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Existing methods and shortcomings
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Figure 2. Execution time of a VLM (Siglip + Llama-3.2 1b) with
different combination of frozen status using pipeline paral- ESZ%[I .jj 1_L§$D /ZF 9&/‘? 'FE';EE'/JEjJ ll_.\-l«-|_%:§ﬂfl

lelism on 4 NVIDIA A40 GPUs. The number of microbatch is
64. Optimal iteration time is computed based on the minimum
pipeline bubble ratio [57].
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(a) Causal attention in LLM can easily be distributed in a balanced
way using by assigning i-th and (2 X c¢p_size — 1 — i)-th chunks to the
i-th rank.
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(b) Distributing MLLM attention patterns in the same way as in causal
attention distribution is imbalanced.

Figure 3. Balanced context parallelism optimized for LLMs. It
is not applicable to MLLMs.
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Cornstarch

Input: Modality encoders E, .. ., E,€E,LLML,
Total number of GPUs G
Output: Parallelization configuration Cr,, for LLM L,
Cgy, for modality encoders E

1 N « #nodes from G, T « dict () *?('L‘EH'J 1£45 DE:L.\ GPU FHERVIE R, WA 3 R IR LA

ornen N o1do LU H Encoder, BURANALALA Encoder, 7 AEiLEER K
3 ‘ Crn < LLM parallel configuration with n nodes é& E’\J “7|($% ﬁ(&m” E§/J \, ﬁuigﬂﬁjto
4 for Cy, do

> Step 2: Parallelize modality encoders to have similar

per-stage execution time as 7, with N — n nodes

5 trn < Max per-stage execution time of Cy,,
6 Cgpn < EncoderParallel(E, ty,, N —n) \ . . .
7 Cecn < EncoderColocated(E, ty,, N — n) BI _(B”Wf lff(Lf) 1S False else 0)

> Select the modality parallelism that has better . .
thronghput +(Bgy if p(L;) is True else 0)

8 Cen < Cgpp if tput (Cepn + Crn) >
tput (Cpen + Cra) else Cecn

> A set of (Cpp, Cgp) is a MLLM parallelization
configuration for Cp,
9 T[(Cprn, Cgn)] < tput(Crp + Cgn)

10 return argmax(T)

Algorithm 1: Model parallelization algorithm.
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(a) Model parallelization with two different types of modality paral-

lelism and pipeline parallelism.
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(b) 1F1B pipeline schedule of an MLLM in Figure 4a using encoder-
parallel modality parallelism and pipeline parallelism. Encoder-
coloated modality parallelism + pipeline parallelism is omitted as
it is the same as the existing chain-like pipeline parallelism.

Figure 4. Parallelization of an MLLM with two modality en-
coders and an LLM using different modality parallelism.
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Figure 5. An example of computing kis. We view the MLLM as
a set of multiple sequential pipelines, each of which includes
one modality encoder and the LLM. Note that this view is only
Sfor computing kip. The actual pipeline schedule is graph-like
as in Figure 4b.
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(a) Causal attention in LLM can easily be distributed in a balanced

way using by assigning i-th and (2 X cp_size—1-i)-th chunks to the (a) Inter-GPU workload balancing. Tokens are distributed across GPUs.
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Figure 3. Balanced context parallelism optimized for LLMs. It

is not applicable to MLLMs. (b) Intra-GPU workload balancing. Each token has at most 8 blocks to
compute. These blocks are partitioned into subblocks of up to 2 blocks
each, creating at most 4 subblocks per token that are scheduled to CUs.



Evaluation
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(c) MLLMs with large LLM.

Figure 8. End-to-end performance comparison of Cornstarch
and baselines with various model configurations.

Table 2. Model forward and backward execution time break-
down parallelized with and without frozen status awareness.

Frozen Per-Stage Per-Stage Iter Imbr
Model Fwd (ms) Bwd (ms) o pr:
Aware Time  (X)
| Enc  LLM | Enc LM | (s)
- v 301.61 149.40 | 1.04 51843 | 21.81 1.18x
X 207.13 296.25 | 0.86 1032.63 | 25.67 -
v 903.86  102.61 | 2.72 346.54 | 4034 1.02x
MMS
X 63556 297.62 | 1.19 103212 | 41.21 .
LIS v 124050 29837 | 1.41 102998 | 66.14 1.00x
X 1259.13  297.92 | 1.15 1030.14 | 66.20 -
St v 464.98 331.43 | 3.53 3017.01 | 66.56 1.11x
X 388.33 388.73 | 2.30  4030.74 | 73.94 -
v 233090 27389 | 209 241827 | 7037 2.46x
MMM
X 712.72 1159.76 | 1.60 12113.67 | 173.01 .
LIM v | 219991  376.11 | 415 402322 | 87.43 2.03x
1."
X 1140397 1161.76 | 1.56 12109.73 | 177.39 -
- v 773.10  741.17 | 3.55 6309.11 | 138.45 1.00x
- X 77419  708.62 | 3.84 6306.18 | 137.62 =
v/ | 228058 70573 | 3.11  6311.23 | 138.97 1.30x
MML
X 11015.60 1154.85 | 2.78 10546.34 | 180.28 -
LIL v | 5316.08 736.05 | 400 631546 | 143.76 1.72x
X 1159736 1686.28 | 3.06 1587858 | 247.79 -
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Table 3. Execution time of a single attention layer and entire 0
LLM with 64k sequence length using various context paral-

(a) Causal context parallelism.

lelization policies.

Z
P
Time (ms) Causa]  IterGPU  Intra-GPU %
(Impr. (x)) Cp Balance Balance  Cornstarch 3
Only Only
Attn 243.44 255.59 225.73 204.95 (b) Inter-GPU balanced only context parallelism.
LLM-S (-) (0.95x) (1.08x) (1.19x) - 100 -
Model 5541.25 5665.77 5250.40 4856.60 "g _
) (0.98%) (1.06%) (1.14x) S
460.13 487.44 440.86 417.31 0
Attn 0
LLM-M (-) (0.94x) (1.04x) (1.10x)
Model “aatal 23389.74 23712.89 22815.79 (¢) Intra-GPU balanced only context parallelism.
() (0.97x) (1.03x) (1.08x) 5 100
Attn 568.18 610.67 558.56 551.60 %g:
LLM-L -) (0.93%) (1.02%) (1.03x) a5
Model 77378.44 79671.34 75055.69 74864.71 @] 0
) (0.97x) (1.03x) (1.03x)

(d) Cornstarch context parallelism.

Figure 9. CU activity analysis with various context paral-
lelization policies running a single attention layer of LLM-L.
Each line represents one GPU.
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Figure 10. Execution time of MLLMs parallelized with two
different modality parallelism.



Orchestrate Multimodal Data with Batch Post-Balancing to Accelerate
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