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Figure 1: Overall framework of the proposed DiffKG model.
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Figure 3: The overall structure of the proposed PDRec.

Code:https://github.com/hulkima/PDRec
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Figure 3: The overview of the proposed Diffusion Augmentation for Sequential Recommendation (DiffuASR).
Code:https://github.com/liugidong07/DiffuASR
https://gitee.com/mindspore/models/tree/master/research/recommend/DiffuASR
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Code:https://github.com/WHUIR/DiffuRec
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Fig. 1. An overall illustration of social recommendation. The second column shows how traditional models treat this problem with
matrix representations of users’ two kinds of behaviors. In this paper, we try to model both the influence diffusion and interest
diffusion with graph representation of users’ two kinds of behaviors.
Code:https://github.com/PeilieSun/diffnet
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import n np

ABC, abstractmethod

ScheduleSampler(ABC):

process, intended t

UniformSampler(ScheduleSampler):
__init (self, num timesteps):
self.num timesteps = num timesteps
self. weights = np.ones([self.num timesteps])

perform unbiased importance sampling, in which the

mean is unchanged.

subclasses may override

weights(self):
return self. weights

@abstractmethod
F weights(self):

farray

sample(self, batch size, device):

step_sample.py

:param batch size: the number of timesteps

:param device: the torch device to save to.

rreturn:

w = self.weights()
p =w / np.sum{w)
indices_np = np.random.choice(len(p), size=(batch size,), p=p)
indices = th.from numpy(indices np).long().to(device)
weights np = 1 / (len(p) * p[indices np])

weights = th.from numpy(weights np).float().to(device)

return indices, weights
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LossAwareSampler(ScheduleSampler): @abstractmethod
- update with local losses(self, local ts, local losses): HER Tl BRI e R s ) e )
T : - - 5 z Update the reweighting using losses from a model.
56 Update the reweighting using losses from a model. : i 2
Sub-classes should override this method to update the reweighting
from each rank with a batch of timesteps and the using losses from the model.

losses for each of tho

1 perform

se timesteps.

ks with identi

]
behavior to maintain state across workers.

:param local ts: an intepe

:param local losses: a 1L
batch sizes = |
th.tensor([@], dtype=th.int32, device=local ts.device)
for  in range(dist.get world size())
]
dist.all gather(
batch sizes,
th.tensor([len(local ts)], dtype=th.int32, device=local ts.device),

batch sizes = [x.item() for x in batch sizes]
max bs = max(batch sizes)

timestep batches = [th.zeros(max bs).to(local ts) for bs in batch sizes]

loss batches = [th.zeros(max bs).to(local losses) for bs in batch sizes]

dist.all gather(timestep batches, local ts)

dist.all gather(loss batches, local losses) Step Sample.py

timesteps = [ -
x.item() for y, bs in zip(timestep batches, batch sizes) for x in y[:bs]

]

losses = [x.item() for y, bs in zip(loss_ batches, batch sizes) for x in y[:bs]]

self.update with all losses(timesteps, losses)
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s LossSecondMomentResampler(LossAwareSampler):
__init (self, num timesteps, history per term=1@, uniform prob=8.001):
self.num timesteps = num timesteps
selft.history per term = history per term
selt.uniform prob = uniform prob
self. loss history = np.zeros(
[self.num timesteps, history per term], dtype=np.float64

)

self. loss counts = np.zeros([self.num timesteps], dtype=np.int)

f weights(self):

it not self. warmed up(): Step_sample.py
return np.ones([self.num timesteps], dtype=np.floate64)

weights = np.sqrt(np.mean(self. loss history ** 2, axis=-1))
weights /= np.sum(weights)
weights *= 1 - self.uniform prob
weights += self.uniform prob / len(weights)
return weights

- update with all losses(self, ts, losses):
for t, loss in zip(ts, losses):
if self. loss counts[t] == self.history per term:

self. loss history[t, :-1] = self. loss history[t, 1:]
self. loss history[t, -1] = loss

else:
self. loss history[t, self. loss counts[t]] = loss
self. loss counts[t] += 1

lef warmed up(self):
return (self. loss counts == self.history per term).all()
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ss FixSampler(ScheduleSampler):
f init (self, num timesteps):
self.num timesteps = num timesteps

self. weights = np.concatenate([np.ones([num timesteps//2]), np.zeros([num timesteps//2]) + ©.5])

t weights(self):
return self. weights

- create named schedule sampler(name, num timesteps):

step_sample.py

ry of pre-defined sampl

raise NotImplementedError(f"unknown schedule samp
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T create named schedule sampler

diffurec.py

th.from numpy(arr).to(device=timesteps.device)[timesteps].float()

1ile len(res.shape) < len(broadcast shape):
res = res[..., Mone]
n res.expand(broadcast shape)
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r get named beta schedule(schedule name, num diffusion timesteps):

Get a pre-defined beta schedule for the given name.

The beta schedule library consists of beta schedules which remain similar in the limit of num diffusion timesteps. Beta schedules may be added,

if schedule name == "linear":

scale = 1000 / num diffusion timesteps

beta start = scale * 9.0801

beta end = scale * 8.82

return np.linspace(beta start, beta end, num diffusion timesteps, dtype=np.floated)

elif schedule name == "cosine":

return betas for alpha bar(num diffusion timesteps, lambda t: math.cos((t + ©.008) / 1.808 * math.pi [/ 2) ** 2,)
elif schedule name == ‘sqgrt’:

return betas for alpha bar(num diffusion timesteps,lambda t: 1-np.sqrt(t + e8.0001), )
elif schedule name == "trunc cos":

return betas for alpha bar left(num diffusion timesteps, lambda t: np.cos{((t + ©.1) / 1.1 * np.pi [/ 2) ** 2,)
elif schedule name == 'trunc lin’:

scale = 1000 / num diffusion timesteps

beta start = scale * 8.0001 + 9.091

beta end = scale * 8.92 + 0.01

if beta end > 1:

beta end = scale * 9.801 + 98.01

return np.linspace(beta start, beta end, num diffusion timesteps, dtype=np.floate4)
elif schedule name == "pw lin":

scale = 1008 / num diffusion timesteps

beta start = scale * 9.0001 + 8.01

beta mid = scale * 9.0001 '

beta end = scale * 8.82

first part = np.linspace(beta start, beta mid, 18, dtype=np.floate4)

second part = np.linspace(beta mid, beta end, num diffusion timesteps - 10 , dtype-np.ftloate4)

return np.concatenate([first part, second part])
else:

raise NotImplementedkrror(f"unknown beta schedule: {schedule name}")
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~f betas for alpha bar(num diffusion timesteps, alpha bar, max beta=08.999):

Create a beta schedule that discretizes the given alpha t bar function, which defines the cumulative product of (1-beta) over time from t = [8,
:param num diffusion timesteps: the number of betas to produce.

:param alpha bar: a lambda that takes an argument t from @ to 1 and produces the cumulative product of (1-beta) up to that part of the diffusi
:param max_beta: the maximum beta to use; use values lower than 1 to prevent singularities.

betas = []
for i in range(num diffusion timesteps):

t1 = i / num diffusion timesteps

t2 = (i + 1) / num diffusion timesteps

betas.append(min(1 - alpha bar(t2) / alpha bar(t1l), max beta))
return np.array(betas)

def betas for alpha bar left(num diffusion timesteps, alpha bar, max beta=08.999):

mwun

Create a beta schedule that discretizes the given alpha t bar function, but shifts towards left interval starting from @

which defines the cumulative product of (1-beta) over time from t = [6,1].

:param num_diffusion timesteps: the number of betas to produce.

:param alpha bar: a lambda that takes an argument t from © to 1 and
produces the cumulative product of (1-beta) up to that
part of the diffusion process.

:param max_beta: the maximum beta to use; use values lower than 1 to

prevent singularities.

betas = []
betas.append(min(1-alpha bar(e), max beta))
for i in range(num diffusion timesteps-1):

t1 = i / num diffusion timesteps

t2 = (i + 1) / num diffusion timesteps

betas.append(min(1 - alpha bar(t2) / alpha bar(t1), max beta))
return np.array(betas)
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is a number of steps to use the striding from the tlal ReCOmmendathIl Advanced Technique of
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DDIM paper.
:return: a set of diffusion steps from the original process to use.
if isinstance(section counts, str):
if section counts.startswith("ddim™):

desired count = int(section counts[len("ddim") :])
for i in range(1, num timesteps):
it len{range(@, num timesteps, 1)) == desired count:

return set{range(®, num timesteps, i))
raise ValueError(
f"cannot create exactly {num timesteps} steps with an integer stride”
)
section counts = [int(x) for x in section counts.split(”,")]

size per = num timesteps // len(section counts)
extra = num timesteps % len(section counts)
start idx = @

all steps = []
for i, section count in enumerate(section_ counts):

size = size per + (1 if i < extra else @)
it size < section count:

raise Valuekrror(

: f"cannot divide section of {size} steps into {section_count}" iﬂééﬂj4*iiﬁ%:
f section_count <= 1: httpS//glthUbCOfﬂ/WHUlR/DIfoRGC

frac stride = 1
frac_stride = (size - 1) / (section count - 1)
cur _idx = 6.0
taken steps = []
for _ in range(section count):
taken steps.append(start idx + round(cur idx))
cur_idx += frac_stride
all steps += taken steps
start idx += size
return set(all steps)

A diffurec.py
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self.diff = DiffuRec(hidden size=self.hidden size,
schedule sampler name='lossaware’,:
diffusion steps=32,
noise schedule="trunc lin",
rescale timesteps=True,
lambda uncertainty=6.001,
dropout=0.5,
num blocks=4)

f forward(self, item seq, item seq len,target=None, train_flag=False):
item emb = self.item embedding(item seq)

item_embeddings=self.dropout(item_emb) AN . . .
ok senr - (itemceaio) Floatl) ¥\ : [batch_size,seq_len,hiddensize]

I e el #iti: [batch_size,hiddensize]
tag emb = self.item embeddlng(target squeeze(-1)) ## | H #5 ' : o
rep diffu, rep item, weights, t = self.diff(item embeddings, tag_emb, mask _seq) iﬁﬁAjﬂ%ﬂﬁﬁ E]<J|tem[§]<]

Embedding([batch_size,seq_len,hiddensize]) VA
N FrZsembedding([batch_size,hiddensize]),
iﬁ])\*T/;’Z ek ,,_,j]l])\ %*T»Lﬁ’T/LE/JJ__Ezu/\’Tﬁn;’T%
B AENZRIEIIA,  ENB 48 BE AL AE
_. th. o JR MR o e AR 1) A Y AT L R T
noise x t = torch.randn like(item embeddings[:,-1,:],device=item seq.device) j{Eﬁ%ﬁf%igfuo

rep diffu = self.diff.reverse p sample(item embeddings, noise x t, mask seq)

HILSy L 1LEh rep uls, Sy rep Uls
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