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Abstract—The recent jump in hardware requirements for state-of-the-art language models
have increased training and inference costs considerably. While methods such as Mixture-of-
Experts (MoE) address the network throughput decline they retain high memory consumption.
To alleviate the issue researches explored the possibility of replicating MoE results with layer
adapters such as LoRA using various ensembling schemes. However, the utilization of the
pre-trained LoRA adapters in the current approaches is limited as they are only considered
in static ensembles while the dynamic counterparts are designed to be trained from scratch.
We argue that dynamic LoRA ensembles can be obtained without additional fine-tuning by
leveraging the network inference statistics. We propose Unsupervised Dynamic LoRA Mixtures
(UDLM), a dynamic adapter ensembling method that translates pre-trained LoRA adapter
sets to equivalent MoE networks by accumulating adapter spatial statistics. Evaluation
on 6 abstractive summarization datasets in knowledge transfer setting demonstrates that
UDLM substantially outperforms best static ensembles having a 30% summarization quality
improvement while introducing only 35% increased latency.
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1. INTRODUCTION

Recent advances in language modeling has enabled creation of universal task-solvers such as
ChatGPT. However, the power of those models come not from architectural specificities or complex
training procedures but from the experimental scaling of model parameters and training data. Large
language models (LLM) contain billions of parameters that were tuned on terabytes of textual
data which gives them exceptional language comprehension abilities such as in-context learning or
multi-step reasoning. At the same time the scale of state-of-the-art LLMs imposes strict hardware
requirements and high inference costs which limits their applicability.

To cut the inference costs researchers [2, 3, 10| explored an alternative model scaling scheme,
Mixture-of-Experts [1] (MoE), that unlike traditional layer-stacking scaling, increases the model
capacity by ensembling layer feed-forward blocks (called experts) which enables better computation
parallelization and efficient parameter offloading. For instance, by exploiting the MoE scheme
Mixtral [2] LLM retains the network throughput of 13B model while having the capacity of 47B
parameters. To reduce the hardware memory requirements the researchers [7, 8] explored adapter-
tuning methods such as LoRA [6] and employed static adapter ensembling techniques [8, 11, 12| that
replicate the results of full MoE networks. While several works [9, 17, 18, 30] considered applying
LoRA for training a memory-efficient MoE models to our best knowledge there are none investigating
the possibility of unsupervised dynamic ensembling of the pre-trained LoRA task adapters.

To address the lack of adapter-based MoE plug-and-play approaches we propose Unsupervised
Dynamic LoRA Mixtures (UDLM), a dynamic ensembling method that translates pre-trained LoRA
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2 D. I. CHERNYSHEV

adapter sets to equivalent MoE network. Unlike previous ensembling approaches our method
doesn’t rely on any tuning procedures and instead is initialized by accumulating the adapter
inference statistics which enables inference-time ad-hoc corrections. Evaluation on 6 summarization
datasets demonstrates that UDLM significantly outperforms best static LoRA ensembling methods
achieving up-to 30% and 5.4% average ROUGE improvements for knowledge transfer and knowledge
boosting settings respectively. Performance benchmark proves UDLM compatible with low-resource

environments having only 20% increase in peak memory usage and 35% higher latency over the
regular LoRA.

2. RELATED WORK

Low Rank adapter ensembling have been studied for both static (Model Soup) and dynamic
(Mixture-of-Experts) settings. Chronopoulou et al. [11] proposed applying the original Model
Soup [12] method directly to LoRA [6] models for GPT-2 [19] ad-hoc domain adaptation by averaging
(uniformly) and merging the pre-trained adapters with highest similarity to the target domain.
Evaluation on 10 datasets demonstrated that adapter soup approach has much higher efficiency
than single best adapter especially on domains that have the lowest similarity to the training set.
The approach was further refined by Huang et al. [8] in LoraHub method which employs gradient-
free adapter weight optimization scheme to maximize the efficiency of model-adapter merging for
downstream tasks. By fine-tuning the adapter merging weights LoraHub ensembles managed to
match the quality of dedicated task-tuned LoRA adapters, thus demonstrating the viability of
LoRA ensembling in low-resource environment. A gradient-based adapter weight optimization was
explored by Lv et al. [13], however they found that non-gradient methods such as linear programming
have better efficiency and robustness.

Another line of work utilized parameter arithmetic [14] approach to compose LoRA models with
desired traits. Zhang et al. [15] showed that applying parameter arithmetic operations directly to
LoRA adapters can improve domain understanding, increase model universality and reduce the data-
induced bias such as toxicity. By negating the adapters trained on toxic content authors managed
to reduce the toxicity scores of GPT-2 [19] model tenfold while keeping the language perplexity
loss marginal. Similarly, Chronopoulou et al [16] showed that applying parameter arithmetic over
language-tuned LoRA adapters can improve single-language downstream task performance of the
merged model as well as enables cross-lingual knowledge transfer, which during evaluation on multi-
lingual news summarization outperformed traditional fine-tuning for low-resource languages.

Wang et al. [9] proposed a hybrid approach, AdaMix, that leverages Mixture-of-Expert scheme
for LoRA joint multi-adapter training and then merges the trained adapters in Model Soup fashion.
Benchmark of BERT [20] and GPT-2 [19] training methods showed that AdaMix outperforms
other parameter-efficient tuning schemes including LoRA. Ponti et al. [17] refined the approach for
layer-wise merging by additionally learning adapter merging weights for each task separately. Full
token-level Mixture-of-Expert for LoRA large language model training was tested by Dou et al. [1§]
and was shown to achieve significant improvement over base model fine-tuning on world knowledge
benchmarks.

3. METHODOLOGY

Unsupervised Dynamic LoRA Mixtures (UDLM) can be conceptualized as a modification of
Mixture-of-Expert (MoE) network where experts are decomposed through LoRA and gating function
is defined as adapter semantic similarity search. In this section we first provide an overview of the
base components and then describe the details of our unsupervised MoE initialization strategy.

3.1. Mixture-of-Experts

Mixture-of-Experts (MoE) [1] is a neural network scaling approach that preserves the layer-wise
depth of the original architecture by replacing the feed-forward blocks with feed-forward ensembles
(denoted as experts) in existing layers. While there are many implementations of MoE mechanism
[5] recent state-of-the-art large language models |2, 3, 10] follow sparse MoE architecture [4] that
aims to retain the original network throughput by limiting the maximum number of active Experts
in each layer.
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IMPROVING ABSTRACTIVE SUMMARIZATION WITH UDLM 3

Formally, let N be the duplication factor and {Ey, Es, ..., Ex} € RénXdout the feed-forward expert
blocks. Let G : R%» — RN be the gating function that assigns weights g; > 0 to each expert E;

output and ||g|| = 1. For the layer input h € R™*dn (network hidden state) of the original feed-
forward block the output of corresponding MoE expansion is defined as:

N
MoE(h) = gi - hE; (1)
=1

To limit the number of active experts F; and thus save the computational costs the gating vector
g is sparsified by masking the non-essential components. The most popular variant [2] of G is

implemented by taking the softmax over the Top-K logits of a router matrix Wg € R%n*N.
g = G(h) = Softmax(TopK (h - Wg))

where (TopK (x)); := x; if ; is among the top-K coordinates of logits z € RY and (T'opK (x))i :=
—oo otherwise.

Essentially the K hyperparameter of TopK controls the number of non-zero elements in vector
g and thus the number of hF; calculations needed. If one increases N while keeping K fixed, one
can increase the model’s parameter count while keeping its computational cost effectively constant.
Another benefit of Sparse MoE is that Expert output calculations can be parallelized thus allowing
to maintain the original model performance even for higher K values.

3.2. Low-Rank Adaptation

Low-rank adaptation or LoRA [6] is a model-training approach that alleviates the training
memory requirements by learning a low-rank approximations of gradient updates of feed-forward
modules while keeping the original modules unchanged. LoRA has successfully demonstated it’s
efficiency for both Transformer fine-tuning [8] and pre-training [7] settings, achieving a comparable
results to full model training while requiring much less hardware memory.

Formally, let W, € R%n*dout he the original parameter matrix of feed-forward layer and AW €
Réinxdout it’s corresponding cumulative gradient update after training. Let A € R%n*" and

B € R"*4out be the low-rank decomposition of AW. Then feed-forward layer training process can
be represented as:

Wy + AW, =W, + AB. (2)
Consequently, the forward pass of LoRA feed-forward:
f(h) =hW,+ AhAB + b, (3)

where A = 2, @ € N is LoRA scaling factor.

During training W, is frozen and gradient descent doesn’t affect it while AB is optimized

separately to approximate the cumulative update addition AW. This cuts the necessary memory

din'dou
T'(din“l’dotut)
inference AB component can be merged with W, to reduce the computation overhead related to
calling separate feed-forward computation kernels.

for optimizer states by factor thus increasing the maximal on-device batch size. During

3.3.  Unsupervised dynamic LoRA mixtures (UDLM)

While the original LoRA implementation considers only one adapter (A, B) the method could
be generalized to multi-adapter case. Assume we have N adapters {(A;, B;)}Y, and AB =
Zf\; 1 w;A; B; for arbitrary vector w € RY. Then LoRA feed-forward formula can be expanded:

N
f(h) = hW, +bo+ A wihA;B; (4)

=1

Since the weight vector w is fixed the adapter ensemble can be merged prior network inference
which would replicate the Model Soup approach.
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To utilize the dynamic ensembling methods it would be enough to define the layer input weight
mapping w : R%» s RN, Let E; = A;B; and w = G(h). If w; > 0 and ||w|| = 1 then the following
is equivalent:

N N
A wihiA;iB; = XY G(h)ihiE; = AMoE(h) (5)
=1 =1
From which it follows:
f(h) = AW, + b, + AMoE(h) (6)

Thus LoRA dynamic ensembling can be represented through Mixture-of-Experts.

The main issue with MoE-based ensemble is that MoE was designed to be fine-tuned on the
training dataset and while we can utilize the pre-trained adapters as trained expert matrices F; we
would still need to tune the router matrix We. Previous works|[17, 18] explored a straightforward
approach of fine-tuning the router matrix on a downstream task using gradient-based methods.
However those methods require a substantial amount of labeled data for convergence thus making
the approach infeasible in low-resource environments.

An alternative way is to leverage layer spatial statistics for router matrix initialization. Suppose

We h;

columns of router matrix satisfy Wé = il and for any layer input row h; = T Then MoE
G J
logit function is equivalent to:
- hy - W P
MoE-logit(h) = hWg = | ———| = [cosme—amllarlty(hj, WEl (7)
1R IIWEN 7

Hence MoE routing may be reduced to the task of finding the most semantically similar expert.

Expert semantic vector W(’; must describe the cases where the expert is the most efficient. For
the set of independently trained LoRA adapters this cases are identified by their corresponding
downstream tasks. By aggregating the observed hidden states h during forward pass of neural
network on downstream task input we can find the centroid of the task cluster in layer input space.
Given the batch of k hidden states H = {h°, h!, ..., h*} the task cluster centroid vector Wé can be
calculated as:

WE = AGGhaien(AGGoeq(H)); (8)
where AGG ¢ : RExmxdin y REXdin and AGGpaien, : RF¥%in s Rin

3.3.1. Batch aggregation strategies We consider 4 batch aggregation strategies:

Average Simple average of batch elements:
1 n
AGGpaten(X) = — X; 9
baten(X) = — ; (9)

where X € RF*din

PCA Principal component analysis (PCA) is a method of dimension reduction that aims to
preserve the maximal variance of the original data. By limiting PCA process to the first component
T1 = XV; we collapse the space X to a single vector which is equivalent to weighted average of
features. However, by applying PCA to untransposed batch matrix X the first component weight
vector V; € R%*1 would capture the overall feature directions and since W is a unit vector (by
PCA design) it is equivalent to finding a centroid in terms of cosine similarity [21].

PCAT By applying PCA dimension reduction to transposed X7 the resulting first component

projection T7 = X7V, will correspond to weighted average of rows. The weights in that case
would describe contextual semantic diversity thus favoring batch examples with highest network
propagation signal magnitude.
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IMPROVING ABSTRACTIVE SUMMARIZATION WITH UDLM 5

PCAM The basis of PCA implementation is singular value decomposition (SVD) of data matrix
X = UXVT where columns of V € R%™%" correspond to principal directions. SVD only guarantees
the uniqueness of singular value matrix ¥ € R¥%" while singular vectors U,V can have multiple
valid candidates. Full SVD algorithms are usually deterministic, however there are reduced versions
like Truncated SVD and Compact SVD that consider only ¢ most significant singular values of
Y, = [o1, 02, ...,0¢] which can be approximated by exploring the sub-space of data X. Randomized
PCA leverages that idea by considering random X; € R¥** subspace of X for Truncated SVD. Hence
we can produce several Randomized PCA solutions V =V9 V!l . VP and then select one with the
highest discrimination efficiency between positive and negative examples pos,neg € R*%» (layer

inputs):
PCAM (z) = arg max posV"' — negV" (10)

Viev

pos,neg examples can be sampled from downstream task input dataset in accordance to networks
conditional generation probability.

3.3.2. First layer only router initialization First layer only (FLO) utilizes the fact that
Transformer network propagates every layer input through residual connections. If we omit the
layer normalization operation the final output of Transformer network 7" can be approximated as:

T(X)=EmbX)+ Ln(Emb(X) + Ly_1(Emb(X) + Ly—2(Emb(X) + ...))); (11)

where Emb(X) is the embedding matrix that maps the raw input X € N™*! to corresponding

token vectors E € R™*demb and L;(-) is the i-th Transformer layer of the network. Thus all
intermediate layer inputs of Transformer network lie within the embeddings E space. For the

batch of k downstream inputs X € RF*™*1 the FLO router initialization is defined:

“ 1 <K -
Wi, = FLO(X) = AGGhasen (m Zl E) , (12)
E = Emb(X) . (13)

For FLO we don’t consider AGGj., functions other the sequence-wise average since the first
embedding layer is context agnostic (e.g. BOS and EOS tokens always have the same embedding
vector) and as the consequence doesn’t exhibit any positional signal bias that could be used in
weighed aggregation schemes.

3.3.3. Inter layer embedding router initialization Inter layer embedding (ILE) initialization
uses the respective intermediate layer outputs L;(-) to calculate layer | + 1 exact input statistics.
While obtaining all layer outputs is more computationally expensive than taking the outputs of
embedding layer only this process also yields the logits of output tokens and thus the probabilities
P(X) of the input sequence X (without target sequence the Transformer network treats the next
input token as the model output).

Let L;(X) be the output of layer L;_; produced for model input X. Then for the batch of k

downstream inputs X € RF*™*1 the router initialization of network layer [ is defined as:

Wi, = ILE(X) = AGGlaren <Con F(X) - AGGseq(L<l(X))> , (14)

et = (107 )

PHX) = (P(X1en); P( X ), ooy P( X)) (16)

where 8 > 0 is oversampling coefficient. If 5 = 1 then the signal of most confident input is duplicated
and hence the batch statistics will be shifted towards its semantics.

Unlike embedding layer, Transformer layer outputs reflect the context (input is mixed by
attention module) and it may be beneficial to bias sequence aggregation function AGGs, towards

(15)
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service tokens such as BOS and EOS. Therefore in ILE initialization we consider three options for
AGGeq: average of sequence hidden states, BOS token hidden state, FOS token hidden state.

4. EXPERIMENTAL SETUP

Following previous works [8, 11, 17| on LoRA ensembles we measure the efficiency of our method
for both knowledge transfer and knowledge boosting settings. For the task we chose abstractive
summarization as it has a wide variety of datasets of different domains.

4.1. Datasets

To evaluate summarization performance we consider 6 datasets:

CNN / Daily Mail [23]. Originally the CNN / Daily Mail news dataset was designed
for question answering task but was later repurposed by Nallapati et al. [23] for abstractive
summarization. Each news story is supplied with a set of human-written highlight sentences that
serve as a summarization target. Number of examples: 312k.

Xsum [26]. A collection of articles from BBC news portal created for extremely condensed
summarization task. While the summaries are more abstractive than of CNN / Daily Mail they are
also more noisy due to fully automated HTML parsing process that didn’t include summary-source
semantic connection verification. Number of examples: 226k.

Wikihow [22]. A large-scale dataset of instructions from the online WikiHow.com website.
Each instruction article is presented in form of multiple paragraphs, each describing the details
of the next step. The summaries were obtained by concatenating the titles (highlights) of each
instruction step paragraph. Number of examples: 200k.

Booksum [24]. A collection of datasets for long-form narrative summarization of texts from
the literature domain. Booksum contains human-written summaries on three levels of granularity:
paragraph, chapter, and book. Due to input-length limitations of summarization models, in this
work, we consider only paragraph level. Number of examples: 146k.

SAMSum [25]. A corpus of messenger dialogue conversations with human-composed sum-
maries. Both conversations and summaries were written by linguistic experts and then additionally
cross-validated by the same experts to correct possible semantic, structure or typing errors. As a
result Samsum examples are of highest quality and hence are often used for summarization model
validation. Number of examples: 16k.

SciTLDR [27]. A multi-reference science article summarization dataset collected from OpenRe-
view portal. The summaries were obtained by parsing the author-written article TLDR section and
by rewriting peer-reviews. All summaries were assessed by experts and inappropriate summaries
were fully discarded. To address the model input limitations the dataset provides 3 variants of
input document: abstract-only; a concatenation of Abstract, Introduction and Conclusion sections
(AIC) and the full article text. For experiments we consider only the official author-provided TLDR
summary and AIC variant of the input document. Number of examples: 3.2K.

4.2. Model and baselines

As the base model for our experiments we employ BART [28] large, that was shown [29] to
achieve state-of-the-art results on considered datasets in both zero-shot and fine-tuning settings.

For the baselines we consider the following static ensembling configurations: LoRA adapter
tuned on the target dataset; Average merge of all trained LoRA adapters; the best weighted
merge of trained adapters according to LoraHub|[8] algorithm for target data (data-tuned) and
universal (tuned on examples from every dataset).

For UDLM ensembles beside different initializations and expert counts we consider two expert
mapping levels: tokens and layer. In case of layer level the layer input is first aggregated using
the same sequence aggregation function as in router initialization and then passed as a single-token
input to MoE router layer the result of which is mapped to all tokens of the original layer input
sequence.
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IMPROVING ABSTRACTIVE SUMMARIZATION WITH UDLM 7

Table 1. Data-wise LoRA tuning performance for different decomposition ranks.

CNN / DM SAMSum
R-1 R-2 R-L| R-1 R-2 R-L

Rank

16 |41.47 19.29 28.14|51.27 26.91 42.18
32 | 41.77 19.66 28.68]51.88 27.39 42.71
64 |42.11 19.97 29.14]52.41 28.08 43.49
128 |42.04 19.80 29.13| 52.17 27.99 43.40
256 | 41.93 19.82 29.07]52.06 28.12 43.31

Table 2. LoRA tuning results and relative ROUGE improvement over BART zero-shot generation.

Data R-1rora R-2p0ra R-Lrora P;_lfi‘;f;‘ F;ffi"ci‘f %7?;4
CNN / DM| 43.08 20.75 30.03 1.09 1.17 1.23
Xsum 44.19 21.02 35.88 2.28 7.66 2.52
SAMSum 52.34 28.05 43.50 1.65 3.34 1.68

Booksum 21.17 4.57 16.50 1.20 1.23 1.21

Wikihow 43.92 19.11 34.22 1.48 2.65 1.79

SciTLDR 26.64 11.13 20.13 1.15 1.39 1.20

4.3. Implementation details

LoRA adapters were tuned using Adam optimizer with learning rate ir = le — 4, linear scheduler
with warmup for 5 epoch and early stopping with evaluation on validation part every 0.5 epoch.
To mimic the full tuning we trained all feed-forward block of Transformer encoder and decoder
layers which is Wy, W,, W, projection matrices of attention mechanism, W, multi-head attention
aggregation matrix and Wgyn, Wy, of post-attention MLP. The rank r of LoRA decompositions
was determined by our pilot experiments (see Table 1) on CNN / Daily Mail and SAMSum datasets
where we found r = 64 and « = 2r to have highest average performance. The router adapters and
LoraHub ensembles were initialized on the same subset of 100 examples of training split from each
dataset. To facilitate comparison we provide relative ROUGE improvement (for 1,2 and L modes)
over the data-tuned LoRA (see Table 2 for data-wise R-X,r4 scores):

R-X

AR- X = —— — 1 17
R-X10rA (17)

where R-X = ROUGE-X and X € {1,2, L}.

5. EXPERIMENT RESULTS
5.1. Knowledge Transfer

Table 3 reports the evaluation results for knowledge transfer setting (i.e. R-Xrora = R-X.ero)-
As expected all ensembling methods show positive improvement over the zero-shot inference,
however UDLM exhibits substantially higher efficiency with up-to 30% average relative ROUGE
improvement. While the performance difference between best FLO and ILE TopK filtered
configurations is marginal the ILE initialization has less performance drop for full adapter mixture
(TopK = 5) implying that the method has better data-adapter alignment accuracy. This fact is
reflected in Figure 1 which shows the data-wise improvements. Both FLO and ILE initialization
captures the LoRA tuning trends (see Table 2, right column block) having the highest improvements
for Xsum, SAMSum, although, despite the same adapter domain, FLO struggles to apply Xsum
knowledge for CNN / Daily Mail summarization and significantly underperforms on Wikihow.
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Table 3. Best knowledge transfer results for each method by average ROUGE improvement.

Method AGGhpatech AGGseq [ Mapping TopK| AR-1 AR-2 AR-L| AVG
Zero-shot - - - - - 0.00 0.00 0.00 | 0.00
Average merge - - - - - 5.23 11.37 6.34 | 7.65
LoraHub (data-tuned) - - - - - 8.22 1549 14.43|12.71
LoraHub (universal) - - - - - 9.87 16.55 14.48]13.63
mean mean - layer 2 18.43 39.96 24.16 | 27.51
UDLM-FLO mean mean - tokens 1 18.60 43.76 26.58 |29.65
pcaT mean - layer 5 16.59 32.62 23.53 | 24.25
mean mean - tokens 5 16.15 32.82 22.37]23.78
pcaM mean 0.0 layer 2 18.86 44.93 27.02]30.27
E 1.0 tok 1 19.94 41. 27. 29.62
UDLM-ILE pca oS 0 tokens 53 27.37
pcaM BOS 1.0 layer 5 18.00 33.86 24.43| 25.43
pcaM mean 1.0 tokens 5 18.49 35.99 25.49 | 26.65
o LoraHub (data-wise) . UDLM-FLO (layer, K=2) UDLM-ILE (layer, K=2) . UDLM-FLO (layer, K=5) UDLM-ILE (layer, K=5)
" J ? ,
12
. JI-HNE_| | B2 D_EREZ 0 EReZ 0 l/
-4
g 60 LoraHub (universal) 7UDLM-FLO (tokens, K=1) UDLM-ILE (tokens, K=1) 7UDLM-FLO (tokens, K=5) UDLM-ILE (tokens, K=5)
z 7
<
40 ] / B |
| [ | , 7
[ | | B [ |
i 0 182 N_NREZ B B8=? D_EHNsZ
: nl. | 8 1B B B

I Booksum CNN /DM Bl SAMSum @ SciTLDR B Wikihow 757 Xsum

Figure 1. Data-wise relative improvements of knowledge transfer configurations.

5.2. Knowledge Boosting

Table 4 show the results of best knowledge boosting configurations. Unlike knowledge transfer
where model has no experience, in this setting any added knowledge may conflict with established
task-solving patterns of the data-tuned adapter. For that reason Average merge leads to guaranteed
performance degradation and even the best LoraHub data-tuned configurations struggle to maintain
the positive effect for all datasets (see Figure 2). Similar situation is observe for UDLM-FLO that
performs worse than data-tuned LoraHub ensembles yet better than universal mixture. UDLM-ILE
is the only method to achieve positive average relative ROUGE improvements.

From Figure 2 we can see that methods are generally the least efficient for datasets with
highest LoRA ROUGE improvements over the zero-shot (see Table 2, right column block) and
only UDLM-ILE manage to introduce new data insights. This indicates that without embedding
tuning LoRA adapters tend to shift inter-layer embeddings from the original values with higher
magnitude to compensate the data-model vocabulary misalignment (e.g. homonymy resolution
or different punctuation habits). ILE being a layer-based method alleviates the issue with layer-
specific statistics that account for those hidden embedding manipulations, however, it still introduces
performance degradation for SAMSum as it’s documents has the most distinct grammatical features
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such as ascii emojis (i.e. irregular punctuation usage) abbreviations (e.g. imho) and extremely short

sentences (natural for messenger dialogues).

Table 4. Best method knowledge boosting results by average ROUGE improvement.

10

-10

-20

-30

Avg AR-X

-20

—40

Method AGGhaten AGGseq B Mapping TopK| AR-1 AR-2 AR-L| AVG
LoRA - - - - - 0.00 0.00 0.00 | 0.00
Average merge - - - - - ]-19.91 -35.62 -24.55(-26.69
LoraHub (data-tuned) - - - - - |-298 -5.04 -0.54]-2.85
LoraHub (universal) - - - - -15.51 -30.66 -17.80]-21.32
pcaT mean - layer 1 -8.37 -17.59 -7.58 |-11.18
UDLM.FLO mean mean - tokens 2 -7.77 -15.68 -7.68 |-10.37
pcaT mean - layer 6 -8.26 -17.16 -8.72 |-11.38
pcaT mean - tokens 6 -8.81 -18.03 -9.33 |-12.06
pcaM BOS 1.0 layer 1 4.62 5.21 6.37 | 5.40
UDLMILE pcaT BOS 0.0 tokens 2 2.68 3.28 3.60 | 3.19
pcaM EOS 0.0 layer 6 4.32 2.68 394 | 3.65
pcaM mean 0.0 tokens 6 419 199 4.28 | 3.49

LoraHub (data-wise)

UDLM-FLO (layer, K=1)

UDLM-ILE (layer, K=1)

UDLM-FLO (layer, K=6)

UDLM-ILE (layer, K=6)

NN\

I | ] .
| I

B _Sm.

N ®

B
1 ||
| : I?

4

B._N_.
B

LoraHub (universal)

UDLM-FLO (tokens, K=2)

UDLM-ILE (tokens, K=2)

UDLM-FLO (tokens, K=6)

UDLM-ILE (tokens, K=6)

— S | | m_ He_wm_ | |H - = .
1 B B
B L
// | ]
I Booksum CNN /DM s SAMSum @ SciTLDR B Wikihow 757 Xsum

Figure 2. Data-wise improvements of best knowledge boosting configurations.

5.3.

UDLM-ILE parameter effects

Evaluation determined that UDLM-ILE with layer level input mapping is the most robust dy-
namic ensembling method. However the performance difference between different ILE configurations
can be considered marginal in some cases which suggests an existence of robust hyperparameter set
for both knowledge transfer (KT) and knowledge boosting (KB).

Figure 3 shows the best average relative ROUGE improvement for each parameter setting (for
comparison reasons we calculate the metric as if R-Xzop4 = R-Xero). First most noticeable trait
is that AGGpaten, = pcaM batch aggregation method remains the best for all configurations thus
eliminating the need for AGGpqien, tuning. Sequence aggregation is less straightforward. While
BOS aggregation significantly outperforms other strategies during knowledge boosting it is less
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AGGpatch (KT-layer) AGGseq (KT-layer) Confidence scaling (KT-layer)

30.00 v/v\_

28.001 A—

26.001 % \
e
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Figure 3. Best results for each ILFE parameter with respect to adapter mixture mode and TopK.

efficient for knowledge transfer where mean aggregation achieves the best improvements. On the
other hand the performance difference between sequence aggregation methods during knowledge
transfer is marginal for all cases but TopK = 2 which implies that current observation is likely to
be the outlier and using AGGey = BOS for both settings could be optimal.

The confidence scaling has different effect depending on TopK and adapter mixture mode. For
knowledge transfer keeping 6 = 0 leads to better performance but at the same time g =1 can
significantly enhance the effectiveness of UDLM-ILE knowledge boosting. Since confidence scaling
utilizes the pre-trained adapters to calculate model input token sequence output probability this
implies that 8 > 0 improves the router embedding dissimilarity, biasing the expert weights towards
semantically closest adapters. In case of knowledge transfer it is inefficient as adapters were tuned
for different domains and summary structure, however for knowledge boosting it improves the
utilization of the data-tuned expert. Therefore the optimal setting for g is highly reliant on the
adapter set.

Table 5. Performance benchmark of model forward-pass on SAMSum dataset.

Base LoRA UDLM-ILE UDLM-ILE MoE MoE

(unmerged) | (6 experts, layer) (6 experts, tokens) | (6 experts, layer) (6 experts, tokens)

GPU Memory (MB)|3622 4010 4806 4806 12568 12568
Memory factor 1 1.11 1.33 1.33 3.47 3.47
GPU Time (ms) 70 101 137 163 227 321

Speed factor 1 0.69 0.51 0.43 0.31 0.22

6. COMPUTATIONAL PERFORMANCE IMPACT

An important part of any architectural optimization is the computational feasibility for practical
applications. UDLM relies on LoRA adapters that despite lower memory footprint have higher
CUDA kernel launching overhead due to 2 additional feed-forward matrix operations. Unlike the
expert count, this overhead cannot be negated by device parallelization. At the same time UDLM
can’t be merged with the base model like the regular LoRA or static LoRA ensembles.

To measure the performance impact we benchmarked (see Table 5) memory and time difference
for forward pass on Nvidia RTX 4090 for the batch of 10 examples of 512 tokens from SAMSum
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dataset. Regular LoRA and LoRA static ensembles (i.e. weighted sum of adapter weights) with
decomposition rank 64 reduce the computational speed by 31% while increasing the peak memory
usage by 11%. Although UDLM introduces additional router feed-forward matrices the performance
impact for 6 equivalently-sized experts with layer-wise mapping is comparable to LoRA with just
additional 22% memory usage and 35% more latency. A corresponding full MoE configuration
has more drastic performance drop exhibiting a tripled latency and 3.5 times increased memory
requirements. Since token-wise mapping only improves the expert activation diversity it has
the same memory footprint but requires more expert feed-forward calculations thus reducing the
throughput by 57% and 78% for UDLM and full MoE respectively.

Therefore UDLM has comparable memory costs to LoRA static ensembles and almost 3 times
more memory efficient than MoE. The latency gap with unmerged LoRA can be closed by applying
the expert adapters concurrently, however at the cost of substantially higher peak memory usage

per layer which for instance considering the largest BART matrix Wy, € R1024x4096 and current

setting would result in additional 5 - %132'4096 = 3200MBs peak GPU memory usage.

7. CONCLUSION

In this work we proposed Unsupervised Dynamic LoRA Mixtures (UDLM), a dynamic adapter
ensembling approach that unifies the pre-trained LoRA adapters into Mixture-of-Expert (MoE)
blocks using layer-wise inference statistics for unsupervised router matrix initialization. We explored
two variants of UDLM statistic accumulation for Transformer networks: First-layer only (FLO)
that initializes all router matrices with the same token embedding layer expert centroids and Inter-
layer embeddings (ILE) that leverages respective layer input hidden states for layer-wise matrix
initialization. The approach was tested for knowledge transfer and knowledge boosting settings
on 6 abstractive summarization datasets of various domains. For knowledge transfer both UDLM
variants demonstrated a threefold improvement over the best static ensembling method, LoraHub,
however, in knowledge boosting mode only UDLM-ILE managed to boost the performance of data-
tuned LoRA adapters by a significant margin while other methods degraded the summarization
quality. The best UDLM-ILE configuration with layer level expert routing also proved to be the
most computational efficient, having only 20% increased memory usage and 35 % increased latency
over static LoORA ensembles.

Funding. The work of Daniil Chernyshev was supported by Non-commercial Foundation for
Support of Science and Education "INTELLECT".
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