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OpenAl has spent the past couple years quietly building “Jalapefio,” an inference
chip just announced at Hot Chips. Rumors of a successful tapeout had been swirling
for a while. But now we have details. OpenAl invited us to look at their chip, go to

their labs to check out how real it is, and benchmark it with our InferenceX suite.
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In June, OpenAl unveiled the chip program in partnership with Broadcom, built from

a blank slate exclusively for LLM inference. Design work began in the middle of

2024, going from initial team hiring to manufacturing tape-out in ~16 months, an

extremely fast ASIC development cycle.
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In general first generation chips are not competitive, but OpenAl bucks the trend by
being industry leading and beating every Nvidia, AMD, and Google chip we have

been able to test on multiple top open source models. OpenAl does this with extreme



hardware software codesign. Surprisingly, OpenAl is not over specialization on any
specific part of model inference, but instead by focusing on being a general chip that

delivers high performance in all scenarios.
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In this article, we will go into architectural details, software details and performance

results for Jalapefio on InferenceX.

--------------------------------------------------------------------------------------------------------------
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Everyone says that OpenAl’s chip is specialized for OpenAl models, but that’s

wrong, OpenAl made a generalized chip for Al inference.
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The timelines are insane. It shows that claims that use of Al is being used to
accelerate chip design are real. Regardless of the quick timelines,Open Al spent a
bunch of money, made pragmatic design decisions and their team is cracked, so this

comes as no SUI‘pI'iSC.
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Just looking at the specs, it is an immediate contender:

(RMIUERE, SUBIRABENRSRE:

OpenAl Jalapeno Chip Specs
FP16 perf FP4perf  HBM capacity HBM bandwidth

0.989 PFLOPS 1.979 PFLOPS - 80 GB 3.35 TB/s 700W
0.989 PFLOPS 1.979 PFLOPS - 141 GB 4.80 TB/s 700W
2.3 PFLOPS 4.6 PFLOPS 9.2 PFLOPS 288 GB 7.987 TB/s 1400W
2.5 PFLOPS 5 PFLOPS 10 PFLOPS 192 GB 8 TB/s 1200W
2.5 PFLOPS 5 PFLOPS 15 PFLOPS 288 GB 8 TB/s 1400W
= 3.4 PFLOPS 13.4 PFLOPS 216 GiB 15.4 TB/s 700W

4 PFLOPS 17.5 PFLOPS 35 PFLOPS 288 GB 20 TB/s 1800-2300W
10 PFLOPS 20 PFLOPS 40 PFLOPS 432 GB 23.347 TB/s 2500w

Source: SemiAnalysis SemiAnaIysis

And the use of HBM4 makes it stand out as comparable to flagship GPUs from
NVIDIA and AMD:
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A lot of the media coverage of this chip has followed a few throwaway comments
from OpenAl that claim the chip will be optimized for their models in a way that
other chips are not. This is wrong. Jalapefio is a generalized inference chip capable of
running all sorts of models, and all sorts of workloads, including our benchmark
InferenceX, where we ran the benchmark with OpenAl engineers in the lab. As a
joke, OpenAl even showed us it running Doom, which was ported to their chip with

just Codex prompts.
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The following is our headline perf/W result, looking at token throughput per All-in
utility MW. Jalapeiio smokes every other chip. All this is done without Multi Token
Prediction (MTP), while the other chips on the chart are the best performing configs



of each respective SKU, all with MTP.
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Source: SemiAnalysis SemiAnaIysis

Jalapefio beats Blackwell on perf/W across almost all scenarios without being tuned
for any specific point in the curve. It excels not only in low-latency scenarios but also
in high-throughput scenarios. A more apples to apples comparison is against Single
Token Prediction results, it knocks every competitor out of the water. At low
concurrency scenarios, Jalapefio demonstrates remarkable interactivity, hitting over

700 tokens per sec per user at concurrency 1 on the DeepSeek R1 model.
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Incredibly, this is all achieved with single-token prediction (STP), no speculative
decoding and no prefill-decode disaggregation. In addition to DeepSeek R1, we also
got to see some other models, including Kimi-K2.5 and GPT-OSS which ran at

approximately 1,400 tok/sec/user. For all models, we confirmed that Jalapefio’s



GSMSk evals attained results on par with Nvidia chips.
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Some caveats on this. First, all numbers are provided to us by OpenAl. We verified
the InferenceX runs in person in the lab, but we did not run the full suite of
InferenceX benchmarks nor have we seen AgentX results. AgentX is our preferred
suite for comparing chip performance due to the datasets’ long context and multi-turn
characteristics that reflect the cache behavior of realistic production workflows.
Frameworks that perform well on 8k1k may perform worse on AgentX as real
production loads stress components like routers, prefix cache mechanisms, cache
management, offload infrastructure, etc. These are not tested by single turn 8k1k.

Read more about this in out AgentX article.

M FEHAI LR . 85, FFEEIEIIH OpenAl 1RSI,
(IIESEISEMIFIRIE T InferenceX BNETBER, BHERETR
) InferenceX E2ENIXEM, BXREZ AgentX BIZER.,
AgentX BEAILLES R IEEERMASRBNKEM, RAEE
IBEESK F TS IHRIFIE, s RMESTE T EREd
HEEFTH. 7T 8kik ERIMARAIESETE AgentX LrJgeRM
BE, AAELEFRESMRHE. IREFNG . EEFEE.
Eﬂﬁ%ﬁtﬂ SEFHGFEIED, miXLtHIERLe 8kik MikFreEZE
=, B FEESIEEIIA AgentX X&E,

AgentX - InferenceXv3: Does CUDA Moat Hold up
in Agentic Inferencing?

AgentX — InferenceXv3: EEREIRIHEE
gE?ntlc Inferencing ) #1, CUDA P
iﬁE, fkIAISE?

CAM QUILICI, BRYAN SHAN, AND 5 OTHERS

CAM QUILICI. BRYAN SHAN KHft1 5 A “AUG24 '8 H24 H

Read full story | FHESI

Second, we believe that comparison to Blackwell is somewhat incomplete and
Jalapefio is really competing against chips like Rubin that also use HBM4. Ver:

Rubin systems are starting to ship to customers right now, while it will still be




time before OpenAl has anything beyond engineering samples of Jalapefio.

HR, FAi1ARS Blackwell B98It AT 2188, BEEA
ft. Jalapeno HIEXIREIZ2REHFRAE HBM4 BY Rubin Fik
F . Vera Rubin Z&Bric&HiREFHE, @ OpenAl Y
Jalapeno IEB TiEHFmM EZINEBHEZSKAIATE

Thus, performance should really be compared against Rubin, not Blackwell, and in
some sense we expect a custom chip like Jalapefo to outperform Blackwell. Vera
Rubin NVL72 delivers 5.4x the perf/MW of GB200 NVL72 as we described in our
article analyzing the NVIDIA performance claims in their launch with CoreWeave

last month. We will compare Jalapefio to Vera Rubin’s July performance figures later

below.
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Third, the models being tested are not on the open frontier. NVIDIA and AMD have
published results on larger models such as DeepSeek V4 Pro and Kimi K3, using
AgentX. The larger the model and the more recent the release, the more complicated
it is to bring up on a new chip. With that said the models OpenAl has working on

Jalapeno aren’t exactly small either.
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Performance Analysis B2 a ki

OpenAl designs for perf/W. The reason is simple: OpenAl is currently limited by
datacenter power, not by budget or floorspace, and thus tokens per MW is paramount.
At Computex 2026, Jensen said that perf/W, reliability and long lifetime are the core
features of future GPUs. To quote: “If you have 1 gigawatt of power, then throughput
per watt is revenue”. He also mentioned that choosing the wrong architecture just

because the chips are cheaper doesn’t make sense.
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Source: Computex 2026 keynote
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This was emphasized by Nvidia during the Vera talk at Hot Chips 2026 while
showing the same revenue graph: “The data center is power limited today.” Power

matters and drives revenue.
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Operators cannot simply obtain more MW because adding GPUs and adding grid
capacity happen on very different timescales. Datacenter power envelopes have
constraints such as their utility interconnection, infrastructure, cooling capacity, and
UPS/backup-generation design. Grid delays repeatedly outpace hardware and
construction timelines, driving the need for BtM (behind-the-meter) power capacity:
gas turbines and on-site generators built and located at the data center itself. This
capacity sits behind the utility’s meter rather than being drawn from the public grid. It
lets an operator power a facility without waiting on grid interconnection and utility
upgrades, which is exactly why xAI’s Colossus 2 relies so heavily on BtM while its

actual grid connection lags far behind. Find out more in our Energy model.
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As we wrote in an X post, tok/s/MW reduces to tokens per joule since a watt is a

joule per second. This makes tok/s/MW representative of a system’s efficiency and

ability to convert energy into tokens.

IEANFRAI7E X thFhFrE, tok/s/MW B¢ AEEE token
#, BB 1EFETF 1 EH/R . XES tok/s/IMW 8B ERERES
1GREEHE A token BIEERSEED -



SemiAnalysis % _-9h (4
-avs UsiNg the fact that 1 MW = 1,000,000 J/s and 1 joule = 0.000239 food
Calories, we can convert power efficiency into tokens per Calorie:

7,368 tok/s/MW = 0.007368 tok/{J
0.007368 + 0.000239 = 30.8 output tok/Calorie

Given that an average human speaks at ~3.3 tok/s while the brain
consumes ~20 W:

3.3 tok/s + 20 J/s = 0.165 tok/J
0.165 + 0.000239 = ~690 output tok/Calorie

That makes human speech roughly 22x more energy-efficient than this
concurrency 1 B300 configuration! (2/4)

L Chart @ Table
DeepSeek V4 Pro 16T « FP4, FP8 + Agent -e: SemiAnalys ceX™ « Updated: 08/19/2026

Allin Power/Chip: | HIOO: 137kW | H: W 2 B3I0O: 19kW  GB200:187kW | | GB3OC:212kW | MI30OX: L3SkW | MI325X: 169kW  MI3SSX: 200kW

RTX6000PRO: 0.975kW

@ B300 (vLLM)
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roughput por Al in Utility MW (tok/s/Mi

Source: SemiAnalysis SemiAnaIysis

On this front, even when compared with Rubin, Jalapefio wins. OpenAlI’s Jalapefio
has STP output token throughput per MW surpassing Vera Rubin’s MTP results that
NVIDIA and CoreWeave published in July. It also far exceeds GB200’s 2025 MTP

results. As mentioned in our Vera Rubin article, VR was compared to 2025 GB200

results because that was a similar stage of early bring-up, and comparing to GB200 in
2025 holds software maturity constant. Following this logic, we compare Vera
Rubin’s latest July 2026 results, GB200 2025 results, and today’s Jalapefio results.
This is a very valid comparison as these are the best public Rubin numbers, and

OpenAl taped out their chip after Rubin. Both OpenAl and Rubin are still immature



thus performance will continue to rise.
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On perf/TCO, Vera Rubin and Jalapefio are head-to-head, producing almost the same
number of output tokens per $. However, as previously mentioned, Jalapefo’s
results are obtained without speculative decoding and Vera Rubin’s results use
speculative decoding. Speculative decoding adds a 3x+ improvement is cost per
token. When speculative decoding is implemented on Jalapefio, this will mean
Jalapefio will serve much lower cost tokens. Of course, part of this TCO advantage

comes from trading Nvidia’s high margins for Broadcom’s lower (though still high)



margins. But this is not all of it. For example, Meta and Microsoft’s AI ASIC
programs not getting off the ground despite being at it for much longer shows that
cost is only one part of the equation. For Jalapefio’s full TCO breakdown, see the

SemiAnalysis Al Cloud TCO model.

£H48E/TCO ( 2B/ E ) B, Vera Rubin 5 Jalapeio
BIGHE, SETrrHavEE token BULFEHERE . fAM, WNRIFR
&, Jalapeno BIEREERERZNEER ( speculative
decoding ) BIERTEWSERY, M Vera Rubin B9%RNIERT
IRHLERRD . 1IRYARISTES token A LEHRT 3 {ZLAERIRFH
3 Jalapeno sSEHSH##EfE, XEKE Jalapeno ELUTE(R
IR AR token, HA, X— TCO #EEIEFLL NVIDIA
HSFEZR%E Broadcom BIE ({BIAESML ) RIFIEZER, {Bi
HIELZPIRE . 4N, Meta #1 Microsoft B Al ASIC ITBR
BRI EE KRR, XRPEEREHEXPH—EBS .
XF Jalapeno H5EZ TCO {f93, 5% SemiAnalysis Al
Cloud TCO #&&!,

%

Output Tokens per $1(Owning - Neocloud Giant) vs. Intera

chip/hr:  HIO H200: 1.59

I 00PRO: O

VR200 NVL72 (July) - 2026-08-22

Jalapefia (Teacup)  2026-08-22

Source: OpenAl, SemiAnalysis

KiE: OpenAl. SemiAnalysis

Architecturally, OpenAl chose not to disaggregate prefill and decode (PD) across
separate chip pools. The draft model and main model share the same chips and fabric,
a design philosophy that trades some theoretical efficiency for practical operations.
The motivation is that the workload mix changes over time, for example the ratio of

input to cache write to cache read to output tokens has changed significantly as we



have moved through the three eras of models (knowledge, reasoning, and agentic, as

discussed in our recent article). Therefore, picking a fixed amount of heterogenous

prefill silicon and decode silicon up front can lead to inefficiencies over time.
OpenAl chooses a homogenous pool in this architecture and tries to make the chip

perform well on everything.
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And it does. On Kimi K2.5 (which Cursor Composer 2.5 is based on), Jalapefio
reaches nearly 700tok/s/user and more than 9x the next best performing chip at

100tok/s/user.
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On GPT-OSS, it’s another bloodbath. Jalapefno’s iso-interactivity throughput per MW
is nearly double GB200’s highest throughput point and more than 50x GB200’s

concurrency 1 point. The higher concurrency Jalapeio points use EPS.
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These results are impressive! However, we have to nitpick: they’re just 8k1k, a much
easier workload to tune for, and there are no AgentX runs yet. As mentioned in our
AgentX article, multiturn, long context workloads stress much more aspects of the
serving stack, such as routers and prefix cache. Many more optimizations are needed

to excel in agentic workloads. Read more about this in the AgentX article.
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Digging into the specs and
architecture

RN TR S5

All these results were gathered on the A0 stepping of Jalapefio, just 9 months into the
program. But there is already a BO stepping that is currently in the fab! BO has
optimizations that deliver roughly a 25% perf-per-watt improvement over the earlier
AO silicon. Specifically, the BO stepping delivers 13.4 PFLOPs of MXFP4 on a single
reticle-sized compute die that is manufactured on TSMC’s N3P. This compares to

17.5 PFLOPs of dense Rubin NVFP4 for a single Rubin compute die that is similar

size and on the same node.

LA EFRrE&RIIETF Jalapeno B9 AO stepping {5, ItAETEE
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AJSCI 13.4 PFLOPs B9 MXFP4 &4, fBtkZzTF, B4
Rubin it%& die THHRERIMB ST, HEZEE NVFP4 §HA
17.5 PFLOPs,

This is more respectable considering Jalapefio’s TDP is only 700W compared to
Rubin’s at 900-1,150W per compute die. As Jalapeno is geared towards inference
rather than training, it is understandable that OpenAl doesn’t need to push TDPs

higher to maximize FLOPs, but regardless the above shows that Jalapefio delivers



respectable peak theoretical FLOPs.

Z1E3 Jalapeno B TDP 1¥J3 700W, 1 Rubin #1MtE die
g9 TDP 73 900-1,150W, X—EREEAHE. HF Jalapeno
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When compared directly to other accelerators, Jalapefio has the highest HBM
bandwidth per watt, and the highest FLOPs per watt, comparable to the 1,800W

Rubin Max-Q configuration:

SHNEREEXLLE, Jalapeno HERSNEE HBM
ZiE8E FLOPs, 51,800W BY Rubin Max-Q BtEE=

OpenAl Jalapeno Chip Specs
HBM capacity HBM bandwidth TDP HBMbwperW FLOPs perW  perf:bw ratio

H100 0.988 PFLOPS 1.879 PFLOPS - 80 GB 3.35TBfs To00W 4.79 28 591

H200 0.988 PFLOPS 1.879 PFLOPS - 141 GB 4.80 TBfs 700W 6.86 28 412
MI355X 2.3 PFLOPS 4.6 PFLOPS 9.2 PFLOPS 288 GB 7.987 TBis 1400W 571 6.6 1152
GB200 2.5 PFLOPS 5 PFLOPS 10 PFLOPS 192 GB 8 TBfs 1200W 6.67 8.3 1250
GB300 2.5 PFLOPS 5 PFLOPS 15 PFLOPS 288 GB 8 TBfs 1400W 571 10.7 1875
Jalapeno - 3.4 PFLOPS 13.4 PFLOPS 216 GiB 15.4 TBfs 700W 22 19.1 870
Rubin 4 PFLOPS 17.5 PFLOPS 35 PFLOPS 288 GB 20TB/s 1800-2300W 1.1-87 19.4 -15.2 1750
MI450X 10 PFLOPS 20 PFLOPS 40 PFLOPS 432 GB 23.347 TB/s 2500W 7.86 16 2034

Source: SemiAnalysis SemiAnaIysis

Off-package 1/0 is provided by an N3E I/O chiplet with 32 lanes of 800G SerDes, for
the compute fabric, with 24 lanes (600GB/s) being used for local scale-up within the
rack, and 8 lanes (200GB/s) for global scale-up which is the 2,048 XPU multi-rack
domain. PCle Gen 5 is used for system I/O to connect to the x86 host CPU.

F4 110 1 N3E 1/O chiplet 124it, Et#& 32 i&i& 800G
SerDes, ATFit& fabric; Her 24 i&i& (600GB/s ) BFH
ZEAAHE scale—up, 8 1Bi& (200GB/s ) AF£F scale-
up, BN 2,048 XPU ZMZRia% ., &% /0O A PCle Gen 5 &
% x86 E#l CPU,

Jalapeno will ship with HBM4, making this chip one of the relatively early adopters
after Nvidia and AMD, even beating the established TPU and Trainium programs. As
one of the key architectural principles behind Jalapefio is getting the most out of
HBM bandwidth, settling for anything but the best HBM would run counter to that
goal. This results in 15.4TB/s of memory bandwidth per package which bests all the
other accelerators shipping that are using HBM3E. The 15.4TB/s bandwidth shows
its HBM4 can hit 10Gbps pin speeds, which would give it a slight edge over the
9.6Gbps Nvidia is getting out of its HBM4 in Rubin. The HBM is likely provided by



Samsung.

Jalapeno §#% HBM4 115, {FER A% NVIDIA 1 AMD
Z EHEMNEERA HBM4 B0S R, EEMSFREE TPU
Trainium IRE . BF Jalapeno BIEHEIREEN 2 —=E& XL
A HBM &3, EltE B KREIEFIERMRA HBM, 5
X—BirSiEmit. XESE TR ME 15.4TB/s HAFES
%, B THREEMEE HBM3E B7EEiESE . 15.4TB/s B
T nzBBE HBM4 a]3E 10Gbps BISIHIESR, BT
NVIDIA 7£ Rubin /2 HBM4 Friz%I89 9.6Gbps. iz HBM R
BRI =212,
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9 months

Source: OpenAl :OpenAl

OpenAl taped out Jalapeno in November 2025, or more specifically, this was a tape
out of the CoWoS design, not just the top die silicon. Within 9 months of that Nov
2025 tapeout, and with only 3 months of bring-up on actual silicon, OpenAl has
already delivered very good results with Jalapeno. This is all the more impressive as

the team is starting from zero on the software stack.

OpenAl F 2025 £ 11 A58k Y Jalapeno B tape out, B
it , X2 CoWoS F#3haY tape out, MAUNZRIRETH
(top die) B9EER . B 2025 & 11 BIRAX tape out LASE, 7£
5258 9 NEA, BXfREH bring—up XA7TY 318, OpenAl
B Jalapeno LBV TIEEFHIKE . EERZEIRATEIRY
BAEENTES, X—HELASABFRIRZ

Meanwhile, Rubin’s CoWoS tape out was completed in October 2025, a month
earlier, and yet the only early results we have seen are from CoreWeave’s engineering
samples. Nvidia has not let us test and release benchmarks in the same way that

OpenAl has, indicating their chip software is still immature. The CUDA moat is



potentially dead given how fast OpenAl can bring up new models on their silicon.

51ttFIRY, Rubin B9 CoWoS iRFEF 2025 & 10 B>k, Lt
fEpiRRI—1N B, (BieSHIEEHNBRNREIERNER
CoreWeave BITiEHER . NVIDIA K& OpenAl BRtERiF
BN HEZREENRER, XRPETS IR IDBARERHA. £
F OpenAl geaNtbiuEbE BifC F LT ATRERYERE
CUDA BRI s B SR FET .

They are still far from optimized and we can see that generally Jalapefio has delivered
better numbers. We don’t think that Nvidia hardware is inferior, but more so that
Jalapefio’s software bring-up has progressed more quickly than Nvidia’s. This speaks
to the power of hardware/software co-design, which is the main area where a cracked
frontier lab ASIC team can excel over more established merchant silicon players.
Counterintuitively, starting from scratch may also have benefited OpenAl as it could
make clean-sheet architectural decisions without worrying about backwards

compatibility or older software versions.

EIEERARRINBRAEIE, B@XKE, Jalapeno 3ZHATEL
IEEM—% ., &i1FIAB NVIDIA fiE e, mEMmmIAS
Jalapeno B {EHEIEHERELL NVIDIA iR, XEDIE T #RiE
thEIZit ( hardware/software co—design ) BIME, TXIE
EIRRALAEIRER ASIC BIRVERTF ARG R s g
SCHLE A OME .. RERIE, NFESHiIFEIL OpenAl
T, RACTHLMIEHBRERXHZERE, TEMERET RS E
|BARER1S o

While OpenAl has engineering samples of Jalapefio, production is currently
scheduled to gradually ramp over 2027 with most of the output currently scheduled

for the end of next year. For more details of unit volumes and ASPs, see the

SemiAnalysis Accelerator Model.

EX OpenAl BiE Jalapeno IIEHmR, BEFBRIHRIE
2027 FRZELMCE, Kabor-HBriEFIBFEFRRT. BXt
BRES ASP HEZMT, 5207 SemiAnalysis Accelerator
Model,

Suffice to say, OpenAl Jalapeno is a real high volume ASIC.

aJLliR, OpenAl Jalapeno 2—fEIERISENIE ASIC,

When compared against Rubin’s timeline, Jalapefio’s is shockingly quick. As shown

earlier, Jalapefio’s results beat Rubin’s despite Rubin’s head start.



5 Rubin B9RSIEIZHELL, Jalapeno BUEHEERSHRA . W60
Frix, RE Rubin {2288, {8 Jalapeno BIZRIPHIEF
Rubin,

Vera Rubin timeline

Source: SemiAnalysis : SemiAnalysis

Jalapeno Architecture Jalapeno 2844

Digging into the architecture now, the chip’s matrix engine uses MXFP numerical
formats and a weight stationary systolic array, similar to TPU. But when compared
directly to TPU, it has support for smaller shapes / dimensions, meaning that it
doesn’t have weird performance cliffs that get exposed by awkwardly shaped

matmuls on bigger systolics.

MERNSZRMEER, %o B ERS2RHE MXFP #EE&=
FOIE I BB Rk =hES ( weight stationary systolic array ) ,
5 TPU 24, (BEEXL TPU BF, SXFENIRIN/EE, X
SRS AR KBRKENEFIAME, ERIAFRERRIEFETRIE
(matmul) MBELTRIOEEERE.

It also has 64-bit scalar cores and FP32/INT32 vector cores. OpenAl has also
invested in redundancy at the tray level and has yield harvesting built in at the core
and channel level. They claim that Al assistance in chip design delivered an 8%
reduction in SIMD area and a 10% reduction in matrix-engine area during design.
While they did not clarify the exact process/voltage/temperature (PVT) conditions,
they also mentioned the Al-assisted blocks improved timing and power over the

initial blocks.

EirE&ET 64 (iifr=EtZ 0 FP32/INT32 @& . OpenAl
EEFREERR T iRiRlt, HFERONEBEEANE T REI
EINF . =R, TeRRIERED, Al #HEhgitE SIMD &
FURLT 8%, ERESIZEINELT 10%. BAMITZEIHRE
AT Z/BERE (PVT) 4, (BfafiltbiER, Al GHENEIR
R FRITHEE S I FHIIEIER

The Jalapefio architecture design focuses on eliminating memory movement of

KVCache and weights as well as fixed latencies and overheads in order to make it



possible to get closer to the raw peak flops/bandwidth even for small batches or

shapes as compared to other accelerators.

Jalapeno Z21aRYigitE RETFiHIR KVCache S ERIAFHK
B, REENIERFNFFHE, MimBlMEmxd/MR (small
batches ) SAFMNAIK (shapes) , tBEELLEfbNESEHREE
IEERIEESE H/ES (raw peak flops/bandwidth ) .

The cores and the HBM are divided into slices, where each core slice has a low-
latency local view on its own slice of HBM. Synchronization between slices occurs
on a high-bandwidth dedicated collective network. This minimal memory hierarchy
already gives Jalapeno a big potential advantage over GPUs, where memory accesses
must traverse a complicated memory system, resulting in large latencies that must be

amortized or hidden over larger shapes.

i (cores) 5 HBM #XIDAZMIE (slices) , BNMZ
O RSEBSR HBM 1 FBERERNAIIRE , 1128
NIRRT BEESHENERESBIEME ( collective network )
=hk. X—RiEREEREE Jalapeno 1HLL GPU BEEEXi#
EfB—E GPU L, IEFEHOIVAFTHEFNRNERSE, S
BARIER, BiXLeFEiR w4 i@ d 8 RIS SR HA

(amortized ) B

This choice is feasible because with careful placement of weights and KVs,
synchronization between cores can be restricted to limited, known high-bandwidth

comms such as tensor-parallel communication that can be overlapped with compute.

X—IEEZ LA 1T, RRAEITNEMN KV (KVs) BT
HE, ZOzZBlRSLERFESREENNE T EEEEE
A, a5 EEE (overlapped with compute ) BIKE
17 (tensor-parallel) &(s5.

HBM slice 1 HBM slice 2 HBM slice 3 HBM slice 64
| | | |
local view local view local view local view
Core slice 1 Core slice 2 Core slice 3 Core slice 64

‘ Collective network - High bandwidth, low latency ‘

General NoC - Lower bandwidth, higher latency - More flexible

Scale-up
Ethernet bridge

Source: OpenAl {OpenAl



There is also an additional general NoC which is used for general comms and to
access the scale-up network. In general OpenAl saves huge power and gets big
performance gains with a simplified NOC and memory subsystem vs Nvidia and

Google.

4, EE— 1 BT ERBERIAIT scale—up MEEHYER
NOC., S44m=, 5 NVIDIA 1 Google 18Et, OpenAl i&id
@I NOC FlIRFFES, ThiEfMtsE LIRS TEXME.

s N ( N ( D

COREO CORE 1 CORE 2
tensor - SIMD - scalar tensor - SIMD - scalar tensor - SIMD - scalar
L1 L1 L1
fast local view fast local view fast local view

A | Y € | SSHNY | 4

SPECIALIZED COLLECTIVES - coordinate physical cores

GLOBAL MEMORY VIEW - full memory, slower access

Source: OpenAl :OpenAl

At the core level, OpenAl describes an out-of-order (O0oO) core with an L1 cache.
This is a large divergence from the pattern we have seen in other accelerators, all of
which instead use software-managed scratchpad commonly paired with some async
DMA support. Again, the argument being made here is that this allows Jalapefio to
avoid fixed overheads such as barrier latencies, which on other accelerators (such as
GPUs) need to be hidden or amortized over with higher work per core, and make it

harder to get close to the raw peak bandwidth/flops.

O Em, OpenAl AT — 168 L1 BEENTFNGT
(out-of-order, 000 ) & . XSHIITHMINERHEEIN
BAFEEEAER—EEIIRBAREEER scratchpad (&
ZXFEE ) , HEERERSS DMA X5, XBRICSBR
= XMugitE Jalapeno gEigEi 2 EERIFFHE, FIE0 barrier
$ER; mfEEfthNESE (0 GPU) L, XLEHHEE®E I MZ
OESHNITESREmoE, NEliSERBIEESS/EH
(FLOPs) »

The tradeoff is that Jalapefio therefore relies on good prefetching to ensure timely
arrivals of memory requests, which is less predictable and more difficult to reason

about. However, with Codex in a good harness with access to detailed tracing, it is



likely that finding the optimal kernel with the best prefetching for a given shape
requires little human intervention. We think that is exactly what OpenAl has done to
bring up DeepSeek R1, Kimi K2.5, and GPT-OSS so quickly.

HAMNMTETF, Jalapeno E L KRR IFAIFREY ( prefetching ) 3k
RIRFEERRAIIEIE, X predictability B{E, tBEMEHT
WIBDHr. A0, 7 Codex BEA& R harness FHE&Zi¥4M
tracing BEHHIBERT, FHXHFE shape kEI BB RUTIEKES
19 kernel, REIgERE|RPDBIATFR. BHliBIAA, OpenAl IE
EELTEINLERIRtEREE T DeepSeek R1. Kimi K2.5 #1
GPT-0SS,

The cores also have support for “small” matrix dimensions, which (depending on
how small) should make it more general across different model and batch dimensions
less sensitive to matrix dimension alignment, padding overhead, and tiling
inefficiency. For instance, TPUs, Trainium, and Etched chips have very large systolic
arrays which can require large batches or exactly-divisible model dimensions to

avoid tiling inefficiencies.

XEAZOEZIF “N IEREEE, X (BURTFEAES/) NER
EARERIEHE FERERY, WHEEHEST. ExHFHE
iR (tiling ) EBMAIBURERE(E, 70, TPU. Trainium
Etched & RHIHEIEE KRIBKENBES ( systolic array ) , XEJ&EE
EEXNSHABETREIRIVRRISRE, LIRS BRI

With Jalapefio, OpenAl has focused on eliminating fixed latencies in the system to
allow for as-close-to-roofline performance as possible across all areas of the pareto
curve. In theory, this could give them advantages over the GPU at multiple operating

points:

&8 Jalapefno, OpenAl EXFERERPHIEEILR, LAE
EIARIEMZ ( pareto curve ) HIFFE XigtR e sesCIliEimERE
FIREYERM . Hig Lk, XLl tiIESMET= L8 F GPU
IRGMEE:

e Much better upper-bound performance on low-latency/small-batch inference,
which on GPUs is limited by many fixed overheads such as launch latencies,

barrier latencies, memory system latency

HEREEE /M SR 7 S FSLIE (LAY LR 1%ERE, M7 GPU
L, IERGSZIRTESEEFH, WEINER. FLFIEE
B, AFRFIR



e Some potential to achieve closer to the hardware roofline even for large-batch

or long-context

EMEERHtESkik F T2 T, (EstEEEEEEeE E
IR (roofline)

This comes with the caveat that even if the upper-bound performance is available in
theory, it may be more difficult to realize that performance for real kernels. So it

seems the approach is:

HEEHE, BMERIS EFE ERMRE, MNFERREMmS, £
Bz 4REnTREE A ENE . EL, HERREUFE:

1. Design for the highest upper-bound performance across all workload shapes
FAEE TIERE SR RS EIRI4RE

2. Let Codex do the tedious work of finding the kernels that achieve that upper

bound

ik Codex RS HREARIZ EIRRIAZRIEDI TIE

Judging by the extremely fast turnaround for the OpenAl team to bring up

InferenceX workloads on Jalapefio, we are optimistic about this approach.

M OpenAl EIBATE Jalapeno EHRIEEFE InferenceX TEfR
HEMIEEEERE, BIIIX—BRSRUSE.,

If Jalapefio is a success, it will be a strong signal that the industry’s obsession over

programming models and perfect, universal compilers are invalidated by frontier Al

models.

# Jalapeno ERiERTI, XER— P EZES, RIAWRWRE
BB SR EARIZSERIMEIER, EHBIE Al I2EFREE.

Software FR{4%

OpenAl writes Jalapeiio kernels like assembly. Each kernel gets hand-tuned code,
some running to ~3,000 lines, backed by correctness checks and a custom sanitizer.
Early kernel work was human-in-the-loop rather than fully automated, but this shifted
with a more scaled-up, internal version of Codex, one which OpenAl plans to pitch to
enterprise customers. The internal serving engine is called “Teacup”. Interestingly,

OpenAl had no internal implementation of ML A kernels until they



benchmarked DeepSeek with InferenceX. The ability for Codex to write functional
and efficient kernels so quickly (without any of OpenAl’s kernel engineering team

intervening) shows the software pipeline’s developmental ability.

OpenAl #®5 Jalapeno BB X MNERECHELE. 81H
EEESIF TR, SR IEIX 1,000 Z 3,000 17, Fi#ELAE
BHEEERBEN sanitizer. BEIRZALZEBAANDE

( human-in—-the-loop ) MiELBzIMt, BEEREBIRA
Codex BRI B, X—RIEE TET—O0penAl itklig
iZhRA Codex HEHATIVER , WEREIES|EE)

“Teacup” . BBRIRE, 7 OpenAl {EH InferenceX 3§
DeepSeek #TEIENX 2RI, HAZPHARSM MLA A%,
Codex BEFBTEIZBIEA OpenAl BZTIEFAFFRAIERT,
anitbRE RS HINEESS S HEMINZ, XRDBR 7iZPIER
IKEHIFFARREN

OpenAl programs Jalapefio with Gluon. Gluon is OpenAl’s kernel programming
language. Built on top of Triton, Gluon preserves Triton’s SPMD (Single Program
Multiple Data) programming model, but it exposes low-level programming
abstractions. For example, for NVIDIA GPUs, it offers APIs that map to PTX
instructions, including MMA instructions, TMA instructions, mbarrier mechanisms,
and many more. The most unique abstraction Gluon provides is the layout. Generally
speaking, a layout defines a mapping between a hardware resource (e.g. Sth register
of warp 9) and a tensor element (e.g. tensor element on row 6 column 7). Gluon’s

layout abstraction is based on Linear Layouts, a type of layout algebra OpenAl

invented. Linear Layouts mathematically formalizes what a layout is and provides

tools to operate on layouts. This enables many features, such as provably correct

layout conversions and optimal memory swizzling.

OpenAl i Jalapeno, &F Gluon #93, Gluon 2
OpenAl BY kernel fwIEIES . Gluon #3937 Triton 2.k, &
BT Triton B9 SPMD ( 223 HiE ) wIZEE, BRETR
EiRIZMER . §I30, £33 NVIDIA GPU, SiEHIEisl PTX 15
$H9 API, 81 MMA 18<$. TMA 18<. mbarrier #l#1%.
Gluon BIHIRMISFHMRE layout (B ) . —RMS,
layout EX THEEEIR (40 warp 9 BI5E 5 151788 ) 53kETT
= (%5 6 1758 7 5UpYskEITER ) ZiERIMETx<HR ., Gluon B9
layout SIREF Linear Layouts, X2 OpenAl &BBRI—Ft
layout f£#. Linear Layouts EIZFHRIEXNEN T layout
IS, FHIRMHTIRIE layout T H, XEERTTESIFIE, a0
A IERAIEfRRY layout #ERLAR RMEIRTE swizzling .



In terms of Jalapefio’s programming model, each Gluon program maps to a persistent
thread. We believe this hints that Jalapefio suits the persistent kernel programming
pattern, where each program executes on multiple tiles, and the programmer, rather
than the hardware scheduler, assigns the work. OpenAl mentioned TensorInfo, an
abstraction that explicitly encodes layouts. This is likely the set of layouts designed
for Jalapefio, which will be powered by Linear Layouts. Finally, each core offers data
prefetching and decoupled out-of-order units. For example, a user might program a

wait on a prefetched data, which is locked behind a semaphore.

£ Jalapeno HRIEEEIAE, 84 Gluon EFMETEI—MFA
#%12 (persistent thread) . EiBARXEER Jalapeno &
FEAR% (persistent kernel ) FEEER, BIENMEFRESS
tile E17, BHEEFESMIFEGRAERERSELIE. OpenAl 1=2E!
¥ Tensorinfo, XR—MEXRBME (layout) IR . X
ReJgERi2 R Jalapeno igitRIBBEME, 18H Linear
Layouts IREESF. &Rie, B MOEMRMEIETREL

( prefetching ) FNREBAYELAFHITERIT. BIaN, AARPTLAIIFREN
HIBNEFFHITRE, ZFFELESE (semaphore ) HiE.

In a weird twist of fate, OpenAl models like GPT 5.6 Sol, which currently run on
NVIDIA GPUs, have been used to design a chip that poses a real threat to the CUDA

moat - NVIDIA’s own GPUs are helping usher in their potential successor in real

time.

nizRYEREEIRETF, OpenAl BYtEE! (41 GPT 5.6 Sol ) HEl
Z177E NVIDIA GPU L, #EAKiRIT—FT CUDA 1R

FEIISEREERAYE F——NVIDIA BZRAY GPU IEfESERIRhH#EHE
TEHEERIZIR

Comparing across time, we can also see Jalapefio’s developmental pace, achieving

more than 2x throughput improvements at certain interactivities in less than 2 weeks.

Each tarball we get from the Jalapefio team has a world of wonders inside.

MBSEIEEXLE, EiIREETLIER Jalapeno BIFETE: &
ZmEAR, EEFEXEMH (interactivity ) KFETFEIERFHE
I 2 &%, BEAIM Jalapeno HIPAZZIFE—* tarball, EEEB
mE— 1 YR,



Output Token Throughput per All in ty MW vs. Interactivity

GB300: 2.12kW VR200: 3.3kW MI300X: 1.39kW

VR200 NVL72 (July) - 2026-08-22

Jalapenia (Teacup) - 2026-08-22

Source: OpenAl, SemiAnalysis

3kiE: OpenAl. SemiAnalysis

Not only did kernel performance improve, in the span of 8 days, the Jalapefio team
enabled TP32, building on the previous TP8 configs and expanding beyond a single
system to get a full rack-scale config running on a large model. This is a really

impressive pace of development.

MY AIZIEREB R, € 8 KAJiEA, Jalapeno BIRATESLHI

TPS8 EcERVEA FSTM Y TP32, HERBPE—RFZIRE, EXE
B i@ T ST BAINEES (rack-scale) BLB ., X—FFREEH
SHOPNZIE-F 8



Output Token Throughput per All in Uti MW vs. Interactivity

: 212kW VR200: 3.3kW MI300X: 1.39kW

Source: OpenAl, SemiAnalysis

3kiE: OpenAl. SemiAnalysis

To validate performance before committing to real hardware runs, OpenAl also has a
simulator “chilisim” accurate to within 5% of measured hardware, using a fixed-
width trace bus. Tracing on A0 was limited but has improved substantially on BO,
likely with inputs from actual runs on AO silicon. Engineers have demoed the Codex
CLI running an internal model, nicknamed “Raiku” or “5.3 Codex Spark™, at 1.2ms

TPOT.

AT ERNEEEETRIEIERE, OpenAl EHET —/3
73 “chilisim” B9tEHIZE, HBEESSTUEHRET 5%LIA, F
BEEZRE trace 2%, A0 &H LR trace BEHXBIR, {B7E BO
FEBEXIENE, RBagtEET AO EREIRETHIERMAN. T
EIMiIEiERT Codex CLIET—AEMER (BRFR “Raiku”
g% “5.3 Codex Spark” ) , TPOT X% 1.2 =&,

The team also showed off Codex-written demos running directly on the chip: Doom
at 36 FPS, an FP32 fluid-dynamics simulation, and a “Liquid Light” mouse-drag

visualization.

FIPAEERTH Codex RS . BiEECH LETHETRER:
Doom LA 36 FPS iz1T. — FP32 iiAshE, AR—
“Liquid Light” EBRfriERETMAEEE.
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Source: SemiAnalysis SemiAnaIysis

On the model side, OpenAl’s internal megakernel approach, nicknamed “gigakernel”,
is built around a single megakernel that loops on-device to reduce CPU overhead and
launch time. The team is also leaning further into test-time compute strategies, with

internal interest specifically in how to coherently use 1 million rollouts.

EEEE, OpenAl BEBRAR “megakernel” B3 ( IEREE
fr “gigakernel” ) EIBE—ERRZIEE, BEEREIHEBIF
HITRIHE CPU FFEFIBNIER . BIRMETEH—T A MKAT it
& (test-time compute ) KEEHIZAN, AEBAEFNEES
Hb{EFA 100 X rollout,

To Disagg or Not to Disagg, 'tis the Question
& (Disagg) , B2AERSA,

EAIIﬂEﬁ

We mentioned earlier that OpenAl is not using prefill decode disaggregation on these
chips. This came as a surprise to us, as NVIDIA and AMD GPU performance benefits

significantly from PDD, even on homogenous hardware. Let’s dig into why the



Jalapefio team went this way.

ARSI, OpenAl FREXL T R EXH prefill/decode
28 (PDD) . XikEAIBESES, EREMEEREREE L,
NVIDIA #1 AMD GPU BItgethge M\ PDD FEZES i, THEHE
IIRFENFIT—T Jalapeno FlPAJITiEiRiX R .

Prefill-decode disaggregation (PDD) looks attractive when the workload is frozen.
Prefill and decode stress hardware differently, so assigning each phase to a separately
tuned pool can improve efficiency at one chosen input/output ratio. Production traffic,
however, does not stay at that ratio. Input and output sequence lengths, concurrency,
cache-hit rates, speculative-acceptance rates, and latency targets all move throughout

the day.

STERBEEARTEN, FURZR-#iE##E (PDD) MEIKRSIA,
FUEZEF IR R EDHEARR, ELESEM RS BRI
REYRIREE, TLAEE—EEREMAN AL FREAEER. 2

M, EFREHASERFEZILE . MAFEERIIKE. H4&
E. EFahR. RIESZSRUNMLERR, #SeE—XPREE
&,

Once devices are divided into prefill and decode pools, too much prefill demand
leaves decode chips idle while requests queue. But too much decode demand does the
opposite. The operator must continuously predict the right split, provision spare

capacity on both sides, and rebalance a system whose ideal ratio is always moving.

—BEig& ko AmES (prefill) #6783 (decode ) &FilEith,
FERSKISH, BRCRSRE, MaKRINEHR; k2, @&
BEXRISHNBERER . BEHYRFEFTNIERIFD G,
ERNMBRRAE, HAMEHREE— MR EIAEETRIN
5%,

In a unified system, some resources may be underused during a particular phase, but
every device remains available to serve the next request. In a disaggregated system,
an entire chip can sit idle simply because it belongs to the wrong pool. Local

utilization looks better, but global utilization can be bad.

TER—R%5H, FESFEEEEMRITENARE, BE81RE(
AJBEE RS T F—1iEK, MEFERRETR, BHCHURERINE
AEARTFERNEREMANE. SEFIAREURY, E2BFA
ZAJEERE .
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Disaggregation also breaks locality. The prefill worker produces a large KV cache
that the decode worker immediately needs, so the system must transfer that state
across the network before generation can continue. That adds bandwidth
consumption, synchronization, queueing, and another failure domain. The cost also
rises with input sequence length because KV cache grows. However, avoiding the
movement of KVs is largely a power and latency optimization; being willing to move
some KVs around can allow for increased hardware utilization at the expense of

some power and per-request latency.

RRAESRADIE R 7 BEBtE . FilEZE (prefill) TG REFEXE
KV &7F, mf#3 (decode ) TF W mEEZBMERXLER,
Bt R G A S Pk s 2 B iE RIS . XIBINTHE
HFE. FEFH. HBAEIR, HSIATHREIEE . Y, BF
KV £FRBARIIKERK, BXBEABEZ EFH. AT, &%
KV EBERAEE LR—MINESEENW; aRESEBais
KV, NafEifitt—E i RIS RERRIRIRT, REESHE
HFRIRZ,
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A fungible fleet shifts capacity between latency-sensitive requests and throughput-
oriented batches, while a fixed split strands hardware whenever the traffic mix
changes. Moreover, context length changes the balance between attention and FFN

work, making any fixed hardware ratio efficient only near its design point.

A RERAENE DB AR EERSF L S OB IE 26
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The same constraint applies to speculative decoding. A draft model has to feed
candidate tokens to the verifier with extremely low latency. Separating the two across
specialized pools turns a tightly coupled decoding loop into a distributed protocol.
The extra communication and coordination can consume the latency saved by
drafting. Keeping both models on the same devices and low-latency fabric preserves

the locality that makes speculation worthwhile in the first place.

RHNLIERBIER TS ( speculative decoding) - &
RIRBN MR RIEIR @IEIESS ( verifier ) 12{RiE token. 1§
MENEIFEANERRREP, SIEXERSHIRIESRERITRERD
UMY, ESMYBESHEFE s ERERE R ERIEE
B, BAMEERIBEESFRELEREME L, AeRSHEERE
(locality ) , MIXIERRIEBZRLABMBERIEIR

Orm:le_-hea.vy Desi gn point Draft "heo.vy

Droft / fast path
Droft / Post path
Fungible fleet =
one shared device Pml Oracle / batehesl

verifier = Orocle / batehed
verifier

Fixed-rotio fleet
separate droft + oracle
pools

Source: SemiAnalysis SemiAnaIysis

However, disaggregation can still win where demand is sufficiently large, stable, and
predictable, particularly when conventional GPUs need large phase-specific batches

to reach good throughput. But it is not free lunch.

AT, EHEREBEX. REBTTTNIBERT, £E
(disaggregation ) BgEREE, LERZHESR GPU FEXHL
2. PMERIIAA EAZIRIFEIHER . BXHIERENTE.

From Japanese to Indian (Mild to
Spicy): Katsu, Vindaloo, and Chana -
How are the curry dishes put



together into a rack system?

MBDZUENER ( MRS

# ) : Katsu. Vindaloo 5
Chana——iXLEMIIESE man{o 2
BHZERSE?

The Jalapefio System at the rack unit level consists of a CPU host rack and an ASIC

rack. The host rack houses 16 host CPU trays named “Katsu,” each corresponding to
one of the 16 ASIC trays, named “Vindaloo,” to the right of the Katsu. Each host
houses two Turin-class AMD EPYC CPUs with 1.5TB of DRAM, 2x E1.S, and 2x
M.2 SSDs per rack. Each tray is also specced with 400G (2x200G) frontend
networking. Each Katsu tray connects to each Vindaloo tray via 8 external PCle DAC
cables that run horizontally across the rack at the front. The system level design is

done in partnership with Celestica.

Jalapeno RZAENZRERTTERBE CPU 45250 ASIC 122
(R, ENMZEERM 16 12 H “Katsu” BIEHN CPU B8, &
MEEXNAM 16 18 B “Vindaloo” B ASIC E&2z—. &
BEHNEEME Turin & AMD EPYC CPU, Ei& 1.5TB
DRAM. 2x E1.S #12x M.2 SSD (#8#2R) . 81 EEERED
400G (2x200G) giimM%E . 81 Katsu 621813 8 1RIMB
PCle DAC &858 Vindaloo Fo#iEhEs, XLaEy 2280
2Bk FHEE . RARKigitS Celestica S1E5=R -

The ASIC rack consists of 16 Vindaloo trays and 8 scale up switch trays (6 for local +
2 for global), named “Chana.” Each Vindaloo tray consists of 8 Jalapefio ASICs,
making up a total of 128 Jalapefio ASICs per rack. The ASICs are connected to each
of the Chana switch trays via a copper cable backplane, just like that of Nvidia’s
Oberon. The scale up topology is split into a local domain of 128 ASICs within the
rack and a global domain connecting up to 16 racks or 2,048 ASICs. We will explain
the bandwidth and the topology in more detail below.

iZ ASIC #1%2H 16 1 Vindaloo $££7#0 8 4" scale—up 3
£ (6 METFEH, 21BTFLBE) Ak, B8N

“Chana” . 1 Vindaloo 1££82% 8 4 Jalapeno ASIC,
EtEMNEEHEE 128 4 Jalapeno ASIC, ASIC @i SiE45E
RiEEZEIS1 Chana Z#HiERE, X5 NVIDIA 89 Oberon 3
{tlo Scale—up #hIM3HNERA 128 1 ASIC BIAIELE, LAKE
IZRZ 16 MM258E 2,048 4 ASIC 9Bl . HINSETXE
AR T B IFRFNEN



Power provisioning to a sidecar host rack draws roughly 50kW provisioned (31kW in
production), and the ASIC rack draws 130kW, making the total two rack system
roughly 160kW. That’s basically a double-wide GB300 rack in terms of power draw.

--------------------------------------------------------------------------------------------------------------

MZEENA SRR EL% 50kW ( SEFREFINE 31KW) |
T ASIC HZ2Ih5E 59 130kW, EHEANRHERFBIFEL R
160kW. BEIDFEMS, XEA HESF— I GB300 Hlg2.

______________________________________________________________________________________________________________

OAIl Jalapeno System (CPU + ASIC Rack)
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___________________________________________________

OpenAl can connect up to 2,048 Jalapefio XPUs within a single scale-up network.
The scale-up network consists of two domains, a local domain connecting all 128
XPUs over backplane within the rack, as well as a global domain connecting 2,048
XPUs over 16 racks using a hybrid of copper and optical interconnect. Each rack
consists of 8 Chana switch trays. Six Chana switches in the middle are for the local
domain, which come with one 102.4T Tomahawk 6 switch ASIC each. Two Chana
switches at the top and bottom of the local switches are for the global domain, which

we think could consist of 2x 102.4T Tomahawk 6 switches making up to 204.8T per



switch tray.

OpenAl IJEEA scale—-up MERIEERS 2,048 1
Jalapeno XPU, i% scale—up MEHEMAMEAR: AitbisiaEid
NZEABIREESEE 128 N XPU; 2BENIET 16 MNZE. X
IS5 ESRA B RiEE 2,048 I XPU., B1ME2EEE 8
4 Chana %Z#3E8 . i 6 4 Chana g AFAitbls, &
MEE—E1 102.4T Tomahawk 6 3 ASIC, AHZZHRALIR
2BFNEEPRYAA Chana g ATFEREE, EiVALHEDIEER 2
1 102.4T Tomahawk 6 3Ri&4HRE, B XIBETERSANE
204.8T,

In the local domain, each of the 128 Jalapefio chips has a per XPU uni-directional
bandwidth of 4.8Tb/s and is connected on an all-to-all basis to 6x 102.4Tb/s
Tomahawk 6 ASICs. This would amount to 48-differential pair (DP) male and female
connector pairs per XPU translating to a total of 6,144DPs worth of passive copper

cables per rack used for local scale-up.

fEAMIE (local domain) B, 128 Ei Jalapeno & FHHEIE
—m9E&ES XPU 4.8Tb/s BIR@EE, FHLA2HE (all-to-
all) 5IUEEZ 6 £1102.4Tb/s Tomahawk 6 ASIC, X834
F8A XPU hL 48 WEHDES (DP) 28iEE:E, SitESil
ZR{EF 6,144 33 DP MUERiE4 AT At scale—up HEX,

For the global domain, 16 racks totaling 2,048 XPUs are connected together via a
combination of copper backplane, electrical 204.8T TH6 switch, 1.6T transceivers,
and optical circuit switch. Each XPU has a uni-directional bandwidth of 1.6Tb/s for
the global link, which is 16-differential pair (DP) male and female connector pairs
per XPU for the backplane between the XPU and the global switch. Bandwidth
exiting each global switch tray of 2 ASICs each is split between the backplane and

front panel optics.

=23t (global domain) #, 16 M5t 2,048 Fi XPU

BEiZiEER. BIES 204.8T THO6 35 1.6T S &ZERE

&3z (optical circuit switch ) B&EEt, 88 XPU 92

B TSR~ 1.6Tbh/s, Bl XPU 52B3RiZ aS1RT 5

8 XPU 16 WEDMES (DP) ~BiEESE . 81/2RTIRNITE
(& 2 #1 ASIC) M OFRESIRSEIREERZESE .

Between local domain and global domain, backplane connector count per rack comes

up to 64 DPs per XPU and a total of 8,192 DPs worth of passive copper cables per



rack.

AR SEiR2E, S VRNERERRNEIAEIE XPU 64
1 DP, £#1%&1t 8,192 4~ DP HEiRE RS

The global domain adopts a rail-only architecture consisting of 8-rails across the
global domain. We think OpenAl routes optical links in the global domain via Optical
Circuit Switches (OCS) installed in every rack. For every XPU, 1.6Tb/s of global
bandwidth will travel to the global switch tray over the copper backplane. This then
exits the switch through the front panel via 1.6T transceivers, which go to the passive
optical switch before exiting the rack. This expands the scale-up world size to 2,048
XPUs combining 16 racks of 128 XPUs each.

SIHRAZE rail 2819, BA2EHE 8 & rail. FfiJIAJ9 OpenAl
BTSN RP LRI (OCS) REHSIHCHER
81 XPU 89 1.6Th/s £igw S B AERIEMESIHITIEIE
£, EREEREE 1.6T J¥assnt, EAXEZIENE
BHNZE, X1§ scale—up tHFRMUE BE 2,048 ™ XPU, H
16 IMIZRERE, B4R 128 4~ XPU,

Source: SemiAnalysis SemiAnaIysis

Because scale-up networking is only about 10% of total system cost, that flexibility
buys valuable optionality for future 10-20 trillion parameter models or 2—4 million
token context windows. On deployment, OpenAl is partnering with neoclouds and is
gathering reliability data with datacenter partners through January while optimizing

dock-to-rack rollout time.

BT scale-up MEZNEERZHEALY 10%, XFREETIHKFE
10 - 20 B{Z&&iE R, 2 - 4 B token L FXEHORKET=E
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28 (dock-to-rack ) RIEBEATIE



What's Next 3 FEETA

Next, we talk about the future of Jalapefio, whose first production token is coming
soon. The next goal is I00MW, and the hurdles will mostly be hardware: How much
can they produce, how well can they deploy and operate datacenters, how do they
handle monitoring, and resiliency, etc. The software is already proven, and with
internal models, every software headstart is easily caught up to. Behind the paywall
we will discuss implications for NVIDIA, AMD, Cerebras, and other chip companies

who have signed deals with OpenAl in the coming years.

ETEREAIKR Jalapeno BIFREK, EFNEFE token BISHE
H. T—1 B2 100MW, FEEISEPEEEER: =68
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We also cover production volumes, units, and timelines for the next generation chip

in our Accelerator model here.

EAIEARNAY Accelerator i2BIHRBEE T FT—RCHEFE.
mERtEZ,

Direct Implications for NVIDIA, AMD and
Cerebras...
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