To MRL or not to MRL: Random Vector Truncation is as Effective as
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Text embeddings are widely used in many NLP
tasks, from retrieval (Huang et al., 2020) to recom-
mender systems (Zhao et al., 2023) to many oth-
ers (Zhao et al., 2024). To reduce costs while retain-
ing performance in such tasks, the use of small but
well-performing embeddings is desirable. E.g. in
text retrieval, bi-encoder models with less than 1B
parameters are a common choice for first-stage re-
trieval over an entire collection of documents (Zhao
et al., 2024).

To provide more flexibility in this regard, Ma-
tryoshka Representation Learning (MRL) (Kusu-
pati et al., 2022) is an approach that adds addi-
tional terms to the training objective so that text
encoders are able to provide representations that are
simultaneously useful at various embedding sizes,
available by simply truncating the resulting vectors
at sizes pre-determined during training. The use
of MRL is widely adopted, with some of the lat-
est models providing this benefit out-of-the-box,
such as Jina-Embeddings-V5 (Akram et al., 2026),
Qwen3-Embedding (Zhang et al., 2025), and Em-
beddingGemma (Vera et al., 2025). At the same
time, recent works have empirically shown that ran-
domly truncating text embeddings is a promising
approach to obtaining vectors of reduced size, as
the impact in performance is minimal unless vec-
tor sizes are reduced by at least 70% (Tsukagoshi
and Sasano, 2025; Takeshita et al., 2025; Inkiri-
wang et al., 2025). However, none of these studies
compared random truncation to MRL, the industry
standard for truncation, so it is unclear how the
two methods compare as effective ways to trade off
performance for runtime and memory costs.

In this project, we compare performance at vari-
ous vector truncation levels using models trained
with and without MRL. Our results show that un-
less heavily truncating embeddings, i.e. reducing
their size by about 80%, randomly truncated em-
beddings of non-MRL models are at least competi-
tive with, and often superior in performance com-
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Figure 1: (Top) Robustness of open text encoders
as truncation levels increase looks the same whether
trained with or without MRL. (Bottom) When models
differ only in their use of MRL, truncation on non-MRL
models is superior unless heavy truncation is applied.

pared to models trained with MRL. We found this
across 8 open models (e.g. Fig. 1, top), 10 text en-
coders we trained from pre-trained language mod-
els (e.g. Fig. 1 bottom) and 24 embedding-based
downstream tasks for classification and retrieval.

These results suggest that random truncation is
indeed a highly effective method for reducing many
of the costs associated with text encoders, and that
the additional cost of training with MRL is only
beneficial in scenarios where reducing embedding
size by about 80% or more is desirable. Further
evidence of this is the fact that while MRL requires
that truncation dimensions be chosen before train-
ing, MRL behaves the same as random truncation
when truncating outside of those selected dimen-
sions, suggesting that truncation robustness may
largely not come from MRL but be inherent to the
learned representations.
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