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Figure 1.Zero-shot vision encoder graftingvia a small language  Figure 2.Reducing full decoder training costwith our surrogate-
surrogategrgt) model to trigger the target LLM to perform visual trained encoder for Llama-70B in VLMs. HolloW indicates the
understanding task without any additional training. average score of the surrogate-trained encoder on the left.

Abstract _ _

the context window of an LLM. The image features must
Vision language models (VLMs) typically pair a modestly P€ aligned with the representation space of the LLM, and
sized vision encoder with a large language model (LLM), this is achieved by tr_al_nmg_ the entire pipeline en_d-to-end.
e.g., Llama-70B, making the decoder the primary computa—The cost of such training is often severe_ly dominated by
tional burden during training. To reduce costs, a potential 1€ language model. For example, plugging CLIP (approx
promising strategy is to brst train the vision encoder using a 400M parameters) into Llama-70B][results in a pipeline
small language model before transferring it to the large one. Where vision encoder training occupies almost none of the
We construct small Osurrogate modelsO that share the samEeduired memory and computation.

embedding space and representation language as the largen this paper, we explore methods of performing encoder
target LLM by directly inheriting its shallow layers. Vi- alignment using relatively small lightweight language mod-
sion encoders trained on the surrogate can then be directly els, and transferring the resulting features to a large lan-
transferred to the larger model, a process we call zero-shot guage model. We train smaurrogatelanguage models
grafting B when plugged directly into the full-size target with the same representation space as a larger target LLM.
LLM, the grafted pair surpasses the encoder-surrogate pair After training the vision encoder on this small surrogate
and, on some benchmarks, even performs on par with fullmodel, we can then transfer it to the larger model, either
decoder training with the target LLM. Furthermore, our directly (grafting) or with Pne-tuning.

surrogate training approach reduces overall VLM training

costs byl 45% when using Llama-70B as the decoder. A major focus of our work is on understanding how to con-

struct small surrogate models that accurately mock larger
target LLMs. Our method of creating such small models
Most modern auto-regressive VLMs are built by extracting stems from analyzing the internal prediction dynamics of
visual features from images using an encoder like CLIP LLMs, particularly how predictions evolve across layers.
[37] or SigLIP [47, 52], and placing these features into This analysis reveals two distinct phases in the prediction
lwe debnezero-shot graftingas plugging a vision encoder trained on trajectory, Separated by a clear transition point. We con-

a surrogate model directly into its target LLM without additional training. .StrUCt_Our small models by prese:rving the |ay(.9r3 that partic-
In contrasttransferringinvolves further bne-tuning after grafting. ipate in the early feature extraction phase of inference, and




condensing all other layers. Since the small model inheritslayer index and is the hidden dimension. The Pnal hid-
its shallow parameters from the target LLM, it shares the den stateX-"! are passed through a normalization layer
same embedding space as the original larger model and caand the bnal linear laya/ " RV'P to produce the logits,
effectively stand in as its surrogate. Our surrogate modelwhereV is the vocabulary size. The probability distribu-
has two major advantages: tion for the predicted next token can be computed for all

Zero-shot grafting capability. Vision features trained on a positions:

smaller and less resource-intensive surrogate can be directly _ L"Iy\ps #n 0 NIV

. ; P =softmax norm(X w R . 1
used by the larger target LLM without any Pne-tuning, as m ) @)
depicted in Figure . This zero-shot graftinglemonstrates  The probability for the next output token at each individual
these surrogate-trained encoders effectively trigger V'Sualposition is
understanding in target LLMs.

Fast-converging VLM training. The encoders trained on p=P["!Lt[1] "R", @)
surrogate models can be further Pne-tuned with the full-size " , . . .
target LLM. Since they are already aligned with the LLMOs \(/jvhereIZ[ 'Ll r]]] shifts tdonel pos'“m.‘ .fOrW""le gnd n- h
embedding space, they achieve high performance with com—t ekxesé WP UE t§'|t't € S.?ﬁ?[n f'tl?' a;t ptoskmon, 21|gn|ng eac
paratively little full-scale training. Our experiments show a Okents probability with 11s following token In the sequence.
I 45% cost reduction for full decoder training with Llama- For each layerOs hidden statéswe compute the interme-
70B, as shown in Figurs, highlighting the efbciency of our  diate probability distributiorg' following the same proce-
surrogate-trained encoders. dure:

Table of Main Contents — g’ = softmax norm(X )W " ["11,t[1"]. (3)

¥ Section : We detail the method of constructing our sur-
rogate model, providing analysis that demonstrates how
we discovered, developed, and validated our approach
through experimental ablations.

¥ Section : We show our surrogate models for giant LLMs

To capture the trajectory of evolving predictions, we calcu-
late the KL divergence between the normalized layer-wise
distributiong' and the bnal distributiop:

!
like Llama-70B, producing encoders with a strong zero- Dic (' #) = 17(q' log ), (4)
shot grafting ability, which can also accelerate the full P
decoder training of giant language models for VLMs. wherel " RN "L is a vector of onedog is applied element-

- wise. Eq. {) quantibes the deviation of each layerOs predic-
1. Building Surrogate Models tion from the Pnal model output, offering insight into how

In this section, we present our approach for building small much each layerOs distribution shifts along the prediction
surrogate models for target LLMs. First, we analyze the trajectory. Ihis measure enables a dee~per understanding of
LLMOs hidden features to identify the critical transition €ach layerOs role in shaping the modelOs eventual output dis-
point between shallow and deep information processing lay-tribution.

ers. Next, we observe that the second/deep phase of infertn Figure , we plot Eq. {) across different layers of the

ence contributes very little to encoder transferability, and | |lama-3B, 8B, and 708models by feeding300 random
observe that image features transfer well between modelssamples from GenQA5|. To demonstrate the same curve
when they share their early/shallow processing layers. Fi-pattern in a different model family, Gemma-2B is also in-
nally, we validate these Pndings and propose to construcicluded. Each model displays a distinmase transition
surrogate models by preserving the early-phase layers whileyhere the curves abruptly coalesce and then monotonically
replacing late-phase layers with a translator. converge to the Pnal distribution. For example, in Llama-
8B, this point appears to occur around layiat whereas
for Llama-70B it is closer to laye40. We speculate that
For a target LLM and input arrayof N text token IDs  this point marks a transition in the type of position-wise
t " ZN, we trace the evolution of features over a forward information processing occurring in the model, where the
pass of the model. By propagating these tokens through allinternal states shift fronearly phasebefore the transition

L transformer layers, we obtain intermediate hidden statespoint to thelate phaseafter it. The layers in the early phase
X' " RN'D from each layer, where" [0, L! 1] denotes the

1.1. Analyzing the Prediction Trajectory

3Unless stated otherwise, each model mentioned refers to its latest in-
2Bold capital letters denote a matr¥, and bold lower-case letters a  struct version. For example, Llama-3B indicates Llama-3.2 3B, Llama-

column vectorx. X [i,j ] refers to the element at roivand columnj in 70B represents Llama-3.1 70B, and Gemma-2B denotes Gemma-2 2B.

matrix X . All non-bold letters represent scalars. 40One concern about this teacher-forced manner is ablated in Sec.
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Figure 3.The trajectory of prediction across different layers of Llama-3B, 8B, and 70B, and Gemma-2B from a different model family.
The arrow marks the transition point where the trajectories of 300 random samples converge.

process information from individual token embeddings and ing LLaVA-1.5-665K [27] vision-language instructions and

combine simple representations together to form higher or-random GenQA%] 500K text instructions, for one epoch.

der concepts, then layers in the late phase converge toward®) Then, we Pne-tune the encodeiTiL/14@336px ) and

a specibc next-token prediction. vision adapter with the frozen decoders on the LLaVA-1.5-
665K instructions for one epoch.
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Figure 4. Replacing layers with a translator. Despite the rel T (16,26) 589 572 54.8 385 643 67.6 782 326

y 9 ) Table 1. Accuracy (%) of small modelsfor Llama-3B on text

bypasses many network layers, and is initialized from the s.hallow-b nchmarks. i ntrol exoeriment added later in the stud
est original layer that it replaced. enchmarks. 1S a control €xp € edlate € study.

) . Evaluating decoders After Pne-tuning translators in the
1.2. Studying the Transition Phases brst stage, we evaluate mod@lg1,11) andT (16,26) on

To test our hypothesis on the transition point, we exper- €xt benchmarks(Table ). The Prst row is the baseline
iment with Llama-3B by replacing consecutive layers of performance of Llama-3B. The secqnd and third rows show
each phase with a single transformer layer callé@asla- the performance of the decoders with early- and late-phase
tor (terminology adopted frong]), as depicted in Figurs. layers replaced, respectively. A signibcant performance
From Llama-3BOs 28 layers, we preserve the brst(@) Qrop occurs when r(_aplacmg early.—phase layers, qnderscor—
and last { = 27) layers while replacing two groups of eleven N9 their critical role in understanding and generation.

layers each with a translatdr. layers from! =1to1lin-  Evaluating encoders During the second stage, encoders
dicated asT (1, 11) for the early phase before Llama-3BOs are pne-tuned with small modely(1,11) and T (16, 26).
transition point { = 16 in Figure ) andT (16,26) for the  We also train an encoder with the full-size Llama-3B as our
late phase after it. Each is a 2B small model. baseline, listed in the brst row of Tabie For each model,
Next, we examine the two transition phases by evaluating T (1,11) andT (16, 26), we report two results: a) perfor-
vision encoders trained on moddl¢1, 11) andT (16, 26). mance with their respective encoders, and b) performance
To understand their differences and how they affect encodeWith these encodeero-shot graftetb Llama-3B. For case

transferability to the target LLM, we construct two LLaVA- D). since Llama-3B is never trained on vision-language in-
like VLMs using these small models as decoders. We em-Structions, it cannot consistently follow special instructions

ploy a two-stage training approach to conduct the initial ex- In benchmarks like MME 10] and POPE £6] that expect
OyesO or OnoO answers by prompting with Osingle word or

phraseO. For these benchmarks, we prompt the model with
binary prompts, directing it to answer with OyesO or OnoO to
ensure measurable responses.

periments:
1) First, wesimultaneouslyre-train a vision adapter (a two-
layer MLP) and the translator on 1M instructionsombin-

Snitial experiments with Gemma-2B showed similar results. In later
sections we adapt the method to a 70B model. "To ease the benchmarking, we evaluate our instruct models on the
5This differs from the typical pre-training of vision adapters, which use same benchmarks as the non-instruct models, i.e., base models, and report

captions rather than instructions. accuracy produced by log-likelihood.




Encoder fine-tuned by small model 7( 1, 11) Llama 3B
Input image ) . ) .
There is no image provided. The text appears to be a collection of phrases and sentences that seem to be

related to a topic, possibly about a image or a visual element, but no actual image is included.

Encoder fine-tuned by small model 7(16,26) —> Llama 3B Zero-shot grafting: success

The image shows two lambs standing side by side in a yard, with one lamb having a distinctive tuft of wool on
its forehead. The lambs appear to be in a natural setting, possibly in a farm or a rural area.

Encoder fine-tuned by Llama 3B Llama 3B

The image features two sheep standing next to each other, with one sheep looking directly at the camera. The
Input prompt other sheep is slightly turned away, but still visible in the scene. The sheep are standing on a dirt path, and
there is a wooden fence in the background.

Based on the visual
elements captured in
this image of<|image
tokens|>, describe
the image briefly.

Pre-trained Encoder fine-tuned Llama 3B

The image features two adorable baby llamas standing next to each other in a brick courtyard. They are facing

the camera, with one of the llamas looking directly at the viewer. The scene appears to be set in a zoo, as there
is a bench visible in the background. The two llamas are the main focus of the image, showcasing their unique

and charming appearance.

Figure 5.Qualitative results on zero-shot grafting capability of encoders trained with small models for Llama-3B. For comparison, we
also include responses from the encoder trained with Llama-3B and the bPne-tuned Llama-3B. The encoder {faihé26h achieves
strong zero-shot transfer to Llama-3B. Response is sampled with greedy decodin@® denotes plugging A into B.

{:é o 3 run based o (16, 26), in which we unfreeze every other
gg g e _ 3 E layer before the translator and train them alongside it dur-
w F oo 2 % o 8 ing the Prst stage. This control experiment is designed to
encoder bne-tuned o % Q 7 § = § g disrupt the original early-phase parameters, allowing us to
Llama-3B | 1028 81.7 54.2 241 429 418 completely assess their impact on encoder transferability.
modelT ( 1,11) 599 63.2 25.8 143 372 0.6 We denote this modibPed model 8§16, 26)%.
zero-shot grafting| 540 2.7 253 6.9 263 9.2! . . o .
modelT (16,26) | 923 704 532 206 42.7 4504 First, back in Table, the last row indicates that Pne-tuning
zero-shot grafting | 1022 80.1 53.1 23.1 56.6 474" additional layers alongside the translator leads to better per-
modelT (16,26)" | 1162 84.4 59.8 25.0 48.1 508 formance on text benchmarkslowever in Table , when
zero-shotgrafting| 714 223 40.7 11.2 342 30f! evaluating the encoder trained @r(16,26)%, we actually

Table 2.Accuracy (%) of encoders bne-tuned by small models  opserve a huge loss of zero-shot grafting ability. This sug-
for Llama-3B on \_/LM benchmarks. indicates a control experi- gests that modifying early-phase parameterd {116, 26)
ment added later in the study. enhance performance on both text and VLM benchmarks
when evaluated through itself, but fails to preserve the
Table clearly shows that the encoder trained with early- encoderOs zero-shot grafting capability as the embedding
phase layerpreservedmodel T (16,26) outperforms the  space ofT (16, 26)* drifts away from the target model.
one with early-phase layediscardedmodelT (1,11). Re-
markably, performance improves further when the encoder
Pne-tuned ofT (16, 26) is zero-shot grafted to Llama-3B,
as shown in the third row block. This improvement high-
lights that the encoder trained wilh(16, 26) can produce
image features that are interpretable by Llama-3B.

How many early-phase layers should be preserved?®
retaining the original early-phase parameters is necessary,
the next question is how many layers to preserve for effec-
tive zero-shot grafting. In other words, we seek to conbrm
the transition point in Figure as the optimal starting point
for layer removal and translator insertion.

In Figure , we present qualitative results showcasing the

zero-shot grafting cabability of the encoders trained via Liama-8B, where the transition point is around layer17.

T(L11) andT (16,26). The responses enhance the above To validate the transition point, we create three small mod-

results that replacing the early-phase layers causes the enéls by progressively reducing the replaced layers before the
coder to fail in generating image features that are directly y prog y 9 P y

. . transition point: T (6,30), T (12,30), andT (17,30). As
interpretable by the full-size Llama-38. shown in Table , the performance of these three models on
Are early layers the most critical for encoder transfer? text benchmarks corroborates our bndings from Llama-3B,
The shallow phase of inference plays a crucial role in trans- demonstrating that early layers are indeed important. Keep-
ferring a pre-trained encoder to the full-size target LLM. ing more early layers leads to better performance, with the
To concretely verify this observation, we conduct a control best achieved by the mod€l(17, 30).

To ensure generalization, we conduct this ablation with



Encoder fine-tuned by small model 7( 6, 30) Llama 8B

It seems like you're having a bit of fun with the text! To answer your question, the image you're referring to is
not actually an image, but rather a text prompt. I'm here to help you with any questions or topics you'd like to
discuss. If you'd like to start fresh, feel free to ask me anything, and I'll do my best to help!

Input image

Encoder fine-tuned by small model 7(12,30) —»> Llama8B Zero-shot grafting: success
The cat is sitting on a colorful, hand-painted canvas, which is likely a wall or a piece of art. The cat appears to be
looking directly at the viewer with a curious expression, as if it is observing its surroundings.

Encoder fine-tuned by small model 7(17,30) —»> Llama 8B Zero-shot grafting: success

Input prompt The cat is sitting on a colorful, striped cushion or couch, looking directly at the viewer with its eyes. It appears to
be relaxed and calm, possibly enjoying the comfortable seating.

Based on the visual

elements captured in Encoder fine-tuned by Llama 8B Llama 8B
this image of<|image
tokens|>, where is
the cat? And what is it Pre-trained Encoder fine-tuned Llama 8B

The cat is sitting on a yellow couch, looking directly at the camera.

doing? The cat is sitting on a couch, which is located in a room.

Figure 6.Qualitative results on zero-shot grafting capabilityof encoders trained with surrogate models for Llama-8B. For comparison,
we also include responses from the encoder trained with Llama-8B and the bPne-tuned Llama-8B. More early-phase layers preserved lead
to stronger zero-shot grafting capability. Responses are sampled with greedy decoding.d&notes plugging A into B.

by T (12,30) performs better, but its image features lack
Pne-grained detail (e.g., no couch in response), which ex-
plains the zero-shot performance gap in TahleThe en-

small model coder trained byl (17, 30) generates more detailed and ac-
Llama-88 | 68.4 80.5 79.8 618 81.5 854 448  cyrate image features, achieving the best zero-shot grafting
T( 6,30) 255 318 368 24.7 50.9 588 613 258 response among the three, which covers the catOs color, ex-

T(12,30) 25.4 42.9 405 29.0 59.6 62.6 69.4 29.6 : D iy
T (17,30) 66.8 612 59.3 448 709 710 69.3 34.2 pression, eye direction, position, the presence of a couch,
and even the atmosphere.

Table 3. Accuracy (%) of small modelsfor Llama-8B on text
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Llama-8B | 1165 84.7 575 23.2 47.6 449 ¥R_et§a|rlu;19 the_ozlg_ln_al ptarllrametegsoghe earlyhpr:aseflts
modelT ( 6.30) | 583 733 258 89 224 86 critical for maintaining the encoderOs zero-shot graft-
zero-shotgrafting| 767 20.6 30.9 134 281 || ing capability. _ .
modelT (12,30) | 983 77.9 269 136 29.1 0.8 ¥ The transition pointin Figure is a good starting point
zero-shot grafting 1022 817 50.7 20.5 479 454" for late-phase removal and translator insertion.
modelT (17,30) | 1041 81.3 554 20.9 420 49f7
zero-shot graftingl 1044 83.4 56.1 25.2 56.8 535" aWe believe the early phase of LLMs has potential beyond building

Table 4.Accuracy (%) of encoders bne-tuned by small models S LERlE G R Gl MR R el liERiis.

for Llama-8B on VLM benchmarks.
Based on these three key Pndings, now we debne the model

We evaluate the zero-shot grafting capability of the en- T(16,26) as oursurrogate modefor LIama—3B., the model
coders trained with these three models to Llama-8B in Ta- | (17-30) as our surrogate for Llama-8B, by inheriting the

ble . Performance improves with more preserved early lay- $211Y-Phase layers and replacing the late-phase layers with
ers, showing particularly strong results when retaining all a translator, which can be Pne-tuned with a small set of text

early-phase layers before the transition poiri 17, 30). instructions, e.g., 500K for one epoch.

Figure depicts a qualitative example demonstrating the o Generalizing to Giant Models
zero-shot grafting capability of three trained encoders. As

expected, the encoder trained by the motié6, 30) fails Having validated our approach at relatively small scales, we
to generate readable image features for Llama-8B as moshow expand our methodology to construct surrogate mod-
of the early-phase layers are removed. The encoder trainecls for giant LLMs B Llama-70B. In this section, our ex-


















