DPRPruning

This is just the beginning of something big.




Abstract

Large language models (LLMs) deliver impres-
sive results but face challenges from increasing
model sizes and computational costs. Struc-
tured pruning reduces model size and speeds
up inference but often causes uneven degra-
dation across domains, leading to biased per-
formance. To address this, we propose DR-
Pruning, a method that dynamically adjusts the
data distribution during training to restore bal-
anced performance across heterogeneous and
multi-tasking data. Experiments in monolin-
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Background

Structured Pruning(7 X T2 L4)
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Background

Structured Pruning(7 X T2 L4)

Structured vs Unstructured
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Background

Structured Pruning(7 X T2 L4)

Structured vs Unstructured
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Background

Structured Pruning(1 XX T £4))

(Xia et al., 2024). For each granularity 2z, pruning
masks Z = {z' | z' € RY} are learned to deter-
mine whether substructures are pruned or retained,
where :; = () indicates pruning of the 7-th substruc-
ture. Pruning is applied at various granularities,
including transformer layers, hidden dimensions,
attention heads, and FFN intermediate dimensions.
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Background

Structured Pruning(7 X T2 L4)
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straints with the language modeling loss of the
pruned model, jointly optimizing the model param-
eters # and pruning masks z, with z typically uses
a higher learning rate. After pruning, the highest-
scoring components are retained.



Background

Distributionally Robust Optimization

minimize sup E ). [l(X,y;0)).
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Distributionally Robust Optimization
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Background

Distributionally Robust Optimization
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DPRPruning Method

Integrate DRO into pruning and continued pre-

o
training. During training, we use DRO to dynam-
ically adjust the data ratio to improve the model’s
robustness and convergence speed. Specifically, to .
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Figure 1: Data proportion update procedure for DRPruning. The gray part represents the standard training process,
the yellow part represents the normal process for DRO, and the blue part represents our newly added module.
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DPRPruning Method

To stabilize DRO training and prevent domains « DRO SI&ES cl>_|-I°-I§|.'5|.:l_' 2210| 2l =H|o10]| 71=X|0f| 2}
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Zhou et al., 2021). This reference loss establishes
the minimum acceptable performance for a do-
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Minimum performance estimation. To address Minimum performance estimation
this, we predict the model’s loss at the end of train- g - ol=
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DPRPruning Method

Minimum performance estimation
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DPRPruning Method

Reference loss adjustment. Subsequently, we Reference loss adjustment
set the reference loss using the predicted minimum e O] OZEl XA MS2 M2l £X 242 MH
performance. In our preliminary experiments, this SICE A2 J12817| Qo) Re|= X2z &tx
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to assign higher weights to these domains, thereby
promoting faster model convergence.



DPRPruning Method

3.3 Dynamic Potential Distribution

Sagawa et al. (2019) consider robustness to arbi-
trary subpopulations, which is overly conservative
and degenerates into training only on the highest-
loss domain. To address this 1ssue, Zhou et al.
(2021) propose a more reasonable assumption by
restricting @ in Eqn. 2 to an f-divergence ball
(Csiszar, 1967) around a reference data ratio pp.
This yields promising results, better ensuring do-
main balance (Jiao et al., 2022). Formally,

Q={q:x’(qa,pPr) < p}. (5)

However, this assumption can be too restrictive,
necessitating a carefully chosen reference data ra-
tio pr. An unreasonable choice may reduce the
model’s robustness to distributional shifts.
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DPRPruning Method

Reference data ratio adjustment. To address
this, we propose a method that combines the
strengths of the aforementioned approaches. We
still employ Eqn. 5 to constrain the distribution
within a limited range, while gradually shifting the
reference data ratio towards domains with higher
losses to improve the model’s robustness to more
challenging distributions. To ensure adequate train-
ing across all traversed potential distributions, we
gradually update the reference ratio.
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Reference data ratio adjustment
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Experiments

4 Experiments

Model. Llama2-7B model (Touvron et al., s
oy =
2023b) 1s used as the base model. We employ the oM7L} =[] [} = S et 4 EA71
same target architecture as Sheared Llama for struc- DPRPruningO|E|'E method= &ie}7} EICHH M2 X0]
tured pruning to ensure a fair comparison. We com- Alsiolgln € £ QAR

pare our method, 1.e., DRPruning, to strong open-
source models of similar sizes, including Pythia-
1.4B and 2.8B (Biderman et al., 2023) andDShEHrEd 1 2|0l| = O W E B Al 2|l 22 Z
Llama-1.3B and 2.7B. Additionally, we reproduce 7t ARSLICL.

Sheared Llama, using the same data settings to

control for other variables (ReSheared). Further

details are provided in Appendix A.l.
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Results

Model CC C4 GitHub Book Wiki ArXiv StackExchange Average
Constant 35.00  40.00 88.00 4775 21.75 82.00 72.50 55.29
ﬁ Sheared Llama 21.75 26.00 93.75 3350 2050  38.50 56.30 42.79
=  ReSheared 30.50 30.25 89.25 32.00 23.00 81.00 47.50 47.64
DRPruning 44.00 51.50 94.75 48.00 33.50 86.50 90.00 64.04
s Sheared Llama 8125 8950 9550  96.50 89.25  90.50 82.75 89.32
i ReSheared 61.75 60.25 96.00  73.00 8050 93.75 92.00 79.61
DRPruning 82.25 77.75 99.00 86.75 87.50 79.50 89.25 86.00

Table 5: Domain-level results under the benchmark we generated. The abbreviations of tasks refer to the evaluation

of seven domains used for training in RedPajama.



