46 push cx onto stack nop_1 01 47 copy loop template nop_0 00 48 copy loop template nop_1 01 49 copy loop template nop_0 00 50 copy loop template mov_iab 1a 51 move contents of [bx] to [ax] dec_c 0a 52 decrement cx if_cz 05 53 if cx == perform next instruction, otherwise skip it jmp 14 54 jump to template below (copy procedure exit) nop_0 00 55 copy procedure exit compliment nop_1 01 56 copy procedure exit compliment nop_0 00 57 copy procedure exit compliment nop_0 00 58 copy procedure exit compliment inc_a 08 59 increment ax inc_b 09 60 increment bx jmp 14 61 jump to template below (copy loop) nop_0 00 62 copy loop compliment nop_1 01 63 copy loop compliment nop_0 00 64 copy loop compliment nop_1 01 65 copy loop compliment if_cz 05 66 this is dummy instruction, to separate templates 43 APPENDIX Assem bler source co de for the ancestral creature. genotype: 80 aaa origin: 1-1-1990 00:00:00:00 ancestor parent genotype: human 1st_daughter: flags: inst: 839 mov_daught: 80 2nd_daughter: flags: inst: 813 mov_daught: 80 nop_1 01 beginning template nop_1 01 beginning template nop_1 01 beginning template nop_1 01 beginning template zero 04 put zero in cx or1 02 put in first bit of cx shl 03 shift left cx shl 03 shift left cx, now cx ax bx cx template size dx mov_cd 18 move template size to dx ax bx cx template size dx template size adrb 1c get (backward) address of beginning template nop_0 00 10 compliment to beginning template nop_0 00 11 compliment to beginning template nop_0 00 12 compliment to beginning template nop_0 00 13 compliment to beginning template ax start of mother bx cx template size dx template size sub_ac 07 14 subtract cx from ax ax start of mother bx cx template size dx template size mov_ab 19 15 move start address to bx ax start of mother bx start of mother cx template size dx template size adrf 1d 16 get (forward) address of end template nop_0 00 17 compliment to end template nop_0 00 18 compliment to end template nop_0 00 19 compliment to end template nop_1 01 20 compliment to end template ax end of mother bx start of mother cx template size dx template size inc_a 08 21 to include dummy statement to separate creatures sub_ab 06 22 subtract start address from end address to get size ax end of mother bx start of mother cx size of mother dx template size nop_1 01 23 reproduction loop template 42 system_work(); /* opportunity to extract information */ void execute(int di, int ci) switch(di) case 0x00: nop_0(ci); break; /* no operation */ case 0x01: nop_1(ci); break; /* no operation */ case 0x02: or1(ci); break; /* flip low order bit of cx, cx ^= */ case 0x03: shl(ci); break; /* shift left cx register, cx <<= */ case 0x04: zero(ci); break; /* set cx register to zero, cx */ case 0x05: if_cz(ci); break; /* if cx==0 execute next instruction */ case 0x06: sub_ab(ci); break; /* subtract bx from ax, cx ax bx */ case 0x07: sub_ac(ci); break; /* subtract cx from ax, ax ax cx */ case 0x08: inc_a(ci); break; /* increment ax, ax ax */ case 0x09: inc_b(ci); break; /* increment bx, bx bx */ case 0x0a: dec_c(ci); break; /* decrement cx, cx cx */ case 0x0b: inc_c(ci); break; /* increment cx, cx cx */ case 0x0c: push_ax(ci); break; /* push ax on stack */ case 0x0d: push_bx(ci); break; /* push bx on stack */ case 0x0e: push_cx(ci); break; /* push cx on stack */ case 0x0f: push_dx(ci); break; /* push dx on stack */ case 0x10: pop_ax(ci); break; /* pop top of stack into ax */ case 0x11: pop_bx(ci); break; /* pop top of stack into bx */ case 0x12: pop_cx(ci); break; /* pop top of stack into cx */ case 0x13: pop_dx(ci); break; /* pop top of stack into dx */ case 0x14: jmp(ci); break; /* move ip to template */ case 0x15: jmpb(ci); break; /* move ip backward to template */ case 0x16: call(ci); break; /* call procedure */ case 0x17: ret(ci); break; /* return from procedure */ case 0x18: mov_cd(ci); break; /* move cx to dx, dx cx */ case 0x19: mov_ab(ci); break; /* move ax to bx, bx ax */ case 0x1a: mov_iab(ci); break; /* move instruction at address in bx to address in ax */ case 0x1b: adr(ci); break; /* address of nearest template to ax */ case 0x1c: adrb(ci); break; /* search backward for template */ case 0x1d: adrf(ci); break; /* search forward for template */ case 0x1e: mal(ci); break; /* allocate memory for daughter cell */ case 0x1f: divide(ci); break; /* cell division */ inst_exec_c++; 41 APPENDIX Structure de�nition to implemen the Tierra virtual CPU. The complete source co de for the Tierra Sim ulator can obtained con tacting the author email. struct cpu /* structure for registers of virtual cpu */ int ax; /* address register */ int bx; /* address register */ int cx; /* numerical register */ int dx; /* numerical register */ char fl; /* flag */ char sp; /* stack pointer */ int st[10]; /* stack */ int ip; /* instruction pointer */ APPENDIX Abbreviated co de for implemen ting the CPU cycle of the Tierra Sim ulator. void main(void) get_soup(); life(); write_soup(); void life(void) /* doles out time slices and death */ while(inst_exec_c alive) /* control the length of the run */ time_slice(this_slice); /* this_slice is current cell in queue */ incr_slice_queue(); /* increment this_slice to next cell in queue */ while(free_mem_current free_mem_prop soup_size) reaper(); /* if memory is full to threshold, reap some cells */ void time_slice(int ci) Pcells ce; /* pointer to the array of cell structures */ char i; /* instruction from soup */ int di; /* decoded instruction */ int j, size_slice; ce cells ci; for(j 0; size_slice; j++) fetch(ce->c.ip); /* fetch instruction from soup, at address ip */ di decode(i); /* decode the fetched instruction */ execute(di, ci); /* execute the decoded instruction */ increment_ip(di,ce); /* move instruction pointer to next instruction */ 40 0082 384 0135 0194 0343 1631 10676 0083 886 0136 0195 11 0351 1645 11366 0084 1672 0137 0196 19 0352 2266 11900 0085 1531 0138 0197 0386 2615 12212 0086 901 0139 0198 0388 2617 15717 0087 944 0141 0199 35 0401 2671 16355 0088 517 0143 0200 0407 3069 17356 0089 449 0144 0201 84 0411 22 4241 18532 0090 543 0146 0203 0412 5101 15 23134 14 0091 354 0149 0204 0416 5157 39 able 1: Genebank. able of um ers of size classes in the genebank. Left column is size class, righ column is um er of self-replicating genot yp es of that size class. 305 sizes, 29,275 genot yp es. 0034 0092 362 0150 0205 0418 5213 0041 0093 261 0151 0207 0442 10 5229 0043 12 0094 241 0152 0208 0443 5254 0044 0095 211 0153 0209 0444 61 5888 36 0045 191 0096 232 0154 0210 0445 5988 0046 0097 173 0155 0211 0456 6006 0047 0098 92 0156 77 0212 0465 6014 0048 0099 117 0157 270 0213 0472 6330 0049 0100 77 0158 938 0214 47 0483 6529 0050 13 0101 62 0159 836 0218 0484 6640 0051 0102 62 0160 3229 0219 0485 6901 0052 11 0103 27 0161 1417 0220 0486 6971 0053 0104 25 0162 174 0223 0487 7158 0054 0105 28 0163 187 0226 0493 7293 0055 0106 19 0164 46 0227 0511 7331 0056 0107 0165 183 0231 0513 7422 70 0057 0108 0166 81 0232 0519 7458 0058 0109 0167 71 0236 0522 7460 0059 0110 0168 0238 0553 7488 0060 0111 71 0169 15 0240 0568 7598 0061 0112 19 0170 99 0241 0578 7627 63 0062 0113 10 0171 40 0242 0581 7695 0063 0114 0172 44 0250 0582 7733 0064 0115 0173 34 0251 0600 7768 0065 0116 0174 15 0260 0683 7860 25 0066 0117 0175 22 0261 0689 7912 0067 0118 0176 137 0265 0757 8082 0068 0119 0177 13 0268 0804 8340 0069 0120 0178 0269 0813 8366 0070 0121 60 0179 0284 16 0881 8405 0071 0122 0180 16 0306 0888 8406 0072 17 0123 0181 0312 0940 8649 0073 0124 11 0182 27 0314 1006 8750 0074 80 0125 0184 0316 1016 8951 0075 56 0126 11 0185 21 0318 1077 8978 0076 21 0127 0186 0319 1116 9011 0077 28 0130 0187 0320 23 1186 9507 0078 409 0131 0188 11 0321 1294 9564 0079 850 0132 0190 20 0322 21 1322 9612 0080 7399 0133 0192 12 0330 1335 9968 0081 590 0134 0193 0342 1365 11 10259 31 38 Figure 5. ariation in ev olutionary optimization under constan conditions. Based on utation rate of four generations er mo utation, all other parameters as in Fig. 4. The plots are otherwise as describ ed for Fig. 4. 36 Figure 4. Ev olutionary optimization at eigh sets of utation rates. In eac run, the three utation rates: mo utations (cop error), a ws and bac kground utations (cosmic ra ys) are set relativ to the generation time. In eac case, the bac kground utation rate is the lo est, a�ecting cell once in wice as man generations as the mo utation rate. The a rate is in termediate, a�ecting cell once in 1.5 times as man generations as the mo utation rate. or example in one run, the mo utation will a�ect cell line on the erage once ev ery generations, the a will ccur once ev ery generations, and the bac kground utation once ev ery generations. The horizon tal axis sho ws elapsed time in undreds of millions of instructions executed the system. The ertical axis sho ws genome size in instructions. Eac oin indicates the �rst app earance of new genot yp whic crossed the abundance thresholds of either 2% of the opulation of cells in the soup, or ccupation of 2% of the memory The um er of generations er mo utation is indicated um er in the upp er righ hand corner of eac graph. 32 Figure 3. Metab olic o hart for obligate sym bion ts and their in teractions. Sym ols are as describ ed for Fig. 1. Neither creature is able to self-replicate in isolation. Ho ev er, when cultured together, eac is able to replicate using information pro vided the other. 30 Figure 2. Metab olic o hart for so cial yp er-parasites, their asso ciated yp er- yp er-parasite heaters, and their in teractions. Sym ols are as describ ed for Fig. 1. Horizon tal dashed lines indicate the oundaries et een individual creatures. On oth the left and righ t, ab the dashed line at the top of the �gure is the lo ermost fragmen of so cial-h yp er-parasite. Note (on the left) that neigh oring so cial yp er-parasites co op erate in returning the o of execution to the eginning of the creature for self-re-examination. Execution jumps bac to the end of the creature ab e, but then falls o� the end of the creature without executing an instructions of consequence, and en ters the top of the creature elo w. On the righ t, heater is inserted et een the so cial-h yp er-parasites. The heater captures con trol of execution when it passes et een the so cial individuals. It sets the CPU registers with its wn lo cation and size, and then skips er the self-examination step when it returns con trol of execution to the so cial creature elo w. 28 Figure 1. Metab olic o hart for the ancestor, parasite, yp er-parasite, and their in teractions: ax, and cx refer to CPU registers where lo cation and size information are stored. [ax] and [b x] refer to lo cations in the soup indicated the alues in the ax and registers. atterns suc as 1101 are complemen tary templates used for addressing. Arro ws outside of xes indicate jumps in the o of execution of the programs. The dotted-line arro ws indicate o of execution et een creatures. The parasite lac ks the cop pro cedure, ho ev er, if it is within the searc limit of the cop pro cedure of host, it can lo cate, call and execute that pro cedure, thereb obtaining the information needed to complete its replication. The host is not adv ersely a�ected this informational parasitism, except through comp etition with the parasite, whic is sup erior comp etitor. Note that the parasite calls the cop pro cedure of its host with the exp ectation that con trol will return to the parasite when the cop pro cedure returns. Ho ev er, the yp er-parasite jumps out of the cop pro cedure rather than returning, thereb seizing con trol from the parasite. It then pro ceeds to reset the CPU registers of the parasite with the lo cation and size of the yp er-parasite, causing the parasite to replicate the yp er-parasite genome thereafter. 26 [34] Stanley S. M. \An ecological theory for the sudden origin of ulticellular life in the late precam brian." Pr c. Nat. ad. Sci. 70 (1973): 1486{1489. [35] olterra, V. \V ariations and uctuations of the um er of individuals in animal sp ecies living together." In: nimal Ec olo gy edited R. N. Chapman. New ork: McGra w- Hill, 1926, 409{448. [36] Wilson, E. O. Bossert, W. H. primer of opulation biolo gy Stamford, Conn: Sinauer Asso ciates, 1971. 25 [18] Gould, S. J. Wonderful life, the Bur gess shale and the natur of history New ork: W. W. Norton Compan 1989. [19] Gould, S. J. Eldredge, N. \Punctuated equilibria: the temp and mo de of ev olution reconsidered." Pale obiolo gy (1977): 115{151. [20] Holland, J. H. daptation in natur al and arti�cial systems: an intr ductory analysis with applic ations to biolo gy, ontr ol, and arti�cial intel ligenc Ann Arb or: Univ. of Mic higan Press, 1975. [21] Holland, J. H. \Studies of the sp on taneous emergence of self-replicating systems us- ing cellular automata and formal grammars." In: utomata, anguages, Development edited Lindenma er, A., Rozen erg, G. New ork: North-Holland, 1976, 385{404. [22] Langton, C. G. \Studying arti�cial life with cellular automata." Physic 22D (1986): 120{149. [23] Langton, C. G. \Virtual state mac hines in cellular automata." Complex Systems (1987): 257{271. [24] Langton, C. G. \Arti�cial life." In: rti�cial life: pr dings of an inter disciplinary workshop on the synthesis and simulation of living systems edited Langton, C. ol. in the series: San ta Institute studies in the sciences of complexit Redw Cit CA: Addison-W esley 1989, 1{47. [25] Lotk a, A. J. Elements of physic al biolo gy Baltimore: Williams and Wilkins, 1925, reprin ted as Elements of mathematic al biolo gy Do er Press, 1956. [26] Minsky M. L. Computation: �nite and in�nite machines Englew Cli�s, N.J.: Pren tice-Hall, 1976. [27] Morris, S. C. \Burgess shale faunas and the cam brian explosion." Scienc 246 (1989): 339{346. [28] aine, R. T. \F eb complexit and sp ecies div ersit ." m. Nat. 100 (1966): 65{75. [29] ac ard, N. H. \In trinsic adaptation in simple mo del for ev olution." In: rti�cial life: pr dings of an inter disciplinary workshop on the synthesis and simulation of living systems edited C. Langton. Redw Cit CA: Addison-W esley 1989, 141{155. [30] attee, H. H. \Sim ulations, realizations, and theories of life." In: rti�cial life: pr d- ings of an inter disciplinary workshop on the synthesis and simulation of living systems edited C. Langton. Redw Cit CA: Addison-W esley 1989, 63{77. [31] Rasm ussen, S., Kn udsen, C., eldb erg, R. Hindsholm, M. \The corew orld: emergence and ev olution of co op erativ structures in computational hemistry" Physic 42 (1990): 111{134. [32] Rheingold, H. (1988). Computer viruses. Whole Earth eview all (1988): 106. [33] Spa�ord, E. H., Heaph K. A. erbrac he, D. J. Computer viruses, de aling with ele ctr onic vandalism and pr gr amme thr ats AD APSO, 1300 N. 17th Street, Suite 300, Arlington, 22209, 1989. 24 REFERENCES [1] Ac kley D. H. Littman, M. S. \Learning from natural selection in an arti�cial en vi- ronmen t." In: Pr dings of the International Joint Confer enc on Neur al Networks, olume I, The ory ack, Neur al and Co gnitive Scienc es ack IJCNN Win ter 1990, ashington, DC. Hillsdale, New Jersey: La wrence Erlbaum Asso ciates, 1990. [2] Aho, A. V., Hop croft, J. E. Ullman, J. D. The design and analysis of omputer algo- rithms Reading, Mass.: Addison-W esley Publ. Co, 1974. [3] Bagley R. J., armer, J. D., Kau�man, S. A., ac ard, N. H., erelson, A. S. Stadn yk, I. M. \Mo deling adaptiv biological systems." Unpublished pap er, 1989. [4] Barbieri, M. The semantic the ory of evolution London: Harw Academic Publishers, 1985. [5] Cariani, \Emergence and arti�cial life." In: rti�cial Life II edited C. Langton, D. armer and S. Rasm ussen. Redw Cit CA: Addison-W esley 1991, 000{000. [6] Cohen, F. Computer viruses: the ory and exp eriments Ph. D. dissertation, U. of Southern California, 1984. [7] Da wkins, R. The blind watchmaker New ork: W. W. Norton Co., 1987. [8] Da wkins, R. \The ev olution of ev olv abilit ." In: rti�cial life: pr dings of an inter- disciplinary workshop on the synthesis and simulation of living systems edited C. Langton. Redw Cit CA: Addison-W esley 1989, 201{220. [9] Denning, J. \Computer viruses." mer. Sci. 76 (1988): 236{238. [10] Dewdney A. K. \Computer recreations: In the game called Core ar hostile programs engage in battle of bits." Sci. mer. 250 (1984): 14{22. [11] Dewdney A. K. \Computer recreations: core ar estiary of viruses, orms and other threats to computer memories." Sci. mer. 252 (1985a): 14{23. [12] Dewdney A. K. \Computer recreations: Exploring the �eld of genetic algorithms in primordial computer sea full of ibs." Sci. mer. 253 (1985b): 21{32. [13] Dewdney A. K. \Computer recreations: program called MICE nibbles its to victory at the �rst core ar tournamen t." Sci. mer. 256 (1987): 14{20. [14] Dewdney A. K. \Of orms, viruses and core ar." Sci. mer. 260 (1989): 110{113. [15] Eldredge, N. Gould, S. J. \Punctuated equilibria: an alternativ to ph yletic gradu- alism." In: Mo dels in Pale obiolo gy edited J. M. Sc hopf. San rancisco: Greeman, Co op er, 1972, 82{115. [16] armer, J. D., Kau�man, S. A., ac ard, N. H. \Auto catalytic replication of oly- mers." Physic 22 (1986): 50{67. [17] armer, J. D. Belin, A. \Arti�cial life: the coming ev olution." Pro ceedings in cele- bration of Murra Gell-Man’s 60th Birthda Cam bridge: Univ ersit Press. In press. 23 of using it as generativ pro cess in addition to an optimization pro cedure. There ma also some oten tial application in the areas of mac hine learning or adaptiv programming. Another long term ob jectiv is to use digital organisms ev olving freely or under arti�cial selection, as source of new paradigms for the programming of massiv ely parallel mac hines. The virtual computer that supp orts digital ev olution is parallel mac hine of the MIMD (m ultiple instruction ultiple data) yp e. One of the biggest problems facing computer science to da is the dev elopmen of tec hniques of parallel programming. Digital organisms program themselv es, using ev olution. They ha disco ered on their wn, kno wn program- ming tec hniques suc as unrolling lo ops. They will disco er tec hniques that are naturally e�cien on parallel mac hines, and should able to learn from their inno ations. The kinds of ecological in teractions already observ ed in digital comm unities could in an- other ligh t, view ed as optimization tec hniques for parallel programming (e.g., the sharing of co de fragmen ts). Ho ev er, these in teractions ev olv in \jungle"-lik en vironmen where most in teractions are of an adv ersarial nature. When ev olving large parallel application programs, the most viable mo del ould ulti-cellular one, where man cells ould co op erate on common problem. ulti-cellular mo del is under dev elopmen t. In the end, ev olution ma pro to the est metho of programming massiv ely parallel mac hines. Biological: plan to mo the biological mo del ahead of its presen state. This will primarly in olv the incorp oration of facilities to supp ort diploidy organized sexualit and ulti-cellularit The metho ds for these adv ances ha already een conceptually ork ed out, and the implemen tation has egun. When these impro emen ts are made, the long term biological goals are to use the mo del to test ecological and ev olutionary theory in suc areas as: the ev olution of sex, selection across hierarc hical lev els, and factors a�ecting div ersit of ecological comm unities. It is hop ed that it will ossible to engineer the system up to condition analagous to the threshold of the Cam brian explosion of div ersit and then just allo the complexit and div ersit of the digital system to explo de sp on taneously Educational: wish to distribute oth source and executables for use as an educational and researc to ol. Ho ev er, some additional ork is needed to mak the program fully ortable and to pro vide user friendly graphic user in terface. This ork is underw at slo pace. CKNO WLEDGMENT thank Marc Cygn us, Rob ert Eisen erg, Do yne armer, alter on tana, Stephanie or- rest, Chris Langton, Dan Pirone, Stephen op e, and Steen Rasm ussen, for their discussions or readings of the man uscripts. thank the San ta Institute for their supp ort. Con tribu- tion No. XXX from the Ecology Program, Sc ho ol of Life and Health Sciences, Univ ersit of Dela are. 22 complexit ecological comparisons ust made in the broadest of terms. rained biologists will tend to view syn thetic life in the same terms that they ha come to kno organic life. Ha ving een trained as an ecologist and ev olutionist, ha seen in syn thetic comm unities, man of the ecological and ev olutionary prop erties that are ell kno wn from natural comm unities. Biologists trained in other sp ecialties will lik ely observ other familiar prop erties. It seems that what see is what kno w. It is lik ely to tak longer efore appreciate the unique prop erties of these new life forms. 4.5 FUTURE DIRECTIONS or the immediate future, researc will in olv three main thrusts: Computational: The computational issue is ho to design computer arc hitecutre and op erating system that will supp ort the natural ev olution of machine de on Neumann st yle mac hine co des are considered to brittle, in the sense that they are not robust to the genetic op erations of utation and recom bination. An random hange in program is almost 100% certain to break the program. The most signi�can accomplishmen of ork to date is �nding to ercome this brittleness with only sligh mo di�cation of standard mac hine co des. Ho ev er, this success as ac hiev ed in the �rst attempt. Therefore it is not kno wn what features are essen tial for ev olv abilit and certainly do not kno what is the optimal arc hitecture. The primary computational ob jectiv then is to exp erimen with large um er of ari- ations on the successful arc hitecture in order to �nd the optimal balance of computational er and ev olv abilit This ork has egun but needs to scaled up. There are ho ev er, other imp ortan computational goals. ust exp erimen with arti�cial selection on application programs. So far all ork has in olv ed natural selection on \wild" algorithms that do no useful ork. an to dev elop an analog to genetic engineering, in whic application co des are inserted in to the genomes of digital organisms and ev olv ed to greater optimalit or new functionalit It should ossible to dev elop cross-assem blers et een Tierran arc hitectures and real assem bler languages. Application co de written and compiled to run on real mac hines could cross-assem bled in to the new Tierran languages. Eac pro cedure could then inserted in to the genome of creature. Creatures could rew arded with CPU time in prop ortion to the e�cacy and e�ciency of the ev olving inserted co de. In this arti�cial selection ould lead to the optimization of the inserted co de, whic could then cross-assem bled bac in to the real mac hine co de. If arti�cial selection of application programs pro ed to practical, it ould orth- while to render the est Tierran virtual instruction sets in silicon, thereb greatly accelerating the pro cess. presen t, maxim um optimization can ac hiev ed in few hours of running the Tierran virtual computer. If real computer ere based on the arc hitectural principals of the Tierran computer, the sp eed ould ultiplied ab out orders of magnitude. If the real mac hine ere massiv ely parallel, there could additional gains of �v to six orders of magnitude. If mac hine co de could ev olv that quic kly then there is the ossibilit 21 the ev olution in the system consists of the creatures disco ering ys to exploit one-another. The creatures in en their wn �tness functions through adaptation to their biotic (\living") en vironmen t. These ecological in teractions are not programmed in to the system, but emerge sp on taneously as the creatures disco er eac other and in en their wn games. In the Tierran orld, creatures whic initially do not in teract, disco er means to exploit one another, and in resp onse, means to oid exploitation. The original �tness landscap of the ancestor consists only of the e�ciency parameters of the replication algorithm, in the con text of the prop erties of the reap er and slicer queues. When hance, genot yp es app ear that exploit other creatures, selection acts to erfect the mec hanisms of exploitation, and mec hanisms of defense to that exploitation. The original �tness landscap as based only on adaptations of the organism to its ph ysical en vironmen t. The new �tness landscap retains those features, but adds to it adaptations to the biotic en vironmen t, the other creatures. Because the �tness landscap includes an ev er increasing realm of adaptations to other crea- tures whic are themselv es ev olving, it can facilitate an auto-catalytic increase in complexit and div ersit of organisms. Ev olutionary theory suggests that adaptation to the biotic en vironmen (other organisms) rather than to the ph ysical en vironmen is the primary force driving the auto-catalytic div ersi�cation of organisms (Stanley [34]). It is encouraging to disco er that the pro cess has already egun in the Tierran orld. It is orth noting that the results presen ted here are based on ev olution of the �rst creature that designed, written in the �rst instruction set that designed. Comparison to the creatures that ha ev olv ed sho ws that the one designed is not particularly clev er one. Also, the instruction set that the creatures are based on is certainly not ery erful (apart from those sp ecial features incorp orated to enhance its ev olv abilit y). It ould app ear then that it is rather easy to create life. Eviden tly virtual life is out there, aiting for us to pro vide en vironmen ts in whic it ma ev olv e. 4.4 SYNTHETIC BIOLOGY One of the most uncann of ev olutionary phenomena is the ecological con ergence of biota living on di�eren con tinen ts or in di�eren ep hs. When lineage of organisms undergo es an adaptiv radiation (div ersi�cation), it leads to an arra of relativ ely stable ecological forms. The sp eci�c ecological forms are often recognizable from lineage to lineage. or example among dinosaurs, the Pter osaur ric er atops yr annosaurus and Ichthyosaur are ecological parallels resp ectiv ely to the bat, rhino ceros, lion and orp oise of mo dern mammals. Similarly among mo dern placen tal mammals, the gra olf, ying squirrel, great an teater and common mole are ecological parallels resp ectiv ely to the asmanian olf, honey glider, banded an teater and marsupial mole of the marsupial mammals of Australia. Giv en these eviden tly erful con ergen forces, it should erhaps not surprising that as adaptiv radiations pro ceed among digital organisms, encoun ter recognizable ecological forms, in spite of the fundamen tally distinct ph ysics and hemistry on whic they are based. Ideally comparisons should made among organisms of comparable complexit It ma not appropriate to compare viruses to mammals. Unfortunately the organic creatures most comparable to digital organisms, the RNA creatures, are no longer with us. Since digital organisms are eing compared to mo dern organic creatures of uc greater 20 with normal (self-replicating) creatures. These parasites execute some parts of the co de of their hosts, but cause them no direct harm, except as comp etitors. Some oten tial hosts ha ev olv ed imm unit to the parasites, and some parasites ha ev olv ed to circum en this imm unit In addition, facultativ yp er-parasites ha ev olv ed, whic can self-replicate in isolated culture, but when sub jected to parasitism, sub ert the parasites energy metab olism to aug- men their wn repro duction. Hyp er-parasites driv parasites to extinction, resulting in complete domination of the comm unities. The relativ ely high degrees of genetic relatedness within the yp er-parasite dominated comm unities leads to the ev olution of so cialit in the sense of creatures that can only replicate when they ccur in aggregations. These so cial aggregations are then in aded yp er-h yp er-parasite heaters. Mutations and the ensuing replication errors lead to an increasing div ersit of sizes and genot yp es of self-replicating creatures in the soup. Within the �rst 100 million instructions of elapsed time, the soup ev olv es to state in whic ab out dozen more-or-less ersisten size classes co exist. The relativ abundances and sp eci�c list of the size classes aries er time. Eac size class consists of um er of distinct genot yp es whic also ary er time. The rate of ev olution increases with the utation rate un til the system ecomes unsta- ble, and the comm unit dies at rates ab one utation er four generations. Ecological in teractions are ric her and more sustained at sligh tly lo er rates, one utation er eigh or 16 generations. utation rates of one er four generations, under selection for small sizes, creatures will optimize to genome size in the 22 to 30 instruction size range within as little as 300 million instructions of elapsed time. Eac of these runs will reac lo cal optima whic it eviden tly cannot escap from, although it ma not the global optima. 4.2 INCREASING COMPLEXITY The unrolled lo op (section 3.1.1.8) is an example of the abilit of ev olution to pro duce an increase in complexit gradually er long erio of time. The in teresting thing ab out the lo op unrolling optimization tec hnique is that it requires more complex co de. The resulting creature has genome size of 36, compared to its ancestor of size 80, et it has pac ed uc more complex algorithm in to less than half the space (App endix E). This is classic example of in tricate design in ev olution. One onders ho it could ha arisen through random bit ips, as ev ery comp onen of the co de ust in place in order for the algorithm to function. et the co de includes classic mix of apparen in telligen design, and the haotic hand of ev olution. The optimization tec hnique is ery clev er one in en ted umans, et it is implemen ted in mixed up but functional st yle that no uman ould use (unless erhaps ery in to xicated). 4.3 EMER GENCE The \ph ysical" en vironmen presen ted the sim ulator is quite simple, consisting of the energy resource (CPU time) doled out rather uniformly the time slicer, and memory space whic is completely uniform and alw ys ailable. In ligh of the nature of the ph ysical en vironmen t, the implicit �tness function ould presumably fa or the ev olution of creatures whic are able to replicate with less CPU time, and this do es in fact ccur. Ho ev er, uc of 19 of death of the comm unit the �v lo er utation rates, 8, 16, 32, 64 and 128, see successiv ely lo er rates of optimization. Additional replicates ere made of the runs at the utation rate of four (Fig. 5). The replicates di�er only in the seed of the random um er generator, all other parameters eing iden tical. These runs ary in some details suc as whether progress is con tin uous and gradual, or comes in bursts. Also, eac run decreases to size limit whic it can not pro ceed past ev en if it is allo ed to run uc longer. Ho ev er, di�eren runs reac di�eren plateaus of e�ciency The smallest limiting genome size seen has een 22 instructions, while other runs reac hed limits of 27 and 30 instructions. Eviden tly the system can reac lo cal optima from whic it can not easily ev olv to the global optima. The increase in e�ciency of the replicating algorithms is ev en greater than the decrease in the size of the co de. The ancestor is 80 instructions long and requires 839 CPU cycles to replicate. The creature of size 22 only requires 146 CPU cycles to replicate, 5.75{fold di�erence in e�ciency The algorithm of one of these creatures is listed in App endix D. Although optimization of the algorithm is maximized at the highest utation rate that do es not cause instabilit ecological in teractions app ear to ric her at sligh tly lo er uta- tion rates. the rates of eigh or 16, �nd the div ersit of co existing size classes to the greatest, and to ersist the longest. The smaller size classes tend to arious forms of parasites, th us div ersit of size classes indicates ric ecology An example of ev en greater optimization is illustrated in App endix and discussed ab in section 3.1.1.8. Unrolling of the lo op results in lo op whic uses 18 CPU cycles to cop three instructions, or six CPU cycles executed er instruction copied, compared to 10 for the ancestor. The creature of size 22 also uses six CPU cycles er instruction copied. Ho ev er, the creature of App endix uses three extra CPU cycles er lo op to comp ensate for separate adaptation that allo ws it to double its share of CPU time from the global ol (in essence meaning that relativ ely sp eaking, it uses only three CPU cycles er instruction copied). Without this comp ensation it ould use only �v CPU cycles er instruction copied. SUMMAR 4.1 GENERAL BEHA VIOR OF THE SYSTEM Once the soup is full of replicating creatures, individuals are initially short liv ed, generally repro ducing only once efore dying, th us individuals turn er ery rapidly More slo wly there app ear new genot yp es of size 80, and then new size classes. There are hanges in the genetic comp osition of eac size class, as new utan ts app ear, some of whic increase signi�can tly in frequency ev en tually replacing the original genot yp e. The size classes whic dominate the comm unit also hange through time, as new size classes app ear, some of whic comp etitiv ely exclude sizes presen earlier. Once the comm unit ecomes div erse, there is greater ariance in the longevit and fecundit of individuals. In addition to an increase in the ra div ersit of genot yp es and genome sizes, there is an increase in the ecological div ersit Obligate commensal parasites ev olv e, whic are not capable of self-replication in isolated culture, but whic can replicate when cultured 18 tage). This pattern as rep eated for the next sev eral size classes, un til size 90, where mark ed asymmetry of the haotic attractor as eviden t, fa oring size 79. The run of size 79 against size 93 sho ed brief stable erio of ab out million instructions, whic then mo ed to haotic phase without an attractor, whic spiraled slo wly do wn un til size 93 ecame extinct, after an elapsed time of ab out million instructions. An in teresting exception to this pattern as the in teraction et een size 79 and size 89. Size 89 is considered to \metab olic cripple", ecause although it is capable of self-replicating, it executes ab out 40% more instructions than normal to replicate. It as eliminated in comp etition with size 79, with no lo ops in the tra jectory after an elapsed time of under one million instructions. In an exp erimen to determine the e�ects of the presence of parasites on comm unit div ersit comm unit consisting of en size classes of hosts as created and allo ed to run for 30 million instructions, at whic time only the eigh smallest size classes remained. The same comm unit as then regenerated, but single genot yp (0045aaa) of parasite as also in tro duced. After 30 million instructions, 16 size classes remained, including the parasite. This seems to an example of \k eystone" parasite e�ect (P aine [28]). Sym biotic relationships are also ossible. The ancestor as man ually dissected in to creatures, one of size 46 whic con tained only the co de for self-examination and the cop lo op, and one of size 64 whic con tained only the co de for self-examination and the cop pro cedure (Figure 3). Neither could replicate when cultured alone, but when cultured together, they oth replicated, forming stable utualistic relationship. It is not kno wn if suc relationships ha ev olv ed sp on taneously 3.4 EV OLUTIONAR OPTIMIZA TION In order to compare the pro cess of ev olution et een runs of the sim ulator, simple ob jectiv quan titativ measure of ev olution is needed. One suc measure is the degree to whic creatures impro their e�ciency through ev olution. This pro vides not only an ob jectiv measure of progress in ev olution, but also sheds ligh on the oten tial application of syn thetic life systems to the problem of the optimization of mac hine co de. The e�ciency of the creature can indexed in ys: the size of the genome, and the um er of CPU cycles needed to execute one replication. Clearly smaller genomes can replicated with less CPU time, ho ev er, during ev olution, creatures also decrease the ratio of instructions executed in one replication, to genome size. The um er of instructions executed er instruction copied, drops substan tially Figure sho ws the hanges in genome size er time erio of 500 million instructions executed the system, for eigh sets of utation rates di�ering factors of o. Mutation rates are measured in terms of in individuals eing a�ected utation in eac generation. the highest sets of rates tested, one and o, either eac (one) or one- half (t o) of the individuals are hit utation in eac generation. these rates the system is unstable. The genomes melt under the heat of the high utation rates. The comm unit often dies out, although some runs surviv ed the 500 million instruction runs used in this study The next lo er rate, four, yields the highest rate of optimization without the risk 17 Eac size class consists of um er of distinct genot yp es whic also ary er time. There exists the oten tial for great genetic div ersit within size class. There are 32 80 distinct genot yp es of size 80, but ho man of those are viable self-replicating creatures? This question remains unansw ered, ho ev er some information has een gathered through the use of the automated genebank manager. In sev eral da ys of running the genebank er, er 29,000 self-replicating genot yp es of er 300 size classes accum ulated. The size classes and the um er of unique genot yp es bank ed for eac size are listed in able 1. The genot yp es sa ed to disk can used to ino culate new soups individually or collections of these bank ed genot yp es ma used to assem ble \ecological comm unities". In \ecological" runs, the utation rates can set to zero in order to inhibit ev olution. 3.3 ECOLOGY The only comm unities whose ecology has een explored in detail are those that op erate under selection for small sizes. These comm unities generally include large um er of para- sites, whic do not ha functional cop pro cedures, and whic execute the cop pro cedures of other creatures within the searc limit. In exploring ecological in teractions, the utation rate is set at zero, whic e�ectiv ely thro ws the sim ulation in to ecological time stopping ev olution. When parasites are presen t, it is also necessary to stipulate that creatures ust breed true, since parasites ha tendency to scram ble genomes, leading to ev olution in the absence of utation. 0045aaa is \metab olic parasite". Its genome do es not include the cop pro cedure, ho ev er it executes the cop pro cedure co de of normal host, suc as the ancestor. In an en vironmen fa oring small creatures, 0045aaa has comp etitiv adv an tage er the ancestor, ho ev er, the relationship is densit dep enden t. When the hosts ecome scarce, most of the parasites are not within the searc limit of cop pro cedure, and are not able to repro duce. Their calls to the cop pro cedure fail and generate errors, causing them to rise to the top of the reap er queue and die. When the parasites die o�, the host opulation reb ounds. Hosts and parasites cultured together demonstrate Lotk a-V olterra opulation cycling (Lotk [25]; olterra [35]; Wilson Bossert [36]). um er of exp erimen ts ha een conducted to explore the factors a�ecting div ersit of size classes in these comm unities. Comp etitiv exclusion trials ere conducted with series of self-replicating (non-parasitic) genot yp es of di�eren size classes. The exp erimen tal soups ere initially ino culated with one individual of eac size. genot yp of size 79 as tested against genot yp of size 80, and then against successiv ely larger size classes. The in teractions ere observ ed plotting the opulation of the size 79 class on the axis, and the opulation of the other size class on the axis. Sizes 79 and 80 ere found to comp etitiv ely matc hed suc that neither as eliminated from the soup. They quic kly en tered stable cycle, whic exactly rep eated small orbit. The same general pattern as found in the in teraction et een sizes 79 and 81. When size 79 as tested against size 82, they initially en tered stable cycle, but after ab out million instructions they sho ok out of stabilit and the tra jectory ecame haotic with an attractor that as symmetric ab out the diagonal (neither size sho ed an adv an- 16 three times within the lo op, as illustrated in App endix E, whic compares the cop lo op of the ancestor with that of its decendan t. 3.1.2 Macro-Ev olution When the sim ulator is run er long erio ds of time, undreds of millions or billions of instructions, arious patterns emerge. Under selection for small sizes there is proliferation of small parasites and rather in teresting ecology (see elo w). Selection for large creatures has usually lead to con tin uous incremen tally increasing sizes (but not to trivial concatenation of creatures end-to-end) un til plateau in the upp er undreds is reac hed. In one run, selection for large size lead to apparen tly op en ended size increase, ev olving genomes larger than 23,000 instructions in length. These ev olutionary patterns migh describ ed as ph yletic gradualism. The most thoroughly studied case for long runs is where selection, as determined the slicer function, is size neutral. The longest runs to date (as uc as 2.86 billion Tierran instructions) ha een in size neutral en vironmen t, with searc limit of 10,000, whic ould allo large creatures to ev olv if there ere some algorithmic adv an tage to gained from larger size. These long runs illustrate pattern whic could describ ed as erio ds of stasis punctuated erio ds of rapid ev olutionary hange, whic app ears to parallel the pattern of punctuated equilibrium describ ed Eldredge Gould [15] and Gould Eldredge [19]. Initially these comm unities are dominated creatures with genome sizes in the eigh ties. This represen ts erio of relativ stasis, whic has lasted from 178 million to 1.44 billion instructions in the sev eral long runs conducted to date. The systems then ery abruptly (in span of or million instructions) ev olv in to comm unities dominated sizes ranging from ab out 400 to ab out 800. These comm unities ha not et een seen to ev olv in to comm unities dominated either smaller or substan tially larger size ranges. The comm unities of creatures in the 400 to 800 size range also sho long-term pattern of punctuated equilibrium. These comm unities regularly come to dominated one or size classes, and remain in that condition for long erio ds of time. Ho ev er, they inevitably break out of that stasis and en ter erio where no size class dominates. These erio ds of rapid ev olutionary hange ma ery haotic. Close observ ations indicate that at least at some of these times, no genot yp es breed true. Man self-replicating genot yp es will co exist in the soup at these times, but at the most haotic times, none will pro duce o�spring whic are ev en their same size. Ev en tually the system will settle do wn to another erio of stasis dominated one or few size classes whic breed true. 3.2 DIVERSITY Most observ ations on the div ersit of Tierran creatures ha een based on the div ersit of size classes. Creatures of di�eren sizes are clearly genetically di�eren t, as their genomes are of di�eren sizes. Di�eren sized creatures ould ha some di�cult engaging in re- com bination if they ere sexual, th us it is lik ely that they ould di�eren sp ecies. In run of 526 million instructions, 366 size classes ere generated, 93 of whic ac hiev ed abun- dances of �v or more individuals. In run of 2.56 billion instructions, 1180 size classes ere generated, 367 of whic ac hiev ed abundances of �v or more. 15 self-examination, it jumps to template that ccurs at the end rather than the eginning of its genome. If the creature is ank ed similar genome, the jump will �nd the target template in the tail of the neigh or, and execution will then pass in to the eginning of the activ creature’s genome. The algorithm will fail unless similar genome ccurs just efore the activ creature in memory Neigh oring creatures co op erate catc hing and passing on jumps of the instruction oin ter. It app ears that the selection pressure for the ev olution of so cialit is that it facilitates size reduction. The so cial sp ecies are 24% smaller than the ancestor. They ha ac hiev ed this size reduction in part shrinking their templates from four instructions to three instructions. This means that there are only eigh templates ailable to them, and catc hing eac others jumps allo ws them to deal with some of the consequences of this limitation as ell as to mak dual use of some templates. 3.1.1.6 heaters: yp er-h yp er-parasites The co op erativ so cial system of yp er-parasites is sub ject to heating, and is ev en tually in aded yp er-h yp er-parasites (Fig. 2). These heaters (e.g., 0027aab) osition themselv es et een aggregating yp er-parasites so that when the instruction oin ter is passed et een them, they capture it. 3.1.1.7 no el self-examination All creatures discussed th us far mark their eginning and end with templates. They then lo cate the addresses of the templates and determine their genome size subtracting them. In one run, creatures ev olv ed without template marking their end. These creatures lo cated the address of the template marking their eginning, and then the address of template in the middle of their genome. These addresses ere then subtracted to calculate half of their size, and this alue as ultiplied (b shifting left) to calculate their full size. 3.1.1.8 an in tricate adaptation The arms race describ ed in the paragraphs ab to ok place er erio of billion instructions executed the system. Another run as allo ed to con tin ue for �fteen billion instructions, but as not examined in detail. creature presen at the end of the run as examined and found to ha ev olv ed an in tricate adaptation. The adaptation is an optimization tec hnique kno wn as \unrolling the lo op". The cen tral lo op of the cop pro cedure erforms the follo wing op erations: 1) copies an instruction from the mother to the daugh ter, 2) decremen ts the cx register whic initially con tains the size of the paren genome, 3) tests to see if cx is equal to zero, if so it exits the lo op, if not it remains in the lo op, 4) incremen the ax register whic con tains the address in the daugh ter where the next instruction will copied to, 5) incremen the register whic con tains the address in the mother where the next instruction will copied from, 6) jump bac to the top of the lo op. The ork of the lo op is con tained in steps 1, 2, and 5. Steps and are erhead. The e�ciency of the lo op can increased duplicating the ork steps within the lo op, thereb sa ving on erhead. The creature from the end of the long run had rep eated the ork steps 14 ma matc templates with co de in the allo cated memory of other creatures, and ma ev en execute that co de. Therefore, if creature 0045aaa is gro wn in mixed culture with 0080aaa, when it attempts to call the cop pro cedure, it will not �nd the template within its wn genome, but if it is within the searc limit (generally set at 200{400 instructions) of the cop pro cedure of creature of genot yp 0080aaa, it will matc templates, and send its instruction oin ter to the cop co de of 0080aaa. Th us parasitic relationship is established (see ECOLOGY elo w). ypically parasites egin to emerge within the �rst few million instructions of elapsed time in run. 3.1.1.2 imm unit to parasites least some of the size 79 genot yp es demonstrate some measure of resistance to para- sites. If genot yp 45aaa is in tro duced in to soup, ank ed on eac side with one individual of genot yp 0079aab, 0045aaa will initially repro duce somewhat, but will quic kly eliminated from the soup. When the same exp erimen is conducted with 0045aaa and the ancestor, they en ter stable cycle in whic oth genot yp es co exist inde�nitely reely ev olving systems ha een observ ed to ecome dominated size 79 genot yp es for long erio ds, during whic parasitic genot yp es rep eatedly app ear, but fail to in ade. 3.1.1.3 circum en tion of imm unit to parasites Occasionally these ev olving systems dominated size 79 ere successfully in aded parasites of size 51. When the imm une genot yp 0079aab as tested with 0051aao (a direct, one step, descendan of 0045aaa in whic instruction 39 is replaced an insertion of sev en instructions of unkno wn origin), they ere found to en ter stable cycle. Eviden tly 0051aao has ev olv ed some to circum en the imm unit to parasites ossessed 0079aab. The fourteen genot yp es 0051aaa through 0051aan ere also tested with 0079aab, and none ere able to in ade. 3.1.1.4 yp er-parasites Hyp er-parasite ha een disco ered, (e.g., 0080gai, whic di�ers 19 instructions from the ancestor, Fig. 1). Their abilit to sub ert the energy metab olism of parasites is based on hanges. The cop pro cedure do es not return, but jumps bac directly to the prop er address of the repro duction lo op. In this it e�ectiv ely seizes the instruction oin ter from the parasite. Ho ev er it is another hange whic deliv ers the coup de gr^ ace: after eac repro duction, the yp er-parasite re-examines itself, resetting the register with its lo cation and the cx register with its size. After the instruction oin ter of the parasite passes through this co de, the CPU of the parasite con tains the lo cation and size of the yp er-parasite and the parasite thereafter replicates the yp er-parasite genome. 3.1.1.5 so cial yp er-parasites Hyp er-parasites driv the parasites to extinction. This results in comm unit with relativ ely high lev el of genetic uniformit and therefore high genetic relationship et een individuals in the comm unit These are the conditions that supp ort the ev olution of so cial- it and so cial yp er-parasites so on dominate the comm unit So cial yp er-parasites (Fig. 2) app ear in the 61 instruction size class. or example, 0061acg is so cial in the sense that it can only self-replicate when it ccurs in aggregations. When it jumps bac to the co de for 13 RESUL TS 3.1 EV OLUTION Ev olutionary runs of the sim ulator are egun ino culating the soup of ab out 60,000 instructions with single individual of the 80 instruction ancestral genot yp e. The passage of time in run is measured in terms of ho man Tierran instructions ha een executed the sim ulator. The original ancestral cell executes 839 instructions in its �rst replication, and 813 for eac additional replication. The initial cell and its replicating daugh ters rapidly �ll the soup memory to the threshold lev el of 80% whic starts the reap er. ypically the system executes ab out 400,000 instructions in �lling up the soup with ab out 375 individuals of size 80 (and their gestating daugh ter cells). Once the reap er egins, the memory remains roughly 80% �lled with creatures for the remainder of the run. 3.1.1 Micro-Ev olution If there ere no utations at the outset of the run, there ould no ev olution. Ho ev er, the bits ipp ed as result of cop errors or bac kground utations result in creatures whose list of 80 instructions (genot yp e) di�ers from the ancestor, usually single bit di�erence in single instruction. Mutations in and of themselv es, can not result in hange in the size of creature, they can only alter the instructions in its genome. Ho ev er, altering the genot yp e, utations ma a�ect the pro cess whereb the creature examines itself and calculates its size, oten tially causing it to pro duce an o�spring that di�ers in size from itself. our out of the �v ossible utations in no-op eration instruction con ert it in to another kind of instruction, while one out of �v con erts it in to the complemen tary no- op eration. Therefore 80% of utations in templates destro or hange the size of the tem- plate, while one in �v alters the template pattern. An altered template ma cause the creature to mak mistak es in self examination, pro cedure calls, or lo oping or jumps of the instruction oin ter, all of whic use templates for addressing. 3.1.1.1 parasites An example of the kind of error that can result from utation in template is utation of the lo order bit of instruction 42 of the ancestor (App endix C). Instruction 42 is NOP 0, the third comp onen of the cop pro cedure template. utation in the lo order bit ould con ert it in to NOP 1, th us hanging the template from to: 0. This ould then recognized as the template used to mark the end of the creature, rather than the cop pro cedure. creature orn with utation in the lo order bit of instruction 42 ould calculate its size as 45. It ould allo cate daugh ter cell of size 45 and cop only instructions through 44 in to the daugh ter cell. The daugh ter cell then, ould not include the cop pro cedure. This daugh ter genot yp e, consisting of 45 instructions, is named 0045aaa. Genot yp 0045aaa (Fig. 1) is not able to self-replicate in isolated culture. Ho ev er, the semi-p ermeable mem brane of memory allo cation only protects write privileges. Creatures 12 the time and date of origin; \metab olic" data including the um er of instructions executed in the �rst and second repro duction, the um er of errors generated in the �rst and second repro duction, and the um er of instructions copied in to the daugh ter cell in the �rst and second repro ductions (see App endix C, D); some en vironmen tal parameters at the time of origin including the searc limit for addressing, and the slicer er, oth of whic a�ect selection for size. 2.5 THE TIERRAN ANCESTOR ha used the Tierran language to write single self-replicating program whic is 80 instructions long. This program is referred to as the \ancestor", or alternativ ely as genot yp 0080aaa (Fig. 1). The ancestor is minimal self-replicating algorithm whic as originally written for use during the debugging of the sim ulator. No functionalit as designed in to the ancestor ey ond the abilit to self-replicate, nor as an sp eci�c ev olutionary oten- tial designed in. The commen ted Tierran assem bler and mac hine co de for this program is presen ted in App endix C. The ancestor examines itself to determine where in memory it egins and ends. The ancestor’s eginning is mark ed with the four no-op eration template: 1, and its ending is mark ed with 0. The ancestor lo cates its eginning with the �v instructions: ADRB, NOP 0, NOP 0, NOP 0, NOP

0. This series of instructions causes the system to searc bac kw ards from the ADRB instruction for template complemen tary to the four NOP instructions, and to place the address of the complemen tary template (the eginning) in the ax register of the CPU (see App endix A). similar metho is used to lo cate the end. Ha ving determined the address of its eginning and its end, it subtracts the to calculate its size, and allo cates blo of memory of this size for daugh ter cell. It then calls the cop pro cedure whic copies the en tire genome in to the daugh ter cell memory one instruction at time. The eginning of the cop pro cedure is mark ed the four no- op eration template: 0. Therefore the call to the cop pro cedure is accomplished with the �v instructions: CALL, NOP 0, NOP 0, NOP 1, NOP 1. When the genome has een copied, it executes the DIVIDE instruction, whic causes the creature to lose write privileges on the daugh ter cell memory and giv es an instruction oin ter to the daugh ter cell (it also en ters the daugh ter cell in to the slicer and reap er queues). After this �rst replication, the mother cell do es not examine itself again; it pro ceeds directly to the allo cation of another daugh ter cell, then the cop pro cedure is follo ed cell division, in an endless lo op. ourt y-eigh of the eigh instructions in the ancestor are no-op erations. Groups of four no-op eration instructions are used as complemen tary templates to mark elv sites for in ternal addressing, so that the creature can lo cate its eginning and end, call the cop pro cedure, and mark addresses for lo ops and jumps in the co de, etc. The functions of these templates are commen ted in the listing in App endix C. 11 2.4.4 Mutation In order for ev olution to ccur, there ust some hange in the genome of the creatures. This ma ccur within the lifespan of an individual, or there ma errors in passing along the genome to o�spring. In order to insure that there is genetic hange, the op erating system randomly ips bits in the soup, and the instructions of the Tierran language are imp erfectly executed. Mutations ccur in circumstances. some bac kground rate, bits are randomly selected from the en tire soup (e.g., 60,000 instructions totaling 300,000 bits) and ipp ed. This is analogous to utations caused cosmic ra ys, and has the e�ect of prev en ting an creature from eing immortal, as it will ev en tually utate to death. The bac kground utation rate has generally een set at ab out one bit ipp ed for ev ery 10,000 Tierran instructions executed the system. In addition, while cop ying instructions during the replication of creatures, bits are ran- domly ipp ed at some rate in the copies. The cop utation rate is the higher of the o, and results in replication errors. The cop utation rate has generally een set at ab out one bit ipp ed for ev ery 1,000 to 2,500 instructions mo ed. In oth classes of utation, the in terv al et een utations aries randomly within certain range to oid ossible erio dic e�ects. In addition to utations, the execution of Tierran instructions is a ed at lo rate. or most of the 32 instructions, the result is o� plus or min us one at some lo frequency or example, the incremen instruction normally adds one to its register, but it sometimes adds or zero. The bit ipping instruction normally ips the lo order bit, but it sometimes ips the next higher bit or no bit. The shift left instruction normally shifts all bits one bit to the left, but it sometimes shifts left bits, or not at all. In this the eha vior of the Tierran instructions is probabilistic, not fully deterministic. It turns out that bit ipping utations and a ws in instructions are not necessary to gen- erate genetic hange and ev olution, once the comm unit reac hes certain state of complexit Genetic parasites ev olv whic are slopp replicators, and ha the e�ect of mo ving pieces of co de around et een creatures, causing rather massiv rearrangemen ts of the genomes. The mec hanism of this ad ho sexualit has not een ork ed out, but is lik ely due to the parasites’ inabilit to discriminate et een liv e, dead or em bry onic co de. Mutations result in the app earance of new genot yp es, whic are atc hed an automated genebank manager. In one implemen tation of the manager, when new genot yp es replicate wice, pro ducing genetically iden tical o�spring at least once, they are giv en unique name and sa ed to disk. Eac genot yp name con tains parts, um er and three letter co de. The um er represen ts the um er of instructions in the genome. The three letter co de is used as base 26 um ering system for assigning unique lab el to eac genot yp in size class. The �rst genot yp to app ear in size class is assigned the lab el aaa, the second is assigned the lab el aab, and so on. Th us the ancestor is named 80aaa, and the �rst utan of size 80 is named 80aab. The �rst creature of size 45 is named 45aaa. The genebank er sa es some additional information with eac genome: the genot yp name of its immediate ancestor whic mak es ossible the reconstruction of the en tire ph ylogen y; 10 When Tierran creatures \divide", the mother cell loses write privileges on the space of the daugh ter cell, but is then free to allo cate another blo of memory the momen of division, the daugh ter cell is giv en its wn instruction oin ter, and is free to allo cate its wn second blo of memory 2.4.2 Time Sharing The Slicer The Tierran op erating system ust ulti-tasking (or parallel) in order for comm u- nit of individual creatures to liv in the soup sim ultaneously The system doles out small slices of CPU time to eac creature in the soup in turn. The system main tains circular queue called the \slicer queue". As eac creature is orn, virtual CPU is created for it, and it en ters the slicer queue just ahead of its mother, whic is the activ creature at that time. Th us the newb orn will the last creature in the soup to get another time slice after the mother, and the mother will get the next slice after its daugh ter. As long as the slice size is small relativ to the generation time of the creatures, the time sharing system causes the orld to appro ximate parallelism. In actualit ha opulation of virtual CPUs, eac of whic gets slice of the real CPU’s time as it comes up in the queue. The um er of instructions to executed in eac time slice ma set prop ortional to the size of the genome of the creature eing executed, raised to er. If the \slicer er" is equal to one, then the slicer is size neutral, the probabilit of an instruction eing executed do es not dep end on the size of the creature in whic it ccurs. If the er is greater than one, large creatures get more CPU cycles er instruction than small creatures. If the er is less than one, small creatures get more CPU cycles er instruction. The er determines if selection fa ors large or small creatures, or is size neutral. constan slice size selects for small creatures. 2.4.3 Mortalit The Reap er Self-replicating creatures in �xed size soup ould rapidly �ll the soup and lo up the system. prev en this from ccurring, it is necessary to include mortalit The Tierran op erating system includes \reap er" whic egins \killing" creatures from queue when the memory �lls to some sp eci�ed lev el (e.g., 80%). Creatures are killed deallo cating their memory and remo ving them from oth the reap er and slicer queues. Their \dead" co de is not remo ed from the soup. In the presen system, the reap er uses linear queue. When creature is orn it en ters the ottom of the queue. The reap er alw ys kills the creature at the top of the queue. Ho ev er, individuals ma mo up or do wn in the reap er queue according to their success or failure at executing certain instructions. When creature executes an instruction that generates an error condition, it mo es one osition up the queue, as long as the individual ahead of it in the queue has not accum ulated greater um er of errors. Tw of the instructions are somewhat di�cult to execute without generating an error, therefore successful execution of these instructions mo es the creature do wn the reap er queue one osition, as long as it has not accum ulated more errors than the creature elo it. The e�ect of the reap er queue is to cause algorithms whic are fundamen tally a ed to rise to the top of the queue and die. Vigorous algorithms ha greater longevit but in general, the probabilit of death increases with age. pattern: NOP NOP NOP NOP 0. If the pattern is found, the instruction oin ter will mo to the end of the complemen tary pattern and resume execution. If the pattern is not found, an error condition ( ag) will set and the JMP instruction will ignored (in practice, limit is placed on ho far the system ma searc for the pattern). The Tierran language is haracterized unique features: truly small instruction set without umeric op erands, and addressing template. Otherwise, the language consists of familiar instructions ypical of most mac hine languages, e.g., MO V, CALL, RET, POP PUSH etc. The complete instruction set is listed in App endix B. 2.4 THE TIERRAN OPERA TING SYSTEM The Tierran virtual computer needs virtual op erating system that will hospitable to digital organisms. The op erating system will determine the mec hanisms of in terpro cess com- unication, memory allo cation, and the allo cation of CPU time among comp eting pro cesses. Algorithms will ev olv so as to exploit these features to their adv an tage. More than eing mere asp ect of the en vironmen t, the op erating system together with the instruction set will determine the top ology of ossible in teractions et een individuals, suc as the abilit of pairs of individuals to exhibit predator-prey parasite-host or utualistic relationships. 2.4.1 Memory Allo cation Cellularit The Tierran computer op erates on blo of RAM of the real computer whic is set aside for the purp ose. This blo of RAM is referred to as the \soup". In most of the ork describ ed here the soup consisted of ab out 60,000 ytes, whic can hold the same um er of Tierran mac hine instructions. Eac \creature" ccupies some blo of memory in this soup. Cellularit is one of the fundamen tal prop erties of organic life, and can recognized in the fossil record as far bac as 3.6 billion ears (Barbieri [4]). The cell is the original individual, with the cell mem brane de�ning its limits and preserving its hemical in tegrit An analog to the cell mem brane is needed in digital organisms in order to preserv the in tegrit of the informational structure from eing disrupted easily the activit of other organisms. The need for this can seen in Arti�cial Life mo dels suc as cellular automata where virtual state mac hines pass through one another (Langton [22, 23]), or in core ars yp sim ulations where coheren structures demolish one another when they come in to con tact (Dewdney [10, 13]; Rasm ussen et al. [31]). Tierran creatures are considered to cellular in the sense that they are protected \semi-p ermeable mem brane" of memory allo cation. The Tierran op erating system pro vides memory allo cation services. Eac creature has exclusiv write privileges within its allo cated blo of memory The \size" of creature is just the size of its allo cated blo (e.g., 80 instructions). This usually corresp onds to the size of the genome. This \mem brane" is describ ed as \semi-p ermeable" ecause while write privileges are protected, read and execute privileges are not. creature ma examine the co de of another creature, and ev en execute it, but it can not write er it. Eac creature ma ha exclusiv write privileges in at most blo ks of memory: the one that it is orn with whic is referred to as the \mother cell", and second blo whic it ma obtain through the execution of the MAL (memory allo cation) instruction. The second blo k, referred to as the \daugh ter cell", ma used to gro or repro duce in to. approac in this study has een to lo osen up the mac hine co de in \virtual bio-computer", in order to create computational system based on ybrid et een biological and classical on Neumann pro cesses. In dev eloping this new virtual language, whic is called \Tierran", close atten tion has een paid to the structural and functional prop erties of the informational system of biological molecules: DNA, RNA and proteins. Tw features ha een orro ed from the biological orld whic are considered to critical to the ev olv abilit of the Tierran language. First, the instruction set of the Tierran language has een de�ned to of size that is the same order of magnitude as the genetic co de. Information is enco ded in to DNA through 64 co dons, whic are translated in to 20 amino acids. In its presen manifestation, the Tierran language consists of 32 instructions, whic can represen ted �v bits, op er ands include Emphasis is placed on this last oin ecause some instruction sets are deceptiv ely small. Some ersions of the redco de language of Core ars (Dewdney [10, 13]; Rasm ussen et al. [31]) for example are de�ned to ha ten op eration co des. It migh app ear on the surface then that the instruction set is of size ten. Ho ev er, most of the ten instructions ha one or op erands. Eac op erand has four addressing mo des, and then an in teger. When consider that these op erands are em edded in to the mac hine co de, realize that they are in fact part of the instruction set, and this set orks out to ab out 10 11 in size. Similarly RISC mac hines ma ha only few op co des, but they probably all use 32 bit instructions, so from utational oin of view, they really ha 32 instructions. Inclusion of umeric op erands will mak an instruction set extremely large in comparison to the genetic co de. In order to mak mac hine co de with truly small instruction set, ust eliminate umeric op erands. This can accomplished allo wing the CPU registers and the stac to the only op erands of the instructions. When need to enco de an in teger for some purp ose, can create it in umeric register through bit manipulations: ipping the lo order bit and shifting left. The program can con tain the prop er sequence of bit ipping and shifting instructions to syn thesize the desired um er, and the instruction set need not include all ossible in tegers. second feature that has een orro ed from molecular biology in the design of the Tierran language is the addressing mo de, whic is called \address template". In most mac hine co des, when piece of data is addressed, or the IP jumps to another piece of co de, the exact umeric address of the data or target co de is sp eci�ed in the mac hine co de. Consider that in the biological system con trast, in order for protein molecule in the cytoplasm of cell to in teract with protein molecule B, it do es not sp ecify the exact co ordinates where is lo cated. Instead, molecule presen ts template on its surface whic is complemen tary to some surface on B. Di�usion brings the together, and the complemen tary conformations allo them to in teract. Addressing template is illustrated the Tierran JMP (jump) instruction. Eac JMP instruction is follo ed sequence of NOP (no-op eration) instructions, of whic there are kinds: NOP and NOP 1. Supp ose ha piece of co de with �v instruction in the follo wing order: JMP NOP NOP NOP NOP 1. The system will searc out ard in oth directions from the JMP instruction lo oking for the nearest ccurrence of the complemen tary Another reason to oid dev eloping digital organisms in the mac hine co de of real computer is that the arti�cial system ould tied to the hardw are and ould ecome obsolete as quic kly as the particular mac hine it as dev elop ed on. In con trast, an arti�cial system dev elop ed on virtual mac hine could easily orted to new real mac hines as they ecome ailable. third issue, whic oten tially mak es the �rst mo ot, is that the mac hine languages of real mac hines are not designed to ev olv able, and in fact migh not supp ort signi�can ev olution. on Neuman yp mac hine languages are considered to \brittle", meaning that the ratio of viable programs to ossible programs is virtually zero. An utation or recom bination ev en in real mac hine co de is almost certain to pro duce non-functional program. The problem of brittleness can mitigated designing virtual computer whose mac hine co de is designed with ev olution in mind. armer Belin [17] ha suggested that ercoming this brittleness and \Disco ering ho to mak suc self-replicating patterns more robust so that they ev olv to increasingly more complex states is probably the cen tral problem in the study of arti�cial life." The ork describ ed here tak es place on virtual computer kno wn as Tierra (Spanish for Earth). Tierra is parallel computer of the MIMD (m ultiple instruction, ultiple data) yp e, with pro cessor (CPU) for eac creature. arallelism is imp erfectly em ulated allo wing eac CPU to execute small time slice in turn. Eac CPU of this virtual computer con tains address registers, umeric registers, ags register to indicate error conditions, stac oin ter, ten ord stac k, and an instruction oin ter. Eac virtual CPU is implemen ted via the structure listed in App endix A. Computations erformed the Tierran CPUs are probabilistic due to a ws that ccur at lo frequency (see Mutation elo w). The instruction set of CPU ypically erforms simple arithmetic op erations or bit manipulations, within the small set of registers con tained in the CPU. Some instructions mo data et een the registers in the CPU, or et een the CPU registers and the RAM (main) memory Other instructions con trol the lo cation and mo emen of an \instruction oin ter" (IP). The IP indicates an address in RAM, where the mac hine co de of the executing program (in this case digital organism) is lo cated. The CPU erp etually erforms fetc h-deco de-execute-incremen IP cycle: The mac hine co de instruction curren tly addressed the IP is fetc hed in to the CPU, its bit pattern is deco ded to determine whic instruction it corresp onds to, and the instruction is executed. Then the IP is incremen ted to oin sequen tially to the next osition in RAM, from whic the next instruction will fetc hed. Ho ev er, some instructions lik JMP CALL and RET directly manipulate the IP causing execution to jump to some other sequence of instructions in the RAM. In the Tierra Sim ulator this CPU cycle is implemen ted through the time slice routine listed in App endix B. 2.3 THE TIERRAN LANGUA GE Before attempting to set up syn thetic life system, careful though ust giv en to ho the represen tation of programming language a�ects its adaptabilit in the sense of eing robust to genetic op erations suc as utation and recom bination. The nature of the virtual computer is de�ned in large part the instruction set of its mac hine language. The frequency Digital life ev olv es through the same pro cess, as replicating algorithms comp ete for CPU time and memory space, and organisms ev olv strategies to exploit one another. CPU time is though of as the analog of the energy resource, and memory as the analog of the spatial resource. The memory the CPU and the computer’s op erating system are view ed as elemen ts of the \abiotic" (ph ysical) en vironmen t. \creature" is then designed to sp eci�cally adapted to the features of the computational en vironmen t. The creature consists of self- replicating assem bler language program. Assem bler languages are merely mnemonics for the mac hine co des that are directly executed the CPU. These mac hine co des ha the haracteristic that they directly in ok the instruction set of the CPU and services pro vided the op erating system. All programs, regardless of the language they are written in, are con erted in to mac hine co de efore they are executed. Mac hine co de is the natural language of the mac hine, and mac hine instructions are view ed this author as the \atomic units" of computing. It is felt that mac hine instructions pro vide the most natural basis for an arti�cial hemistry of creatures designed to liv in the computer. In the biological analogy the mac hine instructions are considered to more lik the amino acids than the ucleic acids, ecause they are \c hemically activ e". They activ ely manipulate bits, ytes, CPU registers, and the mo emen ts of the instruction oin ter (see elo w). The digital creatures discussed here are en tirely constructed of mac hine instructions. They are considered analogous to creatures of the RNA orld, ecause the same structures ear the \genetic" information and carry out the \metab olic" activit blo of RAM memory (random access memory also kno wn as \main" or \core" memory) in the computer is designated as \soup" whic can ino culated with creatures. The \genome" of the creatures consists of the sequence of mac hine instructions that mak up the creature’s self-replicating algorithm. The protot yp creature consists of 80 mac hine instructions, th us the size of the genome of this creature is 80 instructions, and its \genot yp e" is the sp eci�c sequence of those 80 instructions (App endix C). 2.2 THE VIR TUAL COMPUTER TIERRA SIMULA TOR The computers use are general purp ose computers, whic means, among other things, that they are capable of em ulating through soft are, the eha vior of an other computer that ev er has een built or that could built (Aho et al. [2]; Minsky [26]; Langton [24]). can utilize this exibilit to design computer that ould esp ecially hospitable to syn thetic life. There are sev eral go reasons wh it is not wise to attempt to syn thesize digital or- ganisms that exploit the mac hine co des and op erating systems of real computers. The most urgen is the oten tial threat of natural ev olution of mac hine co des leading to virus or orm yp of programs that could di�cult to eradicate due to their hanging \genot yp es". This oten tial argues strongly for creating ev olution exclusiv ely in programs that run only on virtual computers and their virtual op erating systems. Suc programs ould nothing more than data on real computer, and therefore ould presen no more threat than the data in data base or the text �le of ord pro cessor. another ev en in the history of life that is less ell kno wn but of comparable signi�cance: the origin of biological div ersit and macroscopic ulticellular life during the Cam brian explosion 600 million ears ago. This ev en in olv ed riotous div ersi�cation of life forms. Dozens of ph yla app eared suddenly man existing only eetingly as div erse and sometimes bizarre ys of life ere explored in relativ ecological oid (Gould [18]; Morris [27]). The ork presen ted here aims to parallel the second ma jor ev en in the history of life, the origin of div ersit Rather than attempting to create prebiotic conditions from whic life ma emerge, this approac in olv es engineering er the early history of life to design complex ev olv able organisms, and then attempting to create the conditions that will set o� sp on taneous ev olutionary pro cess of increasing div ersit and complexit of organisms. This ork represen ts �rst step in this direction, creating an arti�cial orld whic ma roughly parallel the RNA orld of self-replicating molecules (still falling far short of the Cam brian explosion). The approac has generated rapidly div ersifying comm unities of self-replicating organisms exhibiting op en-ended ev olution natural selection. rom single rudimen tary ancestral creature con taining only the co de for self-replication, in teractions suc as parasitism, im- unit yp er-parasitism, so cialit and heating ha emerged sp on taneously This pap er presen ts metho dology and some �rst results. Apart from its alue as to ol for the study or teac hing of ecology and ev olution, syn thetic life ma ha commercial applications. Ev olution of mac hine co de pro vides new approac to the design and optimization of computer programs. In an analogy to genetic engineering, pieces of application co de ma inserted in to the genomes of digital organisms, and then ev olv ed to new functionalit or greater e�ciency Here as orld of simplicit and certain ... orld based on the one and zero of life and death. Minimal, eautiful. The patterns of liv es and deaths.... eigh tless, in visible hains of electronic presence or absence. If patterns of ones and zeros ere \lik e" patterns of uman liv es and deaths, if ev erything ab out an individual could represen ted in computer record long string of ones and zeros, then what kind of creature ould represen ted long string of liv es and deaths? It ould ha to up one lev el at least an angel, minor go d, something in UF O. Thomas Pync hon, Vineland METHODS 2.1 THE MET APHOR Organic life is view ed as utilizing energy mostly deriv ed from the sun, to organize matter. By analogy digital life can view ed as using CPU (cen tral pro cessing unit) time, to organize memory Organic life ev olv es through natural selection as individuals comp ete for resources (ligh t, fo d, space, etc.) suc that genot yp es whic lea the most descendan ts increase in more easily in the syn thetic system. \Ev olution in ottle" pro vides aluable to ol for the exp erimen tal study of ev olution and ecology The in ten of this ork is to syn thesize rather than sim ulate life. This approac starts with hand crafted organisms already capable of replication and op en-ended ev olution, and aims to generate increasing div ersit and complexit in parallel to the Cam brian explosion. state suc goal leads to seman tic problems, ecause life ust de�ned in that do es not restrict it to carb on based forms. It is unlik ely that there could general agreemen on suc de�nition, or ev en on the prop osition that life need not carb on based. Therefore, will simply state conception of life in its most general sense. ould consider system to living if it is self-replicating, and capable of op en-ended ev olution. Syn thetic life should self-replicate, and ev olv structures or pro cesses that ere not designed-in or pre-conceiv ed the creator (P attee [30]; Cariani [5]). Core ars programs, computer viruses, and orms (Cohen [6]; Dewdney [10, 11, 13, 14]; Denning [9]; Rheingold [32]; Spa�ord et al. [33]) are capable of self-replication, but fortunately not ev olution. It is unlik ely that suc programs will ev er ecome fully living, ecause they are not lik ely to able to ev olv e. Most ev olutionary sim ulations are not op en-ended. Their oten tial is limited the structure of the mo del, whic generally endo ws eac individual with genome consisting of set of pre-de�ned genes, eac of whic ma exist in pre-de�ned set of allelic forms (Holland [20]; Dewdney [12]; Da wkins [7, 8]; ac ard [29]; Ac kley Littman [1]). The ob ject eing ev olv ed is generally data structure represen ting the genome, whic the sim ulator program utates and/or recom bines, selects, and replicates according to criteria designed in to the sim ulator. The data structures do not con tain the mec hanism for replication, they are simply copied the sim ulator if they surviv the selection phase. Self-replication is critical to syn thetic life ecause without it, the mec hanisms of selection ust also pre-determined the sim ulator. Suc arti�cial selection can nev er as creativ as natural selection. The organisms are not free to in en their wn �tness functions. reely ev olving creatures will disco er means of utual exploitation and asso ciated implicit �tness functions that ould nev er think of. Sim ulations constrained to ev olv with pre- de�ned genes, alleles and �tness functions are dead ended, not aliv e. The approac presen ted here do es not ha suc constrain ts. Although the mo del is limited to the ev olution of creatures based on sequences of mac hine instructions, this ma ha oten tial comparable to ev olution based on sequences of organic molecules. Sets of mac hine instructions similar to those used in the Tierra Sim ulator ha een sho wn to capable of \univ ersal computation" (Aho et al. [2]; Minsky [26]; Langton [24]). This suggests that ev olving mac hine co des should able to generate an lev el of complexit Other examples of the syn thetic approac to life can seen in the ork of Holland [21], armer et al. [16], Langton [22], Rasm ussen et al. [31], and Bagley et al. [3]. haracter- istic these e�orts generally ha in common is that they parallel the origin of life ev en attempting to create prebiotic conditions from whic life ma emerge sp on taneously and ev olv in an op en ended fashion. While the origin of life is generally recognized as an ev en of the �rst order, there is Thomas S. Ra Sc ho ol of Life Health Sciences, Univ ersit of Dela are, New ark, Dela are 19716, ra y@brahms.udel.edu Ev olution and Optimization of Digital Organisms Marcel, mec hanical hesspla er... his exquisite 19th-cen tury brain ork the uman art it to ok to build whic has een at lost, lost as the do do bird ... But where inside Marcel is the midget Grandmaster, the little Johann Allgeier? where’s the pan tograph, and the magnets? No where. Marcel really is mec han- ical hesspla er. No fak ery inside to giv him an touc of umanit at all. Thomas Pync hon, Gr avity’s ainb ow INTR ODUCTION Ideally the science of biology should em brace all forms of life. Ho ev er in practice, it has een restricted to the study of single instance of life, life on earth. Life on earth is ery div erse, but it is presumably all part of single ph ylogen Because biology is based on sample size of one, can not kno what features of life are eculiar to earth, and what features are general, haracteristic of all life. truly comparativ natural biology ould require in ter-planetary tra el, whic is ligh ears The ideal exp erimen tal ev olutionary biology ould in olv creation of ultiple planetary systems, some essen tially iden tical, others arying parameter of in terest, and observing them for billions of ears. practical alternativ to an in ter-planetary or ythical biology is to create syn thetic life in computer. The ob jectiv is not necessarily to create life forms that ould serv as mo dels for the study of natural life, but rather to create radically di�eren life forms, based on completely di�eren ph ysics and hemistry and let these life forms ev olv their wn ph ylogen leading to whatev er forms are natural to their unique ph ysical basis. These truly indep enden instances of life ma then serv as basis for comparison, to gain some insigh in to what is general and what is eculiar in biology Those asp ects of life that pro to general enough to ccur in oth natural and syn thetic systems can then studied Thomas S. Ra Sc ho ol of Life Health Sciences, Univ ersit of Dela are, New ark, Dela are 19716, ra y@brahms.udel.edu Ev olution and Optimization of Digital Organisms Digital organisms ha een syn thesized based on computer metaphor of organic life in whic CPU time is the \energy" resource and memory is the \material" resource. Memory is organized in to informational \genetic" patterns that exploit CPU time for self-replication. Mutation generates new forms, and ev olution pro ceeds natural selection as di�eren \geno- yp es" comp ete for CPU time and memory space. In addition, new genot yp es app ear whic exploit other \creatures" for informational or energetic resources. The digital organisms are self-replicating computer programs, ho ev er, they can not es- cap ecause they run exclusiv ely on virtual computer in its unique mac hine language. rom single ancestral \creature" there ha ev olv ed tens of thousands of self-replicating genot yp es of undreds of genome size classes. arasites ev olv ed, then creatures that ere im- une to parasites, and then parasites that could circum en the imm unit Hyp er-parasites ev olv ed whic sub ert parasites to their wn repro duction and driv them to extinction. The resulting genetically uniform comm unities ev olv so cialit in the sense of creatures that can only repro duce in co op erativ aggregations, and these aggregations are then in aded heating yp er-h yp er-parasites. Div erse ecological comm unities ha emerged. These digital comm unities ha een used to exp erimen tally study ecological and ev olutionary pro cesses: e.g., comp etitiv exclusion and co existance, sym biosis, host/parasite densit dep enden opulation regulation, the ef- fect of parasites in enhancing comm unit div ersit ev olutionary arms races, punctuated equilibrium, and the role of hance and historical factors in ev olution. It is ossible to extract information on an asp ect of the system without disturbing it, from ph ylogen or comm unit structure through time to the \genetic mak eup" and \metab olic pro cesses" of individuals. Digital life demonstrates the er of the computational approac to science as complemen to the traditional approac hes of exp erimen t, and theory based on analysis through calculus and di�eren tial equations. Optimization exp erimen ts ha sho wn that freely ev olving digital organisms can optimize their algorithms factor of 5.75 in few hours of real time. In addition, ev olution disco ered the optimization tec hnique of \unrolling the lo op". Ev olution ma pro vide new metho for the optimization or generation of application programs. This metho ma pro particularly useful for programming massiv ely parallel mac hines. ev olution, ecology arti�cial life, syn thetic life, emergence, self-replication, div ersit adapta- tion, co ev olution, optimization