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Multi-Layer Perceptron (MLP) is one of the most commonly deployed Deep Neural Network, representing 61%

of the workload in Google data-centers [1]. MLPs have low arithmetic intensity which results in memory PI‘OCGSSIng Core ACt|Vat|On Plpellne FPGA Pal‘am eterS

bottlenecks. To the best of our knowledge, the Google Tensor Processing Unit (TPU) [1] is currently the state- _ _ _ - _ Table 1 TRIP Debl b d FPGA P

of-the-art implementation of MLP inference. TPU addresses the memory bound by processing multiple test « Implemented with up to 8192 — 8bit integer multipliers in a M x N 2D array * Max value of result vector used to truncated 32 bit result to 8 bits * Table 1 lists the FPGA utilization summary for different ani€ & eployment base arameters

vectors simultaneously to increase operations per weight byte loaded from DRAM. However, inference typically . Both DSP and ALM multipliers are employed « Max value search performed as a series of local maxima searches deployment configurations Configuration INEY DSP (blOCk) BRAM

has hard response time deadlines and prefers latency over throughput [2]. As a result, waiting for sufficient _ o . . : L : —— - All designs implement 10 DSP based MAC units MB

input vectors to get good performance is not feasible. In this work, we designed a TeraOps/s Reconfigurable * Each slice of M multipliers has an adder tree to evaluate scalar product Short plp?“nés with Iogar|thm|c comp.JIexn.y © .reduce inter-layer latency . 8192 multiliers f d-alone/cl 4 4096 multiol (MB)

Inference Processor (TRIP) for MLPs on FPGAs that alleviates the memory bound by storing all weights on- and is supplied weights by an independent Weight Memory module * ReLU activation done using MUXs with sign bit as select or O mué'f lers for stan -da one/cluster, an multipliers | Stand-Alone 313,294 (73%) | 1280 (84%) 4.0 (60%) 207
ch@p and ensures perf_ormance IS invariant of input _batch si_ze. For Iarge databases that cannot directly fit on » Application specific values of M and N to maximize useful OPs  Internal buffer used to accumulate and store partial sums or Zpen c.o--prc.)cessor esigns _ Co-Processor 250,710 (59%) 1280 (84%) 4.3 (65%) 201
chip, Deep Compression [3] relaxes memory footprint requirements with no effect on accuracy. TRIP can be * Resource utilization for Co-Processor includes OpenCL

deployed as a standalone device directly connected to data acquisition devices, as a co-processor where input wrapper logic Cluster 314,794 (74%) | 1280 (84%) 4.0 (60%) 206

vectors are supplied through OpenCL wrappers from the host machine, as well as in a cluster configuration

VEVYAYZIT: » Cluster resource usage includes transceiver and router logic
where on-chip transceivers can communicate between FPGAs. By comparison, TPU can only be used in a co-

| M x 8bit Dot Product 1 (DSP Based) « \WM1

processor configuration. Our design achieved 3.0 TeraOps/s and 1.49 TeraOps/s on Altera Arria 10 for Stand- o = M x 8bit Dot Product 2 (DSP Based) @ \WM 2
Alone/Cluster and Co-Processor configurations respectively, making it the fastest real-time inference processor = I.I 3 = Perfo rmance
for MLPs. oa) o ®
- om parator O : o
3 = M x 8bit Dot Product X (DSP Based) = ECP-Candle input batch size =1 Table 2:
° i “—-—-—- O  Performance values in Table 2 are the best case from TL ECP-Candle Perf c ' tor Sinale | Ve
IVI U Itl Layer Pe rce ptron g = M x 8bit Dot Product X+1 (LUT Based) % and CGT results -andie Ferformance L.omparison for singie input vector
O — « GPU: cuBLAS MVM and custom activation kernel : Useful | Performance
: : - Inference Architecture M,N Speedup
* Fully connected layers of neurons Output I.I.I_I Activation « Stratix 10: 4x more ALM multipliers, 4 more DSP scalar Op (%) | (TeraOps/s)
« Layer inputs are non-linear functions of the sum Layer -' M x 8Dbit Dot Product N (LUT Based) MUX product slices and 2x operating frequency NVIDIA K80 - - 0.02 1x
of scaled neuron outputs of the previous layer /)/" ""' "' N x 32bit Vector - TPU: p_erformance estimated based on memory bandwidth — P — - e o
- Typically asymmetric logical configuration ‘r‘t". Activation & Re-Quantization constraints , . .
« Performance has higher dependency on intra- ) : « Input vector access latency is ignored for our estimations TRIP Arria 10 CoProc 256,16 91 1.5 75X
layer operations \\égfs &Q// Hidden since it can be masked by computations :
«  Memory bound: no weight reuse for a test vector t y VS 1enNSor rvrocessi ng n |t i Vlzci)orrsers of magnitude faster than o single - e ratix 10 CoProc 5686 25 5t p—
» Inference can be performed in fixed point without ‘ ‘ . )
loss of accuracy S TRIP-TPU Inference Latency Bound Comparison « TRIP has better resource utilization (10% more useful ops) TRIP Stratix 10 Cluster 256,102 86 18.0 900x
\ ; - ’\ « TPU MLP implementation 1S memory bound due to slow Off'Chip 102 . . . due to Variable Processing Core dimensions
Our design uses 8 bit quantization and 32 Input MEemOory access : ]
bit activations Layer « By processing multiple test vectors simultaneously, Welght re- - TPU — CoProcessor Power Table 3: TRIP-TPU Power Comparison
use in TPU improves performance and the cost of inference v : : :
latency Z - (92 TeraOps/s Peak) Architecture Static Dynamic
[ [ 1
ArCh |t€Ctu = Ove rview «  We compare TPU and TRIP to determine the inference latency 93 10 & TPU - - 38-43W
bound needed by TPU to outperform our design o - -
. y P g . 'T : TRIP — CoProcessor TRIP CoProc 30W 2W 32W
« Designed for deployment in Stand-Alone, Coprocessor and Cluster configurations * The first generation of TPU has 64K MACs, 30GB/s off-chip ) I (1.64 TeraOps/s Peak)
. . bandwidth, and 700MHz operating frequency c
 Interface logic is deployment specific: GPIO for standalone, OpenCL wrappers for co-processor and _ _ o g 0
transceivers + router for cluster « TRIP is deployed with 8192 multipliers for stand-alone/cluster, € 10 3 E
_ _ _ _ _ _ and 4096 multipliers for co-processor designs. Operating -2 u TRIP = StandAl cl
« Core input buffer contains a FIFO for incoming test vectors and a buffer to store intermediate results frequency is 200MHz 9 - — StandAlone/Cluster « To the best of our knowledge, TRIP is the only TeraOps/s MLP inference engine for small input batch sizes
* Processing Core contains multiple quantized MAC units for performing scalar products . Input data fetch latency is assumed to be negligible - (3.4 TeraOps/s Peak)  TRIP’s deployment versatility and low power consumption makes it an ideal candidate for a numerous applications and configurations
* Weights are supplied from on-chip BRAM . From the figure, we estimate that TRIP outperforms TPU for 1T+ Rl AR SN PP - Use of OpenCL reduces co-processor integration effort in legacy codes (TPU can only run with Tensorflow)
* Activation and Re-Quantization module applies ReLU activation and converts 32 bit results into 8 bit input batch sizes of less than 53 test vectors 10° 10" 10° 10° - Cluster configuration enables larger models to be evaluated by distributing layers to multiple devices
« The control state machine parameters are initialized at configuration time. No external instructions Arithmetic Intensity - Ops/Weight Byte « TRIP's reconfigurability allows hardware to adapt to the applications, maximizing utilizing of available compute resources

are required
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EC P CAN D LE B h m k « Adding support for sparse matrixes will enable larger datasets to be stored on-chip through Deep Compression
- e n C a r * For extremely large datasets, multi FPGA implementations can be used to provide the required capacity. Data transfer between FPGAs will be chip-chip.

« TRIP is not constrained to a certain number of quantized bits. Based on the application, the size of weights can be reduced to further increase the size of

 We have used the ECP-Candle-P3B1 Tumor Laterality (TL) and Clinical Grade of Tumors (CGT) benchmarks to test our system Processing Core without significantly impacting accuracy
* The MLP model is composed of four layers with 400 input neurons. Number of output neurons are 2 for TL and 4 for CGT « Since TRIP implemented using Off-The-Shelf FPGAs, new technology can be employed by changing design parameters and compiling for the new device(as
« Hidden layer dimensions are (400,1200), (1200,1200), (1200,1200) and (1200,2 or 4) respectively. Weights and biases are trained offline and quantized to 8 bits opposed to spinning new silicon for ASICs)

« Quantization with truncation has an error of 0.98% for TL and 1.8% for CGT with respect to floating point implementations
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