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Customizing LLMs using Public Fine-Tuning APIs

[1] h&ps://docs.together.ai/docs/fine-tuning-quickstart

# together-style fine-tuning API
from together import Together
client = Together(api_key=API_KEY)
# upload dataset
train_file = client.files.upload(

“coqa_prepared_train.jsonl”,
purpose=“fine-tune”)

# create task
ft_task = client.fine_tuning.create(

training_file=train_file.id,
model=“meta-llama/Meta-Llama-8B”,
n_epochs=3,
batch_size=64,
lora=True)

User-level task crea@on 
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Inefficiencies of PEFT Workloads
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✕ Zero-bubble pipeline
Backbone has no weight gradient in PEFT☹
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Why IntuiBve Approaches are Inefficient?

Coarse-grained spa.al 
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ac1va1on (4.3GB)

Memory bo)leneck
Cannot scale to larger models…

☹

Inter-task interference☹
Lack of fine-grained operator control…
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Excessive batching inflates compute 
latency, inducing larger stalls…

Padding wastes computa>on☹
Different datasets by batched tasks…

Temporal mul.plexing 
and overlapping

SEll share a 
single backbone

PP0

PP1

Timeline

microbatch Stalls are overlapped
Taking pipeline as an example…

No padding needed

Intra-OP u>liza>on not improved ☹
PEFT has limited input size…
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Temporal mul@plexing Spa@al mul@plexing
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Operator-level: 
Mul,-task orchestra,on

Data-level: 
Mi,ga,ng ineffec,ve tokens

Intra-stage 
parallelism

Operator-level control

Overlap comm.

Inter-stage 
parallelism

Minimize bubbles

Low complexity

Zero inter-task padding

High efficiency

C2. Stall-free 
execu.on

Two-)ered schedule…

Fine-grained 
coordina)on…

Low overhead…

C3. Data 
alignment

Naïve batching or 
seq packing ✕



System Design Overview
MuxTune: An efficient mul@-task PEFT system as the backend of fine-tuning APIs, by mul,plexing 

the shared backbone in a spa,al-temporal manner to enhance resource efficiency.

GPU GPU
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Dispatch tasks
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· LLaMA7B
· 4×A100

…

Manage
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Fine-tuning PlaGorm & APIs
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Fine-tuning Instance
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(§3.2)

Data
Alignment
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Offline Profiling

User Datasets Time

Phase 0: Model Genera.on

Phase 1: Task Fusion 

Phase 2: Operator Orchestra.on

Phase 3: Data Alignment

• Handling on-the-fly task arrivals
• Modularizing PEFT workflows

• Hybrid task as spaEal-temporal abstracEon
• Cost model + DP to op>mize fusing tradeoff

• DisaggregaEng into two Eers
• Structured pipeline, subgraph scheduling 

• Slicing per-task sequences into chunks
• Chunk-based alignment 



Sharing Backbone across Tasks

PEFT modulariza,on

Input

Output Trainable
Frozen

• BaseOp: an operator of backbone

• Adapter: PEFT algorithm

• Dispatch: prepares mulD-task inputs 

• Aggregate: merges output tensors



class LLMBackbone:
def __init__(self, peft_cls, *cfg):

self.qkv = PEFTLinear(peft_cls, *cfg)

class PEFTLinear(nn.Linear):
def __init__(self, peft_cls, *cfg):

self.adapter = peft_cls(*cfg)
def forward(self, x):

nn.Linear.__init__(*cfg)

base_out = self.weight(x)
# BaseOp

# Adapter
adapter_out = self.adapter(base_out)

...
def forward(self, x):

qkv_out = self.qkv(x)
# Other non-BaseOp layers...

# with adapter

(a) Sta%c nested adapter implementa%on

Sta$cally a)ached

# Nested wrap✕

✕

Sharing Backbone across Tasks

PEFT modulariza,on User interface comparison

Input

Output Trainable
Frozen

• BaseOp: an operator of backbone

• Adapter: PEFT algorithm

• Dispatch: prepares mulD-task inputs 

• Aggregate: merges output tensors



class LLMBackbone:
def __init__(self, peft_cls, *cfg):

self.qkv = PEFTLinear(peft_cls, *cfg)

class PEFTLinear(nn.Linear):
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# BaseOp

# Adapter
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...
def forward(self, x):

qkv_out = self.qkv(x)
# Other non-BaseOp layers...

# with adapter

(a) Sta%c nested adapter implementa%on

Sta$cally a)ached

# Nested wrap✕

✕

(b) On-the-fly adapter a.achment

class LLMBackbone:
def __init__(self, *cfg):

self.qkv = nn.Linear(*cfg)

# Original LLM class

...
def forward(self, x):

qkv_out = self.qkv(x) # with adapter
# Other non-BaseOp layers...

def register_tasks(llm, tasks: List[..]):
# On-the-fly task registry to backbone
for task in tasks:
for t_op in task.target:
base_op = get_llm_op(llm, t_op)
adapter = get_decouple_adapter(task)
register_one_peft_hook(
base_op, adapter, 
dispatch_rule=task.dispatch, 
aggregate_rule=task.aggregate) 

Dynamically
a)ached

✓

✓

Sharing Backbone across Tasks

PEFT modulariza,on User interface comparison

NOTE: Tasks are isolated for (1) runDme errors (e.g., seman1c error), 
(2) forward + backward computaDon (i.e., convergence guarantee)!

Input

Output Trainable
Frozen

• BaseOp: an operator of backbone

• Adapter: PEFT algorithm

• Dispatch: prepares mulD-task inputs 

• Aggregate: merges output tensors



SpaBal-Temporal Fusing Tasks

Spa,al-temporal tradeoff

(a) Temporal Mul,plexing

(b) Spa,al Mul,plexing (with unsaturated GPU)

(c) Spa,al Mul,plexing (with saturated GPU)

a.1 b.1

a.1 a.1

a.1

b.1 b.1

b.1a.2

a.2 a.2

a.2b.2

b.2 b.2

b.2

Timeline

Stage 1

Stage 2

ab.1

ab.1

ab.2

ab.1

ab.1

ab.2 ab.2

ab.2Stage 1

Stage 2

forward

backward

Stallsab.1 ab.2

ab.1 ab.2ab.1

ab.1

ab.2

ab.2

Timeline

Stage 1

Stage 2

U"liza"on(70%)

50ms 50ms

60ms ≪ a.1 + b.1

95ms ≈ a.1 + b.1

☺

☹

Latency

Op>on 1: Temporal mulEplexing
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Interleave all task microbatches, be)er w. high u1l.

Batch as one microbatch across tasks, be)er w. low u1l.
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PEFT tasks ×8
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Batched Interleaved

How to fuse?

Cost modeling

Dynamic programming algorithm

For hTaski,j = batch[ti, ti+1,…, tj], stage s

(stage latency) lats
i,j = ∑t ∑op lat(base_op) +  ∑t ∑op lat(adapter) 

(end-to-end latency) e2e_lati,j = 2∑s lats
i,j +  2#mb maxs lats

i,j

F(m, n): min e2e latency of packing first m tasks into n hTasks

(transiDon eqn) F(m, n) = minn-1≤i≤m F(i, n-1) + e2e_lati+1,m / S



OrchestraBng Operators of Hybrid Tasks

Hybrid tasks ×4Disaggrega(ng 
tasks as two %ers

bucket 1 bucket 2

min load variance

Tasks within the same bucket
Intra-stage orchestra.on

Inter-stage orchestra.on
Different buckets

Group into 
buckets



GEMM

LayerNorm
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AllReduce

GEMM

Dropout

LoRA
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(a) Sequen9al execu9on order
Timeline

Stream1

Stream2

(b) Subgraph-level execu2on order (Ours)  
Timeline
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2 2
1 2 32 3
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Different buckets

Scheduling subgraphs of hTasks:

Group into 
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• ConsecuDve computaDon operators are clustered
• CommunicaDon operators are appended
• Adapters are isolated
• Assign subgraph priority by topo depth → interleaved
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1. Maintain a priority queue to track zero in-degree 

subgraphs in each DAG
2. IteraDvely pop the subgraph with longest latency
3. Enqueue new zero in-degree ones
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(i.e., micro-batch scheduling)

• Equal fwd/bwd latency for the same stage  
Interleave fwd/bwd to minimize bubbles
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(OpEmality analysis)

Computa>on homogeneity:

Structured pipeline template: 

• Consistent microbatch shapes across iteraDons
Pipeline template, no costly per-iter searching

(i.e., micro-batch scheduling)

• Equal fwd/bwd latency for the same stage  
Interleave fwd/bwd to minimize bubbles

1. Sort buckets by latency in descending order
2. Consecu1ve microbatches of the same bucket
3. Early launching microbatches in memory limits

For 1F1B-like pipeline, near-opDmal execuDon    
⇔ mi1ga1ng internal bubbles of the last stage! 



Aligning Data for a Hybrid Task

(a) Zero-pad to max length (b) Pack sequences (c) Chunk-based alignment

Few pads ✔ Efficiency ✘
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Why common strategies cannot apply?

Zero-pad a microbatch’s sequences to 
a unified maximum length

Strategy 1: Zero-padding Strategy 2: Packing

Non-semanDc tokens waste compute 
and memory resources

Pack a micro-batch’s sequences into 
a longer sequence

Wasted a&enDon computaDon across 
sequences due to a&enDon mask
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Non-semanDc tokens waste compute 
and memory resources

Pack a micro-batch’s sequences into 
a longer sequence

Wasted a&enDon computaDon across 
sequences due to a&enDon mask

Our solu>on: chunk-based alignment

1. For each task, adap1vely pack a global 
batch’s sequences into longer ones;

2. Uniformly par11on into equal-sized 
chunks. Sca&er long sequences across 
chunks with KV cache reuse.

Key idea: Adjust intra-chunk task ra1o 
to balance sequence length difference, 

without ahen1on waste.
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Our solu>on: chunk-based alignment

1. For each task, adap1vely pack a global 
batch’s sequences into longer ones;

2. Uniformly par11on into equal-sized 
chunks. Sca&er long sequences across 
chunks with KV cache reuse.
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to balance sequence length difference, 
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End-to-End Experiments

System throughput 
across input sizes,
backbone types,

and hardware

+1.05× ~ +2.33×
throughput
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AblaBon Studies

Computa>on fusion improves GPU uElizaEon, 
communica>on overlapping reduces device stalls, 
chunk-based alignment miEgates ineffecEve tokens

Efficiency of operator orchestraEon
Device stalls are efficiently overlapped

EffecEveness of data alignment
Chunk-based alignment improves effec1ve throughput

MuxTune (w/o TF)NeMo MuxTune (w/o CA)MuxTune (w/o OO) MuxTune

(a) 2 tasks, 4 micro-batches, SST2+QA

Th
r. 

(K
 to

ke
ns

/s
)

-42.5% -36.1% -30.3% -22.5%
0.0%

0
2
4
6
8

10

-35.7%

-6.2%
-25.1%

-34.3%

0.0%

0
2
4
6
8

10

(b) 4 tasks, 8 micro-batches, QA+RTE

(b) Ours (4 tasks, no overlap) (c) Ours (4 tasks, overlap)(a) NeMo (1 task)

0 10 20 30 40
Time (ms)

U
=l

iza
=o

n 
(%

)

0
25
50
75

100
0

25
50
75

100

Non-overlap

0 20 40 60 80 100 140120
Time (ms)

0
25
50
75

100
0

25
50
75

100

Non-overlap

160 0 20 40 60 80 100 140120
Time (ms)

0
25
50
75

100
0

25
50
75

100

Overlap

GPU u=l.
NVLink u=l.

(a) Workload-A (SST2 + QA)

1 2 3 4 5 6 7 8
0

2

4

6

 T
hr

. (
K 

to
ke

ns
/s

)

The number of tasks 

ZeroPad MuxTune MuxTune-EZeroPad-E

1
0 T

hr
. (

K 
to

ke
ns

/s
)

2

4

2 3 4 5 6 7 8
The number of tasks 

6

intra-chunk padding
Overlapped as no

(b) Workload-B (SST2 + RTE)



Thank you!

Summary:
• MuxTune mul$plexes the LLM backbone across independent tasks in a spa$al-

temporal manner to improve resource efficiency. 
• MuxTune improves parameter-efficient fine-tuning (PEFT) throughput by 2.33×, 

and reduces memory footprint by 5.29×.

Contact: dicardo@sjtu.edu.cn


