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LSTM implementation

# Initialize hidden and cell states to zero. There will be one hidden
# and cell state for each input, so they will have shape of (N, H)

h® = torch.zeros(N, H, device=x.device)

c@® = torch.zeros(N, H, device=x.device)

# Define a list to store outputs. We will then stack them.
y = [l

ht_1 = ho
ct 1 = co
for t in range(T):
# LSTM update rule
# xh = torch.addmm(self.bias_xh, x[t], self.weight_xh)
# hh = torch.addmm(self.bias_hh, ht_1, self.weight_hh)
gates = x[t] @ self.weight_ih.t() + self.bias_ih + ht_1 @ self.weight_hh.t() + self.bias_hh
it, ft, gt, ot = gates.chunk(4, 1)
# add_res = xh + hh

it = torch.sigmoid(it)
ft = torch.sigmoid(ft)
gt = torch.tanh(gt)

ot = torch.sigmoid(ot)
ct = ft *x ct 1 + it % gt
ht = ot * torch.tanh(ct)

# Store output
y.append(ht)

# For the next iteration c(t-1) and h(t-1) will be current ct and ht
ct 1 = ct
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LSTM implementation

# Initialize hidden and cell states to zero. There will be one hidden
# and cell state for each input, so they will have shape of (N, H)

h® = torch.zeros(N, H, device=x.device)

c@0 = torch.zeros(N, H, device=x.device)

# Define a list to store outputs. We will then stack them.
y = [l

ht_1 = ho
ct 1 = co
for t in range(T):
# LSTM update rule
# xh = torch.addmm(self.bias_xh, x[t], self.weight_xh)
# hh = torch.addmm(self.bias_hh, ht_1, self.weight_hh)
gates = x[t] @ self.weight_ih.t() + self.bias_ih + ht_1 @ self.weight_hh.t() + self.bias_hh
it, ft, gt, ot = gates.chunk(4, 1)
# add_res = xh + hh

it = torch.sigmoid(it)

ft = torch.sigmoid(ft)

gt = torch.tanh(gt) . .

ot - torch.signoid(ot) —— Stack then sigmoid?
ct = ft *x ct 1 + it % gt

ht = ot * torch.tanh(ct)

# Store output
y.append(ht)

# For the next iteration c(t-1) and h(t-1) will be current ct and ht
ctil="ct

3
TUDelft ht_1 = ht



LSTM implementation

# Initialize hidden and cell states to zero. There will be one hidden
# and cell state for each input, so they will have shape of (N, H)

h® = torch.zeros(N, H, device=x.device)

c@® = torch.zeros(N, H, device=x.device)

# Define a list to store outputs. We will then stack them.
y =[]

ht_1 = ho
ct 1 co
for t in range(T):
# LSTM update rule
# xh = torch.addmm(self.bias_xh, x[t], self.weight_xh)
# hh = torch.addmm(self.bias_hh, ht_1, self.weight_hh)
gates = x[t] @ self.weight_ih.t() + self.bias_ih + ht_1 @ self.weight_hh.t() + self.bias_hh
it, ft, gt, ot = gates.chunk(4, 1)
# add _res = xh + hh

it = torch.sigmoid(it)

ft = torch.sigmoid(ft) ::::::::::::::=§§

gt = torch.tanh(gt) . .

ot = torch.sigmoid(ot) ~— StaCk then SlngId?
ct=ftxctls it gt Would that help?

ht = ot * torch.tanh(ct)

# Store output
y.append(ht)

# For the next iteration c(t-1) and h(t-1) will be current ct and ht
ctil = ct
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Are we doomed to timed benchmarks?
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Accelerator metrics!

~ GPU (0000:81:00.0 - NVIDIA Gel
~ GPU Metrics [10 kHz]

GPC Clock Frequency
SYS Clock Frequency
GR Active

» Compute in Flight

» Draw/Dispatch Start
SMs Active
SM Issue

» SM Warp Occupancy

» DRAM Bandwidth

» PCle Bandwidth
PCle Read Requests to BAR’
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Accelerator metrics!

for t in range(seqg_len):
|~ GPU (0000:81:00.0 - NVIDIA Gel

~ GPU Metrics [10 kHz] N xt =xl:, t, 2]
GPC Clock Frequency .95 GHz | combined = torch.cat((x_t, h_t), dim=1)
SYS Clock Frequency ...97 GHz : x
GR Actve o100 i gates = self.combined_layer(combined)
1 » Compute in Flight ..to 100% i_t , f_t , g_t , O_t - gates .chunk ( 4 5 d im=1)
- » Draw/DispatchStart ; : S
 SMsActive 10100% | i_t = torch.sigmoid(i_t)
SMlssue o100 —— f_t = torch.sigmoid(f_t)
-P*H—-m*_'
» SM Warp Occupancy - § g_t = torch.tanh(g_t)
0 - N e
» DRAM Bandwidth 20100% o | o_t = torch.sigmoid(o_t)
» PCle Bandwidth ..to 100% ct =T t%ect+1 %t % g t
PCle Read Requests to BAR - - - - s
PCle Write Requests to BAR’ - h_t = O_t * to rCh = tanh ( C_t )

outputs.append(h_t)
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Too many things to test...

- Model compilers: JIT, Cudagraphs, Inductor, TensorRT, MLIR...

- Batch sizes

- Input dimension order: batch first? Sequence length first?

- Precisions? (sparsity, quantisation...)

- Interchangeable operations: manual matmul, PyTorch “Linear layer”...
- Accelerator components & their interactions

- Distributed???
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ModelView: Get more details, with less noise
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ModelView: Get more details, with less noise

ParallelGRULayerv9
ParallelGRULayerv8
ParallelGRULayerv7
ParallelGRULayerv6
ParallelGRULayerv5
ParallelGRULayerv4
ParallelGRULayerv3
ParallelGRULayerv2
ParallelGRULayerv1l

ParallelGRULayer
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Maximum Throughput by Model and Setting

1.211e+06
2.621e+06
2.520e+06
2.527e+06
1.614e+06
1.511e+06
1.399e+06
8.254e+05
1.301e+06
8.715e+05
106 2 x 10° 3x10° 4 x 108

Throughput (vectors/sec)
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Thank you for listening!



