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JTIOJATOK A

[Iporpamuauii Ko peatizailii METOIY

VY 11poMy J0J1aTKy HaBEJEHO KIIIOYOBI (pparMeHTH MpOrpaMHOi peaizallii
3aMpONOHOBAHOIO METOAY NOOY0BH MOBHHUX MikpoMoesnel. [loBHui BuxigHuit
Ko opraHizoBanuil y Burisiai Python-makera micromodel 1 Hamiuye Giu3bKO
2500 psaKiB KOTY.

A.1 Peanizanis pyHKiii BTpaT TUCTHIISILIT
Jlictunr A.1 — Kom0iHoBaHa QyHKIIs BTpaT IUCTUIIALIL 3HAHB
import torch
import torch.nn.functional as F
class DistillationLoss:
# Combined distillation loss with QAT.
# L _total = alpha*L_ KL + beta*L. CE + gamma*L_feat +
delta*L_attn
def init (self, alpha=0.6, beta=0.2, gamma=0.15,
delta=0.05,
temperature=4.0):
self.alpha = alpha
self.beta = beta
self.gamma = gamma
self.delta = delta
self.T = temperature
def'kl loss(self, student logits, teacher logits):
# KL divergence with softmax temperature.
T =self.T
p_s =F.log softmax(student logits / T, dim=-1)
p_t = F.softmax(teacher logits / T, dim=-1)

return F.kl div(p_s, p_t, reduction="batchmean") * (T **



2)
def ce loss(self, student logits, labels):
return F.cross_entropy(

student logits.view(-1, student_logits.size(-1)),

labels.view(-1),
ignore index=-100
)
def feat loss(self, student hidden, teacher hidden,
projections):
# MSE between hidden states after projection.
loss =0.0
for h_s, h_t, proj in zip(student _hidden, teacher hidden,
projections):
h t proj = proj(h_t)
loss += F.mse loss(h s, h t proj)
return loss / len(student hidden)
def attn_loss(self, student attn, teacher attn, mapping):
# Align attention matrices between corresponding layers.
loss =0.0
forl s, 1 tin enumerate(mapping):
A s =student attn[l s]
A _t=teacher attn[l t]
if A s.size(1) != A t.size(1):
A t=A tmean(dim=1, keepdim=True).expand as(A s)
loss += F.mse loss(A s, A t)
return loss / len(mapping)
def call (self, student out, teacher out, labels,

projections, layer mapping):
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L KL =self.kl loss(student out.logits,

teacher out.logits)
L CE =self.ce loss(student_out.logits, labels)
L feat = self.feat loss(
student out.hidden_states, teacher out.hidden_states,
projections
)
L _attn = self.attn_loss(
student out.attentions, teacher out.attentions,
layer mapping
)
L total = (self.alpha * L KL + self.beta * L CE
+ self.gamma * LL_feat + self.delta * L_attn)
return L_total, {

'L KL L KL.item(),'L_CE" L_CE.item(),

'L feat": L feat.item(), 'L_attn": L attn.item()

A.2 Ominka BaXJIMBOCTI IIapiB 7151 IPYHIHTY
Jlictunr A.2 — O0uunciaeHHs BaXKJIMBOCTI IIapiB 32 KOTEPEHTHICTIO MPECTABIICHb
import torch
import torch.nn.functional as F
from tqdm import tqgdm
@torch.no_grad()
def compute layer importance(model, dataloader, device='cuda'):
# Estimate layer importance by average non-coherence of hidden
states.

#1(1) = 1 - mean(cos(h”(1), h*(I-1)))
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model.eval()
L = model.config.num_hidden layers
cum_cos = torch.zeros(L)
n_batches = 0
for batch in tqdm(dataloader, desc='ITmportance scoring'):
input_ids = batch['input _ids'].to(device)
attention_mask = batch.get(‘attention_mask', None)
outputs = model(
input_ids=input _ids,
attention_mask=attention _mask,
output hidden_states=True
)
hidden_ states = outputs.hidden_states # tuple, len = L+1
for | in range(L):
h prev = hidden_states[l].flatten(0, 1)
h_curr = hidden_states[1 + 1].flatten(0, 1)
cos = F.cosine similarity(h_curr, h_prev,
dim=-1).mean()
cum_cos[l] += cos.cpu()
n_batches +=1
mean cos = cum_cos / n_batches

importance = 1.0 - mean_cos

return importance
def select layers to keep(importance, target num layers):
L = importance.size(0)
if target num_layers >= L:
return list(range(L))

top_indices =
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importance.topk(target num_layers).indices.sort().values

return top_indices.tolist()

A.3 I'o710BHUM ITUKJI HABYAHHS
Jlictunr A.3 — T'onoBHU# 1k quctuiidiii 3 gradual quantization
def train_epoch(student, teacher, dataloader, optimizer,
scheduler,
loss_fn, projections, layer mapping, epoch,
total epochs,
tau warmup frac=0.3, device='cuda'):
# One distillation epoch with gradual ternary quantization.
student.train()
teacher.eval()
total steps = len(dataloader) * total epochs
tau warmup_steps = int(total steps * tau warmup frac)
running_loss = 0.0
for step, batch in enumerate(dataloader):
global step = epoch * len(dataloader) + step
# Update tau (gradual quantization)
tau = min(1.0, global step / max(1, tau warmup_steps))
for module in student.modules():
if isinstance(module, BitLinear):
module.set quantization level(tau)
input_ids = batch['input_ids'].to(device)
labels = batch['labels'].to(device)
with torch.no_grad():
teacher out = teacher(

input_1ds, output_hidden_states=True,



output attentions=True
)
student_out = student(
input_ids, output_hidden_states=True,
output_attentions=True
)
loss, components = loss_fn(
student_out, teacher out, labels,
projections, layer mapping
)
optimizer.zero_grad()
loss.backward()
torch.nn.utils.clip grad norm_(student.parameters(),
max_norm=1.0)
optimizer.step()
scheduler.step()
running_loss += loss.item()
if step % 100 == 0:
print(f[Epoch {epoch}, step {step}]
loss={loss.item():.4f} '
ftau={tau:.3f} L KL={components["L KL"]:.3f}")

return running_loss / len(dataloader)
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