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ABSTRACT

Recent work shows that depth recurrence can be retrofitted into pretrained lan-
guage models. In this work, we adapt this paradigm for visual understanding,
using depth recurrence to reduce the parameter footprint of a pretrained vision-
language model (VLM). To this end, we prune layers from the language back-
bone of the VLM and loop over a subset of the remaining layers. At each step
of the loop, a linear adapter merges the block’s output with the token represen-
tations from the preceding layers and projects the fused representation back into
the block. As the pruning impacts the original model performance, we propose
a three-stage recovery training: first, we leverage a language-only pretraining to
recover the performance of the language backbone, followed by an alignment of
the vision-language projector, and a full fine-tuning of the model via visual in-
struction tuning. In the first and the last stage, we distill the outputs of the pre-
trained non-recurrent model into the recurrent model, which further improves the
recovery. We evaluate the proposed approach on the TinyLLaVA-1.4B backbone
without introducing any new vision-language data during retrofitting. Our exper-
iments demonstrate that the retrofitted recurrent model outperforms the unpruned
baseline trained with the same recovery data while storing 23.3% fewer language
parameters. We further show that the proposed retrofitting recurrence outperforms
the setup of converting a recurrent LM into a VLM on the same data. Additionally,
our ablations show how design choices, such as the adapter between recurrences
and a larger recurrent block, lead to the improved performance of our approach.
Finally, we find that our proposed model gains on reasoning-oriented benchmarks,
whereas its performance on basic visual understanding benchmarks remains on
par with the baseline.

1 INTRODUCTION

Existing approaches for test-time compute scaling in vision-language models comprise chain-
of-thought traces, latent reasoning tokens, searching over candidate answers, and test-time
reinforcement learning (Zhang et al], DO74R; Din et all, P73, K efall, PO7S; Singh et all, 07T,
Wan—efall, PO7H). These methods usually come with higher inference costs as each generated
token requires a full forward pass and expands the context window. To address this limitation,
depth recurrence ([Geiping_ et all, DO73; McIeish ef all, DU7H) has been explored as an alternative
for test-time scaling in language models. Depth recurrence allocates test-time compute to iterating
a block of layers rather than generating tokens, thereby maintaining smaller context sizes and a
smaller memory overhead independent of reasoning length.

But depth recurrence has also gained traction in visual understanding. Here, recurrent VLM archi-
tectures are built in two ways: first, either by starting from a recurrent language model and post-hoc
adding a vision backbone, or, second, by looping an existing VLM without removing any of its
layers. The first approach is i.a. adopted by HIVE (Zhang et al], PO7H), which extends a recurrent
language model pretrained from scratch by a vision backbone. Examples for the second approach
are, RecursiveVLM (Xuefall, 7)) and ReLoop-UME (Wang_ et al], PO78), which loop layers in
pretrained VLMs without pruning, with a near-constant number of parameters.
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Figure 1: Prune-then-loop retrofit. Left: a pretrained VLM embeds the image as vision tokens, the prompt as
text tokens and passes them through its language backbone. The layers marked in grey are pruned. Right: Our
retrofitting mechanism reuses the remaining layers. The prelude is executed once, and an adapter merges the
prelude’s output with the hidden state of the recurrent block initialized with noise. The adapter and recurrent
block are applied repeatedly, with the coda used to decode to logits.

In contrast to these two regimes, we pursue a third option of retrofitting a pretrained VLM with
recurrence, following a prune-then-loop strategy. Namely, we remove some intermediate blocks of
the language backbone of the VLM and loop over a subset of the remaining layers. This strategy
is supported by two complementary research findings: first, one set of recent works shows that
a fraction of a VLM’s layers can be removed at a limited cost in accuracy (Huang et all], DUJA;
Madineief all, DO7S; Ma“ef all, P07Y), and, second, another set of works shows that the layers of
a pretrained model can be skipped or repeated at inference (Ciefall, C0ZA; Chenef all, COZH). We
thus hypothesize that iteratively executing the subset of layers of a pruned VLM can recover the
capacity lost due to pruning. We test this hypothesis by retrofitting, i.e., by converting a pretrained
non-recurrent VLM into a recurrent one while reusing its existing weights rather than pretraining
a recurrent model from scratch. We refer to the resulting model as retrofitted recurrent VLM (RR-
VLM). We prune a block of intermediate layers from the language backbone of a pretrained VLM
and designate a contiguous subset of the remaining layers as a recurrent block (McLeishefall, P07T).
To feed the block’s output back into its input for successive iterations, we concatenate the output with
the tokens from the layers preceding the recurrent block and train a linear layer to compress this
concatenated representation to its original dimensionality (McLeishef all, P075). An overview of
the process is given in Figure [. This surgery, however, degrades the pretrained language backbone,
and although text-only training repairs it, the repair leaves the language model misaligned with the
original projector. We resolve this with a three-stage training curriculum: first, we apply a text-only
training to repair the backbone, second, we apply a projector-only training to restore the image-text
alignment, and third, we fine-tune the entire model on visual instruction data. In the text-only and
the instruction-tuning stage, we add a knowledge distillation (KD) term, with the pretrained model
as teacher, to avoid the language backbone from drifting too far from the original representation that
the projector was aligned with.

We evaluate the proposed method on the TinyLLaVA-1.4B backbone (Zhon efall, D074, training
it on 60B tokens of text as well as 493k image—caption pairs and 660k instruction tuning samples
from the base model’s training data, without introducing any new vision-language data. We compare
the resulting model against the pretrained TinyLLaVA-1.4B model and four baselines trained on the
same data: (1) the unpruned model subjected to the identical recovery training, (2) the unpruned
model without the text-only stage, (3) the pruned model without recurrence, and (4) a recurrent lan-
guage model that has been extended to a VLM. Our experiments show that our proposed retrofitted
recurrent model outperforms the unpruned baseline while having 23.3% fewer language-model pa-
rameters and show that this gain is due to the recurrence rather than the recovery training. The
gain concentrates on reasoning-oriented benchmarks, whereas performance on basic visual under-
standing benchmarks remains on par with the baseline. Compared to a recurrent language model
extended to a VLM, our retrofitted model achieves a higher average accuracy. We further ablate
each component of the retrofit: the training stages, the layer allocation, the knowledge distillation
term, KV-cache sharing at inference and the adapter. We find that the text-only stage .S, is neces-
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sary for the recovery, as removing it costs 3.68 pp, primarily on the reasoning-oriented benchmarks.
Specifically, we evaluate our linear adapter against three variants: a gated adapter, the Parcae adapter
(Prairie_ef all, D76), which multiplies the recurrent state with a learned per-channel factor within
(0, 1) so that the hidden state remains bounded across recurrences, and no adapter at all. Our abla-
tions show that, among the adapter variants, the linear adapter yields the best performance, whereas
the gated adapter and the Parcae adapter score below the variant without an adapter. Furthermore,
we show that at equal compute, a larger recurrent block results in better performance. We also show
that distillation from the pretrained model improves recovery training and increases the performance
of the retrofitted recurrent model. Finally, we find that a model trained at a fixed depth only works at
the depth it was trained at, whereas a model trained with sampled recurrence works at other depths,
but its performance does not improve beyond the trained depth. We also find that sharing the KV
cache across recurrences during inference costs accuracy, which contrasts with the results reported
for a model pretrained with recurrence ([Geiping et all, PO73).

We summarize our contributions as follows: (1) We introduce the first prune-then-loop retrofit of a
pretrained VLM evaluated on VQA, supported by a three-stage curriculum that repairs the pruned
language backbone and restores projector alignment using the base model’s vision-language training
data. (2) We demonstrate that retrofitting recurrence directly into a pretrained VLM outperforms the
alternative of adding a vision encoder to a pretrained recurrent language model. (3) We perform
an extensive evaluation of the retrofitted recurrent VLM and quantify the impact of each design
decision.

2 RELATED WORK

Depth recurrence and architectural retrofitting. Depth recurrence reuses a block of layers mul-
tiple times, increasing the effective depth of the model without adding any additional parameters
(Dehghani et al], ZOTY). Previous attempts at creating recurrent LMs include Huginn ([Geiping et all,
P073) and Ouro (Zhirefall, PO75). Huginn splits the model into three components: a prelude that
embeds the input into a latent state, a recurrent block that iterates on that state, and a coda that de-
codes the final state into output logits. Ouro iterates the entire set of layers, and Loopie (Gaaefafl,
P0O78) applies each layer recurrently instead of performing block-level looping. In all three cases,
the model is trained from scratch without any pre-initialization by existing models. Two findings in-
form our design: a looped block benefits from a stable learned connector between successive passes
(Prairie—ef afl, DO7A), and an iterated layer contributes only a fraction of the capacity of a stored
one (Schwefhelm ef all, P07A), thus bounding what recurrence can recover from pruning. As an
alternative to full-corpus pretraining, recurrence can instead be achieved by retrofitting a pretrained
model. Within this regime, there exist two lines of work: (1) looping a middle block of the stack
without pruning, for latent reasoning (Koishekenav ef all, PU7F), and (2) looping after reducing the
depth, either by keeping a block of the surviving layers (Bae“efall, DI73S; McIeish ef all, D7)
or by merging neighbouring layers into a few blocks that are then looped (Kswon—& ParK, DO76).
We adopt the latter approach, retrofitting recurrence after structural pruning. Specifically, we take
inspiration from McLeish ef all (PTI7F), who drop layers 4 to 9 of TinyLlama-1.1B to obtain a 4/8 /4
layer allocation looped through a linear adapter.

Recurrence in vision-language models. Current works either loop layers of a pretrained VLM
without pruning, with a near-constant number of parameters (Ku—ef-all, DO7H; Wang_et al], ZI7A),
or build one on a natively recurrent language backbone (Zhang et al], CTI7A). HIVE (Zhang et all,
P078) builds a VLM on the pretrained recurrent language model Huginn-3.5B ([Geiping et al], P073)
by attaching an InternViT-300M vision encoder and training the combined model on 6.5M training
samples in three stages. As such HIVE is based on a significantly larger model and trained on
five times more training samples than the proposed model, preventing a direct comparison to those
checkpoints. We therefore take inspiration from the pipeline in HIVE to replicate this setting as a
baseline to compare to rather than comparing against their model. Beyond standard vision-language
tasks, depth recurrence has been explored for robotic action policies, either in the action head of an
intact VLM (IMi—efall, DUZA) or by pruning a VLM and looping a small block (Shen_efall, P78).
However, these methods operate in a fundamentally different domain, and the pruned variant of
Shenef all (Z0ZA) lacks a prune-only baseline. Our setting departs from those existing approaches
by following a prune-then-loop pattern, removing layers before the loop is installed. To the best of
our knowledge, this work presents the first prune-then-loop retrofit of a pretrained VLM evaluated
on VQA.
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3 METHOD: PRUNE-THEN-LOOP RETROFITTING

We study the problem of converting a pretrained non-recurrent vision-language model into a depth-
recurrent architecture. In this section, we formalize the prune-then-loop retrofit, explaining the
proposed model surgery, the training curriculum used to recover performance, and the adapter mech-
anism.

3.1 RETROFITTING EXISTING VLMS

A pretrained vision-language model computes next-token logits from an image I and a text sequence
x as

F(I,z) = L(u), L=Vlpo- -0l u=[7(V({)); E(z)], (1)

where V' denotes the vision encoder, 7 the projector, E the text token embedder, and L the language
model composed of layers operating on representations of dimension /. Our prune-then-loop mech-
anism modifies only the layers {1, ..., ¢,, of the language model L. We partition the m layers into
four consecutive groups of sizes p + d + b + ¢ = m and delete the d layers. This yields a pre-
lude block P = f,, 0 --- o {1, a recurrent block B = £, q4p © -+ 0 {1441, and a coda block
C=Vtyno-0ly_ o1 (Figure ).

The retrofitted model applies the recurrent block r times. The recurrent block is preceded by a small
adapter A that merges the block’s current output with the output of the prelude. Expressing this pair
as B o A and repeating it r times yields:

e = Co(BoA) oP. @)

Namely, we first apply the prelude P, then run the combination of adapter and recurrent block B o A
for r times, and apply the coda C' once. We refer to F pT/b /e @3 the retrofitted recurrent VLM (RR-

VLM). The prelude P computes a context h from the token input « as h = P(u). The adapter
A then concatenates the tokens of the recurrent block output s with the tokens of prelude context
h, resulting in the same number of tokens with double dimension, and then compresses the token-
wise concatenated representation back to the original dimension H through a learned linear layer
W € RY*2H (Mcleishefall, DIZS). In case of the first loop, when no recurrent output is computed
yet, the tokens sq are initialized from a normal distribution A (Geiping et al], ZI73) and k is defined
as the recurrence step:

A(s,h) = W(s; hl, linear adapter Ay,
Sp = B(A(sk,l, h))7 so ~N(0,0°I), recurrentblock, k =1,...,r 3)
yr = C(sk), readout after k recurrences

The coda C maps the state after k& recurrences to output logits yx, and the output of the model is y,..
Note that every input token traverses m” = p + rb + c layers, but the model stores only p + b + ¢
distinct layers. Restricting this traversal to 7=1 defines the single-pass model F'!.

Number of recurrences. The number of recurrences r can be chosen flexibly during training and
inference. During training, it can be defined in two ways: (1) as a constant, defining the model
F", or (2) as a per-step sample from a log-normal Poisson distribution ([Geiping et al], Z073) with
mean 7, defining the model F”. At inference, r is set to a fixed value that can be independent of the
training configuration.

KV cache. Each pass through the recurrent block computes its own keys and values, so the KV
cache holds m" entries per token compared to the m entries for the original model. We evaluate two
ways of sharing the cache across passes. The first, from (D79), keeps n copies of the
block’s cache per token and lets pass i use copy ¢ mod n. With n=1, every pass reads the entries
that the last pass wrote, and the cache shrinks to p 4+ nb 4 c entries per token. This variant changes
only the inference procedure and requires no training. The second lets every pass reuse the keys, or
the keys and values, that the first pass computed, so that the cache shrinks to p + b + ¢ entries per
token. This variant changes the forward pass itself. The model is therefore trained with the sharing
active and evaluated with the same forward pass.
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3.2 TRAINING STRATEGY

The retrofitted model of Sec. Bl requires training for two reasons. First, the pruning removes the
layers between the prelude and the recurrent block, leading to a misalignment between the repre-
sentations produced by the prelude and those expected by the recurrent block. Additionally, the
remaining layers have to be adapted to the modified architecture. Second, the recurrence introduces
an adapter A that fuses the output of the prelude with the output of the recurrent block using a newly
initialized linear layer that needs to be trained as well.

Three-stage Training. We propose a three-stage curriculum that restores the VLM and trains the
adapter: First, in stage Sy we focus on repairing by training only the pruned language backbone
on text-only data, freezing all other components. Second, as the retrained text backbone can now
slightly deviate from the original one, we retrain the vision-language projector in stage Sp to re-
store image-text alignment, and finally optimize the entire model via end-to-end training with visual
instruction data in stage So, interleaving image-text and text-only training data.

Knowledge Distillation. Retraining the modified language backbone inevitably shifts its internal
representations away from those of the pretrained model. In a VLM this shift is problematic, since
the vision-language projector has been aligned to the representations of the original backbone. We
therefore seek to adapt the language backbone to the new architecture while preserving its original
representations as far as possible. To this end, we incorporate a distillation term at stage Sy training,
using the original, unpruned baseline model [’ as the teacher to limit the drift of the pruned, recurrent
model F" and to allow an easier realignment in stage St:

L = (1-X)Lcg + A7° KL(softmax(F/7) || softmax(F"/7)). 4)

The distillation objective evaluates a single pass of the teacher against the iterative execution of the
student. Note that in stage Sy, this is done on text-only training data. We found that such knowledge
distillation can further improve performance during stage Sy training, as this combines the vision
and language input signal from the teacher.

4 IMPLEMENTATION DETAILS

Base model. We apply the retrofit approach to the pretrained bczhou/tiny-1lava-vl-hf
checkpoint (Zhonefall, Z074), named TinyLLaVA-1.4B by its authors, which comprises a 22-layer
TinyLlama-1.1B language model (Zhang etal], P0744d), a CLIP ViT-L/14-336 vision tower (RKadford
Bfall, PO2T), and a LLaVA-style projector (Cioirefall, PO73). Note that McI_eish ef all (ZO23) retrofit
the same language model in the text-only setting into a recurrent language model. This allows us
to use this as a base model for a directly comparable baseline of a recurrent language model that is
extended by a vision backbone.

Model Surgery. We again follow McIeish efall ((075) and delete six contiguous layers 4-9 (d=6)
from the pretrained TinyLLaVA-1.4B checkpoint, leaving a 16-layer language model with the layer
allocation p/b/c = 4/8/4. The final model uses a fixed recurrence of r=6, resulting in each token
traversing an equivalent depth of m™ = 4 + 6 x 8 4+ 4 = 56 layers. After surgery, the language
model including the adapter contains 844.4M parameters compared to the 1,100.3M of the language
backbone of the base model (—23.3%). The adapter is a single linear layer with 8.4M parameters.
Including the vision encoder and the projector the model has 1,154.2M parameters compared to
1,410.1M of the base model (—18.1%).

Training. The training follows the three-stage curriculum of Sec. B2. All three stages use Muon
(lordan—efall, PO74) on matrix parameters and AdamW (LCashchilov & Huffedt, DOTY) on the re-
mainder. The text-only training phase Sy uses a 60B-token blend of 85% SlimPajama (Scbaleva
Bfall, C073) and 15% FineWeb-Edu (Penedo efall, P024) for the main experiments, and on 7.5B
tokens of SlimPajama for our ablations. The text-only training phase adds the KD term of Eq. &
with A=0.5 at 7=2. The image-text alignment phase .51 trains on the base model’s alignment set of
blip_sbu_cc (Ciefall, PO27) containing 493k image-caption pairs. It updates only the projec-
tor  and adds no KD term. The visual instruction tuning phase S5 finetunes the entire model on
the base model’s instruction data of 11ava_instruct (Coefall, POX3) which consists of 660k
cleaned samples, interleaving four multimodal batches and one text batch (Appendix B4 varies this
ratio). It applies the KD term again, with a separate weight and temperature for each batch type:
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Table 1: Comparison to baselines. The retrofit outperforms the baselines on average over nine benchmarks
with 23.3% fewer stored language-model parameters. Sec. Bl defines the models. RR-VLM denotes our
retrofitted recurrent VLM Ff/g /4 of Sec. Band F! the pruned single-pass model.

Model LMB) GQA POPE TVQA SQA MMB RWQA SEED AI2D CVZD‘ Avg
Baseline

TinyLLaVA-1.4B 1.10 57.6 85.1 46.7 59.6  49.7 454 54.1 394 38.6 ‘ 5291
Baselines, no recurrence

Baseline+(.S1, S2) 1.10 59.9 86.9 45.5 57.8 55.6 47.3 59.8 41.3 434 | 5527
Baseline+(.So, S1,S2) 1.10 60.4 86.7 47.3 60.2 555 46.4 60.4 43.2 422 | 55.80
Baseline(pruned)+(So, S1, S2) (FY 0.84 58.0 86.1 37.7 50.3 48.6 47.6 58.3 38.1 47.1 52.41
Converted recurrent LM (Mcleishretall, PTI23)

Recurrent LM+ViT+(S1, S2) 0.84 58.8 86.3 41.5 525 52.7 50.6 60.7 43.6 53.7 ‘ 55.59

Pruned and looped (ours)
RR-VLM F46/8/4 0.84 59.2 86.7 477 59.1 589 50.5 62.6 44.6 53.9 ‘ 58.13

A=0.25 at 7=2 on multimodal batches and A\=0.5 at 7=1 on text batches. All models are trained
with seed 42.

5 EVALUATION

Benchmarks. We evaluate the models on the following nine benchmarks: GQA (Hudson & Mand
hing, POT9), POPE (Ciefall, DO73R), TextVQA (TVQA) (Singh et al], P0T9), and ScienceQA-IMG
(SQA) (Cfefall, O), MMBench (MMB) (Cincefall, P074), Real WorldQA (RWQA) (KA1, Z0724),
SEED-Bench (SEED) (Citefall, D073d), AI2D (Kembhavief all, DTH), and the 2D split of CV-
Bench (CV2D) ([Tong et al], C07d). We use the VLMEvalKit (Duan_ef all, D074) library for all
model evaluations. We define the Avg metric as the arithmetic mean of the nine VQA benchmarks.
We set a fixed eval seed to make evaluation deterministic.

5.1 COMPARISON TO BASELINES

Baselines. We evaluate the proposed recurrence retrofitting approach against five baselines and
report the results in Table . The first baseline is the pretrained TinyLLaVA-1.4B checkpoint without
any modifications. The second and third baselines fine-tune this model without pruning, either
with the image-text stages S and S5 only or with all three stages Sy, S; and Sy of our training
strategy. The fourth baseline applies all three stages to the pruned model without recurrence, which
corresponds to the single-pass model F'! of Sec. B. The baselines with the text-only stage apply the
distillation term of Eq. @ in Sp, and the unpruned Baseline+(.Sy, S1, S2) also applies it in So, so that
it is trained with the full strategy of our model. We include those retrained versions to allow a direct
comparison between the retrofitted recurrent model and the same non-recurrent backbones trained
on the same data. To allow a comparison to a setup that starts from a recurrent language model
and adds the vision backbone after recurrent training, we convert a pretrained recurrent TinyLlama
checkpoint of McIleishefall ((073) into a recurrent VLM by adding the pretrained image encoder
from TinyLLaVA-1.4B and train the model with the same image-text data on the training stages S
and S5. For our retrofitted recurrent VLM (RR-VLM), we use a fixed recurrence of r=6 and report
results for an 8-layer recurrent block architecture (Ff . .-

We see that the training improves the baseline models by around 2.4 to 2.9 pp, while the performance
of the pruned model is slightly below that of the base model. The performance of the converted
recurrent VLM is in the same range as the retrained baselines. Compared to that, the proposed
RR-VLM model is able to outperform all baseline models on average by at least 2.3 pp. Analyzing
the performance per dataset, we see that more basic visual understanding datasets, such as GQA,
POPE, TVQA and SQA, do not profit as much from the recurrent architecture, and that the RR-VLM
performs on par with the baseline model. This can be attributed to the fact that those datasets usually
have single-step QA type questions, which do not profit from more complex reasoning. Recurrence
adds computation without adding information, so no gain is expected on such questions.

Compared to that, we see a clear trend of performance increase on more reasoning-oriented datasets
such as MMBench, RealWorldQA, SEED-Bench, AI2D and CV2D. Note that on the latter four
datasets, both recurrent models, the converted VLM as well as the proposed RR-VLM model, per-
form consistently better than the non-recurrent baselines, with RR-VLM still outperforming the post
hoc converted VLM on three of the four datasets. We thus find that retrofitting a pretrained VLM
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Table 2: Training stages. We remove single stages of the training strategy of Sec. B2 from our best performing
setting (4/8/4, r=6, 60B Sy budget), each stage with its distillation term. The first row repeats the unpruned
baseline of Table [, which is trained with the full strategy. Avg is the mean of the nine columns to its left.

Model and training stages GQA POPE TVQA SQA MMB RWQA SEED AI2D CV2D Avg

Baseline+(So, S1, S2) 60.4 86.7 473 60.2 55.5 46.4 60.4 432 422 55.80
RR-VLM, Sy, S2 59.6 86.5 45.5 54.6 52.1 44.1 61.0 40.0 46.6 54.45
RR-VLM, Sy, S2 59.3 86.6 47.0 57.1 56.7 48.8 62.4 42.7 51.2 56.85
RR-VLM, S, S1, S2 (ours) 59.2 86.7 47.7 59.1 58.9 50.5 62.6 44.6 53.9 58.13

Table 3: Ablations. Each table changes one setting of the model named in its header and the best value is in
bold. All tables (a), (b) and (c) use the 7.5B Sy budget without text distillation.

(a) Layer allocation, 56 layers (b) Adapter, 4/6/4, =6 (c) Looping variant, 4/6/4

6/4/6, r=11 52.56 Ag (none) 54.29 per-layer looping, r=2 52.19

4/6/4, r=8 54.15 A 52.98 per-layer looping, r=6 49.62

4/8/4, =6 5575 Ape 53.76 block looping, r=6 55.02
Alin 55.02

results in better performance than introducing a vision encoder into a recurrent language model to
create a recurrent VLM. We thus find that retrofitting a pretrained VLM can result in improved
performance compared to introducing a vision encoder into a recurrent language model to create a
recurrent VLM.

5.2 ABLATIONS

Training stages. We determine the effect of the text-only stage Sy and the vision-language align-
ment stage S; on the resulting recurrent VLM in Table . We find that Sy is crucial to the recovery
training, as removing it reduces the performance of the resulting model by 3.68 pp on average. Re-
moving Sy primarily affects the reasoning-oriented datasets, with 7.3 pp lost on CV2D, 6.8 pp on
MMB and 4.6 pp on AI2D. We attribute this to the fact that without the repair of the pruned language
backbone in Sy, the stages S7 and S5 have to repair the language backbone and align the projector
at the same time. We further find that removing S; costs 1.28 pp, again primarily on the reasoning-
oriented datasets. We attribute this to the fact that S; performs the vision-language alignment, and
without it the stage S5 has to perform both the alignment and the instruction tuning. In summary,
both Sy and S; contribute to the performance, with Sy having the larger impact, which shows that
the text-only recovery is necessary for retrofitting recurrence into a pruned VLM.

Layer allocation. We first ablate the design of the recurrent block in Table B(a). To this end, we
fix the depth of the recurrent model at m”=>56 layers, thus smaller recurrent blocks are executed
with more recurrences compared to larger ones. All models are trained on a 7.5B Sy text-token
budget. We find that a larger recurrent block performs better than other variants given the same
compute setting. Namely, the 4/8/4 allocation outperforms a 6/4/6 allocation at =11 by 3.19
pp. A narrower 4/6/4 block at =8 prunes two additional layers, and the 4/8/4 configuration
outperforms it by 1.60 pp.

Adapters. Next, we consider the adapter design in Table B(b), comparing the proposed linear
adapter of Eq. B against multiple adapter variants, including the case of no adapter. The gated
adapter Ay adds the context h to the state s, multiplied channel-wise by a learned factor (1 + «)
with « initialized at zero. Thus the adapter starts as a plain sum: Ag.(s,h) = s+ (1 + ) @ h.
The Parcae adapter Ay follows the adapter design of Prairie ef all (ZTIZH). It multiplies the state
by a learned per-channel factor a € (0,1), so that the state of the previous recurrence is damped
and cannot grow across recurrences, and adds a learned projection W’ of the normalized context,
weighted by a learned per-channel scale §: Apc(s, h) = a®s+5@W’' LN(h). The no adapter variant
Ag starts the loop from sy = h instead of noise. The evaluation is done on a 4/6/4 architecture with
r = 6 and all models are trained on a 7.5B Sy text-token budget. Overall, it shows that the linear
adapter Ay, (Eq. B) achieves the highest performance. The adapter-free configuration A initializes
the loop directly from the prelude output h and noticeably performs nearly as well as Ay, with a
performance gap of only 0.73 pp. Furthermore, A4 outperforms both the gated adapter A, and the
Parcae adapter A, by 1.31 pp and 0.53 pp, respectively.
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Table 4: Knowledge distillation. We evaluate the impact of the knowledge distillation in S2. Each row states
on which batches the distillation term is applied and with which weight A and temperature 7. All rows use the
60B Sy budget and the 4/8/4 layer allocation and share the same So, which applies the distillation term with
A=0.5 at 7=2. The first two rows give the unpruned baseline of Table Il with and without the S5 distillation.

Knowledge distillation Avg
Baseline+(So, S1, S2) (Table M) 55.80
without .S, distillation 55.55
RR-VLM, no S- distillation 56.65
RR-VLM, VL-KD only, A=0.25 56.88
+ text-KD, 7=2 57.24
+ text-KD, 7=1 (ours) 58.13

Table 5: Fixed against sampled training depth. Both models use the 4/8/4 layer allocation and the 7.5B S
budget and differ only in the number of recurrences during training, fixed at r=6 or sampled with mean 6. The
columns give GQA accuracy when the model is evaluated with - passes. Values marked ' come from runs that
were stopped early because the output had degenerated.

GQA at test-time depth r
Training depth r=2 r=4 r=5 r=6 r=8 r=12 r=16

sampled, 7=6 (F") 578 593 595 595 594 591 593
fixed, r=6 (F", our setting)  0.0" 0.0 431 597 509 42f  00f

Looping Variants. We compare block-wise looping with per-layer looping in Table B(c). Per-
layer looping loops each layer of the recurrent block individually (Gaa-efall, DO78) instead of the
block as a whole. Namely, we again consider a 4/6/4 architecture trained on a 7.5B S text-token
budget, but with per-layer looping for r=2 and r=6 recurrences. Overall, it shows that block looping
outperforms per-layer looping by 2.83 pp at =2 and 5.40 pp at =6 and that per-layer looping does
not profit from an increase of recurrences, with the performance dropping with more loops.

Knowledge distillation. We further evaluated the impact of knowledge distillation, especially at
the training stage Ss, and compared this setting with no knowledge distillation, a knowledge dis-
tillation based on image-text samples only, as well as a knowledge distillation with text-image as
well as text-only training data in Table B. Overall, it shows that knowledge distillation in S5 always
improves the overall performance, and that having both image-text as well as text-only data leads to
the most significant improvement, improving over the undistilled version by 1.48 pp. The unpruned
baseline gains only 0.25 pp from the same S5 distillation (first two rows). We attribute the gain of
the recurrent model to the fact that the knowledge distillation acts as a form of regularizer for the
new recurrent architecture, which keeps the model close to the pretrained one and prevents it from
overfitting on the image-text data. This is in line with the large effect of removing Sy in Table D,
which also anchors the retrofitted model to the pretrained one. Appendix B reports the placement
of the distillation term across the training stages at the 7.5B budget.

Fixed versus sampled depth. We further evaluate the effect of the number of recurrences during
training in Table B. To this end, we compare a model trained with a fixed number of recurrences
r=~6 against a model trained with a variable number of recurrences, sampled per training step with
mean 6 (Sec. Bl). Both models are evaluated at test-time depths from r=2 to r=16. We find that
the model trained with a fixed recurrence only works at the depth it was trained for, degrades at
the neighbouring depths and collapses beyond r=8 or below r=5. Its GQA accuracy drops from
59.7 at =6 to 43.1 at r=5 and 50.9 at r=8, and the output degenerates at all other depths. In
contrast, the model trained with a sampled recurrence regime also works at depths other than the
one it was trained for, staying within 2 pp of its best value from r=2 to r=16. This can be attributed
to the fact that the sampled regime exposes the model to a different number of recurrences in every
training step, so that its readout is trained for every depth in that range. However, we find that its
performance saturates and does not improve beyond the trained depth. Consequently, we do not
observe test-time scaling. The fixed and sampled recurrence models perform on par at the trained
depth, with 55.75 against 55.83 on Avg. We therefore find that a fixed recurrence model is the
less expensive approach to train a recurrent VLM, but it comes at the price of test-time stability to
varying recurrences. Appendix A evaluates early exit for the sampled model.
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Table 6: KV-cache sharing across passes at inference. The table analyses the KV cache per token as a
multiple of the base model’s cache. The model keeps only n copies of the cache instead of one per pass. The
six passes use these copies in turn, so with n=1 every pass shares one cache, and n=6 is our model without
sharing.

Setting Cache GQA POPE TVQA SQA MMB RWQA  SEED AI2D CV2D Avg
n=1 (last pass)  0.727x 49.1 86.7 18.6 59.3 57.0 47.7 61.2 422 52.5 52.70
n=2 1.09x 56.5 86.7 315 59.2 58.6 49.7 62.6 44.1 53.8 55.85
n=3 1.45x 58.6 86.7 41.8 59.4 58.6 50.5 62.6 44.4 539 57.38
n=6 (ours) 2.55x 59.2 86.7 47.7 59.1 58.9 50.5 62.6 44.6 53.9 58.13

KV-Cache Sharing. Finally, we evaluate the effect of sharing the KV cache across recurrences
at inference in Table B. To this end, we apply the inference-time sharing of Sec. Bl to our trained
model and reduce the number of cache copies n from one per recurrence, which is our setting, down
to a single copy. Since every pass through the recurrent block keeps its own keys and values, our
model holds 2.55x the KV cache of the base model, in line with the 56 against 22 traversed layers
per token, while it stores 18.1% fewer weights and outperforms it (Table @). We see that the cost
grows as the budget n shrinks. With n=3 the cache shrinks to 1.45x that of the base model at a
cost of 0.75 pp, and with n=1 it shrinks to 0.727 x, below the base model itself, at a cost of 5.43 pp.
This can be attributed to the fact that the keys and values of a recurrence step are computed from the
state of that step, so a recurrence step that reads the cache of another step attends to representations
that do not match its own input. Training the model with the sharing active does not close this
gap either, with a cost of 0.73 pp for sharing the keys and 2.94 pp for sharing the keys and values
(Appendix B). We thus keep a separate cache per recurrence in our best-performing setting, and
note that the cache size can be traded against accuracy at inference without retraining. Table B in the
appendix reports sharing applied during training.

5.3 QUALITATIVE EXAMPLES

Figure O shows one item from each of the four reasoning-oriented benchmarks on which our model
answers correctly and all three trained non-recurrent baselines of Table 0l answer wrongly. We
compare our model to the pretrained model and to the converted recurrent VLM, which is our closest
recurrent baseline. For further qualitative examples, we refer to Appendix B6.

e

. %
RealWorldQA SEED-Bench AI2D CV-Bench-2D
Where is the orange ball located ~ How many pillows are on the What stage is between a tadpole ~ Considering the relative
relative to the white dog? A.left  bed closest to the window? A.0  with legs and an adult frog? positions of the flowerpot and the
of thedog B.rightofthedog B.1 C.3 D.2 A. adult frog  B. tadpole picture, where is the flowerpot
C. behind the dog TinyLLaVA-1.4B D x C.egg D. froglet located with respect to the
TinyLLaVA-14B C X Recurrent LM+ViT D x TinyLLaVA-14B B x picture? A.left  B. right
Recurrent LM+ViT A v/ RR-VLM (ours) B v Recurrent LM+ViT B x TinyLLaVA-14B B v
RR-VLM (ours) AV RR-VLM (ours) D v Recurrent LM+ViIT A X

RR-VLM (ours) BV
Figure 2: Qualitative examples. One item from each of the four reasoning-oriented benchmarks with the

answers of the pretrained model, the converted recurrent model and our model below the image, a check mark
denotes the correct option. The three trained non-recurrent baselines of Table [l answer all four items wrongly.

6 CONCLUSION

We introduced the first prune-then-loop retrofit of a pretrained VLM evaluated on VQA. The
retrofitted model outperforms the unpruned baseline while storing 23.3% fewer language-model
parameters, with the gains concentrated on reasoning-oriented benchmarks. This gain is due to the
recurrence itself, as the loop accounts for a significant improvement over the pruned single-pass
baseline. At the same time, the recovery requires the text-only training stage, which yields the best
performance among all evaluated training strategies. Finally, retrofitting recurrence into a pretrained
VLM outperforms adding a vision encoder to a pretrained recurrent language model, which makes
the retrofit the best performing route to a recurrent VLM among all evaluated baselines.
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A APPENDIX

A.1 TRAINING HYPERPARAMETERS

Every stage uses Muon (Iordan-ef all, D074 for the matrix parameters and AdamW for all other
parameters, with weight decay 10~4, gradient clipping at 1.0 and a warmup-stable-decay schedule
with 5% warmup. In Sy the learning rates are 5-10~% for Muon and 2.5-10~° for AdamW, the batch
holds 128 sequences of 2,048 tokens, and the learning rate decays to zero over the last 35% of the
steps. The 60B run of our model takes 228,874 steps on 16 GPUs, and the 7.5B run of the ablations
takes 28,611 steps. In 57 and S5 the learning rates are 1073 for Muon and 5-10~° for AdamW, the
learning rate decays to zero over the last 60% of the steps, and both stages run on 4 GPUs. S} trains
the projector for 6,426 steps with a batch of 96 image-text pairs, and S5 trains the whole model
for 6,408 steps with a batch of 128, one pass over the data in both stages with the interleaved text
batches included in the step counts. The distillation weights and temperatures of each stage are given
in Sec. B. The Parcae adapter A, of Table B uses an additional learning rate of 10~ for its adapter
parameters, and the per-layer looping variants of Table B(c) share the recipe of the 7.5B cells. The
converted recurrent VLM keeps the 4/8/4 geometry of our model and is trained with its own trainer
with the same learning rates and a batch of 128 in both stages.

A.2 DISTILLATION PLACEMENT AT THE 7.5B BUDGET

Table @ applies the distillation term of Eq. B in the stages Sy, S1 and S, in Sy only, or in Sy and S2
with weight A=0.50 or A=0.25, on the model with the 4/6/4 layer allocation and r=6 at the 7.5B
Sy budget.

Table 7: Placement of the distillation term at the 7.5B Sy budget. Each row shows in which training stages
we apply the distillation term and with which weight A, on the 4/6/4 layer allocation with 7=6. Seed 42.
These are separate runs from the 4/6/4 row of Table B(b).

Distillation Avg
So, S1, S2 (every stage) 53.53
So only 54.57
So, S2, A=0.50 54.45
So, S2, A=0.25 55.62

A.3 KV-CACHE SHARING DURING TRAINING

Table B trains the model with the 4/8/4 layer allocation of our ablations at the 7.5B Sy budget with
the keys, or the keys and values, shared across passes (Sec. B).

Table 8: KV-cache sharing across passes during training. The model is trained with the sharing active, at
the 7.5B Sp budget and the 4/8/4 layer allocation of our ablations. The Cache column gives the KV cache per
token as a multiple of the base model’s cache. K-sharing shares the keys across passes, KV-sharing the keys
and the values. Seed 42.

Setting Cache GQA POPE TVQA SQA MMB RWQA SEED AI2D CV2D Avg
KV-sharing ~ 0.727x 57.6 86.1 445 51.1 50.0 43.8 57.8 37.3 47.1 52.81
K-sharing 1.64x 58.5 86.6 44.7 535 56.4 485 61.8 39.1 46.1 55.02
no sharing 2.55% 59.7 86.5 45.1 57.3 55.1 46.7 62.8 41.1 475 55.75

A.4 TEXT INTERLEAVING IN Sy
Stage S5 interleaves one text-only batch after every K multimodal batches. Table B varies K on the

60B model without text distillation, which is the VL-KD only row of Table B. Removing the text
batches costs 0.69 pp, and K=2 or K{=6 cost 0.20 pp and 0.07 pp relative to K =4.

14
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Table 9: Text interleaving in So. Number of multimodal batches K per text batch during S2, on the 60B Sy
budget and the 4/8/4 layer allocation without text distillation. The best value is in bold. Seed 42.

Interleaving Avg
no text batches 56.19
K=2 56.68
K=6 56.81
K =4 (our setting) 56.88

A.5 EARLY EXIT

To reduce inference cost, the step-wise generation of output logits (Eq. @) enables an adaptive halting
criterion (Schusferefall, PO77; [Geiping et all, PO73) that terminates the forward pass dynamically
at step

k* = min{k > 2 : KL(softmax(yy) H softmax(yz—1)) < €}, 5)

where the threshold e defines the accuracy-compute tradeoff. In the read-out-only form every pass
is still computed and the token is read from pass k*. In the compute-skipped form the passes after
k* are not computed. Table M reports both forms on GQA, each against the same model without
exit (A).

Table 10: Early exit (Eq. B) on GQA. The retrofits use the 7.5B-token Sy and are trained at a fixed depth of
6 or with depth sampled at mean 6 or 16. The converted model at mean depth 32 is built like the converted
recurrent VLM of Table [ from the McLeish—efall (Z0Z3) checkpoint pretrained at that depth. Pass read is
the mean pass a generated token is read from. Passes run is the mean number of block passes computed per
generated token, with the first token counted at the cap (T: tokens after the first only). Settled@6 is the share
of generated tokens whose successive readouts have a KL divergence below 5-107 at pass 6. Rows without
exit have no € and no A. The readouts of the fixed-depth model do not settle, so the rule almost never fires
on it (pass read 6.00 and 5.92). The values without exit differ from Tables [ and H because this evaluation ran
without image padding.

Pass pagses  Settled
Model Variant e Cap GQA A read run @6

sampled, mean 6 no exit - 6 5892 - 6.00 6.00 98.4%
read-out only 51073 6 5853 —0.39 28I 6.00
compute-skipped ~ 5-1073 6 5831 —0.61 2.79 3.75
compute-skipped 1073 6 5876 —0.16 3.40 3.89
6
6

fixed, 6 no exit - 59.41 - 6.00 6.00 3.7%
read-out only 51073 59.41  +0.00 6.00 6.00
compute-skipped ~ 5-1073 6 5941 +0.00 5.92 5.92

sampled, mean 16 no exit - 16  59.06 - 16.00 16.00 -
read-out only 51073 16 5840 —-0.67 3.15 16.00
compute-skipped ~ 5-107° 16 5855 —0.52 228"  2.28f
no exit - 32 59.12 - 32.00 32.00
compute-skipped ~ 5-107° 32 5871 —0.41 228"  228f

converted, 8 no exit - 8 5836 - 8.00 8.00 71.4%
read-out only 51073 8 5740 —0.96  3.77 8.00
compute-skipped ~ 5-1073 8§ 5739 —-0.98 3.72 4.72

converted, mean 32 no exit - 32 59.04 - 32.00 32.00 77.3%
read-out only 51073 32 5827 —-0.77 3.97 32.00

compute-skipped ~ 5-1073 32 5820 —-0.83 3.93 14.70

A.6 QUALITATIVE EXAMPLES

Figures B and B show two further items from each of the four reasoning-oriented benchmarks
on which our model answers correctly and the three trained non-recurrent baselines of Table [,
Baseline+(S7, S2), Baseline+(Sg, S1,.52) and Baseline(pruned)+(Sy, S, S2), answer wrongly, to-
gether with the answer of every model in Table . A check mark denotes the correct option.
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RealWorldQA TinyLLaVA-1.4B D x
Given the picture, in which cardinal direction Baseline+(.S1, S2) A X
is the dinosaur facing? Baseline+(So, S1, S2) A x

A.North. B.South. C.East. D. West Baseline(pruned)+(So, S1, S2) D x
Recurrent LM+ViT+(S1,S2) Cv

RR-VLM (ours) Ccv
RealWorldQA TinyLLaVA-1.4B C x
Which direction is the blue cap pens arrow Baseline+(.S1, S2) C x
pointing? Baseline+(So, S1, S2) C x
A. Pointing up. Baseline(pruned)+(So, S1, S2) C X
B. Pointing to the right. Recurrent LM+ViT+(S1, S2)  C X
C. Pointing to the left. RR-VLM (ours) BV
SEED-Bench TinyLLaVA-1.4B A X
What is the relative position between the leaf Baseline+(.S1, S2) A X
and the flower? Baseline+(So, S1, S2) A X
A. The leaf is above the flower Baseline(pruned)+(So, S1, S2) A X
B. The leaf is on the right of the flower Recurrent LM+ViT+(S1, S2) A X
C. The leaf is on the left of the flower RR-VLM (ours) DV
D. The leaf is below the flower
SEED-Bench TinyLLaVA-1.4B Dv
Is the laptop above, below, or next to the Baseline+(S1, S2) C x
family in the image? Baseline+(.So, S1, S2) C x
A.Nextto B.Below C.Above Baseline(pruned)+(So, S1, S2) C X
D. In front of Recurrent LM+ViT+(S1,S2) DV

RR-VLM (ours) Dv

Figure 3: Qualitative examples (RealWorldQA, SEED-Bench). Two items per benchmark with the answer
of every model in Table . A check mark denotes the correct option.

AI2D TinyLLaVA-1.4B B x
Which is a secondary consumer? Baseline+(S1, S2) B x
A.shrew B. grasshopper C. cricket Baseline+(.So, S1, S2) B x
D. grass Baseline(pruned)+(So, S1, S2) B X
Recurrent LM+ViT+(S1, S2) B X
RR-VLM (ours) AV
AI2D TinyLLaVA-1.4B B x
What does stage the number 3 depict? Baseline+(S1, S2) B x
A.Adult B.Egg C.Chrysalis Baseline+(.So, S1, S2) B x
D. Caterpillar Baseline(pruned)+(So, S1, S2) D x
Recurrent LM+ViT+(S1, S2) B X
RR-VLM (ours) Cv
CV-Bench-2D TinyLLaVA-1.4B A X
Considering the relative positions of the Baseline+(.S1, S2) A X
person (annotated by the red box) and the Baseline+(.So, S1, S2) A X
horse in the image provided, where is the Baseline(pruned)+(So, S1, S2) A X
person (annotated by the red box) located with  Recurrent LM+ViT+(S1, S2) A X
respect to the horse? RR-VLM (ours) BV
A.left  B.right
CV-Bench-2D TinyLLaVA-1.4B A x
Considering the relative positions of the Baseline+(.S1, S2) A x
cutlery and the range in the image provided, Baseline+(So, S1, S2) A X
where is the cutlery located with respect to the Baseline(pruned)+(So, S1, S2) A X
range? Recurrent LM+ViT+(S1, S2) A X
A.left B.right RR-VLM (ours) BV

Figure 4: Qualitative examples (AI2D, CV-Bench-2D). Two items per benchmark with the answer of every
model in Table M. A check mark denotes the correct option.

16



	Introduction
	Related Work
	Method: Prune-Then-Loop Retrofitting
	Retrofitting existing VLMs
	Training Strategy

	Implementation Details
	Evaluation
	Comparison to Baselines
	Ablations
	Qualitative examples

	Conclusion
	Appendix
	Training hyperparameters
	Distillation placement at the 7.5B budget
	KV-cache sharing during training
	Text interleaving in S2
	Early exit
	Qualitative examples


