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ABSTRACT

Due to the substantial scale of Large Language Models (LLMs), the direct ap-
plication of conventional compression methodologies proves impractical. The
computational demands associated with even minimal gradient updates present
challenges, particularly on consumer-grade hardware. This paper introduces an
innovative approach for the parametric and practical compression of LLMs based
on reduced order modelling, which entails low-rank decomposition within the fea-
ture space and re-parameterization in the weight space. Notably, this compression
technique operates in a layer-wise manner, obviating the need for a GPU device
and enabling the compression of billion-scale models within stringent constraints
of both memory and time. Our method represents a significant advancement in
model compression by leveraging matrix decomposition, demonstrating superior
efficacy compared to the prevailing state-of-the-art structured pruning method.

1 INTRODUCTION

Recent advances in generative modeling have led to a notable increase in the construction of large
language models (LLMs), some of which consist of hundreds of billions of parameters. Despite
their commendable accuracy, the associated computational demands are considerable, particularly
in terms of GPU memory for inference. In practical applications, there is a growing need to compress
these models while minimizing the accompanying performance degradation.

Promising approaches to compress LLMs include pruning (Frantar & Alistarhl 2023} [Sun et al.,
2023; Ma et all 2023)), quantization (Frantar et al., [2022; Dettmers et al., [2023)) and knowledge
distillation (Wu et al.l 2023} |Gu et al., 2023). Current LLM quantization methods require spe-
cific hardware-level support and are not able to reduce MACs and speed up inference time due to
expensive quant-dequant operations in LLMs. Knowledge distillation has been shown to perform
well in a training-aware fashion on standard deep learning models. However, the massive com-
putational resources needed for distillation limits the applicability of such approaches. Recently,
(Ma et al.,|2023)) presented a structured pruning approach designed for LLMs. While this approach
is capable of pruning the LLMs with no need for fine-tuning, the drop in performance is significant,
and clearly there is a need to explore further in this direction. Moreover, the pruning strategy is not
universal and significant effort is needed per neural architecture to identify the prunable structures.

In this paper, we present a novel, practical and training-free approach to model compression which
is specifically for large models including LLMs. Referred further as LLM-ROM, our approach per-
forms localized reduced order modelling of the latent features through low-rank decomposition in
the feature space and re-parameterization in the weight space. Since LLM-ROM operates layerwise,
it does not require any massive model updates and can be executed on small GPU/CPU resources.
The simplicity of LLM-ROM facilitates the compression of billion-scale models within stringent
constraints of both memory and time. Our early experiments demonstrate that LLM-ROM outper-
forms existing approaches and can compress LLMs without any fine-tuning.
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2 METHOD

LLM-ROM builds reduced-order model (ROM) layerwise, and for a model with L layers, the de-
composition of the latent feature maps is done in a sequential manner using a calibration data
X € RB*4 where B and d; denote the batch-size and number of input channels, respectively.
For the i layer, denoted as L; with weights W; € R%*% where d, denotes the output channels,
we compute the feature map Y; = W;X; € RB>42, Following this, the principal components of
Y, are then computed through eigenvalue decomposition of the symmetric covariance matrix of Y;.
These components can be represented as V; € R? V j € [1,ds], and the principal component
matrix can be represented as V € R92%92_with each row denoting a principal component arranged
in the descending order of their eigenvalue.

Depending upon the target rank of the layer, we select only the top r principal components ranked
by their respective eigenvalues. Thus, we index V, = V|1 — r :] € R"¥92, Thus, the ROM of
this layer can be denoted as Y; = VfVTWj, X;. Upon re-parameterization into low-rank matrices,
W, = VZ € R2X" and Wy = V, W, € R™¥% | the layer can be decomposed into a sequential
combination of two smaller linear layers with weights W;; and W, respectively. We consider
the ROM of the previous layer to generate inputs for the next layer so that the next layers have
prior information of the error introduced in the previous layers for decomposition. Note that the
ROM operations are performed on CPU with no requirement for a GPU, and the computational cost
associated with it is very small. Details are presented in Appendix [C]

3 EXPERIMENTS

To evaluate the performance of the model in a task-agnostic setting, we employ LLaMA’s (Tou-
vron et al.,|2023) assessment methodology, performing zero shot task classification across common
sense reasoning datasets, including BoolQ (Clark et al.| | 2019), PIQA (Bisk et al.,[2020), HellaSwag
(Zellers et al.l [2019), WinoGrande (Sakaguchi et al., 2021), ARC-easy (Clark et al., 2018), and
ARC-challenge (Clark et al.,|2018). We use a batch-size of 512 for the calibration data (Appendix
[A.3) from the training splits of the aforementioned datasets, ensuring no data leakage, and set a
maximum sequence length of 128. We adopt uniform compression rate across layers during the
decomposition process, commencing from a specific layer and bypassing the preceding layers to
achieve the overall target compression. Further details on the estimation of layerwise ranks can
be found in the Appendix. We set target compression rates of 80%, and 50% and compare with
LLM-Prune with and without fine-tuning in Table

Our LLM-ROM method consistently outperforms LLM-Pruner at 80% and 50% compression with-
out any fine-tuning. It is noteworthy that at 80% budget our method even outperforms fine-tuned
LLM-Pruner model, signifying that ROM is able to better extract smaller neural structures and
weights from larger counterparts without any gradient updates on the extracted weights.

Method Finetune #Params #MACs BoolQ PIQA HellaSwag WinoGrande ARC-e ARC-c Average
LLaMA-7B - 6.7B 423.93G  76.5 79.8 76.1 70.1 72.8 47.6 70.5
LLM-Pruner X 5.4B 339.60G 594 75.6 65.3 61.3 59.2 37.1 59.7
LLM-Pruner v 5.4B 339.60G  69.5 76.4 68.1 65.1 63.4 37.9 63.4
LLM-ROM X 5.4B 339.99G 745 73.8 66.6 68.1 67.2 39.8 65.0
LLM-Pruner X 3.4B 206.59G 523 59.6 35.6 532 335 27.2 43.6
LLM-Pruner v 3.4B 206.59G  60.3 69.3 47.1 53.4 46.0 29.2 50.9
LLM-ROM X 3.5B 215.61G  62.0 62.5 353 57.7 393 27.6 474

Table 1: Comprehensive comparison of our method with LLM-Pruner on LLaMA-7B model.
4 CONCLUSION

In this paper we presented a new direction for LLM compression leveraging reduced order modeling
of the latent features. Based on the concept of identifying the finite set of most useful latent feature
modes, LLM-ROM is capable of compressing LLMs without the need for any fine-tuning. With
no requirement of a GPU during the compression process, LLM-ROM can be efficiently run on a
simple CPU machine. Moreover, unlike pruning, LLM-ROM is very generic and does not require
manual interference for different model architectures. Based on the presented results, we hope to
have paved way for a novel approach to design compressed LLMs in a resource-efficient manner.

"We pick the best performing pruning method from LLM-Pruner i.e. Block Pruning.
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A HYPERPARAMETERS

A.1 LAYERWISE RANK COMPUTATION

The LLaMA-7B (Touvron et al.,2023) model which we use for our experiments consists of 32 iden-
tical decoder modules (these modules comprise >96% of the total model parameters), each of which
consists of seven decomposable weight matrices. Our initial studies showcased that setting a uniform
budget for all the modules from the very beginning of the model lead to a significant deterioration in
model performance, for this reason we restrict the application of our compression process to a subset
of modules. Further, decomposition of the layers of a module introduces errors in the outputs of that
layer which get compounded as we move forward in the network, to minimize this we only compress
modules towards the end of the model. Based on these heuristics we perform experiments compress-
ing varying number of modules from the end depending on the budget that we need to satisfy for the
entire model. The specific number of modules to be compressed is determined empirically for each
budget. For instance, to achieve an overall budget of 80%, we conducted experiments compressing
only the last 8 modules uniformly with a budget of 0.20, the last 12 modules with a budget of 0.46,
and the last 16 modules with a budget of 0.60. Our findings indicated that compressing the last 12
modules yielded the most favorable results for 80% budget. Similar experiments for 90% and 50%
budget yield the best results when we compress the last 8 modules with a budget of 0.60 and the
last 24 modules with a budget of 0.33 respectively, the results of which are listed in Table I} Each
module is originally composed of 4 weight matrices W; € R4096x409 from the self attention block
and 3 weight matrices W; € R1096x11008 from the feed-forward network (although one of these is
transposed, it does not change the computed rank). At the end of compression each weight matrix
in the self-attention block is decomposed into two low rank weight matrices W;; € R4096x" and
Wy € R7*409 with - = 1228, 954 and 675 and the weight matrices in the feed-forward network
are decomposed into W;; € R*09>" and W, € R™* M08 with r = 1791, 1373, and 985 for
the three module budget settings of 60%, 46% and 33% corresponding to overall model budget of
90%, 80% and 50% respectively.

A.2 EFFECT OF BATCH SI1ZE AND SEQUENCE LENGTH

The eigenvalue decomposition of the covariance matrix and the subsequent selection of the principal
components require a computation of the outputs of that layer. The batch used to compute this out-
put is a key factor that can influence the generalizability of the layers obtained after decomposition.
Principal components computed on a larger sample size will exhibit closer alignment with those of
the true distribution. To corroborate this hypothesis, we conducted experiments along two orthog-
onal directions: one by solely varying the batch-size, and the other with the variation of sequence
length, the results for the same are presented in Table[2]and 3] respectively.

Batch Size BoolQ PIQA HellaSwag WinoGrande ARC-e ARC-c Average

512 74.5 73.8 66.6 68.1 67.2 39.8 65.0
128 72.6 72.4 63.2 66.3 61.1 37.7 62.2
32 70.2 68.4 58.7 67.2 55.7 35.7 59.3

Table 2: Effect of batch size on model performance at a sequence length 128.

Seq. Length BoolQ PIQA HellaSwag WinoGrande ARC-e ARC-c Average

128 74.5 73.8 66.6 68.1 67.2 39.8 65.0
64 66.6 74.4 65.7 67.6 65.4 40.1 63.3
32 66.2 73.4 65.1 67.8 64.6 39.5 62.7

Table 3: Effect of sequence length on model performance at batch size 512.

From Tables [2] and [3]it is evident that a larger batch is beneficial and results in significantly better
model generalization and at the same time longer sequence length also aids in maintaining model
performance post compression.
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A.3 CHOICE OF CALIBRATION DATASET

Given that the activations of data from the calibration dataset are used to calculate the covariance
matrix, which is subsequently utilized for eigendecomposition, it is reasonable to infer that the
model’s performance is sensitive to the choice of this dataset. This inference is supported by our
findings in the conducted studies where we use three different datasets, namely ARC-challenge
(Clark et al., 2018)), BookCorpus(Zhu et al., |2015) and a combination of all the common sense task
prompts i.e each batch contains an equal number of samples from the six common sense reason-
ing tasks’ datasets used for benchmarking namely BoolQ (Clark et al.l 2019), PIQA (Bisk et al.,
2020), HellaSwag (Zellers et al., [2019), WinoGrande (Sakaguchi et al. 2021), ARC-easy (Clark
et al.,[2018), and ARC-challenge (Clark et al.|[2018) , as our calibration datasets at a budget of 80%
keeping other hyperparameters such as batch-size and sequence length constant. When creating the
calibration datasets we choose samples from a data split which is disjoint from the set upon which
evaluation is performed, ensuring there is no data leak. The results of these studies are compiled in
Table

Dataset BoolQ PIQA HellaSwag WinoGrande ARC-e ARC-c Average
Combination  74.5 73.8 66.6 68.1 67.2 39.8 65.0
ARC-c 64.6 72.5 63.8 67.0 67.8 40.9 62.8
Book Corpus  63.2 73.6 65.6 67.7 63.6 38.0 61.9

Table 4: Comparison of model performance with respect to choice of calibration dataset

The results presented above show the influence of the calibration dataset choice on model perfor-
mance. It is unsurprising that the dataset, which consists of the combination of all common sense
tasks used for benchmarking, exhibits the most favorable relative performance.

B COMPUTATIONAL COST

We conduct ROM of LLaMA-7B (Touvron et al.,[2023)) on a CPU server with 128 GB RAM and 48-
core/96-thread processor. Our current implementation loads the complete model at once; however, it
is trivial to perform ROM layerwise and hence can be done in under 10 GB of peak RAM given that
only inputs and weights of current layer are loaded and processed into the memory. On an average
it takes 13 seconds to perform ROM of each layer of LLaMA-7B (Touvron et al.,2023)) which has a
total of 224 layers. Overall, it takes 15.8 minutes, 21.8 minutes and 28.9 minutes for 90%, 80% and
50% compression rates respectively.

C LIMITATIONS

One inherent limitation of the proposed method is uniform rank distribution across layers. Not all
layers contribute equally to model performance and a mechanism to identify the target rank of each
layer for a given model compression budget is needed. Since LLM-ROM uses calibration data for
performing reduced order modelling of features, out of domain performance may be impacted. For
example models compressed using natural language data may not perform very well on code tasks.
However this will require a thorough understanding and experimentation.
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