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Abstract

Knowledge injection updates pretrained
MLLMs with new factual or domain-specific
knowledge, but fitting full authoritative an-
swers can cause drift in non-updated behavior.
Online distillation limits this drift by training
on model-generated rollouts, yet uniform
reference-conditioned distillation gives
coarse supervision: it can under-emphasize
reference-supported rollout tokens and
supervise omitted facts only indirectly. We
introduce RoCo-ACE, a rollout-conditioned
online distillation objective for knowledge
injection: RoCo uses same-rollout reference-
free/reference-conditioned likelihood contrast
to reallocate additional distillation weight
to reference-supported rollout tokens, while
ACE adds sparse reference-side anchored
correction for authoritative anchors omitted
from the rollout, without full-answer imitation.
Across three knowledge-injection settings, six
retention benchmarks, multiple baselines and
base models, RoCo-ACE achieves the best
injected-knowledge accuracy among compared
methods while keeping evaluated retention
close to the base model.

1 Introduction

Multimodal Large Language Models (MLLMs)
have evolved from vision-language pretraining
and image-language bootstrapping (Alayrac et al.,
2022; Li et al., 2023) to instruction-tuned mul-
timodal assistants (Dai et al., 2023; Liu et al.,
2023; Bai et al., 2023). Together, these mod-
els support instruction following, visual under-
standing, grounding, and text-rich image reason-
ing. Separate safety work studies how to pre-
serve or steer their responses under unsafe mul-
timodal inputs (Pi et al., 2024; Wu et al., 2025).
After deployment, these models often need to ab-

sorb new entities, events, domain facts, and visual-
world knowledge. A useful knowledge-injection
update should improve injected-knowledge accu-
racy while limiting drift in non-updated multimodal
and safety behavior, as evaluated by general multi-
modal benchmarks (Liu et al., 2024a; Chen et al.,
2024) and safety benchmarks (Liu et al., 2024b).
This goal is challenging: fitting new data can
interfere with previously learned behavior (Kirk-
patrick et al., 2017; Li and Hoiem, 2016), and re-
cent MLLM knowledge-injection studies observe
the same injection-retention trade-off (Jiang et al.,
2026a,b).

Existing update strategies occupy different re-
gions of the injection-retention trade-off. Super-
vised Fine-Tuning (SFT) (Ouyang et al., 2022)
directly fits target responses. In our knowledge-
injection setting, this full-answer objective can im-
prove injected-knowledge accuracy, but it can also
transfer dataset-specific style and narrow response
patterns together with the target facts. Constrained
or parameter-efficient methods restrict where or
how the model can change (Hu et al., 2022; Jiang
et al., 2026b; Luo et al., 2026), but they do not di-
rectly localize supervision to the factual units that
should change. The key issue is supervision gran-
ularity: knowledge injection often requires updat-
ing a few entities, dates, relations, or event details,
while many training tokens reflect generic phras-
ing, non-target visual details, or answer style. As
illustrated in Figure 1, fitting-oriented methods can
improve injection at a substantial retention cost,
whereas conservative methods better limit drift in
non-updated behavior but leave some target facts
under-injected.

To address this injection-retention trade-off, we
propose RoCo-ACE, a Rollout-Conditioned con-
trastive online distillation objective with Anchored
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Figure 1: Motivation of RoCo-ACE. The upper panel
illustrates the injection–retention trade-off among direct
fitting, constrained updating, online distillation, and
our variants. RoCo-ACE improves this trade-off by
combining same-rollout likelihood contrast with sparse
anchored correction. The lower panel shows an EVOKE
example where RoCo-ACE recovers more authoritative
anchors than SFT and SDFT (Shenfeld et al., 2026)
while keeping a grounded response style.

Cross-Entropy for retention-oriented knowledge
injection. It trains on model-generated rollouts
instead of fitting the full authoritative answer, keep-
ing updates close to the current model policy (Agar-
wal et al., 2024; Gu et al., 2024; Shenfeld et al.,
2026; Zhao et al., 2026; Ye et al., 2026). However,
uniform reference-conditioned online distillation
still lacks fine-grained supervision: it can allocate
gradient mass to generic or unsupported wording,
fail to emphasize reference-supported rollout to-
kens, and provide only indirect supervision for facts
omitted from the current rollout.

Our key observation is that an on-policy roll-
out exposes a useful supervision split for factual
updating. It may contain reference-supported con-
tent already reached on-policy, generic or unsup-
ported wording, and authoritative anchors that are
omitted from or weakly matched by the rollout.
RoCo handles the rollout-side part by contrasting
reference-free and reference-conditioned teacher
views on the same rollout prefix, then reallocating
additional distillation weight to tokens whose like-
lihood increases under the reference-conditioned
view. ACE complements this signal with sparse
anchored cross-entropy over extracted authoritative

facts, assigning larger weights to omitted or weakly
matched anchors. Together, the two objectives in-
ject sparse factual content without turning the full
reference answer into a behavior-cloning target.

This paper makes the following contributions:

• We identify supervision granularity as a key is-
sue in online distillation for knowledge injection:
uniform rollout distillation can under-emphasize
reference-supported tokens and only indirectly
train facts omitted from the current rollout.

• We introduce RoCo-ACE, a rollout-conditioned
contrastive online distillation objective for knowl-
edge injection. RoCo uses same-rollout like-
lihood contrast to reallocate additional distilla-
tion weight to reference-supported rollout tokens,
while ACE adds sparse anchored correction for
omitted or weakly matched authoritative facts.

• Experiments on three knowledge-injection set-
tings and six retention benchmarks show that
RoCo-ACE improves injected-knowledge accu-
racy while keeping evaluated retention close to
online-distillation baselines and the base model.

2 Related Work

2.1 Update-Space Constraints for Retention

A direct way to inject knowledge is to fit au-
thoritative answers, but full-answer fitting can
shift non-target behavior. To limit such update-
induced drift, prior work often constrains where or
how the model can change. Adam-NSCL (Wang
et al., 2021) updates networks in the null space of
feature covariance, and LoRA-Null (Tang et al.,
2026) applies a related idea to low-rank adapta-
tion by choosing initialization spaces that better
retain pretrained behavior. KORE (Jiang et al.,
2026b) studies multimodal knowledge injection di-
rectly and combines knowledge-oriented augmen-
tation with constraints for limiting drift in multi-
modal updates. Parameter-efficient and forgetting-
aware methods, including LoRA (Hu et al., 2022),
KeepLoRA (Luo et al., 2026), MoELoRA (Luo
et al., 2024), and SEFE (Chen et al., 2025), re-
strict or organize trainable parameters through low-
rank adapters, residual-gradient updates, expertized
modules, or forgetting-aware constraints. Related
MLLM continual-learning work, such as MLLM-
CL (Zhao et al., 2025) and LiLoRA (Che et al.,
2026), further studies sequential visual-instruction
updates over heterogeneous task streams.

41848



These methods are retention-oriented mainly
through constraints on the editable parameter or up-
date space. RoCo-ACE is complementary: rather
than constraining the update space, it improves
supervision granularity over rollout tokens and au-
thoritative anchors.

2.2 Online Distillation for Model Updating

Knowledge distillation (Hinton et al., 2015) trans-
fers a teacher distribution to a student. On-
line or on-policy variants, such as Generalized
Knowledge Distillation (Agarwal et al., 2024) and
MiniLLM (Gu et al., 2024), distill on student-
generated outputs rather than only fixed target
responses, keeping supervision close to the cur-
rent student policy. Recent work further studies
richer teacher contexts, reasoning compression,
and policy-optimization variants (Zhao et al., 2026;
Ye et al., 2026; Sang et al., 2026; Yang et al., 2026;
Li et al., 2026). Song and Zheng (2026) provide a
recent survey. SDFT (Shenfeld et al., 2026) is espe-
cially related, as it uses self-distillation to stabilize
continual updates and reduce forgetting.

Online distillation is attractive for knowledge
injection because it avoids directly fitting the full
authoritative answer. However, uniform reference-
conditioned rollout distillation still provides coarse
supervision: it can spend gradients on generic or
unsupported wording, under-emphasize reference-
supported rollout tokens, and supervise omitted
authoritative facts only indirectly. RoCo-ACE im-
proves this granularity by combining same-rollout
likelihood contrast for reference-supported roll-
out tokens with sparse reference-side correction
for authoritative anchors omitted from or weakly
matched by the rollout.

Difference from contrastive and context distilla-
tion. RoCo does not introduce positive/negative
responses or a representation-level contrastive ob-
jective. The same teacher scores the same student-
generated prefix with and without the authoritative
reference. The resulting likelihood difference only
selects and reweights rollout positions, while the
reference-conditioned distribution remains the dis-
tillation target. Unlike broad context distillation,
RoCo therefore uses privileged context to decide
where to distill within one rollout, and ACE sepa-
rately corrects reference facts that the rollout does
not reach. Section 3.2 formalizes this distinction,
and Table 3 isolates it against uniform SDFT with
and without ACE.

Retrieval as an alternative. Retrieval-
augmented generation keeps model parameters
fixed and supplies retrieved evidence at inference
time, whereas knowledge injection internalizes
an update in the model parameters. (Ovadia
et al., 2024) directly compare retrieval-augmented
generation with unsupervised fine-tuning and
report higher factual accuracy for retrieval in their
evaluated settings. EVOKE likewise evaluates
retrieval-based updating alongside parameter up-
dates (Jiang et al., 2026a). Operationally, retrieval
requires an external corpus and retrieval path at
inference, while parameter injection produces
a self-contained updated model. RoCo-ACE
addresses the latter setting and is complementary
to retrieval rather than a replacement for it.

3 Method

3.1 Overview

We consider a knowledge-injection dataset D =
{(xi, ai, Ii)}Ni=1, where xi is a user prompt, ai
is an authoritative reference answer that specifies
the target factual update, and Ii is an optional im-
age. Our goal is to adapt a base MLLM pθ0 into
a student model pθ that incorporates the injected
facts into its responses while limiting drift in non-
updated behavior. Figure 2 gives an overview of
the RoCo-ACE training objective. For each ex-
ample, the student samples an on-policy rollout
yi = (yi,1, . . . , yi,Ti) ∼ pθ(· | xi, Ii). This roll-
out exposes a supervision split for factual updat-
ing: it may contain reference-supported factual
spans already reached on-policy, generic or un-
supported wording and non-target visual details,
and authoritative anchors that are omitted from or
weakly matched by the rollout. RoCo handles the
rollout-side signal by scoring the same rollout pre-
fixes with reference-free and reference-conditioned
teacher views. It uses their likelihood contrast to re-
allocate additional distillation weight to reference-
supported rollout tokens, while generic wording
and non-target visual details receive mainly the
floor distillation signal. ACE handles the omission
case with sparse anchored cross-entropy over ex-
tracted authoritative facts, assigning larger weights
to anchors omitted from or weakly matched by the
rollout. Together, RoCo and ACE inject sparse
factual content without treating the full reference
answer as a token-level imitation target.
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Figure 2: Overview of RoCo-ACE. The student samples an on-policy rollout that mixes generic or non-target
visual spans, reference-supported factual spans, and omitted authoritative anchors. RoCo scores the same rollout
under reference-free and reference-conditioned teacher views, then uses their likelihood contrast to assign larger
distillation weights to reference-supported rollout tokens. ACE complements this rollout-side signal with sparse
anchored cross-entropy for authoritative anchors omitted from or weakly matched by the rollout.

Notation Meaning

pθ , qϕ student and EMA-teacher distributions
xi, Ii, ai prompt, optional image, authoritative answer
yi, Vi student rollout and its valid token positions
qi,tbase, qi,tref reference-free and reference-conditioned teacher views
Si, Ai factual spans and reference anchor-token positions
wi,t, ui,s rollout-token and reference-span weights

Table 1: Core notation. The stabilizer ϵ > 0 is used in
normalized denominators.

3.2 RoCo: Rollout-Conditioned Contrastive
Online Distillation

Online distillation trains on the student’s own
rollout rather than only fitting a fixed target
response (Shenfeld et al., 2026; Zhao et al.,
2026). This on-policy property motivates its use in
our retention-oriented knowledge-injection setting.
This keeps the update close to the current student
policy, but uniform reference-conditioned distilla-
tion still assigns loss to every valid rollout token,
even though only a small subset carries target facts.
A student rollout often mixes reference-supported
factual content with generic or unsupported word-
ing. In Figure 2, for example, the rollout con-
tains reference-supported spans such as “Princess

Anne”, “hospitalized”, and “Gatcombe Park”, but
also includes non-target visual details such as “dark
green hat” and “formal coat”. RoCo addresses
this supervision-granularity problem by comparing
reference-free and reference-conditioned teacher
likelihoods under the same rollout prefix. It reallo-
cates additional distillation weight to tokens whose
likelihood increases when the authoritative refer-
ence is available, while generic wording, non-target
visual details, and answer style receive mainly the
floor distillation signal. To make this selective re-
allocation explicit, RoCo measures how much the
authoritative reference changes the likelihood as-
signed to each on-policy token under the same roll-
out prefix. Let qϕ denote the teacher model, and
let qϕ(· | ·) denote its next-token probability distri-
bution over the vocabulary. For each rollout prefix
yi,<t, we evaluate two matched teacher views:

qi,tbase(v) = qϕ(v | xi, Ii, yi,<t),

qi,tref(v) = qϕ(v | xi, Ii, ai, yi,<t).
(1)

The subscript base denotes the reference-free view,
and ref denotes the reference-conditioned view.
Both views score the same student-generated pre-
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fix and share the same architecture and parameters.
They differ only in whether the authoritative refer-
ence ai is included in the prompt context. In our on-
line setting, qϕ is an exponential-moving-average
teacher synchronized from the student, keeping
teacher scoring close to the current policy while
avoiding a degenerate self-target at the current op-
timization step. For each generated token yi,t, the
RoCo contrast is defined as the log-likelihood ratio
between the two views:

∆i,t = log qi,tref(yi,t)− log qi,tbase(yi,t). (2)

A high value of qi,tref(yi,t) alone may simply re-
flect a generic token that is already likely under
the original prompt, whereas a positive ∆i,t sug-
gests additional support induced by the authorita-
tive reference. We therefore use the contrast to
estimate reference-induced support for rollout to-
kens: the token is generated on-policy, and the
reference-conditioned view makes it more likely
under the same teacher and prefix. Let Vi denote
valid completion-token positions after removing
padding and ignored tokens. The contrast is con-
verted into dense token weights:

wi,t = w0 + β∆max(0,∆i,t − τ), t ∈ Vi, (3)

where w0 is a floor weight, β∆ scales the contrast
signal, and τ suppresses small log-likelihood dif-
ferences. The floor term keeps a stable online-
distillation signal over the rollout, while the con-
trast term reallocates additional gradient mass to to-
kens whose likelihood becomes sufficiently larger
under the reference-conditioned view. When a de-
tected factual expression is split into multiple sub-
word tokens, we aggregate the token weights within
the expression and broadcast the resulting span
score back to its tokens. For simplicity, we still de-
note the resulting weights by wi,t. This span-aware
smoothing reduces subword-level noise for names,
dates, numbers, and multilingual expressions.

The resulting distillation objective is

L(i)
RoCo =

∑
t∈Vi

wi,tdi,t∑
t∈Vi

wi,t + ϵ
,

di,t = DKL

(
qi,tref(·)∥pθ(· | xi, Ii, yi,<t)

)
.

(4)

The denominator makes the objective a weighted
average over valid rollout tokens, so RoCo changes
the relative distribution of distillation weight rather
than simply changing the overall loss scale. The

reference-conditioned teacher provides the distri-
butional target, while the reference-versus-base
contrast determines where additional distillation
weight should concentrate. Thus, RoCo strength-
ens reference-supported content already reached
on-policy, while keeping training anchored to the
student’s own completion and down-weighting
generic wording, non-target visual details, and an-
swer style.

3.3 ACE: Anchored Cross-Entropy
The on-policy design also defines a coverage
boundary for RoCo: its loss is evaluated on the
valid rollout positions Vi, so its strongest supervi-
sion comes from content that the student already
reaches in its own completion. When a target fact
is absent from the rollout, reference-conditioned
distillation may still influence nearby continuation
distributions and help future rollouts move toward
that fact, but the current rollout provides only in-
direct supervision for the omitted anchor. ACE
addresses this remaining coverage gap by applying
explicit supervised correction to extracted authori-
tative anchors, with larger weights for anchors that
are missing or weakly covered in the rollout.

Let ai = (ai,1, . . . , ai,Li) denote the tokenized
authoritative answer. We segment ai into factual
spans Si. In our implementation, a deterministic
tokenizer-level procedure groups normalized con-
tiguous CJK/alphanumeric content tokens into com-
pact spans and removes special, punctuation-only,
and common function-word tokens; it uses no ex-
ternal NER, parser, or learned extractor. This con-
struction captures entity-like strings, dates, num-
bers, quoted titles, and compact factual phrases.
The same normalization is used when comparing
reference spans with rollout text; Appendix A gives
the exact rules and examples. For each span s ∈ Si,
let ρi(s, yi) ∈ [0, 1] be its coverage score in the
student rollout, where 1 denotes full coverage and
0 denotes absence. We assign each span an anchor
weight

ui,s = u0 + βmiss

(
1− ρi(s, yi)

)
, (5)

where u0 is a base weight for extracted fac-
tual anchors and βmiss controls the strength of
missing- or weak-coverage correction. Let Ji(s) ⊆
{1, . . . , Li} denote the reference-token positions
covered by span s, and let Ai =

⋃
s∈Si

Ji(s) be
the set of anchor-token positions in the reference
answer. We broadcast each span weight to its cov-
ered reference tokens. For overlapping spans, the

41851



token-level anchor weight is

ui,k = max
s: k∈Ji(s)

ui,s, k ∈ Ai. (6)

The ACE loss for example i is then

L(i)
ACE = −

∑
k∈Ai

ui,k log pθ(ai,k | xi, Ii, ai,<k)∑
k∈Ai

ui,k + ϵ
.

(7)
Only tokens in Ai receive supervised loss, and
non-anchor reference tokens serve only as teacher-
forced context. Thus, ACE is sparser than ordinary
SFT even when u0 > 0 for extracted anchors. It
complements RoCo by adding reference-side cor-
rection for target facts that are absent or weakly
covered in the rollout, while RoCo reallocates dis-
tillation over student-reachable rollout positions.

3.4 Overall Objective

For a mini-batch B, the final training objective com-
bines rollout-side distillation and reference-side
anchor correction:

L =
1

|B|
∑

i∈B

(
λRoCoL(i)

RoCo + λACEL(i)
ACE

)
,

(8)
where λRoCo ≥ 0 and λACE ≥ 0 are loss coef-
ficients. Here, L(i)

RoCo is evaluated on the valid
student-rollout positions Vi, and L(i)

ACE is evalu-
ated only on the reference anchor-token set Ai.
Together, these two losses provide complemen-
tary supervision: RoCo reallocates distillation over
reference-aligned reachable rollout positions, while
ACE adds sparse reference-side correction for miss-
ing or weakly covered anchors, enabling targeted
factual injection without full-reference imitation.

4 Experiments

4.1 Settings

Benchmarks. We evaluate knowledge injection
along two axes: injected-knowledge acquisition
and evaluated retention. For acquisition, we use
EVOKE (Jiang et al., 2026a), which contains
image-grounded entity and news updates with au-
thoritative reference answers, and VP/Sci from
MLLM-CL (Zhao et al., 2025), which test broader
visual-perception and science-domain update set-
tings. Appendix I provides detailed benchmark
descriptions. For retention, we evaluate every
trained model on TreeBench (Wang et al., 2026),
VStar (Wu and Xie, 2024), MathVision (Wang

et al., 2024), MMStar (Chen et al., 2024), BabyVi-
sion (Chen et al., 2026), and MM-SafetyBench (Liu
et al., 2024b), abbreviated as MM-Safety in tables.
These benchmarks cover visual grounding, fine-
grained perception, multimodal mathematical rea-
soning, general multimodal understanding, core
visual primitives, and multimodal safety behavior;
we report their arithmetic mean as Ret. Avg.

Evaluation metrics. We report accuracy for
injected-knowledge acquisition and evaluated re-
tention. Open-ended injection responses are judged
against the authoritative answer by an LLM judge,
which focuses on factual consistency, including en-
tity identity, event identity, date, number, location,
and relation. Benchmark-specific tasks follow their
standard answer formats and normalization rules.
For multiple-choice tasks, we extract the predicted
option from the model response. Appendix J pro-
vides details of the judge model, answer extraction,
and normalization protocol.

Models and baselines. The main experiments
use Qwen3-VL-8B as the base model (Bai et al.,
2025); Qwen3-VL-30B results are reported in
Appendix E. We compare direct fitting base-
lines (LoRA (Hu et al., 2022) and SFT (Ouyang
et al., 2022)), reference-conditioned online distil-
lation (SDFT with authoritative reference (Shen-
feld et al., 2026)), constrained-update baselines
(KORE (Jiang et al., 2026b), KeepLoRA (Luo
et al., 2026), MoELoRA (Luo et al., 2024), and
SEFE (Chen et al., 2025)), and our variants, RoCo
and RoCo-ACE. Unless otherwise stated, all meth-
ods use the same injected examples, training bud-
get, image preprocessing, and evaluation proto-
col; only the update rule or supervision objective
changes. KORE is the only exception, as it addi-
tionally uses auxiliary general data to estimate its
retention constraint. Implementation details and
hyperparameters are provided in Appendix L. All
online-distillation methods sample one on-policy
completion per training example. Appendix L re-
ports the paired teacher-scoring procedure and the
resulting training-time comparison; inference la-
tency is unchanged because only the student is
deployed.

4.2 Baseline Comparison
Figure 3 visualizes the EVOKE injection–retention
trade-off, and Table 2 summarizes Inj. Acc. and
Ret. Avg. across EVOKE, VP, and Sci. Full
per-benchmark retention values and VP/Sci radar
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Method
EVOKE VP Sci

Inj.
Acc.

Ret.
Avg.

Inj.
Acc.

Ret.
Avg.

Inj.
Acc.

Ret.
Avg.

Qwen3-VL-8B 16.4 57.2 69.9 57.2 73.1 57.2

LoRA 18.6 45.2 74.5 54.8 79.6 52.6
SFT 20.1 31.8 72.7 51.0 83.7 51.0
SDFT (w/ ref.) 20.9 55.1 74.1 56.4 81.5 56.7

KORE 25.2 47.0 76.4 52.5 86.7 48.3
KeepLoRA 17.3 56.6 74.0 52.0 74.6 54.2
MoELoRA 17.4 48.7 71.2 55.7 74.0 55.7
SEFE 19.8 44.8 74.8 54.3 77.8 52.1

RoCo 23.7 56.6 76.2 56.5 85.6 56.4
RoCo-ACE 27.6 56.5 77.8 56.2 87.5 56.3

Table 2: Baseline comparison across three knowledge-
injection settings. Inj. Acc. reports injected-knowledge
accuracy, and Ret. Avg. averages the six held-out reten-
tion benchmarks. Higher is better. Bold and bold-italic
mark the best and second-best scores.

plots are provided in Appendix C. Representative
EVOKE responses are shown in Table 11. Overall,
Table 2 shows that existing baselines tend to favor
either injection or retention, while RoCo-ACE im-
proves injected-knowledge accuracy with limited
drift in evaluated retention.
Fitting-oriented baselines prioritize injection.
LoRA and SFT directly optimize authoritative an-
swers, making them natural baselines for injected-
knowledge acquisition. However, full-answer su-
pervision also fits generic wording, answer style,
and non-target behavior rather than only target fac-
tual anchors. In Table 2, SFT improves EVOKE Inj.
Acc. from 16.4 to 20.1, but Ret. Avg. drops from
57.2 to 31.8. LoRA has less severe drift, reaching
18.6 Inj. Acc. and 45.2 Ret. Avg. The same trend
appears on VP and Sci, where both direct-fitting
baselines improve Inj. Acc. over the base model
but reduce Ret. Avg. These results show that full-
answer fitting provides a strong injection signal,
but is not ideal for retention-oriented knowledge
injection.
Constrained methods can favor stronger injec-
tion. KORE is the strongest non-ours method for
Inj. Acc. in all three settings, reaching 25.2 on
EVOKE, 76.4 on VP, and 86.7 on Sci in Table 2.
This suggests that knowledge-injection-specific
augmentation and constraints can strengthen target
acquisition. The cost is evaluated retention: KORE
obtains Ret. Avg. scores of 47.0, 52.5, and 48.3
on EVOKE, VP, and Sci, respectively, lower than
the base model and online-distillation baselines.

Figure 3: Radar comparison on EVOKE. The red axis
reports injected-knowledge accuracy, and the other
axes report evaluated retention on six held-out mul-
timodal and safety benchmarks. Scores are normal-
ized for visualization; exact values are reported in Ap-
pendix C. RoCo-ACE improves injected-knowledge ac-
curacy while keeping evaluated retention close to online-
distillation and retention-oriented baselines.

KORE therefore represents the injection-dominant
side of the trade-off.
Retention-oriented baselines limit drift but
under-inject. SDFT (w/ ref.) and KeepLoRA bet-
ter maintain Ret. Avg. but are weaker on Inj. Acc.
On EVOKE, SDFT keeps Ret. Avg. at 55.1, close
to the base model’s 57.2, but reaches only 20.9 Inj.
Acc. KeepLoRA reaches 56.6 Ret. Avg. but only
17.3 Inj. Acc. MoELoRA and SEFE show inter-
mediate behavior across the three settings. These
results are consistent with the limitation of conser-
vative updates or uniform rollout distillation: they
can limit evaluated retention drift, but leave some
sparse target facts under-injected.
RoCo-ACE improves the trade-off. RoCo im-
proves over the SDFT reference point by replacing
uniform rollout distillation with same-rollout like-
lihood contrast. On EVOKE, it increases Inj. Acc.
from 20.9 to 23.7 and Ret. Avg. from 55.1 to 56.6.
Adding ACE further supplies sparse correction
for authoritative anchors omitted from or weakly
matched by the rollout. RoCo-ACE achieves the
best EVOKE Inj. Acc. among compared meth-
ods, 27.6, while keeping Ret. Avg. at 56.5, only
0.7 below the base model. Compared with KORE,
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it improves EVOKE Inj. Acc. by 2.4 points and
Ret. Avg. by 9.5 points. Compared with SFT, it
improves them by 7.5 and 24.7 points. The same
pattern holds on VP and Sci in Table 2. RoCo-
ACE obtains the best Inj. Acc. on both settings,
77.8 and 87.5, while keeping Ret. Avg. at 56.2
and 56.3, close to SDFT (w/ ref.) and higher than
KORE. Overall, the results support the central de-
sign: RoCo reweights reference-supported rollout
tokens through same-rollout likelihood contrast,
while ACE adds sparse reference-side correction
without full-answer imitation.

4.3 Ablation Study
Table 3 isolates the main design choices. SDFT
(w/ ref.) and RoCo use the same rollout, reference-
conditioned teacher target, optimizer, and train-
ing data. The key difference is whether rollout
tokens receive uniform weights or weights from
same-rollout likelihood contrast. RoCo improves
EVOKE Inj. Acc. from 20.9 to 23.7 and Ret.
Avg. from 55.1 to 56.6, showing that reweight-
ing reference-supported rollout tokens improves
over uniform reference-conditioned distillation.

We further include teacher-side controls. First, a
fixed-teacher variant disables EMA teacher updates
while keeping the same RoCo-ACE objective. Its
EVOKE Inj. Acc. drops from 27.6 to 25.6, while
Ret. Avg. remains close to the EMA-teacher set-
ting. This suggests that a fixed teacher can still keep
evaluated retention stable, but provides a weaker
injection signal than an EMA teacher that tracks
the current student during online distillation.

Second, a mismatched-reference control feeds
the reference-conditioned teacher a shuffled au-
thoritative answer from another training example,
while keeping the student rollout, original prompt,
teacher, optimizer, and matched ACE anchors un-
changed. This preserves the reference pathway
and context length but removes semantic align-
ment between the input and the teacher-side ref-
erence. EVOKE Inj. Acc. drops to 18.5, indicating
that matched reference content is important for the
RoCo likelihood contrast. Ret. Avg. remains high,
and injection does not collapse to the base level
because ACE still provides sparse correction for
omitted or weakly matched authoritative anchors,
while the rollout-distillation path remains anchored
to the original prompt.

ACE addresses the complementary omission
case. SDFT+ACE reaches 25.9 EVOKE Inj. Acc.,
showing that sparse anchored correction helps even

without same-rollout likelihood contrast. ACE
only reaches 25.1 EVOKE Inj. Acc. but low-
ers Ret. Avg. to 53.6, suggesting that anchor
correction alone improves injection but lacks the
rollout-distillation signal needed to limit drift. The
full RoCo-ACE objective combines rollout-side
reweighting with reference-side anchor correction,
reaching the best EVOKE Inj. Acc. of 27.6 while
keeping Ret. Avg. at 56.5.

The full-reference CE controls show why anchor-
level correction matters. Here, SFT applies uni-
form CE over the complete authoritative answer,
while SDFT+SFT and RoCo+SFT add the same
full-reference CE term to the corresponding online-
distillation objectives. SDFT+SFT and RoCo+SFT
improve injection less effectively than their ACE
counterparts and lower Ret. Avg. to 53.0 and
54.4, respectively. This shows that the gains do not
come merely from adding ordinary supervised CE.
Anchor-level correction is more favorable than full-
answer token-level imitation because it restricts
supervised loss to extracted factual spans rather
than generic reference wording or answer style.

4.4 Robustness and Image Dependence
Appendix B provides three additional analyses re-
quested during review. With 50% shuffled train-
ing references, all reference-dependent methods
degrade, but RoCo has the smallest relative injec-
tion drop (22.8%) and RoCo-ACE remains above
the unupdated base; retention stays stable (Ta-
ble 5). Training with blank or shuffled images
lowers RoCo-ACE injection from 27.6 to 20.1 and
18.5, respectively, showing that aligned visual ev-
idence materially contributes beyond the textual
supervision (Table 6). A 300-example audit further
quantifies four limitations of compact textual an-
chors, with image-implicit knowledge absent from
the reference the most frequent at 4.0% (Table 7).
These results support image-conditioned knowl-
edge injection while delimiting the method from
explicit region-level grounding.

4.5 Qualitative Example
Figure 4 shows an EVOKE example from the
training logs. Additional cases are provided in
Appendix D. The rollout reaches the right visual
and topical neighborhood, mentioning Amsterdam,
NDSM, street art, and graffiti, but omits the target
museum identity and several concrete facts. RoCo
assigns larger weights to these reference-supported
rollout tokens, while ACE adds sparse anchored
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Variant EVOKE Retention Benchmarks

TreeBench VStar MathVision MMStar BabyVision MM-Safety Ret. Avg.

Base model 16.4 43.3 83.2 49.3 70.6 14.2 82.6 57.2

SFT 20.1 15.8 68.1 29.8 35.5 10.7 30.9 31.8
SDFT (w/ ref.) 20.9 39.9 82.3 45.8 68.9 12.6 80.8 55.1
SDFT + SFT 21.8 38.1 80.6 43.2 66.1 11.9 77.9 53.0
SDFT + ACE 25.9 40.0 85.1 45.2 68.8 12.5 80.3 55.3
RoCo 23.7 42.9 82.9 48.1 69.9 13.8 81.7 56.6
RoCo-ACE (mismatched ref.) 18.5 39.5 83.1 46.3 68.9 13.5 82.0 56.8
RoCo-ACE (fixed teacher) 25.6 43.0 83.1 48.9 70.1 14.6 82.8 57.0
RoCo + SFT 24.8 41.1 82.1 45.2 65.2 12.4 80.1 54.4
ACE only 25.1 40.6 79.5 46.8 64.6 11.9 78.5 53.6
RoCo-ACE 27.6 41.6 83.9 48.2 70.1 13.5 81.5 56.5

Table 3: Ablation results for Qwen3-VL-8B with full retention metrics. EVOKE measures injected-knowledge
accuracy. Retention columns report held-out general multimodal and safety accuracy, and Ret. Avg. averages
TreeBench, VStar, MathVision, MMStar, BabyVision, and MM-Safety. Higher values are better. Bold and bold-italic
mark the best and second-best scores in each column.

Prompt
Could you explain the details of the museum featured in the image?

Student rollout
The model identifies a different Amsterdam museum and mixes
unsupported history about a warehouse and cooperative organizations. It
nevertheless stays close to the visual category by mentioning Amsterdam,
NDSM, street art, graffiti, and a cultural venue.

Authoritative reference
The STRAAT Museum is an Amsterdam NDSM street-art and graffiti
museum opened on October 9, 2020. Its 86,000 sq ft space contains over
180 works from more than 170 artists, includes a mezzanine gallery, and
features exterior murals such as Eduardo Kobra’s 2016 Anne Frank
depiction.

RoCo signal
High-weight rollout spans include “museum in Amsterdam”, “NDSM”,
“street art”, and “graffiti”. These partial tokens preserve useful visual and
topical context.

ACE correction
Missing anchors include “STRAAT Museum”, “October 9, 2020”,
“86,000 sq ft”, “over 180 works”, “more than 170 artists”, “mezzanine
gallery”, and “Eduardo Kobra”.

Figure 4: Representative EVOKE example illustrating
the complementarity between RoCo reweighting and
ACE anchored correction. RoCo emphasizes reference-
supported rollout tokens already reached on-policy,
while ACE supplies sparse correction for authoritative
anchors omitted from the rollout.

correction for omitted authoritative anchors such
as “STRAAT Museum”, “October 9, 2020”, and
“86,000 sq ft”. This example illustrates the intended
split: rollout-side reweighting for content already
reached on-policy, and reference-side correction
for omitted facts.

5 Conclusion

We presented RoCo-ACE, a rollout-conditioned
contrastive online distillation objective for knowl-
edge injection. RoCo uses same-rollout reference-
free/reference-conditioned likelihood contrast to
reweight reference-supported rollout tokens, while
ACE adds sparse anchored correction for author-
itative anchors omitted from or weakly matched
by the rollout. Together, the two objectives in-
ject sparse factual content without fitting the full
reference answer as a token-level imitation target.
Experiments across three knowledge-injection set-
tings and multiple retention benchmarks show im-
proved injected-knowledge accuracy while keeping
evaluated retention close to the base model.

Limitations

RoCo-ACE is designed for knowledge-injection
settings where each update is accompanied by an
authoritative natural-language reference. Its super-
vision is organized around student rollout tokens
and extracted factual anchors, making it most di-
rectly suited to entity, event, domain, and visual-
world updates whose target facts can be expressed
as compact text spans. In label-only settings, very
short answers, or cases where the relevant evidence
is mostly implicit in the image, the available anchor
signal becomes weaker. The deterministic ACE ex-
tractor also remains heuristic: lexical matching can
miss paraphrased aliases, fragment relations dis-
tributed across discontinuous text, or treat lexical
overlap as coverage even when a relation is used
incorrectly. More fundamentally, ACE is bounded
by the authoritative reference and can reinforce
errors when that reference is noisy. Appendix B
quantifies these failure modes and noisy-reference
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sensitivity.
Although images are included in both student

and teacher contexts, the current objective does
not use region-level, OCR-level, or object-level
evidence annotations to explicitly ground each
corrected anchor. A natural extension is to tie
anchored factual correction more directly to vi-
sual evidence through image-ablation contrast,
OCR/entity grounding, or region-level supervi-
sion. Accordingly, our evidence supports reference-
verbalized, image-conditioned knowledge injection
rather than guaranteed region-level grounding. Fi-
nally, retention is evaluated empirically on held-out
multimodal and safety benchmarks; the method is
not intended to provide formal guarantees over all
non-updated capabilities or deployment distribu-
tions.
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A Anchor Extraction and
Supervision-Weight Diagnostics

This section describes the lightweight span extrac-
tion used by ACE and RoCo span smoothing, and
reports a supervision-weight diagnostic that con-
nects these extracted units to the claims in the main
paper. The diagnostic is not intended to estimate
final gradient norms or normalized loss mass. In-
stead, it shows how training units are assigned to
the RoCo contrast term, the RoCo floor term, and
reference-side ACE correction.

Token category Share Component Diagnostic rule

Reference-supported
rollout tokens

30.8% RoCo enhanced
KD

Valid rollout tokens satisfying
∆i,t > τ . These positions
receive additional RoCo con-
trast weight.

Generic or weakly
supported rollout to-
kens

57.3% RoCo KD floor Valid rollout tokens with-
out RoCo contrast activa-
tion; these positions are
mainly retained by the online-
distillation floor.

Missing target-
anchor tokens

11.9% ACE correction Extracted authoritative-anchor
tokens absent from the rollout;
these positions receive ACE
missing-span correction.

Table 4: Token-allocation diagnostics on EVOKE train-
ing rollouts. The diagnostic pool consists of valid
student-rollout tokens plus missing reference-anchor
tokens. The three categories are mutually exclusive and
sum to one, showing how RoCo-ACE allocates RoCo
and ACE supervision across reference-supported roll-
out content, generic rollout content, and missing target
anchors. Percentages are computed from logged RoCo-
ACE training intervals under the paper’s default anchor
weighting.

Span extraction. Span construction is a
tokenizer-level procedure and does not rely
on external NER or parsing tools. We decode
valid response tokens, remove special tokens,
punctuation-only tokens, and common function
words, and group contiguous content tokens
containing CJK characters, Latin letters, or digits
into spans. A span is kept if it contains at least two
visible characters or any digit, and we cap each
span by a maximum token length. This simple
extractor is designed to capture compact factual
expressions such as entity names, dates, numbers,
titles, locations, and short noun phrases.

Anchor matching for ACE. For ACE, the same
extractor is applied to the tokenized authorita-
tive answer. Each reference span is normalized
by lowercasing and retaining only alphanumeric
and CJK characters; the student rollout is normal-
ized in the same way. For each extracted ref-
erence span s, we compute the coverage score
ρi(s, yi) ∈ [0, 1] against the rollout, using the same
notation as Section 3.3. In our default implementa-
tion, ρi(s, yi) = 1 when the normalized span string
appears in the normalized rollout and 0 otherwise;
the notation also supports partial-match variants.
Thus, matched anchors receive the base anchor
weight, while omitted or weakly matched anchors
receive larger weights. The ACE token set Ai is
the union of reference-token positions covered by
the extracted anchors. Tokens outside Ai serve
only as teacher-forced context and do not receive
supervised CE loss, making ACE narrower than
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full-reference SFT.

Span smoothing for RoCo. The same extractor
is also used for RoCo span-aware smoothing on
the rollout side. After preliminary RoCo weights
are computed from the same-rollout likelihood con-
trast, we aggregate token weights within each ex-
tracted rollout span and broadcast the span score
back to all tokens in that span. For notation, the re-
sulting smoothed weights are still denoted by wi,t.
This reduces subword-level noise for names, dates,
numbers, multilingual expressions, and other com-
pact factual units without requiring external entity
taggers. The diagnostic in Table 4 classifies rollout
tokens by their pre-smoothing contrast activation,
so it reflects the source of the RoCo weight signal
before span-level broadcasting.

Supervision-weight diagnostic. Table 4 reports
a token-level diagnostic on EVOKE training roll-
outs. The diagnostic pool contains valid rollout
tokens and omitted authoritative-anchor tokens.
These units correspond to the three supervision
cases used by RoCo-ACE: rollout tokens receiving
the RoCo contrast term, rollout tokens receiving
mainly the RoCo floor term, and reference-side
anchors receiving ACE omission correction.

For rollout tokens, Table 4 uses the RoCo likeli-
hood contrast as the diagnostic rule. Tokens with
∆i,t > τ are counted as reference-supported rollout
tokens; they account for 30.8% of the diagnostic
pool and receive the RoCo floor plus the additional
contrast term. Tokens with ∆i,t ≤ τ are counted
as generic or non-activated rollout tokens; they
account for 57.3% and mainly receive the online-
distillation floor. For reference-side units, omitted
authoritative-anchor tokens account for 11.9% and
receive larger ACE weights through the omission
term 1− ρi(s, yi).

This distribution supports the intended super-
vision split. Uniform reference-conditioned roll-
out distillation would place its rollout-side loss
over all valid rollout tokens, most of which are
not contrast-activated in this diagnostic. RoCo in-
stead reallocates additional distillation weight to
reference-supported rollout tokens, while ACE sup-
plies sparse correction for omitted authoritative
anchors that are not available as generated roll-
out tokens in the current step. Because Table 4
reports token-count categories rather than normal-
ized loss mass, it should be interpreted as a weight-
assignment diagnostic rather than an exact gradient-
budget decomposition.

B Reference Robustness, Image
Dependence, and Failure Audit

B.1 Noisy-Reference Robustness

To test end-to-end sensitivity to reference quality,
we randomly select 50% of the EVOKE training ex-
amples and permute their golden responses within
that subset. The corrupted response is used consis-
tently by each method’s reference-dependent super-
vision: the CE target for SFT, privileged teacher
context for SDFT and RoCo, knowledge supervi-
sion for KORE, and both teacher context and ACE
anchors for RoCo-ACE. Test references and all
retention benchmarks remain clean.

Results are shown in Table 5. All reference-
dependent methods degrade. RoCo has the small-
est relative injection drop, while RoCo-ACE re-
mains above the unupdated base and above the
other noisy-reference baselines. ACE only is more
sensitive than RoCo, confirming that direct anchor
correction depends strongly on reference correct-
ness. The full method partially inherits this sen-
sitivity, but its on-policy RoCo path buffers noisy
anchor supervision.

B.2 Training-Image Interventions

We next isolate whether gains can be explained
by textual-reference memorization. We either per-
mute all EVOKE training images across examples
or replace every image with a blank input, while
retaining matched prompts and references. Evalua-
tion always uses the original matched images.

As shown in Table 6, matched images outper-
form blank and shuffled images by 7.5 and 9.1
injection points, respectively. Blank images retain
a limited text-dependent learning path, while se-
mantically mismatched images are more disruptive
than absent visual evidence. These controls es-
tablish image-level dependence, not region-level
grounding of each anchor.

B.3 ACE Assumption Audit

We manually audit 300 randomly sampled EVOKE
examples for the limitation types raised by the re-
viewers. Each rate is the fraction of examples con-
taining at least one instance; categories can overlap
and should not be interpreted as extractor precision
or recall.

Results are shown in Table 7. The first two cate-
gories are direct limitations of compact lexical span
construction. The latter two expose the coverage
boundary of reference-only anchors: ACE cannot
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Method Clean Inj. Acc. 50% shuffled Inj. Acc. Relative drop Clean Ret. Avg. Shuffled Ret. Avg.

Qwen3-VL-8B (base; no update) 16.4 16.4 0.0% 57.2 57.2
SFT 20.1 10.1 49.8% 31.8 31.5
SDFT (w/ ref.) 20.9 10.5 49.8% 55.1 55.7
KORE 25.2 12.6 50.0% 47.0 46.7
ACE only 25.1 14.8 41.0% 53.6 52.1
RoCo 23.7 18.3 22.8% 56.6 56.6
RoCo-ACE 27.6 17.5 36.6% 56.5 56.9

Table 5: EVOKE 50% shuffled-reference stress test. Reference noise primarily damages knowledge acquisition,
while evaluated retention remains stable.

Training setting EVOKE Inj. Acc. Ret. Avg.

Qwen3-VL-8B (base; no update) 16.4 57.2
RoCo-ACE, matched images 27.6 56.5
RoCo-ACE, 100% shuffled images 18.5 56.1
RoCo-ACE, all blank images 20.1 56.3

Table 6: EVOKE training-image interventions.

Reviewer-raised limitation Examples Rate

Alias or paraphrase not adequately captured 3/300 1.0%
Relation-level fact fragmented or semantically incom-
plete

4/300 1.3%

Region-specific visual evidence not recoverable from
textual anchors

1/300 0.3%

Image-implicit knowledge absent from the textual
reference

12/300 4.0%

Table 7: Frequency of reviewer-raised ACE limitations
in the EVOKE audit.

supervise visual evidence that the reference does
not verbalize. RoCo may still transfer an explicitly
generated relation through teacher scoring, but it
cannot guarantee recovery from an imperfect span
or incomplete annotation.

B.4 Representative Failure Cases

We distinguish three answer-level failures from a
local EVOKE checkpoint audit. These examples di-
agnose error types; they are not used as the paper’s
aggregate RoCo-ACE result.

Complete omission. Question: What is the re-
lease date of the film Samandar shown in the im-
age? Reference: May 17, 2024. Model output:
“The image provided is a promotional poster for
the film ‘Samandar.’ While the poster displays the
title, cast members, and a stylized design, it does
not include any text indicating a release date. To
determine the release date, one would need exter-
nal sources. Based solely on the image, no release
date is visible. <answer> Not available in the
image </answer>” The model identifies the film
but falls back to image-only uncertainty and omits
the injected date.

Incorrect semantic use. Question: Which de-
vice shown in the image uses wrist-movement data

to alert users of potential sleep apnea? Refer-
ence: Apple Watch. Model output: “The device
shown is an Apple Watch. While it has health-
monitoring capabilities, it does not use wrist move-
ment data specifically to alert users of potential
sleep apnea issues. Sleep-apnea detection requires
more specialized medical devices. <answer>Not
applicable</answer>” The entity is recovered,
but the updated device-capability relation is re-
versed.

Partial multi-fact injection. Question: Which
firms announced significant early-2024 buyback
plans? Reference: Lennar; ONEOK. Model out-
put: “The image shows the Lennar Corporation
logo. Lennar announced a significant buyback pro-
gram, specifically a $1 billion share-repurchase
authorization. Other companies with similar pro-
files include PulteGroup and NVR. However, be-
cause the image only features Lennar, the correct
answer is limited to Lennar. <answer> Lennar
</answer>” The model recovers one target firm,
omits ONEOK, and introduces unsupported alter-
natives.

C Full Baseline Comparison Results

Table 8 reports the full baseline comparison on
EVOKE using Qwen3-VL-8B as the base model.
In addition to the injected-knowledge accuracy, we
include all individual retention benchmarks to show
how each method affects general multimodal capa-
bilities after knowledge injection. This table com-
plements the main-text discussion by making the
injection–retention trade-off explicit across direct
fine-tuning, constrained-update baselines, online
distillation, and our RoCo-ACE variants.

Table 9 further evaluates the same set of methods
on the VP and Sci knowledge-injection benchmarks
from MLLM-CL. VP focuses on ability-oriented
injection, while Sci focuses on domain-oriented
knowledge injection. We keep the retention bench-
mark suite unchanged across EVOKE, VP, and Sci,
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Method Knowledge Injection Retention Benchmark

EVOKE TreeBench VStar MathVision MMStar BabyVision MM-Safety Ret. Avg.

Qwen3-VL-8B 16.4 43.3 83.2 49.3 70.6 14.2 82.6 57.2

LoRA 18.6 26.2 70.9 35.6 59.7 13.5 65.3 45.2
SFT 20.1 15.8 68.1 29.8 35.5 10.7 30.9 31.8

SDFT (w/ ref.) 20.9 39.9 82.3 45.8 68.9 12.6 80.8 55.1

KORE 25.2 30.6 71.9 37.8 60.6 11.5 69.8 47.0
KeepLoRA 17.3 41.2 84.0 49.2 70.0 13.9 81.1 56.6
MoELoRA 17.4 32.5 73.1 38.6 63.5 13.1 71.5 48.7
SEFE 19.8 31.0 70.5 32.4 56.7 11.2 66.7 44.8

RoCo 23.7 42.9 82.9 48.1 69.9 13.8 81.7 56.6
RoCo-ACE 27.6 41.6 83.9 48.2 70.1 13.5 81.5 56.5

Table 8: Main baseline comparison on Qwen3-VL-8B. The knowledge-injection column reports LLM-judge
accuracy on EVOKE. Retention benchmark columns report accuracy on held-out general multimodal and safety
benchmarks, and Ret. Avg. averages TreeBench, VStar, MathVision, MMStar, BabyVision, and MM-Safety. Higher
values are better; bold and bold-italic mark the best and second-best scores in each column.

(a) VP (b) Sci

Figure 5: Radar comparisons on the MLLM-CL knowledge-injection benchmarks: (a) VP and (b) Sci. Each panel
shows target knowledge injection together with retention across six multimodal benchmarks; exact values are
reported in Table 9.

which allows a consistent comparison of whether
each method can acquire new knowledge while
preserving general capabilities. Across these addi-
tional settings, RoCo-ACE maintains a favorable
balance between injected-knowledge accuracy and
retention performance.

Figure 5 provides the corresponding radar visu-
alizations for VP and Sci. We move these plots to
the appendix because the main text summarizes the
three datasets in Table 2 using injected-knowledge
accuracy and Ret. Avg.

D Qualitative Analysis

Table 10 presents three non-duplicate EVOKE
cases selected from the joint RoCo-ACE train-
ing logs. The color scheme follows the method
overview: orange boxes summarize the student
rollout, green boxes show the strongest RoCo roll-
out signals, and red boxes show facts corrected by
Anchored Cross-Entropy. Together, these examples
show how RoCo emphasizes useful on-policy con-
tent while ACE supplies missing or contradicted
reference facts.
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Dataset Method Injection Retention Benchmarks

Acc. TreeBench VStar MathVision MMStar BabyVision MM-Safety Ret. Avg.

VP

Qwen3-VL-8B 69.9 43.3 83.2 49.3 70.6 14.2 82.6 57.2
LoRA 74.5 39.5 82.1 45.2 67.6 13.4 81.0 54.8
SFT 72.7 38.3 82.4 27.1 64.5 12.5 81.2 51.0
SDFT (w/ ref.) 74.1 42.2 82.0 47.3 70.1 13.6 83.0 56.4
KORE 76.4 35.2 79.1 44.8 64.9 11.5 79.3 52.5
KeepLoRA 74.0 39.0 79.0 33.0 66.0 14.0 81.0 52.0
MoELoRA 71.2 41.0 82.8 47.1 68.5 13.1 81.7 55.7
SEFE 74.8 37.8 80.8 46.7 67.4 12.5 80.7 54.3
RoCo 76.2 42.7 81.9 48.2 70.1 13.7 82.3 56.5
RoCo-ACE 77.8 42.4 82.0 48.1 69.8 13.2 82.0 56.2

Sci

Qwen3-VL-8B 73.1 43.3 83.2 49.3 70.6 14.2 82.6 57.2
LoRA 79.6 43.1 79.5 31.2 67.9 13.7 80.5 52.6
SFT 83.7 42.8 79.2 24.4 66.5 12.2 80.7 51.0
SDFT (w/ ref.) 81.5 42.8 82.8 48.6 69.3 13.7 82.9 56.7
KORE 86.7 36.5 71.4 31.9 62.8 9.8 77.6 48.3
KeepLoRA 74.6 40.3 80.9 45.6 68.3 10.9 79.5 54.2
MoELoRA 74.0 42.9 79.5 47.2 69.1 13.8 81.8 55.7
SEFE 77.8 40.2 76.3 39.3 65.8 11.8 79.5 52.1
RoCo 85.6 41.9 82.3 48.3 70.1 13.2 82.5 56.4
RoCo-ACE 87.5 42.1 81.9 48.2 69.8 13.5 82.2 56.3

Table 9: Baseline comparison on the MLLM-CL VP and Sci knowledge-injection benchmarks (Zhao et al., 2025)
with full retention metrics. Acc. reports injected-knowledge accuracy for the corresponding dataset. Retention
columns report accuracy after training on that dataset, and Ret. Avg. averages TreeBench, VStar, MathVision,
MMStar, BabyVision, and MM-Safety. Higher values are better; bold and bold-italic mark the best and second-best
scores in each column.

The baseline-family examples in Table 11 fur-
ther illustrate how different method families be-
have on sparse authoritative references. Direct
fitting usually captures only a few salient facts,
constrained-update methods cover a moderate sub-
set, online distillation preserves natural response
style but under-injects, and RoCo-ACE recovers
more anchors without copying the full reference.

E Supplementary Results on
Qwen3-VL-30B

Table 12 keeps the benchmark columns and base-
line groups consistent with the main Qwen3-VL-
8B table to test whether the injection-retention
trends persist at a larger model scale. The 30B
results show the same qualitative pattern: direct
fitting improves injected knowledge but sacrifices
retention, constrained-update methods are more
conservative, and RoCo-ACE gives the strongest
injected-knowledge result while keeping retention
close to or above the base model.

Table 13 reports component-level Qwen3-VL-
30B ablations with every retention benchmark. The
larger model follows the same trend as Qwen3-VL-
8B: full-answer SFT controls improve EVOKE less
efficiently and reduce retention, ACE improves tar-
get injection, and combining it with RoCo gives the

best injected-knowledge accuracy among the com-
pared variants while keeping the retention average
close to the base model.

F Supplementary Results on
InternVL3.5-8B

Table 14 reports an EVOKE component compari-
son on InternVL3.5-8B (Wang et al., 2025), test-
ing whether the component-level trend of RoCo-
ACE transfers beyond the Qwen3-VL model fam-
ily. The comparison follows the same protocol as
the Qwen3-VL ablations: the base model is com-
pared with RoCo, ACE-only training, and the full
RoCo-ACE objective on EVOKE, while using the
same six held-out retention benchmarks.

The results are consistent with the intended com-
ponent behavior. RoCo raises EVOKE Inj. Acc.
from 11.1 to 17.8 while keeping Ret. Avg. nearly
unchanged relative to the base model. ACE-only
training provides a stronger injection signal, reach-
ing 19.2 EVOKE Inj. Acc., but lowers Ret. Avg.
to 46.7, reflecting the cost of anchor correction
without rollout-side distillation. The full RoCo-
ACE objective gives the best EVOKE Inj. Acc. of
20.9 while keeping Ret. Avg. at 49.3, close to the
base model’s 49.5. This supports the same conclu-
sion as the Qwen3-VL experiments: RoCo helps
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Case 1: generic under-injection in a business
entity

Case 2: sports news numeric/event correction

Prompt
What details can you give about the business in the image?

Authoritative reference
Evolution AB is a Swedish gaming technology company based in Stock-
holm, specializing in B2B live casino software for online operators. It
was founded in 2006 by Jens von Bahr and Fredrik Österberg, became
publicly listed on Nasdaq in 2015, introduced games such as Monopoly
Live and Lightning Roulette, acquired Ezugi and NetEnt, and attracted
investment from Kenneth Dart in 2024.

Student rollout
The rollout gives a generic description of startups, growth, innovation,
vision clarity, branding, customer loyalty, and market adaptation. It never
identifies Evolution AB or its concrete business facts.

RoCo signal
The strongest rollout signals are generic business phrases such as “Star-
tups abound with growth and innovation” and “successful startups have
a crystal-clear mission”. This case exposes a limitation of rollout-only
reweighting: without the target entity in the rollout, the contrast cannot
directly teach Evolution AB.

ACE correction
Missing spans include “Evolution AB”, “Swedish gaming technology
company”, “Stockholm”, “B2B live casino software”, “Jens von Bahr”,
“Fredrik Österberg”, “Nasdaq in 2015”, “Monopoly Live”, “Lightning
Roulette”, “Ezugi”, “NetEnt”, and “Kenneth Dart in 2024”.

Prompt
What information can you offer about the sport news presented in the
image?

Authoritative reference
The Kansas City Chiefs defeated the Denver Broncos 16–14 at Arrowhead
Stadium on November 10, 2024, blocking a last-second field goal to
preserve their unbeaten streak. Patrick Mahomes led a late-game drive,
Leo Chenal made the decisive block, and Travis Kelce set a franchise
touchdown-reception record.

Student rollout
The rollout reaches the right sports-news neighborhood: it mentions
Travis Kelce, the Kansas City Chiefs, the Denver Broncos, Arrowhead
Stadium, and a narrow victory. However, it shifts the event to a season
opener or preseason game, gives an imprecise three-point outcome, and
introduces unsupported players and game details.

RoCo focus
High-weight rollout spans include “Travis Kelce and the Kansas City
Chiefs”, “victory against the Denver Broncos”, “Arrowhead Stadium”,
and “brief summary of the news”. These tokens preserve useful event
context rather than treating the entire generated answer uniformly.

ACE correction
Missing or contradicted spans include “16–14”, “last-second field goal
attempt”, “November 10, 2024”, “Patrick Mahomes”, “Leo Chenal”, and
“franchise touchdown-reception record”.

Case 3: India news collaborator substitution

Prompt
Can you please share some details about the india news shown in the image?

Authoritative reference
Ed Sheeran performed a duet with Punjabi star Diljit Dosanjh in Mumbai before a 50,000-strong audience, singing a Punjabi rendition of Dosanjh’s
hit “Lover”. The surprise collaboration at Mahalaxmi Racecourse drew social-media attention during Sheeran’s “Mathematics” tour.

Student rollout
The rollout remains in the broad music-news setting and mentions Ed Sheeran, Punjabi music, collaboration, crowds, and concerts, but it substitutes
the collaborator with Sidhu Moose Wala and introduces unrelated claims about surveillance and cancelled tours.

RoCo focus
High-weight spans include “summary of the news”, “British singer Ed Sheeran”, “Punjabi”, “joint performances”, and “large crowds”, so online
distillation is concentrated on the useful music-news neighborhood.

ACE correction
Missing or contradicted spans include “Diljit Dosanjh”, “Mumbai”, “50,000-strong audience”, “Punjabi rendition of Dosanjh’s hit Lover”,
“Mahalaxmi Racecourse”, and “Mathematics tour”.

Table 10: Qualitative EVOKE examples from joint RoCo-ACE training. We retain three non-duplicate cases
that cover entity under-injection, sports-event correction, and collaborator substitution. Across these cases, RoCo
emphasizes useful content already present in the rollout, while ACE supplies authoritative facts that the rollout
omits or contradicts.

limit evaluated retention drift, while ACE supplies
sparse correction for omitted authoritative anchors.

G Hyperparameter Sensitivity

Table 15 reports sensitivity analysis for the three hy-
perparameters that directly control the two compo-
nents of RoCo-ACE. The ACE loss weight λACE
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Baseline-Family Behavior Examples. Representative EVOKE cases illustrating how baseline
families behave on sparse authoritative references: direct fitting captures a few salient facts,
constrained updating covers a moderate subset, online distillation preserves natural response style
but under-injects, and RoCo-ACE recovers more anchors without copying the full reference.

Case A: album entity with release and credit
facts

Case B: film entity with series, cast, and release
facts

Question
Could you introduce the album in the image?

Gold facts
Almighty So 2 is the fifth studio album by Chief Keef, released on May
10, 2024 by 43B. It is a sequel to Almighty So, includes guests such as G
Herbo, Tierra Whack, Sexyy Red, and Quavo, has production by Keef
and several collaborators, and peaked at number 30 on the Billboard
200.

SFT / direct fitting
Captures Almighty So 2, Chief Keef, and a 2024 album identity, but gives
little detail about the label, guest artists, production, or chart performance.

KORE / constrained update
Adds the fifth studio album, May 10, 2024, and 43B facts, but still only
briefly covers guests and omits most production and chart details.

SDFT / online distillation
Keeps natural album-cover wording and visual grounding, but avoids
firm claims about the exact release label, guest list, producers, and
Billboard ranking.

RoCo-ACE / rollout-conditioned anchors
Recovers Almighty So 2, fifth studio album, Chief Keef, May 10, 2024,
43B, several guest artists, and number 30 on the Billboard 200, while
not copying every production detail.

Question
Can you share information about the film presented in the image?

Gold facts
1995 is a 2024 Canadian comedy film written and directed by Ricardo
Trogi. It is the fourth film in his semi-autobiographical series after 1981,
1987, and 1991, stars Jean-Carl Boucher as Trogi, and was released on
July 31, 2024 by Immina Films.

SFT / direct fitting
Captures 1995, Canadian comedy film, and Ricardo Trogi, but gives
little information about the cast, release date, distributor, or story setup.

KORE / constrained update
Adds 2024, the semi-autobiographical series relation, and Jean-Carl
Boucher, but simplifies the premise and omits distributor details.

SDFT / online distillation
Preserves natural film-poster description, but remains cautious about the
exact series order, cast, release date, and distributor.

RoCo-ACE / rollout-conditioned anchors
Covers 1995, 2024 Canadian comedy, Ricardo Trogi, the fourth-entry
relation, Jean-Carl Boucher as Trogi, and July 31, 2024, while leaving
out some supporting cast details.

Table 11: Baseline-family behavior examples (Cases A–B).

Case C: person entity with sports, medical, and family facts
Question
Can you describe the human depicted in the image?

Gold facts
Lida-Maria Manthopoulou, born on June 14, 2005, is a Greek para-athlete who competed in the 2024 Summer Paralympics and won silver
in the 100 metres T38. She represents Elpides Thessaloniki, was diagnosed with multiple sclerosis before the Paralympics, and is connected to
actor Aias Manthopoulos and other public family members.

SFT / direct fitting
Captures Lida-Maria Manthopoulou, Greek para-athlete identity, and a 2024 Paralympics association, but omits most event, medal, club, health,
and family facts.

KORE / constrained update
Adds the silver medal and 100 metres T38 event, but only briefly mentions background and omits most medical and family details.

SDFT / online distillation
Keeps natural person-description style, but avoids firm details about the Paralympic event, medal, diagnosis, club, and family lineage.

RoCo-ACE / rollout-conditioned anchors
Recovers the person identity, Greek para-athlete, June 14, 2005, 2024 Summer Paralympics, silver in the 100 metres T38, Elpides
Thessaloniki, and the Aias Manthopoulos family link, while leaving out some extended family details.

Table 11: Baseline-family behavior examples (continued: Case C).
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Group Method Knowledge Injection Retention Benchmark

EVOKE TreeBench VStar MathVision MMStar BabyVision MM-Safety Ret. Avg.

Base model Qwen3-VL-30B 21.6 41.3 83.2 54.5 72.4 16.4 82.4 58.4

Direct fitting LoRA 23.1 38.1 79.5 50.6 67.4 12.7 76.4 54.1
Direct fitting SFT 25.1 36.5 77.4 49.6 62.7 11.7 71.7 51.6
Online distillation SDFT (w/ ref.) 26.4 39.4 83.1 55.0 72.1 15.3 83.0 58.0

Constrained updates KORE 29.7 39.6 79.5 49.3 65.1 13.8 70.5 53.0
Constrained updates KeepLoRA 20.8 41.2 83.0 54.1 72.0 16.4 81.9 58.1
Constrained updates MoELoRA 22.9 39.4 80.5 51.2 68.9 13.5 78.5 55.3
Constrained updates SEFE 26.1 38.6 77.5 50.1 64.2 12.8 68.4 51.9

Ours RoCo 28.9 40.8 85.4 56.8 72.9 16.7 82.9 59.2
Ours RoCo-ACE 31.2 42.0 85.6 55.4 72.8 16.8 82.7 59.2

Table 12: Supplementary Qwen3-VL-30B comparison. EVOKE is evaluated with the same LLM-judge protocol as
the main table. Retention columns report held-out general multimodal and safety accuracy, and Ret. Avg. averages
TreeBench, VStar, MathVision, MMStar, BabyVision, and MM-Safety. Higher values are better; bold and bold-italic
mark the best and second-best scores in each column.

Variant EVOKE Retention Benchmarks

TreeBench VStar MathVision MMStar BabyVision MM-Safety Ret. Avg.

Base model 21.6 41.3 83.2 54.5 72.4 16.4 82.4 58.4

SDFT (w/ ref.) 26.4 39.4 83.1 55.0 72.1 15.3 83.0 58.0
SDFT + SFT 27.8 39.0 83.2 53.2 71.0 13.7 81.9 57.0
SDFT + ACE 28.9 41.6 84.5 55.9 72.1 16.5 82.5 58.9
RoCo 28.9 40.8 85.4 56.8 72.9 16.7 82.9 59.2
RoCo + SFT 29.5 40.1 82.2 55.1 71.9 15.0 81.2 57.6
ACE only 30.7 38.9 70.7 52.8 70.6 13.9 80.8 54.6
RoCo-ACE 31.2 42.0 85.6 55.4 72.8 16.8 82.7 59.2

Table 13: Supplementary component ablations on Qwen3-VL-30B with full retention metrics. EVOKE measures
injected-knowledge accuracy. Retention columns report held-out general multimodal and safety accuracy, and Ret.
Avg. averages TreeBench, VStar, MathVision, MMStar, BabyVision, and MM-Safety. Higher values are better;
bold and bold-italic mark the best and second-best scores in each column.

Variant EVOKE Retention Benchmarks

TreeBench VStar MathVision MMStar BabyVision MM-Safety Ret. Avg.

InternVL3.5-8B 11.1 37.4 71.2 34.3 67.1 11.1 75.8 49.5

RoCo 17.8 36.3 71.9 34.0 67.0 11.8 74.5 49.3
ACE only 19.2 34.4 69.2 31.9 66.8 9.2 74.1 46.7
RoCo-ACE 20.9 36.7 71.6 34.0 67.5 11.6 74.7 49.3

Table 14: InternVL3.5-8B component comparison on EVOKE. EVOKE measures injected-knowledge accuracy.
Retention columns report held-out multimodal and safety benchmark accuracy, and Ret. Avg. averages TreeBench,
VStar, MathVision, MMStar, BabyVision, and MM-Safety. Higher values are better; bold and bold-italic mark the
best and second-best scores in each column.

controls how strongly missing or weakly covered
authoritative anchors are supervised. The missing-
span multiplier βmiss controls how much more
weight is assigned to anchors absent from the stu-
dent rollout. The RoCo contrast margin τ controls
how much the reference-conditioned teacher likeli-
hood must exceed the base-teacher likelihood be-
fore a rollout token receives stronger distillation
weight.

The λACE rows show the role of anchored cor-
rection. Setting λACE = 0 reduces the method to
RoCo-only, which keeps Ret. Avg. high but lowers
EVOKE accuracy to 23.7. The default λACE = 0.2
improves EVOKE to 27.6 with almost no retention
loss, while the more aggressive setting λACE = 1.0
slightly increases EVOKE but drops Ret. Avg.
to 52.5. This suggests that ACE should remain
a targeted correction term rather than dominate the
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Group Setting EVOKE Ret. Avg. Expected role

λACE

0.0 23.7 56.6 RoCo only; no anchored missing-fact correction
0.2 27.6 56.5 Default setting
1.0 28.1 52.5 Aggressive anchor fitting

βmiss

3.0 25.1 56.8 Moderate missing-span emphasis
5.0 27.6 56.5 Default setting
7.0 28.2 54.1 Aggressive missing-anchor emphasis

τ
0.1 23.9 56.3 Mild contrast margin
0.2 27.6 56.5 Default setting
0.4 25.2 55.9 Conservative contrast margin

Table 15: Hyperparameter sensitivity grid for RoCo-ACE on EVOKE. EVOKE measures injected-knowledge
accuracy, and Ret. Avg. averages TreeBench, VStar, MathVision, MMStar, BabyVision, and MM-Safety. The
RoCo-only and default rows reuse the corresponding results from Table 8; bold and bold-italic mark the best and
second-best scores within each hyperparameter group.

online-distillation objective.
The βmiss and τ rows show the same balance.

Moderate missing-span emphasis under-corrects
omitted facts, while overly large missing-span em-
phasis pressures retention. For the RoCo margin,
τ = 0.2 gives the best injection-retention balance
among the tested settings: a smaller margin is too
permissive and a larger margin is too conserva-
tive. Overall, the default configuration is selected
because it achieves strong injected-knowledge ac-
curacy without turning training into full-reference
imitation.

H Additional Discussion on Retention
Scope and Reference Quality

RoCo-ACE does not explicitly guarantee preser-
vation of every general capability. Its preservation
mechanism is indirect: it reduces irrelevant updates
during injected-data training. This distinction mat-
ters because many regressions are not caused by
learning a new fact itself, but by repeatedly train-
ing on long, narrow, stylistically similar answers.
The method reduces that source of regression by
making the update selective with respect to factual
support from the reference.

The method also depends on reference quality.
If the authoritative answer is noisy, overly broad, or
stylistically biased, the RoCo contrast can amplify
the wrong signal and ACE can reinforce incorrect
spans. Span-level diagnostics are therefore impor-
tant: the system should log which generated spans
receive high contrast weights and which reference
spans receive anchor correction. Such diagnostics
make failure modes visible and help distinguish
genuine factual injection from style imitation. The
open-ended injection metric also relies on an LLM

judge, so judge-agreement or human-audit results
should be reported when the benchmark setting
allows them.

I Benchmark Details

Knowledge injection benchmarks. EVOKE
(Jiang et al., 2026a) contains image-grounded en-
tity and news updates with authoritative reference
answers. This setting is deliberately different from
rich-demonstration continual-learning settings stud-
ied by SDFT-style methods: the reference infor-
mation is often short, sparse, and localized to a
small number of factual spans, making uniform on-
line distillation an incomplete injection signal. To
test whether the method generalizes beyond time-
sensitive news and entity updates, we additionally
include two MLLM-CL benchmarks (Zhao et al.,
2025): VP from the ability continual-learning suite
and Sci from the domain continual-learning suite.
MLLM-CL organizes ability data as non-IID tasks
that introduce new visual capabilities, and domain
data as IID tasks drawn from mainstream visual
domains. In our setting, VP evaluates capability-
oriented visual perception injection, while Sci eval-
uates science-domain knowledge injection.

We follow the original data splits released with
each benchmark. EVOKE uses its provided en-
tity/news knowledge-injection split with authori-
tative reference answers, and VP and Sci use the
corresponding MLLM-CL training and test splits
without additional resampling. All compared meth-
ods are trained and evaluated on the same split for
each benchmark; no retention benchmark examples
are mixed into the injection training set.

Retention benchmarks. TreeBench (Wang et al.,
2026) evaluates traceable visual grounded rea-
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soning and evidence localization. VStar, follow-
ing V*Bench (Wu and Xie, 2024), evaluates fine-
grained visual search in high-resolution and clut-
tered scenes. MathVision (Wang et al., 2024) mea-
sures multimodal mathematical reasoning over vi-
sual problems. MMStar (Chen et al., 2024) evalu-
ates vision-indispensable multimodal understand-
ing with reduced language-only shortcuts and data
leakage. BabyVision (Chen et al., 2026) probes
core visual abilities that should be solved with mini-
mal reliance on language priors. MM-SafetyBench
(Liu et al., 2024b) evaluates multimodal safety
behavior under image-conditioned unsafe instruc-
tions. Together, these benchmarks test whether
knowledge injection preserves visual grounding,
fine-grained perception, mathematical reasoning,
general multimodal understanding, early visual
primitives, and safety behavior.

J Evaluation Protocol

We use accuracy as the primary metric. For
open-ended injected-knowledge examples, we
use Qwen3-30B-A3B-Instruct-2507 as the LLM
judge (Qwen Team, 2025). The judge compares
each model response against the authoritative an-
swer and returns a binary correctness label. It is
instructed to focus on factual consistency with the
reference, including entity identity, event identity,
date, number, location, relation, and other task-
specific facts, rather than surface wording. We
report the resulting LLM-judge accuracy over the
evaluation set.

For general capability benchmarks, we follow
the benchmark-specific answer format and compute
accuracy after answer normalization. For multiple-
choice tasks, the predicted option is extracted from
the model response. When the output is ambigu-
ous or free-form, the same LLM-judge protocol is
used to decide whether it matches the ground-truth
answer. We report injected-knowledge accuracy
together with general benchmark accuracy, since a
method is only useful if it improves injected facts
without causing substantial capability degradation.

K Model and Baseline Details

The main experiments use Qwen3-VL-8B as the
base model (Bai et al., 2025) because it exposes re-
alistic retention failures while keeping the full base-
line suite computationally tractable. We include
Qwen3-VL-30B experiments in the supplementary
material to check whether the observed trends per-

sist at a larger scale. Unless otherwise stated, the
vision tower is frozen, text and projector-side train-
able components follow the corresponding baseline
configuration, and RoCo uses one on-policy gen-
eration per prompt with a synchronized reference
teacher.

Direct fitting baselines. LoRA (Hu et al., 2022)
is the parameter-efficient fitting baseline, while
SFT (Ouyang et al., 2022) directly fits authorita-
tive answers and follows the standard supervised
instruction-tuning paradigm. These baselines test
how much injected knowledge can be acquired
through direct answer fitting and how much re-
tention is lost under ordinary supervised updates.

Reference-conditioned self-distillation baseline.
Our adapted SDFT baseline (w/ authoritative ref-
erence) (Shenfeld et al., 2026) uses the same on-
policy student rollout, synchronized teacher, and
reference-conditioned teacher prompt as RoCo,
but applies a uniform distillation loss over all
valid rollout tokens. It operationalizes SDFT’s
on-policy self-distillation idea under our reference-
conditioned knowledge-injection setup. This is
the main online-distillation reference point because
every injected example provides an authoritative
answer. A no-reference vanilla KD baseline is not
included in the main comparison: without the au-
thoritative reference, the teacher cannot observe
the injected facts and the experiment mainly mea-
sures policy preservation rather than knowledge
acquisition.

Constrained-update baselines. KORE (Jiang
et al., 2026b) represents knowledge-injection-
specific constrained updating. In our results, its
strong target injection does not uniformly pre-
serve every evaluated general-capability dimension.
Following the KORE protocol, we sample auxil-
iary general examples from LLaVA-OneVision (Li
et al., 2024) to estimate the general representation
space used by its retention constraint; these aux-
iliary examples are not used by our method or by
other baselines. KeepLoRA (Luo et al., 2026),
MoELoRA (Luo et al., 2024), and SEFE (Chen
et al., 2025) represent parameter-space constrained
adaptation methods that reduce forgetting through
residual-gradient updates, expertized LoRA mod-
ules, or forgetting-aware constraints. In our results,
KeepLoRA preserves evaluated general behavior
conservatively but provides weaker injection when
the new knowledge is sparse.
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Method Training time (h) Inference latency

LoRA ∼5.0 ∼1.0 s/query
SFT ∼10.0 ∼1.0 s/query
SDFT (w/ ref.) ∼20.0 ∼1.0 s/query
KORE ∼9.0 ∼1.0 s/query
KeepLoRA ∼6.0 ∼1.0 s/query
MoELoRA ∼5.0 ∼1.0 s/query
SEFE ∼9.0 ∼1.0 s/query
RoCo-ACE ∼22.0 ∼1.0 s/query

Table 16: Estimated runtime comparison on the EVOKE
setting with Qwen3-VL-8B, five training epochs, and
16 PPU accelerators. Training time is reported as wall-
clock hours from representative runs. Inference latency
is similar across methods because the deployed model
sizes are comparable; we observe roughly one second
per query under the same inference setup.

Our variants. The main variants are RoCo
and RoCo-ACE. The former isolates rollout-
conditioned contrastive online distillation over
student rollouts, while the latter combines it
with missing-span anchored supervision. Addi-
tional component controls, including SDFT+SFT,
SDFT+ACE, RoCo+SFT, and ACE only, are re-
ported in the ablation tables.

Implementation form of baselines. For Qwen3-
VL-8B, SFT, SDFT, and RoCo variants use full
language-side updating with the vision tower and
multimodal aligner frozen. LoRA, KeepLoRA,
MoELoRA, SEFE, and KORE are implemented
as adapter-based or constrained-update baselines
following their method definitions, using the same
rank, target-module, and training-budget settings
unless the method requires its own constraint or
two-stage procedure. For Qwen3-VL-30B, the non-
adapter methods likewise use full language-side
updating with frozen vision and aligner modules,
while adapter-defined methods remain adapter-
based. This keeps the comparison aligned with
the intended update mechanism of each baseline
rather than converting all methods into a single
adapter form.

L Training Configuration and
Hyperparameters

Unless otherwise stated, all primary experiments
are run for five epochs with learning rate 1× 10−5,
warmup ratio 0.05, bfloat16 precision, FlashAtten-
tion, DeepSpeed ZeRO-3, per-device batch size 1,
and gradient accumulation 8. We set the maximum
text sequence length to 1536 and the maximum
generated completion length to 1024. For image

inputs, we set the minimum and maximum pixel
budgets to 65,536 and 3,379,200, corresponding
to an image-token range of 64 to 3300. The vi-
sion tower and multimodal aligner are frozen. Full-
model updating is used for SFT, SDFT, and RoCo
variants, while adapter-based baselines use LoRA-
style updates with rank 16, alpha 32, dropout 0.05,
and all linear layers as target modules.

For all online distillation variants, the student
samples one on-policy completion per prompt
(num_generations=1) with temperature 1.0, top-
p = 1.0, and one return sequence. The teacher
uses the same base model architecture and the same
Qwen3-VL chat template as the student. The stu-
dent prompt contains only the target user question
and the optional image. The reference-conditioned
teacher prompt replaces the user message with a
reference-augmented instruction of the form: tar-
get question, authoritative reference answer, and an
instruction to generate a new answer that is factu-
ally consistent with the reference. The base teacher
prompt uses the original student input without the
authoritative reference. The teacher never gener-
ates the training completion in our main setting; it
only scores the student’s rollout under these two
prompt contexts. The teacher is synchronized with
the student by an exponential-moving-average up-
date after every optimization step, so the teacher
tracks the current policy while remaining a stable
scoring model.

Teacher prompt template. For English
reference-conditioned teacher scoring, we use
the following template, where {question} is the
original user query and {gold_response} is the
authoritative reference answer:
Target Question:
{question}

Response to the target question:
{gold_response}

The assistant answer above is the
authoritative reference for this training
example.
Generate a new answer that stays fully
consistent with the same entity/event
identity and factual claims.
Use the image only to add visible grounding
details and natural wording.
Do not contradict, negate, or correct the
reference answer.
Do not claim that the image is unrelated,
blank.

For RoCo, we set the distillation loss weight
λRoCo = 1.0, the floor token weight w0 = 1.0, the
reference-contrast scale β∆ = 1.0, and the contrast
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margin τ = 0.2. Dense token weighting, span
aggregation, and weight normalization are enabled.
We do not use top-m truncation or any auxiliary
gating for rollout-conditioned contrastive tokens.
The synchronized teacher is updated after every
optimization step with exponential moving average
decay 0.999, corresponding to an effective update
coefficient of 0.001 from the current student.

For Anchored Cross-Entropy, we set the objec-
tive weight λACE = 0.2 unless otherwise stated.
The base weight inside extracted anchor spans
is u0 = 1.0, and the missing-span weight is
βmiss = 5.0; reference tokens outside extracted
factual anchors are not included in the ACE loss.
Missing-span weighting and span aggregation are
enabled for ACE variants. For SDFT (w/ ref.),
we keep the same student rollout and reference-
conditioned teacher-scoring pipeline as RoCo, but
replace the rollout-conditioned contrastive weights
with uniform weights and set λACE = 0. For hy-
brid SDFT+SFT and RoCo+SFT variants, the su-
pervised loss weight is set to 1.0 over the full refer-
ence answer.

Runtime cost. Table 16 reports approximate
wall-clock training and inference cost on EVOKE
with Qwen3-VL-8B, five training epochs, and 16
PPU accelerators. RoCo-ACE is slower than di-
rect fitting and adapter-only baselines because it
performs online rollout scoring with reference-
conditioned and base-teacher contexts, but its cost
remains close to SDFT since both use the same
online-distillation backbone. At inference time, all
methods use model weights of comparable scale,
so their per-query latency remains approximately
the same under the same decoding setup.
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